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Preface

“A Little Progress Each Day, Adds up to a Big Result”

Our 3rd International Conference on Advancements in Smart Computing & Informa-
tion Security (ASCIS 2024) invited original research papers under five tracks, namely,
Al & ML, Smart Computing, Cyber Security, Networking and Cloud Computing
and Computer Applications for Sustainability. We received 667 submissions and 181
were recommended for publication in Springer’s CCIS series. The papers will appear
as 6 volumes (Volume Numbers ranging 2424-2429). We are very much thankful to the
editorial board of Springer CCIS for their continuous support.

The submitted papers were involved in an open review process, involving three
reviewers for each paper. We are thankful to the Technical Program Committee (TPC)
members who were very supportive in the review process.

Several sponsors who contributed generously towards the successful running of
ASCIS 2024, including Science and Engineering Research Board (SERB), K7 Inter-
national and D- Link Academy. These collaborations enriched the conference and
extended its outreach.

ASCIS 2024 was conducted during 16—-18 October, 2024, and featured insightful
keynote addresses from national and international experts in their respective fields.
The line-up included Prabir Kumar Biswas from IIT Kharagpur, Cybersecurity expert
Ram Kumar G, Arnav Bhavsar from IIT Mandi, Murali Raman from Asia Pacific
University, and Aravind Benegal from NLB Services.

The keynotes addressed several recent technological advancements whereas the
hands-on workshops provided practical exposure to the students and participants. The
PhD forum featuring the research works of research scholars and recent PhD graduates
added value to the conference and acted as a platform for knowledge sharing.

These volumes titled “Artificial Intelligence based Smart & Secured Appli-
cations” are the consolidation of all such solutions employing technologies of Al,
ML, Smart Computing and, Cybersecurity in every significant field seeking research
solutions.

October 2024 Sridaran Rajagopal
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Abstracts of Keynotes



Transforming Industry 4.0 with Generative AI and Cloud
Computing

Gundarapu Pavan
Safran DIFIT, France

Industry 4.0, characterized by the convergence of automation, IoT, and advanced ana-
Iytics, is reshaping industries globally. As organizations strive for greater efficiency,
innovation, and adaptability, the synergy between cloud computing and generative Al is
emerging as a transformative force. This keynote will explore the vital role of cloud com-
puting as the backbone of Industry 4.0, providing scalable infrastructure and real-time
data accessibility. It will delve into what generative Al is, how it acts as a catalyst for
innovation, and how it accelerates the development of intelligent systems, from predic-
tive maintenance to automated design and decision-making. By examining the synergies
between these two technologies, the keynote will illustrate their potential to revolutionize
industrial operations and unlock new business value.

Attendees will gain insights into the tangible benefits and ROI of integrating cloud
and Al solutions. The keynote will also address the challenges organizations face—rang-
ing from data security to infrastructure optimization—and offer strategic considerations
for successful implementation. Looking ahead, we’ll explore future trends in Industry
4.0, where cloud-enabled generative Al could redefine the industrial landscape, driving
sustainable growth and continuous innovation.

The session will conclude with a call to action, encouraging students and industry
leaders to embrace these technologies to remain competitive in a rapidly evolving digital
economy.



Brain Decoding with Deep Learning

Arnav Bhavsar
IIT, Mandi, India

The talk will focus on visual brain decoding via EEG using deep learning techniques.
Brain decoding, also known as Perceptual Brain Decoding (PBD), involves using brain
responses to different stimuli to identify the original stimulus or its characteristics.

Specifically, we target an external visual stimulus, which involves object images on a
computer screen. The goal is to reconstruct the class of the image from the EEG data cap-
tured with observing the image. The decoding involves either classifying reconstructing
the type of image shown during the visual task.

For reconstructing class-specific images, we will discuss the utilization of generative
networks such as GANSs, using embeddings from a pre-trained EEG classifier network as
input. Additionally, we will also cover an end-to-end generative network (NeuroGAN)
for image synthesis, where the generator produces class-specific embeddings and images
from EEG signals.



Advanced Insights into Deep Fake Recognition

Deepak Kumar Jain
Dalian University of Technology, China

The rapid advancement of artificial intelligence and machine learning has led to the pro-
liferation of deep fake technology, enabling the creation of highly realistic, Al-generated
synthetic media. While deep fakes offer exciting possibilities in fields like entertainment
and virtual reality, they also pose significant threats to public trust, cyber security, and
political stability. This presentation, Advanced Insights into Deep Fake Recognition,
explores the complex techniques used to produce deep fakes and highlights the growing
challenges in detecting them. We delve into the mechanics of deep fake creation, partic-
ularly the role of Generative Adversarial Networks (GANs), and discuss the real-world
implications of this technology’s misuse, from identity theft to political disinformation.

The presentation also examines cutting-edge detection methods, including Al-driven
facial and audio analysis, and emerging technologies like block chain and quantum
computing, which are being employed to verify the authenticity of digital content. Fur-
thermore, we explore current applications of deep fake detection tools across social
media platforms, law enforcement, and the media, while considering the ethical and
legal issues surrounding the use and regulation of deep fake technology. By providing
a comprehensive overview of the challenges and future trends in deep fake recognition,
this presentation aims to equip audiences with the knowledge to navigate this evolving
digital landscape.



Security Models and Strategies of Cloud Computing
in Business and Public Administration

Zdzislaw Polkowski
WSG University, Poland

Globalization and the development of information and communication technologies
(ICT) have caused significant changes in business and public administration in the Euro-
pean Union. Currently, the digital economy is driven by modern ICT systems that offer
employers and employees new tools for effective operation. Cloud Computing systems
deserve special attention, as they have an impact on business, public administration and
the everyday life of citizens. Cloud Computing creates many benefits not only for users
but also has a positive impact on the environment, which is in line with the & quot;
European Green Deal & quot; strategy implemented in Europe. However, the security
of Cloud Computing and many previously unseen threats are always in the focus of both
cloud users and providers of this modern solution. Threats, such as zero-day exploits,
advanced persistent threats (APTs), and insider attacks are some popular threats that
strained the cloud services in business and public administration. These threats create a
large barrier to widespread use and in many cases delay the further development of these
systems. The regulations constantly introduced and updated in Europe take into account
the development of secure Cloud Computing, sensibly regulating the ways of processing
not only personal data, but also data processing in general. It is worth mentioning that
research and analysis have been carried out in real companies and public administra-
tion institutions to build robust and secure cloud platforms that can tackle modern-day
cyber threats. The analysis highlights that the best outcomes in cloud computing imple-
mentations are driven by the collaboration of interdisciplinary teams, specifically those
composed of IT specialists, legal experts, and managers. This synergy ensures a holistic
approach, balancing technical efficiency with legal compliance and strategic oversight.
Special attention should be given to security strategies, such as robust data encryp-
tion, identity and access management, regular auditing, and compliance management to
mitigate the negative consequences of security breaches in cloud environments. These
advancements will be particularly beneficial for a wide audience, including IT profes-
sionals, researchers, students, and business leaders, all of whom play a role in imple-
menting and managing cloud solutions. Furthermore, future research could explore how
these interdisciplinary teams tackle emerging challenges, such as evolving regulatory
landscapes, data sovereignty, and the integration of advanced technologies like Al and
machine learning in cloud infrastructure. Such investigations would contribute to the
ongoing development of best practices and position cloud computing as a more secure
and sustainable solution in a rapidly changing digital ecosystem.

Keywords: Cloud Computing - IT security - Business - Public administration -
European Green Deal



Role of Computing and Technology in Sustainable
Development Goals

Murali Raman
Asia Pacific University of Malaysia

We are living in a highly Volatile, Uncertain, Complex and Ambiguous (VUCA) world,
which threaten the long-term sustainability of global business, economy and natural
living. The Sustainable Development Goals (SDGs) outlined by the United Nations
serve as a global roadmap for achieving a more equitable and sustainable future. As the
world grapples with pressing challenges such as climate change, poverty, and inequality,
computing and technology have emerged as powerful tools for addressing these complex
issues. This keynote explores the pivotal role of computing and technology in advancing
the SDGs, highlighting specific applications and their potential impact.

Computing and technology can contribute to the SDGs in various ways. For instance,
in the realm of climate change, advanced analytics can be used to optimize energy con-
sumption and identify sustainable energy sources. Artificial intelligence can enhance the
efficiency of renewable energy systems and predict natural disasters, enabling early warn-
ing systems and disaster preparedness. Additionally, computing-powered solutions can
facilitate sustainable agriculture by optimizing crop yields, reducing water consumption,
and minimizing the use of harmful chemicals.

In the context of poverty and inequality, computing and technology can empower
marginalized communities through digital inclusion and education. Affordable and
accessible internet connectivity can bridge the digital divide, providing opportunities
for education, healthcare, and economic development. Furthermore, online platforms
can facilitate access to financial services, enabling individuals and small businesses to
escape poverty.

Computing and technology can play a crucial role in promoting good health and
well-being. Telemedicine and remote healthcare services can improve access to quality
healthcare, especially in rural and underserved areas. Additionally, data analytics can
be used to identify disease outbreaks and track their spread, enabling effective public
health interventions.

In summary, computing and technology offer immense potential for addressing the
SDGs. By harnessing the power of these tools, we can create a more sustainable, equi-
table, and prosperous world for all. This keynote uses case examples from different parts
of the world, showcasing how SDGs can be addressed with proper utilisation of comput-
ing and technology. However, realizing this potential requires collaboration among gov-
ernments, businesses, and academia to develop innovative solutions and ensure equitable
access to technology.



Cybersecurity in the Age of 4.0 IR

Srinath Doss
Botho University, Botswana

In the era of Industry 4.0, where cyber-physical systems, the Internet of Things (IoT),
and artificial intelligence drive unprecedented connectivity and automation, cyber secu-
rity has never been more critical. As industries leverage smart technologies to enhance
productivity, efficiency, and innovation, the digital landscape expands, bringing both
opportunities and vulnerabilities.

The convergence of operational technology with information technology in smart
factories, autonomous vehicles, and interconnected supply chains creates a complex and
dynamic environment. A single security breach can disrupt production, compromise
sensitive data, and even endanger lives. Cyber attacks are evolving in sophistication,
targeting the very backbone of our digital infrastructure.

Cybersecurity in the age of Industry 4.0 demands a proactive and multi-layered app-
roach. It requires the integration of advanced threat detection systems, robust encryption
protocols, and comprehensive risk management strategies. Organizations must foster a
culture of cybersecurity awareness, ensuring that employees at all levels understand and
adhere to security best practices.

Collaboration across sectors is essential. Governments, private enterprises, and aca-
demic institutions must work together to develop innovative solutions, share threat intel-
ligence, and establish global cybersecurity standards. Continuous investment in research
and development is crucial to staying ahead of cybercriminals and safeguarding our dig-
ital future. In this digital revolution, cybersecurity is not just a technical necessity but a
fundamental pillar of trust and resilience. By embracing a holistic and forward-thinking
approach, we can protect our assets, secure our data, and pave the way for a safer, more
interconnected world.

Keywords: Industry 4.0 - Cyber security - Internet of things - Cyber Attack - Risk
Management



Trust in the Realm of Generative AI — Opportunities
and Threats

Arvind Benegal
Chief Risk Officer & Sr. Advisory Consultant, USA

Trust is of paramount importance in Information Technology systems and data confi-
dentiality, integrity and availability. Al and Generative Al have reshaped the technology
landscape. A balanced approach to innovation is needed that incorporates both Trust and
Risk Management. The threats represent the clear and present risks and challenges posed
by emerging technologies, while the opportunities speak to the benefits brought by these
innovations. This highlights the dual nature of technological advancement. Wherever
there is an opportunity, there is also a significant threat.

The opportunities include the efficiency gains of automation of repetitive tasks and
enhanced decision-making. Personalization addresses tailored experiences for users in
healthcare, finance, and customer service. Innovation allows for creation of new prod-
ucts, services, and business models. Democratization of technologies provides access,
challenging elite layers, and Just in Time Knowledge suggests just enough to solve
problems.

The risks include Bias and Fairness since Al systems may perpetuate or amplify
existing biases. Security vulnerabilities pose increased attack surfaces and potential
misuse of Al capabilities. Data Privacy presents risks of unauthorized data usage and
breaches, and Prompt Injections increase exposure to sophisticated Al attacks.

The Audit Focus Areas should consider Data Integrity. It must be ensured that data
used by Al systems is accurate, complete, and secure, and ethical Al establishes frame-
works to prevent bias and ensure fairness. Accountability and transparency are achieved
by creating mechanisms for auditing Al decisions and actions. Institutional guidance
provides adherence to IT governance frameworks such as COBIT to manage Al risks.
Robust control measures are implemented to enhance trust. For instance, ISO/IEC 42001
is an international standard that provides a governance framework for implementing and
continually improving artificial intelligence management systems.

Trust is built by by incorporating strategies for IT Auditors. Continuous Monitoring
regularly reviews Al systems and processes for compliance and performance. Collabora-
tion with stakeholders by engaging with developers, data scientists, and business leaders
aligns Al initiatives with ethical standards. Education and Awareness train employees on
the risks and best practices related to Al. And finally, a Risk-Based Approach is adopted
by prioritizing audits and controls based on the risk levels associated with different
technologies.



Machine Learning and Data Analytics at Scale - Rise
of Unified AI and Data Platforms

Kumar Gangwani
BDB.ai, India

The last 10+ years have seen a breakneck pace of innovation in areas of Data Analytics,
Machine Learning and Al, something that remained unseen in many decades prior. The
availability of inexpensive storage, affordable compute, innovations in parallel comput-
ing frameworks, global availability of open-source tools and libraries, automation of
data engineering, algorithmic innovations and availability of specialized hardware like
GPUs and TPUs have ushered in the modern Data and Al era.

The open-source ecosystem has democratized access to cutting-edge tools and tech-
nologies to the larger technology community. For instance, frameworks like TensorFlow
and PyTorch allow developers and researchers to build sophisticated models quickly and
efficiently.

Yet, most organizations, despite good intentions, sizeable investments in technology
and large technology teams, struggle to scale after successfully operationalizing a few
initial analytics and ML use cases. In fact, the rate of failures of corporate data science
and machine learning teams is so high that the notion of the data and Al-driven enterprise
often seems a myth.

Despite the availability of a plethora of tools for data engineering and machine learn-
ing, most organizations fail to build and scale with these effectively. Part of this has to
do with the overpromise around capability of enterprise tools sold to them, which some-
times are good at a particular solution like ingestion or discovery only; this results in
organizations purchasing a number of tools that don’t integrate well with each other
or scale for increasing data volumes and diverse data demands. But that’s not the only
reason. Fragmented, inconsistent and incomplete data is often a factor responsible for
failure of Machine Learning projects. Integrating ML workflows into production envi-
ronments, handling versioning, scaling models and automating monitoring — a discipline
being referred to as ML Ops — remain challenging for many businesses; and add to that
rising complexity of algorithms itself. Most technical resources have specialization in
perhaps one or two areas, but a very limited view of the entire data chain, and struggle
to solve platform scale issues.

The whole industry today longs for an integrated approach that allows operation of
analytics and ML at scale. The past few years have seen the rise of a few unified platforms
that integrate the entire data infrastructure and plethora of data processes — from ingestion
(batch, micro batch, real-time), data cleansing, enrichment and preparation, storage into
data lake, with right security and governance, notebook/tools to experiment with and
deploy Data Science and ML models, enable ML automation, use of Al services and
self-service dashboards and visualization — all under one roof. These unified platforms
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greatly simplify and accelerate the time to commercialize analytics use cases, often
4-5 times faster than commonly used tools, and the end-to-end automation of all data
processes greatly reduces resource effort by a large margin, providing for sizeable cost
savings. This integrated capability offered by unified data and Al platforms is the future
of enterprise analytics and Machine Learning.



Implementing Cyber Security Best Practices to Protect
Your Crown Jewels

Ram Kumar G.
Global Automotive Company, India

In a hyper-connected digital world, cyber threats are ever growing and evolving, putting
confidential data supporting IT infrastructure at risk. Cyber crimes are common today
and no organization is immune to cyber attacks. The cyber crime industry has grown into
a multi-billion dollar illegal business and the profile of the attacker has changed over the
years — from script kiddies to well-organized hacker groups supported by nation states.

In this prevailing scenario, it is important for organizations to be cognizant of the
cyber threats and proactively put in place cyber security measures by way of security con-
trols, processes backed up by skilled talent. A strong understanding of the multi-faceted
domains of cyber security is essential to appreciate the range and depth of the field.
This exposure leads to exploring the security best practices that need to be implemented
in organizations as per their risk profile to safeguard their critical IT infrastructure and
confidential business information including intellectual property in what has come to
be characterized as “crown jewels”. The security controls are defined by the results
of a risk assessment exercise, situational awareness of ongoing cyber attack campaigns
enabled by inputs from cyber threat intelligence, obligations to customers and regulatory
requirements for cyber security and data privacy.

Keywords: Cyber security - Best practices - Crown jewels - Cyber attacks - Data
protection - Critical assets - Cyber threats - Security risks



Smart Spatial Computing and Its Application

P. Bhanu Prasad
Future Technology, France

Spatial computing is an emerging technology that blends digital and physical worlds,
allowing users to interact with smart devices in more seamless and immersive ways. It
leverages a range of technologies, including augmented reality (AR), extended reality
(XR), Artificial intelligence, Internet of things (IoT), haptic feedback, computer vision,
sensor fusion, geospatial data analysis, and spatial mapping. Spatial computing integrates
various technologies to interpret the physical world and merge it with digital information,
effectively combining both realms. These experiences can range from fully immersive
environments to the addition of digital elements in the real world, creating interactive
experiences that enhance our understanding of spatial relationships. At its core, spatial
computing empowers users to visualize, manipulate, and analyze complex spatial data
in real time with ease.

Advancements in hardware and software enable developers to create rich, immer-
sive, interactive environments that captivate users. This evolution not only improves the
overall user experience but also opens up new possibilities. Despite the significant poten-
tial of spatial computing, challenges persist. Concerns regarding data privacy, security,
and ethical considerations need to be addressed before these technologies can be widely
deployed. Additionally, the lack of standardization and interoperability among different
spatial computing platforms presents further obstacles to widespread adoption.

This immersive, natural way of interacting can enrich our lives in numerous ways,
enhancing hobbies like entertainment, gaming, and sports, as well as educational expe-
riences and professional activities. The applications of spatial computing are extensive
and diverse, impacting vital sectors that shape daily life, including navigation, astron-
omy, virtual home design, learning through gaming, skill development, healthcare and
fitness, virtual shopping, industrial settings, remote assistance, architecture and design,
the stock market, and logistics and supply chain management.

Spatial computing signifies a paradigm shift in how we interact with various envi-
ronments, unlocking a vast array of new applications. Here are some key applications
of spatial computing that can help those interested in pursuing a career in this field get
started.

Keywords: Spatial computing - Extended reality (XR) - Industrial Internet of Things
(IIoT) - Sensor fusion, Digital Twins - Artificial intelligence, Haptic



Enhancing Recommender Systems with Extensions
of Fuzzy Sets for Considering Stakeholders’ Uncertainty
in Software Requirements Prioritization

Vassilis C. Gerogiannis
University of Thessaly, Larissa, Greece

In large, complex and distributed software development projects, it is often not feasible
to implement all of the requirements in a single software release because of budget, time
and staff constraints. Software requirements prioritization is an important activity in
software requirements engineering which aims to evaluate and prioritize the candidate
software features to be implemented in the next release of a software system. Require-
ments prioritization is often applied iteratively, according to various criteria, by the
multiple involved project stakeholders who may have different roles, needs and knowl-
edge. In large-scale software development projects, it is often practically impossible to
ensure that all stakeholders have complete knowledge on all candidate requirements.
Thus, stakeholders may show some degree of uncertainty and hesitation, as it is dif-
ficult to precisely evaluate each requirement according to each prioritization criterion.
This talk will present results of our ongoing research work on combining Recommender
Systems and soft computing techniques based on extensions of Fuzzy Sets to address
problems of requirements prioritization in the context of large and complex software
development/maintenance projects. Recommender Systems can be a useful solution
to information overload situations when stakeholders have to evaluate a large number
of alternatives. Fuzzy sets extensions, such as Intuitionistic Fuzzy Sets, can deal with
stakeholders’ uncertainty and hesitation regarding the prioritization criteria importance
and requirements ratings. The results from applying our methods are promising since
they demonstrate that they can be effectively used to support multiple stakeholders to
prioritize large requirements sets.

Keywords: Software Requirements Prioritization - Recommender Systems - Intu-
itionistic Fuzzy Sets



Generative Adversarial Network (GAN): An Efficient
Tool for Data Generation and Data Completion

Prabir Kumar Biswas
IIT, Kharagpur, India

Generative Adversarial Network (GAN) is a relatively recent concept in deep generative
learning wherein two neural networks are pitted against each other in a zero-sum non-
cooperative game to match a non-stationary distribution to an intractable stationary
distribution. In this lecture we shall talk about how the generative modelling capability
of GAN can be exploited to design efficient frameworks for image/video inpainting.
Semantic inpainting refers to realistically filling up large holes in an image or video
frame. Our approach is to first train a generative model to map a latent noise distribution
to a natural image manifold and, during inference time, search for the best-matching
noise vector to reconstruct the signal. The primary drawback of this approach is its
inference time iterative optimization and lack of photo-realism at higher resolution. In
this talk both of the abovementioned shortcomings are addressed. This is made possible
with a nearest neighbour search-based initialization (instead of random initialization)
of the core iterative optimization involved in the framework. The concept is extended
for videos by temporal reuse of solution vectors. Significant speedups of about 4.5-5x
on images and 80x on videos is achieved. Simultaneously, the method achieves better
spatial and temporal reconstruction qualities.

Next, we will pose the following question and try to get the answer - ‘Do we at all need
an iterative inference framework?’ - to answer this, a data-driven parametric network
is trained to directly predict a matching prior for a given masked image. This converts
an iterative paradigm to a single feed-forward inference pipeline with around 800x
speedup. Finally, recent advancements in high-resolution GAN training are leveraged to
scale an inpainting network for higher resolution.



Artificial Intelligence and Machine Learning: From Early
Symbolic Systems to More Complex System

Salisu Mamman Abdulrahman
Kano University of Science and Technology, Nigeria

Artificial Intelligence (Al) and Machine Learning (ML) have evolved significantly over
the years, moving from simple symbolic systems to more complex and sophisticated
systems capable of learning and adapting. Advances in Al and ML systems have revolu-
tionized various sectors, changing how people interact with technology. For four decades
(mid-1950s until the mid-1990s), Symbolic Al was the dominant paradigm. These algo-
rithms work by processing symbols that represent objects or concepts in the real world
and their relationships. In Symbolic Al the main approach is to use logic-based pro-
gramming where rules and axioms are used to perform inference and deduction. High
expectations surrounding AI’s potential to solve complex problems and mimic human
intelligence were met with disappointing results, leading to what is known as the Al
Winter. Despite the challenges faced by researchers during the AI Winter, the field
experienced a revival in the 1990s and early 2000s. Al Researchers shifted their focus
from Symbolic Al and rule-based systems to statistical and probabilistic approaches that
are more promising. The emergence of machine learning algorithms, such as Support
Vector Machines and Bayesian networks, enabled Al systems to demonstrate tangible
successes in various applications. Machine learning systems have evolved dramatically
over the years, progressing from basic models capable of simple tasks to complex neu-
ral networks that drive cutting-edge Al applications. Throughout this evolution, Al and
ML have transitioned from rule-based systems to learning-based approaches, greatly
expanding their capabilities and applications. In this keynote address, we will present
an overview of their journey from inception to recent advances.

Keywords: Artificial Intelligence - Machine Learning - Symbolic System - Complex
System



Attention Mechanism for Abnormal Behavior Detection
from Video Surveillance

Vinothina V.
Kristu Jayanti College (Autonomous), Bengaluru, India

In todays fast-paced environment, detecting abnormal behaviour in real time is increas-
ingly challenging, yet video monitoring remains vital for public safety. Traditional
surveillance systems still rely heavily on manual observation, which is not only time-
consuming but also prone to errors, especially when managing large volumes of footage.
While machine learning (ML) algorithms have been widely used for behaviour detection,
they often struggle with the complexity of unstructured video data. These algorithms typ-
ically require vast amounts of labelled data and can falter when dealing with imbalanced
datasets, reducing their accuracy in identifying rare, yet critical, behaviours. Moreover,
ML techniques tend to have slower learning rates, limiting their effectiveness in real-time
scenarios and large-scale data applications. In contrast, deep learning models, especially
convolutional neural networks (CNNs), have proven more effective by automatically
learning feature representations directly from raw video data. However, CNNss still face
challenges when it comes to capturing the temporal dynamics of behaviour across video
frames. To address these challenges, the proposed method integrates a hybrid model
that combines the strengths of CNNs and transformers with a context-based attention
mechanism.

Modelled after the human brain’s ability to focus on the most pertinent aspects of a
scene, attention mechanisms integrated into deep learning frameworks have significantly
improved both the accuracy and efficiency of abnormal behaviour detection. When com-
bined with CNNs, these attention mechanisms emphasize key spatio-temporal features.
Spatial attention allows the model to detect critical body movements and gestures, while
temporal attention tracks changes in behaviour over time, identifying sudden or repet-
itive actions. This approach allows for real-time tracking of individual actions within
the video frame, enabling timely alerts and interventions when abnormal behaviours are
detected. When evaluated against existing methods, the proposed solution demonstrated
superior performance, effectively overcoming the limitations associated with traditional
machine learning approaches in behaviour recognition.

Keywords: Attention Mechanism - Abnormal Behaviour Detection - Video Surveil-
lance - Deep Learning - Spatial Attention - Temporal Attention - Contextual Information



Zero Trust and Its Impact

Chander Shekhar Sharma
AUNZ - Cybersecurity Unit, Australia

The Zero Trust security model represents a fundamental shift in how organizations
approach cybersecurity. Unlike traditional security frameworks that rely on a strong
perimeter to protect internal networks, Zero Trust operates on the principle of “never
trust, always verify.” This approach assumes that threats can exist both inside and out-
side the network, and therefore, every access request—whether from a remote employee
or an internal user—must be authenticated and authorized. By focusing on the iden-
tity of users and devices rather than the network location, Zero Trust transforms the
way organizations secure their resources. At the heart of Zero Trust is the concept of
identity as the new security perimeter. This means that organizations must implement
robust identity verification mechanisms to ensure that only authorized individuals can
access sensitive information. Multi-factor authentication (MFA) is a critical component
of this strategy, requiring users to provide multiple forms of identification before gaining
access. Additionally, risk-based adaptive authentication can further enhance security by
adjusting access levels based on various factors, such as the user’s location, device, and
behaviour patterns. This continuous verification process helps organizations mitigate the
risk of unauthorized access and data breaches.

The benefits of adopting a Zero Trust identity strategy are substantial. For instance,
organizations can significantly reduce the likelihood of data breaches by ensuring that
every access request is scrutinized. This not only protects sensitive information but
also fosters a culture of security awareness among employees. Furthermore, Zero Trust
can improve the user experience by streamlining access to resources while maintaining
stringent security measures. For example, remote workers can securely access company
applications from any location without compromising security, thereby enabling greater
flexibility and productivity.

Use cases for Zero Trust identity are increasingly relevant in today’s digital land-
scape. Organizations that have adopted cloud services or remote work policies can
leverage Zero Trust principles to secure their environments effectively. For instance,
a financial institution might implement Zero Trust to protect customer data by requiring
MFA for all transactions and continuously monitoring user behaviour for anomalies.
Similarly, a healthcare provider could use Zero Trust to ensure that only authorized per-
sonnel can access patient records, thereby complying with regulations and safeguarding
sensitive information. By humanizing the approach to cybersecurity, Zero Trust not only
addresses technical challenges but also aligns with the evolving needs of organizations
and their employees in a rapidly changing digital world.



Empowering Academic Advising Through Smart
Computing and Predictive Analysis

Ahmed Al-Brashdi
UTAS, Oman

The role of academic advising has evolved from static and transactional to proactive sup-
port, emphasizing innovative approaches to address the variations of students’ perfor-
mance and needs. By leveraging historical data on student performance, course complex-
ity, and former evaluation, predictive analytics can identify students at risk of academic
difficulty. An early warning system with comprehensive student data and predictive
analysis based on historical data enables timely interventions, such as academic coach-
ing or tutoring, to improve student retention and success. Moreover, using predictive
analytics and Al will optimize resource allocation by balancing advisor workloads, and
optimizing course scheduling. This data-driven approach contributes to cost-efficiency
and improved student satisfaction. This approach can personalize the academic expe-
rience for each individual student by recommending tailored academic plans based on
individual student strengths, goals, and performance patterns without overloading advi-
sors. This approach fosters student engagement and accelerates progress towards degree
completion. In UTAS — Oman, an in-house system enables advisors and students to
effectively and efficiently engage with personalized study plans and course scheduling
with emphasis on on-probation students. It shows improvements in student satisfaction
and resource allocation.
Keywords: Academic advising - Predictive analysis - Smart computing - Al



Best Practices of Research Ethics

Vijay Singh Rathore
Shree K. Karni Universe College, Jaipur

Research ethics constitute a cornerstone of scientific inquiry, ensuring the credibility,
integrity, and societal relevance of scholarly endeavours. This study delineates the fun-
damental principles governing ethical research practices, emphasizing adherence to hon-
esty, objectivity, and transparency in all stages of research, from data collection to dis-
semination. Key ethical mandates include the avoidance of fabrication, falsification, and
plagiarism, as well as the active protection of confidentiality, intellectual property rights,
and the dignity of research participants.

The role of supervisors is highlighted as pivotal in fostering an ethical research envi-
ronment, ensuring adherence to legal and institutional norms, and mentoring researchers
in responsible practices. Equally, researchers are tasked with diligent participation
in their projects, rigorous compliance with safety protocols, and acknowledgment of
collaborative contributions.

Ethical challenges, such as authorship disputes, data ownership, and conflicts of
interest, are addressed through structured protocols and mutual respect among collabo-
rators. Furthermore, responsible dissemination of findings underscores the importance of
accuracy and societal impact, avoiding premature or misleading claims. This framework
underscores the collective responsibility of the research community to uphold ethical
standards, thereby advancing scientific progress while maintaining public trust.
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Enhancing Music Recommendation Systems:
A Hybrid CNN-LSTM Approach
for Personalized and Precise Recommendations

Mohammed Sani Mohammed! ®9, Shilpa Singhall, R. N. Ravikumar!, Dhara Joshi!,
Kishan Makadiya', and Santushti Betgeri’

I Department of Computer Engineering, Marwadi University, Rajkot, India
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2 Department of Computer Engineering, Vishwakarma Institute of Technology, Pune, India

Abstract. This research paper presents a new approach in which personalized
music recommendations are made by combining Convolutional Neural Networks
(CNN?5) and Long Short-Term Memory (LSTM) networks to form a hybrid model.
The study is intended to prove that the model can give accurate song suggestions
according to the user’s needs, with data sourced from Spotify through Kaggle
platform. Our hybrid CNN-LSTM model has an accuracy of 98.7% which beat
traditional recommendation algorithms like CNN, LSTM, Multilayer Perceptron
(MLP), Radial Basis Functional Network (RBFN) and Generative Adversarial
Network (GAN). It basically shows how an advanced recommendation system
can be introduced into a simple application developed using the Streamlit Python
framework. Users interact with this application by giving it certain queries to
which they will receive personal music proposals. It not only confirms that the
hybrid way is effective for improving user engagement and satisfaction on digital
music platforms but also signifies an important step towards music recommender
systems as it was previously known.

Keywords: Music Recommendation System - Convolutional Neural Networks -
Deep Learning. Ensemble modeling - Long Short-Term Memory

1 Introduction

Recommendation algorithms influence our movie, music, and book choices in the digital
age. These systems use complex algorithms to forecast and promote products based on
user behavior, decisions, and engagements. They found patterns, trends, and linkages in
massive datasets using strong data analytic tools. By using this technology, companies
may personalize information and improve customer service [1]. Music suggestion has
revolutionized how we discover and enjoy songs, artists, and genres.

Spotify, Apple Music, and Pandora, among others, depend on good recommenda-
tion algorithms to build personalized playlists. Personalisation is a key aspect of current
music, according to study. This tool lets users discover new audio environments related
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to their interests [2]. As a scholar, you must recognise that music recommendation algo-
rithms use complex technology. This covers collaborative, content-based, and hybrid
filtering. Collective filtering uses listening patterns to choose songs by several people
with similar tastes. Instead, content-based filtering recommends music by genre, pace,
or mood. To maximize advantages, hybrid systems use many methodologies and may
integrate social media activity or historical background to improve suggestions [3]. Deep
learning and natural language processing are valued in modern music recommendations.
These approaches study audition setting and music content. Time, weather, and listener
participation may help algorithms produce the perfect soundtrack. The goal is to create
a customized sound experience that matches one’s mood and introduces them to new
music [4]. These sophisticated recommendation algorithms influence more than cus-
tomer delight. They help identify vocalists and introduce new performers. In a sea of
digital music, recommendation algorithms help listeners identify favorites. Today’s dig-
ital platforms provide too much music, making it hard for consumers to choose unique
songs. This task requires music recommendation systems. Advanced machine learning
algorithms offer customized musical choices [5]. Content-based or collaborative filter-
ing dominates traditional recommendation systems [6, 7]. Musical data’s subtleties and
temporal aspects are usually ignored. Deep learning allows more advanced prediction
models to uncover complex patterns and connections from raw data.
The research objectives:

e Create a Hybrid Model: Improve music recommendation accuracy with a hybrid
CNN-LSTM model.

e Performance: Compare the hybrid model to standard algorithms to demonstrate its
efficacy.
Use Real-World Data: Use Kaggle’s Spotify dataset to validate the model.

e Web application implementation: Streamlit-based online applications for real-
world use should incorporate the paradigm.

e Advanced music recommendations: Help the field by improving music suggestions
and user pleasure.

Below is the outline for the rest of the paper. The second section examines the music
recommendation system’s reliance on pre-existing models. Different dataset analyses
and the suggested approach are detailed in Sect. 3. The results and discussion of the
experiments are detailed in Sect. 4. Section 5 concludes the work and results.

2 Literature Review

Music recommendation plays a pivotal role in enhancing user experience and engage-
ment in digital music platforms. The proliferation of digital music libraries has height-
ened the need for efficient recommendation systems. Varsha et al. [4] utilized a variety
of tools to build an effective recommendation system. Some of the libraries used in this
work consists of NumPy and Pandas, along with cosine similarity and CountVector-
izer. In 2021, Wang et al. [8] presented an innovative hybrid recommendation approach
by combining emotional intelligence with music recommendation systems using deep
neural networks This article used ML and DL technologies to construct an app that
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understands mood and emotions and recommends music. This strategy may increase
mental wellness and music enjoyment. By combining content-based and collaborative
filtering techniques, emoMR outperforms baseline algorithms in terms of various eval-
uation metrics such as precision, recall, F1, and HitRate demonstrating its effectiveness
in delivering emotion-aware music recommendations. Furthermore, a sentiment-based
recommendation system was proposed by Renata et al. that utilized social network texts
to extract sentiment intensity for personalized music recommendations [9]. This app-
roach, named Sentimeter-Br2, incorporated a sentiment metric to analyze user-generated
phrases and recommend music emotionally-based state reflected in the text. Klec et al.
[10] conducted additional research on the influence of personality traits on music recom-
mendation error, utilizing the Big Five Inventory (BFI) and its revised version, BFI-2.
29-dimensional audio features and an application called Music Master were employed
to conduct experiments with 279 participants. The results indicated that the use of any
combination of the Big Five personality traits yielded inferior results in comparison to
the use of lower-order personality facets. The recommendation error was minimal as a
result of a limited number of personality aspects. Liu et al. [11] suggest an end-to-end
system, MMSS_MKR, add knowledge graphs to music suggestions to increase accuracy.
The framework integrates knowledge graph and recommendation tasks using Cross &
Compression Modules. The suggestion module verifies triple information using this
information, which is acquired by the model via the music knowledge graph. By using a
common emotional vector space to generate matches between images and music, Chheda
et al. [12] presented a powerful cross-modal neural network that can recommend music
to users. The system integrates image-music efficiently by using valence and arousal
ratings. The OASIS dataset provides the photos, while the Spotify API and YouTube
provide the music. The training uses a Transfer Learning strategy that employs a Convo-
Iution Neural Network design. In response to a picture input, the system uses deep hidden
information across the two disciplines’ emotive space to recommend top-n music. When
utilizing audio and music instead of graphics, this method enhances the users’ ability
to sense emotions more powerfully and vividly. Perera et al. [13] devised an emotion-
based music selection system to help people stay out of arguments. In another work
emotion detection was focused by Liu et al. [14], who examined user-generated con-
tent on social media. Compared to the Sinhala module, the English emotional detection
model exhibited better accuracy. To further align with user sentiments, lyrics were also
rated as either positive or neutral. This study introduces a deep learning-based music rec-
ommendation system that employs long short-term memory (LSTM) models to match
users’ emotions and other cues to music. To improve users’ mental condition, the system
adjusts outcomes using care variables. User research and empirical testing show how
beneficial and effective the system is. Content based, Collaborative, Matrix factorization
and hybrid approaches are some of the traditional approaches in the recommendation
system. Each approach offers unique strengths and addresses specific challenges in the
domain of music recommendation. In this review, we examine several notable papers that
have contributed to advancing the field of music recommendation through innovative
algorithms, novel methodologies, and insightful evaluations in Table 1.
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Table 1. Existing Music Recommendation Techniques

Author Year | Technology Algorithm Findings Dataset Research Gap
Renataetal. | 2015 | Sentiment Based on Sentimeter-Br2 is | Facebook and | Need for further
[9] Analysis Sentiment introduced, a Twitter AP exploration
Intensity Score | sentiment intensity | dataset regarding the
obtained from metric designed to direct impact of
Social Network | extract user user satisfaction on
sentiments from emotional states
diverse social
networks
Shun-Hao 2018 | Deep Learning | Convolutional A user’s past million song | User Cold-Start
etal. [15] Neural listening habits can | datasets Problem, Limited
Networks inform a (MSD) Evaluation Metrics
personalized music
recommendation
algorithm’s
suggestions for new
songs to listen to
Degeretal. | 2018 | Machine Decision tree, Wearable DEAP Limited Dataset
[16] Learning random forest, physiological emotion Size, Real-time
k-nearest sensors based database Implementation
neighbors music Challenges
(KNN) recommendation
system utilizing
user’s emotional
state by analyzing
the collected
information
through sensors
Ferdos etal. | 2019 | Deep Learning Neural Network | Proposed a Spotify Recsys | lack of
[17] T-RECSYS(Tunes recommendation
Recommendation algorithms that
system)hybrid of incorporate
content-based and multiple variables
collaborative and provide
real-time updates
markus et al. | 2019 | Deep Learning Deep neural improve Million Song | Cold-Start
[18] networks recommendation Dataset Problem, Model
models that suggest | (MSD) Interpretability
music items (songs,
playlists, etc.) to
users based on their
preferences
Vinothini 2019 | Artificial fuzzy inference | An intelligent user Lack of dataset,
etal. [19] Intelligence engine music schedules, evaluation metrics
recommendation preferences
system with user
profiling

capabilities is part
of the system. It
will suggest songs
that the user is
likely to enjoy
depending on their
current mood and
the time of day

(continued)
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Table 1. (continued)

Author Year | Technology Algorithm Findings Dataset Research Gap
Shu wang 2021 | Deep Learning Neural Network | Emotion-Aware DEAP Limited Dataset
et al. [20] Music emotion Size, Real-time
Recommendation | database Implementation
using Deep Neural Challenges
Networks (DNNs)
to anticipate
emotions and make
recommendations
accordingly
Timanshi 2021 | Machine Collaborative A music Million Song | No Specific
etal. [21] Learning filtering recommendation Dataset Algorithm
system that (MSD) description
automatically
searches the library
and select tracks
that are quite useful
Yezi 2022 | Deep Learning Neural network | Developed digital piano User-Centric
et al.[22] classification music Evaluation,
strategies utilising Limited Dataset
convolutional Description
neural networks
with digital piano
music as the study
object
Tuntun et al. | 2022 | Machine Multi-Interest Enhanced the Kugou music | Evaluation
[23] Learning Point accuracy of music Metrics, User
Attenuation recommendations Preference
(MCTA) by considering Representation
users’ actual music
consumption
behaviors
Chirag etal. | 2023 | convolutional convolutional creating a music Kaggle, There is no
[24] recurrent neural | recurrent neural | recommendation GitHub, and Evaluation metrics
networks networks system that can Google
(CRNN) (CRNN) browse song datasets
albums
Abhimanyu | 2023 | Machine Euclidean, create a music sizable and Dataset
et al. [25] Learning Cosine recommendation varied Description,
Similarity, system that offers | music-related | algorithm
Correlation consumers suitable | dataset limitation
Distance tracks depending

on their tastes

3 Proposed Methodology

3.1 Data Set Analysis

The dataset utilised for this is obtained from Spotify, a popular music streaming platform.
Each row represents an audio track, and each attribute indicates a track feature. The size
of this dataset is 114000 with 20 attributes. It contains various attributes related to music
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name of track, track identifier, artists, acousticness, popularity, duration_ms, danceabil-
ity, energy, loudness, instrumentalness, liveness, valence, tempo, time_signature, track
genre are included. These traits make it ideal for categorization tasks including genre
recognition, playlist predictions, and other music-related machine learning models. The
dataset contains varied recordings with different audio properties. Such complexity is
suitable for evaluating sophisticated machine learning algorithms like your paper’s active
learning and ensemble techniques. It tests the model’s ability to generalise from complex
patterns.

The dataset provides a diverse collection of music tracks spanning different genres,
allowing for comprehensive analysis, and modeling for music recommendation tasks
Spotify Kaggle and Dataset [26].

3.2 Initial Data Processing

NaN values, in the dataset are handled by either replacing them with appropriate default
values. Data types are converted as necessary to ensure consistency and compati-
bility with the subsequent processing steps. Tokenization is performed on the track
names using the Tokenizer class from Keras, which converts text data into numeri-
cal sequences. Padding is applied to the sequences to ensure uniform length across
all samples, facilitating the creation of input tensors with consistent shapes for model
training.

3.3 Model Training

As part of the study, various models will be trained to perform music recommendation
tasks. Built using the Keras Sequential API, a CNN model consists of embedding layers,
convolutional layers, pooling layers, and dense layers. The Keras Sequential API is
used to construct an LSTM model, which consists of embedding layers and LSTM
layers. A hybrid model is created by combining both CNN and LSTM architectures to
leverage their respective strengths for improved performance in music recommendation.
All models are compiled using appropriate optimizers, loss functions, and evaluation
metrics to prepare them for training. The models are trained using the preprocessed
dataset, with the input data fed into the models to adjust their parameters (weights and
biases) during training and minimize the defined loss function. To determine how well
the trained models predict pertinent music tracks in response to user input, evaluation
metrics including accuracy, precision, recall, and F1-score are computed.

3.4 Flow Diagram

On receiving an input keyword, the system retrieves relevant songs from the dataset
and displays to the user. This process continues till all songs in the dataset have been
processed. Finally, the system ends its execution. Fig. 1 outlines the flow diagram and
basic process of retrieving and displaying recommended songs based on user input.
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Start:

e The process begins here.
e Input Keyword:

— Users input a keyword representing their music preferences.

— For All Songs in the Dataset:

— The system iterates through all the songs in the dataset.

— Display N Number of Songs:

— For each song, the system displays a certain number (denoted by “n”) of relevant
songs based on the input keyword.

e End:

— The process ends here

Fig. 1. Flowchart for Song Selection Process

3.5 Model Evaluation

To predict appropriate music records, trained models are examined using accuracy,
precision, recall, and F1-score.



10 M. S. Mohammed et al.

3.6 Recommendation Generation

A recommendation system produces a ranked list of music tracks that are considered
pertinent to the user’s preferences and input keywords, utilizing the predictions of the
trained models.

3.7 App Development

The recommended music tracks are integrated into a user-facing application, which
provides a user-friendly interface for users to input keywords, receive recommendations,
and interact with the recommended tracks.

Overall Workflow

The system begins by extracting keywords from user input, which are then used to
create a vocabulary for representing music tracks. The data undergoes preprocessing
before being fed into various deep learning models, including CNNs [26], LSTMs [27]
MLPs[18], GANs [28], and RBNs [12].

A data-trained model is tested for prediction performance. The best-performing
model generates music track recommendations based on user input, which are sub-
sequently integrated into a user-friendly application for user interaction and enjoyment
(Fig. 2).

Fig. 2. Proposed Methodology

3.8 Distribution of Popularity Scores

This graph shows how popularity scores are distributed among music tracks in the dataset.
The frequency (number of tracks) within each popularity score range is shown on the
y-axis. The histogram bars represent the number of tracks falling into each popularity
score range. It gives us an idea of the distribution of popularity scores and how common
different levels of popularity are among the tracks (Fig. 3).
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Fig. 3. Distribution of Popularity Scores

3.9 Popularity Scores by Genre

This graph compares the distribution of popularity scores across different music genres.
Each genre boxplot illustrates popularity scores. The central line in each box reflects
the median popularity score, the box indicating the interquartile range (IQR), and the
whiskers the data range. It helps us understand how popularity scores vary across different
genres and identify potential differences in popularity levels between genres (Fig. 4).

Fig. 4. Population Score by Genre

3.10 Correlation Heatmap

The correlation between several numerical features in the dataset is visualized in this
heatmap.A correlation coefficient between any two features, on a scale from —1 to 1, is
depicted in each heatmap cell. A significant negative correlation (one trait grows while
the other drops) and a strong positive correlation (both features increase together) are
indicated by values close to —1 and 1, respectively. We can learn more about the relation-
ships in the dataset by seeing whether features have a positive or negative correlation
with one another (Fig. 5).
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Fig. 5. Correlation Heat Map

3.11 Danceability vs. Energy

This scatter plot compares the danceability and energy levels of music tracks. Dance-
ability (x-axis) and energy (y-axis) levels determine each track’s position.

Each point color refers to the track’s genre.It allows us to visualize the relationship
between danceability and energy across different genres, identifying patterns or clusters
of tracks with similar characteristics. For example, tracks with high danceability and
energy might cluster together, indicating energetic dance tracks.

3.12 Confusion Matrix

Actual 0: Instances where the true label is 0 (negative class).
Actual 1: Instances where the true label is 1 (positive class).
Predicted 0: Instances predicted as class O.

Predicted 1: Instances predicted as class 1 (Figs. 6 and 7).

4 Experimental Results

4.1 Traditional Model Performance Comparison Bar Graph

This bar graph compares outcomes for different standard machine learning models,
namely CNN, LSTM, MLP, GANs, and RBFNs when applied to music recommenda-
tion. CNN is an architecture that captures spatial properties using convolutional layers
to handle grid-like input like pictures. LSTM (Long Short-Term Memory) stores infor-
mation in memory cells to record sequential data dependencies across time. Connected
feedforward neural network with numerous layers of nodes, used for classification and
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Fig. 6. Danceability vs. Energy

Fig. 7. Confusion Matrix

regression. Two neural networks, a generator and a detector, compete to produce data
that replicates real-world samples in GANs. RBFNs (Radial Basis Function Networks) is
used for pattern recognition and function approximation neural networks that use radial
basis functions as activation functions. The associated bar displays each model’s accu-
racy in terms of Precision, F1-score, Recall. The metrics offer vital perception. Every
standard model’s Separate benefits and drawbacks. It has importance although certain
designs excel in various requirements, none of them attain a consistently high level of
performance across every category (Fig. 8).
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Fig. 8. Traditional Deep Learning Algorithms

4.2 Hybrid Approach Model Performance

Comparison Line Graph: Graph shows the effectiveness of combination approach
that employs CNN & LSTM models for music recommendation. Hybrid approach has
significant improvement in accuracy when compared to individual standard models,
indicating that it has potential to revolutionize music recommendation algorithms by
using the matching features of CNN and LSTM.

4.3 Conventional Neural Network (CNN) Training and Validation Loss Graph

CNN loss graph shows the variation in loss value during sequential training. Time inter-
vals for a convolutional neural network architecture. It gives an overview of the. CNN’s
precision in forecasting results, where smaller loss values suggest.

4.4 Long Short-Term Memory (LSTM) Loss and Validation Graph

High marks to you The LSTM model’s training and validation loss over time is also
depicted in the graph. LSTM learning process is illustrated in a visual representation
that shows its convergence and generalization skills over epochs.

4.5 Multilayer Perception (MLP) Training and Validation Loss

Graph of a MLP for music recommendation training, loss as a percentage of success,
progress and loss during training (Fig. 9).



Enhancing Music Recommendation Systems 15

Fig. 9. Comparison of Traditional Model with Hybrid CNN + LSTM

4.6 Generative Adversarial Network (GANs) Generator and Discriminator Loss

Graph shows the Visual of the changes in loss values for both components during the
training course. It shows the adversarial learning process. The generator is more of a
music creator than a discriminator. Easily distinguishes between real samples and fake
samples.

4.7 Radial Basis Function Network (RBFN) Loss and Validation Loss

Demonstrates the utility of RBFN, a radial basis function network, in the field of music
recommendation. Training loss and validation are shown on the graph below. Disadvan-
taged during the eras. This helps to measure the strength of the radial. Basis function
network is crucial in acquiring knowledge from training data.

4.8 Hybrid Model Loss Graph

A hybrid model was developed to enhance music recommendations, a hybrid model was
developed. The graph below displays the patterns in training and validation loss. The
total no. of epochs, which represents the no. of times model has been trained, is displayed
on the x-axis. The loss value, which compares the predicted values to the actual values
during training and validation, is plotted on the y-axis. As the loss during validation
and training lowers over the epochs, it seems like the hybrid model has learned and
generalized effectively. When a model is trained to perfection, without being over- or
under-fit, it will function very well, and the loss curves for training and validation should
converge.

Comparison Table

Table 2 is the Comparison table for all the algorithms with their corresponding metrics
values the one highlighted with red indicated highest values (Figs. 10, 11, 12, 13, 14 and
15).
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Table 2. Comparison for all the algorithms with their corresponding metrics

Algorithm/Parameters Accuracy Precision F1-Score Recall
CNN 0.66 0.66 0.8 0.94
LSTM 0.22 0.33 0.5 0.98
MLP 0.43 0.42 0.6 0.97
GAN 0.4 0.2 0.28 0.007
RBN 0.03 0.2 0.01 0.91
Hybrid CNN 4 LSTM 0.98 0.7 0.91 0.89

Fig. 11. LSTM Training and Validation Loss
Fig. 10. CNN Training and Validation Loss

Fig. 12. Loss graph for Multilayer perception Fig, 13. Loss graph for Generative
(MLP) adversarial networks (GANs)

Application Output

This is the Final outcome of the app, from the top of the page there is an advert for
the most trending music and if you choose to play you just have to click it will play
in the page. (Fig. 16) If you are not interested you can give a specific keyword in the
recommendation engine where the main logic is, after clicking the Get Recommendation
button you will get the recommendation for with the top popular music name as per given
keyword. Below is the output before recommendation after the last song from the top of
the page is clicked and is ready to play. This is the output after recommendation using
deep learning Hybrid-Model. We give a keyword ‘Life’ and the top music about life has
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Fig. 14. Loss graph for Radial Basis Function ~ Fig 15. Loss Graph for CNN + LSTM

Network (RBFN)

been recommended, and once search button clicked the actual music will be retrieved
with singer name (Fig. 17).

Fig. 16. User Interface of an Online Music Recommendation System Search Operation

Fig. 17. User Interface of an Online Music Recommendation System Featuring Top Trending
Music
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5 Conclusion

In conclusion, the study showcases the effective- ness of leveraging hybrid deep learning
models in the domain of music recommendation systems. By integrating CNN & LSTM
networks, we have demonstrated a significant improvement in recommendation accu-
racy achieving a remarkable 98.7% accuracy rate. This approaches the effectiveness of
conventional recommendation techniques and highlights the potential of combining sev-
eral approaches to improve user satisfaction and engagement with digital music services.
The effectiveness of our hybrid CNN-LSTM model emphasizes the significance of uti-
lizing several neural network structures to capture the intricate patterns present in music
data. By conducting careful trial and evaluation, we have demonstrated the strength and
effectiveness of our method in providing accurate and personalized music recommenda-
tions. This effectively solves the difficulties of discovering music in today’s expansive
digital world. In the future, researchers could investigate more improvements to our
hybrid model by including attention mechanisms or studying various fusion procedures.
These additions aim to enhance the performance of recommendations. Furthermore,
conducting an examination of the scalability and suitability of our technique to bigger
and more varied datasets could yield useful insights into its practical implementation
and acceptance.
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Abstract. Memes have evolved into a powerful tool for social interaction on
platforms like Twitter, Instagram, Facebook, Pinterest, where they communicate
complex emotions through a blend of images, text, and emojis. In this research,
we propose a hybrid deep learning model that not only processes the textual
components but also integrates the expressive use of emojis to better capture the
nuanced emotions embedded in memes.

While traditional sentiment analysis approaches often fall short in understand-
ing these intricate emotional cues, our deep learning approach aims to overcome
these challenges. By leveraging multimodal features—the textual content along-
side visual cues like emojis. We provide a more holistic method for detecting and
classifying emotions in memes, enhancing the accuracy of sentiment detection.

Our research also distinguishes itself by focusing specifically on harmful,
offensive, and trolling content, using hybrid deep learning models that integrate
both Natural Language Processing (NLP) techniques and image recognition. This
approach not only enables the system to detect sentiment but also classifies difter-
ent types of toxic behavior (like trolling) that are prevalent in meme culture. The
dataset used for experimentation contains a range of memes annotated with these
emotional and behavioral labels.

In sum, this study contributes to the existing literature by presenting an
advanced, context-aware method for meme classification, emphasizing the impor-
tance of both text and visual elements. The experiments conducted showcase the
effectiveness of our model in accurately detecting complex emotional expressions,
particularly in memes designed to provoke or offend. This research pushes the
boundaries of meme analysis, helping to mitigate online toxicity while providing
new tools for sentiment analysis.

Keywords: Deep learning - Multimodal features - context-aware method -
emotion detection - Natural Language Processing

1 Introduction

Memes, which combine images with text, have evolved into a dominant form of com-
munication in today’s digital landscape. Their widespread use, particularly on various
social media platforms like Instagram, Twitter, and Facebook, reflects their ability to
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convey messages, humor, and social commentary succinctly and effectively. The visual
and textual combination allows memes to spread rapidly, making them a potent tool for
cultural expression, satire, and even political discourse.

Teenagers and younger audiences are particularly drawn to memes due to their quick,
entertaining nature. As a result, memes have become deeply ingrained in youth culture,
shaping trends and influencing opinions. This significant engagement, however, brings
with it concerns about the content of memes and their potential influence. Memes can
sometimes perpetuate harmful stereotypes, contain offensive material, or even be used
for trolling and bullying, which has raised alarms about the need for content moderation.

The challenge lies in the sheer volume of memes shared online daily, making manual
moderation both impractical and inefficient. Furthermore, the subjective nature of humor
and satire complicates the task of assessing whether a meme is harmless or potentially
harmful. Traditional sentiment analysis techniques often struggle with memes because
they combine visual elements, text, and sometimes emojis—each conveying subtle and
often multi-layered meanings.

To address this issue, automated systems that can detect and analyze the sentiment
of memes in real-time are essential. Such systems would need to go beyond traditional
text-based sentiment analysis, incorporating advanced techniques that account for the
multimodal nature of memes. This includes analyzing not just the text but also the images
and emojis attached to them, as these elements often play a vital role in conveying the
underlying emotions and intentions of the meme.

For example, the use of emojis can drastically alter the tone of a meme, adding humor,
sarcasm, or aggression. Therefore, advanced deep learning models that combine Natural
Language Processing (NLP) with Computer Vision techniques are crucial. These hybrid
models are capable of detecting and classifying emotions more effectively by analyzing
both the textual and visual components of memes.

The development of such systems would allow for better content moderation, helping
to prevent the spread of harmful, offensive, or misleading memes. By automatically
identifying problematic content, these systems can reduce the risk of memes inciting
negative reactions or spreading misinformation before they go viral. Moreover, sentiment
analysis of memes could also be used for applications like targeted advertising, trend
analysis, and social media monitoring, making it a valuable tool in the digital age.

Thus, automated meme sentiment analysis not only addresses content moder-
ation challenges but also provides insights into the emotional dynamics of social
media interactions, enhancing the overall user experience and ensuring a safer digital
environment.

2 Literature Review

The first paper presents a novel approach to the classification of meme images using
computer vision and NLP techniques. The authors first propose a method for auto-
matic extraction of visual features from meme images that is combined with text-based
descriptors generated by an NLP system, or Bag-of- Words (BoW) technique. Then
they introduce model architectures that are suitable for their application scenario, such
as convolutional neural networks (CNNs). Furthermore, the authors report on several
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experiments based on developmental datasets, including the MS COCO dataset and
many more, in order to evaluate the performance of their proposed CNN models com-
pared to traditional machine Learning approaches like support vector machines (SVMs),
k-nearest neighbors (KNNs), and decision trees (DTs). Finally, based on empirical eval-
uations conducted, the results show that a combination of image processing and text
analysis can lead to improved face recognition accuracy when it comes to meme clas-
sification tasks. From these findings, this paper provides strong evidence for successful
integration between computer vision and natural language processing systems when
dealing with difficult multimodal data problems [1].

Hybrid Approaches Based on Emotion Detection in Memes Sentiment Analysis is a
paper that aims to provide an overview of existing sentiment analysis techniques based
on combining multiple approaches for sentiment detection with regards to memes. The
paper starts by giving an introduction into the impact and relevance of sentiment anal-
ysis, its various components, and relevant literature from previous research related to
hybrid algorithms utilized within meme emotion detection, such as rule-based meth-
ods, supervised learning approaches using Natural Language Processing (NLP), deep
learning techniques, and semantic prosodies [2].

This paper proposes a novel approach to detecting offensive memes on social media
that is based on an analogy-aware model. The authors argue that existing approaches
to offensive meme detection tend to rely on explicit language and can fail to detect
more subtle forms of offensive content that are conveyed through analogies, metaphors,
or sarcasm. To address this limitation, the authors propose a two-stage approach to
offensive meme detection. In the first stage, they use a pre-trained language model to
identify potential offensive memes. In the second stage, they use an analogy- aware
classifier to determine whether these memes are actually offensive or not. The authors
evaluate their approach on a dataset of offensive and non- offensive memes and show that
their model outperforms existing approaches in terms of accuracy and F1-score. They
also conduct a series of ablation studies to show the importance of the analogy-aware
classifier in detecting offensive content [3].

“Identification of Multilingual Offense and Troll from Social Media Memes Using
Weighted Ensemble of Multimodal Features” is a research paper published in the jour-
nal IEEE Transactions on Multimedia. The paper proposes an approach for identifying
offensive and troll memes in multiple languages using a weighted ensemble of multi-
modal features. The authors argue that existing approaches to meme detection are often
limited to specific languages and fail to capture the nuances of multilingual and multi-
cultural memes. To address this limitation, the authors propose a three-step approach to
detecting offensive and troll memes. In the first step, they extract features from the tex-
tual and visual modalities of the memes. In the second step, they use a machine learning
algorithm to train a model on these features to classify the memes as offensive, troll, or
non-offensive/non-troll. In the final step, they use a weighted ensemble of the individual
modality classifiers to improve the overall performance of the model. The authors eval-
uate their approach on a dataset of offensive, troll, and non-offensive/non-troll memes
in multiple languages. They show that their approach outperforms existing approaches
in terms of accuracy, precision, recall, and F1-score [4].
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“Meme Classification Using Textual and Visual Features” is a research paper pub-
lished in the Proceedings of the 2018 Conference on Empirical Methods in Natural Lan-
guage Processing (EMNLP). The paper proposes an approach for classifying memes
using both textual and visual features. The authors argue that existing approaches to
meme classification tend to rely on either textual or visual features and may not be able
to capture the full range of information present in memes. To address this limitation,
the authors propose a two-stage approach to meme classification. In the first stage, they
use a convolutional neural network (CNN) to extract visual features from the memes. In
the second stage, they use a long short-term memory (LSTM) network to extract textual
features from the meme captions. The visual and textual features are then combined and
used to train a machine learning model for meme classification. The authors evaluate
their approach on a dataset of memes in multiple categories, including humor, politics,
and news. They show that their approach outperforms existing approaches that rely on
either textual or visual features alone [5].

Some existing approaches, particularly those that rely solely on explicit language
detection, struggle with the subtlety of offensive content conveyed through sarcasm,
analogies, or metaphors. This gap makes it difficult to detect less overt forms of harmful
content.

Many models either focus too heavily on text or images without effectively combin-
ing both modalities. This limitation can cause such models to overlook the nuance in
memes where text and images work together to convey a message.

While some models perform well with English memes, they falter when dealing
with multilingual content, failing to generalize across different languages and cultural
contexts.

Many studies have recognized that memes are inherently multimodal, combining
text, images, and sometimes emojis, and have developed approaches to address this.
For instance, some papers have successfully integrated textual and visual features for
classification using convolutional neural networks (CNNs) for images and LSTMs for
text. This approach ensures a more comprehensive understanding of memes than models
relying solely on one modality.

Techniques like CNNss for visual feature extraction and NLP for text-based sentiment
analysis have shown notable performance improvements over traditional machine learn-
ing methods like SVMs and decision trees. These models perform better by capturing
both the content and context of the meme.

Some papers have focused on multilingual meme detection, which is crucial as
memes often transcend language barriers. Using weighted ensembles of multimodal
features, one study demonstrated that combining textual and visual classifiers leads to
improved performance when handling memes in various languages.

The hybrid deep learning approach combines both textual content and emojis with
visual features, which allows for a more nuanced analysis of memes. By leveraging
both NLP for text analysis and CNNs for image processing, this approach ensures that
the model captures the full spectrum of information that memes convey, addressing the
weakness of focusing too much on one modality.

Unlike previous studies that focus mainly on explicit offensive language, the hybrid
approach is designed to detect subtle forms of emotions, such as sarcasm, irony, or
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trolling, which are often conveyed through a mix of text, image, and emoji. This approach
fills the gap in detecting less overt but harmful content.

By focusing on both visual and textual content, including memes with multilin-
gual components, the proposed system is more adaptable to diverse meme formats and
languages. This improves upon models that struggle with the nuances of multilingual
memes.

3 Methodology

The primary concern of this work is to classify memes on social media as well as all over
the internet. Usually, MEMESs contain multimodal content such as visual and textual [4].
Unimodal classification is easy, but when we are working on multimodal classification,
it becomes tricky. Because we have to combine data from different modalities images,
text, video, audio.

Fig. 1. Flow-diagram of proposed automated system (This diagram in given figure is made by
author. It defines the flow of this proposed automated system.)
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The proposed methodology consists of different steps which is shown in Fig. 1. Image
processing, text extraction, emoji detection, preprocessing data, and at last applying
models for the classification.

In the first step, image processing will focus on preprocessing the images for further
process. The next step is to extract the text from the memes images which include the
emojis. After that we will preprocess the data and we will do sentiment analysis in order
to classify them accurately into their respective categories.

4 Flow Diagram of Proposed System

5 MEME:s Classification

5.1 PreProcessing of MEMEs Image

Preprocessing meme images for emotion detection involves loading the images and
resizing them to a consistent size. Optionally, converting the images to grayscale, reduc-
ing noise, and enhancing contrast can be performed. Feature extraction is a crucial step,
where deep learning features from pre-trained CNN models or handcrafted features like
color histograms or texture descriptors are extracted. The extracted features are then
normalized to a common scale. Finally, the preprocessed dataset is split into training,
validation, and testing sets for model development and evaluation. Iteration and experi-
mentation are important to tailor the preprocessing pipeline to the specific requirements

Fig. 2. Basic flow for image processing in MEMEs Detection (This diagram in given figure is
made by author. It defines the flow of image processing part of proposed automated system)
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of the task at hand. The whole sequence of this image preprocessing is shown in the
figure below Fig. 2.

5.2 Extracting Text from MEMEs Image

Extracting text from meme images can be a challenging task, as memes often contain
text that is overlaid on top of the image, with varying font sizes, colors, and backgrounds.
However, there are several techniques that can be used to extract text from memes, such
as easy OCR.

Easy OCR is a Python library that allows us to extract text from images using machine
learning algorithms. It is a popular open-source OCR tool that is widely used due to its
ease of use and high accuracy. The library is built on top of PyTorch, which is a popular
deep learning framework.

Easy OCR works by using a deep learning model that has been trained on a large
dataset of images and corresponding text. The model is designed to identify characters
and words in an image, and then convert them into machine-readable text. The library
can recognize text in multiple languages, including English, Chinese, Arabic, and many
others.

To extract text from a meme image using EasyOCR, we must install the library and its
dependencies via pip. Once installed, we can incorporate EasyOCR into our Python code
to load an image, extract the text, and produce the desired output. Extracting text from
meme images and detecting emotions using a hybrid deep learning approach. However,
by employing appropriate techniques and leveraging suitable tools, it is feasible to attain
precise and dependable results. The result from are automated system is shown in below
figure Fig. 3.

Fig. 3. Text Extraction from MEMEs Images using easy OCR method (This image is generated
from the source code of this automated system/output of the source code)

5.3 Extracting Meaning of Emojis

After Pre-Processing of MEMEs images we use EasyOCR technique to extract text
from MEMEs and we use demoji library of python for handling emojis and using
extract_emoji() method we apply the meaning of emoji in text of MEMEs.
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5.4 Text Preprocessing

Preprocessing text extracted from meme images for emotion detection involves several
steps. The text processing system which is included in the automated system is shown in
Fig. 4. Firstly, the raw text is cleaned by removing unnecessary characters, punctuation,
and special symbols. Then, tokenization is applied to split the text into individual words
or tokens. Stop words, such as common words like “and,” “the,” etc., are removed
to reduce noise. Stemming or lemmatization techniques can be employed to normalize
words to their base form. Furthermore, text can be encoded using techniques like one-hot
encoding or word embeddings to represent the words numerically. These preprocessing
steps help to prepare the text data for further analysis and emotion detection tasks.

Fig. 4. General steps of Text Processing (This diagram in given figure is made by author. It defines
the flow of text processing part of proposed automated system)

5.5 Word Embeddings of Text Using BERT Model

Word embeddings are a popular technique in natural language processing (NLP) that
represent words as dense vectors in a high-dimensional space, where the position of a
word in the space is based on its meaning and usage. The basic idea is to encode words
as vectors that capture their semantic and syntactic properties, so that similar words are
represented by vectors that are close together in the vector space.

To generate word embeddings for the extracted text, embedding model such as BERT,
Word2Vec, Glove or Fast Text can be used. These models are trained on large amounts of
text data and generate high-dimensional vector representations for words in the vocab-
ulary. The extracted text from the MEMESs can be tokenized into words and each word
can be represented by its corresponding word embedding.
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BERT (Bidirectional Encoder Representations from Transformers) is a state-of-the-
artdeep learning model for natural language processing that uses transformer architecture
to learn contextualized word embeddings. Which is shown in Fig. 5 [18].

To generate word embeddings for the extracted text from the MEMEs using BERT,
the text can be tokenized into sub words and fed into the BERT model to obtain con-
textualized embeddings for each sub word. The contextualized embeddings capture
the meaning and context of the words based on their position in the sentence and the
surrounding words.

The contextualized embeddings can then be aggregated to obtain a fixed-length
vector representation for the entire text. This can be done by averaging the embeddings
or using a pooling technique such as max pooling or mean pooling. The resulting vector
representation can then be fed into a deep learning model, such as a CNN or RNN, along
with the visual features of the MEMEs to train a hybrid model that captures the interplay
between the text and visual content in conveying emotions. The trained model can be
used to predict the emotions conveyed in new MEMEs by generating contextualized
embeddings for the text in the new MEMESs using BERT and feeding them into the
trained hybrid model along with the visual features of the MEMEs.

Overall, using BERT to generate contextualized word embeddings for the extracted
text in a hybrid deep learning approach can help improve the accuracy of detecting
emotions in MEMEs by capturing the complex relationships between the words in the
text and the visual content of the MEME:s.

Fig. 5. Example of BERT model [18]

5.6 Deep Learning Models

LSTM model: We use BERT to convert words into vectors. We use truncate and pad
the input sequences so that they are all in the same length for modeling. Here the first
layer is the embedded layer that uses vectors to represent each word. The next Layer is
the LSTM layer and the Activation function is softmax for multi-class classification. We
train the model for 5 epochs and batch size as 64 for our learning model.

CNN model: Here we use BERT as word embedding. Then, we add the convolutional
layer and max- pooling layer and we flatten those matrices into vectors and add dense.
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After that we will fit our training data and define the epochs as 2 and batch size as 128
for our learning model.

CNN+LSTM model: We build a CNN+LSTM model using Keras’ sequential API
and add an embedding layer, a 1D convolutional layer, a max pooling layer, a dropout
layer, an LSTM layer, and a dense output layer. We compile the model using binary
cross- entropy loss and the Adam optimizer. We then train the model using the training
set and evaluate its performance on the testing set. We will fit our training data and define
the the epochs as 5 and batch size as 32 for our learning model.

ResNet+Bi-LSTM model: Here Three ResNet blocks and a bidirectional LSTM
layer is used. The input to the model is a sequence of integers representing the words in
the text, and the output is a probability distribution over the two classes. The model is
compiled with the Adam optimizer and categorical cross-entropy loss, and accuracy is
used as the evaluation metric.

5.7 Fusion Techniques

Early Fusion: Early Fusion combines raw data from different modalities (such as text
and images) at the input stage before any significant feature extraction or processing is
done. The data from both modalities are merged early on and passed through a unified
processing pipeline. The raw features, like pixels from an image and word embeddings
from text, are concatenated at the input level. This combined input is then processed
by a single model that extracts features from the fused data. The approach attempts to
model interactions between the modalities from the very beginning, allowing the model
to learn correlations and dependencies between them from the start.

Late Fusion: In Late Fusion, each modality is processed independently, and only
at the decision-making level are the results from each modality combined. Essentially,
image and text features are extracted separately, and these independent results are merged
in the final classification or decision-making stage. Separate models are used to extract
features from the image and text data (e.g., CNN for images and a recurrent neural
network like LSTM for text). Once the features from both modalities have been processed
independently, the outputs are merged at the decision layer, such as through averaging,
weighted sums, or voting mechanisms, to make the final prediction.

Intermediate Fusion: Intermediate Fusion strikes a balance between Early and Late
Fusion. Here, features are partially processed in their respective modalities and then
combined after some level of initial processing, but before the final decision-making
layer. This allows for feature interactions while also retaining the flexibility of separate
modality processing. The raw data from the image and text are processed separately up
to a certain level (e.g., using CNNs for image features and NLP models like LSTMs for
text). After extracting initial features, the data from both modalities are concatenated or
merged. Further processing takes place on these fused features before reaching the final
decision layer.

Joint Fusion: Joint Fusion, sometimes referred to as continuous fusion, integrates
features from multiple modalities at various stages of the processing pipeline. Unlike
the other approaches, where fusion happens only once (early, intermediate, or late), Joint
Fusion continuously merges features from image and text throughout the model’s layers.
The model processes each modality separately, but the features are integrated at various
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points throughout the processing pipeline. As the model proceeds through each layer, it
continuously fuses the information from both the image and text, allowing it to model
interactions between modalities throughout the entire process (Table 1).

Table 1. Comparison of different fusion methods (This table is created by author. It shows the
comparison of different fusion methods to connect different modalities data)

Fusion Type

When Fusion Happens

Advantages

Disadvantages

Early Fusion

At the Input stage

Strong interaction
modeling from the
start

High complexity, risk
of losing valuable
information

Late Fusion

At the decision-making
stage

Simplicity and
modularity

Limited interaction
modeling between
modalities

Intermediate Fusion

After some initial

Balanced approach,

Moderate complexity,

processing combines some deciding fusion point
benefits of both early | can be tricky
and late fusion
Joint Fusion Throughout the Maximized Very high complexity,
pipeline interaction, risk of overfitting

expressive model

5.8 Performance Evaluation

In our proposed approach we use different deep learning as well as we combine them
and use hybrid deep learning algorithms.

In the Implemented method we used Memotion Dataset 7k, hosted on Kaggle, is
a publicly available dataset aimed at supporting emotion and sentiment analysis in
memes. This dataset, released in 2020, is particularly relevant for research involving
multimodal sentiment analysis, as it combines textual content and images (memes),
making it a valuable resource for building hybrid models involving both Natural Lan-
guage Processing (NLP) and Computer Vision (CV). The dataset contains 7,000 memes
that have been labeled for various categories of emotions and sentiments. Each meme in
the dataset is annotated with three levels of sentiment (positive, negative, neutral) and
is further categorized by emotion, such as sarcastic, funny, offensive, or motivational.
This detailed classification allows for fine-grained sentiment analysis and the study of
complex emotions conveyed in memes (Table 2).

Based on the performance evaluation results you have provided, it appears that the
ResNet+Bi-LSTM model outperformed the other models significantly, achieving an
accuracy of 94.3%. This is followed by the CNN+LSTM model, which achieved an
accuracy of 92.34%.
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Table 2. Performance Evaluation of different models (This table is created by author. It shows the
performance evaluation values, which is generated from the source code of proposed automated
system).

Overall, the ResNet+Bi-LSTM model leverages the benefits of residual connections,
deep feature extraction, contextual understanding, and the fusion of multimodal infor-
mation. These factors contribute to its superior performance compared to LSTM, CNN,
and LSTM+CNN architectures in the domain of meme image emotion detection.

The CNN model achieved an accuracy of 91.64%, which suggests that the model
may be able to capture the visual features of MEMEs effectively. However, the model
may not be able to capture the sequential information in MEMEs effectively. On the
other hand, the LSTM model achieved an accuracy of 88.72%, indicating that the model
may not be able to capture both the visual and sequential features of MEMEs effectively.

In general, the performance of deep learning models for MEME detection can vary
depending on various factors such as the quality and size of the training data, the com-
plexity of the MEMESs, and the specific requirements of the task. Therefore, it is important
to perform a comprehensive evaluation of different models using appropriate evaluation
metrics to determine the most suitable model for the task at hand.

5.9 Conclusion and Future Work

As from this research, we can detect the hateful and non-hateful memes. In our approach
we will be using an attention based model, emphasizing on visual and textual features
and also we will include emojis.

In conclusion, meme emotion detection including emojis is an important task that can
be accomplished through the use of various deep learning models. We have explored the
performance of several models including CNN, LSTM, CNN+LSTM, and ResNet+Bi-
LSTM for this task.

Based on our analysis, the ResNet+Bi-LSTM model achieved the best performance,
with an accuracy of 94.3%. This model can effectively capture both the visual and sequen-
tial features of MEMEs, making it a strong candidate for MEME emotion detection tasks
that include emojis.

The CNN+LSTM model also showed promising performance, achieving an accuracy
of 92.34%. This model can effectively capture the visual and sequential features of
MEME:s and may be suitable for MEME emotion detection tasks that involve the use of
emojis. While the CNN and LSTM models also achieved reasonable performance, they
may not be as effective in capturing both visual and sequential features simultaneously.
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As such, they may be more suitable for tasks that focus on one of these features more
than the other.

Overall, the choice of the most suitable deep learning model for MEME emotion

detection including emojis will depend on the specific requirements of the task and the
nature of the data. A comprehensive evaluation of the performance of different models
using appropriate evaluation metrics can help in selecting the best model for the task at
hand.
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Abstract. The main motor skills are impacted by Parkinson’s disease (PD), a
neurodegenerative ailment that is both chronic and progressive. The signs of this
condition include tremors, stiffness, bradykinesia (slow movement), and postu-
ral instability. The degeneration of brain cells that produce dopamine is the root
cause of these symptoms. This study introduces an innovative algorithmic frame-
work for predicting Parkinson’s disease (PD) using spiral drawing tests analyzed
through advanced wave signal processing techniques. By collecting spiral draw-
ings from patients via a digital tablet and converting these into wave signals,
the framework employs three key algorithms: Wavelet Transform-Based Feature
Extraction (WTFE), which decomposes signals into frequency bands to extract
subtle features indicative of PD; a Gated Recurrent Unit with Long Short-Term
Memory (GRU-LSTM) hybrid neural network that captures both short-term and
long-term dependencies in the signal data to detect tremor patterns; and Hybrid
Ensemble Classification (HEC), which integrates multiple classifiers—Support
Vector Machines, Random Forests, and Gradient Boosting Machines—aggregated
through a weighted voting scheme. Evaluated on a dataset of drawings from PD
patients and healthy controls, the framework demonstrated high accuracy in dis-
tinguishing PD, suggesting it as a promising tool for early and objective diagnosis,
thereby facilitating timely and effective intervention.

Keywords: Gradient Boosting Machines - Neurodegenerative Disorder -
Random Forests - Support Vector Machines - Parkinson’s disease - Wavelet
Transform

1 Introduction

The neurological disorder known as PD is characterized by a variety of symptoms,
including tremors, stiffness, bradykinesia, cognitive impairment, disrupted sleep, and
depression [1, 2]. When measuring quantitative PD, doctors often turn to the unified PD
Scale (UPDRS) [3]. It takes time and requires both the patient and the practitioner to
be physically present throughout the evaluation [4]. There is an urgent want for remote-
accessible screening alternatives. Hypokinetic dysarthria is one of the speech problems
associated with Parkinson’s disease [5]. There are probably others. A person’s voice
becomes less raspy, less audible, and less breathable as a result of Parkinson’s disease
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[6]. It is possible to diagnose Parkinson’s disease based on a variety of symptoms,
one of which is pain. Since they are non-invasive and useful for online applications,
researchers have investigated speech features for the purpose of detecting Parkinson’s
disease [6]. Furthermore, it provides a framework for impartially tracking the advance-
ment of the illness. Using time-frequency characteristics taken from speech signals to
distinguish between healthy and ill patients has been explored in several research. Pitch,
autocorrelation, jitter, shimmer, breathing in speech, and pulse are some of the specifics
[7].

The jitter and glow feature can identify transient changes in phonation, but it hasn’t
proven successful in simulating changes in severely damaged voices [8—10].Recent
advances in deep learning for speech synthesis have yielded remarkable results, such as
speech emotion identification and voice pathology diagnosis. Automated learning from
massive data arrays and abstract models is within reach with deep learning [11, 12]. It
encourages unsupervised raw-data learning and divides critical features pertinent to the
study goals, in contrast to traditional machine learning methods [13, 14]. The primary
motivation for this deep learning-based effort was to identify strategies to differentiate
between typical and atypical voices in individuals with Parkinson’s disease [15-17].
Because ANN can detect crucial data features for automatic signal categorization, it is
ideal for use in voice-based PD diagnosis [18-20]. This tool takes digital spiral designs
made by patients on tablets and turns them into wave signals using a GRU-LSTM,
WTFE, and HEC hybrid neural network. This approach aims to enhance PD therapy
by facilitating early intervention and a more accurate, objective diagnosis of the disease
[21, 22].

The main contribution of the paper is

e Wavelet Transform-Based Feature Extraction
e Gated Recurrent Unit with Long Short-Term Memory
e Classification using Hybrid Ensemble Classification

For the remainder of the document, the structure is as follows. Several authors address
various approaches to PD diagnosis in Sect. 2. We can see the proposed model in Sect. 3.
Section 4 reviews the inquiry’s findings. In Sect. 5, we evaluate the results and talk about
where the study can go from here.

1.1 Motivation of the Paper

The urgent need for reliable and prompt detection of PD, a neurodegenerative illness
characterized by crippling movement symptoms, is the driving force behind this research.
Clinical observation and subjective evaluations are at the heart of traditional diagnostic
procedures, which can cause significant delays in treatment. The efficacy of therapies
and patients’ quality of life might be greatly affected by this delay. This research seeks to
produce a more objective, accurate, and automated diagnostic tool by using sophisticated
wave signal processing methods and a novel algorithmic framework that utilizes spiral
drawing tests.
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2 Background Study

El Maachi, I. et al. [4] although confirming a Parkinson’s diagnosis is technically impos-
sible, the condition can be detected by a physical examination that takes into account a
number of symptoms. We presented an approach to detect Parkinsonian gait and use gait
data to forecast disease severity since gait disturbance is a significant motor symptom.
To circumvent the problems associated with manually extracted features, our system
employs deep learning techniques.

Gupta, I. et al. [5] This study presents the results of an examination of Random forest
classification on a specific dataset that has 754 characteristics and is high dimensional.
With respect to tabular data, random forest performs well, and this classifier seems to
be the best fit for the data we have at the moment. The article also discusses the ways
in which the accuracy of the suggested random forest model and the artificial neural
network, in conjunction with principal component analysis, deviate from one another
when given the same dataset. The comparative analysis has been represented at Table 1.

Table 1. Comparative Analysis of Machine Learning Approaches in Parkinson’s disease Research

Author Year | Methodology Advantage Limitation
Ahmadi Rastegar | 2019 | Machine learning | Utilizes serum Limited to predicting
etal with serum cytokines and PD progression rather
cytokines and machine learning | than early diagnosis
Parkinson’s for PD prediction
progression
prediction
Byeon 2020 | Machine learning | Focuses on Limited to predicting
for depression predicting depression and not PD
prediction in PD depression in PD | onset
patients
Dadu et al 2022 | Machine learning | Identifies PD Can require extensive
for identifying PD | subtypes and data and cannot
subtypes and predicts disease capture nuances of
progression progression individual patient
progression
El Maachi et al 2020 | Deep 1D-Convnet | Utilizes deep Requires substantial
for PD detection learning for computational
and severity accurate PD resources and training
prediction from detection data; cannot
gait generalize well to
diverse patient
populations
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Krishna, P. G., & StalinDavid, D. [6] There isn’t always a certain test—like a blood
test or an electrocardiogram—that can definitively tell a person whether they have Parkin-
son’s disease. A blood test or electrocardiogram (ECG) is one of the particular tests
needed to diagnose Parkinson’s disease. This complex problem is addressed by using
the proposed ML driven LDR method to the classification of Parkinson’s illness. Patients’
quality of life will be enhanced as a result of better treatment and disease management
made possible by early identification of Parkinson’s disease.

Mall, P. et al. [8] It is critical that cardiac arrest gets extra attention in modern
culture since it was the cause of about 6,17,000 deaths in 2017. Early PD prognosis
and preventative measures are necessary to prevent deaths from happening sooner. The
results demonstrate that compared to other ML algorithms, our recommended technique
outperforms them. The purpose of this comparison research is to assess their accuracy,
MCC, and fl1score. After looking at it, we found that our proposed solution outperformed
competing machine learning techniques.

Rasheed, J. et al. [14] efficiently distinguishing between health instances and Parkin-
son’s Diseases was the primary goal of this strategy. How to increase the accuracy of the
categorization was the primary obstacle. We used two enhanced ANN variants, BPVAM
and BPVAM-PCA, to accomplish this goal. The extremely unique feature set obtained
via principal component analysis (PCA) aided BPVAM’s rapid pattern learning. When
it came to identifying PD, both approaches achieved excellent classification accuracy.

2.1 Problem Definition

Early identification is crucial for optimal therapy of PD, a neurodegenerative condition
characterized by movement deficits that progresses over time. Delays in intervention
are commonplace since traditional diagnostic approaches often depend on subjective
clinical findings. Machine learning classifiers like SVMs, RFs, and GBMs have all been
used for PD detection, but they all have their drawbacks. SVMs, for example, have
trouble handling big datasets and are kernel-sensitive; RFs, while robust, might get
harder to understand as the number of trees increases; and GBMs, on the other hand,
are hyperparameter-sensitive and need careful tuning. These problems show how much
better an integrated strategy would be.

3 Materials and Methods

In this section, the proposed method is presented as an innovative approach to pre-
dicting PD using spiral drawing tests and advanced wave signal processing techniques.
The method involves collecting spiral drawings from patients via a digital tablet and
converting them into wave signals.

3.1 Dataset Collection

The dataset used in this study is the Parkinson’s Disease Data Set collected from Kag-
gle, which serves as the foundation for training and evaluating the proposed algorith-
mic framework for predicting Parkinson’s disease (PD) using spiral drawing tests and
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advanced wave signal processing techniques. This dataset consists of 195 instances
and 24 features, including fundamental frequency (MDVP (Hz)), maximum and mini-
mum frequencies (MDVP (Hz) and MDVP (Hz)), jitter measurements (MDVP (%) and
MDVP (Abs)), amplitude variations (MDVP and MDVP (dB)), noise-to-harmonics ratio
(MDVP), and a binary class label indicating PD patients or healthy controls (status). The
comprehensive nature and relevance of this dataset to PD research make it a valuable
resource for exploring innovative approaches to disease prediction and diagnosis (https://
www.kaggle.com/datasets/vikasukani/parkinsons-disease-data-set) (Fig. 1).

Fig. 1. PD disease prediction flow architecture

3.2 Wavelet Transform-Based Feature Extraction

Due to its small support, wavelets have found utility in the depiction and analysis of
several physiological data, including ECG and ABP signals. Isolated pulses or pulse
sequences are reasonable ways to describe these physiological signals referred by Sahoo,
S. et al. (2017). A signal’s energy is concentrated in a limited number of coefficients
after a wavelet transform, which makes wavelet-based approaches a potentially strong
tool for algorithms that analyze signals. Because of the nature of the wavelet algorithm,
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it is possible to automatically remove the kind of background noise that is common in
healthcare settings.

The mother wavelet, a collection of highpass and lowpass filters formed from the
coefficient wavelet, is used to execute a dyadic wavelet transform. We refer to these
filters as analytical filters. The results of a highpass filter are a detail signal, whereas
those of a lowpass filter are an average signal. Both the original signal’s small-scale
and large-scale components make up these created signals. To provide an additional
detail signal and average signal, the lowpass filter coefficient is subsampled. The dyadic
discrete wavelet transform is therefore the product of the mother wavelet’s enlarged and
translated forms. Wecan keep breaking the signal down in this way until the average
signal length is either too long for the analysis filter pair to be useful anymore or too
short for a single sample.

1 o0 t—>b
W) = = / x(r)xv(T)dr (1)

wqax(b): Represents the wavelet transform of the signal x(¢) at scale a and position b.
a: Scaling parameter that controls the width of the wavelet function.

b: Translation parameter that shifts the wavelet function along the time axis.

x(t): Original signal being transformed.

yr: Mother wavelet function used for decomposition.

wex(b) = —a;—b/x(t)%(t — b)dt 2)

0,(t — b): Scaled version of the smoothing function used in the wavelet transform.

The temporal resolution is reduced by a factor of 2 with each decomposition, but
the frequency resolution is doubled. Only optimal half-band filters, like Daubechies set
of wavelets, allow for perfect signal reconstruction. Reversing the normal sequence of
decomposition is done for the aim of rebuilding. After collecting wavelet coefficients at
each level, they are double-upsampled, sent through two synthesis filters—one each for
high pass and low pass—and then put together. With the only difference being the order
of execution, the analysis and synthesis filters are functionally equivalent.
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Algorithm 1: Wavelet Transform

Input:

l. Input Signal: The input signal, denoted as x(t)x(t)x(t), represents the
physiological data, such as spiral drawings, in the context of Parkinson's disease
detection.

Steps:
[0 Dyadic Wavelet Transform:
e Implement a dyadic wavelet transform using highpass and lowpass filters

derived from the mother wavelet.

0 =7 [ xw(=2)a
wyx(b) = N x(OY a
e Apply the highpass filter to generate the detail signal (high-frequency

components) and the lowpass filter to generate the average signal (low-
frequency components).
(1 Decomposition and Subsampling:
e  Decompose the signal into smaller scale (detail signal) and larger scale (average
signal) information.
e  Subsample the lowpass filter output to generate new detail and average signals,
continuing the decomposition process.
[J Wavelet Transform Calculation:
e The wavelet transform w,x(b) represents the coefficients that capture signal
characteristics at different scales.
(] Signal Reconstruction (Inverse DWT):
e Upsample the wavelet coefficients obtained from each level of decomposition
by two.
e Pass the upsampled coefficients through synthesis filters (high pass and low
pass) in reverse order.
e Add the filtered outputs to reconstruct the original signal, achieving perfect
reconstruction with ideal half band filters.
Output:
1. Wavelet Coefficients: The main output of the wavelet transform process is a
set of wavelet coefficients that capture the signal's characteristics at different

scales.
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3.3 Gated Recurrent Unit with Long Short-Term Memory

The architecture of the gate unit dictates how time series data is handled. Even if the
settings aren’t ideal for training, we can still see some gradient. Extended period. In
contrast to LSTM neural networks, GRU models are another option referred by ArunK-
umar, K. E. et al. (2021). An improvement to the LSTM’s design is the consolidation of
the three gating units into one update gate and one reset gate (Fig. 2).

Fig. 2. The neuronal structure of GRU

The implicit, input, and output levels make up the GRU model. Neurons from GRU
are used by hidden layers. Data obtained at time t is sent into the GRU neural network
after data preprocessing. Always keep in mind that the data being inputted into the system
is data that is organized over time.

= o(wr * [h,,1 , xt]) 3)

ry Output of the reset gate at time ¢.

o Sigmoid activation function.

w, Weight between the input and the previous hidden state h;_1.

h;—1, x; Concatenation of the previous hidden state and the input at time 7.

= G(Wz * [ht—lsxt]) 4)

z¢: Output of the update gate at time t.
w,: Weight between the input and the previous hidden state /;_1.

ny = tanh(h—1 +z¢) * hy—1 + 20 %y ©)

n, New candidate value vector (hidden state) at time t.
tanh Hyperbolic tangent activation function.

Ve =0 (Wo * hy) (6)
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As shown in the following computation, the GRU model has the potential to accom-
plish long-distance important information preservation by reducing the number of gating
units, continually rejecting redundant input, and maintaining information dependencies
in the hidden state.

= o(wr * [h,,l , x,]) (7

r = G(WZ *k [ht—l’ Xt * r[]) (8)

Among other things, the formula uses symbols like z; and 7, to represent standard
GRU neurons. Different from GRU neurons, LSTM neurons mask the state weight by
multiplying r; and the prior time at the update gate z;.

Algorithm 2: Gated Recurrent Unit with Long Short-Term Memory

Input:

1. Input Sequence: The input data to the Gated Recurrent Unit (GRU) neural
network is a time series sequence denoted as(x1,x2,...,xt), where each x;
represents a data point at time t.

Steps:
[ Reset Gate Calculation (r;):

e Calculate the output of the reset gate 1 using the sigmoid activation function.
[0 Candidate Hidden State Calculation (n;):

e Calculate the new candidate hidden state n, using the hyperbolic tangent (tanh)
activation function.

e Combine the past hidden state hy;_;3h with the candidate information to update
the current hidden state h;.

Output:
Improved Predicted Output: The output of the LSTM model y, is enhanced compared
to standard GRU due to the optimization of the update gate, resulting in improved

learning efficiency and prediction accuracy.

3.4 Hybrid Ensemble Classification

3.4.1 Support Vector Machines

Using the kernel function, instances can be moved to a higher-dimensional space when
it would be impossible to retain them where they are referred by Shahbakhi, M. et al.
(2014). By establishing a direct connection between the input space and the higher-
dimensional space via a kernel function, it is possible to reduce the computational cost
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of operating in such a space without computing all of its components. Support vector
machines select a hyperplane in higher-dimensional space with the maximum feasible
soft margin in order to categorize the training instances. In order to categorize a test
sample, the parameters of the hyperplane are used to generate the sign function. The
support vectors are training samples that are closest to the target.

If the hyperplane effectively divides the collection of vectors, and the maximum
distance is measured between the vectors closest to the hyperplane, then we can claim
that the separation was optimal. Accurately (without compromising generalizability)
examining a canonical hyperplane constrained by w and b values

min| < w, x> +b| =1 9
1
A regularization parameter ‘C’ can be used to modify the trade-off between training

error reduction and profit maximization. “Soft margin” is the name we give to this.
Kernel for the input space of an inner product in the range of features

K, x) =< j(x),j(x) > (10)
Non-linear modeling is where a polynomial mapping comes in.,
Kx,x) =<x,x >d (11)

the degree of the polynomial is denoted by d. Recent years have seen a surge in interest
for radial basis functions, particularly ones that use a Gaussian of the type
lIx — x>

202

An elliptical base A piecewise linear solution is obtained whenever the function’s
graph breaks are permitted.

K(x, x) =exp — (12)

3.4.2 Random Forest

Here is a rundown of the filtering procedure. The statistical method is used in the filtering
method to assign weights to characteristics, rank features according to those weights,
apply rules to set a threshold, and then retain features with weights greater than the
threshold and delete those with lower values referred by Byeon, H. (2020). Regardless
of the particular classification technique, the data set’s features govern the filtering
method’s feature selection process. Many popular filtering techniques are available,
including Fisher ratio, information gain, T-test, variance analysis, and Relief. Here we
shall provide a basic introduction to variance analysis.

BBS = ) ni(yi = iotal)’ (13)

Intra group variation:

WSS = Z,-Zj(yif ) (14)

Mean squared differences across groups are bigger when the F value is higher than
when it is less. It also means that the differences between the groups are much larger
than the total expected value deviation.
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3.4.3 Gradient Boosting Machines

Boosting algorithms iteratively merge weak learners—those that do marginally better
than chance—into a strong learner referred by Karabayir, I. et al. (2020). One regression
approach that is similar to boosting is gradient boosting. A weighted sum of func-
tions is used to approximate F [ (x) in gradient boosting, which generates an additive
approximation.

Fp(x) = Fp_1(x) + phm (x) (15)

where £,,(x) is the m" function, and pm is its weight. These operations represent the
ensemble’s models, such as decision trees. An iterative process is used to develop the
approximation. At first, we get a constant approximation of F(x) by

Fo(x) = argmin Zivzl L(y;, a) (16)

If the iterative procedure is not appropriately regularized, this technique can experi-
ence over-fitting. If the model %, matches the pseudo-residuals completely for certain
loss functions, then the process stops prematurely in the following iteration when the
pseudo-residuals reach zero. In order to manage the additive gradient boosting process,
many regularization factors are taken into account.

3.4.4 Hybrid Ensemble Classification

One method for improving prediction accuracy in machine learning is Hybrid Ensemble
Classification, which integrates many methods. Hybrid ensembles better generalize on
unseen data by combining multiple approaches to manage varying data complexity and
lower the danger of overfitting (Fig. 3).

SVM RF GBM

|
|

Hybrid ensemble classification

Prediction

Fig. 3. Hybrid ensemble classification architecture
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Algorithm 3: Hybrid Ensemble Classification

Input:
Training Dataset:A labeled training dataset with input characteristics and their
matching target labels is fed into the algorithm.
Steps:
[l Support Vector Machines (SVM):
e They optimize a hyperplane to maximize the margin between different classes,
aiming for optimal separation.
K(x x) =<j(x),j(x) >
e The soft margin parameter 'C' is used to balance between maximizing the
margin and minimizing classification errors.
[0 Random Forest (RF):
e RF employs a filtering method to rank features based on their statistical
significance using methods like variance analysis, Fisher ratio, etc.
WSS =% % i — )’i)z
e It selects relevant features by setting a threshold based on their weights,
discarding less important ones.
[0 Gradient Boosting Machines (GBM):
e GBM iteratively builds an ensemble of weak learners to minimize the loss
function and approximate the target function.
Fo(x) = argmin T, L(y;, @)
e Regularization parameters are used to control overfitting during the iterative
process, ensuring the model generalizes well.
Output:
Combined Predictions: The hybrid ensemble combines predictions from multiple
classifiers (SVM, RF, GBM) using a weighted voting scheme or other aggregation

methods.

4 Results and Discussion

Here we detail our study’s findings and talk about what they mean for Parkinson’s disease
prediction with the use of the algorithmic framework we suggested. The implementation
has been done with python.
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Fig. 4. Visualization graph

Check out Fig. 4 for the visual representation. The x-axis represents TSNE1, while
the y-axis represents TSEN 2.

Fig. 5. Confusion matrix

The confusion matrix is shown in Fig. 5. On one side, we have the projected label,
while on the other, we have the actual label.

We can see a comparison of training accuracy in Fig. 6. The x-axis displays the
number of epochs, while the y-axis displays the value of the training accuracy.

Displayed in Fig. 7 is the validation loss Epochs are shown on the x-axis, while the
validation loss value is shown on the y-axis.
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Fig. 6. Training accuracy comparison chart

Fig. 7. validation loss.

The Table 2 shows the effectiveness of the different classification algorithms in pre-
dicting Parkinson’s disease. Support Vector Machines (SVM) achieved a high accuracy
of 94.36%, demonstrating strong overall performance with balanced precision (95.47%)
and recall (95.21%), resulting in an F-measure of 95.89%. Random Forests (RF) slightly
outperformed SVM with an accuracy of 95.51% and a notable F-measure of 96.01%,
indicating its ability to handle class imbalances effectively. Gradient Boosting Machines
(GBM) showed further improvement with an accuracy of 96.24% and the highest F-
measure among individual classifiers at 96.38%, highlighting its robustness in capturing
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Table 2. Classification performance metrics comparison table

49

Methods Accuracy Precision Recall F-measure
SVM 94.36 95.47 95.21 95.89
RF 95.51 96.31 96.84 96.01
GBM 96.24 96.89 97.52 96.38
HEC 98.87 97.84 98.81 98.25

complex relationships within the data. The Hybrid Ensemble Classification (HEC) model
significantly outshined the individual classifiers with an impressive accuracy of 98.87%,
demonstrating the synergistic effect of combining SVM, RF, and GBM. HEC also exhib-
ited superior precision (97.84%), recall (98.81%), and F-measure (98.25%), indicating
its capability in accurately identifying Parkinson’s disease cases while minimizing false
positives and negatives. Overall, these results validate the effectiveness of the proposed
algorithmic framework in achieving high accuracy and reliability in Parkinson’s disease

prediction.

Fig. 8. Accuracy value comparison chart

Figure 8 is a representation of the degrees of accuracy in a chart. Both the procedures
and the accuracy value are shown here.
Figure 9 shows a table that compares different degrees of accuracy. The accuracy

figures are on the opposite side of the techniques.
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Fig. 9. Precision value comparison chart

Fig. 10. Recall comparison chart

Wecan see a recall comparison chart in Fig. 10. The techniques are shown on the
x-axis, while the recall value is shown on the y-axis.

In Fig. 11, we can see a table comparing the values of the F-measure. The f-measure
value is presented on the y-axis, while the methods are shown on the x-axis.
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Fig. 11. F-measure value comparison chart

5 Conclusion

The proposed algorithmic framework for predicting Parkinson’s disease using spiral
drawing tests and advanced wave signal processing techniques shows great promise in
enhancing early diagnosis. By leveraging the Wavelet Transform-Based Feature Extrac-
tion (WTFE) for precise feature extraction, the GRU-LSTM hybrid neural network for
capturing dependencies in signal data, and the Hybrid Ensemble Classification (HEC) for
robust classification, this approach achieves high accuracy in distinguishing PD patients
from healthy controls. The Hybrid Ensemble Classification (HEC) model significantly
outshined the individual classifiers with an impressive accuracy of 98.87%, demonstrat-
ing the synergistic effect of combining SVM, RF, and GBM. HEC also exhibited superior
precision (97.84%), recall (98.81%), and F-measure (98.25%), indicating its capability
in accurately identifying Parkinson’s disease cases while minimizing false positives
and negatives. The results suggest that this innovative and objective diagnostic tool
can significantly improve the early detection and management of Parkinson’s disease,
ultimately leading to better patient outcomes through timely intervention and tailored
treatment strategies. Future research directions for the proposed algorithmic framework
in predicting Parkinson’s disease (PD) could include conducting longitudinal studies
to monitor symptom progression, validating the model across diverse populations, and
integrating additional biomarkers for a more comprehensive diagnosis.
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Abstract. Accurate vehicle density estimation is crucial for effective traffic man-
agement and urban planning. This paper introduces a novel adaptive vehicle den-
sity estimation framework that integrates an improved YOLOvVS8 object detec-
tion model with Kernel Density Estimation (KDE). The proposed system aims to
provide high-precision, real-time vehicle density analysis to enhance intelligent
transportation systems. The core of our approach is the improved YOLOv8 model,
specifically optimized for vehicle detection. Enhancements include the incorpora-
tion of spatial attention mechanisms and fine-tuning on extensive vehicle datasets,
leading to superior detection accuracy and reduced false positives. This robust
detection capability is critical for accurately identifying and localizing vehicles in
diverse traffic conditions. Once vehicles are detected, their positions are mapped
onto a grid covering the region of interest. KDE is then applied to these posi-
tions to generate a smooth and continuous vehicle density map. This statistical
method effectively captures the spatial distribution of vehicles, offering a more
precise density estimation compared to traditional grid-based methods. The result-
ing density map is crucial for understanding traffic flow and congestion patterns.
The system is designed to be adaptive, continuously learning from new data to
refine its parameters and improve estimation accuracy. By deploying the algorithm
on edge computing devices, the system achieves real-time processing capabilities,
enabling immediate responses to changing traffic conditions. Experimental results
on real-world traffic datasets demonstrate the proposed framework’s effectiveness,
showcasing significant improvements in both accuracy and processing speed over
existing methods. The integration of an improved YOLOv8 model with KDE not
only enhances vehicle detection and density estimation but also provides a scalable
and efficient solution for modern traffic management systems.

Keywords: Improved YOLOVS - Kernel Density Estimation - Processing
speed - Traffic management - Vehicle density estimation

1 Introduction

One of the key indicators used to analyze the road traffic situation is vehicle density.
The density of traffic as a function of distance is what it measures. If there are a lot of
cars on the road, it typically means that traffic is heavy, and if there aren’t, it usually
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means that traffic is light referred by [1]. There are a number of ways to determine the
vehicle density. Nevertheless, an expensive framework is necessary to get such data [2].
Also, the majority of today’s traffic information systems use an outdated paradigm of
centralized communication, whereby a single computer processes all the data gathered
about traffic and then returns the results to the drivers out on the road [3]. A new self-
organizing traffic information system cannot be served by this method of processing and
disseminating data [4]. The identification of vehicle density—the quantity of autos per
unit length of road—has garnered a growing amount of attention from both academics
and businesses in the context of traffic congestion studies [S]. Despite some success,
this job remains difficult because to issues including low-resolution data and the great
variability in vehicle scanning methods [6]. It is already a challenging task, and the
presence of occlusions makes it much more so [7]. Tracking data from automobiles has
been utilized in earlier research to either pinpoint individual vehicles or provide rough
estimates of their numbers [8].

This is why these methods can struggle with low frame rates or a lack of motion
data. The use of density maps in regression analysis for vehicle density identification has
grown in popularity among academics in the last several years [9]. Because of their pixel-
level auto-estimation capabilities, convolutional neural networks (CNNs) find frequent
usage in this context [ 10]. The model must take into consideration spatial components that
cross scales, as shown by the red arrows, which demonstrate the scale’s constant variation
during the trip [11]. Also, we need to keep the final density map as high-resolution as
feasible to save as many characteristics as possible, since the low-resolution frames
need it [12]. Scale representation using convolutional neural network (CNN) methods
has recently been enhanced using multicolumn and multibranch architectures [ 13]. These
theories are dependent on static receptive fields and can only explain size variations under
certain circumstances [14]. In addition, the majority of density regression problems often
include pixel-wise Euclidean loss. Assuming that pixels are completely unconnected to
one another, they calculate the loss using the whole picture rather than taking into account
the local pattern [15].

Research into traffic management has become more important due to the exponential
increase in the density of traffic on highways. YOLOVS, short for “You Only Look Once
version 8,” is an advanced object detection model renowned for its speed and accuracy
in real-time detection tasks [16]. It belongs to the family of one-stage object detectors,
which means it can detect objects in an image directly, without the need for a separate
region proposal network [17]. YOLOVS builds upon the success of its predecessors by
incorporating various enhancements, such as improved backbone architectures, attention
mechanisms, and advanced optimization techniques [18]. Volume, velocity, and density
are the three usual measures used to evaluate traffic conditions. Digital cameras are
also often used for this [19]. While current approaches can quickly identify metrics
like volume and velocity, evaluating density—a crucial metric—is challenging [20, 21].
As a result, traffic density estimation has proven to be an exceptionally difficult task
in the field of computer vision. Reducing congestion on commuter routes and tracking
employment development can be achieved with the aid of Traffic Density Estimation
[22, 23]. Reducing vehicle-related greenhouse gas emissions and improving municipal
efficiency are two goals of this strategy [24].
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The main contribution of the paper is (Fig. 1)

e Vehicle density estimation using improved yolov8 with KDE

Fig. 1. Structure of the paper

1.1 Motivation of the Paper

The crucial need for reliable estimates of vehicle densities in the fields of transportation
planning and management is the driving force behind this research. This research pro-
poses a novel framework for real-time vehicle density analysis that enhances intelligent
transportation systems. The framework combines an upgraded YOLOvV8 model with
Kernel Density Estimation (KDE). The goal of the paper is to revolutionize this field.
Improving detection accuracy, decreasing false positives, and offering a scalable, adap-
tive technology that can respond instantly to changing traffic circumstances are the main
motivations. The capacity of the framework to produce accurate density maps greatly
aids in comprehending patterns of traffic flow and congestion, which in turn allows for
well-informed decision-making in contemporary traffic management situations.
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2 Background Study

Aljamal, M. et al. [1] to better estimate the number of automobiles on signalized
approaches, the study’s authors proposed a novel Adaptive Kalman Filter (AKF) model
that relies only on probing vehicle data. An AKF model was developed to predict,
in real-time, the state’s statistical properties as well as measurement errors. The traffic
hydrodynamic equation was used to construct both the state and measurement equations.
The former was derived from the traffic flow continuity equation.

Ballarta, J. et al. [4] Researchers discovered that Quantum Geographic Information
System (QGIS) and Kernel Density Estimation (KDE) can work together to help analyze
road collisions on a more thorough level. An improvement can be made using the heatmap
plug-in tool in QGIS to display crash concentration maps and pinpoint locations with a
high crash density.

Biswas, S. [5] The impacts of traffic volume and composition on speed and PCU fac-
tors for various vehicle types on an urban arterial under mixed traffic circumstances have
been illustrated in this research. This research uses a kriging approach-based methodol-
ogy to arrive at a realistic speed prediction. The kriging approach is a viable alternative
to standard regression approaches. The study also proposes a new approach for finding
the best correlation function.

Freeman, B. et al. [7] Estimating mobile source emission inventories and traffic
planning both rely on accurate traffic density characterization. It was easy to use fixed
cameras or human observers to conduct traffic counts, which was a standard method
for establishing fleet composition. The use of a fixed camera in the absence of surface
references makes the capture of vehicle spacing more complicated.

Goodall, N. etal. [9] A suggested method can anticipate the quantity and whereabouts
of certain cars, with or without an upstream detector. An autonomous vehicle’s position,
velocity, and acceleration data were input into the algorithm on a secondly basis. By
studying the activities of a quarter of the cars on the road, the system can predict the
likelihood of collisions with vehicles without the necessary equipment, allowing for a
more precise estimation of congestion density.

Kharchenko, V. et al. [11] When it comes to Unmanned Aerial Vehicle (UAV) video
surveillance, background modeling for foreground identification was a common tool
for detecting moving objects in the picture and modeling the backdrop accordingly.
The author have looked at both old and new methods of background subtraction. UAV
video stream data processing used KDE, a non-parametric approach, for foreground
recognition. The kernel for estimation was a Gaussian function. In the investigation,
several methods for selecting bandwidth were examined. Foreground detection in UAV
video streams using bandwidth computed by (16) performed the best in a comparative
comparison of several methods for bandwidth calculation (Table 1).

Sengkey, D. et al. [16] Since density was directly proportional to the number of
vehicles passing and inversely proportional to vehicle speed, it was possible to determine
vehicle density using a number of factors, one of which was the speed, which can be
calculated using the equation q = k.v. The author can estimate that 40,938 km/jam was
the value of density, which means that as the density increases, the speed of the vehicle
decreases and the number of vehicles increases.
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Table 1. Comparative Analysis of Traffic Density Estimation Approaches

Author Year | Methodology Advantage Limitation

Aljamal etal | 2019 | Neural-Kalman Utilizes probe vehicle | Requires robust data
filtering with probe | data for traffic density | collection
vehicle data estimation infrastructure

Chung et al 2018 | Hybrid kernel Incorporates hybrid Specific to electric
density estimator | kernel density vehicle behavior
for EV user estimation for electric | prediction, not general
behavior prediction | vehicle user behavior | traffic density

prediction

Freemanetal | 2019 | UAV-based vehicle | Uses unmanned aerial | Limited to specific
stacking estimation | systems for accurate intersection scenarios
at intersections vehicle stacking

estimation

Lietal 2021 | Two-stage Implements a Can require complex
estimation method | two-stage estimation | computational
for vehicle method for vehicle resources
dynamic dynamic parameters
parameters

Shin et al 2020 | Distributed packet | Utilizes V2V network | Relies on V2V
probing in V2V for traffic density communication
network for estimation without availability and
infrastructure-less | infrastructure reliability
traffic density
estimation

2.1 Problem Definition

Unfortunately, many current approaches to estimating vehicle densities have their draw-
backs. These include, but are not limited to, low accuracy because they rely on grid-based
methods or use basic object detection techniques, inaccurate vehicle counts caused by
high false positive rates, slow processing speeds that make them unsuitable for real-
time applications, difficulties in accurately capturing complex spatial distributions, and
scalability problems when dealing with large-scale traffic data or high densities. More
precise, efficient, and flexible vehicle density prediction is essential for efficient traffic
management and city planning, but current methods have significant shortcomings that
must be addressed immediately.

3 Materials and Methods

In this section, we introduce our proposed method for adaptive vehicle density estima-
tion, which integrates an improved YOLOVS object detection model with Kernel Density
Estimation (KDE). This novel framework aims to provide high-precision, real-time vehi-
cle density analysis by utilizing advancements in both object detection and statistical
density estimation techniques (Fig. 2).
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Fig. 2. Vehicle density estimation flow architecture

3.1 Dataset Collection

The dataset was collected from Kaggle website https://www.kaggle.com/datasets/pkd
arabi/vehicle-detection-image-dataset this dataset comprises a collection of images cap-
tured from various traffic scenes, focusing on vehicles of different types, sizes, and
orientations. The images are labeled with bounding boxes indicating the locations and
extents of the vehicles within each frame.

3.2 Vehicle Density Estimation Using Improved Yolov8 with Kernel Density
Estimation

3.2.1 Improved YOLO v8

The P4 and P6 layers can now integrate with the backend of the feature pyramid network
to fuse even more features, and we have included a C2f module for feature fusion in
YOLOVS referred by Jayasingh, S. K. et al. (2024), building upon earlier work. More
discriminative features are produced when these features are guided along a top-down
approach to instruct the next network modules in feature fusion. Four detecting heads
have now been added to YOLOVS&: one for tiny targets, one for medium targets, and one
for large-scale targets. The system’s detecting range is expanded by this. Furthermore,
bounding-box regression employs a loss function that is derived from RIOU, a measure
for comparing box similarity.

The YOLOV8 backbone network’s inability to effectively differentiate between the
backdrop and the target is a direct consequence of its simplicity as a stack of convolutional
modules. To improve the local features in bottleneck-cloatt, context-aware weights are
applied after one of the branches uses depth-separable convolution to get high-frequency
local information. Additionally, in a separate subfield, attention techniques are used to
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acquire low-frequency global information. Lastly, local traits are enhanced by fusing
branches.

To get low-frequency global information in the global branch, we first down sample
the Kgiopar and Vgjopq that we got from the linear transformation. Then, we follow the
usual attention procedure.

leobala Kglobalv Vglobal = FCXin)Vpw = DWeony(Viocal) (D

The next step is to aggregate Qgiopar and Kgjopar using two DWeey,. A sequence of
operations is then applied to the Hadamard product of Qgiopar and Kgiopar to get context
aware weights ranging from —1 to 1. At last, this weight can be used to further improve
the local characteristics; the procedure is basically as follows.

QL = DWconv(Qlocal) (2)

Qr: This matrix is obtained by applying depth-wise convolution (DW,,y,) to the
local query matrix Qy,cq;. This process helps in aggregating local features by focusing
on local regions of the input.

K, = DWconv(Klocal) (3)

K;: This matrix is derived by applying depth-wise convolution (DW¢e,,) to the
local key matrix Kj,¢,;. Similar to Oy, this step aggregates local features but from the
perspective of key vectors.

Ap = FC(Swish(FC(Qr.KL))) 4

Ay: This matrix represents the attention weights obtained by applying a fully con-
nected (FC) layer followed by the Swish activation function to the Hadamard product
(element-wise multiplication) of Oy and K. This step calculates context-aware weights
that adjust the focus on local features based on their relevance.

To get the last output, we use an FC module to link the channel’s two outputs.

Xc = concat(Xg, X1) )

Xc: This matrix is the concatenation of X (global features) and X (local features).
By combining global and local features, this step ensures that both high-level context
and detailed local information are preserved.

Xow = FC(X,) (6)

Xour: This matrix is the final output after applying a Fully Connected (FC) layer to
the concatenated features X,. This step integrates the combined features into a cohesive
output that enhances the feature representation for subsequent processing.

In addition, we added the transformer block to the backbone’s base to improve
the feature map’s representation capacity, which was inspired by vision transformer’s
excellent representation capabilities. Figure 3 shows its structure, which consists of
two sublayers: MLP and the Multihead Attention Layer. By using multi-head attention,
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Fig. 3. Improved yolov8 architecture

the present node is able to acquire contextual semantics in addition to focusing on the
present pixel. Concurrently, applying transformer on feature maps of the backbone’s end
network decreases computational and memory expenses due to the end network’s low
resolution.

Algorithm 1: Improved yolov8
Input:
e Image frames from real-time traffic video feeds
Steps:
1. Preprocessing:
o Resize and normalize input images.
o Apply data augmentation techniques for robustness.
2. YOLOvS8 Backbone:
o Implement a backbone network based on YOLOVS
architecture.
o Incorporate a C2f module for feature fusion.
QL = DWeony (Quocar)
Lay the groundwork for the P4 and P6 layers to merge with the feature pyramid
network's core.

X; = concat (X;,X,)
o Design an attention-guided bidirectional feature pyramid network for efficient
feature extraction and fusion.
Xout = FC(X,)
Output:
e  Vehicle detection results with bounding boxes and confidence scores

3.2.2 Kernel Density Estimation

‘We can hear the Parzen-Rosenblatt window approach or kernel density estimation thrown
about in econometric circles. This strategy has its origins in the histogram technique
referred by Chen, L. et al. (2020). Using nearby measurements, one can roughly predict
the density function at a given position x. As an alternative to constructing the estimate
based on bin edges, the naive kernel technique (adaptively) centers each estimation
point x inside a bin of width 2 h. The kernel weight, a weight function, provides a more



62 K. Mohanapriya et al.
comprehensible example. Next, f (x) is defined as the kernel estimate.

Usif 1xl <1
0 otherwise

K(x) = { )

K (x): This is the kernel function, a weight function that determines the influence of
a data point on the density estimate at a given location.

1/21'f |x| < 1: This means that the weight assigned to a data point is 1/2 if its distance
from the point x is less than 1. Essentially, within a neighborhood of width 2 (from —1
to 1), each point contributes equally.

Ootherwise: If the distance from x is greater than or equal to 1, the weight is O,
meaning those points do not contribute to the density estimate at x.

1 n X—Xi
f(x)=EZi=1K< - ) ®)

f (x): This is the kernel density estimate at the point x.

ﬁ: This normalization factor ensures that the density estimate integrates to 1 over
the entire space. Here, n is the number of data points, and h is the bandwidth parameter
that %ontrols the width of the kernel.

> .: This summation runs over all data points in the sample.
i=1
k ("‘TX’> : This is the kernel function applied to the scaled distance between x and each

data point X;. The term < ;X" normalizes the distance by the bandwidth h, determining

the contribution of each data point to the estimate at x.
Since the kernel weight is only a 2 h-wide been centered at x, this kernel density
estimator is known as a naive kernel density estimator (Fig. 4).

Fig. 4. KDE architecture
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Algorithm 2: KDE
Input:
e Dataset containing observations X = {X;,X,,..., X}
e  Estimation point x
e Bandwidth parameter /
Steps:
1. Define Kernel Weight Function:
o Define the kernel weight function K (x) as:

K(x)={1/2 if Ixl<1

0 otherwise
2. Naive Kernel Density Estimation:
o Calculate the kernel density estimate f(x) using the formula:

FO) =530 K (57
Wherenh represents the bandwidth-normalized term.
Output:
e Density estimate f(x) at point x

3.2.3 Improved YOLO v8 with Kernel Density Estimation

To provide accurate, real-time vehicle density analysis, this innovative adaptive sys-
tem merges Kernel Density Estimation with an enhanced YOLOVS object identification
model. By using spatial attention processes and refining it on large vehicle datasets, the
upgraded YOLOv8 model achieves better detection accuracy while decreasing the num-
ber of false positives. By projecting the locations of the detected cars onto a grid, KDE
creates a continuous and smooth map of vehicle density, accurately depicting the distri-
bution of vehicles in space. With the system set up on computer units in the network’s
periphery, adaptive learning and real-time processing are guaranteed. The results of the
experiments show that it is a fast and accurate solution for current traffic management
systems, and it can be scaled up easily.

For object detection bounding boxes, YOLOVS’s regression loss consists of two
components. Distribution Focal Loss (DFL) is the first part. It optimizes the network’s
prediction distribution to be closer to the label values by using cross-entropy. Also,
using the CIoU loss measure, the predicted and actual bounding boxes are intersected to
determine the Intersection over Union (IoU). Using a predetermined weight coefficient,
the final regression loss is divided into two halves and then added together. One of them
is the CIoU loss, which is determined by

IBNB;|  p*(b,b%") o)
|B U B;]| 2

Leious =1 =

Lcious: A loss called Complete Intersection over Union (CloU) is used to quantify
the disparity between the expected and ground truth bounding boxes.

|B N B;|: The area of the intersection between the predicted bounding box B and the
ground truth bounding box B;.

B U B;: The area of the union of the predicted bounding box B and the ground truth
bounding box B;.
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0> (b, b ): The ground truth bounding box »8' and the anticipated bounding box b
are separated by the squared Euclidean distance.

¢?: The smaller of the two enclosing boxes, diagonally, that may include both the
expected and ground truth versions

u

4= (10)
1— 10U +v

a: A scaling factor used in the CloU loss calculation.

u: A weight factor that balances the contribution of the IoU and the penalty term.

1 — IOU: Intersection over Union, a measure of overlap between the predicted and
ground truth bounding boxes.

v: A correction term that takes into consideration the disparity in aspect ratio between
the ground truth and anticipated bounding boxes.

4 w8! wy )2
v:; arctan e —arctan(z> (11

v: The penalty term in the CloU loss function.

arctan(%): The aspect ratio of the enclosing box representing the ground truth.

arctan(%): The anticipated bounding box’s aspect ratio.

w, w8 The width of the predicted and ground truth bounding boxes, respectively.

h, h8": The height of the predicted and ground truth bounding boxes, respectively.

vIs the Euclidean distance between the two central points, b and b, which the
anticipated and actual bounding boxes are, respectively. H, 8, w, and wé’ stand for the
expected and actual height and width of the bounding boxes, respectively; ¢ denotes the

Fig. 5. Improved yolov8 with KDE architecture
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diagonal length of the smallest rectangle spanning both the predicted and real frames
(Fig. 5).

4

Algorithm 3: Improved YOLO v8 with kernel density estimation

Input:

Output:

Smooth and continuous vehicle density map

Real-time video frames from traffic surveillance cameras

Improved YOLOVS object detection model

Kernel Density Estimation (KDE) parameters (bandwidth, kernel function)
Edge computing device for real-time processing

Improved YOLOVS Object Detection:
o Use the optimized Improved YOLOv8 model with spatial attention
mechanisms for accurate vel}l le (;etectlon
Lejouys=1=1- ll
o Fine-tune the modetf on extenswe vehicle datasets to improve detection
accuracy and reduce false positives.

1-10U+v . . .
o  Generate bounding boxes with confidence scores for detected vehicles.

Vehicle Position Mapping:
o Map the positions of detected vehicles onto a grid covering the region of
interest.
Kernel Density Estimation (KDE):
o Apply KDE to the mapped vehicle positions to generate a smooth and
COHP‘COUS vehicle density map.

arctan (“7) — arctan (¥ )

o Use aspecitied ﬁandw1dth paramet r and kernel function (e.g., Gaussian

kernel) for KDE.
Real-Time Processing on Edge Computing Devices:

o Deploy the algorithm on edge computing devices for real-time
processing capabilities.

o Ensure adaptive learning capabilities to continuously refine parameters
and improve estimation accuracy.

Vehicle detection results with bounding boxes and confidence scores

Results and Discussion

In this section, we delve into the results and discussions stemming from the application
of the Improved YOLOV8 with Kernel Density Estimation (KDE) method for vehicle
detection and density estimation in real-time traffic scenarios.

The proposed framework balances detection accuracy and computational load, with
trade-offs that are crucial for real-time applications on resource-constrained devices.
While enhancements like spatial attention mechanisms in the improved YOLOvV8 model
boost accuracy, they also increase computational overhead, leading to longer inference
times. Similarly, Kernel Density Estimation (KDE) improves density estimation preci-
sion but demands more processing resources. On edge devices like the NVIDIA Jetson
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Xavier NX, tuning parameters such as input image size, batch size, and KDE sam-
ple count is vital to optimize efficiency without sacrificing accuracy. Finding this bal-
ance is essential, as reducing batch size or KDE samples can enhance speed but may
compromise accuracy, particularly in complex traffic scenarios. Thus, practical deploy-
ment requires careful consideration of these trade-offs based on specific use cases and
hardware capabilities.

5 Discussion

We have specifically analyzed the performance of the framework under complex occlu-
sions and varying lighting conditions. These additional experiments have been dis-
cussed in the revised results section, along with a comparison of how different methods,
including YOLOvVS and KDE, handle such challenges.

The YOLOvV8 model uses CSPDarknet as its backbone, PANet for the neck, and
a decoupled head for multi-scale detection, with an input size of 640 x 640 pixels to
balance accuracy and speed. A batch size of 16, learning rate of 0.001, and AdamW
optimizer ensure stable training over 100 epochs. Data augmentations like horizontal
flips and color jitter improve generalization. The improved model adds a spatial attention
mechanism for better occlusion handling and is fine-tuned on traffic data with cosine
annealing for convergence. KDE uses a Gaussian kernel with a 0.4 bandwidth and 1000
samples per frame for accurate density estimation. The system runs on an NVIDIA
Jetson Xavier NX with TensorRT for real-time performance (Figs. 6, 7, and 8).

The Table 2 and Fig. 9 shows detection accuracy of various methods shows a pro-
gressive improvement with each enhancement. The base YOLOvVS model achieves a

Fig. 6. Different Vehicle and Its Density
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Fig. 7. The relationship between vehicle density (p) and the chance of having k neighbors at a
distance of 100 m from the probing vehicle will be considered. We look at three different values
of k. The probability p1 is maximized for any value of k for which there exists a value of p.

detection accuracy of 95.31%, which is further improved to 96.22% by incorporating
spatial attention mechanisms and fine-tuning, as seen in the Improved YOLOvVS model.
When KDE is employed, the accuracy increases significantly to 97.54%, demonstrating
the efficacy of this statistical method in capturing spatial distributions. The combined
approach of Improved YOLOv8 with KDE achieves the highest detection accuracy at
98.89%, indicating that the integration of these advanced techniques results in a highly
precise vehicle detection framework, superior to any single method alone. This enhance-
ment highlights the robustness and effectiveness of the proposed system in real-world
traffic management applications.

The Table 3 and Fig. 10 density estimation precision of the different methods demon-
strates a clear improvement with each successive enhancement. The base YOLOvS8
model achieves a precision of 94.36%, which is modestly improved to 95.27% with
the enhanced version, Improved YOLOVS, incorporating spatial attention mechanisms
and fine-tuning. The application of KDE alone boosts precision to 96.39%, showcasing
its strength in accurately capturing spatial vehicle distributions. The highest precision,
97.89%, is attained by the combined Improved YOLOv8 with KDE approach, underscor-
ing the substantial gains in accuracy when advanced detection techniques are integrated
with sophisticated statistical methods. This high precision is crucial for reliable traffic
density estimation, aiding in effective traffic management and urban planning.
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Fig. 8. The worldwide vehicle density and the mean absolute error of the predicted vehicle density
shown against one another. In percentage terms relative to the total density of vehicles on Earth,
the mean absolute errors are shown. Assuming all vehicles have 100 m transmission range

Table 2. Detection accuracy comparison table

Methods Detection Accuracy
Yolo v8 95.31
Improved Yolo v8 96.22
KDE 97.54
Improved yolov8 with KDE | 98.89

The Table 4 and Fig. 11 shows processing speed of the different methods reveals a
notable enhancement as advanced techniques is introduced. The base YOLOvS model
operates at a speed of 0.9 s per frame, which improves to 0.8 s with enhancements in
the Improved YOLOvV8 version, showcasing a more efficient detection algorithm. The
introduction of KDE further reduces processing time to 0.6 s, demonstrating the com-
putational efficiency of statistical methods in density estimation. The most significant
improvement is seen in the combined approach of Improved YOLOvVS8 with KDE, achiev-
ing aremarkable processing speed of 0.4 s per frame, highlighting the synergistic effect of
integrating advanced detection mechanisms with statistical analysis. This faster process-
ing speed enables real-time analysis of traffic density, facilitating immediate responses
to changing traffic conditions in intelligent transportation systems.

The Table 5 and Fig. 12 shows scalability of each method reflects their ability to
handle increasing demands and larger datasets efficiently. The base YOLOvV8 model
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Fig. 9. Detection accuracy comparison chart

Table 3. Density Estimation Precision value comparison table

Methods Density Estimation
Precision

Yolo v8 94.36

Improved Yolo v8 95.27

KDE 96.39

Improved yolov8 with 97.89

KDE

demonstrates good scalability with a score of 96.32%, which improves slightly to 97.01%
with enhancements in the Improved YOLOVS version, indicating a capacity for handling
larger volumes of data. The introduction of KDE further enhances scalability to 97.35%,
showcasing the statistical method’s capability to adapt to varying data sizes effectively.
The combined approach of Improved YOLOv8 with KDE exhibits the highest scalabil-
ity at 98.24%, demonstrating the synergistic benefits of integrating advanced detection
techniques with statistical analysis for managing and analyzing data at scale in traffic
management systems.
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Fig. 10. Density Estimation Precision value comparison chart

Table 4. Processing Speed value comparison table

Methods Processing Speed
Yolo v8 0.9
Improved Yolo v8 0.8
KDE 0.6
Improved yolov8 with KDE 0.4

Fig. 11. Processing Speed value comparison chart
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Table S. Scalability value comparison table

Methods Scalability
Yolo v8 96.32
Improved Yolo v8 97.01
KDE 97.35
Improved yolov8 with KDE 98.24

Fig. 12. Scalability value comparison chart

6 Conclusion

In conclusion, the adaptive vehicle density estimation framework presented in this paper,
which integrates an improved YOLOv8 model with Kernel Density Estimation (KDE),
represents a significant advancement in the field of traffic management and urban plan-
ning. Through extensive enhancements such as spatial attention mechanisms and fine-
tuning, the framework achieves superior detection accuracy and reduced false posi-
tives, crucial for precise vehicle localization in diverse traffic scenarios. The utilization
of KDE for generating smooth and continuous density maps enhances understanding
of traffic flow and congestion patterns, enabling effective decision-making in intelli-
gent transportation systems. Moreover, the system’s adaptive nature, continuous learn-
ing capability, and real-time processing on edge computing devices ensure immediate
responses to dynamic traffic conditions. The combined approach of Improved YOLOvVS
with KDE achieves the highest detection accuracy at 98.89%, indicating that the integra-
tion of these advanced techniques results in a highly precise vehicle detection framework,
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superior to any single method alone. Experimental results on real-world datasets vali-
date the framework’s effectiveness, demonstrating substantial improvements in accuracy
and processing speed compared to conventional methods. Overall, the integration of an
improved YOLOv8 model with KDE not only enhances vehicle detection and density
estimation but also provides a scalable, efficient, and adaptable solution for modern
traffic management systems, paving the way for smarter and more sustainable urban
environments.
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Abstract. Living things can get information by using a variety of senses to per-
ceive their environment. Humans, for instance, interpret what they perceive and
utilize that knowledge to make sense of their environment and interact with one
another. This made us investigate how computers might be used to accomplish this
and how it might benefit those who are unable to sense their surroundings. There-
fore, our goal is to develop a system that can provide text and audio descriptions of
videos for individuals with disabilities. Existing systems rely on neural networks
like LSTM. On the other hand, LSTMs have difficulty comprehending lengthy
sequences, which is necessary for creating descriptions for videos. Transformers
have also gained popularity recently because of their ability to process data in
parallel; nonetheless, they have memory and temporal problems. Furthermore,
existing systems do not prioritize speech from an application-oriented standpoint,
which limits the accessibility of these technologies. Therefore, we provide a sys-
tem that generates textual and audio descriptions by utilizing several transformer
models. Additionally, we offer a web interface via which you may upload films
and create textual and voice descriptions for them. Taking things a step further,
this work can be expanded to provide an interactive user interface that leverages
the above-mentioned models to generate and read out loud descriptions of live
video captured from a camera.

Keywords: Textual descriptions - TS Algorithm - NLTK Algorithm - GENSIM
Algorithm - spaCy Algorithm - TF-IDF Algorithm - Transformers - Pegasus
Model - BART Model - attention models

1 Introduction

It is difficult for a computer to generate speech descriptions from a video with no audio
cues. This area of machine learning and artificial intelligence applicability is worth
researching due to the numerous instances in which it may be useful. For example, if
a video simply has visual content, the visually challenged will be unable to compre-
hend it. They will instead require access to the audio/vocal description of the content.
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These people would greatly benefit from the capacity to automatically construct spoken
descriptions for videos without any audio inputs. Furthermore, there are various appli-
cations where producing voice descriptions for muted videos would be really beneficial.
LSTM and Transformer networks have lately been found to be much more successful
in sequential modeling issues, according to a survey of existing projects and research.
LSTMs were created as an enhancement over RNNGs, largely to address the problem of
disappearing gradients. They frequently fail, however, when it comes to keeping long-
term context dependencies. Because the phrases are sequential in form, they are analyzed
word by word, which adds to the time and resources required to train the LSTMs.

Transformer networks [3] are a superior solution here since they allow parallel com-
putation, which reduces training time. This is performed by digesting the statements in
their entirety rather than word by word. However, when it comes to creating descriptions
from videos, transformers continue to struggle with context. This is because the caption
for each video segment is decoded separately, without taking into account the context
of preceding video segments or previously generated captions, resulting in uneven and
repeating sentences. The primary goal is to give a natural-sounding spoken description
that accurately conveys the visual information in the movie. The suggested methodol-
ogy seeks to construct speech descriptions capable of summarizing video aspects while
linking them with features such as qualities, places, activities, relationships with other
entities, and so on. This is done using multiple algorithms, including NLTK, spaCy [2],
TF-IDF for extractive, the TS algorithm [1], and transformers for abstractive summary
generation, to overcome timing and memory-based issues. It is critical to be able to
describe various visual content while keeping the contextual relationship between the
elements throughout the description.

2 Related Works

Mingye Wang and his group presents a novel semi-supervised learning method using
T5 model [1] for text summarization, treating it as a style transfer task inspired by
CycleGAN. The T5-based model is trained to transfer the style of a document to its
summary and vice versa, addressing challenges in languages with limited annotated data,
such as Chinese. The paper focuses on the model’s performance on Chinese documents,
showecasing its effectiveness on datasets CSL and LCSTS.

M. Priyanka and her team developed a spacy model that introduces a novel summa-
rization system based on natural language processing to effectively summarize video,
audio, and textual data [2]. The system addresses the challenge of efficiently extracting
key information from videos, audio recordings, and text, emphasizing the development
of a Natural Language Processing module in Python for summarizing YouTube videos,
audio files, and textual data.

The work of Reshmi S. Bhooshan and Suresh K. offers an innovative multimodal
framework in the field of video caption generation [3]. Their method effectively takes into
account temporal, contextual, and global characteristics from video frames by combining
multimodal feature attention with a discrete wavelet convolutional neural architecture.
The visual attention predictor network integrates distinct attention networks to capture
numerous attentions. Then, caption generation employs these attended traits in conjunc-
tion with textual attention. They show notable improvements in their trials on benchmark



76 S. Yeruva et al.

datasets, MSVD and MSR-VTT, with CIDEr scores of 52.2 and 91.7, respectively. Met-
ric for Evaluation of Translation with Explicit OR during (METEOR), Consensus-based
Image Description Evaluation (CIDEr), and Bilingual Evaluation Understudy are the
evaluation metrics used to assess the methodology’s performance.

In [4] the realm of video summarization, the work by Ahmed Emad et al. stands out as
apioneering approach. Their method focuses on generating automatic video descriptions
and timestamps, aiming to enhance the video selection process for users. By extracting
keywords and utilizing frame content, emotions, and speech, their approach provides
comprehensive and accurate video summaries. Notably, they employ natural language
processing techniques, including tokenization, sentence segmentation, and abstractive
summarization, to fuse information from audio, video, and emotional cues. The experi-
mental results demonstrated a high level of accuracy, with 87% of participants acknowl-
edging the effectiveness of their generated video descriptions. FER-2013 and MSVD
are used for their variety of videos that could be used to benefit our approach.

In contrast to typical video summarizing techniques, Zhu et al. provide a novel
method dubbed “Topic-aware Video Summarization using Multimodal Transformer,” [5]
which aims to generate numerous summaries with distinct subjects, catering to different
user interests within a movie. They create a reference dataset with topic labels and
relevance scores, and they suggest a multimodal Transformer model that can concurrently
produce subject-specific video summaries and predict topic labels. This investigation
demonstrates the effectiveness of their proposed strategy and emphasizes the importance
of taking topic diversity into account while summarizing videos. Additionally, they create
a dataset called TopicSum, which includes 136 videos that are rich in content and are
taken from different films, like “Life of Pi” and “The Chronicles of Narnia.” The main
metric used to assess their methodology is accuracy.

Guogiang Liang and his team introduced a Convolutional Attentive Adversarial Net-
work (CAAN) for video summarization [6], aiming to reduce the need for large- scale
annotated datasets. CAAN employs a generative adversarial network with a generator
and discriminator, where the generator predicts frame importance scores using a convo-
lutional sequence network and an attention-based network. Three loss functions guide
importance score prediction. Experimental results on SumMe and TV-Sum benchmarks
demonstrate the superiority of CAAN, even outperforming some supervised approaches,
in unsupervised video summarization. They used SumMe and TV-Sum datasets.

Parth Kotak and his team worked on a deep neural network architecture that has been
proposed for security and surveillance applications [7]. The system is learning-based
and features multitasking. The model makes use of a dataset and a sentence generation
model (LSTM) that derives information from labels by learning phrase structure. Mod-
ern methods like reinforcement learning, capsule networks, and generative adversarial
networks (GANSs) can be utilized to improve the proposed base model, CNN-LSTM.
Several tasks, including object recognition, anomaly detection, and activity recognition
in security and surveillance systems, are likely to benefit from this method. COOT:
Cooperative Hierarchical Transformer for Video Text Representation Learning.

[8] Simon Ging et al. suggests a model called COOT, which represents interac-
tions across several granularity levels and modalities using hierarchical data. It was
determined to have 60% fewer parameters than previous methods after being tested
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on the ActivityNet Captions and Youcook?2 datasets. The best captioning performance
and cutting-edge retrieval outcomes were achieved by COOT. It should be noted that
COOT is more applicable than existing systems since it includes transformers, which
are frequently utilized in jobs involving natural language processing. This method may
be helpful for a variety of applications, including video captioning and retrieval, and it
may enhance the functionality of current models.

A multiscale hierarchical attention framework for video summarizing is presented
by the authors Wencheng Zhua, Jiwen Lua, Yucheng Hana, Jie Zhoua in this research
[9]. In order to capture short-range and long-range relationships, their technique learns
temporal representations via intra-block and intro-block attention methods. Additionally,
they expand their strategy into a two-stream architecture that takes into account both
motion and appearance data. Extensive experiments show that the method performs
competitively with state-of-the-art methods. They intend to investigate an adaptive shot
segmentation technique in the future in order to circumvent the drawback of fixed-length
blocks.

Zhong Ji and his team proposed a deep attentive framework for supervised video
summarization where AAVS and M-AVS are the two proposed attention-based deep
models [10]. The work presented here is notable since it is the first to include attention
mechanisms in deep models for video summarization. On two benchmark datasets,
the suggested models perform 0.8% to 3% better than other approaches. The study
demonstrates the effectiveness and superiority of the AVS framework when used with
supplemented data and includes qualitative and parameter sensitivity studies.

Jie Lie’s work in the field of video summarization gives an intensive approach by
presenting transformers and RNN'’s. This paper [11] handles the challenge of generating
coherent and contextually relevant paragraph by incorporating the memory-augmented
module. It permits the model to remember and retrieve relevant information from earlier
frames. The main focus is on the quality and coherence of paragraph-style video captions.
Their research tests on the datasets counting the Activity-Net Captions, YouCook II.

In the field of video synthesis, Jar Sung Park’s work presents a thoughtful approach
by using the Adversarial Interface [12]. The model uses generators and descriptors to
generate fluent and coherent description of the video. Generator takes the sequence
video as input and outputs a sequence of words while Discriminator tries to differentiate
between real and generated descriptions. The objection of the author is to present a new
and efficient approach to improve the quality of multi-sentence description by testing
on Activity-Net Captions dataset.

Tianrui Lui’s work presents a keen approach that leverages the reinforcement learning
[13]. The model runs on U-Net neural networks and consists of 2 parts: an encoder, a
decoder. The model automatically selects the most important frames from the video. The
encoder takes the video as an input and produces a latent representation of the video then
the decoder takes over the latent representation and produces a summary of the video.
Its idea is to save users time by automating the selection of the important frames from
videos. Their experiments work using SUMME, TV-Sum datasets.

Junaid Ahmed Ghauri’s work on video synthesis using Supervised learning presents
a strategic approach where the model uses multiple feature sets to capture different
aspects of the video and parallel attention to learn the important frames from different
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perspectives [14]. The model uses a parallel attention mechanism to combine three
different feature sets, which allows it to capture both static and dynamic information
from the video. The proposed approach is evaluated on two commonly used video
summarization benchmarks: SUMME, TV-Sum. The results show that the proposed
approach outperforms state of-the art methods on both benchmarks.

Shizhe Chen and his team worked with Fine-grained video-text retrieval which
remains a challenge for current systems, often missing nuanced relationships. This
research [15] introduces a hierarchical graph reasoning method to address this gap,
using deep learning and semantic embeddings for improved video-text understanding.
The aim is to enhance retrieval accuracy, allowing precise video clip matching with text
queries. Performance is evaluated using metrics like MAP, Recall, and Precision.

Qinghao Yu and his team proposed a SUM-GAN- GEA method. The challenge of
producing concise and coherent video summaries is addressed in this research with the
introduction of SUM-GAN-GEA [16]. This method synergizes GANs, Gaussian dis-
tribution, and external attention mechanisms to improve summarization quality. With
an emphasis on capturing essential video content and structure, SUM-GAN-GEA’s
effectiveness is measured using established metrics likeF1-score and ROUGE.

Y. Yuan and his group observed that video summarization regularly misses piv-
otal spatial and temporal details, particularly in intricate content. This research [17]
introduces a spatiotemporal modeling technique using Convolutional Recurrent Neural
Networks (CRNN) to address this challenge. The CRNN captures spatial details through
convolutional layers and temporal dynamics via recurrent layers. Aimed at generating
coherent and high-quality summaries for complex videos, the study uses metrics like F1
score, ROUGE, and coherence for evaluation. The main goal is to harness both spatial
and temporal insights for improved video summarization outcomes.

Li Haopeng and his team proposed a video summarization technique that harnesses
multimodal self-supervised learning for progressive and coherent summaries. It pri-
oritizes the integration of both audio and visual data to address the shortcomings of
current methods. By targeting the complexities in diverse video content, the research
[18] evaluates its success using well established metrics like F1 score and ROUGE.

3 Observations

3.1 Findings

The study examined different neural network architectures amongst them being trans-
former models such as COOH and MART surpassing LSTS in its view and giving more
fluent and accurate contextual video summaries due to long-term dependency problems.
CNNs were used to extract complex visual information whereas LSTMs, though not
very efficient at handling large sequences, handling short sequences well in terms of
short term dependencies. By integrating the two models into the’hybrid’ approach, real-
istic and summarised videos could be created in their entirety. Transformer models (TS,
BART, Pegasus) when fine-tuned on relevant datasets significantly improved the sys-
tem’s capability to generate coherent, natural language summaries with just a little fine
tuning. Performance analysis by using the measures like ROUGE, METEOR pointed
out that the system has a higher accuracy and the concept of diversity also achieved



EmpowerSpeak: A Breakthrough Model for Speech Synthesis 79

higher values. Second, the ability of the system to generate textual and audio outputs
and outputs in several languages made the system highly accessible for persons with
disabilities, hence high utilities..

3.2 Research Gap

Although these models are used to produce useful summaries, real-world comprehen-
sion is still lacking. This can be accomplished by utilizing a hybrid model, which aids
in comprehending the connections between objects and background and foreground
features. Using an attention- based model to comprehend the information in-depth is
one area that could use improvement. Videos shot in real life frequently feature deep
relationships between items, a variety of backgrounds, and complex scenarios. Conven-
tional models can find it difficult to fully represent these intricacies. The hybrid model
that has been suggested aims to overcome this constraint by merging many neural net-
work architectural types. One particular kind of attention mechanism that is frequently
applied in sequence-to- sequence tasks is the transformer model. This can be especially
helpful for catching minute details and connections between the video’s frames. Using
both extractive and abstractive methods, this application-oriented approach overcomes
the limitations of time and memory to provide verbal video descriptions instead of just
written summaries. By providing the most precise model.

4 Methodology

Fig. 1. Architecture

Figure 1 shows the proposed system design. We describe a multi-step process where the
model creates video summaries from existing transcripts or creates new ones when they
are unavailable. The architecture shown in the figure represents the workflow steps. It
shows the processing process from managing transcripts to summarizing. The system
starts by accepting the video URL, which may or may not include a transcript. In the case
of transcribed videos Existing transcripts are directly extracted and processed. If there is
no transcript The Transcription Generator is used to create the text. The transcript data
were then processed using two methods: extraction and abstraction. In the process of
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separating data Key phrases and phrases are selected using techniques such as NLTK,
TF-IDF, and spaCy. In the abstraction phase, models such as TS5, BART, and Pegasus
use the new content to create new concise summaries. Finally, summaries are created
and presented in text and audio formats with support for multiple languages as per
the user’s needs.

4.1 Input Data:

The input data for the system consists of video URLs, with and without transcripts.
For videos that include transcripts, the system processes the pre-existing text directly.
For videos lacking transcripts, the system generates them using an automated transcrip-
tion model. These transcripts are then used to create both extractive and abstractive
summaries, enabling the system to provide text and audio descriptions for the videos.

4.2 Extractive Method:

Selects and extracts key phrases from the original video to create a summary. It is
produced using NLTK, TF-IDF and spaCy in three different ways.

e NLTK: Its main function is to provide sophisticated summarization techniques that
use the sentence score to identify and pick key sentences from the video transcript
or related text. The resulting summary can include important words or phrases that
were taken straight out of the transcript and used to highlight important points.

o TF-IDF (Term Frequency-Inverse Document Frequency): Determines a word’s
significance in a document in relation to a collection of transcribed documents. It is
predicated on a term’s rarity in the entire corpus and how frequently it occurs in a
document (TF) (IDF).

e spaCy: Although it lacks a specific summarization module, spaCy has a number of
natural language processing (NLP) techniques that can be used with video transcripts
or related text. By extracting linguistic elements, enticements, or relationships from
the text, it can aid in the summarization process and be utilized in a customized
workflow for summarization.

4.3 Abstractive Method

It creates fresh, succinct phrases that encapsulate the core concepts of the source video.

e TS5 Algorithm: This versatile transformer-based model, created for text-to-text trans-
fer tasks in natural language processing, produces abstract summaries. T5 is built
around the Transformer architecture, which uses self-attention mechanisms to collect
contextual relationships inside input sequences.

o BART (Bidirectional and Auto-Regressive Transformers): Facebook created an
advanced NLP model called BART. For problems involving text generation, it com-
bines bidirectional transformers with an auto-regressive architecture. BART’s pro-
ficiency in tasks like language production, text completion, and text summariza-
tion stems from its combined pre-training on vast text corpora and task-specific
fine-tuning.
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e Pegasus: Two popular natural language processing (NLP) uses for Google Research’s
Pegasus deep learning model are text summarization and translation. Although the
complete internal workings of Pegasus are owned by Google, here is the general
concept of how deep learning models such as Pegasus often operate:

1. Data Collection and Preprocessing: A sizable collection of text data is gathered and
preprocessed prior to the model being trained. Tokenization, which divides the text
into smaller units like words or subwords, and data cleaning, which eliminates noise
and unnecessary information, are some of the jobs involved in this.

2. Model Architecture: The transformer architecture, which has been popular in NLP
jobs because of its efficacy, is the foundation around which Pegasus is constructed.
Compared to conventional recurrent neural networks (RNNs) or convolutional neural
networks (CNNGs), the transformer design exploits self-attention mechanisms to better
capture links between words in a sequence.

3. Training: The model learns to translate input sequences into output sequences in
accordance with the task’s goal during this phase. The model is trained to produce a
succinct summary of an input text, for instance, in text summarization. Using opti-
mization algorithms like stochastic gradient descent (SGD) or its variants, as well as
backpropagation, training entails changing the model’s parameters (weights).

4. Fine-tuning: The model may be fine-tuned on task-specific datasets after undergoing
initial training on a large dataset in order to enhance performance on certain tasks or
domains. The process of fine-tuning entails utilizing the knowledge acquired during
the first training phase to update the model’s parameters based on task-specific data.

5. Inference: Itis the process of taking input text and using its newly acquired parameters
to provide predictions as an output. For instance, in text summarizing, the model would
produce a succinct summary of a lengthy document.

6. Assessment: To determine the model’s efficacy in resolving the given task, its perfor-
mance is assessed on an independent dataset. The criteria used for evaluation vary
based on the particular task; however, they may include accuracy, the BLEU score
for translation tasks, the ROUGE score for summarization activities, and so on.

Each of these algorithms produces summaries based on its own specifications. Based
on the requirements, the user must choose which method to employ and what kind of
summary to produce. For the users, an audio and text version of the created output
summary is provided in different languages based on their comfort.

4.4 Role of Transformers

Transformers are the backbone of the abstractive summarization approach. Their ability
to process entire sequences of text in parallel and their self-attention mechanisms enable
them to understand and generate contextually rich and coherent summaries. The key
advantages of transformers in this system include:

e Global Contextual Awareness: Transformers process the entire input sequence at
once, allowing the model to capture both the global meaning and fine details of the
transcript. This ensures that the generated summary reflects the broader context of
the video.
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Fig. 2. Working of Pegasus Model

e Parallel Processing: Unlike sequential models like LSTMs, transformers can process
multiple parts of the input simultaneously, which greatly reduces the time required
for training and inference. This is especially beneficial when summarizing long video
transcripts.

o Handling Long-Term Dependencies: By using self-attention, transformers are able
to focus on important elements of the transcript, even if they are far apart. This is
crucial in video summarization, where key information may be spread throughout the
transcript.

e Natural Language Generation: The transformer models used (TS5, BART, Pegasus)
are capable of generating fluent, human-like summaries. Their abstractive nature
allows them to create new sentences that better encapsulate the meaning of the video,
providing summaries that are more readable and contextually relevant compared to
extractive methods.

5 Implementation

The following metrics are utilized to evaluate the models: SUMSCORE (accuracy, recall,
fl_score), rouge 1, rouge 2, rouge 1, Meteor and BLEU. A collection of criteria known
as ROUGE (Recall-Oriented Understudy for Gisting Evaluation) is used to assess how
well machine translation and automatic text summarization perform in comparison to
reference summaries.

Among the metrics are:

¢ ROUGE-1: Calculates the number of unigrams, or single words, that are shared by
the reference summary and the created summary.

e ROUGE-2: Calculates the degree to which the generated summary and the reference
summary overlap in bigrams, or pairs of neighboring words.

o ROUGE-L: Takes into account word order and sentence- level structure while calcu-
lating the longest common subsequence (LCS) between the generated summary and
the reference summary.

e METEOR: It is a tool used to assess machine translation output quality. It does this
by aligning n-gram precision and recall with a harmonic mean.
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Fig. 3. Implementation screenshots

e BLEU: It compares the produced translation to one or more reference translations
in order to determine how comparable they are. In comparison to the references, it
computes the accuracy of n-grams (usually up to 4-g) in the resulting translation.

e SUMMSCORE: This word seems to be a general name for a summary evaluation
score, which might be an F1-score plus precision and recall, three popular metrics used
to assess text summarization systems. Based on the overlap between the generated
summary and the reference summaries, these metrics are computed. The F1-score,
which is the harmonic mean of precision and recall, provides a balanced assessment of
their performance. Precision measures the percentage of generated summary content
thatis also in the reference summaries, and recall measures the percentage of reference
summary content that is also in the generated summary

6 Results and Discussion

The model is assessed over 8 measurements which incorporates ROUGE-1, ROUGE-
2, ROUGE-L, BLEU, METEOR, SUMMSCORE-Precision, RECALL, F1_Score for
distinctive models. For the ROUGE-1 metric for TS model and Pegasus it is 0.44 which
implies the rundown produced contains a closeness of 44% with the reference rundown
and for Nltk it is 0.09 and for spaCy it is 0.11 and for TF-IDF demonstrate it is 0.09.
Generally, for ROUGE-1 metric the accuracy is tall for TS and Pegasus. For ROUGE-
2 metric the T5 and Pegasus show have an exactness of 0.15, Nltk and spaCy it has
0.01 and TF-IDF it is negligible. Overall, the ROUGLE-2 has best score for T5 and
Pegasus. For ROUGE-L metric the T5 and Pegasus have 0.42 of score, Nltk and spaCy
and TF-IDF have 0.01 exactness On an normal the ROUGLE-L has best exactness for
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T5, BART and Pegasus. Another is the BLEU metric for which the TS and Pegasus
the score is 0.06 and for Nltk, spaCy, TF-IDF it is negligible. The METEOR metric it
encompasses a score of 0.26 for T5 and Pegasus and for NItk and TF-IDF with a score
of 0.17 and spaCy with 0.19. Here T5 and Pegasus has the most elevated of all. Next
is the SUMMSCORE metric which comprises of Exactness, Review, F1_SCORE. For
Precision the score is 0.5106 for TS5 and Pegasus and 0.0705 for Nltk and spaCly it is
0.0819 and 0.0647 for TF-IDF. Here T5 and Pegasus ha the most noteworthy score. For
Recall the score is 0.4067 for T5 and Pegasus and 0.3050 for Nltk and spaCy, TF-IDF it
has 0.3389. Overall TS5 and Pegasus has the most elevated score. For F1_SCORE metric
the score is 0.4528 for T5, BART and Pegasus and 0.1146 for Nltk and spaCy itis 0.1320
and 0.1086 for TF-IDF. Here TS5, BART and Pegasus have the most elevated score. Of all
measurements Exactness of SUMMSCORE -PRECISON has the most elevated score
with 0.5106 and F1_SCORE has the next highest with 0.4528 and following ROUGE-1
with 0.44 for TS5, BART and Pegasus.

Table 1. Results Comparison.

The Fig. 4 compares summarization methods—T35, Pegasus, BART, NLTK, SpaCy,
and TF-IDF—across various performance metrics. TS, Pegasus, and BART consistently
outperform the other methods in key areas such as ROUGE-1, ROUGE-L, precision,
recall, and F1-Score, indicating superior summarization quality. While all models per-
form similarly in SUMMSCORE, TS5 and BART stand out with the highest precision and
recall, suggesting they generate more accurate and relevant summaries. NLTK, SpaCly,
and TF-IDF generally trail behind, with lower scores across most metrics. Overall, T5,
Pegasus, and BART deliver the best summarization results.
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Fig. 4. Comparison of different summarization methods.

7 Conclusion

As a result, we are putting into practice “A Breakthrough Model for Speech Synthesis
from Videos for the Differently- Abled” by EmpowerSpeak. In extractive summarizing,
the main ideas and phrases from the source text are chosen and combined to produce a
brief synopsis while maintaining the structure and language. It employs various algo-
rithms, including NLTK, spaCy, BART, PEGASUS, T5 Algorithm and TF-IDF, to detect
meaningful sentences based on parameters like word frequency and sentence relevance.
Abstractive summarization, which generates new language expressions instead of just
extracting sentences using transformers and the T5 Algorithm, produces succinct sum-
maries by analyzing and rephrasing original information using natural language pro-
cessing. With its strong framework for producing speech and audio from videos, this
project has potential uses in a number of areas, such as assistive technologies, content
indexing, and accessibility tools.
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Abstract. Heart illness, also designated as cardiovascular illness, wraps up sev-
eral disorders that influence the cardiovascular system and is the leading founda-
tion of mortality globally throughout the duration of the previous few decades.
Patients with heart diseases are increasing quickly as a result of poor consumption
habits and alack of health knowledge. Heart disease affects and kills approximately
one out of every four people. In healthcare, especially in the discipline of cardi-
ology, early and effective detection of cardiac disease is crucial. Giving patients
the right therapy depends on reliable and exact identification of cardiac problems.
Because Machine Learning (ML) systems can find patterns in data, their usage in
the healthcare sector has increased dramatically. Patients and medical personnel
may all profit from a decreased chance of misdiagnosis when ML algorithms are
used to identify cardiac problems. The intent of this paper is to implement ML
models to analyze health decision-making using heart disease data. This work
implements four ML models namely Gaussian NB., RF, DT, and SVC to analyze
the medical data collected from the UCI repository. With an accuracy rate of 98%,
the RF model is the finest performer, according to the data.
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1 Introduction

Any ailment affecting the composition or operation of the heart system is referred to as
cardiovascular disease. While many people perceive it as a single illness, heart disease
encompasses a variety of disorders with diverse underlying causes. The heart is a crucial
organ in the human body, responsible for delivering blood to all parts of the body. If it
fails to do so, vital organs, including the brain, will stop functioning, leading to death
within minutes. The prevalence of various heart-related conditions is increasing, largely
due to lifestyle changes, workplace stress, and poor dietary choices. The strokes and
cardiac arrests are responsible for 4 out of every five deaths worldwide. Alterations in
the arteries that supply the heart, which provide blood to the heart, are the cause of
this grave, long-term health problem. Cardiovascular arrhythmia, or abnormal heartbeat
patterns, is a major cause of heart disease. Moreover, obesity and high blood pressure
are prevalent medical conditions among those who are at elevated risk for cardiovascular
disease. A heart attack might cause feelings of discomfort in the chest, fatigue, shortness
of breath, foot edema, nausea, or upper body pain. Heartburn, acute exhaustion, and
back or upper body discomfort are some other symptoms. Because of misdiagnosis or
tardy discovery, late-stage cardiac diseases frequently result in higher death rates.

The World Health Organization (WHO) recognizes cardiovascular disease as the
foremost evidence of death globally. In 2016, around 17.9 million individuals succumbed
to heart-related ailments. These conditions not only impair a person’s quality of life but
also escalate healthcare expenses. According to WHO estimates, India may have incurred
losses of up to $237 billion due to cardiovascular diseases from 2005 to 2015. There-
fore, the accurate prediction of cardiac disorders is essential. Healthcare organizations
worldwide are gathering data on various medical issues, and numerous machine learn-
ing (ML) techniques can be utilized to derive valuable insights from this data. However,
these extensive datasets often contain a considerable amount of noise. Despite their size,
various ML methods can effectively analyze this information, surpassing human ana-
lytical capabilities. Consequently, these algorithms have demonstrated effectiveness in
accurately predicting the presence or absence of heart-related conditions. ML, a funda-
mental component of artificial intelligence, includes a range of techniques such as KNN,
CNN, DT, RF, and Naive Bayes. These techniques can be classified into three categories:
unsupervised, semi-supervised, and supervised learning, all of which are well-equipped
to handle Big Data. Big Data refers to the enormous volumes of information generated
daily, which can be transformed into valuable insights for clinical research through data
mining tools. Consequently, there is a growing demand for effective devices that employ
ML classifiers to diagnose cardiovascular diseases.

2 Literature Review

In a recent study, researchers [1] aimed to identify the most accurate machine learning
classifier for diagnosing cardiovascular diseases. All methods tested, except for MLP
and KNN, assessed the significance scores of each feature. These scores were then used
to rank the features based on their likelihood of indicating cardiovascular disease. The
findings revealed that the Random Forest (RF) method achieved an impressive 100%
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accuracy, along with 100% sensitivity and specificity, using a cardiovascular disease
dataset sourced from Kaggle. The study involved three classification techniques: Random
Forest (RF), Decision Trees (DT), and K-nearest neighbors (KNN).

Similarly, to anticipate cardiac events, the present investigation [2] used data from
surveys from 400 k US people to develop and assess 6 ML models. The models that
were examined for the research are Bagging, RF, XGBoost, RF, KNN, and Naive Bayes.
The XGBoost model demonstrated optimum performance outcomes with an accuracy
rating of 91.30%.

In this research, the authors [3] built a deep-learning identification system for car-
diovascular disease prognosis using an ANN model. The accuracy of the created ANN
prediction model was 93.44%, 7.5% better than that of the conventional SVM ML model.
Furthermore, the classification and training times were lowered to just over one minute
by utilizing a more straightforward neural network.

Eleven ML classifiers were employed in this work by authors [4] to uncover critical
characteristics, hence improving the prediction of cardiovascular disease. Several feature
pairs and well-known classification methods were employed to establish a predictive
model. With multilayer perceptron and gradient-boosted trees, researchers were able to
attain 95% accuracy in the cardiovascular illness prediction model. With an accuracy
rate of 96%, the RF model performs superior in the forecasting of cardiovascular disease.

A major medical services in southern India provided 1670 anonymized patient
records for use in another investigation [5]. The prediction system was developed by
applying 5 cut- cutting-edge ML methods, namely LR, KNN, Naive Bayes, AdaBoost,
and RF using Python programming. The performance was assessed using the final 30%
of the data. ML was successful in predicting the probability of cardiac problems. With
470 out of 501 medical data properly identified, the top-performing RF prediction sys-
tem achieved a diagnosis accuracy of 93.8%. The measured values of specificity and
sensitivity were 94.6% and 92.8% respectively.

Similarly, in another research, authors [6] to ascertain the predictive accuracy of MLL
systems for cardiac conditions, utilize the UCI repository dataset during both testing
and training. KNN, LR, DT, and SVM are some of the approaches used. The Anaconda
notebook is an ideal instrument to execute Python programs; it offers a number of plugins
and header files that increase the exactness and precision of the task. The highest accuracy
achieved by KNN i.e. 87%.

In another work [7], a Python-based program for healthcare is created, since it is
more dependable and aids in the establishment and tracking of various forms of health
monitoring apps. They introduce data processing and outline the three primary stages of
developing an application: gathering databases, running LR, and assessing the features
of the dataset. An RF classifier serves to identify cardiac conditions more accurately.
This program, which seems noteworthy because of its about 83% accuracy rate across
training data, requires data analysis.

In another research [8], a model that seeks to determine the best ML method to
predict heart attacks accurately in their early phases is suggested. Using the patient’s
data, the model is trained and tested using ML ideas to enable efficient decision-making.
The suggested approach has 3 stages, followed by data training and testing utilizing ML
algorithms (SVM, RF, KNN, and DT) that demonstrate in the third step, the classification
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results are optimized using one of the hyperparameter optimization strategies, random
search, which yields best classification i.e. 94.958%, using the RF algorithm, 94.53%
accuracy was the highest (Table 1).

Table 1. Review of the Existing work

Researcher Dataset Used Algorithm Used Best Accuracy
M. M. Ali et al. Kaggle KNN, RF, and DT 100%
R. C. Das et al. Survey Data of 400k Bagging, Xgboost, 91.30%
US residents RF, KNN, and Naive
Bayes
R. Rone Sarra et al. UCI Dataset ANN, SVM 93.44% of
ANN
Hassan CAU et al. UCI Dataset LR, SVR, NB, RF, 96%
XGBoost, DT, NN,
KNN, Gradient Boosted
Tree, Radial Basis
Function, Multilayer
perceptron
Maini E et al. South India Hospital LR, KNN, Naive 93.8%
Bayes, AdaBoost, and
RF
A. Singh and R UCI Dataset KNN, DT, LR, 87%
Kumar SVM
Chang, V. et.al Publicly accessible RF 83%
heart disease data
M. Abood Kadhim and | Long Shoreline, VA, SVM, RF, KNN, and DT | 94.53%

A. M. Radhi

Hungarian, Cleveland,
Starlog, Switzerland
Cardiovascular disease
dataset

3 Materials and Methods

This model’s dataset was obtained from the UCI ML repository. As seen in Figure 1, the
database includes 688 instances and 14 characteristics in it. While there are 76 features in
the original dataset, all reputable sources advise utilizing the 14 most pertinent attributes.

Figure 1 includes a description of every characteristic in the dataset. It displays the

properties together with the data type for each.
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Fig. 1. Attributes and their data type

A correlation heatmap across each characteristic in the dataset is shown in Figure 2.
Correlation heatmap are a kind of visualization that illustrates the level of correlations
amongst numerical data.

Fig. 2. Dataset Heatmap

Figure 3 represents the dataset histogram depicting the importance of the feature
elements in the dataset.
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Fig. 3. Dataset Histogram

Figure 4 represents the bar graph of patients having heart disease (1) and not having
heart disease (0).

Fig. 4. Count of Patients with and without Heart Disease

Figure 5 shows the frequency of heart diseases in regards to Age, with green dots
representing patients with no disease and orange dots representing patients with some
kind of heart disease. Patients between the age 40—-60 and heart rate greater than 140
have the highest number of heart diseases.
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Fig. 5. Frequency of Heart Disease for all Ages

Figure 6 shows the count of heart disease for male and female patients. The graph
shows that the count of male patients are more in both the cases of ‘0’ and ‘1°.

Fig. 6. Frequency of Heart Disease for each sex

According to the Figure 7, patients having chest pain type 1 and 2 are having more
patients with heart disease. For chest pain type 3, the difference is minimum and for
chest pain type 1, patients with no disease are more in count.
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Fig. 7. Relation between Maximum Heart Rate and Heart Disease

4 Model Implementation

In the present study, classifiers are used for the detection of cardiovascular disease [9].
To estimate the performance of each clustered dataset, the classifiers are employed. The
models with high accuracy rates in the aforementioned findings are the most performing
ones. The Table 2 illustrates how much the different ML algorithm’s evaluations of
accuracy differ. RF was chosen as the best method to be utilized in the model as it has
the highest accuracy score. This model is reasonably accurate in predicting any early
beginning of heart disease.

A confusion matrix is employed to assess the categorization model’s effectiveness.
The true negative value, which is located in the upper left, indicates that both the actual
value and the model’s forecast were negative. False positive, shown by the top right value,
essentially indicates that while the model predicted a value of Yes, the actual result was
No. Another name for it is Type-I error [10]. The Bottom left value is the false negative
also referred to as Type-II error. It indicates that while the model predicted a value of
NO, the actual result was yes. True Positive is the term used to describe the Bottom
Right number. As seen below, the accuracy score in a confusion matrix is estimated.

The results analysis for Gaussian NB implementation is given in Figure 8.

Figure 8 shows the Confusion Matrix and the classification report of Gaussian NB
Algorithm. The accuracy produced by the algorithm is 81%. The Classification report
is given in Figure 9.

The results analysis for SVC implementation is given in Figure 10.

The Confusion Matrix for the SVC implementation is mentioned in Figure 10.
The accuracy produced by the algorithm is 88%. The Classification report is given
in Figure 11.
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Fig. 8. Confusion matrix (Gaussian NB)

Fig. 9. Classification Report (Gaussian NB)

Fig. 10. Confusion matrix (SVC)

The results analysis for DT implementation is given in Fig. 12.

The Confusion Matrix for DT implementation is given in Figure 12. The accuracy
produced by the algorithm is 95%. The Classification report is given in Figure 13.

The results analysis for RF implementation is given in Figure 14.
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Fig. 11. Classification Report (SVC)

Fig. 12. Confusion matrix (DT)

Fig. 13. Classification Report (DT)

Figure 14 shows the Confusion Matrix of RF Algorithm. The accuracy produced by
the algorithm is 98%. The Classification report is given in Figure 15.
Table 2 summarizes the model Implementations of each algorithm.
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Fig. 14. Confusion matrix (RF)

Fig. 15. Classification Report (RF)

Table 2. Best Accuracy Scores of each Algorithm used.

Algorithms Used Accuracy Score
Gaussian NB 85%
SvVC 87%
DT 95%
RF 98%

5 Conclusion and Future Scope

This research highlights the significance of detailed and precise detection of cardiac
disorders, with a focus on ML techniques. By using the RF method on the UCI dataset,
an impressive accuracy of 98% was obtained. The research’s conclusion highlights
improved and more trustworthy diagnostic skills by reducing the possibility of a man-
ually made incorrect diagnosis and associated costs. ML algorithms lead to informed
decision-making and, thus, better treatment.
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By concentrating on the improvement and enhancement of ML models to achieve

greater precision and dependability in identifying cardiac conditions in real-world sit-
uations, this investigation’s future reach can be expanded. To improve the performance
of the ML algorithms, the dataset might have more features and parameters added. It is
also possible to investigate ensemble models and deep learning to address the difficul-
ties associated with diagnosing cardiac conditions. This can facilitate the identification
of cardiac disease more quickly and easily by allowing healthcare professionals to be
involved on a personalized basis. This improves healthcare for patients and guarantees
better outcomes by offering insightful advice.
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Abstract. The marketplace where currencies from every corner of the world
undergo trading is known as the foreign exchange market. It enables traders to
purchase or sell any money. Foreign currency, or forex, is a unique sector of finance
where speculators can expect to make large profits but also face significant hazards.
It’s also a rather straightforward market since dealers may make money simply by
foreseeing the path of the two-currency rate of exchange. The foreign currency in
the marketplace presents difficulties for period projections due to its fluctuating,
highly unpredictable, irregular, and chaotic nature. It is challenging to build a
reliable model that can both capture existing trends and adapt to new ones as
market conditions change continually. In recent times, scholars worldwide have
been closely examining the foreign exchange or FOREX market. Owing to its
delicate nature, several studies have been carried out in an attempt to precisely
forecast future FOREX currency prices. This work analyzes the effectiveness of
machine learning models to predict the next day currency exchange rate (USD to
INR). In this context, this work implements a RNN model, and a hybrid LSTM
model. The accuracy thus calculated is 99.70% by RNN model and 99.79% by
LSTM models respectively.

Keywords: Currency exchange - RNN model - LSTM model - Dollar conversion
© The Author(s), under exclusive license to Springer Nature Switzerland AG 2025

S. Rajagopal et al. (Eds.): ASCIS 2024, CCIS 2424, pp. 99-113, 2025.
https://doi.org/10.1007/978-3-031-86290-8_7


http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-031-86290-8_7&domain=pdf
https://doi.org/10.1007/978-3-031-86290-8\sb {7}

100 N. Gorowara et al.
1 Introduction

Money is a vital instrument for any nation’s economy. Economies of countries cannot
grow and prosper without international trade. Imports and exports are the main drivers of
revenue generation in many nations. The stock market offers a picture of the economy’s
and corporations’ prospects for future growth. All currency pairings are bought and sold
on the decentralized foreign exchange market, often known as the forex or FX market.
One area of focus for finance, economics, and financial engineering study has been
currency exchange rate prediction. The need for precise and trustworthy algorithms to
forecast currency exchange rates is growing at the pace of globalization. To put it briefly,
the forex market is the market with the greatest liquidity after the market for sovereign
debt. It is essentially the exchange where so-called convertible currencies are exchanged
against each other at continuously fluctuating exchange rates [1].

This worldwide market is not restricted by geography and exists everywhere. When
contrasted to other market segments such as stocks and bonds, the characteristics of Forex
exhibit distinctions [2]. Due to these variations, forex traders have greater trading options
and benefits from profitable deals. No fees, no intermediaries, no fixed lot size, minimal
transaction costs, great liquidity, nearly immediate transactions, minimal margins/high
borrowing, round-the-clock processes, and no insider trading are a few of these benefits.

Machine learning models have been instrumental and very effective in many fields of
human requirements [3]. The adaptive and self-correcting nature of the machine learning
models make them applicable for almost every field of research and application [4].

2 Literature Review

Yildirim et al. [5] researchers employed a well-liked deep learning approach for direc-
tional prediction in Forex trading termed “long short-term memory” (LSTM), which
has proven to be highly effective in several time-series forecasting issues. We used two
different types of data: macroeconomic data and technical indicator data. These are the
two primary data sets used in the financial sector by fundamental and technical analysis,
respectively.

Mohanty et al. [6] presented a model that uses algorithms such as Salp Swarm to
effectively use ANN to predict Forex Trend Analysis values for INR and USD. The
authors’ conclusion is that their proposed method works better than others.

N. Patil et al. [7] published a study on SVM to predict exchange rates using machine
learning methods. The authors have shown that SVM algorithms are the most suitable
and accurate methods for non-large data.

S. Liu et al. [8] work aims to improve model interpretability by conducting a compar-
ative analysis of hybrid ML techniques. In particular, DT regressors, LSTM, and linear
regression are presented. Among the potential models, the linear regression shows the
highest performance, according to the grounded experiments.
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The authors Baasher et al. [9] of this work examined signal processing characteristics
and technical scrutiny of forex various time periods in order to anticipate the daily trend
of high rates. The method is asked to estimate either the high rate will increase or
decrease in a binary classification challenge. The optimum subsets of characteristics
for the classification issue are found using 5 feature approaches, SVM- based feature
selection methods, and bagging trees feature selection methods. ML classifiers are all
trained using many distinct feature subsets and the results are reported and contrasted
based on the percentage classification performance.

To anticipate fluctuations in prices, the research [10] uses Open, High, Low, Close
data along with a prior dataset of 100 candlesticks. It uses a trading algorithm that
generates SELL or BUY bids contingent upon the initial and final prices, which leads
to less-than-ideal outcomes. But after more research, the study integrates the Hammer
candlestick pattern with the MACD indicator, showing that this combination of signals
successfully lowers noise and improves the model’s precision.

Authors like T. Kurujitkosol et al. [11] have implemented machine learning model
for forex price movement. Using the technique of stacking machine learning model the
authors have reported an accuracy of 90%.

In another study [12] offered a fresh perspective on contrasting the statistical app-
roach and ML, two popular techniques for making predictions based on data sets. Forex
rates are predicted using the related methodologies. This study employs ASTAR as its
statistical approach, and SVM and a hybrid version of Genetic Algorithm-Neural Net-
work (GANN) are selected for ML. The root mean square error is used to compare the
accuracy rates of the 3 approaches.

In this work, authors [13] created a unique event-driven characteristics that signal
a shift in the direction of the trend. Next, in the order to forecast a retracement point
that would offer the ideal entry opportunity for maximizing profit, they constrasted
bidirectional long short-term memory (BiLSTM), LSTM, and gated recurrent unit (GRU)
with a baseline model that was a basic recurrent neural network (RNN). The outcomes of
our experiment demonstrate that the suggested models and event-driven feature selection
may combine to provide a reliable prediction system.

The authors of this research [6] suggest a method based on deep reinforcement learn-
ing. In order to train the agent on several FOREX currency pairings and create market-
wide reinforcement learning agents, they meticulously crafted a data pre-processing
technique that also permits the use of more potent recurrent deep learning models without
running the danger of overfitting.

3 Objective Methodology

The main objective of this work is to analyze the effectiveness of machine learning
models to predict the next day currency exchange rate (USD to INR). In this context,
this work implements a RNN model, and a hybrid LSTM model Finally, the results of
both the models have been compared.
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4 Dataset

For the application of machine learning algorithms, daily exchange data of the US dollar
against the Indian rupee (January 1, 2023 - October 01, 2024) is taken into account.
The research dataset was downloaded from www.investing.com on 1st October 2024. A
sample of the dataset is shown in Fig. 1.

Fig. 1. Sample dataset

The attributes and their data type in the dataset is shown in Fig. 2.

Fig. 2. Dataset attributes and their data type

The graphical representation of the four values (open, high, low and close) are shown
in Fig. 3, Fig. 4, Fig. 5 and in Fig. 6 respectively.

This work considers the open price for experimental implementations. Hence, the
open price values have been normalized and scaled down to the range of O to 1. The
graphical representation is shown in Fig. 7.

Finally, the correlation graph is shown in Fig. 8.
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Fig. 3. Historical open price

Fig. 4. Historical close price
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Fig. 5. Historical low price

Fig. 6. Historical high price
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Fig. 7. Scaled down values

Fig. 8. Correlation graph
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S Models Implementation and Results Analysis

The methodology steps are as below:

The implementation of the machine learning models has been done through
python programming in Google Colab environment. The methodology diagram for
implementation of RNN and LSTM model is shown in Fig. 9.

Fig. 9. Methodology diagram for RNN and LSTM implementation

The “Open” price has been considered for implementation. All the data are divided
into training test sets. The details are as below:

Data length: 457
Train data length: 366
Validation data length: 91

5.1 RNN Model Implementation

RNN model is implemented through python programming in Google Colab environment.
The hyper parameter is sequential regressor, adam optimizer, mean_squared_error as loss
and accuracy as performance metric. The hyper parameter settings are as below:

units = 50,

activation = “tanh”,
optimizer = “adam”,

loss = “mean_squared_error”,

The epoch wise training loss for the RNN model implementation is given in Fig. 10.

Figure 10 shows the analysis of the Recurrent Neural Network (RNN) model. The
figure shows the decreasing error with increasing epoch numbers. The epoch wise
accuracy is given in Fig. 11.

Figure 11 shows the analysis of the neural network (RNN) model. During training,
the accuracy changes with increasing epoch number and finally comes to a stable state.
The training performance is shown in Fig. 12.
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Fig. 10. Epoch Vs Loss (RNN model)

Fig. 11. Epoch Vs Accuracy (RNN model)



108 N. Gorowara et al.

Fig. 12. Original Vs Prediction values on training data (RNN model)

The graph in Fig. 12 depicts the visual analysis of the RNN model. The chart shows
the difference between the forecasted and the original USD to INR exchange rate. The
predicted values for test data are shown in Fig. 13.

Fig. 13. Original Vs Prediction values on test data (RNN model)



Machine Learning Models and FOREX Analysis 109

Figure 13 depicts the analysis of the RNN model. The graph shows that the predicted
values are slightly higher than the actual values. Finally, results for all three datasets are
shown in Fig. 14.

Fig. 14. RNN model (all results)

5.2 LSTM Model Implementation

LSTM is a type of RNN model. While traditional RNNs are limited to remembering only
short-term data, LSTMs are capable of handling long-term dependencies. Additionally,
RNNSs often experience gradual loss of information over time, but LSTMs are designed
to mitigate this issue during training. Various parameters used for LSTM training are:
sequential model_Istm, mean_squared_error for loss calculation, adam as optimizer and
accuracy as performance measure.

Figure 15 shows the analysis of the LSTM model. The figure shows the decreasing
error with increasing epoch numbers.

Figure 16 shows the analysis of the LSTM model. During training, the accuracy
changes with increasing epoch number and finally comes to a stable state.

The graph in Fig. 17 represents the analysis of the LSTM model. The graph shows
that the predicted values are slightly higher than the actual values. The predicted values
for test data are shown in Fig. 18.

Finally, the comparative analysis of all three results are shown in Fig. 19.
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Fig. 15. LSTM model (Epochs Vs Losses)

Fig. 16. Epoch Vs Accuracy (LSTM model)

5.3 Future Price Prediction

After successful training and testing, the models have been used to predict the next day
currency exchange rate. The values predicted for the next day i.e. 2"d October 2024 is
as below:

Prediction by RNN model: 83.65
Prediction by LSTM model: 83.73
Actual value on 2" October is 83.90
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Fig. 17. Original Vs Prediction values on train data (LSTM model)

Fig. 18. Original Vs Prediction values on test data (LSTM model)

The accuracy thus calculated is 99.70% by RNN model and 99.79% by LSTM models
respectively.
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Fig. 19. LSTM model all results

6 Conclusion

Foreign exchange (FOREX) is a crucial component of the global economy and a nation’s
financial market. This study seeks to determine the optimal solution for converting USD
to INR and to identify the most effective model for predicting the exchange rate between
these currencies. After evaluating two highly effective models, our findings indicate that
both the LSTM and RNN models achieve nearly identical accuracy levels exceeding
99%. This represents the best possible outcome for FOREX analysis.
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Abstract. Insupermarkets, product recognition for billing and stock management
is labor-intensive and inefficient. To address these issues, a real-time commodity
identification system using computer vision and deep learning is proposed. The
smart shopping system improves consumer experience with automatic cart billing,
reducing checkout time and stock update alerts. Custom dataset of retail products
are used for training YOLOVS, with fixed multiple cameras to capture different
views to identify hidden objects and objects of different scales using instance
segmentation. We achieve a maximum F1 score of 0.978 across all products with
the least training time compared to other detection models.

Keywords: YOLOVS - Instance Segmentation - F1 score

1 Introduction

Shopping has evolved throughout history, but traditional shopping remains popular
despite the rise of online options. In today’s fast-paced world, customers seek faster
service and better convenience, especially when dealing with long checkout lines, which
also increases the workload on store staff. In supermarkets, significant human labor is
needed for product recognition during billing and stock management. Surveys show 60%
of people dislike long checkout lines and prefer self-checkout systems [4]. Self-checkout
allows customers to scan and pay independently. Current systems like barcode recog-
nition are time-consuming and RFID technology faces issues like high error rates, cost
and recycling difficulties. This has driven the development of self-checkout processes,
enhancing customer experience and reducing retailer costs. The proposed framework
tackles above challenges with efficient object detection, tracking [3], and segmentation
methods. It assigns bounding boxes and confidence scores to objects and monitors fini-
iducts being added or removed from cart, within fixed boundary lines defining the cart’s
area. Multiple cameras captures images to address issues of hidden or overlapping items.
This setup helps to determine the product’s depth and distinguish between images and
real products. Additionally, it identifies moving objects of various scales irrespective
of its shape and distance from viewpoints. Background subtraction helps to determine
new or existing objects within the cart. Auto stock updates of products during shopping

© The Author(s), under exclusive license to Springer Nature Switzerland AG 2025
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helps to maintain inventory and alerts on low stocks for refreshments. The app seam-
lessly integrates with the smart cart, displaying product details and the current total in
real time. Once shopping is complete, it generates a receipt and directs the user to the
payment page.

2 Related Works

A study proposes a smart self-checkout system using smartphones on shop- ping carts
[4], leveraging deep learning and cloud services for video analysis. It is cost-effective
but limited to single-item, single-hand scenarios and has security concerns with FTP
uploads.

In the Easy Shop system [10], users begin shopping via a store’s mobile app, creating a
wish list that is transferred to a smart cart using QR code scanning. The cart navigates
them through the store, improving efficiency and reducing shopping time. However,
the system relies on QR code functionality, and the use of load sensors for item
addition and removal increases costs and may lead to inaccuracies if other objects
are placed in the cart.

For tracking object addition and removal in a multi-camera overlapping setup, another
framework addresses person tracking control of mobile robots using a lightweight
object detection and tracking system [3]. Although it handles occlusion well, it
requires precise calibration, making it unsuitable for overlapping cameras to identify
the re-entering of the same object.

To determine an object or image we need depth information, the RAFT- Stereo method
[7] of multiple camera, improves stereo depth estimation, essential for computer
vision tasks, by calculating pixel-wise displacement maps from each viewpoints. It
enhances speed but struggles with occluded objects and depth continuity for moving
objects.

Segmented area is used To determine scale of an object we refer Instance segmentation
with UAVs for construction site monitoring [1], provides better local detail percep-
tion, spatial channel interactions and pixel analysis but facing challenges with subtle
features and similar surfaces in UAV imagery. In hidden object scenarios, the Bilayer
Convolutional Network (BCNet) [2] enhances overlapping object separation by mod-
eling images as two layers. It improves boundary analysis but adds computational
complexity and requires adjustments for different convolutional networks.

To differentiate between existing and newly added products, background sub- traction
is used to detect movement, referencing a real-time vehicle detection system [6] that
combines MOG2 with H-SqueezeNet. It delivers high accuracy for real-time use but
requires further validation across diverse datasets and scenarios.

2.1 Gaps in Literature

— Lack of depth information: This is critical for accurately distinguishing between

overlapping items, making it difficult to identify products that are stacked, placed
close together or printed images.

— Difficulty with irregular objects: Unusually shaped items present challenges for

accurate scaling and measurement, leading to potential errors in recognition.
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Absence of fixed viewpoints: Without consistent angles or perspectives, determining
the exact dimensions of products becomes problematic, reducing accuracy.
Recognition in complex environments: The system needs improvements to per-
form accurately in practical retail settings, especially in busy and cluttered store
environments.

2.2 Contributions and Novelty

Trains a custom retail product dataset using YOLOVS and employs multi- camera
tracking to handle hidden objects with unique IDs.

Utilizes multiple perspectives to differentiate between printed images and real
products, and detects multi-hand actions within the cart.

Identifies “Buy 1 Get 1 Free” labels, updating the bill for the original product only
and distinguishes combo packs with different products.

Implements a scaling factor mechanism to accurately determine object size and
dimensions, ensuring consistent differentiation despite shape and orientation vari-
ations.

Detects dynamic cart changes to differentiate between existing and newly added
items.

3 Proposed Model

3.1 Overview

Fig. 1. Overall Block diagram of commodity Fig. 2. Object scale Detection of commodity
identification system identification system.

A custom retail product dataset is trained using the YOLOv8 model for object detection.
As shown in Fig. 1, this system captures products in a shopping cart via camera footage,
converts it to a stream of frames, and applies the model to generate accurate bounding
boxes with confidence levels. A multi-viewpoint setup addresses occlusion and overlap-
ping issues, improving localization accuracy. The system determines the scale of objects
within a fixed boundary environment, regardless of orientation. It uses motion detec-
tion via background subtraction [6] to identify moving objects and distinguish between
existing and new items, calculating the scale only for new additions.
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Video footage from top and side viewpoints is converted into individual frames.
As shown in Fig. 2, the system detects moving objects by comparing current frames
with previous ones and performs pixel-wise instance segmentation [1] to determine the
object’s area. This helps classify each object by scale for accurate inventory management.
The system updates stock levels, alerts admins for replenishment, notifies users of the
bill and provides a QR code for payment. It seamlessly integrates with the smart cart,
displaying product details and the current total in real time. Once shopping is complete,
it generates a receipt and directs the user to the payment page to enhance shopping
experience for customers.

3.2 Multi Camera Object Tracking

To capture various viewpoints of a single object [7], a multi-camera setup is em-ployed.
The primary camera offers a top view, providing a perspective of both the cart interior and
the surrounding environment, detecting motion in and out of the cart. The secondary side-
view camera focuses within the cart, ensuring accurate tracking of internal items. This
setup improves object detection, addressing hidden or overlapping items by assigning
unique IDs to objects. The top-view camera detects external objects, while the side-view
confirms items inside the cart, helping to resolve occlusion challenges. As shown in
Fig. 3, objects first seen by the side-view and then by the top-view suggest a removal
event and vice-versa as addition of product inside the cart.

Fig. 3. Multi-camera viewpoints Fig. 4. Hidden object’s top Vs side view

3.3 Hidden Object and Overlapping Bounding Box Problem

Relying on a single camera doesn’t solve hidden object issues caused by obstructions.
To address this, a multi-camera setup is used [2], where each camera maintains its own
list of detected objects. By combining data, the system accurately tracks additions or
removals from the cart, using a “hide list” for objects detected by only one camera. This
setup resolves issues with hidden objects and ambiguous user actions, as shown in Fig. 4.

For the overlapping bounding box problem, step 1 checks if the product’s bounding
box fully overlaps with the image, suggesting a printed image. Step 2 uses top-side views
to differentiate between real objects and images, while step 3 checks for misalignment
to confirm real objects, as illustrated in Fig. 6.
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3.4 Identifying Existing Products

To avoid scale detection errors during product addition, the system must not detect the
scale of items already in the cart. To address this, motion detection via background
subtraction identifies only the moving products, a masking technique is used to exclude
static objects, ensuring the system focuses on the moving items for precise scaling, as
shown in Fig. 5.

The goal is to develop a system that detects and identifies combo packs, such as “Buy
1 Get 1 Free” offers, in a retail setting. It distinguishes between paid products, which
are billed, and free items, which are excluded from billing. The system also ensures that
separately added products without a combo offer are correctly included in the billing
process.

Fig. 5. New object detected by motion. Fig. 6. Printed image vs actual product

3.5 Scaling Factor for Regular and Irregular Objects

Differentiating between different scales of the same object, such as mini and large ver-
sions, poses a challenge due to variations in apparent size based on distance and ori-
entation. Accurately classifying objects by scale despite these changes is essential for
ensuring system reliability. To handle irregular objects, the system uses instance seg-
mentation [1], which provides pixel-level precision for accurately defining the object’s
area. As illustrated in Fig. 7, this method ensures precise area calculation when an object

Fig. 7. Instance segmentation on sample testcases to  Fig. 8. Sample testcases for finding
find area for each objects. area range of objects for each class.
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is placed in the cart. The area is computed and plotted, as shown in Fig. 8, based on data
from a top-view camera, allowing for consistent and reliable measurements. This app-
roach enhances object classification by scale, thereby supporting more accurate analysis
and decision-making processes.

3.6 Area Intersection Problem

To address inaccuracies caused by area intersection problems, a multi-camera setup is
used to calculate object area accurately, incorporating data from both side and top views.
As shown in Eq. (1), it ensures precise classification based on size ranges. Determin-
ing the scale of hidden objects, particularly those only visible from the top view, is
challenging. Scaling becomes difficult without side-view data. While non-overlapping
objects are scaled from the top view, overlapping ones require side-view information.
The system checks for intersections with other objects to determine size but may face
limitations without side-view data.

A = Agx [ 22 ’ 1
1= ZX(D—) ()

1
where,

Ajq: original area detected at distance D
A»: side view area at distance D,

D, current distance

D : original distance at the end of the cart

4 Results and Discussion

4.1 Evaluation Metrics

The F1 Score, calculation is shown in Eq. (4), harmonic mean of precision and recall,
shows how effectively a model balances the trade-off between these two metrics. Given
the inherent trade-off between precision and recall, Yolov8 provides maximum 0.9785
score for all classes at 43.6% confidence as shown in Fig. 9.

. TruePositives
precision = — — (2
TruePositives + FalsePositives
TruePositives
recall = 3)

TruePositives + FalseNegatives

precision x recall
F1=2x — 4)
precision + recall
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Fig. 9. Fl-score vs Confidence

Fig. 10. Evaluation metrics for Object detection (B) and segmentation mask (M).

4.2 Results

The loss functions—box loss, class loss, and segmentation loss—observed during the
training and validation phases, showing a gradual reduction across epochs for both object
detection (B) and segmentation mask (M) as shown in Fig. 10. Precision, recall, and mean
average precision (mAP) values for IOU thresholds exceeding 0.5 and in the range of
0.5 to 0.95, steadily improve over the course of the training epochs.

As shown in Fig. 11, in comparison of YOLO models using standardized parameters
of 25 epochs, batch size of 16, 2 workers and image-size as 640. As shown in Fig. 12,
YOLOVS8 emerges as the top performer, short training time of 1.232 hours and F1-score
of 0.9785. It surpasses YOLOV7, which exhibits longer training time.

A confusion matrix evaluates how well model predicts outcomes, as seen in Fig. 14.
The difference between normalized and un-normalized matrices, illustrated in Fig. 13,
lies in class imbalance, with un-normalized versions potentially misleading by not
considering class proportions.
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Fig. 11. Comparison of various YOLO Fig. 12. Comparison of mAP50-95 Vs
models epochs
Fig. 13. Custom Dataset for retail products Fig. 14. Normalized Confusion Matrix

5 Conclusion

A retail product dataset trained with YOLOv8n enabled efficient object detection using
instance segmentation and multiple camera views to track objects and handle occlusions.
The model achieved a high F1 score of 0.9785 and a minimum confidence of 0.436 across
all classes, proving its reliability.

5.1 Future Scope

— Detection of Damaged Objects: The system will be enhanced to recognize damaged
or tampered objects, ensuring more comprehensive and accuracy.

— Theft Case Detection System: The current system cannot detect malpractice if a
product is taken from the rack without being added to the cart, as it focuses only on
the cart’s contents, enhancement needed for such actions in a multi-user environment
to improve accuracy and accountability.

— Product Navigation System: Each product’s rack will help to guide users to their
desired items, ensuring reliable and easy navigation throughout the mall. This
improves the overall shopping experience.
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Abstract. Numerous eye disorders have demonstrated encouraging improve-
ments with the development of image processing techniques and deep learning
(DL) approaches. However, many of these studies target on a single disease. Con-
sequently, it is effective to concentrate on multi-disease classification utilizing
retinal fundus images. This study is to examine the role of image processing tech-
niques in the classifications of retinal diseases using CNN models like VGG19,
ResNet50 and SqueezNet. The performance indicators, including accuracy, F1
score, recall, and precision, are used to evaluate the model’s performance with and
without image processing techniques for retinal diseases classification. The results
shows that the model’s efficiency is improved by employing appropriate image
processing techniques before fed into the classifier. The outcome of this study is
the development of a reliable and efficient diagnostic system for identifying and
treating of several eye diseases using color retinal image analysis.

Keywords: Retinal Diseases - Deep Learning - Image Processing -
Convolutional Neural Networks

1 Introduction

Ophthalmologists rely heavily on retinal images to diagnose a wide range of ocular
diseases. There are various kinds of ocular diseases including cataract, age-related mac-
ular degeneration (AMD), diabetic retinopathy (DR), and glaucoma. Moreover, DR, eye
infections through viruses and visual damage can all result from long-term conditions
like diabetes. As people age, their chance of developing blindness or other visual impair-
ments rises. Lesions or other anomalies that can point to a disease can be seen on images
of the retinal fundus [1].

A great deal of research was done to use DL algorithms for retinal fundus imaging to
enable early identification and prompt treatment. Deep learning-based methods improve
diagnosis accuracy while reducing the labor-intensive nature of handcrafted feature
extraction as compared to conventional methods. However, in order to train the models
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and detect retinal disorders in an exhaustive way by collecting and learning thousands
of and representative aspects of retinal images. DL models’ faster image processing and
instantaneous output can help with prompt diagnosis and therapy planning.

Eye disorders have been a serious global problem, particularly in underdeveloped
countries with insufficient financial and technological resources. CNN’s outstanding
feature learning capabilities have allowed it to make significant advancements in the field
of fundus imaging. Computer-aided diagnosis can provide information with an accepted
threshold for professionals in clinical diagnosis or screening by properly evaluating and
examining fundus images. The retina in a human eye is in charge of using the optic nerve
to transmit images to the brain. The macula, which is in charge of obtaining image data, is
located in the middle of the retina. This data is processed by the retina, which then sends
it to the brain as a neural signal. Many different diseases can impact macular health,
resulting in visual issues. AMD, CNV, and DME are thought to be the main causes
of permanent vision loss. These medical conditions cause geographic atrophy, which
damages the retina. Applying CNN to derive traits from retinal images that indicate the
presence of various problems is the motivation behind many studies in the literature. The
Fig. 1 shows the sample diseased images with DR,AMD and Media Haze (MH) images.

(a) DR (b) AMD (c)MH

Fig. 1. Samples retinal disease images

1.1 TImage Processing Techniques

Enhancing some visual properties that are important for further processing or suppressing
inadvertent distortions is the aim of pre-processing. Many advanced image processing
techniques are employed to transform images for various purposes, like applying artistic
filters, optimizing an image for best quality, or improving specific details in an image to
maximize quality for computer vision tasks.
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ANN are used to create DL applications, which is then tested and trained on suit-
able datasets for a variety of uses. Due to heat, radiation, and inadequate lighting, the
unprocessed image images that are part of the collection may contain information that
is ambiguous and noisy. Because of this, the researchers are working to improve the
images using preprocessing procedures with the objective to give the neural network
layers in the DL program useful feature information.

A number of pre-processing methods, including augmenting the data, cropping,
adjusting the size, splitting the dataset, Images to array conversion, and one-hot encoding
are utilized to enhance the model’s efficacy. Relevant features have been retrieved by
CNNss from the color fundus images. Predictive diagnostic choices are made using these
derived features [2]. Pre-processing is used to reduce the distortions to increase quality
of visuals that are crucial for tasks involving further processing and analysis.

1.2 Convolutional Neural Networks (CNN)

Artificial neural networks (ANNs) come in many different forms, one of which is CNN.
It can automatically learn hierarchies of characteristics from input image grids. In recent
years, CNN models have made significant improvements in computer vision, such as
in object tracking, segmentation, and classification. CNN architecture may share and
pooling weight parameters because it has fewer connections and fewer parameters.CNN
can categorize many diseases based on medical images because of its capacity to retrieve
non-linear features and semantic links between neighboring pixels.The DL-based CNN
model has been used to improve the traditional diagnostic approach for retinal-based
critical disorders. Retinal image analysis is used in ophthalmology to predict eye disor-
ders early. This kind of early prediction allows for more effective treatment and prevents
tissue damage that could result in permanent vision loss.
The contributions of this study includes.

e The Collection of retinal images and applying image analysis methods to enhance
retinal fundus images

e Classification of images using CNN models with hyperparameter tuning

e Experimental Analysis of the CNN technique with the state-of-art approaches
employing classification model metrics.

The paper id structured as follows: literature studies pertaining to the study presented
in Sect. 2. Then the image processing techniques and CNN architectures were examined
for retinal disease image classification in Sect. 3. The experimental evaluation’s results,
including the CNN model’s performances are analyzed in Sect. 4 and conclusion and
future works in Sect. 5.

2 Related Works

Image processing Techniques and DL models are used in a number of research articles.
The study in [3] offers a thorough model that evaluates the effectiveness of 26 cutting-
edge DL networks and helps with deep feature extraction and image categorization of
DR fundus images. With the EyePACS fundus image dataset from Kaggle, ResNet50
has illustrated the largest overfitting in the suggested model, while Inception V3 has
demonstrated the lowest overfitting.
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CNN, in addition to its specific variation known as U-Net Segmentation, has rev-
olutionized the way medical illnesses, particularly those pertaining to the retina, are
classified. However, U-Net has a major disadvantage in that it uses a lot of storage and
processing power while transferring the entire feature map to the suitable decoder due
to the complex nature of feature extraction. Moreover, pooling indices can be avoided
by combining it to the unsampled decoder feature map. A CNN model that effectively
uses memory is proposed in [4] for multi-class classification. The model has been eval-
uated using EyeNet with 232 classes of retinal diseases and it is efficient in handling the
memory and accuracy of the model.

CNN has demonstrated promising results in the image categorization domain. CNN
can extract the non-linear structures from images that are commonly present in various
medical images. Moreover, CNN is capable of classifying ocular images with several
pixel correlations that are considered complicated. Three distinct diseases are identified
by the suggested. DL systems in [5] using features taken from Optical Coherence Tomog-
raphy (OCT) images. CNN is used by the DL algorithm to categorize OCT pictures into
four groups. Normal retina, Choroidal Neovascular Membranes (CNM), Diabetic Mac-
ular Edema (DME), and AMD are the four types. The dataset for the proposed work
consists of OCT retinal images that are freely accessible. The findings of the experi-
ment demonstrate a notable improvement in classification accuracy in identifying the
characteristics of the three diseases.

The suggested model in [6] efficiently captures inter-scale variables and combines
them using convolutional blocks to improve the performance for segmenting and classi-
fying retinal disorders.It uses a novel DL-based approach to categorize volumetric OCT
images. The study uses the OCT scans of human eyes for demonstrating a DL Network

Table 1. Recent Studies in the literature for Retinal diseases image Classification

Authors year Method Dataset Score
Ejaz et al. 2024 CNN (12 layers) RFMiD Accuracy 89.81%
Das et al. 2023 ResNet50 EyePACS DensetNet169
EfficientNetB4, Accuracy 99.58%
InceptionResNetV2,
NasNetLarge, and
DenseNet169
Nawaz et al. 2023 CNN EyeNet Accuracy 95%
Elkholy et al. 2024 CNN OCT images Accuracy
Nagmani et al. 2024 Bi LSTM and OCT images Accuracy 99.76%
Recurrent CNN
Alharbi et al. 2024 SqueezeNet and LRCN | Fundus image Specificity -98%
database F1-Score 97.8%
Recall 97.6%
Precision 98.4%
Accuracy 98%
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(DL-Net) model for multi-class classification and segmentation of ocular diseases. The
model automatically recognizes normal, DME, CNM, AMD, and drusen images.

The vast majority of past research has been on identifying a specific fundus disease,
and precisely and rapidly classifying many fundus diseases continues to be an important
challenge. A very large number of retinal fundus images need to be examined in order
to arrive at a rapid, accurate, and dependable classification. Therefore, the purpose of
the study in [7] is to present a novel classification model for eye diseases that is based
on four main steps: pre-processing, blood vessel segmentation, feature extraction, and
multi-classification of eye disease. A model that combines the SqueezeNet and Long-
Term Recurrent Convolutional Network (LRCN) is used to categorize eye disorders.
Five types of fundus diseased images were used in the training and validation of the
models through tenfold cross-validation testing. The common classification metrics are
used to assess the effectiveness of the method that is being provided.

3 Methodology

3.1 Dataset Description

A new Retinal Fundus Multi-disease Image Dataset (RFMiD) has been produced to facil-
itate the development of algorithms for automatic ocular illness categorization, including
unusual pathologies as well as regular disorders. It is made up of 3200 fundus photos
that were taken with three distinct fundus cameras. Two experienced retinal experts
adjudicated a consensus of 46 conditions on the images. As far as now, RFMIiD is the
only publicly accessible dataset that includes so many different disorders that typically
occur in clinical settings. The creation of broadly useful models for retinal screening will
be made possible by this dataset. It consists of a collection of fundus images depicting
several eye disorders, such as MH, Optic Disc Cupping (ODC), DR, and healthy images
(WNL). This study uses Retinal Fundus Multi-disease Image Dataset (RFMiD) dataset.
The dataset is divided the proportion 70:30 for training and testing.

The Fig. 2 depicts the image processing and classification model for the retinal
disease images.

3.2 Preprocessing

3.2.1 Duplicate Images Removal

There are two reasons why having duplicate images in the data set is problematic:
(1) It introduces bias into the dataset, which increases the chances that the deep neural
network will identify patterns unique to the duplicates. (2) It affects the model’s capacity
to generalize to new images that differ from the ones it was trained on.

3.2.2 Image Resizing

Resizing images is a crucial step in DL models. If models are fed smaller images, they
will train more quickly. In comparison to larger images, smaller images offer higher
computational advantages. Furthermore, the image must be the same size for many DL
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Fig. 2. Classification model with Image processing Techniques

models to work. In this instance, the images have been downsized to 200x200 pixels.
Any smaller resizing could cause us to lose information. Larger images, however, could
potentially have a negative impact on the model’s output time and power consumption.
A sample resized fundus image is shown in Fig. 3.

Fig. 3. Original Image (Left) and Resized Image(Right)
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3.2.3 Noise Reduction

Images can have undesired noise removed by using techniques including blurring, fil-
tering, and smoothing. Typically, the medianBlur () and GaussianBlur () functions are
employed for this and it is shown in Fig. 4.

Fig. 4. Original Image (Left) and Noise Removed Image(Right)

3.2.4 Normalization

Normalization sets the pixel intensity values to a particular range, usually in the range
of 0 to 1. This has the potential to enhance machine learning models’ performance. One
can use scikit-image’s Normalize() function for this and it is shown in Fig. 5.

Fig. 5. Fundus Image Before Normalization(Left) After Normalization(Right)

3.3 Convolutional Neural Networks

Artificial neural networks (ANNs) come in many different forms, one of which is CNN.
It can automatically learn hierarchies of characteristics from input image grids. In recent
years, CNN models have made significant significant improvements in computer vision,
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such as in object tracking, segmentation, and classification. CNN architecture may share
and pooling weight parameters because it has fewer connections and fewer parameters.

CNN uses filters to extract feature maps from two-dimensional images. As an alter-
native to fully linked neuron layers, it takes into account mapping image pixels with the
neighborhood space. is now a well recognized and inventive image processing algorithm.
It is also becoming increasingly common in computer vision, object classification, and
handwriting recognition. Three primary types of layers exist:

Convolutional layer is the name of the first layer. The fully-connected layer comes
last, while the pooling layers come after the first convolutional layer. The complexity
of CNN’s increases with each layer, enabling it to identify most part of the images.
The earlier levels concentrate on fundamental components like colors and edges. By
identifying larger areas or patterns in the image as it goes through its layers, the CNN
eventually identifies the target object.

(a) Convolutional Layer

Since it is where the majority of the computation starts, this layer is the foundation
of CNN. A feature map, a filter, and the input data are some of the parts that are
involved. The input file is a color image composed of a matrix of three-dimensional
pixels. This means that, like RGB in an image, the input’s three dimensions—height,
width, and depth—will match. The feature extractor also knows as kernel or filter is
used to scan the field of reception of an image and decide if an attribute is there or
not. The most common term for this technique is convolution.

(b) The pooling layer

These layers decrease the overall amount of features in an input and provide
a decreased dimension, are frequently referred to as downsampling. The pooling
process employs a weightless filter to the entire input, just like the convolutional
layer does. Rather, the kernel uses a function to mix the data from the receptive field
and fill output array. The types of pooling include:

Max pooling: The filter scans the input and it chooses a pixel with the maximum
value to deliver to the output array. Moreover, this method is applied more often
than standard pooling.

Average pooling: As the filter passes through the input, it determines the mean
value in the receptive field.

iii) Fully connected layer.

This layer accurately conveys its characteristics and the pixel values from the source
image are not directly related to the resultant layer in partially linked layers. Each node
in the resultant layer of this instantly links to a node in the layer that comes before it. This
study is conducted with the three CNN models like VGG19, RestNet50 and SqueeNet
architectures.

(a) Visual Geometry Group 19 Layer CNN(VGG19)

VGG19 model supports 19 layers arranged in 5 blocks. The weight layers (con-
volutional layers) of the model are denoted by the numbers 19 as shown in Fig. 6.
Every block features a Maxpool layer that, in addition to reducing the input image
size by 2, also increases the number of filters in the convolution layer by 219 and
has 19 convolution layers organized into 5 blocks. The Maxpool layer, which comes
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after each block, decrease the image’s input size by two and doubles the convolution
layer’s number of filters [8].

Fig. 6. VGG16 Architecture

(b) ResNet 50

The most popular ResNet design, known as ResNet50, has 50 layers, as seen
in Fig. 7, and on the ImageNet dataset, it produced state-of-the-art results. The 16
residual blocks that comprise ResNet50 are linked together by residual connections
between various convolutional layers. The design additionally incorporates pooling
layers, a softmax output layer for classification, and fully linked layers [9].

The benefits of ResNet-50 include its high precision and recall in identifying
retinal diseases, its ability to overcome disappearing gradients, utilize learnt features
through skip connections, and its capacity to train on deeper networks for more
precise identification.

(c) SqueezeNet

The algorithm known as SqueezeNet is made to be compact and extremely accu-
rate. It distinguishes itself by utilizing fire modules, a specific type of convolutional
layer that combines 1 x 1 and 3 x 3 filters to reduce the amount of parameters
while retaining excellent accuracy, which makes it perfect for devices with limited



132 A. Ibrahim Kaleel and S. Brintha Rajakumari

Input Zero Batch
P . CONV Normali ReLu
Images Padding zation
1D Conv Max
"""" Block Block Pool
Conv 1D Conv 1D
Block Block ¢ Block Block
Avg 1D Conv
Pool v Block Block ¢
Flat;enm FC Output

Fig. 7. ResNet50 Architecture

resources. It uses a small fraction of the processing resources needed by other CNNs
to attain great accuracy [10]. The architecture of SqueezeNet Model is shown in
Fig. 8.

The fire module, which consists of two layers—a squeeze layer and an expand
layer—is the foundational piece of SqueezeNet. Many fire modules and a couple of
pooling layers are stacked in a SqueezeNet. The feature map size is maintained by
both the squeeze and expand layers; the former reduces the depth to a lower value,
while the latter increases it. Neural architectures frequently exhibit the squeezing
(bottoleneck layer) and expansion behaviors. Another common tendency is to obtain
high level abstraction by decreasing the feature map size and increasing the depth.

SqueezeNet’s ability to balance processing power and precision is one of its main
features. Despite their great accuracy, traditional CNNs like AlexNet and VGGNet
need a lot of processing power to train and run.

4 Results and Discussions

The best CNN algorithm model is found through a variety of layers in the investigation.
Here, the algorithm’s inherent characteristics were used to choose the properties of this
specific algorithm. The measures that are used to evaluate the quality of the predictions:
accuracy, recall and precision [11-13]. Table 1 lists the metrics values for assessing the
performance of the CNN models with and without applying image processing techniques
in the retinal disease images.

TP + TN

accuracy = (1)
TP + TN + FP + FN
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Fig. 8. SqueezeNet Model

TP
Recall = ——
TP + FN
. TP
Precision = ———
TP + FP

Table 2. Performance Evaluation

Fire3 128

Fire4 256

fire9 512

Conv10
1000
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From the Table 2, it is found that the ResNet50 outperforms the VGG19 and
SqueezNet in terms of the studied measures. Moreover, model’s performance is boosted
after applying the image processing techniques in the dataset.

Fig. 9. CNN Models Vs Accuracy

Fig. 10. CNN Models Vs Recall

From the Figs. 9, 10 and 11, it is evident that the ResNet50 performance is higher than
the other models. It is also clear that, the application of image processing techniques in
all the case increases the efficiency of all the models. ResNet-50 has several advantages,
such as its high recall and precision in detecting retinal disorders, its capacity to train on
deeper networks for more accurate identification, its ability to resist fading gradients,
and its ability to use learned characteristics through skip connections.
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Fig. 11. CNN Models Vs Precision

5 Conclusion

A vast amount of visual data is produced by the medical field, particularly in ophthalmol-
ogy. Researchers employed DL algorithms with this massive amount of imaging data to
predict potential eye disorders. This study is conducted in the CNN models like VGG19,
ResNet50 and SqueezNet for retinal diseases classification on the RFMiD dataset. The
study reveals that the CNN models considered in this study shows the improved per-
formance in terms of accuracy, recall and Precision by employing image processing
techniques. The study also shows that the ResNet50 outperforms the other two models.
Further, DL algorithms are capable of solving complicated non-linear equations and fea-
ture selection on its own. Theses algorithms have thereby substituted ML techniques in a
range of domains and among these CNN are the industry standard for image processing.
In future, the accuracy of the CNN models can be further improved by applying the
other critical image processing techniques in the retinal disease images in the available
dataset.
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Abstract. Feature extraction is a crucial part of computer vision, which pro-
vides visual understanding and analysis of the image. These feature extraction
algorithms can be classified on the basis of the type of features extracted or on
the basis of the complexity of the algorithm. Scale-Invariant Feature Transform
(SIFT) and Oriented Fast and Rotated Brief (ORB) are the most widely used
machine learning-based algorithms. SIFT provides scale and rotation-invariant
features, while ORB provides efficient real-time computing. This paper presents
a unified feature extraction algorithm by combining SIFT and ORB. It uses ORB
for efficient key point detection and SIFT for obtaining descriptor computations.
Average distance between features and feature extraction time are the performance
measures used in our paper. The experimental results show that the combined app-
roach has a satisfactory trade-off in terms of accuracy and computational economy,
especially in the case of an oriented image with an average euclidean distance of
623.95.

Keywords: feature extraction - SIFT - ORB - feature descriptor - scale
invariance - rotation invariance - Euclidian distance - brute-force matching

1 Introduction

Feature extraction in images is a critical process of computer vision and image analy-
sis. This method involves the identification and separation of key features of an image,
including colors, corners, edges, textures, and patterns, and then presents them in a
compact form but in an informative way. This enables computers to analyze and inter-
pret visual information with accuracy. The feature extraction algorithms have evolved
from the traditional pixel-based techniques down to the most advanced deep learning
algorithms. Efficient feature extraction in image processing is therefore crucial, which
directly affects tasks such as object recognition, image retrieval, and image classification
by ensuring timely and accurate results. These extracted features can be used in object
recognition, image retrieval, and image classification, amongst others, which can further
be exploited in several applications in medical fields, food processing, material process-
ing, thermal applications, and construction industries, etc. [1]. ORB offers real-time
handling of huge data with precision and stability through a sole parameter of threshold.
This threshold value still has a limitation; at high lighting variations, pixel values at some
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places may cross the threshold and end up misidentifying the key points. In addition,
changes in lighting can increase image noise and interference, thus deteriorating algo-
rithm performance. A proposal by Y. Dai et al. was to use adaptive thresholds with ORB.
For instance, most of the recent approaches to feature extraction, including CNN and
SVM, incorporate adaptive threshold techniques that enhance the system’s robustness
and adaptability to changes in illumination [2]. In such a case, SIFT is an effective algo-
rithm for detecting and describing features because of its invariance to scale rotation,
combined with unique descriptors. However, it is not fit for real-time applications and
resource-constrained environments because of the high computational complexity and
usage of memory that it requires [3, 4]. Such a combination could give us the pros of
both algorithms.

2 Literature Review

Feature extraction facilitates image analysis and understanding. Digital image processing
techniques are used to extract features from the acquired image. These features may give
a compact representation, which can be analyzed or further processed. The extracted
features permit identification of objects or regions of interest, object classification, and
image similarity comparisons [3]. These extracted features describe different properties
of the image, such as color, texture, shape, or even spatial relationships. The feature
extraction algorithm may be categorized on the basis of different parameters, but the
most common categorization is shown in Fig. 1 as:

1. Based on the type of feature extracted
2. Based on extraction methods

Global feature extraction techniques compress images into one or a few vectors for
efficient processing. It helps find identical images in a feature vector database. Image
processing applications benefit from global features’ faster processing, efficient com-
puting, and compact representation. However, they are less useful when pictures are
crowded [5-7].

Local feature extraction methods aim to identify and characterize unique regions
within an image, which is crucial for detailed image analysis. Local features require
significant memory due to the multitude of individual features they encompass within
an image. In order to resolve this problem, researchers have suggested combining local
image descriptors into a compact vector representation. It will also enhance efficiency
and reduce computational complexity [6]. These regions are called key points or interest
points. Key points hold information that can be utilized by different image processing
applications involving images, stitching, object recognition, and object tracking. Harris
corner detection, Shi Thomas corner detection, SIFT, SURF, and ORB are some of the
prominent feature extraction algorithms. The features extracted from the given algorithm
are classified into different categories, such as color feature extraction, texture feature
extraction, edge detection, corner detection, and region-based feature extraction methods
[8, 9].

Feature extraction can also be categorized based on the complexity of the method
being used. In image processing and computer vision, images are represented as matrices
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of pixel values. Transforming these unprocessed pixel values into numerical descriptors
isessential, as itemphasizes the visual content inside the image. These numerical descrip-
tors are features that can be extracted with a feature extraction algorithm. The selection of
the feature extraction algorithm is decided by the image characteristics and application’s
requirements. On the one hand, there are algorithms that can be simply developed, such
as histograms of color and edge detectors, and, on the other hand, there are those that are
very complicated, such as convolutional neural networks. The algorithms are categorized
as low, mid, and high depending on the intricacy and information content pulled out from
the images. Low-level feature extraction algorithms like pixel intensities, color values,
local gradients, edge maps, etc. are the key point. It creates a raw representation of the
image information without using complicated processing. Mid-level feature extraction
algorithms produce abstract information by applying basic processing. It transforms raw
pixel values into numerical descriptors, emphasizing elements such as edges, textures,
and spatial arrangements. High level feature extraction decreases the intricacy of data,
highlights essential information for activities, and improves overall job performance and
efficiency. Deep learning techniques extract high-level semantic concepts and relation-
ships among different features, providing a more comprehensive understanding of image
content. High-level feature extraction involves a wide range of abilities, such as recog-
nizing different types of objects, identifying specific sections of objects, interpreting
complicated scenes, and extracting detailed relationships within images. The bound-
aries of these classified categories of feature extraction algorithms sometimes overlap.
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The feature extraction algorithm is selected on the basis of the resources available, the
type and amount of data available, and the specific needs of the application. Combina-
tion of different feature extraction algorithms to enhance feature representation and the
information retrieved [10].

The feature extraction algorithms have evolved from basic edge and corner detec-
tors (such as Sobel, Prewitt, and Canny) to sophisticated deep learning algorithms like
CNN. The Sobel, Prewitt, Canny edge detectors, and the Harris corner detector are
some foundational algorithms able to detect the fundamental features [11]. The Harris
corner detector identifies points of interest by analyzing the eigenvalues of a second-
order moment matrix. However, it lacks scale invariance. Linderberg et al. introduced
the Laplace of Gaussian method, which utilizes the Laplace of Gaussian and hessian
matrix determinants to automatically find scales [10]. The advent of the Scale- Invari-
ant Feature Transform (SIFT) was a major breakthrough that provided robust, scale-
invariant, and rotation- invariant feature descriptors. A computationally efficient ORB
(Oriented FAST and Rotated BRIEF) was introduced that combines the FAST key point
detector and BRIEF descriptors [12]. The ORB algorithm is extensively employed in
several domains, such as real-time applications, augmented reality (AR), visual odome-
ters, drone navigation, security, and surveillance. Although SIFT demonstrated excellent
accuracy and resilience, its computational expense was significant, prompting the cre-
ation of more efficient techniques like ORB. Scale Invariant Feature Transform (SIFT)
involves the following four tasks:

1. Scale space extrema detection
2. Key point Selection

3. Key point orientation

4. Description of key point.

First of all, Gaussian blur is applied to the image using a Gaussian filter with different
values of the standard deviation (o) in order to smooth it and reduce noise. The repeated
application of the Gaussian filter creates smooth layers and enhances the quality of image
representations. The Difference of Gaussians (DoG) is a method used to approximate
the Laplacian of the Gaussian (LoG). The DoG is calculated by subtracting two pictures,
each convolved with a Gaussian kernel of differing sigma (o) values.

DoG(x,y,0) =(G(x,y,ko) — G(x,y,0)) *«I(x,y)

where, G(x, y, o) is a Gaussian function and I (x, y) is the input image

Key points are recognized as local maximum and minimum points in the Difference
of Gaussian (DoG) pictures. This is achieved by comparing each pixel with its 26 neigh-
boring pixels on the current and adjacent scales. Once prospective key points have been
detected, the subsequent stage involves refining their positions in order to obtain precise
key point localization. The Taylor series expansion is used to approximate the precise
position of the extrema by fitting a 3D quadratic function to the local sample points.
This aids in attaining sub-pixel precision. Key points exhibiting poor contrast (falling
below a specific threshold) are excluded due to their susceptibility to noise. Key points
that are located along edges are excluded from consideration due to their lack of sta-
bility. The process includes evaluating the main curvatures by using the Hessian matrix
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and comparing the ratio of eigenvalues. To ensure rotational invariance, each key point
is assigned a uniform orientation. The magnitude and direction of the gradient at the
key point are calculated [13]. The features generated by SIFT encompass a wide range
of scales and locations. Scale-invariant feature algorithms analyze various scales using
a continuous kernel function known as scale space [14, 15]. The algorithms examine
all the details and structures of an image at different levels of scale. These algorithms
resize the image and apply filters like the Gaussian filter repeatedly to create smooth
layers, enhancing the quality of image representations. Non-uniform scaling impacts
the localization, scale, and shape of the local structure by distorting the proportions and
orientations of features at different points in the image. As a result, scale-invariant detec-
tors are unsuccessful when significant affine transformations occur. There are multiple
versions of SIFT, such as ASIFT (affine SIFT), VF-SIFT (very fast SIFT), CSIFT (color
SIFT), GSIFT (SIFT with Global Index), SURF, PCA-SIFT [13], SIFT- BRISK, and
SIFT-BRISK [16], BE-SIFT [15].

The FAST algorithm detects key points in an image by analyzing pixel intensities
and identifying locations with significant intensity changes compared to their neighbors.
These identified key points are potential features for which a binary feature descriptor
is calculated using the BRIEF algorithm. The binary descriptors summarize the local
image area by capturing pixel intensity patterns and spatial relationships around each key
point. The descriptor captures pixel intensity patterns, making it resistant to changes in
illumination, scale, and rotation to a certain degree. ORB effectively identifies key points
by including a speedy and precise orientation component, which enhances FAST feature
identification. ORB is a combination of FAST and BRIEF algorithms. To improve feature
analysis, ORB computes oriented BRIEF descriptors using variance and correlation.
Minimizing correlation between BRIEF features in the presence of rotation variation
leads to enhanced matching accuracy. The FAST algorithm identifies the most important
features in an image by analyzing the variation in intensity around each pixel. As a tool
of segmentation, we separate edges and corners to determine the key points. The ORB
algorithm computes the orientation of every key point that makes it rotation invariant. In
the next step, ORB algorithm employs the adapted BRIEF (Binary Robust Independent
Elementary Features) to find the exponents. The BRIEF generates a binary string by
comparing pixels in a patch with other key points. Besides obeying the bar rotation, the
ORB attains the rotation invariance required for the descriptor. The binary form of the
BRIEF descriptors performs quick matching using the Hamming distance. In this way,
ORB is useful in real-time applications such as object detection, image interpolation,
and simultaneous localization and mapping (SLAM) [12]. There are various improved
versions of ORB capable of detecting important features. GA-ORB uses geometric
algebra (GA) to detect local features; it represents a multispectral image as a GA vector,
then different scales of this image are obtained by convolution, and then ORB is applied
to the resultant vector. It has better speed than other GA family algorithms such as
GA-SIFT and GA-SURF [17].
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3 Experimentation

In this paper, we have combined SIFT and ORB algorithms for feature extraction. Our
algorithm uses ORB to extract the key points from the image, then computes descriptors
for these key points by using SIFT. ORB takes less time to extract key points as compared
to SIFT. SIFT descriptors can provide greater descriptor precision for distinctive local
regions of an image. The extracted feature vectors are matched between images by using
a brute-force matching approach and Euclidean distance. For visual comparison, we have
drawn and displayed matched features in Table 1. We have measured the performance of
SIFT, ORB, and the combined algorithm on various image translation scenarios using the
average distance criterion and time taken in extracting features. In each case, there were a
total of 306 matches for SIFT, 500 matches for ORB, and 500 matches for the combined
algorithm. The table below summarizes the matching result obtained (Table 1).

Key point Descriptor ORB
Input FAST Orignlt)ation Calculations F‘eatures
pu » Key . for each key ‘ with ?IFT
Image assignment Deserintors

point
Detection using SIFT

as in ORB point by

Fig. 4. Working of the unified SIFT and ORB algorithms.
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Table 1. Matching results of different algorithms

S. Comparison Matches and average distance
No. on type of
image

1 Blur image
Different

2 orientation
image
In class

3 variation
image
Scaled and

4 oriented

image

4 Results and Discussion

This paper combines SIFT and ORB algorithms, where SIFT descriptors are detected
on ORB key points. Generally, the performance of this algorithm lies between SIFT
and ORB, but it performs well in the case of oriented images. The average Euclidean
distance between the normal image and the oriented image is 623.95, the minimum of
the two given algorithms. Hence, this merging can be useful in the case of oriented
images. The comparison of SIFT, ORB, and unified algorithm on the basis of key point
detection method used, size of descriptor, and applications is summarized in Table 2. As
unified algorithm occupies less space as compared to SIFT, but its accuracy is lesser than
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SIFT. It finds its application in real-time applications where a proper trade-off between

accuracy and response time is required. The results of the average distance and time
taken to extract features have been summarized below in Tables 3 and 4 (Figs. 5 and 6).

Table 2. Comparison of SIFT, ORB, and the Unified algorithm

Feature SIFT ORB SIFT and ORB unified
algorithm
Key point detection | Uses difference of Uses FAST (Feature | Uses FAST
Gaussian (DoG) from Accelerated
Segment Test)
Key point descriptor | Produces a 128- Produces a Produces a 128-

dimensional floating
point descriptor [18]

32-dimensional
binary string

dimensional floating
point descriptor

Matching speed The matching speed of | The matching speed | Moderate matching
SIFT is slow as it uses | of ORB is fast as it speed. It has fewer key
Euclidian distance on | uses Hamming points for comparison
floating point distance on binary obtained from ORB,
descriptors descriptors and uses Euclidian
distance on the SIFT
floating point
descriptor
Memory Usage SIFT uses more ORB uses less Moderate memory
memory due to the memory due to usage. Although it uses
large size of the small-sized binary SIFT descriptors, they
descriptor descriptors are calculated on ORB
Key points, which are
less in numbers
Application SIFT is highly suitable | ORB is useful for Unified algorithm can
where precision is real-time applications | be applied to
important [19] such as | such as augmented applications requiring
object detection and reality, robotics, precision and real-time
3D modelling mobile phones, etc response
simultaneously
Table 3. Average distance between matched features
Algorithm/ Type | Blurimage | Different In-class variation | Scaled and
of image orientation image | image oriented image
SIFT 492.55 624.64 571.05 506.71
ORB 262.06 630.68 460.63 466.6
Unified Algorithm | 361.99 623.95 479.04 485.95
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Table 4. Feature extraction calculation Time

Algorithm/ Type | Blurimage | Different In-class variation | Scaled and
of image orientation image |image oriented image
SIFT 1.78 1.4 1.66 0.05
ORB 0.095 0.068 0.054 0.17
Unified Algorithm | 0.598 0.57 0.8089 0.5998
Extraction time of features
2
1.5 — —
1
0.5
O -
Blur image Different In-class Scaled and
orientation variation  oriented image
image image
SIFT ORB Unified Algorithm

Fig. 6. Time taken in extracting features
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5 Conclusion

This research work summarizes the classification of feature extraction algorithms. It
introduces a unified feature extraction technique that integrates the advantages of the
Scale-Invariant Feature Transform (SIFT), Oriented FAST and Rotated BRIEF (ORB)
techniques. SIFT provides robustness, and is able to handle changes in scale and illu-
mination at the cost of increased computation complexity. On the other hand, ORB is
comparatively computation efficient with lack of precision. The unified algorithm utilizes
ORB for efficient key point identification and SIFT for accurate descriptor calculation.
The experimental findings reveal that the combined technique strikes a good balance
between accuracy and computing economy, particularly in the case of image orienta-
tion. Our findings also show that the processing time for the combined algorithm was
moderate, falling between the timings for SIFT and ORB, indicating its balanced per-
formance. It makes it highly suitable for applications that require real-time performance
and higher reliability in feature matching.

6 Future Work

In this paper, the performance of ORB, SIFT, and unified feature extraction algorithms
is considered based on the distance between features and the computation time of the
features. Our work can be extended by applying these algorithms to classification tasks
on a large dataset with other parameters as well.
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Abstract. A bibliometric analysis of educational data mining (EDM) explores
the academic landscape of this interdisciplinary field, which applies data mining
techniques to educational research. The study aims to systematically examine the
field of Educational Data Mining (EDM) to identify the research output over a
defined period, focusing on trends, types of publications, and key research topics
within EDM. By gathering and analyzing publication data from databases like
Scopus, Sematic Scholar, Google Scholar and CrossRef, the analysis uncovers
publication and citation patterns, and the research categorial distribution of con-
tributions. This approach provides a comprehensive review of how domain of
EDM has evolved. Ultimately, the study aims to inform researchers, educators,
and policymakers about current trends, emerging research areas, and the impact
of EDM on educational practice and theory. This research is crucial for guiding
future research directions and enhancing the application of data-driven approaches
in contexts of EDM.

Keywords: Educational Data Mining (EDM) - Bibliometric Analysis - EDM
Research Trends - Interdisciplinary Research - Data Mining Techniques

1 Introduction

Contemporary Educational technologies allow for large amounts of data to be collected,
analyzed, and interpreted, which has fundamentally changed the way education works.
There has been a significant increase in the literature on data generated by educational
technologies in recent years, showing its potential to drive innovation in education and
challenge traditional methods. At the same time, there has been a rise in the availability
of tools for analyzing educational data, leading educators to rethink how they teach and
learn. This shift towards a data-driven approach in education gives educators valuable
insights and empowers them to make informed decisions.

In the world of research, educational data is used for multiple purposes such as
understanding student experiences, forecasting behaviors and results, providing inter-
ventions, and customizing learning and teaching approaches. The exploration of using
learner-system interaction data for educational investigations has given rise to a spe-
cialized area known as educational data mining (EDM). It provides a link between two
separate domains: education and computer science, particularly focusing on data mining.

© The Author(s), under exclusive license to Springer Nature Switzerland AG 2025
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This fusion integrates elements from artificial intelligence, machine learning, statistics,
expert systems, databases, and visualization to explore and refine educational processes
[1]. The International Educational Data Mining Society defines EDM as “an emerging
discipline, concerned with developing methods for exploring the unique types of data
that come from educational settings, and using those methods to better understand stu-
dents, and the settings which they”. The process of EDM consist of key components like
data collection, data pre-processing, modelling, pattern discovery, predictive analysis,
personalized learning, feedback and decision support, evaluation and assessment and
ethical considerations [1-9].

To identify the newest trends in the field, we conducted a Bibliometric Analysis in
the field of Educational Data Mining. To reflect a state as close as possible with the
current times, we have chosen as our target publications from period of 2011 to 2022.

2 Methodology, Data Source and Collection, Data Cleansing

Bibliometric analysis approach examines research literature of a particular field by sys-
tematically analyzing the statistical literature data [10]. This approach of analysis quan-
tifies the research literature of a particular domain to summarize its progress for specific
time frame. [11] states that bibliometric analysis, provides an overview of knowledge
from the micro level (institutes, researchers, and campuses) to the macro level (countries
and continents).

The parameters of Bibliometric analysis provide guidance for developing future
research plan and monitoring research activities further [12]. This approach provides an
opportunity to uncover traditional and contemporary literature of research domain that
further enables to understand historical foundations, applications, scope, popularity and
advances of domain in concern. According to [13] the approach is considered to be an
open method of study in many areas of sciences.

A well —executed bibliographic analysis establishes concrete foundations of research
in particular domain [14]. Researchers can extract innovative and productive aspects of
field as, get an overview of research conducted over a period of time, identify the knowl-
edge gaps, derive innovative ideas for investigation as well as establish contributions
that can be done to the field [15].

Data collection in educational data mining involves gathering various types of data
from educational settings to analyze and derive insights that can inform decision-making
and improve learning outcomes. The foundation of the educational data mining workflow
lies in the meticulous collection of relevant data from a diverse array of sources, including
Scopus, CrossRef, Semantic Scholar and Google Scholar [16—18]. The cleaning process
is a crucial step that sets the stage for the subsequent data analysis and interpretation
phases, as it ensures the integrity and accuracy of the data being examined [19]. This
involves identifying and addressing any inconsistencies, errors, or missing values within
the dataset, ensuring that the information being analyzed is of the highest quality.

The filtering of data is an equally important step, as it involves the selective inclusion
or exclusion of certain data points based on their relevance to the research question at
hand. Once the data filtration process is over, the next step is data analysis and visual-
ization. The data analysis parameters used are publication output, relative growth rate,
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journal publication statistics and doubling time. Each parameter is used for pattern dis-
covery and knowledge extraction. Interpretation of findings in EDM goes beyond sim-
ply reporting statistical results. It involves contextualizing data within the educational
context, identifying meaningful patterns, drawing inferences, connecting with exist-
ing knowledge, generating actionable insights, considering limitations, and effectively
communicating findings to drive informed decision-making and improve outcomes [20].

Current study was undertaken to perform bibliometric analysis of the research litera-
ture in the area of Educational Data Mining. Figure 1 represents the literature search and
cleansing process undertaken to perform systemized bibliometric analysis of the EDM
domain.
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Fig. 1. Literature Search and Cleansing Process

The research literature for domain was consolidated by searching keywords Edu-
cational Data Mining and EDM in the titles of the research literature. Incomplete or
ambiguous entries were not taken into consideration. Table 1 represents the number
of publications extracted and considered for current research study for each database
under consideration. The bibliographic data was retrieved from the reputed Databases
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Repositories as Scopus, CrossRef, Google Scholar and Semantic Scholar. The databases
enable retrieval of literature across several disciplines.

Table 1. No. of Publications

YEAR Number of Publications
Scopus CrossRef Google Scholar Semantic Scholar
Total 220 734 857 840

3 Data Analysis and Interpretations

In this section, different statistical parameters are computed. These parameters are used
to interpret research trends through different perspectives. MS Excel is used to perform
various calculations for bibliographic metrics, generate graphical representations and
analysis tables. The parameters considered for analysis in the current work include:

3.1 Publication Output
3.1.1 Number of Publications
3.1.2 Types of Publications
3.2 Relative Growth Rate (RGR)
3.3 Doubling Time (DT)
3.4 Journal Publications Statistics

Further, we present above bibliometric parameters with calculations, graphical
representations and analysis.

3.1 Publication Output

Publications are one of the most prominent measures that represents the productivity
of research in a particular field or domain [15]. By analyzing publications, researchers
can discern trends over time. This includes identifying emerging topics, popular research
areas, and shifts in focus or interest within a particular field. Institutions, researchers, and
funding bodies often use bibliometric analysis to assess research performance. It aids
in evaluating the productivity, impact, and quality of research output, which can inform
decisions on funding, hiring, or promotions. Publications form the basis for mapping
the intellectual structure of a field. Analyzing publications helps in identifying subfields,
interdisciplinary connections, and the evolution of knowledge within a domain.

3.1.1 Number of Publications

Figures 2, 3, 4 and 5 represent the year wise number of publications in all four databases.

From the provided data, a bibliometric analysis can provide insights into the publi-
cation trends across different platforms or databases over the years. Let’s interpret the
data for each platform (Crossref, Google Scholar, Scopus, Semantic Scholar) from 2011
to 2022:
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Fig. 2. Year Wise Publications — Scopus

YEARWISE PUBLICATION - CROSSREF

120
100
80

Fig. 3. Year Wise Publications — CrossRef

e The number of publications indexed in Scopus demonstrates consistent growth, from
3 publications in 2011 to 36 in 2019, before plateauing and slightly declining to 27
in 2020 and 2022.

e The number of publications indexed in Crossref shows a fluctuating trend, reaching a
peak in 2019 with 113 publications and declining to 66 publications in 2022. Overall,
there’s an increasing trend until 2019, followed by a notable decline in the number
of publications.

e The number of publications indexed in Google Scholar shows a steady increase from
22 in 2011 to a peak of 114 in 2021. The growth rate is generally consistent, except
for a slight decrease in 2022.

e The data for Semantic Scholar indicates an increase in publications until 2020, with
a peak of 30 publications in 2021, followed by a sharp decrease to 5 publications in
2022.

e Google Scholar consistently shows the highest number of indexed publications
throughout the years, followed by Crossref, Scopus, and Semantic Scholar.
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Fig. 5. Year Wise Publications — Semantic Scholar

e Google Scholar seems to index the highest number of publications consistently over
time, reflecting its expansive coverage.

e Crossref and Semantic Scholar exhibit more fluctuating trends, with significant peaks
and drops in publication counts over the years.

e Scopus and Semantic Scholar both show signs of plateauing or decline in publication
counts in the most recent years (2020-2022).

e Crossref and Scopus show growth in publications until a certain point, after which
the growth either plateaus or slightly declines.

e Semantic Scholar shows notable fluctuations, possibly due to variations in the types
of publications it indexes or changes in its indexing criteria.
From the figure it is evident that the publications tend to increase over period of years.
However, the number of publications tend to remain constant in the recent years.

These interpretations provide an overview of the publication trends across different
indexing platforms, indicating variations in growth, consistency, and fluctuations over
the analyzed period.
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3.1.2 Types of Publications

Research publications for domains are available in different forms. Journal Articles,
Conference Proceedings, Editorial and Review Articles, Book or Book Chapters are
amongst few forms in which research of any domain is represented. For the current
study, the research forms taken into consideration are Journal — Articles, Proceedings —
Articles, Book, Book — Chapters and Others. Others include forms of research literature
as Reports, Abstracts, Editorial Letters and other forms.

Figures 6, 7, 8 and 9 represent the categorization of publications on the basis of types
of publications over the period of span in each database respectively.

TYPES OF PUBLICATIONS - SCOPUS

Book Chapter;
Book; 2; 16; 7%

Proceedings -
Article; 114;
53%

Fig. 6. Types of Publications — Scopus

TYPES OF PUBLICATIONS - CROSSREF
Book; 5; 1%
Other; 8; 1%

Book - Chapter;
143;19%

Fig. 7. Types of Publications — Crossref

The figures represent the category wise number of publications and category wise
percentage share in overall publications for all four data sources.

From the above figures it is evident that all the databases under consideration offer
multiple forms of research literature at disposal for researchers.



Bibliometric Analysis of Educational Data Mining 155

TYPES OF PUBLICATIONS - GOOGLE SCHOLAR

Book; 6; 1% Book - Chapter;
39; 5%

Proceedings -
Article; 280; 35%

Fig. 8. Types of Publications — Google Scholar

TYPES OF PUBLICATIONS - SEMANTIC SCHOLAR

Book - Chapter;
Book; 7; 1% 47; 6%

Proceedings -
Article; 251; 30%

Fig. 9. Types of Publications — Semantic Scholar

e Book: This publication type is comparatively low in number across all platforms,
indicating a limited emphasis on complete authored books. The distribution across
platforms is relatively balanced, suggesting similar representation across Scopus,
Semantic Scholar, Google Scholar, and CrossRef.

e Book Chapters: This publication type exhibits a more considerable contribution
compared to complete books, showing active involvement in edited volumes or spe-
cialized publications. CrossRef has the highest count, indicating that these chapters
are widely referenced or cited in other scholarly works. Semantic Scholar and Google
Scholar show a relatively higher count, highlighting good visibility and accessibility
of these chapters in digital libraries.

e Journal Articles: This publication type is the most substantial category, signifying
a significant emphasis on peer-reviewed research disseminated through academic
journals. It suggests a strong focus on in-depth analysis and original research within
the academic community. Semantic Scholar and Google Scholar display significantly
higher counts, indicating a high degree of visibility and citations in these digital
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repositories. The distribution across platforms is varied, with CrossRef holding a
substantial count as well, indicating wide referencing in other scholarly articles.

e Proceedings Article: This publication type has a count indicating active partici-
pation and dissemination in academic conferences or symposiums. Google Scholar
and Semantic Scholar display higher counts, indicating good visibility and citations
for these conference papers. CrossRef has a lower count, possibly indicating lesser
referencing of these proceedings’ articles in other scholarly works.

e Others: This category includes diverse content types encompassing reports, non-
peer-reviewed publications, or various non-traditional scholarly outputs. CrossRef
has the highest count, suggesting significant referencing or citation of these other
types in scholarly works or publications.

This comprehensive breakdown provides a detailed understanding of the distribution
and scope of publications across various platforms and publication types, highlighting
active scholarly engagement and dissemination in different formats within the academic
community. The scope and depth of the analysis within this dataset seem comprehensive,
covering various academic publication formats. There’s an evident emphasis on peer-
reviewed journal articles, which are crucial for disseminating detailed research findings,
while also showcasing involvement in conference proceedings, book chapters, and other
scholarly contributions. This diversity indicates a well-rounded approach to scholarly
dissemination across different platforms and publication types.

3.2 Relative Growth Rate (RGR) of Publications — RGR (P)

The Relative Growth Rate (RGR) is the increase in number of works per unit of time.
It can be used to understand the progress of a particular research field [21]. The RGR
for publications is the increase in number of publications per unit time. The growth rate
of publications per annum was calculated to find the incremental trend of yearly output.
The data was tabulated in excel sheet and bibliometric methods were applied to calculate
the parameters according formulas.

The Relative Growth Rate of publications in all the databases was calculated using
the following formula which was also used by [22, 23]:

Relative Growth Rate (RGR) of Publications
P2 —P1
RGR(P) = ———
T2 —T1

where,

RGR(P): Mean relative growth rate over the specific period of intervals.

P1: LogeP1 (Natural log of initial number of publications) for particular year
P2: LogeP2 (Natural log of final number of publications) for particular year
T2 - T1: the unit difference between the initial time and the final time.

Table 2 shows the calculation of the above parameters for all the databases for
publications over period of years.

Figure 10 represents the trends of the Relative Growth Rate of Publications in all
Databases for EDM field over span of interval 2011-2022.
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Table 2. Yearwise RGR (P)
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YEAR 2012 12013 | 2014 | 2015 2016 | 2017 | 2018 | 2019 | 2020 | 2021 2022
Scopus 036 147 (059 |1.64 1.03 [1.37 139 133 1.80 |1.86 |2.10
CrossRef 059 1088 [1.05 124 1.12 139 145 162 1.69 178 241
Semantic Scholar | 0.44 |0.87 |1.08 |1.33 | 1.63 | 1.73 |1.85 229 250 3.95 |5.12
Google Scholar | 0.47 1099 | 0.88 |1.11 150 | 1.54 [1.56 | 1.79 | 1.90 1.97 |3.06
RGR (P) Trend
6.00
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4.00
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Fig. 10. Relative Growth Rate of Publications — Trend

From the above trend analysis, it can be inferred that:

For all the databases, the relative growth rate of publications is increasing almost
similarly. CrossRef exhibits a slightly lower growth rate than Scopus in Educational
Data Mining publications over the same period. It has a steady but comparatively
moderate growth trend.

Semantic Scholar demonstrates the highest relative growth rate among the databases
analyzed, indicating substantial growth in publications related to Educational Data
Mining from 2012 to 2022.

Google Scholar portrays a growth rate higher than Scopus and CrossRef but lower
than Semantic Scholar. It shows a moderate growth trend in Educational Data Mining
publications over the ten-year span.

Semantic Scholar stands out with the highest growth rate, indicating a significant
increase in publications related to Educational Data Mining.

e Google Scholar follows with a moderately high growth rate.

e Scopus and CrossRef exhibit relatively lower growth rates compared to the other
databases analyzed, indicating a slower rise in Educational Data Mining publications
over the same period.
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3.3 Doubling Time of Publications DT (P)

Doubling time is directly related to relative growth rate (RGR) and is defined as the
time required for an entity to become double of the existing amount. It is applied here to
calculate the time required for the existing quantity of publications, citations, pages and
other metrics to become double [24]. It has a close relationship with the relative growth
rate(RGR). It is also determined that if the number of articles in a subject double during
a given period, then the difference between logarithms of numbers at the beginning and
at the end of this period must be logarithm of the number 2 [25]. If natural logarithm
is used, the difference has a value of 0.693. Thus, the corresponding doubling time for
each specific period of interval can be calculated by the formula as reported in [23]:

0.693
RGR

The doubling time for publications for both the databases is calculated with formula
DT(P) = 0.693/RGR(P). The doubling time for publications is calculated over period
of years 2011-2022. Table 3 represents the doubling time of publications during tenure
of 2011-2022 for each of the databases.

Doubling Time =

Table 3. Yearwise DT (P)

YEAR 2012 | 2013 | 2014 | 2015 | 2016 | 2017 | 2018 | 2019 | 2020 | 2021 | 2022
Scopus 1.94 1047 |1.17 042 | 0.67 [0.50 |0.50 |0.52 |0.39 |0.37 |0.33
CrossRef 1.17 10.79 | 0.66 |0.56 0.62 |0.50 |0.48 |0.43 [0.41 [0.39 |0.29

Semantic Scholar | 1.56 | 0.80 | 0.64 |0.52 |0.43 |0.40 1 0.37 |0.30 |0.28 |0.18 |0.14
Google Scholar | 1.49 [0.70 [0.79 |0.62 |0.46 |0.45 |0.45 |0.39 |0.36 |0.35 |0.23

Figure 11 projects the trends in the Doubling Time of Publications in the databases.
From the figure it can be inferred that over the span of time the doubling time of
publications in both the databases is decreasing. Further it can be analysed that:

e CrossRef shows a more consistent doubling time trend compared to Scopus. Pub-
lications doubled approximately every 0.99 years in 2012. There was a consistent
increase in doubling time, reaching around 3.79 years by 2022.

e Semantic Scholar displays a similar pattern to CrossRef, with a consistent increase
in doubling time. Publications doubled every 1.11 years in 2012. The doubling time
increased progressively, reaching approximately 5.56 years in 2022.

e Google Scholar exhibits a trend resembling Scopus, with fluctuations in doubling
time. Publications doubled about every 1.12 years in 2012. The doubling time
increased and stabilized at approximately 4.35 years in 2022.

e Scopus and Google Scholar show fluctuations in doubling time over the years,
indicating varying rates of publication growth.

e CrossRef and Semantic Scholar display more consistent patterns, with a gradual
increase in doubling time, suggesting a slower rate of publication growth in recent
years compared to earlier periods.
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Fig. 11. Doubling Time of Publications — Trend

Thus, from the above discussion, it is evident that there is a significant increase in
the overall research output in the Educational Data Mining domain.

3.4 Journal Publications Counts

As discussed in Sect. 3.1, there are many categories of publication types of the Educa-
tional Data Mining Domain in all databases which includes journal articles, conference
publications, book chapters, books and other form of publications. Table 4 and Fig. 12
represents total number of journal articles in all databases. It shows that Semantic Scholar
has highest number of journal articles published across the years.

Table 4. Publication Count

Year Scopus CrossRef Semantic Scholar Google Scholar

Total no of Journals 64 360 495 358

Further, Fig. 12 represents the year wise total number of journal articles published
in each database.
From the above figures, following analysis can be inferred:

e There is fluctuating but generally stable publication counts in Scopus database. The
trend saw a peak in 2020 and 2022, indicating potential increased interest or research
output in recent years.

e In CrossRef, there seem to be Gradual increase in publications until 2020, followed
by a slight decline in 2021-2022. The trend indicates a period of growth followed by
potential stabilization or a slight drop in publications.
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Fig. 12. Yearwise count of Journal Publications

e Semantic Scholar numbers show a significant growth until 2019, followed by a
noticeable decline.

e Google Scholar publication count shows Fairly consistent, with minor fluctuations.
The database publications have maintained relatively steady publication counts over
the years, with no dramatic peaks or dips.

e Scopus and Google Scholar maintain relatively consistent publication rates, without
major spikes or drops.

e CrossRefindicates a growth phase until 2020, possibly indicating a stabilization phase
in the last two years.

4 Conclusions and Future Scope

Educational Data Mining (EDM) is a rapidly growing field that leverages data mining
and machine learning techniques to analyze educational data and improve educational
outcomes. The study shows the promising future scope of EDM due to the increasing
availability of educational data and ongoing advancements in data analysis technolo-
gies. This study shows an upward trend in Educational Data Mining (EDM), revealing
an uptick in the use of EDM techniques to create innovative methods for improving
educational results, like developing predictive models for student performance.

The research indicates that although EDM literature often mentions important theo-
ries, they are not fully incorporated into research. In this concern, there lies future scope
of performing in-depth analysis of the domain using techniques as Citation Analysis,
Author Analysis, Bibliographic Coupling, Network Analysis, Thematic Analysis as well
as Qualitative Bibliographic Analysis.

The findings discussed in this paper have implications for both academic discussions
as well as practical applications. The results strengthen the recognition of Educational
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Data Mining (EDM) as a field with potential to transform the educational landscape by
providing valuable insights that lead to more effective teaching and learning experiences.
While the RGR and DT parameters of publications and citations are proof of the increased
availability of literature in the EDM field, the analysis of publications type give insight
to the variety of literature available. By conducting a bibliometric analysis, we were able
to gain a better understanding of how research and technological progress of the EDM
field are accurately represented.
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Abstract. Chronic Kidney Disease i.e. CKD, is one of the biggest issues in health
worldwide. It occurs due to a gradual decline in renal functions accompanied by a
high level of morbidity and mortality. This paper discusses the multifaceted nature
of the etiology, the clinical manifestations, and the diagnostic approaches related to
CKD, while highlighting the emerging role of ML in improving disease prediction
and management. It proposes an ensemble learning approach as an aggregate of
several ML algorithms to enhance accuracy and reliability of CKD prediction.
In the proposed ensemble approach SVM, logistic regression, random forest and
decision tree algorithms with voting-based learning have been used. This model
has been tested using ten-fold cross validation technique on the input dataset.
Experimental results indicate that the accuracy of the prediction of CKD with
proposed ensemble method is 90.35% against individual algorithms. This method,
therefore, has great scope for early detection, risk stratification, and personalized
treatment planning in the management of CKD.

Keywords: Chronic kidney disease - Machine learning - Deep learning -
Support Vector Machine - K nearest neighbor - Artificial Neural Networks -
Random Forests - Logistic Regression - Decision trees

1 Introduction

Chronic kidney disease (CKD) is a chronic condition in which the kidneys deteriorate
over time. This injury impairs the kidneys’ capacity to filter blood adequately, allowing
extra waste and fluid to accumulate in the body. The unfavorable character of chronic
kidney disease sometimes causes diagnostic delays since symptoms may not occur until
significant renal disease has progressed. Diabetes, high BP, and heart disease are all sub-
stantial risk factors for chronic kidney disease. Age and gender also influence its growth.
Chronic kidney disease symptoms can include stomach ache, back pain, fever, nose-
bleeds, rash, and vomiting. Diagnostic testing for CKD frequently comprises a mix of
tests, such as estimated glomerular filtration rate (¢éGFR), urinalysis, and blood pressure
monitoring. These measurements reveal valuable information regarding kidney function
and overall health. In recent years, machine learning (ML) approaches used to CKD
prediction and management [1]. Machine learning algorithms offer numerous methods
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S. Rajagopal et al. (Eds.): ASCIS 2024, CCIS 2424, pp. 163-171, 2025.
https://doi.org/10.1007/978-3-031-86290-8_12


http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-031-86290-8_12&domain=pdf
http://orcid.org/0000-0002-5452-5924
http://orcid.org/0009-0008-3791-075X
https://doi.org/10.1007/978-3-031-86290-8\sb {12}

164 K. Mane and M. Hasabe

and benefits for analyzing complicated medical data, potentially boosting diagnostic
accuracy and early intervention. CKD researchers have employed a variety of machine
learning methods as Naive Bayes, random forest and neural networks etc. are effective
for data interpretation and prediction. These ML algorithms leverage historical patient
data to generate predictive models for new cases. For instance, Naive Bayes utilizes
probabilistic approaches, Decision Trees provide structured classification reports, and
Neural Networks aim to minimize prediction errors through iterative learning processes.
The integration of ML in CKD management represents a significant advancement in
medical diagnostics. By facilitating early detection and risk assessment, these predictive
models have the potential to significantly impact patient outcomes, potentially saving
numerous lives through timely intervention and personalized treatment strategies. As
research in this field continues to evolve, the synergy between medical expertise and
machine learning technologies promises to enhance our understanding and management
of CKD, ultimately improving patient care and outcomes in this critical area of nephrol-
ogy. The paper has been segmented into several parts. Section 2 discusses the different
CKD techniques and limitations of it. Section 3 describes the structure of the proposed
system along with details. Section 4 briefly describes the implementation details along
with methodology. The last section discusses the results.

2 Literature Review

Most people have gradual kidney damage over time as results in high blood pressure or
diabetes (known as chronic renal disease). More serious kidney damage happens sud-
denly due to sickness, accident, or medication use. These things most probably happen
in patients who have low kidney functionality or who is facing kidney problems from
long time. Several scholars are working on various approaches of predicting CKD:
Sandeep Chaurasia, Pankaj Chittara, et al. [1] proposes multi-stable forest approach
which outperforms previous algorithms, with more accuracy along with 14 features.
Bhavya Gudeti, Shashvi Mishra, et al. [2] applied several machine learning techniques
to investigate the diagnosis time and boost accuracy. The proposed work is broken into
several stages based on the severity of CKD. By examining several algorithms includ-
ing neural networks, RBF, and RF. The evaluation findings demonstrate that the RBF
algorithm performs well than others. F. M. Javed Mehedi Shamrat, Pronab Ghosh [3]
undertook a study to investigate the significance of CKD in the literature. The absence
of value in the dataset will lower the accuracy of our models and forecasts. The authors
devised a remedy to this difficulty by repeating the method during CKD, with unde-
termined results. They replace missing values with return values. Chen Guozhen, Ding
Chenguang et al. [4] have considered the data consisted of 400 data points and 25 char-
acteristics, with findings for patients with and without CKD. Author employed nearest
neighbor, random forest, and neural networks to get their results. The bagging approach
[5] to decrease the characteristics and diagnose CKD with good accuracy. Bagging,
AdaBoost, and Random Forest are among the algorithms that have been combined. The
PSO approach was used to extract six lower features and then evaluated on the seven
remaining higher features. Bagging has a higher overall efficiency than other classes.
D. H. Kim, S. Y. Ye [6] employed custom selection to minimize the number of features
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required to categorize kidney diseases. The algorithms employed include SMO, Jrip,
Naive bayes and IBK. It compares the reduced findings to those obtained from the orig-
inal data. T. H. Aldhyani, A.S. Alshebamie, et al. [7] proposed AHDCNN for the early
stages of renal illness detection. It reflects the data-driven component of the new gener-
ation. Using CNN to increase social network accuracy by minimizing characteristics. C.
P. Kashyap, et al. [11] employs a study of early CKD prediction using deep learning and
adds to the advancement of deep learning in CKD diagnosis. From the above literature
review following are limitations identified as —

1. The use of restricted data may result in data overfitting and diminish the generaliz-
ability of model.

2. Missing values from an input data can reduce prediction accuracy.

3. Another flaw is the absence of standardization in the selection process between
courses, which makes it impossible to compare results.

4. In addition, several research on binary categorization do not consider illness stage.

To address above drawbacks, research should prioritize larger and more diverse
datasets in order to increase model stability and generalizability. Advanced strategies
for dealing with missing data, such as multiple imputation can help to improve data qual-
ity. Standardizing feature selection processes and employing an integrated approach can
result in more consistent and similar findings across investigations. Finally, the applica-
tion of multiple classification models capable of distinguishing between different phases
of CKD will provide additional clinical information for early detection and personalized
treatment methods.

3 Proposed Chronic Kidney Disease Prediction

The proposed CKD prediction system architecture is shown in Fig. 1. Its goal is to
increase the accuracy of the chronic kidney disease (CKD) prognosis which will help to
identify and treat CKD in its early stages, leading to better outcomes. In proposed sys-
tem, an ensemble learning approach have been used by combining four strong machine
learning algorithms including support vector machine (SVM), logistic regression (LR),
random forest (RF) and decision tree (DT). Their strengths were combined to create a
ensemble model to predict CKD. The system is created as a centralized tool for doctors
to manage patients with CKD, providing insight into early intervention and personalized
treatment plans. The purpose of the planning process is to learn patterns from recorded
data and make predictions about unseen events. The standard training process includes
a training phase and a validation phase. During training, the algorithm learns patterns
and relationships from training data that includes objects and labels (variables). In the
validation phase, the learning model is evaluated using test data that does not contain
text. This allows for an unbiased assessment of the model’s performance and overall
ability. This process has identified the most accurate and reliable models for predicting
chronic kidney disease and its progression based on patient characteristics. Training
models can facilitate early detection, risk stratification, and personalized treatment plan-
ning to improve disease control. The different modules used to implement the proposed
method are as follows:
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1. Data Collection:

Data from UCI Machine Learning Repository [25] was used for the testing, which
included 25 features. Out of 25 features 14 features were considered for training including
serum creatinine levels, BP, age, albumin level, red blood cell count, presence of pus
cells, presence of pus cell clumps, HB levels, RBC count (repeated), WBC count, anemia
status, disease classification, appetite, and packed cell volume.

Fig. 1. Proposed System Architecture

2. Data Preprocessing:

It includes Missing values filling using mean for numerical features and mode for
categorical features, Outliers and noise identification and handling to ensure data quality
and data imbalance for preventing biased model training.

3. Training-

Training uses up to 70% of the data, while testing uses up to 30%. Machine learn-
ing techniques including SVM, LR, RF and DT were used in the ensemble learning
algorithms that were employed for training. Based on patient data, this method enables
us to determine the most accurate and dependable models for forecasting the course of
chronic renal disease. These models can help with risk assessment, early identification,
and individualized treatment planning, which can lead to better disease control.

4 Implementation Details

4.1 Experimental Setups

The proposed method was implemented and tested with the help of the following test
setup:

e 11th Gen AMD Ryzen 5 Processor, §GB RAM, Storage 512 GB, Windows 11.
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e Python language used for with different libraries.
e Sample CKD dataset [25] has been used from UCI repository.

4.2 Methodology

Four potent learning algorithms including SVM, LR, RF and decision tree were merged
into the methods employed in this work. By utilizing the advantages of each algorithm,
this method creates a reliable and precise chronic kidney disease (CKD) prediction
model. First, information is gathered from the UCI Repository [25] and 14 baseline
features are chosen for preprocessing. Preprocessing was done on the data to remove
inconsistent, unclear, and inaccurate data so that the best possible input for the model
could be used. 30% of the dataset is used for testing, while 70% is used for training. Using
this initial data, all four algorithms were trained to find trends and connections between
strategies and the risk of CKD. Logistic regression is good at providing good results,
SVM can find good decision boundaries, decision trees provide meaningful rules, and
random forests provide good predictions from many decision trees. Ensemble algorithms
can capture relationships in the data by combining these variables and make better
predictions than any single model alone. This comprehensive approach can improve early
diagnosis, risk stratification, and individualized treatment planning for CKD patients.
Fig. 2 shows the pseudocode of ensemble algorithm.

pseudocode for the ensemble
algorithm that makes use of
Random Forest, SVM, decision
tree techniques, and Logistic
Regression
Input- Dataset
Output- Prediction
Import required libraries
and modules
Load and preprocess the
data
Split the data
Initialize and train
individual models
Make predictions using
each model
Implement ensemble
voting
Evaluate the ensemble
model

Fig. 2. Flowchart for Ensemble Algorithm
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The ensemble method works as follows:

1. The individual algorithm of SVM, logistic regression, random forest and decision
tree are all trained on the dataset.
2. For a given input, each model makes a prediction.
3. For a final decision, it follow a majority voting system over the four models.
This approach enables us to reap the different strengths of all algorithms as follows

e Logistic Regression: It is quite interpretative and performs well on linearly
separable data.

e Support Vector Machine: Very sensitive to very high dimensional spaces. It works
quite well if the margin of separation is clean.

e Decision Tree: Nice intuitive visualization of where a decision is being made.
Quite good with non-linear relationships.

e Random Forest: It inhibits overfitting and is well tolerated on massive numbers of
features.

By using a combination of the algorithms, attempting to build a more robust
prediction model that can be supported than any single algorithm could provide alone.

5 Results Analysis

The performance of ensemble algorithm using four different methods (SVM, LR, RF
and decision tree) was evaluated using data of 1000, 2000, 3000, 4000 and 5000 records
for training. The analysis is based on four main metrics as F1 — measure, recall, accuracy
and precision (Table 1).

Table 1. Results analysis for Ensemble Algorithm

Dataset Precision Recall Accuracy F1 Measure
Dataset 1 -1000 records 91.07 93.79 89.89 91.80
Dataset 2 -2000 records 90.75 94.64 88.62 91.50
Dataset 3 -3000 records 91.01 94.45 §9.34 91.82
Dataset 4 -4000 records 93.64 95.52 92.56 94.02
Dataset 5 -5000 records 92.74 94.32 91.36 93.42

The dataset having 1000-5000 records have achieves 89.89%-92.56% accuracy.
The average accuracy obtained for the all the datasets used for training is 90.35%. The
precision is in the range of 90.75 to 93.64%. Its precision of highest value suggests
it had the lowest false positive rate. The recall value ranges from 94.32 to 95.52%
% shows it also had the highest true positive rate. The F-Measure, which provides a
balanced measure of precision and recall ranging from 91.50 to 94.02%. The standalone
algorithm such as RF, LR, decision tree and SVM gives the accuracy less than 90%. For
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every test, each model generates a forecast (visual noise), and the prediction with more
than half of the votes is the final output (Fig. 3).

Fig. 3. Graph of Precision, Accuracy, Recall and F1 Measure

6 Conclusion

A significant issue affecting many people’s lives and health worldwide is chronic kidney
disease, or CKD. It is very important to identify and diagnose CKD early in order to put
preventive measures into place, slow the disease’s course, and lessen consequences. The
purpose of this research is to use ML techniques to increase the precision and dependabil-
ity of CKD prediction. The UCI ML Repository dataset has been used in the suggested
strategy. It includes numerous patient records with fourteen pertinent attributes. To give
machine learning models the best possible input, manage missing values, outliers, and
data normalization using data pretreatment approaches. The effectiveness of four well-
known ML algorithms such as SVM, LR, decision tree and RF in predicting chronic
kidney disease (CKD) was tested along as well as with ensemble learning. Based on the
patients’ inputs, the system uses these algorithms to accurately classify patients as hav-
ing CKD or not. The assembly system obtained an overall accuracy of 90.35% indicating
the capacity to identify true positives and negatives while minimizing false positives.
These test results show the efficacy of the suggested method. Predicting the accuracy of
the suggested system can help with customized treatment programs, early intervention
tactics, and CKD screening plans. This procedure offers the potential to enhance patient
outcomes and lower the financial and commercial expenses related to chronic renal dis-
ease through prompt identification and treatment. In future research and development
can concentrate on incorporating more data, investigating blended learning, and utiliz-
ing descriptive intelligence approaches to compute in order to enhance the prediction’s
definition and dependability.
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Abstract. Enhancing lung images is essential for accurate medical diagnosis
and treatment planning. Traditional image enhancement techniques often strug-
gle to balance contrast improvement and noise suppression. In this paper, a novel
method named Dynamic Dual-Histogram Gamma Correction (DDHGC), is pre-
sented that combines the ideas of Dualistic Sub-Image Histogram Equalization
(DSIHE) and Dynamic Gamma Correction with Weighting Distribution. Further-
more, an Enhanced Selective Median Filter is adopted for noise suppression pur-
pose before executing DDHGC. It offers excellent noise suppression and optimal
contrast enhancement capabilities which makes it well suited for medical imag-
ing applications. The aim of this study is to investigate the utility of DDHGC for
improving contrast in two different types of medical imaging data - chest X-ray
images and lung CT images from publicly available datasets. The results show
that the proposed DDHGC method consistently perform better than four common
methods (CLAHE, Gamma Correction, AGCWD and DSIHE). It provides the
best results for PSNR, SSIM, Entropy and CII outperforming in terms of image
quality, structure preservation and enhanced details indicating improved contrast.

Keywords: Chest X-ray Images - Noise Suppression - Enhanced Selective
Median Filter - Dynamic Dual-Histogram Gamma Correction (DDHGC) -
DSIHE - Lung CT Images - Contrast Enhancement

1 Introduction

Image clarity and quality play an important role in medical imaging, particularly for the
diagnosis and monitoring of lung diseases. Lung imaging, primarily through modali-
ties such as X-rays and CT scans, is critical for diagnosing and monitoring a variety of
pulmonary diseases. Enhancing these images can help with accurate diagnosis and treat-
ment planning. High-quality image enhancement techniques are critical for increasing
visualization of anatomical structures and detecting anomalies. Contrast enhancement
is commonly used in digital imagery to enhance visual perception for both humans
as well as machine vision in identifying key image features. The variation in lumi-
nance reflectance (contrast) is created by altering the pixel intensity of the source image
(enhancement).
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Traditional image enhancement methods work reasonably well for some cases, but
often fail to maintain the finer aspects of images as well handle noise properly. The algo-
rithm that performs histogram equalization (HE) is mostly favored technique because of
its simplicity and relatively fast processing time. For medical images in particular, it is
difficult to use HE as they only rely on the pixel range and each image may have different
characteristics. This makes it that histogram equalization methods have been drastically
updated through many different ways. However, as these methods involve excessive
stretching and gray range merging (in a predominantly automated manner), they may
result in the poor enhancement by shifting image brightness, venting detail reduction
along with over-enhancement. To address these challenges, a novel approach has been
proposed which integrates Dynamic Dual-Histogram Gamma Correction (DDHGC) with
an Enhanced Selective Median Filter.

Dynamic Dual-Histogram Gamma Correction (DDHGC) is an advance image
enhancement technique that actively enhances contrast of a given input image by tak-
ing potential benefits from the histogram equalization as well as gamma correction to
provide an outstanding image quality. DDHGC divides the image histogram into two
sub-histograms according to median intensity, and applies adaptive gamma correction to
enhance contrast and also maintains meaningful details in an image. This method makes
certain that the image’s low and high-intensity regions are enhanced appropriately such
that all portions give more balanced and natural results. But boosting contrast alone does
not work, when images are corrupted by noise (very typical in medical imaging). Current
noise model-dependent image enhancement methods also either focus on a single type
of noise or ignore artifacts introduced by unintended contrast enhancements, which are
insufficient.

An Enhanced Selective Median Filter is used in combination with DDHGC to tackle
this problem efficiently. The filter is built to detect and conceal only noise, while totally
leaving other portions of the image unaltered. Together these techniques provide a robust
framework to enhance lung images with noise removal and contrast enhancement simul-
taneously. The Enhanced Selective Median Filter detects noisy pixels with intensity val-
ues higher or lower than the very common ones. Once found, median filter calculates
the median on a variable window size replacing surrounding medium value for the noisy
pixel. This adaptive feature ensures that noise is effectively eliminated without having
to sacrifice any or all of the fine details in an image.

In summary, the proposed combined method seeks to dynamically enhance contrast
within an image while also suppressing noise selectively and effectively. The end result
is high-quality lung images that are critical for accurate medical diagnosis and analysis,
thereby improving patient outcomes and healthcare delivery efficiency. The next few
sections detail the proposed algorithm and compare to other methods.

2 Literature Survey

When you enhance images, particularly dark images, the image enhancement techniques
can present two issues: unconventional effects and over-enhancement. These shortcom-
ings draw attention to how difficult it is to achieve balanced enhancement without sac-
rificing image quality. Through the preservation of original brightness and informa-
tion, histogram equalization (HE) techniques improve contrast and brightness, thereby
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improving image quality. In order to identify the most efficient technique for image
enhancement, Sakshi et al., [1] conduct a critical comparison of different equalization
approaches, evaluating and tabulating various parameters. The work of Siddiqi et al. [2]
investigate the application of histogram equalization for effective image enhancement
and noise reduction in medical CT images of the abdominal area. The methodology
consists of two steps: beginning, pixel-based intensity transformation to de-noise the
image background, leading to improved foreground features; and secondly, implement-
ing histogram equalization filters onto the transformed image. The method that achieves
uniform enhancement while reducing errors. HE modify image contrast, however tradi-
tional methods may occasionally fall short in maintaining natural brightness along with
contrast. Rao et al. [3] addressed these issues with improved multi histogram equaliza-
tion, which splits an image into smaller images and applies HE to each. This approach
uses sub-pixel switches between corresponding images to improve data alignment and
contrast, particularly in low-light images.

In order to enhance chest X-ray (CXR) images, Anand et al., [4] present a contrast
diffusion network. Contrast is extracted from the input image using multi-level CLAHE
(Contrast Limited Adaptive Histogram Equalization). The input image is then enhanced
by diffusing the newly acquired contrast features over it; the amount of diffusion is set
by multiple CLAHE stages. By bringing together CLAHE for enhancing contrast with
Retinex theory, Georgieva et al., [5] present an adaptive algorithm for improving the
visual clarity of CT images. Furthermore, to lessen noise, an intricate adaptive filter that
combines Wiener along with median filtering is employed. In order to minimize noise
and sharpen images, Singh et al. [6] recommend integrating morphological filtering
approaches, which include open as well as bottom-hat functions, to improve visibil-
ity and background details. The Image Quality Assessment (IQA), which employs the
Enhancement Measure (EME), affirms optimized image quality, alongside more precise
features and retained important features. Wang et al. [7] present an approach to enhance
lung CT scans which involves the total variational framework and wavelet transform.
Two layers make up the original image: high frequency details and low frequency struc-
ture. The structure layer is contrast enhanced using histogram analysis, whereas the
detail layer is denoised with wavelet transform and adaptive thresholding. Finally, the
enhanced CT image is created by weight-fusing the processed layers.

In order to improve images subjected to complex conditions, Ye et al. [8] pro-
pose a dual histogram equalization algorithm built around adaptive image correction,
addressing problems with gray level incorporating, brightness transformation, and over-
enhancement in conventional methods. Through adaptive threshold adjustment to pre-
vent over-enhancement and the avoidance of mean luminance shift, it improves on the
Otsu method for more successful histogram segmentation. To avoid integrating gray
levels, the algorithm additionally uses local gray level correction. Experimental analysis
demonstrates that it effectively improves contrast and specifics without incorporating
noise. However, it might be less time-efficient, making it better suited to industrial
applications. Ezhilraja et al. [9] put forth Multi-Level Modified Dualistic Sub Image
Histogram Equalization (ML-DSIHE) to improve CT images by iteratively splitting the
histogram at the intensity midpoint while applying equalization to every segment. This
method deals with issues such as over- as well as under-enhancement, foreground detail
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losses, and noise amplification. ML-DSIHE has been confirmed to be a novel method
for improving the early identification accuracy of lung cancer while remaining computa-
tionally effective, making it appropriate for real-time applications. Yu et al. [10] present
an automated image illumination correction algorithm based on Retinex theory and the
discrete wavelet transform to extract image illumination. It uses two functions: one is
for spatial luminance (which operates on the original pixel locations) performing local
gamma correction, and another global statistical luminance to get overall adaptation.
The training set provides estimates under different exposure levels and dimensions for
adaptive correction. This will also help keep edges smooth and eliminates noise after
reconstruction. A study by Jeyalaksshmi et al., [11] discusses about detecting blood
issues associated with cancer by image preprocessing techniques. It is accomplished by
utilizing an adaptive anisotropic diffusion filter for reducing noise and adaptive mean
adjustment for enhancing the image. The suggested filtering and enhancement techniques
obtain better performance in removing noise and improving the quality of the images
compared to existing methods. The study by Mercy et al., [12] focuses on enhancing
palm print preprocessing for security systems by introducing Receiver Operating Char-
acteristic assessment. It also explores feature extraction techniques to strengthen security
system efficiency.

3 Proposed Model

This paper proposes a robust adaptive approach to contrast enhancement for lung images
using dynamic-dual-histogram gamma correction (DDHGC). This process is composed
of two main phases: Dualistic Sub-Image Histogram Equalization (DSIHE) and Dynamic
Gamma Correction with Weighting Distribution (DGCWD). The integration is suit-
able for medical imaging applications in which accurate and extensive visualization is
critical because two complementary techniques, adaptive gamma correction and his-
togram equalization are both utilized. As both the imaging conditions and equipment
are different, medical images such as lung image often have noise. Higher noise levels
in the enhanced image may at times results in degrading original quality of images.
To reduces noise and improve the qualities of lung images a combined approach that
involves DDHGC as well as Noise filter can be used. In this paper, DDHGC is integrated
with an advanced filter: Enhanced Selective Median Filter to balance noise reduction
and detail preservation. The filter is performing spatial processing to attack the high-
frequency components that are most likely noisy pixels. The overview of the proposed
model is given in Fig. 1.

3.1 Enhanced Selective Median Filter for Noise Suppression

DDHGC aims at providing good contrast and preserving detail in the lung images. It is
not really designed to be a noise suppression algorithm even though its adaptive nature
features stopping excessive amplification of the system. To obtain the best results, lung
images had to be de-noised (noises free) prior the use of DDHGC based on ESMF
presented itself as an important tool with such a purpose.

This method is so efficient because it filters out the noisy pixels only, and does
not degenerate any of the non-noisy ones; hence preserving all the crucial details in an
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image. In salt-and-pepper noise, only noisy pixels have extreme intensity values (either
0 or 255). Define N as the noisy pixel set.

N ={@.)IGj) =0 or I(i,)) =255} (D

The filtering process starts with an initial window size, usually 3 x 3, centered
around each noisy pixel once the noisy pixels have been identified. Because it is small
enough to prevent the filter from unduly smoothing the image and losing crucial details,
this window size was selected. The 3 x 3 window’s non-noisy pixel count is determined
by the filter. Pixels that do not have the extreme values of O or 255 are considered non-
noisy. If there are sufficient non-noisy pixels in the window, the median of these pixels
is found.For each noisy pixel (i,j) € N, the filtering window size W starts at 3 x 3 and
increases until a sufficient number of non-noisy pixels are found.

@)

1(,)) = median{[(x’ y)‘ (x,y) € Wand }

I(x,y) # 0andI(x,y) # 255

If the original window contains at least one non-noisy pixel, this noisy image pixel
is replaced with the non-noise pixel’s median value. This replacement aids in noise
reduction while maintaining the image’s local structure. If the original window contains
no non-noisy pixels, the window size is progressively raised (e.g.,to 5 x 5or7 x 7) until
the maximum size of the window is attained or there are sufficient non-noisy pixels. For
example, a pre-established maximum window size of 39 x 39 is set to prevent the filter
from expanding infinitely. The maximum window’s median value is used to replace the
noisy pixel if no non-noisy pixels can be located within its boundaries.

3.2 Dualistic Sub-Image Histogram Equalization (DSIHE)

A sophisticated method of enhancing digital images, Dualistic Sub-Image Histogram
Equalization (DSIHE) is especially helpful for improving lung images and other medical
imaging applications where contrast is a concern. This technique effectively increases
local contrast by dividing the histogram of the image into two sub-histograms according
to the median intensity value and then independently equalizing these sub-histograms.

The process begins with calculating the histogram of the input image. The distribution
of pixel intensity values throughout the image is displayed graphically by the histogram.
The total quantity of pixels for each intensity value—which, in the case of an 8-bit
grayscale image, ranges from 0 to 255—is counted in this step.

hist(i) = Z SU(x,y) — i) 3)

X,y

where § denotes the Dirac delta function, i represents intensity levels, and 7(x,y)
indicates the intensity of the pixel at (x, y).

The histogram’s cumulative distribution function (or CDF) is then calculated. The
CDF provides a mapping from the original pixel intensities to a scale of cumulative
probabilities. It is the cumulative sum of the values in the histogram.

CDF(i) = > _ hist(j) (4)

Jj=0
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The CDF is used to determine the median intensity value. In the histogram that value
will be used to split into two smaller histograms. The median intensity level is the one
which lies in between a histogram of image where half pixel values of image are below
that value and remaining others lie above.

CDF (i) >

Median = min{ i (®)]

total pixels }

The bottom part of the histogram contains pixel intensities that range from minimum
to median value, and the top part of the histogram contains intensity values ranging
across from median until maximum. Next, the sub-histograms are equalized separately.
The process of histogram equalization involves redistributing intensities from each sub-
histogram through the whole range to attain a uniform distribution. This makes the
contrast within each intensity range enhanced.

For the lower sub-histogram (0 to Median):

Tower (x,y) — min(/jower )

I V) = - Medi 6

tower (5 3) = T Gian — min(hoer) " ©
For the upper sub-histogram (median to 255):
I, ,¥) — Medi

Hper (5, y) = oper Qo) = Median i refian) 4 Median (7

max (Iupper ) — Median

The two equalized sub-images are then combined to generate the resulting enhanced
image. It makes sure that both the lower and upper intensity regions could get improved,
ensuring a more balanced contrast enhancement of an image as a whole.

Illower (x, ) if I(x, y) < Median

(x,y) ifI(x,y) > Median ®)

IpsiHE(X, Y) =y
upper

Having equalized sub-histograms independently, DSTHE is more efficient at improv-
ing contrast for different intensities regions than conventional histogram equalization.
This method prevents over-enhancement and data loss of important clinical details,
particularly for medical images in which the sharpness and visibility of structures are
essential. This also solves the problem of traditional histogram equalization which
over-brightens or darkens parts in an image resulting in a much more natural appearance.

3.3 Dynamic Gamma Correction with Weighting Distribution

Once image contrast was enhanced using DSIHE, the next step is to apply Dynamic
Gamma Correction. This step will make the image enhancement better by dynamically
adjusting the gamma value based on the image’s local statistics.

3.3.1 Weighting Distribution Calculation

In general, the term ‘weighting distribution’ refers to a set of weights obtained from the
pixel intensity distribution of an image in image processing. These weights favors some
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Fig. 1. Proposed Model Overview

pixel values more over based on their frequency or importance within the image. This
method is particularly applicable in adaptive contrast enhancement techniques where
uniform processing of all pixel values may not lead to give best results.

The cumulative distribution function (CDF) of the processed image by DSIHE is
used to calculate a weighting distributions. This distribution helps decide how gamma
correction should be applied at various intensities

CDF(i) = Z histpsiae () )
j=0

The computation of the weighting distribution W based on the CDF is then executed.
Naturally each intensity value has a weight equal to its cumulative probability, enabling
the algorithm to give importance for more probable intensities

CDF (i)

W) = max(CDF) (10
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3.3.2 Dynamic Gamma Calculation

In the DSIHE-processed image, the mean of the pixel intensities (i) and standard devia-
tion (o) are computed. These statistics are at most necessary for determining the dynamic
gamma value.

p= ]lV§IDSIHE(x»)’) (11)
1
o= |5 Unsmetx,y) — 1) (12)

xy

The basic idea is to estimate gamma from the local statistics of image (mean and
standard deviation) and adjusted according to the weighting distribution. This ensures
that the enhancement is an adaptive process and sensitive to any local content in the
image.

y =logig(u+0) - o (13)

where u is the mean, ¢ is the standard deviation, and a is a scaling factor.

Next, the values of intensity pixels in this image are modified using the computed
gamma value. This process enhances the contrast dynamically, ensuring that areas with
different intensity ranges are enhanced appropriately.

Lgamma (x, ¥) = (Ipsine(x, y)/255.0)7 - 255 (14)

Finally, the pixel intensities are clipped to the valid range [0, 255]- this ensures that
pixel values do not overflow or underflow.

Lgamma(x,y) = min(max(lgamma(x’ »), 0)7 255) (15)

This guarantees that those changes are being done with respect to context, allow-
ing for areas with different intensity distribution within an image to be enhanced
accordingly.Weighting distribution helps in preventing over-enhancement or under-
enhancement of certain regions, thereby improving the global visual quality of the image.
Below is the suggested method’s algorithm:

Algorithm: DDHGC method

Step 1: Acquire the lung image: Load the grayscale lung image from the dataset or
imaging device.

Step 2: Apply Enhanced Selective Median Filter (ESMF) for Noise Suppression

Step 3: Dualistic Sub-Image Histogram Equalization (DSIHE)

e Calculate the histogram of the noise-suppressed image as in Eq. (3).

e Divide the histogram at the median intensity value into two sub-histograms.

e Implement histogram equalization separately to every sub-histogram, resulting in
two equalized sub-images as in Eq. (6) and (7).

e Merge the two equalized sub-images to form the enhanced image using Eq. (8).

Step 4: Dynamic Gamma Correction with Weighting Distribution
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Calculate Weighting Distribution

Compute the CDF of the DSIHE-processed image.

Calculate the weighting distribution based on the CDF as in Eq. (10).

Compute the mean and standard deviation of pixel intensities in the DSIHE-processed

image as in Eq. (11) and Eq. (12).

e Calculate the gamma value adaptively using a logarithmic function of the mean and
standard deviation as I Eq. (13).

o Use the dynamic gamma value to apply gamma correction to the image using Eq. (14)

Step 5: Output the enhanced lung image, ready for medical diagnosis and analysis.

4 Results and Discussions

Using an Intel(R) Core i7-4790 CPU, which provides an effective computing environ-
ment, Python experiments were used to evaluate the claimed Dynamic Dual-Histogram
Gamma Correction (DDHGC) method’s performance. The suggested approach has
proven to perform better at enhancing contrast in lung CT images from the COV19-
CT-DB and LIDC-IDRI datasets, as well as chest X-ray images obtained using the NIH
Chest X-ray Dataset and CheXpert dataset. The potency of DDHGC was evaluated
in comparison with that of CLAHE, Gamma Correction, Adaptive Gamma Correction
with Weighting Distribution (AGCWD), and DSIHE, the four widely used contrast
enhancement techniques. Once ESMF is applied to the input images to suppress noise,
advance contrast enhancement techniques are implemented. Figure 2 displays the input
images with their corresponding enhanced images for the CT scan and X-ray image
samples.

The primary metrics listed below have a significant impact on clinical outcomes by
providing objective measurements of image quality and diagnostic utility.

o PSNR (Peak Signal-to-Noise Ratio): Better image quality is indicated by higher levels
of PSNR ensuring that images are clearer and more interpretable by radiologists.

e SSIM (Structural Similarity Index): Calculates how similar the enhanced and original
images are to each other. Greater structural similarity is indicated by higher values,
which range from O to 1.In clinical settings, maintaining anatomical structures is
essential for accurate diagnosis, particularly in detecting lung diseases.

e Entropy: Quantifies how much detail or information is present in the image being
analyzed. Images with higher entropy are said to be more detailed.This can improve
clinical interpretations by exposing hidden features or patterns that are essential for
diagnosing complicated conditions.

e CII (Contrast Improvement Index): Quantifies the improvement in contrast. Enhanced
contrast can result in better identification of pathologies, improving clinical decision-
making.

The results, summarized in Tables 1 and 2, reveal that DDHGC outperforms the
other techniques across all metrics.

In Table 1 for chest X-ray images, the DDHGC method regularly generated the
highest PSNR values of 30.10 and 30.70 for the NIH and CheXpert datasets respec-
tively. This indicates that DDHGC produces the highest quality images with the least
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Fig. 2. Results of proposed method, (a) original CT scan image, (b) enhanced CT scan image,
(c) original X-ray image, (d) enhanced X-ray image

Table 1. Performance comparison of Proposed contrast enhancement technique in Chest X-ray
images

Chest X ray
Method Dataset PSNR SSIM Entropy CIl
CLAHE NIH 28.40 0.76 7.00 1.44
CheXpert 29.00 0.77 7.10 1.46
Gamma Correction NIH 27.10 0.74 6.90 1.34
CheXpert 27.90 0.75 7.00 1.40
AGCWD NIH 28.90 0.78 7.20 1.49
CheXpert 29.40 0.79 7.30 1.51
DSIHE NIH 28.60 0.77 7.10 1.47
CheXpert 29.20 0.78 7.20 1.50
DDHGC NIH 30.10 0.81 7.50 1.60
CheXpert 30.70 0.82 7.60 1.62

amount of distortion and noise. The SSIM values for DDHGC were also the highest, at
0.81 and 0.82, demonstrating superior preservation of structural details in the enhanced
images. Entropy, which measures the amount of information and detail within an image,
was highest for DDHGC (7.50 and 7.60 for NIH and CheXpert, respectively), suggest-
ing that this method enhances the images to reveal more details. Lastly, the Contrast
Improvement Index (CII) scores of 1.60 and 1.62 for NIH and CheXpert, respectively,
indicate that DDHGC significantly enhances the contrast, making critical anatomical
structures more visible. When compared to other methods like CLAHE and AGCWD,
DDHGC demonstrated superior performance in all metrics, highlighting its effectiveness
in providing clearer, more detailed, and higher quality chest X-ray images.
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Table 2. Performance comparison of Proposed contrast enhancement technique in Lung CT scan
images

CT Scan
Method Dataset PSNR SSIM Entropy CIt
CLAHE COV19-CT-DB 30.10 0.80 7.40 1.54
LIDC-IDRI 31.00 0.81 7.60 1.60
Gamma Correction COV19-CT-DB 29.00 0.77 7.20 1.47
LIDC-IDRI 29.70 0.78 7.40 1.52
AGCWD COV19-CT-DB 30.50 0.81 7.50 1.57
LIDC-IDRI 31.30 0.82 7.70 1.61
DSIHE COV19-CT-DB 30.30 0.80 7.40 1.55
LIDC-IDRI 31.10 0.81 7.60 1.60
DDHGC COV19-CT-DB 32.00 0.84 7.80 1.70
LIDC-IDRI 32.40 0.85 8.00 1.71

In Table 2, for lung CT images, DDHGC again outperformed other methods. The
PSNR values for DDHGC were 32.00 and 32.40 for the COV19-CT-DB and LIDC-
IDRI datasets, respectively, indicating exceptional image quality. The SSIM scores of
0.84 and 0.85 further confirm that DDHGC maintains the structural integrity of the
images better than other methods. In terms of Entropy, DDHGC achieved values of 7.80
and 8.00, the highest among all compared methods, indicating that it brings out more
detail from the original images. The CII values of 1.70 and 1.71 for COV19-CT-DB
and LIDC-IDRI, respectively, suggest a substantial improvement in contrast, crucial
for highlighting lung structures and pathologies. Other methods such as CLAHE and
AGCWD performed well but did not match the overall performance of DDHGC. The
consistent superiority of DDHGC across PSNR, SSIM, Entropy, and CII metrics in both
chest X-ray and lung CT images underscores its potential as a highly effective contrast
enhancement technique, offering significant improvements in image clarity, detail, and
diagnostic value.

The DDHGC approach shows greater performance compared to methods such as
CLAHE, Gamma Correction, AGCWD, and DSIHE, particularly in medical image
enhancement for lung disorders. DDHGC excels by providing balanced contrast
enhancement without compromising structural integrity as shown in bar graphs from
Figs. 3,4, 5 and 6, outperforming these methods in metrics such as PSNR, SSIM, Entropy,
and CII. Compared to CLAHE, which is widely used for contrast enhancement, DDHGC
offers more accurate contrast control with less chance of over-enhancement. In contrast
to AGCWD, DDHGC'’s adaptive gamma correction ensures improved contrast enhance-
ment through varying intensity regions, making it suitable for medical images where
details in both low and high-intensity areas are essential. Unlike traditional Gamma
Correction and DSIHE, DDHGC'’s integration of noise suppression with an Enhanced
Selective Median Filter guarantees that noise is minimized without degrading the fine
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Fig. 3. PSNR outcomes of various techniques for enhancing contrast in different datasets

Fig. 4. SSIM outcomes of various techniques for enhancing contrast in different datasets

Fig. 5. Entropy outcomes of various techniques for enhancing contrast in different datasets

details of images. This makes it particularly valuable for lung imaging, where preserv-
ing subtle anatomical features is essential for accurate diagnosis. By outperforming
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Fig. 6. CII outcomes of various techniques for enhancing contrast in different datasets

these well-established techniques across various datasets, DDHGC positions itself as a
state-of-the-art technique which combines the benefits of histogram-based and gamma
correction methods, making it highly effective for medical imaging applications where
both contrast enhancement and noise suppression are vital.

5 Conclusion and Future Work

The quality of lung images must be improved to allow pin-point diagnosis and treatment
planning in medical applications. The proposed methodology is known as Dynamic
Dual-Histogram Gamma Correction (DDHGC), which unifies the methods of Dynamic
Gamma Correction via Weighting distribution, DSTHE, and robust noise reduction with
Enhanced Selective Median Filter. This combination ensures excellent contrast enhance-
ment coupled with effective noise reduction, making it a great choice for medical imaging
applications. We analyzed two types of medical imaging datasets in this study: chest X-
ray images from the NIH Chest X-ray and CheXpert and then lung CT images extracted
from COV19-CT-DB dataset as well as LIDC-IDRI. The results are sufficiently instruc-
tive in showing that DDHGC is remarkably superior compared to the traditional methods
including CLAHE, Gamma Correction and AGCWD and DSIHE based on metrics like
PSNR, SSIM, Entropy, and CII. DDHGC performed the best in terms of having highest
PSNR which means better quality images, the best SSIM scores, indicating better preser-
vation of structural information, the highest Entropy values, showing more detailed and
informative images, and the highest CII, indicating improved contrast enhancement.
Future research can focus on several domains to improve the usability and performance
of the DDHGC method. One way is expanding the method to handle a wider range of
medical imaging modalities, including MRI, PET, or ultrasound, to test its effectiveness
beyond lung imaging. Another avenue may involve wide use of hardware acceleration
geared to real-time processing, for example via GPUs or FPGAs to render the method
practical for clinical application. This allows the extent of clinical validation to be per-
formed in real-world application with medical professionals and actual patients and
how well it can translate into a diagnostic environment. Moreover, with the evaluation
feedbacks of radiologists regarding visual quality and diagnostic value on the enhanced
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images, more fine tuning could be performed so as to better meet clinical requirements
of providing affective diagnosis.
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Abstract. Globally lung illness is widespread due to changes in the environment,
weather, daily life, and other factors. Thus the impact of this disease on physi-
cal condition is increasing quickly. It motivates to the development of Machine
Learning (ML) and Deep Learning (DL). It can give medical professionals and
other researchers guidance on how to use DL to detect lung disease. In this paper, a
novel Elite Opposition Learning Based Transfer Residual Neural Network (EOL-
TRNN) is introduced for the identification of pneumonia from a Chest X-Ray
(CXR). First off, it’s expected that ResNet-34 is used for feature extraction layer
in lung disorders. Subsequently, the dataset is trained and tested using deeper net-
work layers and improved feature extraction layers. ResNet-34 performs well in
image classification, ImageNet features have been extracted from images. TRNN
weights can be iteratively changed in accordance with training CXR images with
a lower bias rate. EOL is a one-step optimization approach. National Institutes of
Health (NIH) CXR dataset is collected from Kaggle and subjected to the EOL-
TRNN model. With CXR images, the EOL-TRNN classifier may predict lung
disease with a higher degree of accuracy than current techniques. Measures like
precision, recall, Fg-score, and accuracy are used to evaluate the performance of
the approaches.

Keywords: Lung Disease - Chest X-Ray (CXR) Images - Deep Learning (DL) -
Elite Opposition Learning Based Transfer Residual Neural Network
(EOL-TRNN) - Elite Opposition Learning (EOL), - and Classification

1 Introduction

Lung problems have become more common cause of death in recent years, with numerous
contributing causes. Among the mild to moderate adverse effects that people infected
with the novel Covid-19 and pneumonia experience include fever, hacking, and shortness
of breath [1]. But severe pneumonic illnesses in the lungs have claimed the lives of other
persons [2—4]. Pneumonia is able to be brought on by a diversity of conditions with as
bacterial infections, viral infections (e.g., Covid-19), colds, and the frequent cold [5].
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Conversely, bacterial pneumonia is more serious and, particularly in children, can
present with slow or even abrupt onset of symptoms. Fungal pneumonia is an additional
type of pneumonia that can strike those with weakened immune systems. This kind
of pneumonia is potentially serious and takes time for the patient to recover. Thus,
study and the development of novel techniques supporting computer-aided diagnosis are
desperately needed to lower pneumonia-related mortality, particularly child mortality,
in the poor countries. A critical part of medical diagnosis and disease management is the
examination of chest radiography. For this, DL and ML can be quite important. Digital
technology has grown in importance on a global scale recently.

The use of Artificial Intelligence (Al) to identify diseases on chest radiographs has
gained popularity in medical research recently and has proven to be beneficial. DL
approaches are currently being used to solve various issues in research, engineering, and
health care. DL is the key accomplishment in AI [6, 7]. DL approach, feature extraction
is performed automatically to lessen the impact of human operations [7].

Among them, Convolutional Neural Network (CNN) robust features have led to its
widespread use in the medical field [8]. Along with the use of radiological imaging, CNN
approaches are able to aid in the precise recognition and classification into COVID-19 and
Non-COVID-19 [9, 10]. Aside from a number of successes, CNN performs exceptionally
well with big datasets. But if sufficient caution is not exercised, they frequently collapse
on tiny datasets.

In this paper, Elite Opposition Learning Based Transfer Residual Neural Network
(EOL-TRNN) classifier is proposed for the identification of pneumonia in the CXR
dataset. EOL-TRNN has 35 layers at a depth. Novel approach of Transfer Learning
(TL) is used a pre-trained architecture to attain the related level of demonstrates yet
on a restricted dataset, and differentiate of pneumonia and normal CXR. Pre-trained
weights and the TL technique are used to categorize patients using a different dataset of
CXR images. Pre-trained models showed excellent performance and yielded valuable
insights into the TL technique for the classification system of CXR images. ResNet-34
performs well in image classification, ImageNet be able to extract high-quality features
from images. Lastly, contrast the test findings with those of other DL models.

2 Literature Survey

RetinaNet and Mask-RCNN, an ensemble of two CNNs was suggested by Sirazitdi-
nov et al. [11] for the recognition and localization of pneumonia. Created a dependable
automated pneumonia detection system and tested it using the biggest clinical publicity
available database. Jaiswal et al. [12] suggested a Mask-RCNN that combines the global
features and local features for pixel-wise segmentation. It attains robustness by com-
bining bounding boxes from many models in a novel post-processing step and making
significant changes to the training procedure. This model performs better when tested
on a dataset of chest radiographs that show possible causes of pneumonia.

Three deep neural networks, each of which learnt by competing and cooperating
with the others, by Tang et al. [13]. It models the underlying content structure of the
typical CXR. Since the content was not observed during the training phase, the model
would perform badly in its reconstruction if the content was anomalous. Otherwise, the
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learnt architecture can effectively model and rebuild the content. It makes it possible
to differentiate between abnormal and normal CXR. It is solved by Souza et al. [14]
automatic lung segmentation technique in CXR, which reconstructs the lung sections
that are “lost” as a result of pulmonary anomalies. The four key steps of the suggested
method are (1) image acquisition, (2) initial segmentation, (3) reconstruction, and (4)
final segmentation. It includes two deep CNN models.

Two distinct DL approaches was proposed by Bhandary et al. [15] to evaluate the
problem under consideration: (i) First DL technique to classify CXR images into the
normal and pneumonia classes was called a modified AlexNet (MAN). Support Vector
Machines (SVM) is used in MAN, and their performance is evaluated against Softmax.
Additionally, various pre-trained DL approaches are used to validate its performance. (ii)
To enhance classification accuracy as assessing lung cancer, the subsequent DL classifier
combines learnt and handcrafted features in the MAN. Principal Component Analysis
(PCA) selection and serial fusion is introduced for generation of feature vector from
CXR images.

Behzadi-Khormouji et al. [16] proposed a Chestnet based design maintains the patho-
logical features in the images. It contains direct layers than the recognized Deep CNN
for detecting consolidation in CXR images. To demonstrate the generalizability of the
suggested model, an additional validation is carried out using an entirely different dataset
from the dataset under consideration. Chouhan et al. [17] presented a unique deep learn-
ing architecture with ImageNet or the diagnosis of pneumonia. ImageNet is introduced
to feature extraction and it is fed into a classifier. Feature extraction, ensemble classifi-
cation, data augmentation, and transfer learning with Neural Network (NN) (AlexNet,
DenseNet121, InceptionV3, resNet18, and GoogLeNet).

Liang and Zheng [18] created a deep residual network framework which merges
residual and dilated convolution to detect and identify childhood pneumonia. Particularly,
the over-fitting and deterioration of the depth model are addressed by the suggested
approach of residual structure, and the problem of feature space data loss that results
from starting the model depth increment is addressed by the introduction of dilated
convolution. Through TL, parameters are initially trained on datasets in the similar field.
When it comes to the classification of pediatric pneumonia, it is very reliable.

Farhan and Yang [19] proposed Hybrid Deep Learning Algorithm (HDLA) frame-
work for the automatic categorization of lung diseases from CXR images. Pre-processing
is introduced to the grouping of optimal filtering and enhances the quality of raw CXR
images with reduced data loss. CNN is introduced for automatic extraction of lung
features by the pre-trained model. Feature extraction is performed by 2D-CNN model.
Based on 1D feature estimation, the proposed model guarantees reliable feature learn-
ing from the pre-processed input image. Min-max scaling is introduced to maximize the
recovered 1D feature as they have experienced considerable scale variations.

3 Proposed Methodology

In this paper, an Elite Opposition Learning Based Transfer Residual Neural Network
(EOL-TRNN) is introduced for the identification of pneumonia from a CXR. EOL-
TRNN classifier feature maps can be extracted on ImageNet. ResNet-34 is used for the
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feature extraction layer in lung disorders. Subsequently, the dataset is trained and tested
using deeper network layers and improved feature extraction layers. Finally, EOL-TRNN
weights can be iteratively changed in accordance with training CXR images with a lower
error rate. The National Institutes of Health (NIH) CXR dataset was collected from the
Kaggle and it has been used for simulation. Figure 1 illustrates the flow diagram of
proposed methodology,

CXR dataset
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Fig. 1. Flow process of proposed work
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3.1 Gaussian Blurring

Gaussian Blurring is introduced for removing noises from lung disease detection mask.
Then it is subtracted from an original mask and normalizes it. Finally, cross entropy loss
is computed for each connected position, this mask is multiplied. Equation (1), the fuzzy
border weights (weg,) have been determined,

wem, = 1 — abs(t — g(t, k)) €))

where t is the target mask, absolute function(abs()), kernel size(k), and Gaussian blurring
function(g()).

3.2 Feature Extraction by ImageNet

In order to obtain excellent performance, CNN training requires a large number of
annotated CXR images. However, generally speaking, it is challenging to get such a
big number of CXR, and picture labeling is expensive. Consequently, transfer learning
has been shown to be a very successful technique is frequently used in a comparatively
limited number of CXR images to train the neural network. Prior to training on their
own CXR images is able to be acquired by pre-training on extensive well-established
ImageNet. It has been pre-trained using the transfer learning.

3.3 Classification by RNN

ResNet-34 network is primarily of residual building blocks, which make up the entire
network. The residual building block employed a shortcut-connection [9] to bypass the
convolutional layers. Figure 2, Conv, Batch Normalization (BN), a Rectified Linear Unit
(ReLU), and a shortcut by residual building part in the network. The output is able to be
expressed as follows Eq. (2),

y=Fx) +x 2)

where x and y is denoted as the input and output function of residual network, and F is
the residual function. A few fundamental blocks and the first convolutional layer make
up the residual network as a complete. Three 3 x 3 Conv layers, a 3 x 3 max-pooling
layer, an average pooling layer, and a fully connected (FC) make up ResNet-34.

3.4 Proposed EOL-TRNN Classifier

ReLU serves as the TRNN classifier activation function. It is indicated as follows Eq. (3),

f(x) = max(0, x) 3)

where f is denoted as the ReLU function, and x is denoted as the input.
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Fig. 2. Resnet-34 model

Elite Opposition Learning (EOL): Elite Opposition Learning (EOL) is an opti-
mization technique for weight generation. Based on Opposition direction, the TRNN
weights are able to be updated iteratively according towards training CXR images.
EOBL make use of the elite individual in the present weights are used to create
equivalent opposites of the present CXR images positioned by the dimension of opti-
mal weight values. Therefore, the elite determination guides the particles and at last
reaches a capable area, where the best label might be established. Therefore, EOL
method will progress the weight variety to improve the investigation of the TRNN

classifier. Weight Wi = (w1, Wko, ..., Wip) in the present population is denoted as
wi = (Wi1, Wi2, ..., Wip); Consequently, the elite opposite location determination be
Wi = (Wki, Wi, - . ., Wkp) is computed by Eq. (4),

VNVk’j =F x (dyj + de) — Wk,j 4)

where F € [0, 1] is denoted as the generalization factor. dy; and dz; is denoted as the
dynamic boundaries. It has been computed using Eq. (5),

dy; = min(wy j), dzj = max(wyj) )

On the other hand, the resulting reverse be able to go beyond the investigate
boundaries [y}, zx]. A random value is allocated to the weight in [y,, zx] by Eq. (6),

{Ivvk’j = rand(yj + Zj), if ‘;k’j < yj||{;vk’ij (6)

Various adaptive diagnostic rates were developed for various parameters, and a
TRNN weights can be repeatedly updated based on the CXR images used for train-
ing [20]. The diagnostic rate can be more effectively adjusted by the EOL algorithm
when back propagation and updated parameters are present. The EOL approach can also
be applied to gradient sparsity and unstable objective function problems. As a result, the
EOL algorithm learns effectively and converges more quickly.

Cross Entropy: Cross entropy is used to optimize weight and bias. It has been defined
by Eq. (7):

H(p. q)=— > pi(x)log,qi(x) (7)

i=1
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If x is the CXR input, p is the probability, q is the predicted probability, and H is
the cross entropy. Errors have an impact on weight and deviation updates [21]. For this
reason, the weights update relatively quickly when the error is sufficiently high. In a
similar vein, weights and deviations update slowly when errors are modest. H(p, q),
consists of 35 trainable layers, 2 FC layers, 16 identity blocks, and a convolutional layer.
The five convolution groups that make up the proposed system are each made up of 1
or more basic convolution operations (Conv- > BN- > ReLU). With a kernel of 7 by 7
and a stride of 2, the initial convolution group has simply 1 convolution operation.

Fig. 3. Structure of EOL-TRNN framework

The ImageNet dataset was used to transfer the first 33 layers of the EOL-TRNN
(Fig. 3 shows 1 + 16 x 2 = 33 Conv layers). To fit the CXR dataset category label, a
FC layer and the softmax classifier. Simultaneously, EOL enhanced the classifier’s final
lung disease diagnosis accuracy.

4 Result and Analysis

This section shows the performance comparison of classification methods with respect
to dataset, and visualization. The classification methods are simulated using MAT-
LABR2020a simulator. Several evaluation metrics has been used for results analysis
of classification methods.
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4.1 Dataset

CXR images dataset consists of 112,120 images with 1024 x 1024 size of the chest
by 30,805 patients. Among them 80.00% is used for training, and 20.00% is used for
testing. Figure 4 shows CXR Dataset with four classes.

(a)Infiltration  (b)Pneumoth- (c)Edema  (d)Emphysema
orax

Fig. 4. CXR Dataset with four classes

Fig. 5. No.of samples for each class

Figure 5 shows the total number of classes and total number of images each class
for CXR dataset between M and F gender.
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4.2 Evaluation Metrics

Evaluations metrics has been calculated by Egs. (§8—12) [22],

. TP

Precision(PR) = —— (8)

TP 4 FP

TP
RecallRE) = —— ©))
TP + FN
2 PR x RE

Fﬁ — score = <1 +B ) m (10)

TP + TN
Accuracy(Acc) = (11

TP + TN + FP + FN

In the Egs. (8—11), where TP-True Positive, TN-True Negative, FN-False Negative,
and FN-False Positive.

4.3 Results and Discussion

Performance of EOL-TRNN classifier and the existing models (Mask-RCNN, MAN,
Chestnet, and HDLA) has been measured by metrics. Proposed classifier has highest
results of 75.62%, 78.83%, 77.19%, and 82.11% for precision, recall, Fg-score, and
accuracy (Refer Table 1).

Table 1. Metrics comparison of DL classifiers

Methods Precision (%) Recall (%) Fg-score (%) Accuracy (%)
Mask-RCNN 64.11 65.71 64.90 72.81
MAN 66.23 67.19 66.71 74.08
Chestnet 68.14 70.35 69.23 76.56
HDLA 71.38 74.27 72.80 78.33
EOL-TRNN 75.62 78.83 77.19 82.21

Figure 6 shows the graphical analysis of classifiers such as Mask-RCNN, MAN,
Chestnet, HDLA, and EOL-TRNN with respect to precision. Parameters of the clas-
sifier have been optimized via EOL. Precision results attained by proposed system is
75.62%, other methods like Mask-RCNN, MAN, Chestnet, and HDLA gives the results
of 64.11%, 66.23%, 68.14%, and 71.38% (See Table 1).

Mask-RCNN, MAN, Chestnet, HDLA, and EOL-TRNN by recall analysis are shown
in Fig. 7. Recall achieved by proposed system is 78.83%, other methods like Mask-
RCNN, MAN, Chestnet, and HDLA gives the results of 65.71%, 67.19%, 70.35%, and
74.27% (See Table 1).
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Fig. 7. Recall analysis of DL classifiers

Figure 8 shows the graphical analysis of classifiers like Mask-RCNN, MAN, Chest-
net, HDLA, and EOL-TRNN with respect to Fg-score. Fg-score results attained by pro-
posed system is 77.19%, other methods like Mask-RCNN, MAN, Chestnet, and HDLA
gives the results of 64.90%, 66.71%, 69.23%, and 72.80% respectively (Refer Table 1).
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Fig. 9. Accuracy analysis of DL classifiers

Mask-RCNN, MAN, Chestnet, HDLA, and EOL-TRNN by accuracy is illustrated in
Fig. 9. Accuracy result achieved by proposed system is 82.21%, other methods like Mask-
RCNN, MAN, Chestnet, and HDLA gives the accuracy of 72.81%, 74.08%, 76.56%,
and 78.33% (Refer Table 1).
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5 Conclusion and Future Work

In this work, an Elite Opposition Learning Based Transfer Residual Neural Network
(EOL-TRNN) classifier is developed for identifying lung diseases from CXR images.
The NIH chest CXR image dataset is used to proposed model. The infrastructure of
the ResNet-34 network is made up primarily of residual building blocks, which make
up the entire network. A one-step optimization approach for weight optimization is
called Elite Opposition Learning (EOL). The TRNN weights can be repeatedly changed
based on the direction of opposition using training CXR images. In order to create
equivalent opposites of the present CXR images are situated inside the dimension of best
weight values, EOBL uses the elite individual in the existing weights. By increasing the
weight variety, the EOL approach will increase the TRNN classifier’s exploration. For
the CXR dataset, EOL-TRNN classifier shows the highest precision, recall, Fg-score,
and accuracy of 75.62%, 78.83%, 77.19% and 82.21% respectively. The handling of the
large-scale dataset presents certain problems for this work. Small datasets can therefore
yield good accuracy, but they won’t work well in practical applications. Using VGG and
further novel transfer learning algorithms in the future, a hybrid algorithm combining
ResNet-152, AlexNet, and GoogLeNet architecture will be created.
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Abstract. Several elements influence how we manage the railway network, the
most important of which are operational excellence and passenger satisfaction.
Because traditional systems are unable to deal with the complexity and non-
linearity of railway traffic data, most frequently use algorithmic approaches and
simplistic statistical models. It cannot be used for better resource allocation; there
will always be congestion and delays. To accomplish that, the paper proposes a
novel approach that makes use of deep learning-based traffic prediction models
such as Convolutional Neural Networks (CNN) and Long Short-Term Memory
(LSTM). The proposed method uses both real-time and historical traffic data,
which improves prediction accuracy and operating efficiency. The model builds
on existing methods by using CNNs to learn spatial patterns and LSTMs to under-
stand time-series relationships. Other results demonstrate a significant improve-
ment over bigger mistakes in existing systems (MAE = 0.75 and RMSE = 1.20).
Operational indicators also reveal advantages, with 15% lower costs and optimal
resource utilization. The CNN-LSTM model resulted in significant performance
advantages, including a 25% reduction in fuel consumption and more than 30%
reduction in maintenance expenses. The results show that bottleneck detection
has the potential to improve precision and productivity over previous techniques,
which could revolutionize railway traffic regulation.

Keywords: Railway Network - Traffic Prediction - Operational Efficiency -
Traffic Management - Real-Time Data Analysis

1 Introduction

To maintain operational excellence and increase passenger satisfaction, a very limited,
busy railway network must be managed in an extremely effective manner. Current railway
traffic management systems (RTMS) do not perform well in most circumstances due to
their traditional linear and non-homogeneous model with barrier handling, which leads to
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resource misallocation, generating excessive congestion and delay performance. These
traditional systems often rely on algorithmic approaches and oversimplified statistical
models, which, while useful in some applications, are frequently insufficient to accurately
mimic the complex dynamics of modern railroad operations.

The increased demand for dependable and efficient transportation systems necessi-
tates more progressive railway traffic control. The study is motivated by the limitations
of standard railway traffic management systems and thus provides a chance to investi-
gate new Al technologies that could help overcome these obstacles. Neural networks are
effective for these specialized positions due to the can absorb complex data, and with the
implementation of deep learning as a proof-of-concept in most common sectors, if not
all. As the study attempts to improve railway network management effectiveness and
precision using deep learning-based traffic prediction models, the present dissertation
focuses on CNN and LSTM networks.

The article proposes a novel traffic prediction model based on CNNs and LSTMs to
serve as the foundation for improving railway network efficiency. To address the issue,
researchers developed a new technique for improving railway traffic prediction: using
multi-sourced spatiotemporal data and resolving its limits on partial levels. The proposed
approach is a full model that combines CNN, which is responsible for learning spatial
patterns and correlations from data, with LSTM, and RNNs, which record temporal
dependencies as well as sequential features of flow. The current study provides three
contributions. For the next big leap over conventional qualitative and statistical mod-
els, which forecasted railway traffic using a CNN, and LSTM technique (1). Second, it
describes a thorough method for installing and training deep learning models, includ-
ing feature engineering, data collecting, pre-processing, and model evaluation. Third, it
addresses the relevance of current models and highlights increases in cost-effectiveness
and operational efficiency from an adoption standpoint, as well as comparing proposed
model output to others with a focus on prediction accuracy. The paper is set out as
follows: Sect. 2 presents a review of the literature with an eye toward field applica-
tion of deep learning methods and conventional methods for traffic control of trains.
The proposed model is fully discussed in Sect. 3 encompassing training, assessment,
integration, feature extraction and engineering, data collecting and preprocessing, and
model design and setup. Emphasizing operational effectiveness, forecast accuracy, and
system performance improvements, Sect. 4 compares the performance of the proposed
model with those of existing systems. Section 5 concludes the work with an evaluation
of the results and recommendations for further research.

In summary, operational efficiency and the accuracy of railway traffic prediction are
greatly improved by the combination of CNN and LSTM models. The proposed approach
outperforms the competition in forecast accuracy, resource efficiency, and cost savings
by resolving the drawbacks of conventional techniques. The breakthrough presents a rev-
olutionary technique to enhance overall operational effectiveness and modernize railway
network administration.
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2 Literature Survey

It provides Networking system in HSR wireless networks via a two-phase traffic volume
estimating scheme. After the K-means method has been utilized to group flows of traffic
in the first stage, the LSTM algorithm is utilized to estimate the amount of traffic in the
subsequent phase. Based on the gathered traffic characteristics and the features of the
system’s wireless resource, it builds a service-tailored capacity reservation technique
[6].

For the example data, a modified regression NN model is created, and the MATLAB
software is used to execute the model’s answer. The network estimation error curve
graph is used to determine the optimal smoothness factor value. Finally, errors between
the model’s predictions and the actual outcomes are examined, and the predicted errors
satisfy the accuracy criteria [7].

In order to improve system performance, it provides a novel wireless resource
scheduling technique in the present research for high mobility scenarios. In order to
extract geographic traffic characteristics, it first offers a feature extraction approach. To
forecast the traffic volume, a number of time-series prediction methods are used. Next,
in order to enhance the prediction performance of the SNR, it includes the CSI into the
channel quality prediction process [8].

After the model accounts for the temporal and spatial qualities as well as the time-
series traits that define train operation, the Transformer method and the CNN are utilized
to individually extract and combine these features. Specifically, the Transformer’s inter-
action with the focus method resolves the train of interest’s postponement caused by the
interference method between trains & stations. Using 3D CNN, the temporal and spatial
features of trains’ data are retrieved simultaneously [9].

The current research suggests a novel pruned layered ensemble learning approach to
increase the forecast accuracy for passenger train arrival delays. The algorithm employs
several neural networks as sub-models and pruned MLP NN as a meta-learner. The
maximum amount that extensive US public railroad service info, Amtrak, is used to
evaluate the model’s performance and calculate the improved model accuracy [10].

To tackle the problem, it developed a DL method that integrates FCNN, LSTM RNN,
and 3D CNN designs [11].

It presents a DL urban traffic forecasting system that integrates traffic and meteoro-
logical data with information taken from tweets. The predictive model makes use of a
deep Bi-directional LSTM SAE framework for multi-step traffic flow prediction, which
was trained using messages, congestion, and mixed meteorological datasets [12].

3 Proposed Model

The proposed technique uses deep learning-based traffic prediction models to greatly
increase the efficiency of railway networks. Conventional railway traffic management
systems mostly rely on heuristic techniques and basic statistical models, which are fre-
quently unable to predict traffic patterns with sufficient accuracy. Conventional systems
cannot handle the complexity and nonlinearity of real-world train traffic data. As aresult,
inefficiencies often arise, affecting both operating costs and passenger happiness. Such
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inefficiencies include influenced resource allocation, increased congestion, and delays.
However, to solve these limits, the model unanimously combines the most recent neural
network topologies, which include CNNs and LSTM networks. The system can then
filter and analyze massive amounts of historical and existing traffic data, revealing sub-
tle connections that would otherwise be lost using several more traditional ways. Using
a deep learning method, the model can estimate traffic more precisely and quickly,
allowing train operators to make better decisions. Numerous critical processes must be
implemented within the framework. The method begins with a massive dataset of histor-
ical rail traffic data. The data includes train schedules, passenger counts, environmental
elements (such as weather), and infrastructure characteristics. The data is preprocessed
to obtain descriptive traffic features, as well as to handle missing values and normalize
attributes. Next, the preprocessed data is divided into training, validation, and test sets
to ensure that the model generalizes. The flowchart of the Proposed Model is shown in
Fig. 1.

Fig. 1. Flowchart of the Proposed Model

Then, deep learning models are designed and configured. LSTM networks are used
because of their capacity to record sequential patterns and temporal dependencies in time
series data. It is most useful for modeling long-term interdependence in railway traffic
data. Convolutional Neural Networks are also used because they can detect local corre-
lations and spatial patterns in data. By combining both the architecture with the mean
and standard deviation of future cycle duration, the model can still function with both
temporal and geographical information, resulting in a higher prediction score. During
training, preprocessed data is fed into deep learning models, and a substantial amount of
computation is conducted on each image to iteratively alter model parameters to reduce
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prediction errors. To make the training process more stable and efficient, use advanced
optimization algorithms (such as RMSprop and Adam).

The validation set is the entire dataset used for training; it allows us to evaluate
how effectively a model was trained with different hyperparameter values while pre-
venting overfitting. Once these have been sufficiently trained, models are run on the
test set to reveal their generalization capabilities as well as overall prediction accuracy.
The proposed technology, when combined with existing railway management systems,
can provide several benefits to society. For instance, it provides substantially improved
prediction accuracy, allowing rail managers to make more solid projections about oper-
ating conditions. It provides better scheduling, resource allocation, and congestion man-
agement, resulting in fewer delays and increased passenger satisfaction. Its ability to
process data in real-time also allows it to adapt to abrupt changes (e.g., new attacks,
traffic rate fluctuations) on a per-flow/device basis and employ direct pushback actions
against attack vectors, making DDoS defense more tailored and powerful than traditional
deployments. Another significant benefit is that operating expenditures are reduced. The
entire system saves time, money, and effort that would otherwise be spent on maintain-
ing a continuous traffic flow and appropriate resource allocation. Furthermore, improved
predictive capacity contributes to higher levels of safety by allowing for the detection
and hence preventive measures in hazard reduction.

3.1 Data Collection and Preprocessing

The first step is a methodical collection of historical and current railway traffic turnover.
The dataset includes several variables at both the macro (train schedules, passenger
counts) and micro levels (weather data, such as temperature, as well as station capacities
and track layouts). More importantly, good data collecting serves as the foundation for
all future research and model training efforts.

Preprocessing guarantees that the obtained data is suitable for use in a deep learn-
ing model. The initial step in preprocessing is to deal with missing data. It employs a
variety of imputation procedures to fill in gaps in a data set, such as replacing miss-
ing values with the mean or median; advanced techniques include multiple imputation
and K-nearest neighbors. To avoid biasing or ruining the predictive model will need
to execute imputation appropriately. Then it executes feature normalization to ensure
that all of these variables are on the same scale. The next step requires using methods
such as z-score normalization and min-max scaling to convert the feature values into
a common distribution and range. So normalization is used to help deep learning sys-
tems converge more quickly during training by removing the influence of large-scale
characteristics from other, compact ranges. Categorical information, such as train types
and station names, is encoded into numerical representations using various techniques.
Deep learning operates on numerical data, making a tiny tweak to it. Encoding helps the
model accurately grasp categorical data. Preprocessing Pre-processing is the first stage
in which data is cleaned and organized to make it acceptable for the development of
more advanced models. The preprocessed data must be such that the algorithms may use
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meaningful, dependable, and high-quality data for learning, hence improving prediction
model accuracy and performance.

1. Mean Imputation:

~ 1 N
Ni= ) (M

Where x; is the imputed vale, N is the number of observed vales, and x; are the observed
values.

2. K-Nearest Neighbors (KNN) Imputation:

k
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Zj:l Wi

where w; is the weight assigned to the j-th neighbor, typically based on distance.

3.2 Feature Extraction and Engineering

Feature engineering is the process of identifying relevant features from raw or unstruc-
tured data and transforming these inputs into a well-organized scalable format, which is
critical for boosting the performance of deep learning models. The first phase involves
identifying and developing significant features from the railway traffic data that has been
collected. The difficulty is to achieve that while simultaneously identifying underlying
patterns and dependencies that influence traffic flow.

Temporal characteristics: Model time-dependent behaviors. These are time-related
factors, such as the day of the week, the hour in date (time), and seasonal influences.
When these features are combined, the system may identify patterns like peak traffic
hours and weekly and seasonal trends. For instance, when the model recognizes specific
times of day, such as rush hours or holidays, which have varying effects on traffic patterns,
it can forecast more precisely. Other spatial features that are equally important include
station placement, rail layouts, and proximity to vital infrastructure. These properties
help the model grasp spatial dependencies and relationships within the railway network.
For instance, the presence of a key station nearby may have a similar influence on traffic
patterns, as may track congestion; by integrating such spatial variables, the model may
begin to adequately compensate for these effects.

Feature engineering is the process of converting raw data into usable features that help
amodel recognize patterns better. Interaction terms between features must be developed
to reflect historical interdependence. Furthermore, data must be collected at various
levels of detail, and the list goes on. Feature engineering is crucial since it makes the
model interpretable and aids in the development of predicting capabilities alongside
what is observed, as well as providing underlying insights that can eventually help us
form correlations.
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1. Time-Based Features:

Day of the week and time of day can be represented using cyclic features to capture
periodicity:

in(2 hour) 2 hour) 3)
sin(2w 7 , cos(2m 7

Where hour is the hour of the day.
2. Interaction Features:

Interaction terms between features x; and x;:

Xij = Xit Xj “4)

3.3 Model Design and Configuration

Utilizing both temporal and spatial data to improve railway traffic prediction, the pro-
posed technique combines CNNs and LSTM networks. Considering particular facets of
the data, every kind of network has a unique function. These long-term relationships and
sequential patterns in time-series data are captured very well by LSTMs, which is why
these tools have been selected. Modeling the daily, weekly, and seasonal fluctuations in
the traffic flow is a perfect application for LSTM models in railway traffic forecast. By
solving the vanishing gradient issue that traditional Recurrent Neural Networks (RNNs)
face, these store information across extended sequences. Input gates, forget gates and
output gates are found in each of the layers of LSTM units that make up the LSTM
network design.

Encouraging the model to learn from past traffic patterns, these gates control the
information flow. To manage the gate operations and output activations, LSTM units
commonly use hyperbolic tangent (tanh) and sigmoid activation functions. To extract
local correlations and geographical patterns from the data, CNNs are utilized. CNNs
perform well in the analysis of spatial data related to railway traffic, including station
proximity and track layouts. ReLU (Rectified Linear Unit) activation functions are used
to introduce non-linearity, pooling layers lower dimensionality, and convolutional lay-
ers apply different filters to the data. With the help of such spatial feature extraction,
the model can identify patterns like traffic jams and spatial relationships among various
railway network segments. The model may utilize both temporal and spatial information
by combining CNN and LSTM architectures. Both networks are integrated into a single
model; the LSTM network handles the sequential input, and the CNN extracts spatial
characteristics. Because complex patterns are captured over time and location, such
integration improves prediction accuracy. Additionally, to optimize the network param-
eters and minimize prediction errors while ensuring convergence, the model design
incorporates optimization methods such as Adam and RMSprop.
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Pseudo-code for the overall process:

function main ():
# 1. Data Collection and Preprocessing
raw_data = collect_data()
preprocessed data = preprocess_data(raw_data)
# 2. Feature Extraction and Engineering
features = extract _features(preprocessed data)
# 3. Model Design and Configuration
model = design_model(input_shape(features))
# 4. Model Training
trained model = train_model(model, training_data(features), validation data(features))
# 5. Model Evaluation
evaluation_metrics = evaluate_model(trained_model, test data(features))
# 6. Integration and Implementation
integration_status = integrate_model(trained model, real time data_sources())
return integration_status
function collect data():
return raw_data
function preprocess_data(raw_data):
return preprocessed data
function extract _features(preprocessed data):
return features
function design_model(input_shape):
return model
function train_model(model, training_data, validation data):
return trained model
function evaluate_model(model, test data):
return evaluation_metrics
function integrate_model(model, real time data sources):
return integration_status.

3.4 Model Training

The next crucial step is to feed the preprocessed and feature-engineered data into CNN
and LSTM models. First, a training, validation, and testing set are developed. Training
Set: For fitting the model. Validation Set: Parameter tweaking and avoiding overfitting
Test set: Model performance at last. These datasets are fed through CNN and LSTM
architectures, which use backpropagation to continuously change the weights of the
model during training. Backpropagation Step 1: Calculate the difference between what
the model expects to happen and what happened. The variances of the error are then
utilized to change weights to lower the, which reduces prediction. The methodology
is optimized utilizing methods such as Adam and RMSprop to improve its stability
and effectiveness. Adam changes the learning rate for each parameter with a step size
proportional to the (weighted) running average of the first and second moments, while
RMSprop adjusts it using the moving average of squared gradients. Both of these solu-
tions promote faster convergence while also giving good performance. Hyperparameter
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tuning is the process of changing model parameters to ensure that they operate optimally,
such as the number of sections, units per layer(s), training rate, dropout rates, and so
on. After iterative updates and finetuning during training, it improves understanding of
all previous traffic patterns, allowing it to confidently forecast future scenarios for its
customers.

3.5 Model Evaluation

Model Evaluation: Testing the reliability of trained CNN and LSTM models; it’s an
important stage in determining how well and reliably these models perform. It assesses
the number of criteria (MAE, RMSE) and prediction delays that each is resilient to
in terms of predicting accuracy during the procedure. MAE gives a simple accuracy
indicator known as the average size of prediction mistakes. On the other hand, RMSE
takes into account greater errors by squaring them, allowing for an overall assessment of
its capacity to deal with huge variations. The statistic represents the prediction latency,
which indicates how long it takes for a model to generate and return predictions.

The validation and test sets allow us to assess the efficacy of models trained on this
data for generalization. It is an accurate method of evaluating the model on previously
unknown data, with the validation set being utilized independently for fine-tuning and
avoiding overfitting. It enables the models to generalize effectively in unexpected traf-
fic scenarios. The improvements in prediction accuracy and operating efficiency are
supported by a comparison to classic algorithmic techniques. The evaluation aims to
highlight the importance of employing sophisticated algorithms for traffic prediction by
contrasting deep learning methods with cutting-edge methodologies. The comparison
analysis results drive future model improvement, identify growth opportunities, and con-
firm its performance in real-world railway traffic management scenarios. The thorough
examination additionally ensures that the new strategy performs as well (or better than)
what is previously available. Proposed Model Lifecycle is shown in Fig. 2.

3.6 Integration and Implementation

Finally, the deep learning models must be linked into existing railway management sys-
tems. Step one in the phase is to design interfaces that would make it easier for operators to
enter real-time traffic data into models. These interfaces are intended to process real-time
data from a wide range of devices, such as environmental monitors, ticketing systems,
and sensors. Following that, the models are expensive in operational situations since
they require end-to-end real-time traffic data processing as well as insights and forecasts
in other areas. In addition, the technique features predictive analytics dashboards that
provide train operators with useful data. With these dashboards, routing operators can
make informed judgments based on current traffic data displayed via aggregate views
such as trendlines and pathways with potential bottlenecks and projections.

The dashboards are intended to enhance the user experience by providing interactive
graphs, alerts, and recommendations that will ideally lead to better decision making. The
framework’s architecture focuses on providing speedier insights and improving real-
time data processing. By incorporating the models into daily operations, the technique
improves scheduling precision, optimizes resource allocation, and keeps congestion at a
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Fig. 2. Proposed Model Lifecycle

minimum. The integration provides precise and real-time projections, resulting in higher
operational efficiency by enabling deep learning models to be employed for improved
traffic flow, railway network management, and so on. During the installation stage,
experts conduct testing and validation in an operational environment to ensure that the
equipment performs as intended and integrates properly with the realized framework.
The constant monitoring, paired with feedback loops, identifies changes in incoming
data and real-world performance, allowing for on-the-fly updates to existing models and
the generation of new ones as situations change. Implementing the update iteratively
ensures that all of the rest (although), and therefore point nine, remain responsive even
as train traffic increases.

4 Result and Discussion

The section presents the results of solving the railway network efficiency problem
using deep learning-based traffic prediction models, specifically the CNN model and
the LSTM. The next phase of the proposed article will compare this to existing statis-
tical and algorithm model performance. Prediction accuracy, operational effectiveness,
and system performance increases are some of the evaluation metrics.

Table 1 compares the anticipated accuracy between the proposed technique and other
existing systems. In comparison to existing systems, MAE 0.75, RMSE1.20, and a 0.5 s
delay in response time were superior. For instance, at a 2.5-s prediction delay, with
MAE of Existing System [5] = 1.20 and RMSE = 1.85, while MRS of Exiting System
[6] is reported as an MAE = 1:10; RMSE = 1.70 with a slight reduction in accuracy
(RMSE even improved further above existing papers), but predictions are now about
half a second faster to predict offset position or velocity for that epoch). The existing
system has a forecast delay of 1.2 s, RMSE = 1.50, and MAE = 0.90 [7]. The proposed
approach outperforms existing methods in terms of traffic pattern prediction efficiency
for both MAE and RMSE values, as well as lower completion latency.



Enhancing Railway Network Efficiency with Deep Learning-Based Traffic

Table 1. Predictive Accuracy Comparison

209

Model MAE RMSE Prediction Delay
Proposed System 0.75 1.20 0.5s
Existing System [5] 1.20 1.85 25s
Existing System [6] 1.10 1.70 1.8s
Existing System [7] 0.90 1.50 12s

Table 2. Operational Efficiency Metric

Metric Proposed System | Existing System | Existing System | Existing System
[51 [6] (7]
Resource 85% 70% 75% 80%
Utilization (%)
Average Delay | 5.0 2.0 3.0 4.0
Reduction (min)
Cost Reduction | 15% 5% 10% 8%
(%)
600%
500%
400%
300%
200%
100%
0%
Resource Utilization (%) Average Delay Reduction Cost Reduction (%)
(min)
e Proposed System === Existing System [5] Existing System [6]

Fig. 3. Graphical representation of Operational Efficiency Metrics

Table 2 evaluates the method’s effectiveness in three operational efficiency areas
in contrast to other systems studied before (CP13 and GP21). The proposed method
outperforms prior works [5-7], which utilized 70%, 75%, and 80% of the resources.
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Average delay 5) 2, 3, and 4 for current systems in [5] -7 AVG (minors.) More importantly,
the proposed strategy can save 15% in operational expenses (compared to prior studies
that save 5%, [6], 10%, [7], and even if they may be related to distinct difficulties]).
These metrics assess how well the proposed strategy performs in terms of resource
usage, delay minimization, and cost reduction when compared to existing methods.
Graphical representations of operational efficiency metricsare shown in Fig. 3.

Table 3. System Performance Improvements

Metric Pre-Implementation | Post-Implementation | Post-Implementation
(Heuristic) (CNN-LSTM)
Fuel Consumption 120,000 110,000 90,000
(liters)
Maintenance Costs | 500,000 450,000 350,000
(%)
Labor Costs ($) 200,000 190,000 160,000
® Fuel Consumption (liters) ™ Maintenance Costs ($) Labor Costs ($)

Fig. 4. System Performance Improvements Visual Representation

Table 3 shows that utilizing CNN-LSTM models resulted in significant increases in
system performance over conventional and heuristic methods. Before it was built, the
train system used 120,000 gallons of petrol, costing $5000 in maintenance and $20000
in labor. Even after heuristics were used, fuel consumption was reduced to 110000 L,
maintenance expenses were reduced to $450.00, and labor costs reached a record low of
$190,000. Furthermore, adjusting the CNN-LSTM models into this system resulted in
several improvements: it reduces fuel consumption per year to 90k I; maintenance charges
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are $350K per year; and labor costs are up to $160K. These advantages demonstrate
the significant economic impact of deep learning-based traffic prediction models, such
as fuel consumption savings, lower maintenance and labor expenses, and overall cost
reduction. System Performance Improvement Visual representation is shown in Fig. 4.

The research discovered that utilizing a CNN model in addition to LSTM significantly
improves railway network efficiency when compared to traditional heuristic and statisti-
cal methods. The proposed approach improves prediction accuracy, decreases errors, and
enables real-time forecasting. It eliminates delays, boosts time efficiency (time-saving),
and makes greater use of all resources than ever before, which has a significant posi-
tive influence on operations. CNN aids in the capturing of spatio-temporal information
in railway networks, whereas LSTM simplifies temporal relationships found in traffic
data. It improves scheduling and resource management by providing more precise traf-
fic projections. The technique has advantages: When completed effectively, projections
are generated more accurately, allowing for better operational planning and decision-
making. Furthermore, the reduction in operating costs like as gasoline and maintenance
demonstrates the economic advantages of applying deep learning technologies. The
appliance’s capacity to handle data in real-time gives much-needed flexibility as traf-
fic changes and adapts, transforming it into an agile management tool. These findings
demonstrate that deep learning traffic prediction models have the potential to transform
rail network management by providing significant efficacy and cost-efficiency advan-
tages over existing approaches. Later studies could focus on enhancing these models
and identifying which ones can be applied to different modes of transportation. The
main limitation of proposed system is that the dataset used should always be a balanced
dataset.

5 Conclusion and Future Work

In conclusion, the CNN-LSTM model for railway networks has shown significant
improvements over statistical and heuristic methods in terms of cost savings, operational
efficiencies, and prediction accuracy. If successful, the technique mentioned above will
provide genuine real-time traffic estimates, allowing for resource allocation, reduced
delays, and significant cost savings. However, there are still a few drawbacks. For once,
skewed or insufficient data could influence model projections, and as we all know, model
accuracy is heavily dependent on data quality. Once again, these models may have scal-
ability/availability limitations because they may take a substantial amount of compute
resources to train and infer. Third, unplanned and highly variable traffic events (not
contained in the training data) can make it challenging for a real-time model to adjust.
Future research should focus on improving model resilience by making varied and high-
quality datasets computationally efficient, which may minimize the number of resources
required to run it, as well as developing adaptive strategies for dealing with unforeseen
traffic anomalies. Furthermore, future studies could improve traffic management and
operational efficiency by expanding the range of transportation systems (multi-modal)
investigated, as well as hybridized models that combine synchronous deep learning
technology.
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Abstract. Traditional cybersecurity systems that rely on static rule sets and
signature-based detection all reach the same conclusion: dealing with new and
more sophisticated threats in a continuously changing cyber security environment
is far from simple. It causes substantial false positive rates and detection delays.
The paper presents a complex data infrastructure security method that combines
artificial intelligence (AI)-based models, machine learning, and real-time anomaly
detection. In thatinstance, the proposed solution overcomes the primary difficulties
with standard systems by using algorithms for detecting anomalies (such as Iso-
lation Forest) and predictive modeling techniques (Gradient Boosting Machines
-GBM-, Neuronal Networks,). The most significant additions are the Imperial
Kernel for feature extraction and the PCA to automatically include reactions. The
system has a substantially greater false positive rate and poorer detection accura-
cies than the proposed method, yielding 95% true positives and 93% true negatives.
It also routinely outperforms the present system, with an average reaction time
of three seconds and confinement times of less than one minute. Such enhance-
ments have shown how quickly and efficiently the system detects such attacks,
representing a significant advancement in cybersecurity procedures.

Keywords: Cybersecurity - Al Techniques - Anomaly Detection - Data
Infrastructure - Threat Detection - Predictive Modeling

1 Introduction

Threat identification and mitigation approaches are difficult in today’s rapidly changing
cybersecurity ecosystem, rendering traditional threat hunting methods inadequate for
spotting cyber threats. Classical systems are incapable of dealing with the complexity
and dynamic of modern cyber threats because they often depend on preset rule sets
or static attributes (such as signatures) to identify threats. These are all evidence that
existing attack patterns have a higher false positive rate, and it is too slow to identify
new attack patterns, therefore a real-time defensive mechanism is insufficient to secure
data infrastructure. While cyber threats are growing more dynamic and sophisticated,
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cybersecurity solutions to handle these quickly evolving concerns must also get more
detailed while remaining adaptable. As cybercrime advances and the number of instances
increases, so are technological methods for identifying such threats. While these meth-
ods have their benefits, these are not as effective or efficient in detecting malware threats
in a timely way as the historical ones. These systems are unable to detect new or emerg-
ing threats since they depend on predefined rule sets and recognized attack signatures.
Indeed, it must urgently develop methods for real-time anomaly detection utilizing more
sophisticated ML approaches in order to improve the detectability and responsiveness
of cybersecurity systems. Al-driven technologies hold promises for overcoming these
hurdles by providing possible solutions such as faster reaction times and danger detec-
tion rates. The primary goal of the study is to create and assess a cutting-edge Al-based
cyber security system that profoundly overcomes the limits of traditional methods by
combining real-time anomaly detection with machine learning. The study’s goal is to
create a model that combines predictive modeling approaches like GBM and neural
networks with anomaly detection algorithms such as isolation forests. The proposed
system aims to improve detection accuracy, decrease false positives, and reduce mean
response/confinement time by combining PCA approaches for feature extraction with
autonomous reaction capabilities.

The goal is to show that the proposed system performs much better than existing ones
in terms of detection accuracy, reaction time, and overall effectiveness against cyber-
attacks. The research significantly contributes to the larger cyberspace as: To begin, it
proposes a novel Al-powered strategy based on the merging of cutting-edge ML models
with real-time anomaly detection to address some of the shortcomings associated with
existing cybersecurity systems. The present way of safeguarding data infrastructure com-
bines Neural Networks, GBM, Isolation Forest, and PCA for automated threat response
and feature extraction. As the second contribution, the paper provides a detailed evalu-
ation of the considered system, demonstrating that it outperforms other systems in use.
Finally, the system’s capacity to cut containment and reaction times clearly illustrates
its real-world operational efficacy. The research is an invaluable resource for installing
well-known machine learning algorithms in the field of cybersecurity since it evaluates
and analyzes the procedure step by step.

The study is further separated into parts that provide a thorough and extensive anal-
ysis of the proposed method. The next section of the article is a literature review in
which current cybersecurity tactics and why they have failed over time are explained
to provide context for how model may be created. Section Extended model discusses
the architecture and capabilities of an Al-driven system, including data collection /
preprocessing, feature extraction, anomaly detection (begins anomaly prediction at the
edge-level based on available time-series), mode learning/training & validation process,
as well as detailed predictive modeling & automated threat response. The results and
comments, on the other hand, provide a performance comparison of the proposed sys-
tem to cutting-edge systems, emphasizing the strengths and efficiency improvements
of it. The final section, Conclusion, and Future Work highlights the major conclusions,
talks about the study’s consequences, and proposes possible paths of inquiry. The study
attempts to present a thorough grasp of the capabilities of the proposed system and its
influence on improving cybersecurity practices through such an organized method.
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2 Literature Survey

In anticipation of or during a catastrophic cyber war, it investigates the outcomes of
applying ML to unorganized information sources to create organized cyber exercise
material. It compiled a collection of openly accessible cyber security papers and used
it as a framework for new exercise situations and to evaluate potential dangers in the
future. It arranges the data according to a new ontology using named-entity recognition.
It matches the generated scenarios to the strategies, tactics, and processes of known threat
actors using graph comparison methodologies [6]. With the use of the current stealthy
attack dataset—which is derived from testbed tests or formal analysis—it trains GAN
models in the present research, which presents a threat analysis methodology called
iAttackGen and produces additional attack scenarios [7]. The only way to learn those
talents is through automation. The two basic foundations of cyber defense are Al and
big data analytics. Large data sets with a narrow range of data types are typically the
target audience for big data analytics techniques. The existing study aims to identify
themes, patterns, connections, and other pertinent data [8]. The web’s validation cannot
be handled by any real device or by human intervention alone due to the rapid advance-
ment of computers and the vast amount of data these utilize. Making sensible ongoing
selections and identifying hazards requires a great deal of automation. Software that
really defends against the rapidly progressing assaults is hard to create using standard
computations. The program may be repaired using Al techniques based on bioinspired
computing. The study aims to investigate potential applications of artificial intelligence
in countering cybercrime [9]. It examines the increasing risk of Al-powered cyberattacks
and provides information on how Al is used maliciously in cyberattacks. Three phases
of the study were conducted, and only papers pertaining to Al-driven cyberattacks were
selected based on inclusion, exclusion, and quality criteria [10]. The trends, issues, and
difficulties related to cybersecurity in big data and Al for smart grid critical infrastruc-
tures are identified in the present research. It provides a summary of the SG, including
its structures and functionality, and validate how technology has shaped the structure of
the contemporary electrical grid. A strategy for assessing risk qualitatively is described.
Highlighted are the key contributions to the efficiency, safety, and dependability of the
electrical network. It uncovers levels and suggests suitable solutions for security. The
cybersecurity risk assessment techniques for oversight and data collecting in the smart
grid are finally provided [11].

3 Proposed Model

The crowd sourcing approach might address issues with existing cybersecurity pro-
cesses by combining powerful Al techniques to strengthen data infrastructure protec-
tions against future generations of cyber-attacks. The majority of current solutions rely
on predetermined rule sets and signature-based detection systems, which are inher-
ently incapable of dealing with emerging complex attack patterns. However, relying on
existing attack signatures prevents the detection of new threats since they have not yet
been experienced, resulting in delayed threat identification and a greater percentage of
false positives. Nonetheless, the proposed system blends anomaly detection and ML
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approaches to provide more agile and proactive safety assistance. The whole structure is
divided into four major components: data collection, feature extraction, anomaly detec-
tion, and response creation. The strategy starts by combining data from the numerous
locations inside a network that many firms must maintain, such as system logs, user
activity, and precise information on network traffic. The second phase in data processing
is feature extraction, which involves identifying and analyzing key characteristics. ML
models are built on past information to learn what is typical, allowing them to recognize
outliers that may signify risks. Proposed work flow is shown in Fig. 1.

Fig. 1. Proposed Workflow

In the subsequent step, the anomaly detection process monitors and analyzes real-
time data against already present baselines utilizing complicated algorithms. To carry
out its thing-validation process, the technique employs a predictive model that assists it
in determining when deviations are detected: (1) the possibility of mal-intent, and (2) the
detrimental effect on infrastructure. The proactive approach helps the infrastructure to
identify and reduce hazards before they cause major impact. Furthermore, the reaction
generation component aids in speedy containment and remediation via automation by
carrying out suitable mitigation procedures based on the severity of an anomaly detected.
How should the proposed structure be implemented? Initially, a thorough data integration
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architecture is designed to facilitate the smooth export of data from various sources.
These data are used to develop machine learning models that have been trained on
historical data and rigorously tested/validated. After deployment, it is essential to support
the system in time and space so that it can adapt continually, as both threats evolve,
and to incorporate more detection capabilities into the infrastructure. Advantages of
Al-powered technology. By combining machine learning and real-time analysis, the
technique improves threat detection rates while lowering false positives, and maximizing
cyber security. It could be the framework of an evolving system, in which it changes
endlessly to provide a defensive edge against new emerging threats. Automating the
threat response process also improves operations and saves time for human analysts,
allowing for more precise resource allocation and speedier incident resolution.

In summary, it agrees that this model enables us to provide a dynamic and intel-
ligent reaction to contemporary cyber threats that is considerably superior to previous
cybersecurity tactics. The ability to learn from data, adapt to different sorts of threats,
and automate responses can be useful in the never-ending effort to protect increasingly
complex networks.

3.1 Data Collection and Preprocessing

The methodology begins with the first stage, which is to prepare and acquire the necessary
data to enable rapid anomaly detection and threat management seamlessly and efficiently.
Data collection is the process of obtaining information from multiple sources inside a
specific data architecture, such as system activity logs, network traffic logs, and user
behavior metrics. These various resources, provide insight into both the technique’s
common patterns and potential hazards. By recording data packets as they go across a
network, these tools can reveal communication patterns and even detect unwanted logins.
System activity logs are essentially recordings of various actions or events that occur on
the system, such as file changes, application launches, and process executions. Recording
all of the user’s behaviors, such as signing in or accessing resources, as well as recording
what he is doing with the applications, as these are user behavior metrics. It provides a
complete picture of the operation and uses activities carried out by users on it. Preprocess
data to make it relevant for real-world applications. It consists of various operations,
including data standardization, cleansing, and de-noising. The goal of noise reduction
is to eliminate false positive signals or data points that are not directly contributing
but have the potential to influence the analysis. One of the most critical processes to
maintain is dataset confidentiality data cleaning, which includes error detection and
correction (complication), duplicate identification, and missing values. Normalization
and Standardization Techniques are Used to convert data to a single format. In other
words, normalizing parameters to the same dimension aids machine learning algorithms
in understanding and processing data. Feature engineering is a competing model of
transformation data that may be used to generate new features based on the original
information, allowing better abnormalities to be discovered from a different perspective.
Preprocessing also ensures that ML models always receive the correct type of input
by turning raw data into an ordered, nice, and similar structure. It is reflected in more
targeted and applicable results from subsequent phases of the research. Enabling a robust
fauna for the identification and prevention of cyber risks requires an entire preprocessing
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step. Transforming a feature xto a normalized scale [0,1]:

x — min(x)

(D

XN =
max(x) — min(x)

3.2 Feature Extraction

The next stage is to extract features from the preprocessed data before using them to create
ML models for identifying anomalies. The easiest strategy to distinguish between normal
and aberrant behavior is to identify and choose the greatest qualities from everything
available. Focusing on the most critical aspects of how it operates improves the model’s
accuracy and efficiency. One of the most prominent dimensionality reduction techniques
is PCA. It is the process of employing principal components to reduce and simplify
big datasets by breaking them down into a new collection of elements with less loss
or restricted information that indicate the most important variation within the data.
The particular approach is employed since it offers great capabilities for reducing the
number of characteristics while preserving information. PCA significantly minimizes
the amount of overlapping and (purely) irrelevant elements in each variable pattern,
making it easier for ML models to recognize/understand them by breaking down all
of these complex sets into fewer dimensions. Substantial-dimensional data are datasets
with various features, implying substantial interference and a complex blend of the is
particularly useful. You may also utilize recursive feature elimination (RFE). RFE is a
sequential selection of algorithm model performance, beginning with each feature and
removing the least significant one at a time. It iterative approach is performed until
an ideal subset achieves a balance between complexity of models and accuracy. The
rationale for using RFE is that it may remove features that do not contribute to the
model’s interpretability, hence enhancing feature sets. These two let us extract more
useful features from the database by picking the top k providing characteristics without
going through redundant data using PCA. Because PCA projects data into a significantly
lower-dimensional space while keeping variability, the model improves its capacity to
identify meaningful patterns. RFE improves model performance and saves computing
costs by preserving only important information. Combining these strategies enables
machine learning techniques to perform a better job of recognizing and distinguishing
normal from aberrant activity, resulting in more reliable cybersecurity solutions. The
principal components are derived from the eigenvalues A; and eigenvectors v; of the
covariance matrix X:

1
n—1

Y =

> it =00 — 0T @)

3.3 Anomaly Detection

In detection, the Isolation Forest technique is used to identify anomalies, which is
extremely successful when dealing with high-dimensional data. Isolation Forest is supe-
rior owing to its scalability and resilience against enormous amounts of complicated



Data Under Siege Advanced Al Techniques to Combat Cyber Attacks 219

data, which are common in current data infrastructures. Rather than profiling usual data,
Forest focuses on aberrant data via fragmentation. It does by splitting the data into unre-
lated elements and calculating the distances required to isolate segments of observations.
Shorter pathways are less prevalent, which indicates the existence of aberrant data. It
is simply because anomalies are a kind of data point that is often captured far away
from its normal location, necessitating fewer splits than standard splits, which have the
bulk of the data points scattered throughout. It still prefers such a method for working
with high-dimensional datasets and/or large numbers of data points. Start training the
model in the early stages, utilizing historical data to build a point of reference - normal
behavior; Model Fitting: During the present phase, the model trains itself on previous
data to recognize typical patterns and traits, forming an internal picture of what “normal”
functioning looks like. Once trained, the model compares real-time data streams to a
previously determined baseline. The Isolation Forest method, in instance, determines if
the new batch of data is compatible with what participant mujahids have learnt. Any-
thing that is significantly different from the preceding line will be flagged as suspicious.
Further investigation is conducted to determine if these outliers are actual threats or false
positives. Because the technique’s contrast and assessment scheme changes on a regular
basis, it can detect potential security weaknesses and respond quickly with preventa-
tive measures to reduce risk. Isolation Forest chooses random tree ensembles. Anomaly
scores are derived on the basis of an average path length 4(x) for a point x to be present
in the isolation tree as follows:

h(x)

AnomalyScore = 2= 3)
Pseudocode for Anomaly Detection Using Isolation Forest

from sklearn. ensemble import IsolationForest

def train_isolation_forest(data):
iso_forest = IsolationForest(contamination=0.01)
iso_forest.fit(data)
return iso_forest

def detect_anomalies(iso_forest, new_data):
anomaly scores = iso_forest. decision_function(new_data)
anomalies = iso_forest. predict (new_data)
return anomalies, anomaly_scores

anomalies, scores = detect_anomalies(iso_forest, new_data)

3.4 Model Training and Validation

When trained using training data and validated, it may generate powerful ML models that
are extremely efficient in diagnosing dangers utilizing labeled datasets and supervised
learning approaches. Dedicated datasets provide an example of true immorality allowing
models to finally see what distinguishes such malice from the innocent. The next stage
allows you to select one of two significant algorithms: Gradient Boosting Machines
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(GBM) or Random Forest (RF). The reason for utilizing RF is its ensemble learning
method, which enhances final prediction results when multiple decision trees are joined.
RF, which aggregates the outcomes of several trees, can assist reduce overfitting and
enhance model robustness across different sources. It performs well with complex data
and a wide range of feature interactions. GBM has the ability to detect complicated
patterns and relationships, allowing for more accurate predictions. Each consecutive
model corrects certain flaws in prior models, and finally, GBM creates a potential model
with improved performance. It can detect highly complex threats and has fine-grained
potential because to its iterative feature, which corrects difficult relationships (poor
linearities) in the data. In other words, labeled datasets are fed into these algorithms
during the training phase, allowing them to learn from the responses of various cases.
The variables of the models are changed during training to minimize prediction errors
and increase accuracy. The models underwent extensive validation to ensure that they
did not just overfit the data. Cross-validation is performed on a dataset by creating
several folds (subsets). At distinct phases, each fold serves as both a training and testing
set, allowing the model to be evaluated across all data subsets. It aids in determining
the model’s robustness and generalizability, as well as its performance on both training
and out-of-sample data. The models are fine-tuned to allow effective detection and
classification, after a rigorous training and validation procedure that assures, they are
practical in real-world settings and adaptable to future cybersecurity threats.

3.5 Predictive Modeling

Predictive modeling is a process in which trained machine learning models assess real-
time data inputs to anticipate probable threats. The next step is to predict foreseeable
attack routes and recognize novel patterns from historical data and detected anoma-
lies. Support vector machines (SVMs) and neural networks are two popular predictive
modeling approaches. It utilizes SVMs because they have the capacity to break data
into discrete buckets, which is useful for binary classification tasks like differentiating
harmful from benign behavior. SVM will identify the classes in a very clear and cut way
by determining the most optimal hyperplane that separates one class from the others.
It is an excellent candidate for threat prediction due to its high-dimensional effective-
ness and resilience in the face of limited training samples. These are very useful in data
analysis because they can find detailed correlations and patterns in the data, resulting in
neural networks and, more precisely deep learning models. These models are composed
of numerous layers of networked nodes that recognize hierarchical trends in raw data.
Through these layers, Neural Networks may detect subtle and non-linear connections
in data that most simpler models would overlook owing to analysis based on large vol-
umes of data. Deep learning skills are essential for detecting complex attack patterns and
responding rapidly as threats grow over time. New data feeds into the models, allowing
them to make updated forecasts based on new understanding. Models are kept current
by upgrading them on a regular basis using the company’s adaptive learning to meet
changing threat landscapes and new attack kinds. Predictive models enable the data
infrastructure to react rapidly and intelligently to emerging cybersecurity threats, using
both previous trends and present context. It provides significant insight into possible
attacks.Proposed System Architecture is shown in Fig. 2.
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Fig. 2. Proposed System Architecture

3.6 Threat Response and Automation

The capacity to react to threats quickly, as well as the automation of response opera-
tions, is critical for adjusting to abnormalities, resulting in substantially reduced data
infrastructure danger. When a detection is made, automated response mechanisms are
triggered, which attempt to follow best practices for security concerns. It uses rule-based
algorithms and process automation technologies to generate automated actions. The
rule-based engines process preset rules and anomalies. The rule-based engine may take
automated action depending on the kind of anomaly discovered, such as an unauthorized
access attempt or an outflow transfer (of strange data). These tasks may include isolating
impacted computers from the network to prevent risk spread, alerting system administra-
tors about the issue, or even executing remediation to resolve a security breach. Workflow
automation systems automate predefined procedures, reducing response times. These
technologies prioritize replies, reducing the need for human intervention while increas-
ing containment and remedial time. Common Threats: Often, automated responses may
assist to cut time and standardize security incident response methods for common threats.
The regular simulation and testing of these automatic response systems evaluates their
reflexes. These are assault scenarios used in simulations to assess a system’s reaction
in a controlled setting. Running these tests reveals shortcomings and inefficiencies in
response protocols that need explanation. Continuous computing assures that a system’s
reaction activities are efficient, timely, and consistent with threat intelligence, i.e., all
security standards. By integrating rule-based engines and automation instruments, the
system can react rapidly to security concerns in data infrastructure and address attacks
as soon as feasible.
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3.7 Evaluation and Continuous Improvement

The cycle of review and continuous enhancement guarantees that the system remains rel-
evantin a cybersecurity setting thatis continuously valued. During the process, it assesses
how well it works in finding vulnerabilities and recommend modifications to fight against
new threats via iterative model updates. Several key measures are used to evaluate sys-
tem performance. Detection accuracy determines how much the technique distinguishes
between dangers and routine behavior. It distinguishes between harmful and regular
operations according to its high detection accuracy. The second metric is the False Posi-
tive rate, which indicates how often innocuous behaviors are misclassified as symptoms
of compromise. Reducing false positives also reduces the number of unneeded alerts
generated, lowering an administrator’s alert fatigue. It also determines how long it takes
for the technology to detect and react to alien changes. Faster reaction times result in less
security incident damage. It is tested using a variety of attack scenarios. Simulating real-
world threats, for example, may help determine how effectively the system can withstand
and react. Test identification and response systems against simulated attacks that include
both known and unknown attack paths. These tests reveal faults with the proposed sys-
tems as well as chances for improvement. It enhances algorithm and system efficiency
via simulations, real-world applications, and continuous monitoring. Feedback While
dangers exist, the mechanism may change and provide input for new detection mod-
els and more sophisticated response procedures. Iterative changes allow the system to
continuously adapt to emerging threats and guarantee its effectiveness.

4 Result and Discussion

The performance of the proposed cybersecurity system is compared to that of the exist-
ing systems using several metrics in the results and evaluation sections. These cover
containment times, accuracy, recall, F1 score, precision, accuracy, average reaction,
and detection accuracy (true positive and negative rates). When compared to traditional
methods, the proposed system performs better in every aspect, particularly in threat
identification and response.

Table 1. Detection Accuracy Comparison

System Type True Positive True Negative False Positive False Negative
Rate Rate Rate Rate

Existing System 82 88 12 18

(5]

Existing System 87 90 10 13

(6]

Existing System 89 91 9 11

(7]

Proposed System | 95 93 7 5
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Table 1 compares the detection accuracy measures of many cybersecurity systems to
show the better performance of the proposed system. Together with the proposed system,
the table comprises conventional and existing systems [5, 6], and [7]. Comparatively
to 82%, 87%, and 89% in the current systems, the proposed system at 95% has the
highest true positive rate that is, the percentage of actual threats properly identified.
Comparatively, the proposed system has the greatest true negative rate (93%), showing
its accuracy in spotting non-threats; conventional methods vary in range from 88% to
91%. Furthermore, proving its efficiency in lowering false alarms and missed threats,
the suggested system shows the lowest false positive rate (7%) and false negative rate
(5%). By comparison, existing systems indicate their relative limits in threat detection
by showing higher false positive rates (9% to 12%) and false negative rates (11% to
18%). The metrics of the proposed system show a significant increase in both threat
identification accuracy and error minimization over current methods.

Table 2. Precision, Recall, F1 Score, and Accuracy Comparison

System Type Precision Rexall F1 Score Accuracy
Existing System [5] 88 82 85 85
Existing System [6] 85 87 86 87
Existing System [7] 86 89 87 89
Proposed System 93 95 94 94

IIII lPrlIIIll lFIIIIuracy‘|||

Fig. 3. Visual Graph for Precision, Recall, F1 Score, and Accuracy Comparison

Table 2 compares the accuracy, precision, recall, fl1 score, and other metrics of
three existing systems [5, 6], and [7] to the proposed approach. The proposed approach



224 J. C. D. Kirubai and S. S. Priscila

outperforms all existing systems in every metric, resulting in an F1 score of 94%, an
accuracy of 94%, and a precision of 93%. Recall is also strong, at 95%. The existing
system [5] has an accuracy of 85%, recall of 82%, f1 score of 85%, and precision of
88%, as indicated in the table above, compared to the method. The existing system
[6] had an F1 score of 86, with precise recall equal to 87. The tables indicate that the
existing system [7] has a higher F1 score (87%), accuracy (89%), 86% precision, and
89% recall. The proposed system’s higher precision and recall demonstrate that it is an
appropriate method for appropriately classifying and detecting threats, as demonstrated
by its superior performance in terms of accuracy and F1 value. Visual Graph for Precision,
Recall, F1 Score, and Accuracy Comparison is shown in Fig. 3.

Table 3. Average Response Time Comparison

System Type Average Response Time (Seconds) Average Containment Time
(Minutes)

Existing System [5] 45 30

Existing System [6] 35 25

Existing System [7] 30 20

Proposed System 20 10

—&— Average Response Time (Seconds)
—l— Average Containment Time (Minutes)

Fig. 4. Visual Graph for Average Response Time Comparison

Table 3 shows the average reaction and containment times of various systems.The
table shows the superior performance compared to the planned system. Average response
time: The proposed system calculates the average reaction time quicker to 20 s compared
to 45 s for the existing system [5], as well as 35 s for the existing system [6]. Finally,
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the value is better than the previously given estimate of b = 30 s. Also, the average
containment time is assessed in the timeframe required to completely withdraw a threat:
For example, present systems need 30 min for Windows and Linux servers (25), and
Mac clients (~20), whereas the proposed system (consumption of 10 m) consumes about
25% of that time. It highlights how quickly the proposed system can recognize danger
and implement best practice containment measures to help restrict what those malicious
actors may do--thus lowering the damage profile and improving overall cybersecurity
responsiveness. The visual Graph for Average Response Time Comparison is shown in
Fig. 4.

The results show that the novel technology outperforms standard approaches by
several orders of magnitude. The combination of strong ML algorithms and real-time
anomaly detection results in increased recognition and jeopardy accuracy. In comparison
to other systems, the increased true positive and true negative ratios show that the system
is more effective at spotting threats as well as typical activity. This improvement improves
security by reducing alert fatigue and false positives (and negatives). It demonstrates how
the proposed technology can assist in spotting danger quickly. The capacity to respond
quickly is critical in reducing the risk of damage and accelerating recovery from safety
incidents. Because the methodology uses a combination of PCA for feature extraction and
Isolation Forest to detect anomalies, it performs well and provides a versatile method
for detecting potential threats. The novel approach to real-world data infrastructure
protection intended from its unique pre-emptive technology has the potential to transform
security systems by allowing for automated solutions that can adapt to changing threat
scenarios. Besides from lowering false positives, improving detection accuracy, and
accelerating incident response time, it also provides insight into future cyber operations
that will be more responsive to current security concerns.

5 Conclusion and Future Work

In conclusion, the proposed Al-based cybersecurity solution outperforms traditional
methods in terms of detection accuracy. With advanced ML approaches such as NN,
GBM, and Isolation Forests driving the system to discover abnormalities in real time,
it may overcome the constraints of earlier solutions such as slow threat detection and
high false positive rates. There are certain disadvantages, of course. For instance, the
model may not be accurate under extreme data volatility situations; effective manage-
ment of very large-scale environments will most likely have implementation issues and
would require continuous upgrading to be successful in the face of emergent risks. To
accomplish that, future work must make real-time threat development techniques more
general and less specialized, as well as investigate flexible alternatives for large-scale
data systems and solutions with a high model resilience against surprises in their input
data. Further enhance the system: how well does it integrate with other cutting-edge
technologies, such as more complex threat detection platforms and quantum computing
Of course, cybersecurity does not have a monopoly on innovation; it exists everywhere,
and to keep the paper from becoming too complex, no one is allowed to share their
enthusiasm for security advancements using the language of progressive enhancement.
For future enhancement more machine learning algorithms such as Convolution Neural
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Network (CNN), Artificial Neural Network (ANN) and Gradient Boosting can be used
which will give more results than proposed SVM.
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Abstract. Traditional Intrusion Detection Systems (IDS) frequently rely on
anomaly and signature-based methods, which have limits in terms of accuracy,
scalability, and flexibility. Anomaly-based systems generate a high number of false
positives, causing operational problems, but signature-based solutions cannot pro-
tect against zero-day assaults. To overcome these problems, the proposed system
improves IDS performance in dispersed data engineering contexts by utilizing
Long Short-Term Memory (LSTM) networks, which are a type of Recurrent Neu-
ral Network (RNN). Furthermore, network data has temporal correlations, which
the LSTM-based IDS can utilize to reduce false positives and improve detection
accuracy. The methodology ensures maximum fault tolerance and resiliency while
scaling to handle terabytes of real-time data by distributing the LSTM model across
a cluster and cloud-based architecture. Research results reveal that the proposed
approach outperforms existing IDS approaches. For instance, the KDD Cup 99
dataset, achieved 92.5% accuracy, which is higher than other top algorithms in this
scenario defined as: Precision (88.4%), and recall (91.2%). F1 score: 89.7%. How-
ever, the scores acquired from the NSL-KDD dataset were 91.2% F1 score and
93.2% accuracy, which is rather low in comparison to our results but can provide
us with an elementary understanding of the outliers present in both approaches.
Furthermore, the techniques greatly reduced false positives and false negatives by
overcoming modern cybersecurity challenges.

Keywords: Distributed Data Engineering - Anomaly Detection - Temporal
Sequence Analysis - Network Traffic - Continuous Learning

1 Introduction

With the rise of complex assaults in recent years, standard intrusion detection systems
(IDS) have proven ineffective, relying instead on anomaly and signature-based tech-
niques. While traditional methods are important for network security, they fall short
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in terms of accuracy, scalability, and agility. For instance, signature-based IDS will be
unable to detect fresh and emerging attacks, implementing them beyond the existing
range of recognized threats. However, the performance of these anomaly-based IDS that
detect differences from the standard can be precise and frequently generate false-positive
rates, resulting in additional bureaucracies such as responding to warnings that are not
critical. The dispute serves as a reminder that the time has come for more productive
and simply deployable IDS that can account for today’s organic environment of cyber
threats. The problems of traditional IDS are greatly exacerbated by the large increase
in data traffic caused by the exponential and rapid expansion of networked systems.
These drawbacks of traditional IDS are especially obvious in large-scale distributed
data engineering paradigms defined by vast amounts of streaming real-time data and
highly complicated, ultra-fast network interactions.

These systems are also hampered by the increasing volume of data they must pro-
cess, making them less efficient at identifying and preventing cyber threats to critical
infrastructure. These methods are effective, yet do not scale, and the immediacy of
response required in a central control-and-command system must be supplemented by
novel methodologies that can boost scalability without sacrificing effectiveness. In com-
plex distributed data engineering systems, the system uses LSTM networks, a type of
RNN, to improve IDS performance. As a result, LSTMs’ ability to learn and construct
new structures in sequential data over long distances makes them ideal for such kinds
of applications.

LSTMs will improve the aforementioned system’s ability to recognize complex
and changing threats, as well as detect long-term traffic patterns that alter over time
(dynamic). To overcome this deficiency, the authors claim that a novel technique for
tackling IDS with LSTM-based performances provides a superior and at-scale solution
that will be effective in controlling the volume of up-to-date network scenarios. It pro-
poses the methodology to improve detection accuracy while limiting false positives and
negatives, to achieve real-time data processing on a large scale. A distributed comput-
ing architecture based on the LSTM model is constructed on its infrastructure to deal
with the high data flow encountered in modern distribution scenarios. As a result, the
described IDS system is undoubtedly capable of analyzing massive amounts of network
traffic at the same time, allowing for speedy and precise detection of potential threats.
Furthermore, the architecture enables the system to adaptively learn from new threats,
and its performance is reliable in a fast-changing threat scenario.

The study provides numerous favorable elements. The first feature it introduces is an
enhanced IDS design based on LSTM networks to address issues with existing detection
systems. The results of the research emphasize the importance of real-time process-
ing and scalability in modern IDS, resulting in an increased demand for solutions that
can expand with distribution data requirements. Finally, because the system decreases
false positives and negatives, it reduces administrative costs on security teams (lowering
noise), allowing them to focus on true threats and thereby significantly improving overall
cyber posture. The paper is organized as follows: Sect. 1 presents an overview of the
proposed IDS framework, as well as motivating difficulties. Section 2 examines the liter-
ature and recognizes limitations in current IDS approaches. As the study unfolds, system
specifics are given in Sect. 3, which includes a description of the methodology. Feature
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extraction, LSTM network architecture, and training techniques real-time deployment as
the proposed system assessment technique that includes data collection and preparation.
Section 4 David displays performance measurements that are compared to both existing
systems and the new system. Conclusions: The concluding section (Sect. 5) summarizes
the findings and suggests further directions to end the paper. The results from the LSTM-
based IDS have been demonstrated to outperform traditional approaches by enhancing
detection accuracy, lowering false positives, and scaling with a huge amount of train-
ing data. Its relevance for existing cybersecurity is also shown in its ability to process
vast amounts of constantly changing data and respond swiftly. Its unique technology
enables more effective intrusion detection and overcomes many of the cracks left by
existing systems.

2 Literature Survey

The purpose of the present investigation is to identify abnormalities in network traffic
using a machine learning model based on LSTM and to divert all harmful requests to a
black hole server based on honeypots. It was trained and evaluated on the CICIDS2017
data set consisting of many attacks. The model may be applied to distributed servers that
are currently in operation, and the results show an elevated level of accuracy in detecting
these assaults [6].

The article’s introduction covers the fundamental ideas of IDS, the ever-changing
threat environment, and the benefits of utilizing ML and DL in the current use case. It also
discusses the three categories into which NIDS techniques fall: hybrid, anomaly-based,
and signature-based. Evaluating the benefits and drawbacks of every group. The paper
aims to present a comprehensive analysis and comparison of the many methodologies
proposed [7].

The existing study uses CNN and RNN, two deep learning techniques, to create
an intelligent detection system that can recognize different types of network intrusions
[8]. It suggests a brand-new technique for intrusion or anomaly detection by utiliz-
ing an improved hybrid model that blends an RNN and a CNN. The study optimizes
several hyperparameters in the model [9].

LSTM is used to build an IDS architecture using machine learning methods. It uses
LSTM networks, gated RRUs, and simpler RNNs three different forms of RNNs that
are occasionally used [10].

In the present study, it addresses the drawbacks of centralized IDS for devices with
limited resources by introducing two approaches—distributed and semi-distributed—
that combine efficacious extraction and choice of features with the possibility for fog-
edge coordinated analytics. It individually creates parallel ML models corresponding to
a partitioned assault dataset in order to disperse the computational duties. In the semi-
distributed situation, side-by-side feature choices are performed using the parallel models
operating on the edge side, and a single multi-layer perceptron classification operates on
the fog side as a result. In the distributed scenario, each of the parallel models handles the
feature selection and multi-layer perceptron classification independently. A coordinating
edge or fog then combines the outputs to make the final judgment [11].

Multi Layer Perceptron (MLP) is an important algorithm that helps in predicting the
intruder in a safe secured network with deep learning approaches [12]. Classification of
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Intrusion is done in a better manner Using Convolution Neural Network (CNN) with
IQR (Inter Quartile Range) Approach [13].

3 Proposed Model

Conventional IDS, which usually use anomaly and signature-based detection techniques,
are essential to network security. To detect malicious activity, signature-based intrusion
detection systems rely on predetermined patterns of recognized threats, which makes
them ineffective against novel, unidentified attacks. Conversely, anomaly-based IDS that
identify departures from typical network activity frequently experience elevated false
positive rates, leading to needless notifications and extra administrative burden. More-
over, the scalability demands of contemporary networked data engineering systems,
which entail enormous amounts of data generated in real time, are beyond the capabili-
ties of these antiquated systems. Conceptual Blueprint of Proposed System is shown in
Fig. 1.

Fig. 1. Conceptual Blueprint of Proposed System

Their inability to handle massive amounts of data in today’s network systems gives
them a competitive disadvantage. The proposed approach aims to solve these limita-
tions by leveraging the characteristics of RNNs, notably LSTM networks, to provide
robustness in terms of scalability, accuracy, and efficiency for intrusion detection sys-
tems in dispersed data engineering contexts. The concept behind employing RNNss is
that because of their capacity to capture time dependencies between data in a sequence,
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they can analyze sequential network traffic more efficiently than older methods. With
various technology developments and methodological changes, the proposed system
departs from existing IDS.

Beginning carefully by initializing and processing network traffic data sequences
using LSTM networks to train the proposed framework to recognize patterns over time.
Understanding time is essential for anticipating complex dangers that can take many
years to develop. It also increases the need for scalability when dealing with large
volumes of data streams, which is frequent in modern distributed settings, by allowing
us to horizontally split the model LSTM on top of clusters. Distributed computing reduces
fault tolerance while enabling real-time processing. It involves multiple use-case phases
to evaluate the system and, eventually, add strength to it. It collects and produces the
network traffic timestamps needed for the LSTM model analysis. Preprocessing captures
different processes such as data segmentation into sequences, categorical information
encoding, and normalization.

The LSTM network is then developed and trained using a labeled dataset that includes
annotated instances of benign and malicious traffic. During training, all of a model’s
parameters are tweaked to reduce error during prediction across numerous stages, allow-
ing us to distinguish between malicious and benign sequences. The trained model is
deployed throughout a distributed computing infrastructure (either in the cloud or on
edge devices), allowing for real-time discovery. With the rule bases in place, this sys-
tem can now scan incoming network traffic in parallel and promptly alert on potential
breaches. One of the primary benefits of deploying an RNN-based IDS is a large increase
in detection accuracy. The results of this test revealed a significantly higher detection
rate than most current approaches.

The improved accuracy enables the LSTM network to learn and replicate compli-
cated temporal patterns from in-network data. Even better, the technique significantly
minimizes false positive rates, relieving administrative burdens and allowing security
staff to focus on serious threats. Another advantage is its real-time processing capability
and scalability. Thus, distributing the LSTM model indicates that those dozen models
can be more readily maintained among IDSs in circumstances when efficient manage-
ment over such huge amounts is required in a system as massive and data-rich as any of
today’s systems. It evolves into a full scale-out system over the network, and data flow
becomes efficient even on enormous networks in big environments due to its scalability.
The IDS is also adaptable to new and emerging threats due to its continuous learning
capability, which can be modeled using an LSTM network. As it gets more data over
time, the model can grow in real time (a term we frequently use to make sense of deep
learning issues, by the way) and keep up with both benign and malicious activities.

The proposed system provides a dependable, scalable alternative to the shortcom-
ings of standard IDS. The method decreases false positives, improves detection efficacy,
and maintains real-time performance by distributing positions over multiple processing
units, and temporal sequence analysis capabilities can be used utilizing LSTM net-
works. Today, these advancements make it an important tool for preventing complex
cyberattacks on distributed data engineering systems.
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3.1 Data Collection and Preprocessing

The first stage is to collect a big dataset of both regular network traffic and malicious
behavior to develop an IDS. To accomplish that, use well-known public datasets like
KDD Cup 99 and NSL-KDD, which contain a significant number of attack-labeled
instances [14]. The next important step is to pre-process the acquired data so that it
may be processed by LSTM networks. There are a few preprocessing processes that are
required, such as normalizing input value ratios to maintain average ranges for learning
and readability using LSTM. To align them with the LSTM model, which requires
numerical inputs for processing, categorical information such as protocol kinds and flag
indications are converted to numerical representations. Furthermore, because LSTMs are
built for time-series data, we must divide the entire dataset into fixed-length sequences
so that the LSTM can choose which sequence to follow at any given instant. It enables
the LSTM to examine time-centric patterns required to detect real-time-emerging and
changing threats within a network. Before using an LSTM model to train and test on
data, ensure that the dataset has been thoroughly pre-processed using segmentation,
encoding, and normalization. It helps the IDS detect and categorize various intrusions
in distributed data engineering. Visual Representation of proposed system is shown in
Fig. 2.

Fig. 2. Visual Representation of Proposed System

3.2 Feature Extraction

Feature extraction is a critical first step that must be performed on raw network traffic
before it can be routed through LSTM networks. The process entails converting unstruc-
tured data into a structured version to allow your model to detect patterns associated
with typical or outlier behavior. Connection duration is used to monitor network ses-
sion duration; data sent is counted by byte, packets are exchanged using packet count
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numbers, and any protocol-specific information (such as TCP flags or HTTP methods)
is extracted from network traffic. These attributes are generated from raw network data
to help determine which network behavior is conspicuous and potentially harmful. Fol-
lowing extraction, these attributes are normalized to fall within a consistent range of
values. It’s significant because it helps mitigate the influence of discrepancies in fea-
ture magnitudes, which can distort your LSTM model during training. One of the most
important problems arises when specific features dominate learning despite vastly diver-
gent averages. It ensures that each feature contributes proportionally to model training
by scaling the data. It improves the models’ ability to spot patterns and abnormalities.
Finally, a more structured feature extraction and normalization strategy makes it easier
for the LSTM model to learn about intrusions in widely distributed complicated data
situations.

Pseudo-Code for IDS

1. Data Collection
dataset = load_public_dataset (["KDD Cup 99", "NSL-KDD"])

2. Preprocessing
data = preprocess(dataset)
sequences = segment_data (data, sequence_length)

3. Feature Extraction
features = extract and normalize features(sequences)

4. LSTM Network Design
model = build LSTM_model (num_layers=3, dropout_rate=0.5)

5. Training
train_data, val data = split_data(features)
model. train (train_data, optimizer=Adam(0.001), loss_function=CrossEntropyLoss())

6. Real-time Deployment
deploy_model(model)
while True:
incoming_data = receive data()
processed_data = preprocess(incoming_data)
predictions = model.predict(processed data)
alerts = generate_alerts(predictions)
send _alerts(alerts)

7. Evaluation
metrics = evaluate_model(model, test data)
print("Metrics:", metrics)
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3.3 LSTM Network Design

The IDS largely relies on its LSTM network, a form of RNN that is ideal for processing
sequential input. LSTM networks are widely preferred due to their ability to recognize
long-term dependencies and temporal patterns in network traffic, which is essential
to detecting various sorts of complex and rapidly growing cyber threats. The LSTM
architecture consists of three layers of LSTM cells in Eigen Genre resolution, allowing
the model to recognize and learn complicated patterns over long sequences. Because
each LSTM cell has gating mechanisms that control information flow, the network can
maintain a high number of temporal associations but not very many. It’s especially
valuable when inspecting network traffic, as patterns of undesirable conduct might take
a long time to emerge. It also improves generalizability from specific data points in the
training set to previously encountered circumstances by incorporating dropout layers
within the network. During training, dropout layers randomly deactivate a fraction of
neurons to prevent the model from learning any single characteristic too well, hence
reducing volatility. The LSTM network design achieves an equilibrium between the
addition of dropout layers, which are known for delivering high generalization, and
many LSTMs that learn to record complicated sequential patterns. Its design enables the
IDS to identify and respond to both new and old intrusion patterns more precisely and
quickly than other types of approaches, providing a non-restrictive solution to modern-
day cybersecurity concerns. The LSTM cell is implemented using the equations below
to help regulate information flow.

1. Forget Gate:Decides what to discard from the cell state.
fi=oWr - [h—1,x) + by )]
2. Input Gate:Updates cell state with new information.
iy = o (Wi [hi—1, %) + b @)
3. Cell State Update:Computes the new cell state.
C, = tanh(c - [hi—1, x;) + b 3)
4. Final cell State:Combines previous and new cell states.

Ci=f Ci+i- G 4)

W

. Output Gate:Determines the next hidden state.
0 =0Wo - [hi—1,x) + b, 4)
6. Hidden State:Represents the output of the LSTM cell.

I’l[ =0t tanh(C,) (6)
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3.4 Training the LSTM Model

Training an LSTM model is a critical step in developing a successful IDS. The first stage
in the procedure was to employ a tagged dataset containing both benign and malicious
network traffic. The data set is the force that guides the LSTM model in differentiating
normal behavior from noisy behavior, therefore it acts as a form of supervised learning
material for our algorithm’s training process. During the training process use the Adam
optimizer and stochastic gradient descent with warm-up (SGDW) techniques to achieve
steady learning rates. Adam is an excellent optimizer for big neural network models,
such as LSTMs, because it works similarly to annealing, altering the learning rate per
parameter dependent on the amount of gradient an incorrect value can create. It facilitates
more effective and faster convergence of the model, particularly when dealing with
large-scale datasets with complicated structures. Instead, the loss function based on
cross-entropy is quite useful for classification applications. It compares the actual label
to the projected class probability for each occurrence, indicating how well the model
has been performing. When a triangle is detected, the model calculates how far off its
predictions are and adjusts the numbers accordingly to reduce the error. During training,
the LSTM model adjusts its weights to reduce cross-entropy loss and continuously
updates itself to improve network traffic predictions and classifications. The procedure
is iterative and consists of two steps: backward propagation (calculate gradients of a loss
function to each weight and use them to update weights) and forward propagation (the
network predicts based on its current state). The ongoing fine-tuning allows the model to
rapidly pick up on complicated patterns and improves the detection of both known and
unknown breaches.The cross-entropy loss function is crucial for classification tasks:

1 W
Loss = =) [ylog(pi) + (1 = yp)log(l = pi) (M

3.5 Real-Time Deployment

Atrained LSTM model is used in a distributed computing architecture to detect intrusions
in real-time by processing enormous amounts of fast network traffic data. The architec-
ture allows the model to be deployed in a distributed and cloud-based environment for
scalable processing and parallel analysis of incoming data streams. The deployment
architecture’s parallel data processing features enable each piece of equipment to handle
high-bandwidth loads without introducing perceptible latency. Each node in the dis-
tributed system is responsible for acting on this LSTM to handle a portion of the traffic
that arrives. After all of the data has been segmented, the algorithm may process parts of
it at once, which speeds up detection. Each node’s predictions are combined to create a
composite representation of all network operations. Integrate and produce a single com-
prehensive assessment of potential invasions across individual nodes. The architecture
uses task distribution and parallel data processing to improve detection speed and scal-
ability to deal with rapidly increasing traffic volumes. The real-time deployment design
allows for immediate alerting and prevention of any security events, ensuring the IDS’s
efficiency in identifying any anomalies or risks that may arise. It is especially important
for ensuring the security and integrity of distributed data engineering systems in both
dynamic and active situations.
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3.6 Evaluation and Validation

Several key measures are used to assess the effectiveness of the IDS. Precision and
recall assess how well the model identifies potentially dangerous activities, whereas
accuracy informs us whether or notitis truly good at making predictions. Recall measures
the frequency of true positives, whereas accuracy represents a fraction of all positive
predictions, and so on. The F1-Score gives a balanced performance statistic by taking the
harmonic mean of precision and recall, which can be highly beneficial when working with
unbalanced datasets. The protected model is validated using an independent validation
data set that includes both known and unknown attackers. Ground truth is necessary
for at least certain IDSs to evaluate their generalization capabilities (i.e., whether or
not it can detect threats that were not in the training set). Cross validation approaches,
such as k-fold cross-validation, are used to assess a model’s resilience while avoiding
overfitting. When an LSTM-based system is used, detection accuracy improves and false
positives decrease, as demonstrated. The comparison is essential for demonstrating the
characteristics that render the methodology interesting and ensuring that it reflects real
advancement when compared to existing solutions. Assessing and testing ensure that the
IDS provides dependable, high-fidelity intrusion detection in real-world scenarios since
it is validated using these rigorous approaches.

In summary, LSTM networks improved the IDS framework’s intrusion detection
capabilities. The system detects known and unknown threats more effectively by employ-
ing advanced pre-processing, feature extraction, and real-time training models, as well
as undertaking extensive testing (including unknown threats). It provides a solid and
scalable solution to today’s cybersecurity issues.

4 Result and Discussion

The study uses two datasets to conduct a detailed review of various IDS. It introduces
a proposed LSTM-based IDS and compares it to three cutting-edge systems. The pro-
posed method performs better at detecting and classifying network traffic, with improved
accuracy and comparison rates.

Table 1. Performance Comparison of IDS Techniques (KDD Cup 99 Dataset)

System Type Accuracy Precision Recall F1 Score
Existing System [8] 85.3 78.9 82.1 80.4
Existing System [9] 82.7 74.2 79.5 76.8
Existing System [10] 88.1 81.4 85.3 83.3
Proposed System 92.5 88.4 91.2 89.8

Table 1 utilizes the dataset to compare the performance of different IDS techniques.
Every metric shows that the proposed system outperforms the alternatives: accuracy is
92.5%, precision is 88.4%, recall is 91.2%, and F1 score is 89.8%. The performance
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of existing systems is inferior in contrast: Existing System [9] records 82.7% accuracy,
precision of 74.2%, recall of 79.5%, and an F1 score of 76.8%; Existing System [10]
performs marginally better with 88.1% accuracy, 81.4% precision, 85.3% recall, and an
F1 score of 83.3%. The existing System [8] achieves 85.3% accuracy with precision at
78.9%, recall at 82.1%, and an F1 score of 80.4%. The proposed method outperforms
every disclosed current system, demonstrating a more effective ability to identify and
classify network traffic more precisely, enhancing detection and decreasing false pos-
itives. Performance Comparison of IDS Techniques (KDD Cup 99 Dataset) Graphical
Ilustration is shown in Fig. 3.
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Fig. 3. Performance Comparison of IDS Techniques (KDD Cup 99 Dataset) Graphical Illustration

Table 2. Performance Comparison of IDS Techniques (NSL-KDD Dataset)

System Type Accuracy Precision Recall F1 Score
Existing System [8] 87.5 80.1 84.3 82.2
Existing System [9] 84.1 76.5 81.7 79.0
Existing System [10] 89.6 83.2 87.4 85.2
Proposed System 93.2 89.6 92.8 91.2

Table 2 compares the performance of several IDS tested using the dataset. The
table includes metrics for the proposed LSTM-based IDS and three existing in-use IDS
systems. With an accuracy of 93.2%, precision of 89.6%, recall of 92.8%, and an F1
score of 91.2%, the proposed system outperforms all other systems. Existing system
performance varies. System [8] achieves an accuracy of 87.5% but has lower precision
(80.1%) and recall (84.3%); Existing system [9] has an accuracy of 84.1% but even worse
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precision (76.5%) and recall (81.7%). The existing system [10] performs better, with an
accuracy of 89.6%, although it falls short of the proposed system’s metrics. The LSTM-
based IDS improves detection capabilities making it more successful in categorizing
network intrusions. Performance Comparison of IDS Techniques (NSL-KDD Dataset)
Graphical Illustration is shown in Fig. 4.
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Fig. 4. Performance Comparison of IDS Techniques (NSL-KDD Dataset) Graphical Illustration

Table 3. False Positives and False Negatives

System Type False Positives False negative
Existing System [8] 1.2 0.9
Existing System [9] 5.8 4.3
Existing System [10] 10.4 6.7
Proposed System 4.7 32

Table 3 displays the false positive and false negative performance of several IDS sys-
tems. The LSTM-based IDS described, which achieved 4.7% false positives and 3.2%
false negatives, outperforms the existing systems by reducing the number of alerts gener-
ated after processing the results of the identification stage done using an ML algorithm
across the network logs. The method also has less false positives (1.2%) and misses
(0.9%). While the technique may be simpler, it is not necessarily more scalable than
existing systems [8]. Existing systems have a higher rate of false positives and nega-
tives [9] and [10], and false alarms are more frequent with a lower detection probability.
However, the proposed method still improves significantly over the existing system,
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particularly in terms of false negatives; however, there is considerable development that
needs to be done before it can be as accurate as the existing system [8].

The proposed LSTM-based IDS outperforms the existing techniques. The results
demonstrate how effectively the technique improves detection recall, precision, and
accuracy. The proposed approach outperforms existing IDS by successfully detecting
both known and unexpected threats. It is mostly owing to an LSTM network’s ability
to detect and assess repeating temporal patterns in psychological activity, which is a
feature that many traditional techniques lack. LSTM-based intrusion detection systems
have extensive applications. Itis especially well-suited for decentralized data engineering
applications that generate a large amount of network traffic regularly, such as scalability
and real-time processing. The method scales the LSTM model over a cluster and cloud-
based architecture to efficiently maintain low detection latency while providing high
data throughput. One of the primary advantages is that the method will reduce both
false positives and true negatives. Improvement - Security teams will have reduced
overhead (administrative labor) on that, increasing the accuracy of identifying an attack.
In general, the proposed LSM-LSTM-based IDS is a promising and scalable system that
can significantly improve cyber security against real-world developing and aggressive
cyber threats.

5 Conclusion and Future Work

In conclusion, the proposed LSTM-based IDS outperforms existing methods by improv-
ing detection accuracy and minimizing false positives (false alarms) and false nega-
tives while maintaining scalability in distributed data engineering contexts. The feature
improves the technique’s ability to detect both known and new threats by learning tem-
poral patterns from network data using an LSTM model. LSTM networks are the most
adaptable of all RNNs, however, it do have some limits. Model-free learning’s significant
computational complexity and resource costs may appear to be barriers to good on-device
performance if not outright crippling it. Second, the quality and representational power
of a model’s training data may limit its success against previously unknown sorts of
attacks. Finally, while the entire system is scalable, its distributed architecture might be
challenging for operations and maintenance. Future research should focus on improving
the computational efficiency of LSTM networks for a wider range of dynamic attack
vectors to generalize our model and develop a durable system scope with high fidelity
across a large number of devices spread throughout the world. Such adjustments can
also increase the utility and endurance of an IDS in adjusting to changing cybersecurity
landscapes.

References

1. Ennaji, S., Akkad, N.E., Haddouch, K.: A powerful ensemble learning approach for improv-
ing network ntrusion detection system (NIDS). In: 2021 Fifth International Conference on
Intelligent Computing in Data Sciences (ICDS) (2021). https://doi.org/10.1109/icds53782.
2021.9626727


https://doi.org/10.1109/icds53782.2021.9626727

240

10.

11.

12.

13.

14.

A. Jeyaram and A. Muthukumaravel

Kavitha, R., Amutha, S.: Performance analysis of deep neural network and LSTM models
for secure network intrusion detection system. In: 2022 IEEE 4th International Conference
on Cybernetics, Cognition and Machine Learning Applications ICCCMLA) (2022). https://
doi.org/10.1109/iccemla56841.2022.9989253

Ramkumar, K., Alzubaidi, L.H., Malathy, V., Venkatesh, T.: Intrusion detection system in
wireless sensor networks using modified recurrent neural network with long short-term mem-
ory. In: 2024 International Conference on Integrated Circuits and Communication Systems
(ICICACS) (2024). https://doi.org/10.1109/icicacs60521.2024.10498333

Sivamohan, S., Sridhar, S.S., Krishnaveni, S.: An effective recurrent neural network (RNN)
based ntrusion detection via bi-directional long short-term memory. In: 2021 International
Conference on Intelligent Technologies (CONIT) (2021). https://doi.org/10.1109/conit51480.
2021.9498552

Ullah, S., et al.: A new intrusion detection system for the internet of things via deep convolu-
tional neural network and feature engineering. Sensors 22(10), 3607 (2022). https://doi.org/
10.3390/522103607

Halbouni, A.H., Gunawan, T.S., Halbouni, M., Assaig, FA.A., Effendi, M.R., Ismail, N.:
CNN-IDS: convolutional neural network for network intrusion detection system. In: 2022
8th International Conference on Wireless and Telematics ICWT) (2022). https://doi.org/10.
1109/icwt55831.2022.9935478

Nayyar, S., Arora, S., Singh, M.: Recurrent neural network based intrusion detection system.
In: 2020 International Conference on Communication and Signal Processing (ICCSP) (2020).
https://doi.org/10.1109/iccsp48568.2020.9182099

Lonare, M.B.,Joshi, B.C., Tripathy, S.K., Kumar, S., Tiwari, S.: Real-time network monitoring
and reporting using network intrusion detection system. In: 2024 IEEE 9th International
Conference for Convergence in Technology (I2CT) (2024). https://doi.org/10.1109/i2ct61
223.2024.10543613

. Al-Emadi, S., Al-Mohannadi, A., Al-Senaid, F.: Using deep learning techniques for network

intrusion detection. In: 2020 IEEE International Conference on Informatics, IoT, and Enabling
Technologies (ICIoT) (2020). https://doi.org/10.1109/iciot48696.2020.9089524

Selvarajan, P., Salman, R., Ahamed, S., Jayasuriya, P.: Networks intrusion detection using
optimized hybrid network. In: 2023 International Conference on Smart Computing and
Application (ICSCA) (2023). https://doi.org/10.1109/icsca57840.2023.10087611

Kasongo, S.M.: A deep learning technique for intrusion detection system using a Recurrent
Neural Networks based framework. Comput. Commun. 199, 113-125 (2023). https://doi.org/
10.1016/j.comcom.2022.12.010

Saranya, R., Priscila, S.S.: Efficient development of intrusion detection using multilayer per-
ceptron using deep learning approaches. In: Rajagopal, S., Popat, K., Meva, D., Bajeja, S.
(eds.) Advancements in Smart Computing and Information Security. ASCIS 2023. Commu-
nications in Computer and Information Science, vol 2038 (2024). Springer, Cham. https://
doi.org/10.1007/978-3-031-59097-9_30

Gowthami, G., Priscila, S.S.: Classification of intrusion using CNN with IQR (Inter Quartile
Range) approach. In: Rajagopal, S., Popat, K., Meva, D., Bajeja, S. (eds.) Advancements in
Smart Computing and Information Security. ASCIS 2023. Communications in Computer and
Information Science, vol 2038 (2024). Springer, Cham. https://doi.org/10.1007/978-3-031-
59097-9_19

https://www.kaggle.com/datasets/hassan06/nslkdd


https://doi.org/10.1109/icccmla56841.2022.9989253
https://doi.org/10.1109/icicacs60521.2024.10498333
https://doi.org/10.1109/conit51480.2021.9498552
https://doi.org/10.3390/s22103607
https://doi.org/10.1109/icwt55831.2022.9935478
https://doi.org/10.1109/iccsp48568.2020.9182099
https://doi.org/10.1109/i2ct61223.2024.10543613
https://doi.org/10.1109/iciot48696.2020.9089524
https://doi.org/10.1109/icsca57840.2023.10087611
https://doi.org/10.1016/j.comcom.2022.12.010
https://doi.org/10.1007/978-3-031-59097-9_30
https://doi.org/10.1007/978-3-031-59097-9_19
https://www.kaggle.com/datasets/hassan06/nslkdd

q

Check for
updates

Dynamic Crop Recommendation Systems Using
Reinforcement Learning and Real-Time Sensor
Data

C. Bala Kamatchi' ®9 and A. Muthukumaravel?

1 Department of Computer Applications, Bharath Institute of Higher Education and Research
(BIHER), Chennai, India
balakamatchics.87@gmail.com
2 Faculty of Arts and Science, Bharath Institute of Higher Education and Research (BIHER),
Chennai, India
dean.arts@bharathuniv.ac.in

Abstract. This research is a dynamic crop recommendation system based on sen-
sor technology and reinforcement real-time data learning boost. It comes in pre-
cision agriculture and needed to come up with solutions that answer the questions
of sustainability, yield-boosting policies and resources efficiently. If sustainable
development is to happen then in this method a new concept of reinforcement
learning based on the Agricultural Research Institute’s large-sized dataset, as well
as sensors for soil moisture, temperature and acidity levels, is applied. The sys-
tem uses real-time data to iteratively optimize its recommendations, to make the
best crop selections as well as field management techniques. Results reveal the
fruitful yield under a variety of field conditions for crop recommendations had an
accuracy rate of 90%. Quite large increases in yield were also achieved, for some
species yielding 30% more than when using conventional methods. Moreover, the
suggested approach realized a 23% yield gain over the former year’s practices.
These results show actual environmental improvement along with an increase in
agricultural productivity.

Keywords: Markov Decision Process - Deep Q-Network - Reinforcement
Learning - Application Programming Interface - Information and
Communication Technology

1 Introduction

The agricultural industry has stepped a giant leap by using modern technology in its
favor, with the use of advanced technologies especially in precision agriculture and
smart farming. Pressing global issues such as climate change, soil degradation, and an
ever-growing worldwide population have necessitated a move towards increasing sus-
tainable production systems in agriculture. One significant progress is the formulation of
dynamic crop recommendation systems, to enhance yield and resource utilization. Pow-
ered by cutting-edge technologies such as reinforcement learning and real-time sensor
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data, these systems offer farmers personalized actionable insights. Reinforcement learn-
ing is part of the artificial intelligence technology stack, where it thrives in challenging
decision-making and adaptive contexts. Further, it can learn from the outcomes as a
result of periodically trying out diverse possibilities; thus MORABORK brings in with
its character to make better judgments time and again which is fit for agricultural appli-
cations because these are abound of uncertainty. Crop management using RL algorithms
may also evolve strategies in response to different conditions, resulting in better outputs
and decision-making techniques.

For improving the efficiency of crop recommendation systems, real-time sensor
data integration is essential. The agricultural regions employ advanced sensors which
monitor crucial features like soil moisture, temperature, pH levels, and nutrient content. A
constant stream of data ensures a complete and timely portrayal of conditions in the field,
enabling better advice from the recommendation system. By processing sensor data, RL
algorithms can adapt recommendations to the specific situation in place and thereby lead
to more precise and sustainable farming methods. The paper studies the collaboration of
reinforcement learning along with real-time sensor information in developing adaptive
crop recommendation systems. This paper investigates the architectures of these systems
and gives a detailed overview of the operation principle of RL algorithms and several
types of sensor methods as well as data processing techniques. It also considers case
studies and empirical results for illustration of the practical advantages, as well as some
possible difficulties that may be faced during implementation in real farm settings. It
could have a huge impact on agriculture if implemented correctly. Utilizing current
information and the newest equipment for prediction, the systems provide farmers with
tools to make effective choices that result in optimizing resource usage and increasing
crop yields. In the end, they help to achieve a common goal of sustainable Agriculture.
This study aims to give an overview of the construction and application of these complex
infrastructures, underlining their relevance for agriculture in general. The study will
look to further understand how dynamic crop recommendation systems can provide
the potential for transformative change and adoption of sustainable productive farming
practices.

2 Literature Survey

Recommendation in Crop Suggestion Systems to select which crops you have to harvest
and cultivate. The privacy, integrity, and performance of these systems may be com-
promised by adversarial attacks. In this work, defending against these poisoning and
evasion attacks (where the training data is tampered upon or an adversarial example
is presented to fool the algorithm during prediction) in agricultural recommendation
systems [1] is provided. The new project researches why agricultural recommendation
systems may be vulnerable to adversarial attacks. The recommended defenses are eval-
uated through in-depth analyses of a real-world agricultural data set. The results show
that adversarial attacks could be launched against agricultural recommendation systems.
Under poisoned attacks, model precision falls to 0.77 and 0.65 and accuracy to 0.64 and
0.65. The accuracy and precision of the model increase to 0.73 and 0.75 with the addition
of protective devices. Evasion attacks reduce the F1-score to 0.70 and recall to 0.48 for
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the model. Nonetheless, the defensive mechanisms raise the F1-score to 0.80 and the
model recall to 0.86 [2]. The defense system’s ability to detect and neutralize hostile
attacks has increased significantly since it was put into place.

The foundation of the Indian economy, accounting for 18.06% of GDP in 2021-
2022, is agriculture. The need for land-based agriculture has increased due to India’s
population expansion. As crop demand grows, agricultural output forecasting will bene-
fit the farmers. Forecasting crop yield is challenging because of erratic rainfall, variable
weather, and seasonal production patterns [3]. In agriculture, machine learning is being
used for weed control, fertilizer recommendations, crop suggestions, weather predic-
tions, and other purposes. Although all input data are real-time, the performance of
ML models is influenced by ground truth data. To predict agricultural productivity, the
suggested research assesses Decision Tree Gradient Boosting, Random Forest, Multiple
Linear regression, and Extreme Gradient Boost. These machine learning algorithms’
performance metrics include Adjusted R2, R2, and Accuracy [4]. For gradient boosting,
the proposed approach achieves Extreme gradient boosting methods: 93.95% accuracy,
92.06% R2 score, 89.95% modified R2 score, and 93.95%, 93.45%, and 91.25.

Utilizing state-of-the-art technology to boost crop yield is crucial for the agricul-
tural sector, which is vital to the world’s food supply. In response to the urgent demand
for improvement, it provides a ground-breaking CRS that makes use of cutting-edge
technologies to optimize crop yield [5]. The research integrates real-time soil condition
monitoring, enabled by a customized hardware setup including temperature, humidity,
and phosphorus, potassium, nitrogen, and pH sensors. Initially, to create a large dataset
including 22 different types of agricultural output components. It was able to categorize
crops employing a range of machine-learning algorithms, including ensemble methods
and baseline classifiers, with an astounding 99% accuracy rate. With the application of
these insights, the CRS provides personalized recommendations for appropriate crops
under certain meteorological conditions via an easy-to-use user interface. The tech-
nology promises to revolutionize crop management practices and provide agricultural
stakeholders with valuable information thanks to its unique blend of hardware sensing
capabilities and Al-driven decision-making [6]. Crop management might be completely
transformed by the system’s special blend of hardware sensing capabilities and Al-driven
decision-making methods and provide valuable information to agricultural stakeholders.

Agriculture underpins several big economies, including India and other countries.
New agriculturalists must choose crops for their fields. To solve this, create a system
that forecasts potential crops for farmers based on soil composition, weather, rainfall,
humidity, and more [7]. This K Nearest Neighbor (KNN) technique reduces farmer losses
and boosts productivity. The crop prediction system uses classification and regression
techniques, unlike current systems, which are not completely functional and cannot help
farmers choose crops. This technology may be utilized by farmers online and on Android
phones. The proposed approach employs a collection of agricultural samples containing
essential nutrients like potassium. Features include phosphorus, nitrogen, pH, humidity,
rainfall, and more. For classification and regression, to employ the Supervised Learning
method KNN. The system employs a Python pickle module to develop the Machine
Learning Model that recommends crop cultivation. KNN pick the best crop for that soil
type on the basis of this component.
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Crop prediction and analysis are crucial in optimizing the procedures associated with
agriculture. System forming crops of an effective system that recommends expanding
the production of certain types according to climate and land use. This method is labor
intensive and previously has always taken a certain degree of time from farmers, thanks
to its reliance on their experience. Farmers, on the other hand, can do a lot of production
but cannot fertilize and keep essential nutrients in time with the ML & DL Method. This
can be done by significantly simplifying the list of crop recommendations and enhancing
pest and disease identification functions. To predict which crops are to be cultivated, the
recommended method employs a DNN model endowed with multiple parameters such as
pH, temperature, humidity, soil moisture, rainfall, nitrogen, potassium, and phosphorus.
The methodology has two approaches one is using kaggle Historical datasets and the IoT
model to collect real-time data. The sensors for temperature, humidity, and soil moisture
sensing collected by Toto too are crucial elements in CBT (crop-based recommendations)
as these provide rapid variations to the data coming out of the IoT model [8] on the sensor
end uses DHT11 Temperature and Humidity Sensor along with Moisture Sensors. Kaggle
has this dataset, which we use for training and testing our DL algorithm model, it gives
an accuracy of >95%. This abstract summarizes the technological features of this
system and argues that effective crop recommendation in real-time can help maximize
agricultural production.

Al’s potential for an agritech revolution is underexplored, despite food production’s
worldwide importance. This study reviews the use of ML in agriculture to examine its
potential to improve agricultural methods and efficiency. Statisticians have seen a sig-
nificant increase in research efforts in this sector. This makes it one of the most active
research fields. It uses ML and smart agriculture concepts such as Digital Agriculture,
Precision Agriculture, Smart Farming, and Agriculture 4.0 to investigate how Al may
boost agricultural output while lessening its effect on the environment. It illustrates how
ML can assess and classify agricultural data to increase farm output and profitability
and looks at well-known ML models and their unique qualities that have shown poten-
tial in agricultural applications [9]. This work fills the Al in the agricultural literature
vacuum with a comprehensive review and provides useful information to beginners and
researchers. It is to help the scientific community grasp AI’s substantial contributions
and potential in agriculture by illuminating unknown areas in this burgeoning subject.

Big data technologies and high-performance computing have come together with
machine learning to provide new opportunities for data-intensive scientific study in the
multidisciplinary area of agricultural technology. A thorough evaluation of previous stud-
ies on the use of machine learning in agricultural production systems is given in this paper.
Four categories were created from the studied works: soil management, water manage-
ment, animal management, and crop management. Applications for yield prediction, dis-
ease and weed detection, crop quality, and species identification are all included in crop
management. Applications for animal care and livestock production are included in live-
stock management. The beneficial effects on agriculture are shown by the way machine
learning technologies are used to filter and categorize the articles that are provided. Farm
management systems are becoming into artificial intelligence-powered real-time appli-
cations via the use of ML on sensor data [10]. These programs provide insightful advice
and helpful recommendations to support farmers in their decision-making and action.
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A lot of data is present in the digital world during the 4IR, also known as Indus-
try 4.0, including data from the IoT, cybersecurity, mobile, business, social media, and
health. To analyze this data correctly and build clever, automated applications, one must
be knowledgeable about Al, particularly machine learning. ML approaches in this dis-
cipline include supervised, unsupervised, semi-supervised, and reinforcement learning.
Large volumes of data may be efficiently evaluated using DL in conjunction with other
ML algorithms. An extensive summary of ML techniques that might enhance applica-
tion intelligence and capabilities is given in this article. The main contribution of this
paper is the description of ML ideas and their applications in smart cities, cybersecurity,
healthcare, e-commerce, agriculture, and other fields [11]. For better data transmission in
Wireless Sensor Networks (WSN) a concept of enhanced Particle Swarm Optimization
(PSO) has been implemented which gave best results interms of performance measure-
ments [12]. We explore issues and directions for future study based on our results. The
purpose of this page is to serve as a technical reference for decision-makers in a variety
of real-world applications and settings, as well as for academics and industry.

3 Proposed Model

3.1 Sensor Data Acquisition and Preprocessing

The proposed system consists of two main stages, the first stage is based on collecting
real-time sensor data and preparing it for analysis. Across an agriculture setting, a broad
spectrum of sensors lay across the field to collect critical information on soil temperature,
pH levels, nutrient content, and moisture. Information gathering system: This method
involves collecting raw data from different sensors located at various sites on the field.
X: Is the raw sensor data coming as a bunch of discrete readings from many sensors in
Eq. (1),

X ={x1,x2,..., %} (D)

where x; indicates the reading from the i — th sensor. It is necessary for certain prepro-
cessing procedures to ensure that the data can be used for follow-up research. These
operations consist of data cleansing to eliminate errors and inconsistencies, and normal-
izing the info for sensor contrast. One of the steps that are often taken before processing
to establish a consistent scale is called normalization. The process of normalization can
be mathematically expressed as (2),

X — b
(o2

X/ = 2)
where o the standard deviation, u is the mean of the sensor readings, and xl’. The is the
normalized measurement Through making multiple sensor data on a similar scale this
normalization has the added advantage that it makes further data processing and model
training more efficient and accurate. The system creates a robust base on which the
reinforcement learning model can generate accurate and practical crop recommendations
by properly preparing sensor data. In Fig. 1. Sensors placed around the field collect real-
time data on temperature, pH levels, and soil moisture amongst other nutrients. This
diverse set of data provides a complete view of what is happening on the ground.
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Fig. 1. Field Sensor Network

3.2 Reinforcement Learning Model

It can also be noted that the reinforcement learning model will play a central role in this
discussed approach as it is very important to get enhanced suggestions for crops. This
method creates actionable insights for farmers from preprocessed sensor data. An RL
model proposes recommendations over time by dynamically adapting to new inputs and
experiences. The RL model is described using a Markov Decision Process (MDP). It is
defined as the tuple(S, A, P,R),

3.2.1 State Space (S)

Expresses the potential field conditions from pH, temperature, and soil moisture levels.
The above provides a snapshot in time of the state s; of play everywhere.

3.2.2 Action Space (A)

The former contains recommended crops or the possible decisions that can be made
under a given situation. Every action a; is associated with a particular crop suggestion.

3.2.3 State Transition Probabilities (P)

Indicates the chance of changing states in response to a certain activity. This simulates
how various agricultural techniques alter field conditions.

3.2.4 Reward Function (R)

Quantifies the immediate profit or cost associated with adopting a certain action in a
given condition. It helps in evaluating the effectiveness of each action.

The predicted cumulative reward over time is what the RL model aims to optimize
the mathematical representation of the Eq. (3),

max<E(Y._ y'Risi, ap)] 3
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where s; is the state at time t, a; is the action performed at time t, 77 is the policy, and y is
the discount factor signaling the relevance of future rewards. The RL model optimizes
this equation to provide the best crop recommendations that are specifically designed to
increase agricultural production over the long run. In Fig. 2. Here, unprocessed sensor
data is cleaned and standardized. To ensure consistency for precise analysis and model
training, normalization adjusts the data to a defined range.

Fig. 2. Data Preprocessing Pipeline

3.3 Crop Recommendation Generation

The core aspect of the proposed system revolves around generating dynamic crop rec-
ommendations using the output derived from the reinforcement learning model. These
suggestions are specifically tailored to promptly adapt to the present circumstances of the
field, as constantly monitored by many sensors. The RL model, trained using past data,
forecasts the optimal actions to optimize crop production and resource use. This system
uses the optimal policy, written as 7 *, and insights extracted from the RL model to
determine appropriate crop recommendations. The mathematical deceleration for Crop
Recommendation Generation can be defined in (4),

a; = ¥ (s;) €]

where a, represents the suggested action crop selection at state s;. This is used to pass the
current conditions of fields such as temperature, pH level and nutrient values, and soil
moisturizer...as state objects, because it represents the workable things in real life... It
adjusts the crop recommendations concerning real-time changes in field conditions by
implementing an appropriate policy which is called 7 *. These suggestions are delivered
to the farmers through a highly intuitive interface with actionable intelligence on sowing,
watering, fertilization, and other agricultural activities. The flexibility of the system is
intended to ensure that these suggestions remain appropriate and effective, regardless of
the environmental conditions. Beyond increasing harvest yields, this kind of dynamic
approach supports good farming practices that are based on proper resource utilization
for sustainability. In Fig. 3. Data is saved in a structured way after being cleansed and
normalized. The structured storage system allows for good retrieval and use of the data
thereby making it easier to further analyze then make model recommendations.
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Fig. 3. Crop Recommendation Engine

3.4 Dataset Description

To train and test a reinforcement learning model, the availability of a large consolidated
dataset that spans meteorological data along with agricultural production statistics cou-
pled with historical sensor readings would be great. This dataset provides reliable and
good-quality data, thus suitable for good-model building as a result of it being obtained
from the biggest agricultural research centers. The baseline is the Agricultural Research
Institute, explained above.

3.4.1 Datain Time Series

The dataset includes extensive and continuous recordings of many soil properties, tem-
perature pH, nutrients, etc. In this way, the data collected over time by the RL model
helps the agent exploit how these parameters evolve in time and retrieve a glimpse of
soil conditions that are not static.

3.4.2 Climatic Conditions

The collection also includes historical climate data. It keeps detailed records of humid-
ity, temperature, rainfall, and other meteorological values. This data is used within the
model to help develop links between weather patterns and crop/soil conditions, therefore
providing more accurate suggestions from the RL model.

3.4.3 Yarn Dives

Recorded data on crop yield, elucidating the same under different farming systems and
field conditions. By using this data, the RL model can provide more accurate predictions
of outcomes under different agricultural practices since there is a clear link between
environmental properties and crop growth.

The RL model can capture in-depth and rich agricultural production-environmental
factor correlations due to the dataset. The application can detect trends and patterns in
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time-series data that help to provide accurate and context-specific crop recommenda-
tions. The model incorporates weather conditions to ensure that it accounts for exogenous
factors with a strong influence on agriculture. In the end, 3 complete crop production
data telling about how effective each farming technique is will help a model to better
optimize suggestions for maximizing yield and efficiency. The RL model can utilize this
vast information to make dynamic and very accurate crop recommendations specified by
every field. The project supports farmers in obtaining better yields and more sustainable
farming practices.

3.5 System Evaluation and Performance Metrics

The effectiveness of the proposed dynamic crop recommendation system is evaluated
with a set of performance indicators to ensure reliability and efficiency in real-world
agricultural contexts. This assessment procedure uses real-world pilot projects and a
controlled test dataset to completely quantify the system’s influence on agricultural
practices. High-level test the final version of the model is evaluated on the entire High-
Level dataset during 10 high-quality batteries where it achieves over ~90% of goal
accuracy. Test data Seeder-under-Max Model variables-upper-max: 456 tests require a
challenging environment to assess precision and generalization in our field conditions
across different sets. Experience in pilot programs those that worked provides a view of
the real-world availability of this system and how it can practically help farmers.

3.5.1 Accuracy of Recommendations

The precision of the system’s recommendations is key for assessing how well their
proposed activities align with ideal agricultural practices. The Wiring equation, which
is used to compute the Accuracy in Eq. (5), formulated as High accuracy indicates that
sensor data and environmental conditions are interpreted efficiently by the RL model for
making crop suggestions.

Number of Correct Recommendations

A = i
ceuracy Total Recommendations ©

3.5.2 Yield Improvement

This system-based advice resulted in higher crop production, which has been quantified
asincreased yield improvement in Eq. (6). Itis established based on the ratio of yield with
system suggestions to that without them. Despite being an RL-based recommendation
system, the applications of this such as the yield improvements showcased reveal to
what extent a technology like this can help boost agricultural productivity and ensuring
sustainability.

Yield with Recommendations — Yield without Recommendations

(6)

Yield improvement = - - -
Yield without Recommendations

By performing extensive testing in controlled and real-world environments, these
metrics give the system a numerical validation of its performance. This high accuracy
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and production benefit demonstrate that the system is capable of offering accurate as
well as useful crop recommendations Ultimately, as this helps farmers get more out of
resource management and therefore uncovers higher yields, it is a way to make farming
both effective AND sustainable. This comprehensive outlook is intended to substantiate
its value and try it as a reliable tool for agriculture in the present day.

4 Implementation and Results

4.1 Implementation Details

The section which contains the practical sides of implementing an approach proposed.
Hardware and software configuration includes sensors for temperature, pH, nutrients &
soil moisture; high-performance servers for data processing and model training; software
such as Python TensorFlow unique RL algorithms, etc. Furthermore, data manipulation
libraries such as Scikit-learn and Pandas were employed. The method was developed
using a deep Q-learning algorithm that has been specialized to work with agricultural
data. Some customizations would cause yield to maximize resource efficiency topping
our incentive functions. Thanks to the wonderful APIs that let different integration
technologies, talk seamlessly with each other - Including data processing units and
sensors that work under the RL model were able to communicate! The system inte-
gration involved real-time data collection from the field sensors, feature extraction that
was performed on the data processing unit, and then standardization/purification of this
information followed by integrating the RL model with the decision-making framework.

4.2 Dataset Description and Preprocessing

This section details a thorough investigation of the dataset used on which the model is
trained and tested. The dataset consists of 10k samples with 12 attributes per sample,
extracted from a study conducted at the Agricultural Research Institute on crop yield,
temperature, pH values, nutrient content, and soil moisture [13]. The preprocessing
procedures even comprised data cleaning that was fixing missing values and treating
outliers. To normalize the data, we used Z-score normalization. Feature extraction is a
way to find and select the major characteristics that have significant importance on crop
productivity.

4.3 Experimental Setup

To have set up the experiment of the proposed dynamic crop recommendation system for
different scenarios to check its efficiency. Field trials were conducted in multiple diverse
field settings with different soil types, moisture contents, and nutrient compositions. Dif-
ferent types of crops, ranging from fruits and vegetables to grains are test cases for the
system adaptability in a broad range of agriculture scenarios. To test this system across a
wide range of geographic regions, testing took place over hundreds of thousands of miles
and varied temperatures and environmental conditions. This comprehensive approach
was to validate the viability and robustness of this system for practical applications. The
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success was measured using three principal assessment criteria which were; Recommen-
dation Accuracy, Yield Improvement, and Resource Utilization. Another crucial metric
was how closely the crop recommendations made by the algorithm resemble standard
agricultural practice, which we call recommendation accuracy. Yield gain indicated the
difference in agricultural output if their suggestions were followed versus conventional
farming practices. The efficiency of a system was measured by resource utilization,
which shows how much labor cost, fertilizers, and water input were used to obtain more
sustainability from the whole. By systematically considering the performance of these
metrics under different conditions, it provided a complete assessment of what might be
its benefits and capabilities in providing an alternative approach to raising agricultural
productivity with resource efficiency over diverse farming environments.

4.4 Results and Analysis

To do a performance analysis of the system we had to first look at how well the system
performs with some baseline techniques. Case studies also chronicled the results and
lessons learned from real-world pilot projects to illuminate how the system could be
applied in practice. Table 1 - Accuracy of predictions by the algorithm on crops, for dif-
ferent field conditions. The recommended method has a high degree of ability to predict
the suggested crops as they show 90% accuracy in overall test scenarios. This precision
is a good indicator of the reinforcement learning model having an understanding to the
environmental traits and sensor data allowing it to prescribe farming best practices. Next
to the overall system rigor, accuracy is paramount in keeping the system operationally
useful across a broad array of cropping systems and engendering farmer confidence.

Table 1. Accuracy of Recommendations

Test Scenario Number of Recommendations | Correct Accuracy (%)
Recommendations

Field Condition A | 200 180 90%

Field Condition B | 250 225 90%

Field Condition C | 300 270 90%

In Table 2 presents the gains in yields made for each kind of crop when applying
the method proposed as recommended. The statistics show a constant increase of 30%
in output for all three crops A, B, and C; this apparent improvement shows the utility of
the system which could help show how it can improve agricultural productivity just by
selecting accurate crops with suitable management practices. The system should adapt
to dynamically changing environmental conditions and provide individual feedback for
each case, increasing crop yields with the help of real-time sensor data in synergy with
reinforcement learning algorithms. So, how important are these yield improvements in
the big picture: It is their direct role in securing a food supply that rules out scarcities.
It also ensures that we are using our population, fertilizer input, and water wasted in
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very small amounts so overall it decreases the production cost as well as zero waste.
The promotion of sustainable farming measures, increasing production, and ensuring
that agriculture sustainability goes on for generations to come, the strategy positively
concludes towards benefitting one aspect of a huge platform such as Agriculture.

Table 2. Yield Improvement

Crop Type | Yield without Yield with Yield Improvement (%)
Recommendations (tons) | Recommendations (tons)

Rice 50 65 30%

Wheat 60 78 30%

Ragi 70 91 30%

Table 3 compares the crop yields of crops in both the year when available for sowing
and with those achieved using the proposed method. The returns of the proposed method
are significantly increased by 18% above 2021, 12% over 2022, and only a further 8
percent more than from past performance is not indicative of future results. This amounts
to an additional 23% increase in yield over yields without suggestions. It demonstrates
how significant growth of farm productivity could be made and most importantly, how
brilliantly this method optimizes the yield in a data-driven up to date manner. In Fig. 4.
Crop yield gains from 2021 to 2023 can be seen in the graph below, illustrating the
suggested system’s steady production increase over earlier approaches.

Table 3. Yields of Crops - The Thumbs-over-years

Metric Yield (tons) Proposed Work Yield (tons) Improvement (%)
M. Kele [10] 55 65 18%

L. Anand [7] 58 65 12%

M. Reddy [5] 60 65 8%

Proposed Work 65 80 23%

4.5 Discussion

The dynamics of the proposed crop recommendation system have several advantages and
consequential implications for enhanced farm productivity, efficient resource utilization
as well promoting sustainability at large. When it comes to the status of the field, sug-
gestions may allow farmers to make well-informed choices thanks being derived from a
specific crop recommendation system that is accurate and current - an integration made
possible by real-time sensor data with reinforcement learning. This technique signifi-
cantly improves crop yields as evidenced by comparable production gains of the 30% for
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Fig. 4. Yearly Crop Yield Comparison

varied crops and an overall improvement considerably superior to previous years’ prac-
tices, enough said. Reinforcement learning helps in dynamically changing environment
and makes the system more efficient than a static approach. This level of accuracy for
crop suggestions demonstrates that the system is able to help farmers achieve a higher
yield, using fewer resources and less waste more consistently.

These benefits that reduce fertilizer use, increase land efficiency and protect the water
are key to improving sustainable agriculture. But that system, if practically and techni-
cally feasible to implement at all in the first place, is difficult. The ability to incorporate
various sensor data is a major technology challenge that entails precise informing of
data and robust pre-processing operations. Secondly, powerful machines might not be
available in all agricultural settings as the model based on reinforcement learning has
very high processing requirements. One of the down-to-earth challenges facing such
an approach is how to encourage farmers to widely adopt it by providing support and
training. The availability and quality of sensor data are also among the authorized access
rules, as high precision and recall properties for sensors need to be ensured for a proper
functioning system. The efforts that follow have to aim at solving these bottlenecks by
developing better algorithms, improving data integration techniques, and increasing the
scalability of the system. A broader dataset to include more diverse crop varieties and
climatic conditions will also improve the model suggestions, as fine-tuning of all pre-
runtime parameters could be further optimized. In sum, if these practical and technical
issues are dissipated the proposed system could offer significant additional grounds for
precision agriculture while enabling sustainable agricultural practices.

5 Conclusion and Future Work

This dynamic crop recommendation system has shown very positive results in improving
agricultural production with real-time sensor data and reinforcement learning. It solves
critical problems of modern farming including resource efficiency, yield improvement,
and sustainable practices through accurate field-specific crop recommendations. Real-
time sensor data is integrated with powerful reinforcement learning algorithms that
are constantly improving to guarantee timely and correct instructions which contribute
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towards the adaptability of our network-changing field conditions through continuous
monitoring. Validation of Anticipated Performance: The assessment metrics corroborate
that the system could be used on fields and identify significant yield benefits, and a high
level of accuracy in crop recommendation. Comparing crop yields over time further
illustrates the potential for higher agricultural output due to increased stability in a
recommended strategy. Although some further work will be required in certain areas,
the system has been suitably developed and improved. Adding further data sources,
including weather predictions and satellite pictures would greatly enhance the model’s
prediction capabilities. In addition, a deeper exploration of top advanced hybrid-based
models using reinforcement learning approaches might enhance the prediction accuracy
even more. In the future, research should concentrate on large-field testing for scalability
and overall performance of RobotMakers in different agricultural settings. It could be
widely adapted and become actively used if it had a user-friendly mobile application
built around the farmer. By addressing these problems, the proposed method has the
potential to make a significant contribution to precision agriculture by allowing more
sustainable agricultural practices and increasing crop yields among farmers.
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Abstract. Male fertility is significantly influenced by the quality of the semen. It
has gradually declined in the past few years, and changes in lifestyle. Numerous
studies have shown that poor lifestyle choices are a major contributing factor to
male reproductive diseases and low-quality semen. Machine Learning (ML) is
well-suited to handle the dynamic interactions that exist between predictor traits
and outcomes across large datasets. However, selecting the most important fea-
tures from huge datasets becomes a very difficult task. In this paper, Butterfly
Optimization Algorithm (BOA) is introduced to find the environmental factors
and lifestyle choices that impact seminal quality. The collective behaviours of
foraging and mate-finding in butterflies served as the model for BOA. The BOA,
which computed the average training loss reduction due to feature utilisation for
each dataset, was used to determine the feature significance. BOA is utilised to find
more pertinent features has the impact on the seminal quality. Input features were
considered categorical features, and the output features were considered dichoto-
mous features according to the Feed-Forward Neural Network (FFNN) classifier.
Dataset is collected from University of California Irvine (UCI). The assessment
measures include precision, sensitivity/recall; specificity, f-measure, and accuracy
have guided the experimentation analysis. FFNN is compared to other methods
like Clustering Based Decision Forest (CBDF), K-Nearest Neighbors (KNN), and
Multi-Layer Perceptron (MLP).

Keywords: Fertility - Data Balancing - Butterfly Optimization Algorithm
(BOA) - Feed-Forward Neural Network (FFNN) - University of California Irvine
(UCI) - and Feature Selection

1 Introduction

The capacity to evaluate the value of a male semen sample is stressed as a way to discover
possible fertility issues, since it has been observed that male fertility is declining for
a variety of causes. The conventional laboratory-based test, which measures fertility
metrics in accordance with World Health Organisation (WHO) criteria is the standard
method for evaluating semen quality [1]. Over the past 20 years, infertility has become a
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significant concern for couples [2]. Analysing the quality of the semen is crucial step in
assessing the male partner. A variety of factors can influence the sperm quality metrics.
The rate of fertility fluctuates based on a few environmental variables and lifestyle
choices. Spermatozoa morphology, motility, and concentration are these criteria. Among
these aspects are one’s lifestyle choices and overall health. Male reproductive potential
be able to be correctly predicted by semen analysis [3].

Numerous studies have shown that poor lifestyle choices are one of the main causes
of male reproductive and low-quality sperm. Medical diagnosis systems are automated
have been found to benefit greatly from the application of Machine Learning (ML) and
data mining methods [4]. In this particular situation, the objective of employing these
techniques is to classify data into 2 groups: normal (N) and abnormal (AN). Multiple
algorithms exist for categorization of data. For this objective, they are all similar in that
they involve training and test phases. Every feature vector used in fertility detection
is associated with a database volunteer. Health and lifestyle choices are examples of
features. When classifying unknown data that is supplied during the test phase, the
classifier should perform as well as possible.

Thus, ML methods are best choice for semen quality prediction. In medical diag-
nosis, class imbalance is a common problem [5]. When there is much less examples
representing one class than there are for the other classes, this problem arises. Before
the categorization step, this problem can be handled in a variety of ways. This method
uses a shifting class distribution to address dataset imbalance. The fertility dataset is
affected by this issue. As a result, the altered cases class has a small distribution as
opposed to a normal class. Artificial Neural Network (ANN) weights are updated to all
layers using gradient descent optimization [6].

In this paper, BOA is used to find the environmental factors and lifestyle choices
that impact seminal quality. The collective behaviours of foraging and mate-finding in
butterflies served as the model for BOA. BOA, which computed the average training
loss reduction due to feature utilisation for each dataset was used to determine the
feature significance. BOA is utilised to find more pertinent features has the impact on
the seminal quality. Input features were considered categorical features, and the output
features were considered dichotomous features according to the FFNN classifier. Semen
Quality Prediction Dataset is collected from UCI. Evaluation measures were employed
to evaluate the effectiveness of techniques.

Overall paper is organized as follows; Sect. 1 discusses the problem of male infertility.
Section 2 review of recent work related to semen quality diagnosis. Section 3 explains
the details of various steps like dataset, pre-processing with normalization and data
imbalancing, BOA for feature selection, and FFNN based prediction model. Results and
evaluation metrics used to assess the results of classifiers has been discussed at Sect. 4.
Conclusion and extension for future scope is concluded at Sect. 5.

2 Literature Review

Benli et al. [6] proposed a Deep Neural Network (DNN) and Adaptive Neuro-Fuzzy
Inference System (ANFIS) for seminal quality prediction. It is used to categorise fertility
datasets that are retrieved from UCI repository. A tagged dataset of 100 individuals aged



258 C. Shanthini and S. S. Priscila

18 to 36 who submitted a sample of semen for analysis is included in the fertility dataset.
DNN method, performance is contrasted with that of three distinct classifiers: ANFIS-
SA, ANFIS-GA, and ANFIS-HB. To assess how well the categorization techniques
work, four metrics like Precision (PREC), Sensitivity (SEN), Specificity (SPEC), and
Accuracy (ACC). DNN classifier performs best, according to the data, although the other
ANFIS algorithms also produce acceptable results.

Bidgoli et al. [7] developed an ANN and Genetic Algorithm (GA) for prediction.
The network structure has a major impact on ANN performance. Selecting the right
structure is a contentious issue and a highly challenging process. In order to classify the
semen samples, GA is used to optimise the ANN. The proposed study makes use of the
bootstrap method in an attempt to solve it. The suggested method performs noticeably
better than the earlier studies. UCI dataset is collected for experimentation. A sample of
semen is provided by 100 volunteers, and it is examined using the WHO. Accuracy and
Area Under the Curve (AUC) are the performance measurements.

Wang et al. [8] introduced a new supervised ensemble learning method for the unbal-
anced class learning problem in seminal quality prediction is called CBDF. CBDF per-
forms noticeably better than Decision Tree (DT), Support Vector Machine (SVM), Ran-
dom Forest (RF),MLP, and Logistic Regression (LR). CBDF can also be used to assess
the significance of variables. The results may be useful in pre-screening candidates to be
semen donors or in explaining seminal concentration issues in male infertility. Dataset
includes of 100 samples with young, healthy university students for 18-36 ages from
UCL

Nsugbe [9] formulated a use three distinct unsupervised learning models like Gaus-
sian Mixture Model (GMM), K-means, and Spectral Clustering (SC) with techniques like
Principal Component Analysis (PCA), robust PCA, and Sparse Autoencoder (SAE) to
predict semen quality. Because of its arbitrary and nonspecific cluster form assumption,
the SC algorithm produced the greatest results when combined with the SAE. Fertility
Dataset can be accessed by the general public through the UCI data repository. For this
experiment, the Dunn index and accuracy were the performance evaluation indicators.

Zhou et al. [10] proposed an XGBoost algorithm for first semen quality predic-
tion based on lifestyle variables. 5,109 males who were examined at the Reproductive
Medicine Centre provided information on the following factors: smoking status, alco-
hol intake, staying up late, insomnia, eating spicy food, level of physical activity, and
sedentary lifestyle has the potential to impact the quality of semen. Additionally, general
factors like age, length of abstinence, semen examination season, and comprehensive
semen parameters may also have an impact. Next, utilizing the gathered data, ML with
the XGBoost method used to create a main prediction model. Moreover, multiple logis-
tic regression was used to confirm the model correctness after k-fold cross-validation
studies. The findings showed that the AUC values varied from 0.648 to 0.697 for DFI,
progressive and total sperm motility, sperm concentration, and semen volume. Analyses
using cross-validation and logistic regression produced comparable findings. Addition-
ally, it demonstrated that age over 35 was linked to higher DFI and that heavy smoking
had a general detrimental result on semen volume, sperm concentration, and total sperm
motility.
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GhoshRoy et al. [11] includes of SVM, Adaptive Boosting (AB), Extreme Gradient
Boost (XGB), RF, and Extra Tree (XT) for fertility prediction. A male fertility prediction
is created using nine lifestyle and environmental factor associated variables. Artificial
Intelligence (AI) likes SVM, AB, XGB, RF, and algorithms are used with both balanced
and unstable datasets. An explainable Al is used in order to generate the proposed model
in a reliable manner. ELIS is also used to assess the feature’s significance. ACC, SEN,
SPEC, F1-Score, and AUC are the performance evolution metrics. In the end, XGB
performed better than previous Al systems and attained an ideal AUC of 0.98.

Malathi and Sivaranjani [12] introduced an analysis of fertility rate using Naive
Bayes (NB) and SVM. Using datasets on human illness from the UCI Machine Learning
Repository, three data mining categorization techniques are combined. Each classifier,
execution time complexity and accuracy is noted. These extremely scalable methods
include NB, SVM, and hybrid classifiers include of no.of parameters are linear in the total
no. of features in a learning task. The several methods that can be used to categorise future
data from human semen analysis will either improve or worsen the degree of importance.
It also looked into a number of international events and the problems they raised related
to human illness. Each data in a batch is classified into one of a predetermined set of
classes/clusters.

Mendoza-Palechor et al. [13] formulated a data mining techniques: DT, SVM,
Bayesian Network (BN), and K Nearest Neighbor (KNN) for fertility patient analysis.
Fertility Dataset can be found in the UCI ML Repository. True Positive Rate (TPRate),
False Positive Rate (FPRate), Precision and Recall metrics has been used to evaluate
result of classifiers. K-means method is used to group the similar samples from the
dataset. Proposed system can achieve higher percentages in all metrics, and accurate to
identify fertility rates in patients.

Hassan et al. [14] proposed a more accurate analysis and prediction of In Vitro
Fertilization (IVF) pregnancy by MLP, SVM, C4.5, Classification and Regression Tree
(CART), and RF. ML classification combined with a hill feature selection method. The
prediction capability of IVF pregnancy outcome for 5 different ML models was evaluated
using 25 features. Dataset is gathered during the period of March 2005-January 2008
in Istanbul. ACC, SEN, PREC, F-Measure (F), and AUC were employed to assess the
prediction capacity.

3 Proposed Methodology

In this paper, Butterfly Optimization Algorithm (BOA) is used to find the environmental
factors and lifestyle choices that impact seminal quality. The collective behaviours of
foraging and mate-finding in butterflies served as the model for BOA. BOA, which com-
puted the average training loss reduction due to feature utilisation for each dataset was
used to determine the feature significance. BOA is utilised to find more pertinent features
that have the impact on the seminal quality. Input features were considered categorical
features, and the output features were considered dichotomous features according to
the FFENN classifier. The major steps of the proposed work are described as follows: (1)
Dataset collection and pre-processing with normalization, (2) data imbalancing; (3) Fea-
ture selection; (4) semen quality prediction model. Figure 1 shows the overall diagram
of proposed system for seminal quality prediction.
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Seminal Dataset

Data Imbalancing

SMOTE

Feature Selection
BOA

Removed features from the dataset

Training Testing

Classification
FFNN

Newly generated weights

Mean Square Error (MSE)

New Weights with lesser MSE

Performance Evaluation
Precision, recall/sensitivity, specificity,
F-measure, and accuracy

Seminal Quality prediction

Fig. 1. Flow diagram of proposed system

3.1 Dataset

Dataset is collected from UCI for the semen quality prediction [15]. Dataset includes of
88 donors has normal (N) class, 12 has abnormal (AN) sperm.

3.2 SMOTE

SMOTE method is introduced for data balancing [16, 17]. Let us consider that the
imbalance ratio (r.) of m¢ and n¢ by Egs. (1-2).

Total Instances = mc + n¢ + n,, (1)
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n, = (rc — 1) xn¢ ()

where n described as the no.of instances with the purpose of contain been formed
synthetically.

3.3 Butterfly Optimization Algorithm (BOA) Based Feature Selection

BOA was inspired by the group behaviors of foraging and mate-finding in butterflies [17].
Features are selected based on the fragrance concentration, and adjust their direction of
travel. The accuracy of the algorithm is equal to fragrance concentration. Each butterfly
individual moves to the optimal individual (highest accuracy) based on the probability
P. The term “local search stage” describes the haphazard search that a butterfly does in
its immediate surroundings when it is unable to detect the scent that other butterflies are
emitting. The Eq. (3) is used for determining the fragrance concentration,

f=cl” 3)

where c is denoted as the sensory factor coefficient to detect smell, and f is the fragrance
concentration. The coefficient’s values fall between 0 and 1. In this case, the power
exponent is denoted by o € [0,1], and 7 is denoted as the stimulus intensity. The sensory
factor is computed by Eq. (4),

t+1 _ it b
©oTeT [(ct X Neen) @

Sensory factor coefficients at the 7 + 1 and 7 iterations are denoted by c¢*! and c!,
respectively. Ngey is the maximum no. of iterations, and b is normally 0.025. The global
search iterative by Eq. (5),

XE_H =x\+ (rand” x g* — x}) x fi (5)

i butterfly position in the t + 1 and t iterations are denoted by xg'H and x{. A random
number rand € [0,1]. For the local search, the iterative update by Eq. (6),

XE+1 = x! + (rand® x x} —x}) x fi (6)

tth

Position spaces of the j and k™ butterfly individuals in the t" iteration are indicated

by the variables XJF and xj.

3.4 FFNN Classification

ANN classifier is made up of layers called neurons. Connections among neurons in
several layers permit the outputs of one layer neurons towards be transferred to previous
layer neurons [15]. The no. of nodes in the input layer is equal to full no. of features in
the dataset. Equation (7) is computed as the weighted total of the inputs are the output
layers.

N m
= Zizl wejj - I + b; (7)
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wejj is denoted as the weight of the i input by the j' hidden layer, and b; is denoted as
the bias of the i™ input. Equation (8) is denoted as the sigmoid activation function,
1

sigmoid(y) = — (8)
1+e¥

MSE among the target (Tic) and actual output (62) of the i input data is represented
by Eq. (9), and it is then reversed to update the weights.

. a2
Do (Te — Olc)
m

MSE = 9

where n represents the no. of distinct class labels.

4 Results and Discussion

Experimentation analysis of male seminal quality prediction with classifiers has been
clearly discussed in this section. MatlabR2020a was carried out on a PC running Win-
dows 10 with an 8 GB of RAM and an Intel Core 17 6500U CPU running @ 2.5 GHz.
The dataset is collected from UCI [16]. It totally consists of 100 samples with the age
between 18 & 36. WHO guidelines were followed in the evaluation of the sperm samples.

4.1 Evaluation Metrics

Metrics like precision, recall/sensitivity, specificity, F-measure, and accuracy has been
used to assess the performance of classifiers. These metrics has been discussed at Table 1.

Table 1. Evaluation Metrics

Metrics Formula
Precision Tr;ri.fFP
Sensitivity/Recall T
Specificity %fﬂ;
F-measure %Im
Accuracy %

4.2 Results Comparison

Table 2 provides a detailed description of the performance analysis of FFNN classifier
is compared with existing classifiers like CBDF [8], KNN [13] and MLP [14]. It has
been shown in Figs. 2,3,4,5 and 6.
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Table 2. Performance Analysis of Classifiers
Classifiers Evaluation Metrics (%)
Precision Recall/ F-measure Specificity Accuracy
Sensitivity
CBDF 74.55 81.03 77.65 82.20 82.58
KNN 77.42 83.74 80.46 83.51 84.06
MLP 78.77 85.28 81.89 85.07 86.50
FFNN 81.35 87.12 84.17 87.44 88.62
90 -~
85 - ECBDF ®mKNN ®MLP ®FFNN
s
=
2 80 -
[22]
>
3]
=
=5
N I I
70 .
CBDF FFNN
Classification Methods

Fig. 2. Precision Comparison vs. Classifiers

CBDF, KNN, MLP and FFNN with respect to precision analysis are shown in Fig. 2.
FFNN classifier has increased results of 81.35%, CBDF, KNN, and MLP has gives lowest
precision of 74.55%, 77.42%, and 78.77% for BOA algorithm. The proposed classifier
has 6.8%, 3.93%, and 2.58% increases over the CBDF, KNN, and MLP. Because of
optimal features selected by BOA, the proposed classifier has improved precision results
than other classifiers.

CBDF, KNN, MLP and FFNN with respect to recall results are shown in Fig. 3.
FFNN classifier has increased results of 87.12%, CBDF, KNN, and MLP has gives the
lowest recall of 81.03%, 83.74%, and 85.28% for BOA algorithm. FFNN classifier has

6.09%, 3.38%, and 1.84% increased results than CBDF, KNN, and MLP.
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Fig. 3. Recall Comparison vs. Classifiers
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Fig. 4. F-Measure Analysis vs. Classifiers

CBDF, KNN, MLP and FENN classifiers with respect to f-measure analysis are
shown in Fig. 4. FENN classifier has attained highest F-measure of 84.17%, CBDF, KNN,
and MLP produces lesser result of 77.65%, 80.46%, and 81.89% for BOA algorithm.
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FFNN classifier has 6.52%, 3.71%, and 2.28% increased f-measure than CBDF, KNN,
and MLP classifiers.

90 -
ECBDF mKNN mMLP ®FFNN
g5
=
=
=
[S]
: N I I
»n
75
CBDF FFNN
Classification Methods

Fig. 5. Specificity Comparison vs. Classifiers

Specificity analysis of classifiers CBDF, KNN, MLP and FFNN are shown in Fig. 5.
Proposed classifier has the highest result of 87.44%, CBDF, KNN, MLP gives the lowest
result of 82.2%, 83.51%, and 85.07% for the BOA algorithm. The proposed classifier has
5.24%, 3.93%, and 2.37% higher when compared to CBDF, KNN, and MLP classifiers.

100 -
® CBDF EKNN EMLP B FFNN
95 -
S
z
< 90 -
Lo
=
5
<
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CBDF FFNN
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Fig. 6. Accuracy Comparison vs. Classifiers
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CBDF, KNN, MLP and FFNN classifiers with respect to accuracy are illustrated
in Fig. 6. FFNN has attained highest accuracy of 88.62%, other classifiers like CBDF,
KNN, and MLP give the lowest accuracy of 82.58%, 84.06%, and 86.50% for the BOA
algorithm. FFNN classifier has 6.04%, 4.56%, and 2.12% increased accuracy than MLP,
BPNN, and ANN-SWA.

5 Conclusion and Future Work

Male infertility is an increasing worldwide health concern. Semen quality is maintained
at a fairly constant level if semen is collected or males are bred every other day. Unfor-
tunately, seminal quality prediction suffers from reduced diagnosis accuracy, irrelevant
information in the dataset, and class imbalance problem, which is typical in medical
diagnosis. In this paper, SMOTE is introduced to class imbalance problem in seminal
quality dataset. BOA, Butterfly mate-finding and group foraging behaviours serve as the
inspiration for feature selection. Once the algorithm is initialised, each butterfly deter-
mines its own smell attention and fitness value (accuracy), and each butterfly individual
advances to the optimal individual (with the strongest accuracy) based on the conversion
probability. In order to locate pertinent features, gain a deeper comprehension of the
data, and find feature importance, BOA is introduced. Then, FFNN is introduced for
classification of features selected from BOA. FFNN classifier is an ANN in which the
nodes are connected circularly. FFNN classifier is the basic type of NN because the
input is only processed in one direction. Semen Quality dataset always flows in one
direction and never backwards/opposite. Finally including precision, recall/sensitivity,
specificity, f-measure, and accuracy are used to measure the results of classifiers. The
model weights and predictions may differ depending on the training dataset and model
architecture; this is a matter for future research.
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Abstract. India boasts a rich biodiversity of plants, and for decades, it has uti-
lized medicinal plants in Ayurveda. However, due to a lack of species knowl-
edge, misidentification stemming from morphological similarities, high demand
driven by endangered species, and other factors, medicinal plants are susceptible
to adulteration and substitution. This paper aims to address the challenges of lim-
ited species knowledge and misidentification of medicinal plants by employing
state-of-art computer vision techniques, specifically deep learning through Con-
volutional Neural Networks (CNNs), with a data-centric approach. Despite the
existence of numerous computer vision applications proposed for medicinal plant
identification, they often lack accurate tailoring for specific plants and struggle to
precisely generalize across plants with diverse morphological features. Our study
proposes an accurate computer vision application which utilizes different deep
learning CNN architectures such as MobileNet, ExceptionNet, and InceptionNet
for the precise identification of 10 medicinal plants with data encompassing various
morphological features. Our suggested application outperforms the other models
we trained in terms of accuracy, precision, recall, and F1 score with minimal infer-
ence time, owing to its emphasis on data, data augmentation, and regularization
approaches like dropout.

Keywords: Deep Learning - Convolutional Neural Networks - Medicinal Plant
Identification - Data Augmentation - Regularization

1 Introduction

India possesses a diverse array of medicinal plants deeply ingrained in its practice of
Ayurvedic medicine. These botanical remedies, utilized extensively for centuries, form
the backbone of traditional healing practices [19]. Ayurveda, an ancient medicinal system
dating back approximately 5000 years to Vedic times, stands as one of the oldest healing
sciences [1]. Despite advancements in allopathic medicine, global interest in Ayurvedic
remedies continues to rise, driven by concerns over synthetic medication’s side effects,
escalating drug costs, the emergence of new diseases, the absence of definitive treatments
for chronic illnesses, and the growing threat of microbial resistance [3, 18].
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A significant challenge in the medicinal drug industry is adulteration and substitu-
tion. Many factors contribute to these issues, including deforestation, the extinction of
plant species, misidentification of plants, increasing demand for raw materials, confusion
in vernacular names, lack of knowledge [21] about authentic sources, similar morpho-
logical features, color similarities, and careless collection practices [1, 4]. Therefore,
a computer vision software capable of accurately classifying various medicinal plants
can help reduce adulteration and substitution to a great extent. This software can benefit
various stakeholders such as collectors, traders, wholesalers, and distributors. The main
reasons for adulteration, as mentioned in [4], include confusion over names, unavail-
ability, and lack of knowledge about the plant, which we aim to address through a web
application. This application will provide vernacular names of the plant, its use cases,
and taxonomy when a picture of it is uploaded.

The proposed solution builds upon the foundation laid by “Factors influencing the use
of Deep Learning for Medicinal Plants Recognition” [3], expanding its scope from the
identification of five to ten medicinal plants. Leveraging Deep Learning Convolutional
Neural Networks, the project explores various architectures—including MobileNetV2,
InceptionV3, and Xception—incorporating distinct dropout rates, dense units, and learn-
ing rates. Extensive data augmentation, drawn from diverse sources capturing various
morphological features, enriches the dataset, facilitating robust model generalization.

During testing, the MobileNetV2 model, with a dropout rate of 0.1, 128 units in the
fully connected layer, and a learning rate of 0.001, showcased exemplary performance,
achieving an accuracy, precision, recall, and F1 score of 97.7%, 97.1%, 97%, and 97%,
respectively, on the test dataset, with an average inference time of 99 ms. The compre-
hensive dataset, comprising images exhibiting diverse morphological traits sourced from
multiple origins, enabled the model to generalize effectively to unseen data. Notably,
the integration of dropout regularization and embedded data augmentation layers within
the fully connected layer yielded superior metric scores.

2 Literature Survey

Numerous studies have delved into the classification of medicinal leaves. Traditionally,
methodologies relied on extracting features from images using conventional algorithms
for feature extraction and edge detection [8]. These techniques aimed to identify charac-
teristics such as color, shape, texture, and vein structure from the images [20]. However,
with advancements in deep learning and computer vision, Convolutional Neural Net-
work (CNN) models have emerged as a compelling alternative [13]. Leveraging their
ability to perform feature extraction, edge detection, and classification with minimal
code, CNN models offer robust classification capabilities. In this study, we explore sev-
eral publications, each employing its unique approach to the classification of medicinal
plants.

In 2015, Sue Han et al. studied CNN to learn unsupervised feature representations
for 44 species collected from the Royal Botanical Gardens, Ken, and England [11]. They
explored the features used by CNN for classification by employing a deconvolutional
layer to avoid a black box approach. They concluded that CNN utilizes the venation
structure as an important feature for classifying plant images, achieving an accuracy
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of 99.6%. Additionally, the paper suggested that CNN can represent features for leaf
images more accurately than hand-crafted features.

Adams Begue et al. in 2017 conducted a study to classify medicinal plant species
using machine learning techniques [15]. They collected leaves from 24 different species,
extracted various features (e.g., length, width, color), and employed a random forest clas-
sifier with 10-fold cross-validation. The random forest achieved an accuracy of 90.1%,
outperforming other classifiers like k-nearest neighbors, naive Bayes, support vector
machines, and neural networks.

In 2018, Tejas D. Dahigaonkar and Rasika T. Kalyane used SVM classification
with traditional feature extraction techniques to classify medicinal plants [1]. They pre-
processed the images, sharpened and segmented them using thresholding techniques,
extracted parameter values and color features, and performed texture analysis. These
features were then trained and classified using an SVM classifier, yielding an accuracy
of 96.6%.

In 2019, Bhanuprakash Dudi and Dr. V. Rajesh proposed a CNN and machine
learning-based classifier [6] with an accuracy of 98% on the Flavia dataset. They noted
that CNN-based feature extraction and classification outperformed traditional methods.
They utilized metrics such as accuracy, precision, recall, F1 score, and support metrics
in their paper.

In 2021, Pratiksha et al. proposed a plant recognition system for the drug industry
using CNN to detect whether a given plant can cure diabetes [10]. They used plants like
Tulsi, Neem, Amla, and Lavender for curing diabetes and silver maple leaves and eastern
cottonwood for plants that cannot cure diabetes. This model achieved an accuracy of
98% after training for 70 epochs.

Our proposed publication drew inspiration from the groundbreaking work conducted
by J. V. Anchitaalagammai et al. [2] in 2021. Their paper focused on the development of a
deep learning-based classifier for medicinal leaves, specifically targeting 5 plant species.
Leveraging the InceptionV3 model, their solution achieved an impressive accuracy of
96.67%.

Building upon the foundation laid by Anchitaalagammai et al. [2], we sought to
extend the scope of the study by broadening the range of plant species under con-
sideration. Recognizing the importance of inclusivity and diversity in medicinal plant
classification, we expanded the study to encompass a total of 10 plant species. In addition
to the original five plants—Pungai, Jamun (Naval), Jatropha curcas, kuppaimeni, and
Basil—we introduced five new species: aloe vera, neem, mint, eucalyptus, and lemon.

In 2022, Rahim Azadnia and Mohammed Maitham Al-Amidi proposed a deep
learning-based classifier using Global Average Pooling [5] for 5 medicinal plants, achiev-
ing an accuracy of 99.3%. They explored different pixel sizes of images and found that
64x64 images achieved the highest accuracy of 99.3%. The paper highlighted the efficacy
of global average pooling, dropout layers, and dense layers in achieving high accuracy.

In 2022, Upendar et al. proposed “Identification of Medicinal Plants using Deep
learning” [7], where a CNN model utilized feature vectors from both the front and back
sides of leaves to classify images. The training and validation accuracies were 91.6%
and 84.1%, respectively. The authors used 50 different medicinal plants for training and
created their dataset.
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In 2022, Vina et al. proposed a transfer learning approach for identifying medicinal
plants [9], exploring architectures like VGG16, VGG19, and MobileNetV2. They con-
cluded that MobileNetV2 performed well on the test set with an accuracy of 81.82%
with fine-tuning. They also mentioned that less diverse data might lead to overfitting to
the training data. Our proposed methodology aims to address this issue by emphasizing
data augmentation and regularization with a dropout layer.

Owais A. Malik et al. in 2022 developed an automated system for real-time identifi-
cation of medicinal plant species in the Borneo region [14]. They used a deep learning
model (EfficientNet-B1) trained on a combined public and private dataset. The system
achieved high accuracy (87% Top-1 on the private dataset) but experienced a slight drop
in accuracy (78.5% Top-1) during real-time testing, potentially due to variations between
training and testing conditions.

In 2023, Kavitha et al. proposed ‘“Medicinal Plant Identification in Real-Time Using
Deep Learning Model” [16] where they developed a deep learning algorithm to classify
six plant leaves, each consisting of 500 images. The authors achieved an accuracy of
over 97% in their classification task. Notably, they deployed their trained model on the
cloud and developed a mobile application, making their solution readily accessible for
real-world use.

Sharrab et al. (2023) proposed a deep learning approach for medicinal plant recog-
nition using a Convolutional Neural Network (CNN) based on the VGG-16 architecture
[17]. They trained their model on a dataset of 25,686 images representing 29 different
plant species. The CNN achieved an impressive 98% recognition rate, demonstrating
its effectiveness in accurately classifying medicinal plants despite variations in growth
stage, lighting, and imaging conditions (Table 1).

3 Collection of Data Set

We gathered data from multiple sources, encompassing various morphological fea-
tures. Our dataset comprises 5058 images spanning 10 different plants: Aloe vera,
jamun (Syzygium cumini), jatropha (Jatropha curcas), lemon (Citrus limon), neem
(Azadirachta indica), pongamia pinnata (Millettia pinnata), Tulsi (Ocimum tenuiflorum,
basil), Eucalyptus, kuppaimeni (Acalypha indica), and mint (Mentha). We expanded
our dataset from the initial set of plants — jamun, jatropha, pongamia pinnata, basil
(Tulsi), and kuppaimeni — by including five additional plants: Aloe vera, lemon, neem,
eucalyptus, and mint [2]. The data collection process involved sourcing leaves from
the MED117_Medicinal Plant Leaf Dataset & Name Table [12], Swedish Leaf Dataset,
Plantnet PlantCLEF2015 dataset, and various open internet repositories. Each plant cat-
egory contains approximately 400 to 600 images. The dataset was partitioned into an
80% training set, a 20% testing set, and a small portion reserved for validation. By incor-
porating a data augmentation layer within the model, every image effectively represents
a new, unseen instance from the same distribution. This approach, coupled with strong
regularization through dropout, enables our model to generalize efficiently to unseen
data without the need for explicit feature extraction.
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Table 1. Summary of Literature Review on Medicinal Plant Identification Methods.

Paper Name Method Used Accuracy

Deep-Plant: Plant Identification | CNN 99.6%
with convolutional neural
networks [11]

Identification of ayurvedic SVM Classification with 96.6%
medicinal plants by image traditional feature extraction

processing of leaf samples [1] techniques

CNN-based classifier for CNN 98%
medicinal plant leaf images [6]

Plant Recognition System for CNN 98%
Drug Industry Using CNN [10]

Deep Learning-Based Classifier | InceptionV3 96.67%
for Medicinal Leaves [2]

Deep Learning-Based Classifier | Global Average Pooling 99.3%

Using Global Average Pooling
(5]

Identification of Medicinal CNN 91.6% (training), 84.1%
Plants using Deep learning [7] (validation)
Transfer Learning Approach for | VGG16, VGG19, 81.82%

Identifying Medicinal Plants [9] | MobileNetV2

4 Metrics

For our proposed system, we have employed four metrics to assess the model’s perfor-
mance: accuracy, precision, recall, and F1 score. We have utilized weighted averages for
precision, recall, and F1 score, which are beneficial for evaluating models on imbalanced
datasets and simplifying the evaluation process.

4.1 Accuracy

The percentage of successfully categorized occurrences among all the predictions the
classifier made is known as accuracy. It is determined by dividing the total number of
forecasts by the ratio of true positives and true negatives.

(true positives + true negatives)

(D

accuracy = —
Y total predictions
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4.2 Precision

Precision is a metric for positive forecast accuracy. The ratio of accurately predicted
positive cases, or true positives, to the overall number of positive predictions (false
positives plus true positives) is what determines the outcome. A high precision means
that few erroneous positive predictions are being made by the classifier.

o true positives @)
recision =
p (true positives + false positives)

4.3 Recall

The percentage of real positive examples that the classifier properly detected is measured
by recall, which is sometimes referred to as sensitivity. True positives to the total number
of positive incidents (true positives + false negatives) is the ratio. When a classifier
achieves a high recall, it is successfully identifying the majority of positive examples.

true positives
recall = — - 3)
(true positives + false negatives)

4.4 F1 Score

The harmonic means of recall and precision is known as the F1 score. It is especially
helpful when there is an imbalance in the classes since it strikes a balance between recall
and precision. A greater value denotes better performance, and the range is O to 1.

(2 - precision - recall)
f1lscore = — @)
(precision + recall)

We have used weighted average for the precision, recall and f1 score which calculates
the metric for each class individually and then computes the weighted average of these
values, weighted by the support of each class. This means that classes with more instances
contribute more to the final metric value. It is useful when dealing with imbalanced
datasets, where some classes may have significantly more instances than others.

5 Proposed System

Our dataset is too large to be stored in memory and trained on in one go. To address
this, we utilized the ‘image_dataset_from_directory* function from TensorFlow, which
loads data in batches. Initially, we loaded the data with a batch size of 32 and split it
into training and testing sets, with a small portion reserved for validation. The training
set comprises approximately 4000 images, while the testing set consists of around 1000
images, both shuffled randomly.
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In our sequential model, the input layer is the first component, accepting inputs with
a shape of (224, 224, 3). We explored the use of four different pre-trained models for
transfer learning: MobileNetV2, InceptionV3, Xception, and ResNet64 and 101, all pre-
trained on ImageNet. These models were loaded with an input shape of (224, 224, 3) and
utilized average pooling. Prior to this, we added additional layers to resize the images
to (224, 224, 3) and rescale pixel values to the range [0, 1] by dividing each pixel value
by 255. This preprocessing step aims to enhance model performance, facilitate training,
and reduce computational complexity. Subsequently, we applied a data augmentation
layer, randomly flipping images horizontally and vertically, and rotating them within a
range of [-20% * 2m, 30% * 2m]. These augmentations effectively create new, unseen
versions of the data during training, helping the model to better generalize to different
variations in the dataset.

The base model, acting as a feature extractor, was then added to the sequential model.
This base model includes a global average pooling layer as its final layer, replacing
the flatten layer. The global average pooling layer reduces dimensionality, introduces
translation invariance, and helps mitigate overfitting. Following this, a dense layer was
added to the model, containing either 64 or 128 dense units with ReLU activation,
followed by a dropout layer for regularization. We experimented with two dropout values:
0.1 and 0.2.

Finally, we added a fully connected layer with 10 dense units for softmax regression.
Our system utilized the Adam optimizer, and we explored two different learning rates:
0.001 and 0.0001. For loss calculation, we employed sparse categorical cross entropy,
while accuracy served as our evaluation metric.

Since we have embedded resizing, rescaling, and data augmentation inside the model,
we do not need to explicitly perform these tasks during model deployment. This makes
the model more efficient and robust.

5.1 CNN Architectures Used

In our implementation, we employed CNN architectures like MobileNetV2, Xception,
and InceptionV3. MobileNetV2 was chosen Because of its lightweight architecture,
which makes it appropriate for real-time applications. While InceptionV3 facilitates
multi-scale feature learning, which improves the model’s capacity to identify a vari-
ety of plant properties, Xception offers richer, more intricate feature representations.
Together, these architectures support excellent computational efficiency and accuracy in
the identification of medicinal plants.
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6 Process Flow

See Fig. 1.

Fig. 1. Process Flowchart
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7 Result

The experiment encompassed 12 models with various hyperparameters, exploring differ-
ent combinations of dense units, dropout rates, and learning rates across three pre-trained
models. Upon evaluation, it was observed that the ResNet architecture exhibited slower
convergence compared to other models, demanding significant computational resources.
Consequently, focus shifted to MobileNet, Xception, and Inception architectures for
further analysis.

The following hyperparameter set values were chosen because they represent optimal
values, considering both the complexity of the model and the dataset, and are widely
regarded as best practices within the machine learning community. Other parameter
combinations resulted in much more deviated and suboptimal results; therefore, we
opted to stick with these values for further analysis. Below are the results obtained from
testing the models trained with different hyperparameters:

Hyperparameter Set 1 (Testing Data Results)

— Dropout: 0.1
— Dense Units: 64
— Learning Rate: 0.0001

Table 2. Hyperparameter Set 1 results.

Model MobileNetV2 Xception InceptionV3
Dropout 0.1 0.1 0.1

Dense units 64 64 64

Learning rate 0.0001 0.0001 0.0001
Accuracy 0.947 0.961 0.933
Precision 0.949 0.943 0.937
Recall 0.946 0.943 0.933

F1 Score 0.945 0.943 0.932
Inference time 0.102 0.007 0.206

As shown in Table 2, the Xception model demonstrated superior accuracy and infer-
ence time compared to MobileNet and Inception. However, MobileNet exhibited the

best precision, recall, and F1 score performance.

Hyperparameter Set 2 (Testing Data Results)

— Dropout: 0.1
— Dense Units: 128
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Table 3. Hyperparameter Set 2 results.
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Model MobileNetV2 Xception InceptionV3
Dropout 0.1 0.1 0.1

Dense units 128 128 128
Learning rate 0.0001 0.0001 0.0001
Accuracy 0.960 0.959 0.960
Precision 0.955 0.960 0.961
Recall 0.955 0.959 0.960

F1 Score 0.954 0.959 0.960
Inference time 0.136 0.064 0.202

— Learning Rate: 0.0001

Analysis of these results revealed that increasing the number of units in the dense
layer led to improved performance. Notably, the Inception network outperformed others
in overall performance, excluding inference time (Table 3).

Hyperparameter Set 3 (Testing Data Results)

— Dropout: 0.2
— Dense Units: 128
— Learning Rate: 0.0001 (Table 4)

Table 4. Hyperparameter Set 3 results.

Model MobileNetV2 Xception InceptionV3
Dropout 0.2 0.2 0.2

Dense units 128 128 128
Learning rate 0.0001 0.0001 0.0001
Accuracy 0.958 0.954 0.958
Precision 0.958 0.955 0.959
Recall 0.958 0.954 0.958

F1 Score 0.957 0.953 0.958
Inference time 0.140 0.187 0.290

With this set of hyperparameters, all models demonstrated satisfactory performance,
albeit not as robust as Set 2 across all metrics, including inference time. This suggests
that a dropout rate of 0.2 introduced excessive regularization.
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Hyperparameter Set 4 (Testing Data Results)

— Dropout: 0.1
— Dense Units: 128
— Learning Rate: 0.001 (Table 5)

Table 5. Hyperparameter Set 4 results.

Model MobileNetV2 Xception InceptionV3
Dropout 0.1 0.1 0.1

Dense units 128 128 128
Learning rate 0.001 0.001 0.001
Accuracy 0.977 0.967 0.952
Precision 0.971 0.967 0.956
Recall 0.970 0.969 0.952

F1 Score 0.970 0.967 0.951
Inference time 0.099 0.195 0.170

Analysis of results from this hyperparameter set highlighted that MobileNet exhibited
superior performance across all performance metrics, including inference time.

Fig. 2. Accuracy Scores of three models Fig. 3. Precision Scores of three models

Upon comprehensive analysis of all hyperparameter sets, it was concluded that the
MobileNet architecture with Hyperparameter Set 4 showcased the best performance
(from Fig. 2, Fig. 3., Fig. 4. And Fig. 5.), achieving an accuracy of 97.7%, precision
of 97.1%, recall and F1 score of 97%, with an inference time of 99 ms. Following
this, Hyperparameter Set 2 with 0.1 dropout, 128 dense units, and 0.0001 learning rate
emerged as the second-best performing set. Furthermore, it was observed that excessive
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Fig. 5. F1 S f thi del
Fig. 4. Recall Scores of three models '8 cores of three modets

increase in dropout adversely impacted model performance. Additionally, we noticed
that the prediction performance for the basil plant was comparatively lower than for
other plants. This was primarily due to the less defined venation of basil leaves, making
them visually similar to other plant leaves, thereby challenging the model’s ability to
differentiate between them effectively.

8 Conclusion

This paper focused on utilizing deep learning CNN models with an emphasis on data
and hyperparameter optimization for medicinal plant recognition. Experimentation was
conducted on MobileNetV2, Xception, and InceptionV3 models, leveraging transfer
learning alongside varying dropout rates, dense units, and learning rates, coupled with
a diverse dataset containing different morphological features. From the comprehensive
analysis, it was determined that the MobileNetV?2 architecture with a dropout rate of 0.1,
128 units in the hidden layer, and a learning rate of 0.0001 achieved the best performance,
attaining an accuracy of 97.7%, precision of 97.1%, recall, and F1 score of 97%, with
an inference time of 99 ms. Furthermore, it was observed that excessively high dropout
rates can adversely affect model performance, while increasing the number of dense
units can enhance model performance.

However, certain limitations were identified, particularly with the recognition of
specific plant species such as basil. The model struggled to generalize to more diverse
morphological features in some cases due to the lack of clear venation and distinguishing
features in the dataset images. For instance, the veins of basil leaves were less visible
compared to other plants, resulting in lower prediction accuracy for this species.

Looking ahead, future endeavors will focus on expanding the scope by incorporating
more plant species with a more diverse dataset. Additionally, further experimentation
will be conducted on additional models with an increased number of hyperparameters
to explore and optimize model performance extensively.
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Abstract. Death is a tragedy regardless of its form, time, or manner in which it
occurs. Death can be natural, unnatural through deliberate action of other, self-
inflicted, or it can be due to the environmental factors. The primary aim of this
paper lies in the comprehensive analysis and synthesis of existing literature con-
cerning unnatural mortality. The literature is surveyed from various digital repos-
itories for analyzing the trends and patterns of unnatural deaths. The study of
literature identified the common causes of deaths. This paper offers a comprehen-
sion of the existing literature by combining and summarizing the patterns, trends,
and contributing elements of unnatural fatalities. Additionally, a machine learning
classification model is built to categorize news articles from the dataset into five
different categories based on death causes. We conducted a comparative analysis
using machine learning classifiers on 20,000 news articles from the Indian Express
dataset. The Decision Tree model emerged as the most effective, with an accu-
racy of 90%. This comparison analysis demonstrates the various strengths and
shortcomings of different classifiers in categorizing death causes. Our findings
shed light on mortality patterns and show how machine learning can automate the
classification of death-related data, allowing for early interventions and informed
policy decisions.

Keywords: death - mortality - statistical analysis - machine learning

1 Introduction

Unnatural deaths—which include accidents, suicides, homicides, and other non-natural
causes—have caused an increase of distress in the public. Globally, unnatural mortality,
constitutes a significant portion of overall mortality. While the exact share varies by
region, age group, and socioeconomic factors, unnatural deaths collectively contribute to
a substantial burden of disease and premature mortality worldwide. Unnatural deaths not
only have a profound impact on individuals and their families but also on the community

and society.

As per the World Health Organization (WHO), 74% of global deaths are due to
non-communicable diseases, including suicides, homicides, and road traffic accidents
(RTAs) [1]. Suicide is a preventable death that is influenced by societal, cultural, and
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family factors, as well as human psychology. Approximately 703,000 individuals died
by suicide in 2019 [2]. According to estimates, the suicide death rate worldwide is 11
per 100,000 people, with a higher rate among men than women [2]. Suicide claimed the
lives of an estimated 0.9 million people worldwide in 2016 [3]. Most of these deaths
were among people between the ages of 10 and 45.

Accidents, including traffic accidents, occupational accidents, and unintentional
injuries, also represent a large portion of unnatural deaths globally. The WHO esti-
mates that car accidents claim the lives of 1.19 million people annually [5]. Also, road
traffic crashes are the leading cause of death among young people, especially those aged
5t0 29 [5]. Millions of people die in road accidents alone every year, and these incidents
are a major contributor to injury-related mortality and morbidity.

In addition to suicides and accidents, homicides and other forms of violence contrib
ute to the overall burden of unnatural mortality, although their share may be smaller
compared to suicides and accidents in many regions. The projected global homicide
mortality rate is 6.2 per 100,000 people, with greater rates in the Caribbean, Central
Africa, and South America than in other parts of the world [2]. The number of homicide
deaths varies not just by geography but also by age group, sex, and socioeconomic level
[6].

Identifying the cause of death from news articles could help to reduce the burden
of premature mortality and disability caused by non-natural causes, adopt preventive
measures, and build health systems and social support networks. If the causes of death
are precisely identified, suitable countermeasures can be planned and implemented.
Hence, in this research paper, we proposed an automated frame work to classify English
news articles into multiple categories, including Accident, Suicide, Homicide, Disease
and Natural cause. We trained and tested the classification model using the Indian Ex
press dataset from Kaggle which contains about 20K news articles.

The structure of this document is as follows. The review of the literature is given
in Sect. 2. The mechanism of the categorization strategy is explained in Sect. 3. The
experimental results are presented in Sect. 4. Section 5 discusses about the method and
results of implementation, and this study is concluded in Sect. 6.

2 Literature Survey

A thorough summary of all the collected research articles that have been done on unnat-
ural mortality—which includes suicides, accidents, and other non-natural causes of
death—can be found in the literature review table that follows Table 1. The table provides
useful insights by classifying the examined literature according to data source, methods,
and key findings.

2.1 Key Takeaways from the Study

The summary table provide a concise overview of the features of the included studies.
Several patterns, trends, and related factors were found after a thorough examination of
the chosen research; these are outlined below:
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Demographic Characteristics. Out of all the included studies, five found that males
died at a higher rate than females. [8, 14, 21, 26, 27]. Nine studies reported the age group
vulnerable to suicides, accidents, or homicides. The majority of the incidents were from
age group 15 to 30 years [13, 15, 17, 26, 29]. Additionally, four studies mentioned age
group 10 to 45 yrs. Faces vulnerability to unnatural deaths [2, 10, 20, 21]. Majority of
death cases are of Hindus and married individuals [8, 10, 20, 25].

Common Causes and Methods. According to majority of articles the main causes of
unnatural deaths are accidents followed by suicides [8, 10, 13, 14, 17, 21, 27, 30]. The
other six studies mentioned suicide as the leading cause of unnatural mortality [9, 12,
15, 17, 25, 28]. Along with cause the studies also mentioned the method. Hanging is
the most frequently mentioned method of suicide [14, 17, 21, 23, 25]. Apart from acci
dents and suicides, two studies given trauma as the cause of death [8, 13].

Impact of Social, Geographical, and Socio-economic Factors. Work-related factors,
academic stress, and family disputes contribute to the death of individual [10, 18, 19,
22]. Narayankar PM et al., (2023) mentioned that urban areas have more victims, mainly
from the middle class [15]. According to RK Verma et al., (2015), female victims are
from the rural areas [20].

3 Methodology

From above-reviewed literature, there is a notable gap in real-time analysis and catego-
rization of death-related news articles, which could provide timely insights into emerging
trends and patterns. For that reason, the purpose of this study is to close this information
gap by applying a machine learning classification model to classify articles according
to the stated cause of death.

An overview of the proposed framework is given in this section, as seen in Fig. 1.
The main steps of process are: data preparation, data labeling, text preprocessing, feature
extraction, model training and model evaluation.

1. Data Preparation
The classification model starts with loading the dataset into a Pandas DataFrame
and inspect the dataset to understand its structure and contents. We have used a
dataset that contains around 20K news headlines, descriptions and articles obtained
from Indian Express.
2. Data Labeling
In this step, we programmatically label each news article based on its content. It
follows following steps:

e Defining a set of keywords associated with each death causes.
e [Iterate through the data and assign death cause labels to each article.
e Create a new column ‘Category’ in the DataFrame to the labels for each article.
The categories considered are Accidents, Suicides, Homicides, Disease,
Natural cause, and Other to classify news that are not related to death case.
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Table 1. Literature Survey
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Sr | First Title Data source Method Major Findings

No. | author
(year)ref.

1 Basant Unnatural death | National Family Descriptive Unnatural mortality
Kumar in India Health Survey analysis rate in India: 0.67
Panda per 1000
(2020)” Unnatural deaths

more common in
1045 age group

2 Cong Li Global burden of | GBD 2019 portal | Joinpoint Self-harm and

(2024)3 all cause-specific regression model | violence increased
injuries among to study temporal | Higher injury
children and trends burden in
adolescents from Cause of Death adolescents aged
1990 to 2019: a Ensemble model | 15-19 years
prospective
cohort study

3 Dr. ME Trends of Autopsy reports Analytic study Majority deaths
Bansude unnatural deaths were males, Hindus,
(2012)° in Latur district and married persons

of Maharashtra Common cause:
Trauma
Accidental deaths
most common
followed by suicide

4 |IanR.H. Leading Causes | Annual Negative binomial | Mortality rates
Rockett of Unintentional | cause-of-death data | regression increased for
(2012)10 and Intentional | from NCHS analysis unintentional

Injury Mortality: poisoning, falls, and

United States, suicide

2000-2009 Suicide as the
leading cause of
mortality

5 |LD.G. Study on the Post-mortem Retrospective Majority cases from
Kitulwatte | pattern of records descriptive study | age < 40 yrs
(2017)1 unnatural deaths Analysis using Manner of death:

of women MS Excel and road accident
brought for SPSS followed by suicide
medico-legal (poisoning)
autopsy Main reasons:

family disputes and
love affairs

(continued)
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Table 1. (continued)

Sr | First Title Data source Method Major Findings
No. | author
(year)ref.
6 |I-LiLin Predicting the National Health Adaboost + DT | Prediction
(2022)!2 Risk of Future Insurance Research | technique for accuracy:0.983
Multiple Suicide | Database prediction
Attempt among
First-Time
Suicide
Attempters:
Implications for
Suicide
Prevention Policy
7 | Karoline Suicide Mortality | Mortality and Statistical Leading cause of
Lukaschek | in Comparison to | population data Analysis using unnatural death:
(2012)13 Traffic Accidents | from Federal SAS, Windows Suicide
and Homicides as | Statistical Office higher in younger
Causes of age groups
Unnatural Death
- An Analysis of
14,441 Cases in
Germany in the
Year 2010
8 Mahadev E | Study of pattern | Autopsy reports, Statistical Most cases of males
Bansude of unnatural death summaries, analysis with with Trauma as
20214 deaths at investigation SPSS20 software, | common cause
southern reports Windows Age group: 21-30
Marathwada yrs
region Most are accidental
Maharashtra deaths followed by
suicides then
homicides
9 | Meng He Unnatural Deaths | SPSB autopsy Statistical Top 3 causes of
(2015)15 in Shanghai from | archives, initial analysis using MS | unnatural deaths:
2000 to 2009: A | investigations, Excel and SPSS Traffic accidents,

Retrospective
Study of Forensic
Autopsy Cases at
the Shanghai
Public Security
Bureau

police reports

homicides, suicides
Hanging was
common method of
suicide

(continued)
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Table 1. (continued)

Sr | First Title Data source Method Major Findings

No. | author
(year)ref.

10 | Narayankar | An Autopsy Autopsy reports Examined the Suicide followed by
PM Study of Pattern sociodemographic | accidents then
(2023)16 of Unnatural characteristics of | homicides

Deaths among the study group Age group: 21 to

Youth Conducted Categorized the 29 years

at a tertiary Care manner of death | Urban area had

Teaching into suicides, more victims than

Hospital in South accidents, and rural area

India homicides Socio-economically,
most of the victims
belonged to the
middle class

11 | Prafulla Forecasting NCRB reports Time series Suicide rate in India
Kumar suicide rates in modelling using | is expected to be
Swain India: An ARIMA model 10.15 in next
02117 empirical decade (2019-2028)

exposition Model accuracy:
95% CI

12 | Praveen Pattern of Autopsy reports Descriptive Majority of
Athani unnatural deaths analysis childhood deaths:
(2016)'8 among children: 15-18 years age

An autopsy study group
Leading cause
suicide mainly by
hanging
Road traffic
accidents: mostly
pedestrians

13 | Prof. Sarah | Work-related Employer Qualitative case | Range of
Waters suicide: a investigation study method work-related factors
(2021)"° qualitative reports, police that contribute to

analysis of recent | reports, coroner suicide

cases with verdicts, staff No effective
recommendations | wellbeing surveys organisational

for reform response to prevent

future suicides

(continued)
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Table 1. (continued)

Sr | First Title Data source Method Major Findings

No. | author
(year)ref.

14 | Rachel The patterns, Electronic Scoping review Major risk factors of
Elizabeth trends, and major | database: PubMed, | methodology suicide: mental
Senapati risk factors Google Scholar, health issues,
(2024)%0 of suicide EMBASE, negative family

among Indian PsycINFO experiences,

adolescents academic stress,

— a scoping social and lifestyle

review factors, financial
problems, and
relationship
problems

15 |RK Verma |Comprehensive | Autopsy reports Statistical Most female victims
(2015)?! Study of analysis and age group: 1545

Unnatural Deaths Chi-square test yrs

in Females of Highest deaths in

Age Group Hindus, rural, and

1545 years in married females

Allahabad Most common
mode of death was
burning

16 | (2022)* Accidental Report by NCRB, | NA Major cause of

Deaths & India accidental deaths is

Suicides in India

Traffic accidents
Most cases from
age group 3045
yrs. Followed by
18-30 yrs

Over 1 million
people commit
suicide in India
every year

Male victims more
Suicide method:
hanging

(continued)
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Sr | First Title Data source Method Major Findings

No. | author
(year)ref.

17 | Savita Suicide deaths Online news Content analysis | Leading factors:
Chahal among medical | portals of Hindi & statistical academic stress
(2021)%3 students, and English analysis among medical

residents and newspapers students; marital
physicians in discord among
India spanning a physicians
decade

(2010-2019): An

exploratory study

using on line

news portals and

Google database

18 | SM Yasir Demography and | Online Bangla Statistical Suicide cases mean
Arafata risk factors of news portals analysis using age: 23 yrs
(2018)%* suicidal SPSS and MS Most victims are

behaviour in Excel females
Bangladesh: A Hanging most
retrospective common method
online news

content analysis

19 | Soumitra Analysis of news | Online English Extraction and 67.7% increase in
Pathare media reports of | newspapers data analysis suicidal behaviour
2020y suicides and using Chi-squared | during the lockdown

attempted test in 2020 than 2019
suicides during

the COVID-19

lockdown in

India

20 | Sujatha P L | Profile of Socio-demographic | Retrospective Age group — 3rd
(2022)26 unnatural deaths | profile descriptive study | decade of life

in adult females 88% were married
in Bangalore housewives

north

Leading manner of
death — suicide and
hanging common
method

(continued)
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Table 1. (continued)

Sr | First Title Data source Method Major Findings
No. | author
(year)ref.
21 | Suryakant | Changing pattern | NCRB data from | Descriptive Suicide rate higher
Yadav of suicide deaths |2014-2021 analysis in men
(2023)%7 in India Age group: 18-29
yrs
Profession: highest
in daily wage
earners then
students and
employees
22 | TC A Study of Autopsy reports, Descriptive Common age group:
Anjanamma | Unnatural death | hospital records, analysis 3140 yrs
(2016)8 at MVJ Medical | police reports Male deaths more
College and than female
Research Leading causes of
Hospital death: RTAs,
suicide & homicides
23 | V. Valle Qualitative Coroner’s inquest | Quantitative data | 20.8% alcohol/drug
(2008)%° analysis of records analysis + misuse, 26%
Coroners’ data Thematic analysis | suicide, 53.2% other
into the unnatural injuries
deaths of children Themes: bullying,
and adolescents teenage
sexualization,
substance misuse,
out of control
behaviour
24 | WHO Suicide: Key Article NA Suicide is 4th most
(2023)30 Facts common cause of
death globally for
age group 15-29 yrs
703,000 individuals
commit suicide each
year
25 | Xiu-Ya Mortality and Mortality data Data analysis Road traffic
Xing Disease Burden | from Information | using crude accidents was the
(2020)31 of Injuries from | System for Death | mortality, SMR, | primary cause of

2008 to 2017 in
Anhui Province,
China

Cause Register and
Mgmt

PYLL, PYLL rate
and AYLL with
MS Excel &
SPSS

injury deaths
followed by suicide
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3. Text Preprocessing
The text preprocessing step performs the cleaning of the dataset. Firstly, we per-
formed lowercasing of text to ensure the consistency. Then, to split the text into indi-
vidual words or tokens tokenization is performed. To normalize variations, the words
are re duced to their base form through lemmatization step. At last, the punctuation
marks and stop words that do not carry much meaning are removed.
4. Feature Extraction
Feature extraction transforms textual data into useful features for machine learning
models. These features serve as model inputs, enhancing model performance. In
this work, we extract feature vectors from text using the Term Frequency-Inverse
Document Frequency (TF-IDF) technique.

Fig. 1. General Classification Process

5. Model Training
In this step, for training and testing of our classification model, we divided our
dataset into 70% for training and 30% for testing. Then to train a multi-class classifi-
cation model on the training data, using the extracted features as input and labels as
output, we have implemented four classifiers as follows:

a. Multinomial Logistic regression (MLR): Itis amodel used to predict the likelyhood
of the numerous alternative outcomes of a categorically distributed dependent
variable given a set of independent variables that might be real-valued, binary
valued, or categorical-valued.

b. Support Vector Machine (SVM): The goal of an SVM classifier is to find the
high-dimensional space’s optimal hyperplane for splitting data points belonging
to distinct classes. To provide strong classification borders, it achieves this by
maximising the margin between each class’s closest points, or support vectors.
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c. Decision Tree (DT): A decision tree classifier is a type of machine learning model
that forecasts new sample classes by using a tree-like structure to split data into
subgroups based on feature values. Its goals are to maximise information gain and
minimise impurity.

d. Random Forest (RF): Using numerous decision trees to build and produce a clas-
sification class, a Random Forest classifier is an ensemble learning technique that
improves forecast accuracy and decreases overfitting by averaging outputs.

6. Model Evaluation
Finally, we evaluate the four algorithms’ classification performance. To compare
the performance, we use the classification metrics such as Accuracy, Precision, Recall,
and F1-Score.

4 Experimental Setup and Results

This section provides the dataset description and comparative results of the four
classifiers in terms of mentioned performance metrics.

4.1 Dataset Description

For this study, the used dataset consists of 20K news articles from Indian Express dataset
available on Kaggle. The dataset has features such as headlines, descriptions, and articles
content. These articles were classified into five categories based on the cause of death:
accidents, suicides, homicides, disease, and natural cause. The distribution of articles in
each category is as follows (Fig. 2).

Fig. 2. Count of each news article category



Understanding Unnatural Mortality: A Comprehensive Analysis 293

4.2 Train-Test Split

The dataset has been divided into 70% training data and 30% testing data in order to
assess the effectiveness of the machine learning classification model. There were roughly
14,000 articles in the training dataset and 6,000 in the testing set.

4.3 Model Evaluation

The performance of the classification model was assessed using several metrics, includ-
ing accuracy, precision, recall, and Fl-score. The results for the four classifiers are
presented below .

Table 2. Results

Classifier Evaluation Standard

Accuracy Precision Recall F1-Score
MLR 0.73 0.73 0.73 0.71
SVM 0.75 0.75 0.75 0.73
DT 0.82 0.82 0.82 0.82
RF 0.83 0.83 0.82 0.80

According to Table 2, we observe that Decision tree classification algorithm per-
formed better than other three classifiers. The high accuracy and robustness of the Ran-
dom Forest classifier underscore its effectiveness in categorizing news articles based on
death causes.

5 Discussion

The objective of this research was to assess the applicability of machine learning models
for news articles based on causes of death, seeking to fulfil the void in real time analytics.
While working with the Indian Express dataset of news articles, we wanted to test
through various machine learning classifiers, which algorithm will be the most effective
on dividing the articles into five specific causes of death: accident, suicide, murder,
disease, and natural cases.

Machine learning was chosen for this study because it can automate classification,
handle enormous amounts of unstructured text data, and deliver excellent accuracy. Its
scalability, versatility, and continuous learning characteristics make it an ideal solution
for a complicated task such as categorizing death reasons in news items.

The results of the implementation show that the Random Forest (RF) classifier out
performed the other models, obtaining 83% accuracy while maintaining high precision,
recall, and F1-scores. Its performance reflects the advantage of ensemble methods in han-
dling complex datasets by combining multiple decision trees to enhance generalization
and reduce overfitting.
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With an accuracy of 82%, the Decision Tree (DT) classifier came in second, demon-
strating its ability to handle both continuous and categorical data with ease. Its use-
fulness in this situation is further supported by its interpretability in drawing distinct
decision boundaries. With accuracies of 75% and 73%, respectively, the Support Vector
Machine (SVM) and Multinomial Logistic Regression (MLR) models also demonstrated
respectable performance. Although these linear models work well for text classification,
in this instance, they did not perform as well as the Random Forest and Decision Tree
classifiers, suggesting that tree-based methods would be more advantageous for the
dataset.

6 Conclusion

Unnatural deaths, which include suicides, accidents, and other non-natural causes, have
emerged as a major concern in many areas. To address the issue of unnatural casualties,
a comprehensive and multifaceted approach is required, considering the underlying
risk factors, societal drivers, and preventive initiatives. The findings indicates that main
causes of unnatural deaths are accidents followed by suicides. Various factors influence
these deaths, such as academic stress, work-related factors, individual and social factors.

The best course of action for resolving the issue would be to make use of the litera-
ture already in existence to seal any gaps. The researchers, policymakers, public health
professionals, and other stakeholders will find this paper to be a useful addition to the
body of knowledge already available on unnatural mortality.

Techniques like Machine Learning can help prevent unnatural deaths by analyzing
data to identify patterns and risk factors. AI/ML systems continuously learn, making
predictions more accurate and interventions more effective, ultimately saving lives and
improving public health. This work adds to the body of knowledge by automating the
categorization of news articles according to causes of death using a machine learning
technique. We found that the Decision Tree classifier outperformed the other three ma
chine learning classifiers (Random Forest, Support Vector Machine (SVM), and Multi-
nomial Logistic Regression (MLR)), with an accuracy of 90%. To, gain real-time insights
about mortality patterns, this comparative analysis demonstrates how machine learning
may be used to automate and enhance the classification of unstructured text data, such
as news stories.
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Abstract. The pervasive influence of the Internet and the Web has fostered a
culture of unabashed expression, where individuals freely share their thoughts on
purchased products, viewed movies, or current events. Opinions now play a pivotal
role in shaping people’s perspectives. This surge in digital discourse has given rise
to the widespread use of social networking platforms, blogs, microblogs, online
marketplaces, and more. People actively engage in expressing their opinions and
seek responses in this interconnected landscape. Consequently, there is an over-
whelming abundance of diverse opinions and corresponding responses, making the
task of mining this extensive array of data a vital undertaking. This paper presents
an in-depth exploration of opinion mining and sentiment analysis, presenting a
thorough overview. The analysis delves deep into the principal challenges inherent
in these fields, providing insightful examples that underscore the complexity of
these issues. Furthermore, the paper explores a myriad of approaches and tech-
niques aimed at addressing each challenge, accompanied by criteria for evaluating
their performance.

Keywords: Sentiment Analysis - Opinion mining - Polarity - Challenges - Text
mining

1 Introduction

The internet serves as an inclusive platform enabling individuals worldwide to express
their perspectives openly. Undoubtedly, the viewpoints of others possess the potential
to sway our choices. Leveraging opinions can contribute to enhancing decision-making
within specific communities, aiding in the selection of superior products, and exert-
ing influence on decisions. Numerous online platforms, including social media sites
like Twitter and Facebook, online marketplaces such as Amazon, Flipkart, Snapdeal,
travel planning websites like MakeMyTrip, Trip Advisor, Trivago, and consumer review
platforms like MouthShut, offer users the freedom to share their thoughts and evaluations.

Consumers often turn to reviews prior to making both online and offline purchases.
They exhibit a tendency to meticulously compare features of similar products in their
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quest for the perfect purchase. Before committing to a movie outing, individuals fre-
quently peruse film critiques. Vacation planning entails thorough research on various
destinations, accompanied by scrutiny of hotel reviews. Conversely, vendors aspire to
discern consumer interests for purposes of product enhancement, cost reduction, time
efficiency, new product development, offer optimization, and informed decision-making.
Competitors, in turn, seek insights from opinions to refine their marketing strategies.

In the process of understanding natural language, various challenges may arise,
such as context-dependent polarity judgment, negation handling, sarcasm detection, etc.
Context is defined as the parts of a written or spoken statement that precede or follow
a specific word or passage, usually influencing its meaning or effect. It is essential to
capture the operational concern, that is the pragmatic meaning defined by ‘context’
for improving the SA task [1]. Negation either reverses the polarity or changes the
strength of polarity of affected opinionated words [2]. Sarcasm is defined as a mode
of paradoxical wit depending on its effect on bitter and often ironic language that is
usually directed towards an individual. Detection of sarcasm is one of the leading areas
of research, understanding the true opinion of a person under sarcastic statements [3].
Fake review problem must be addressed so that these large E-commerce industries such
as Flipkart, Amazon, etc. can rectify this issue so that the fake reviewers and spammers
are eliminated to prevent users from losing trust on online shopping platforms [4].

Within the vast expanse of the internet lies a plethora of opinions and reviews, pos-
ing the formidable challenge of extracting and presenting them in a manner beneficial
to the intended audience. The intricate task of opinion mining encompasses text anal-
ysis, language processing, and text classification. Text mining, as a pivotal component,
involves scrutinizing unstructured text, extracting pertinent information, and convert-
ing it into actionable business insights. Natural language understanding and artificial
intelligence (Al) emerge as the most appropriate computational paradigms to provide
embedded intelligence and have been effectively utilized in innumerable domains such
as text classification, question answering systems and named entity recognition amongst
others [1]. Opinion mining, on the other hand, revolves around discerning the sentiment
of an expression—whether it is positive, negative, or neutral—and gauging the intensity
of that sentiment.

This paper comprises a) an exploration into opinion mining and sentiment anal-
ysis, and b) an exhaustive examination of the principal challenges, accompanied by
recent methodologies and techniques employed for their resolution, along with the
corresponding criteria for measuring their performance.

2 Opinion Mining and Sentiment Analysis

Definition: If a set of text documents (T) having opinions on an object are given, opinion
mining intends to identify various aspects of the object on which opinions have been
given, in each of the documents t € T and to find the polarity of the comments i.e.,
whether the comments are positive, negative, or neutral [5].

Opinion mining involves the extraction of subjective textual content from various
origins and condensing it into a comprehensible format for end-users. Distinguishing
sentiment from opinion mining is a subtle task, as both pertain to the analysis of subjective
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information. In Merriam-Webster’s dictionary [6], sentiment is defined as an “attitude,
thought, or judgment prompted by feeling”, whereas opinion is defined as a “view,
judgment formed in the mind about a particular matter”. According to the definitions,
an opinion primarily reflects an individual’s perspective on a matter, while sentiment
is predominantly associated with an emotional response or feeling. For instance, the
sentence “I am worried about the company’s financial future.” conveys a sentiment,
while the sentence “I believe the company’s financial situation is deteriorating.” conveys
an opinion. The connection between the two sentences lies in their intrinsic correlation,
where the emotion conveyed in the initial statement is often a response stemming from the
viewpoint articulated in the subsequent sentence. Opinion mining involves the retrieval
and assessment of individuals’ viewpoints regarding a subject, while sentiment analysis
identifies and evaluates emotional words or expressions in a text.

2.1 Opinion Depiction

Opinion mining also referred to as sentiment analysis, retrieves datasets containing sub-
jective text and condenses them into a user-friendly format. It identifies and categorizes
opinions within unstructured data as either “positive”, “negative” or “neutral.”

As depicted in Fig. 1, within any given viewpoint, the entities of “Opinion holder,”
“Opinion target,” and “Opinion content” are readily discernible. However, pinpointing
the “Opinion context” proves to be a slightly more challenging task. This refers to
the circumstances under which the opinion was expressed, encompassing factors such
as time and location. On the other hand, “Opinion sentiment” delves into what the
expressed viewpoint reveals about the emotional stance of the opinion holder, whether
it leans towards positivity or negativity.

Fig. 1. The Task of Opinion Mining

Example: iPhone XV runs really fast.

In the aforementioned instance, pinpointing the target as iPhone XV is straightfor-
ward. The statement “It runs really fast” encapsulates the content, with the individual
expressing this sentiment identified as the opinion holder. However, delving further into
aspects like context and sentiment, the context extends to particulars such as the review
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was given on 7th Dec 2023, and the overall opinion sentiment is characterized as pos-
itive. This enhanced portrayal of opinions contributes significant value to the opinion
mining process.

3 Principal Challenges and Its Approaches (A Systematic Review)

Opinion Mining is a fast-growing field, and such growth leads to too many challenges
and issues. For example, the polarity judgment of context dependent opinion, the authen-
ticity of the opinion, removal of noisy text, compression of text, detection of spam or
fake reviews, determining the actual opinion part, etc. are challenging issues for fur-
ther research. The later sections present a systematic review of principal challenges and
issues along with recent approaches and techniques used to resolve issues.

3.1 Context Dependent Polarity Judgement

According to the situation the term “Opinion” may have negative polarity in one situation
but positive polarity in another situation.

Example:
Sentence 1: The mobile X works well in low signal strength too.
Sentence 2: The mobile Y has low picture quality.

In the above example it is clearly identified that the term “low” is negative but in sentence
1 “works well in low signal strength too” gives a positive review and in sentence 2 the
same term in the phrase “low picture quality” gives a negative review about the mobile.
Table 1 below shows the overview of the research conducted in this area.

Fulian Yin et al. [7] used context-dependent part of speech (POS) chunks (CP-
chunks) to solve lexical sentiment ambiguity, achieving 82% accuracy. Notably, this
method exhibits increased stability compared to earlier approaches, as it incorporates
negative and positive polarities for each word. In contrast, Saeedeh Sadat Sadidpour
et al. [10] proposed a linguistic-based model considering word placement and its effect
according to the contextual domain, achieving 92% accuracy. Hitesh Kansal et al. [12]
developed an Aspect-Based Sentiment Analysis and Summarization System (ASAS)
for opinion polarity, using natural linguistic rules and considering features with opinion
words rather than opinion words alone. This approach, which considered features beyond
opinion words alone, achieved accuracy rates of 79.1%, 81.3%, and 84.6% for the Apex
DVD Player, Canon Camera, and Nokia Phones, respectively. Farhan Hassan Khan et al.
[11] employed SentiWordNet for text sentiment detection, using a labeled corpus for
training and the sentiment dictionary SentiMI to extract mutual information for selected
features, achieving 75.22% accuracy. Comparatively, each method showcases distinct
strategies for tackling Context-dependent words.

In their prior research on Machine Learning, Yanking Xia et al. [13] delved into the
exploration of intra-opinion and inter-opinion features by employing a Bayesian model.
Their investigation specifically addressed the word polarity disambiguation task, tack-
ling it through a probabilistic approach that resulted in an achievement of approximately
80% accuracy. In contrast, Akshi Kumar [1] proposed a distinct Machine Learning
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Table 1. Summary of previous research work for Context-Dependent Polarity Judgement

References Approach | Method Dataset Accuracy | Precision | Recall | F-score
Akshi Kumar | Machine | Hierarchical SemEval-2017 | 71.7% - 81.6% | 82%
(2021) [1] Learning | Attention
Network (HAN) | g15_Gold 94.6%
model with
Embeddings
from Language
Models (ELMo)
Fulian Yin Lexicon | Corpus based Corpus LMRD | 82% 82.4% 82.1% | 82.06%
et al. (2020)
(71
Murtadha Hybrid Supervised Restaurant 86.53% |- - -
Ahmed et al. Neural Model + Laptop 73.38%
(2020) [8] corpus-based
approach
(Attention-based
LSTM with
Score
Embedding
(ASE))
Omid Hybrid Neural Network | Multi Domain | 74.80% | - - -
Mohamad and a Sentiment | Sentiment
Beigi et al. Lexicon Dataset v2.0
(2020) [9]
Saeedeh Lexicon | Polarity pattern | News of 92% 92% 39% | 54%
Sadat matching politics
Sadidpour
et al. (2016)
[10]
Farhan Lexicon | Dictionary based | Movie review | 75.22% | - - 75.40%
Hassan Khan approach data
etal. (2015) (SentiMI
[11] Dictionary)
Hitesh Lexicon | Dictionary Amazon - - -
Kansal et al. Based Approach | jyp Player 949
(2014) [12]
CanonCamera | 92%
Nokia Phone | 95%
Yanking Xia | Machine | Supervised Mobile phone | 80.8% - - -
etal. (2014) | Learning leaming method Digital
[13] (Bayesian Camera
Model)
Hotel
Restaurant

(continued)
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Table 1. (continued)

References Approach | Method Dataset Accuracy | Precision | Recall | F-score
Albert Hybrid Supervised Amazon 76.6% 77% 73% | 73.5%
Weichselbrau approach (Naive | .. ...
et al. (2010) Bayes) + reviews
[14] Lexicon based - -

Trip Advisor

reviews

Movie review

methodology, employing a hierarchical attention network (HAN) integrated with ELMo
(Embeddings from Language Models). Kumar’s approach aimed at classifying senti-
ments in real-time Twitter data, encompassing multiple-sentence tweets. Remarkably,
this method attained a 71.7% accuracy rate for the SemEval-2017 dataset and an impres-
sive 94.6% accuracy for the STS-Gold dataset. It is noteworthy that Xia et al.’s [13]
approach primarily concentrated on opinion-level features to mitigate polarity ambigu-
ity, whereas Kumar’s [1] method, utilizing a hierarchical attention network, specifically
addressed the semantic hierarchy within a document. In the latter, the algorithm was
applied twice— first on the word level and subsequently on the sentence level. This dis-
tinction underscores the nuanced strategies employed by the two studies in navigating
sentiment analysis challenges.

In their exploration of the Hybrid method, Murtadha Ahmed et al. [8] introduced a
supervised neural model and built a domain-specific sentiment dictionary called Sen-
tiDomain. They utilized cosine similarity to learn cluster embeddings from the compre-
hensive representation of the relevant domain. Additionally, they introduced an attention-
based Long Short Term Memory (LSTM) model for Aspect-level sentiment analysis,
achieving 86.53% and 73.38% accuracy for Restaurant and Laptop datasets, respec-
tively. While Beigi et al. [9] created a hybrid neural network and sentiment lexicon
to adjust word polarities for specific domains. Their method involved constructing a
sentiment lexicon from the source domain, training a Multilayer Perceptron (MLP), and
introducing a Domain-Independent Lexicon (DIL) with fixed negative or positive scores.
This approach, targeting Document-level Sentiment analysis, achieved an accuracy of
74.80%. Notably, Beigi’s method employed a domain-independent dictionary, specifi-
cally a Target Sentiment Lexicon (TSL) for updating the trained MLP, achieving better
results than cluster embedding methods. Albert Weichselbraun et al. [14] introduced a
novel method using Naive Bayes to identify ambiguous terms, their method involved
a contextualized sentiment lexicon storing the polarity of ambiguous terms alongside
co-occurring context terms, enhancing the accuracy of sentiment detection to 76.6%.
However, a drawback noted was that if the contextualized sentiment lexicon lacked
a term, the term’s sentiment value defaulted to zero. The comparison reveals diverse
strategies within the Hybrid method. Ahmed’s focus on domain-dependent dictionar-
ies and cluster embeddings contrasts with Beigi’s use of a domain-independent lexicon
and Target Sentiment Lexicon. Weichselbraun’s approach, leveraging Naive Bayes and
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contextualized sentiment lexicons, offers an alternative perspective, highlighting the

importance of addressing ambiguous terms in sentiment analysis.
Figure 2 below illustrates the distribution of approaches used based on the work.

Resolving Approach used

Machine Learning
Hybrid

0 2 4 6
Count of approch

Approach

Fig. 2. Previous research works distribution according to the approach used for Context
Dependent Polarity Judgment

3.2 Usage of Negation

In research of opinion mining classifier doesn’t handle negation well from the container
of words. It becomes hard to differentiate between ‘nice’ and ‘not nice’. Both words
have different meanings, and it’s necessary to identify negation in a sentence.

Example: X movie is not entertaining.
In the above example, ‘entertaining’ is a positive term for a movie but ‘not entertaining’
gives a negative review.

Table 2 below shows the overview of the research conducted in this area.

Deebha Mumtaz et al. [20] presented a lexicon-based approach known as the Senti-
lexicon algorithm for sentiment analysis, achieving a 70% accuracy rate. This method
involves assigning polarity scores to words based on a predefined lexicon. Notably,
in the presence of negation words within a sentence, the algorithm reverses the final
score, effectively flipping the sentiment orientation. In contrast, Chinsha T C et al.
[21] introduced a novel syntactic-based approach focusing on aspect-level sentiment
analysis, which attained a higher accuracy of 78.04%. This method incorporates Sen-
tiWordNet, syntactic dependency, aggregate scores of opinion words, and an aspect
table for a comprehensive opinion mining process. Comparing the two approaches, the
former, employed by Deebha Mumtaz et al., is tailored for sentence-level sentiment
analysis. It relies on a lexicon-based strategy with the unique feature of handling nega-
tion by reversing sentiment scores. In contrast, the method introduced by Chinsha T C
et al. is oriented towards aspect-level sentiment analysis, leveraging syntactic structures
and multiple sources, including SentiWordNet and aspect tables, to enhance accuracy.
Despite the distinctions in their focus and mechanisms, both methods contribute to the
advancement of sentiment analysis with varying levels of accuracy.

D V Nagarjuna Devi et al. [18] utilized a machine learning technique for Aspect-
Based Sentiment Analysis, employing an SVM classifier that considered subjectivity and
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Table 2. Summary of previous research work for Usage of Negation

References | Approach | Method Dataset Accuracy | Precision | Recall | F-score
Itisha Hybrid Lexicon SemEval-2013 | 72.6% - 67.5% |69.5%
Gupta et al. (Corpus Twitter Corpus
(2021) [2] based) +

ML

(Support

Vector

Machine

(SVM))
Partha Machine | Recurrent Amazon 95.67% - - -
Mukherjee | learning | Neural Product
etal. Network Reviews
(2021) [15]
Prakash Machine | Deep Neural | SFU Review - 92.86% | 93.34% | 93.09%
Kumar learning | Network
Singh et al. (BIiLSTM +
(2021) [16] Embedding)
Poornima. | Machine | Logistic Twitter Data 86.23% - - -
Aetal. learning | Regression
(2020) [17] (Term

Frequency)
DV Machine | SVM Product 88.13% | 87.15%|89.76% | -
Nagarjuna | learning Review from
Devi et al. multiple
(2016) [18] E-Commerce

(Laptop)

Rui Xia Hybrid Machine Product 82.9% - - -
etal. learning + | Reviews from
(2016) [19] Lexicon Amazon

(Polarity

Shift

Detection,

Elimination

and

Ensemble

(PSDEE))
Deebha Lexicon | Senti Movie Review | 70% 68.86% | 62.01% | -
Mumtaz lexicon algo | from Twitter
etal.
(2016) [20]
Chinsha T |Lexicon | Dictionary | Restaurant 78.04% | 83% 89.25% | -
Cetal. based review from

(2015) [21]

trip advisor

(continued)
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Table 2. (continued)

References | Approach | Method Dataset Accuracy | Precision | Recall | F-score

Jasmine Hybrid Machine Product 76.02% - - -
Bhaskar learning Review from
et al. approach multiple
(2014) [22] (SVM) + E-Commerce
Lexicon
(Dictionary
based
approach)

Robert Machine | Semi Multi Domain 78.01% - - -
Remus learning | supervised | Dataset
(2013) [23] (Regular
expression
based and
Conditional
random field
for classifier
SVM)

objectivity in sentence-level classification. They incorporated a mechanism for handling
negations within direct or transitive relations, connecting negated opinion words with a
minus symbol, attaining an accuracy of 88.13%. On the other hand, Poornima et al. [17]
opted for a feature extraction technique using Bigrams from datasets, analyzing succes-
sive word pairs. They selected top bigrams based on frequency distribution for efficient
classification, allowing for the modeling of negations. Employing term frequency to
ascertain sentiment polarity in sentences, they compared SVM, Logistic Regression,
and Multinomial Naive Bayes algorithms. Logistic regression, combined with bigram
and n-gram models, demonstrated the highest accuracy at 86.23%. Remus [23] intro-
duced a scheme explicitly modeling and representing word negation, comparing NegEx
and Conditional Random Field-based LingScope for negation scope detection. Addition-
ally, they captured negation implicitly through word bi - and trigrams. Explicit negation
modeling yielded superior results, achieving a sentiment analysis accuracy of 78.01%
in subtasks. Partha Mukherjee et al. [15] presented a comprehensive sentiment analysis
method that addresses negations through identification and scope marking. They devel-
oped a customized negation marking algorithm and tested various machine learning
models, with the Recurrent Neural Network (RNN) attaining the highest accuracy of
95.67%. Notably, this approach considered both explicit and implicit negation detection
in product reviews. In a different vein, Prakash Kumar Singh et al. [16] introduced a deep
neural network model using LSTM for negation handling tasks. Their model extracted
negation features from a labeled input dataset, using the Conan Doyle story corpus for
both training and testing. The approach involved identifying negation cues, extracting
relationships, and employing word-level features to determine sentence polarity. Com-
paring these methods, it is evident that each approach employs unique strategies for
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handling negations in sentiment analysis. While some focus on explicit modeling, oth-
ers explore both explicit and implicit negation detection. The variation in techniques and
algorithms underscores the diverse approaches within the field, each with its strengths
and considerations for achieving accurate sentiment analysis.

Itisha Gupta et al. [2] devised a feature-based Targeted Sentiment Analysis (TSA)
system within a Hybrid approach that integrates lexicon-based, POS-based, morpho-
logical, and n-gram features to manage negations. Their system employed three clas-
sifiers — Decision Tree, SVM, and Naive Bayes — and featured an algorithm tailored
for tweets where negation might not strictly imply negation. SVM emerged as the most
effective classifier, with n-grams and lexicon-based features significantly enhancing its
performance, ultimately achieving an accuracy of 72.6%. Notably, the negation scope
determination was embedded in the feature engineering preprocessing, incorporating
a Twitter-specific automatic lexicon to score words under negation scope, while also
considering syntactic negation and rhetorical questions. In a different vein, Rui Xia
et al. [19] introduced a cascade model termed Polarity Shift Detection, Elimination, and
Ensemble (PSDEE) to handle polarity shifts in document-level sentiment analysis. Their
hybrid approach amalgamated rule-based and statistical approaches to identify polar-
ity shifts, including explicit negations and contrasts. The text underwent segmentation
into subsets, including polarity-unshifted text, explicit contrasts, eliminated negations,
and sentiment inconsistency. The final sentiment classifier was a weighted combination
of base classifiers trained on these segmented text subsets, achieving an accuracy of
82.9%. In the former approach Negation scope determination in feature engineering
preprocessing involves Twitter-specific automatic lexicon, considering syntactic nega-
tion and rhetoric questions, while in the latter approach antonym reversion eliminates
polarity shifts. Furthermore, Jasmine Bhaskar et al. [22] employed conventional tech-
niques like Natural Language Processing, Support Vector Machines, and SentiWordNet
lexical resources to enhance sentiment classification in product reviews. Their approach
specifically addressed negation handling with objective words and intensifier consid-
erations, attaining an accuracy of 76.02%. Each method contributes distinct strategies
to the broader field of sentiment analysis, catering to specific nuances and challenges
within their respective domains.

Hybrid approaches combining lexicon, morphological, POS-based, and n-gram fea-
tures offer robustness and generalization across domains but require more effort in feature
engineering and model selection. Aspect-based sentiment analysis captures complex pat-
terns, while bigrams and n-gram models provide efficient classification. RNN and LSTM
are effective methods for learning negation features.

Figure 3 below illustrates the distribution of approaches used based on the work.

3.3 Handling Informal Language

Nowadays, informal language is very common in reviews and comments. Mining opinion
from such informal language is a challenging issue. Using the process of Text Normal-
ization with stop word removal, tokenization, part-of-speech tagging, stemming, and
Lemmatization gives the best result for informal language (Tables 3 and 4).

Liang Wu et al. [26] employed a lexicon approach to construct a Slang Sentiment
Dictionary (SlangSD) aimed at sentiment classification. Their method yielded notable
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Resolving Approach used

Machine learning
Lexicon m—

Hybrid m—

Approach
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Fig. 3. Previous research works distribution according to the approach used for Usage of Negation

Table 3. Example

Yep Yes

Whats up? What is going on?
Ttyl Talk to you later
Life is kinda good Life is kind of good
Cya See you

results, achieving precision rates of 77.8% and 78.67%, recall rates of 86.18% and
81.82%, and F-scores of 81.64% and 80.14% for Twitter and SMS datasets, respec-
tively. On the other hand, Fazal Masud Kundi et al. [31] proposed an architecture named
Detection and Scoring of Internet Slangs (DSIS) for the identification and scoring of
Internet slang. This framework utilized SentiWordNet in combination with other lexi-
cal resources, alongside another lexical-based approach that detected and scored slang
through various dictionaries. Remarkably, both frameworks demonstrated a high level
of accuracy, achieving an impressive 87% accuracy for multi-class classification. When
comparing the two approaches, Liang Wu et al. focused on building a dedicated Slang
Sentiment Dictionary, and Fazal Masud Kundi et al. adopted a broader framework incor-
porating SentiWordNet and multiple dictionaries. Despite the differences in their specific
methodologies, both studies demonstrated substantial success in achieving high accuracy
rates in sentiment classification and slang detection.

Nagarajan etal. [27] employed a machine learning approach, utilizing a hybridization
technique that incorporated two optimization algorithms (particle swarm optimization
and genetic algorithm) along with a decision tree classifier. The classification model they
proposed underwent training in two distinct stages: preprocessing and feature generation.
On a different front, Li-Chen Cheng et al. developed a sentiment analysis framework
employing deep learning models, specifically BILSTM networks that made use of NLP
tools. Their approach featured a bidirectional RNN, achieving an impressive 87.17%
accuracy in learning relation patterns from raw text data. In another perspective, Zhao
Jiangiang et al. [28] used unsupervised learning on Twitter corpora to generate sentiment
embeddings by leveraging contextual semantic relationships and co-occurrence features.
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Table 4. Summary of previous research work for Handling Informal Language
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References Approach | Method Dataset Accuracy | Precision | Recall | F-score
Li-Chen Machine | Deep Learning | Social 87.17% | 85.80% | 88.89% | 87.29%
Cheng etal. |learning | (Bidirectional Media
(2019) [24] long short-term | Review
memory (Facebook
(BiLSTM)) &
Youtube)
Muhammad | Hybrid | Unsupervised Twitter 82.35% | 81.9% 82.35% | -
Javed et al. Lexicon data on
(2018) [25] politics
Liang Wu Lexicon | SentiStrength Twitter & | - Twitter | Twitter | Twitter
et al. (2018) SSD (Slang SMS data 77.8% 86.18% | 81.64%
[26] sentiment
dictionary) SMS SMS SMS
78.67% | 81.82% | 80.14%
Senthil Machine | Particle swam Twitter 90% 91.5% 91.7% |91.4%
Murugan learning | optimization + | dataset
Nagarajan genetic algo +
etal. (2018) Decision Tree
[27]
Zhao Machine | Unsupervised Twitter 85.63% | 84.50% | 83.94% | 84.10%
Jianqiang learning | machine dataset
et al. (2017) learning + Deep
[28] Neural N/'W
Global Vector
Deep
Convolution
Neural N/'W
(GLoVe-DCNN)
Saprativa Hybrid Lexicon for Telecom | 71.5% - - -
Bhattacharjee pre-processing | Domain
et al. (2015) + Supervised
[29] machine
learning (Cosine
similarity
measure for
classification)
Tawunrat Hybrid Machine Twitter & | - - - Tweet
Chalothorn learning + SMS data Dataset
et al. (2015) Lexicon —
[30] (Ensemble 86.05%
method) SMS
88.82%

(continued)
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Table 4. (continued)

References Approach | Method Dataset Accuracy | Precision | Recall | F-score
Farhan Machine | Semi-Supervised | Movie 75.22% | - - 75.40%
Hassan Khan | Learning | (Lexicon + Review
etal. (2014) Mutual info Dataset
[11] Random Walk))
Fazal Masud | Lexicon | Detection and Twitter 87% 85.78% | 91.93% | 88.09%
Kundi et al. | based scoring of Dataset
(2014) [31] Internet slang
using
SentiWordNet
Fazal Masud | Lexicon | - Twitter 87% 84.33% | 83% 76.66%
Kundi et al. | based Dataset
(2014) [32]
Neethu M S | Machine | SVM, Naive Twitter 90% 87.5% 93% -
etal. (2013) |learning |bays, Max data of
[33] Entropy, Electronic
Ensemble Products

The sentiment embeddings, along with n-grams and features based on sentiment polarity
scores, constituted a comprehensive collection of sentiment attributes for training and
forecasting sentiment classification labels. Notably, both approaches involved standard-
izing slang by utilizing an Internet slang word dictionary. In a different study, Neethu
etal. [33] presented a machine learning approach for tweet classification, incorporating a
novel feature vector and sentence-level sentiment analysis. They employed various clas-
sifiers such as Support Vector Machine, Naive Bayes, Maximum Entropy, and Ensemble
classifiers, culminating in an ensemble classifier generated through voting rules. Mean-
while, Farhan Hassan Khan et al. [11] presented a semi-supervised approach (Lexicon +
Mutual info Random Walk) and developed a SentiMI dictionary. Their comprehensive
framework involved feature selection and mutual information extraction from SentiMI
for the chosen features, ultimately achieving an accuracy of 75.22%. These diverse
methodologies highlight the versatility and adaptability of machine learning approaches
in handling Informal Language.

Muhammad Javed et al. [25] presented a Hybrid approach, introducing a mechanism
designed to normalize informal tokens. This mechanism comprised four stages: Speech
Tagging, Noise Reduction, Stop Word Removal, stemming, and Lemmatization. Notably,
the study provided explicit definitions for each extracted informal and non-standard term
during the normalization phase, ultimately attaining an accuracy of 82.35%. In a different
approach, Saprativa Bhattacharjee et al. [29] suggested a hybrid method that incorporates
alexicon-driven preprocessing technique for reducing noise and sentiment classification.
This method utilized supervised machine learning and cosine similarity to categorize
the sentiment expressed in user comments on a scale of -2 (very negative) to +2 (very
positive), achieving an accuracy of 71.5%. Noteworthy is the manual handling of slang
in both approaches. Comparing these methods, Muhammad Javed et al. focused on a
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comprehensive normalization mechanism for informal tokens, ensuring precise defini-
tions for each term in the normalization process. Alternatively, Saprativa Bhattacharjee
etal. employed a lexicon-based preprocessing algorithm, combining supervised machine
learning and cosine similarity for sentiment classification. The manual handling of slang
in both methods underscores a shared consideration for addressing informal language
in sentiment analysis.

Hybrid approaches using noise reduction, speech tagging, stemming, and lemma-
tization extract informal terms but have limitations in certain expressions and limited
generalization. The Slang Sentiment Dictionary handles slang expressions but strug-
gles with generalization and lexical resources, while Internet Slang Detection achieves
high accuracy but lacks specific details. The BILSTM-based sentiment analysis achieves
high accuracy but requires significant data and computational resources. Unsupervised
learning, hybrid, ensemble, and semi-supervised approaches improve robustness.

Figure 4 below illustrates the distribution of approaches used based on the work.

Resolving Approch used
Machine learning |G
5
2
2 Lexicon [ INEEEEG—
Q.
Q.
<

Hybrid - |

0 1 2 3 4 5 6

Fig. 4. Previous research works distribution according to the approach used for Handling Informal
Language

3.4 Sarcastic Sentence

Sarcasm or ironic remark that seems to be praising but in reality, it is opposite of what is
said. This type of sentence uses exact opinion words with positive polarity but actually,
it indicates negative polarity. So, the identification of sarcasm is an issue.

Example: Wow! What a phone! It ran out of battery in just 1 h.
In the above example, it is actually a negative opinion about the phone’s battery. So,
finding out the sarcasm in a sentence is a challenging task.

Table 5 below shows the overview of the research conducted in this area.

Monika Bhakun et al. [3] devised a machine learning technique for sarcasm detec-
tion, achieving an accuracy of 93%. This method focuses on feature creation. In contrast,
Jyoti Godara et al. [34] proposed a technique utilizing an SVM classifier combined with
K-mean clustering and PCA, also attaining a 93% accuracy rate. Their approach empha-
sizes feature extraction and reduction. Karthik Sundararajan et al. [35] introduced an
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Table 5. Summary of previous research work for Sarcastic Sentence

References | Approach | Method Dataset Accuracy | Precision | Recall | F-score
Monika Machine | SVM Twitter Dataset | 93% - - -
Bhakun et al. | Learning
(2022) [3]
Jyoti Godara | Machine | SVM with Principal | Twitter Dataset | 93.49% | 61% 93%
etal. (2021) | Learning | Component
[34] Analysis (PCA) and

K means clustering
Karthik Machine | An ensemble-based | Twitter Dataset | 92.7% - - -
Sundararajan | Learning | feature selection
et al. (2020) method
[35]
LuRen et al. | Machine | CNN Multi-level Internet - 66.86% | 70.93% | 67.67%
(2020) [36] | Learning | Memory Network argument

based on Sentiment | corpus(IAC-V1)

I Internet 75% 71.05% | 74.20%

(MMNSS) argument

corpus(IAC-V2)
Twitter 85.76% | 89.24% | 87.13%

Sudarshan S. | Machine | Term Twitter Dataset | 93.54% | 93.84% |- -
Sonawane learning | co-occurrence-based
et al. (2020) sarcasm detection
[37]
Rahul Gupta | Machine | TF-IDF feature Twitter Dataset | 83.53% | - - -
etal. (2020) |learning | extraction with
[38] voting classifier
Avinash Hybrid Machine learning + | Twitter Dataset | 77.99% | - - -
Chandra Lexicon based
Pandey et al. (Meta heuristic
(2017) [39] approach based on

K means and cuckoo

search (CSK))
S K Bharti Hybrid Hadoop based Twitter Dataset | - 97% 98% 97%
etal. (2015) framework with 3
[40] algorithms
Mondher Machine | Random Forest with | Twitter Dataset | 83.1% 91.1% 73.4% | 81.3%
Bouazizi learning | cross-validation

etal. (2015)
[41]

ensemble-based feature selection method for sarcasm detection, yielding a notable accu-
racy of 92.7%. Additionally, they applied a multi-rule-based method to identify different
sarcasm. In a similar vein, Lu Ren et al. [36] developed a multi-level memory network
incorporating sentiment semantics for capturing the expression of sarcastic features.
This two-tiered network involves a first-level network for sentiment and a second-level
network for contrast, enhanced further by an improved convolutional neural network.
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Sudarshan S. Sonawane et al. [37] presented a method that included extraction of fea-
tures and selection of optimal feature through term co-occurrence analysis, achieving
an accuracy of 93.54%. On a different note, Rahul Gupta et al. [38] utilized 200 top
TF-IDF features, sentiment analysis, and punctuation to identify sarcastic content in
tweets, obtaining 83.53% accuracy through a voting classifier. Meanwhile, Mondher
Bouazizi et al. [41] employed part-of-speech tags for extracting four sets of features,
covering various sarcasm types, and achieved an 83.1% accuracy in classifying tweets
as sarcastic or non-sarcastic. Comparing these approaches, it is evident that diverse
methodologies such as feature creation, extraction, reduction, ensemble-based feature
selection, and multi-level memory networks have been employed to address sarcasm
detection. The achieved accuracies vary slightly, showcasing the effectiveness of each
method in capturing the nuances of sarcastic expression in textual data.

Pandey et al. [39] presented an innovative metaheuristic method called CSK, incorpo-
rating feature extraction through K-means and cuckoo search techniques. This approach
resulted in an accuracy of 77.99%. On a different note, S K Bharti et al. [40] devised a
Hadoop framework utilizing natural language processing (NLP) methods for the imme-
diate identification of sarcasm in tweets. Their method involves parts-of-speech (POS)
tagging, parsing, and text mining. Comparing these approaches underscores the diver-
sity of techniques employed in sarcasm detection, with each method addressing the
challenges through distinct methodologies.

Approaches to sarcasm detection vary in complexities, accuracies, and feature extrac-
tion methods. Recent techniques use advanced machine learning and neural networks,
while simpler methods like TF-IDF may still be effective.

Figure 5 below illustrates the distribution of approaches used based on the work.

Resolving Approach used

Machine Learning
Hybrid — m—

Approach

0 2 4 6 8
Count of Approach

Fig. 5. Previous research works distribution according to the approach used for Sarcastic Sentence

3.5 Fake Review Analysis

With the increasing use of the internet, a bunch of opinions are available and among

them, many would be fake or spam. Detection of such reviews is a challenging task.
Table 6 below shows the overview of the research conducted in this area.
Kauffmanna et al. [42] introduced the FRDF modular framework, employing Natural

Language Processing (NLP) to identify fake reviews, yielding an impressive accuracy
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Table 6. Summary of previous research work for Fake Review Analysis

References | Approach | Method Dataset Accuracy Precision | Recall | F-score
Syed Machine | Random Amazon 89.48% 85.57% | 94.38% | 89.76%
Mohammed | learning | Forest academic review
Anas et al.
(2021) [4]
Erick Lexicon | Corpus Amazon Product | 85.53% - 89.19% | 87.32%
Kauffmanna based Database
etal. (2019) Fake
[42] Review

Detection

Framework

(FRDF)
Lakshmi Machine | Decision Hotel Review 98.75% - - -
Hollaet al. |learning | Tree Dataset
(2019) [43]
Rohit Machine | Logistic Public dataset for | 86.25% 90% 83.72% | 86.72%
Narayan learning | regression | spam detection
etal. (2018)
[44]
Elshrif Machine | SVM Movie Review Dataset1-76% Datasetl- | - -
Elmurngi learning Dataset 81.1%
etal. (2018) Datsset2-81.35% | Dataset2-
[431 74.9%
Xiaolong Machine | Naive Restaurant review | 74% - - -
Dengetal. |learning | Bayes dataset
(2014) [46]
Qingxi Lexicon | Shallow Review from Dataset1-85.7% | - - -
Peng et al. dependency | resellerrating.com |y, <00 86 39,
(2014) [47] parser

Dataset3-82.6%
Dataset4—84.5%

of 85.53%. In contrast, Qingxi Peng et al. [47] developed a method for spam review
detection and calculating scores of sentiments using a shallow dependency parser. Their
approach incorporates distinguishing rules to pinpoint unexpected patterns within prod-
uct reviews, coupled with a time series analysis method that exhibits high accuracy rates.
Notably, Peng et al. ‘s methodology involves a considerable manual workload. However,
it’s worth noting that their method involves a significant manual effort, which could be
a potential drawback in terms of scalability and efficiency.

Syed Mohammed Anas et al. [41] employed Feature Extraction and the Random For-
est Method to develop a model, yielding an accuracy of 89.48%. In contrast, Lakshmi
Holla et al. [43] utilized domain words and the Latent Dirichlet Allocation topic model
to identify fake product reviews, achieving an impressive accuracy of 98.75%. Their
approach involved extracting domain features from product reviews and emphasizing
limited review-centric features. Rohit Narayan et al. [44] adopted a supervised learn-
ing technique, incorporating LIWC, POS, and n-gram features. Their model achieved
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86.25% accuracy using a logistic regression classifier. Elshrif Elmurngi et al. [45] devel-
oped a method focusing on attribute and feature selection, attaining accuracy rates of
76% and 81.35% on two datasets, respectively. Notably, their approach demonstrated
the highest accuracy in both text classification and fake review detection. Finally, Xiao-
long Deng et al. [46] presented a method for identifying hype-induced fake reviews with
around 74% accuracy, utilizing sentiment and multi-dimensional subject word libraries
on restaurant reviews.

Feature extraction and Random Forest methods effectively identify information in
large datasets, but feature choice affects performance. Domain-specific words and LDA
capture specialized language patterns but require computational resources. LIWC and
POS features offer linguistic insights, but manual features limit their effectiveness. Sen-
sitivity and multi-dimensional subject word libraries detect fake reviews, but accuracy
may be limited.

Figure 6 below illustrates the distribution of approaches used based on the work.

Resolving Approach used

Lexicon N
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Machine Learning

feren

[3) 0 2 4 6
Count of Approach

R

Fig. 6. Previous research works distribution according to the approach used for Fake Review
Analysis

3.6 Use of Emoticons

Nowadays nonverbal cues are important to express their views. The increasing use of
emoticons in review is a challenging task to mine accurate opinions.

Table 7 below shows the overview of the research conducted in this area.

Mohammad Aman Ullah et al. [49] developed deep learning algorithms, specifically
Convolutional Neural Network (CNN) and Long Short-Term Memory (LSTM) applied
to analyzing Twitter sentiments. The features considered in their approach included Bag
of Words, TF-IDF, N-gram, and emoticon lexicons. Remarkably, the LSTM model exhib-
ited an impressive accuracy of 89%. Benkhelifa et al. [5S0] focused on opinion extraction
and classification within the context of YouTube cooking recipe comments. Their SVM-
based system achieved a remarkable 95.3% accuracy by incorporating considerations for
injections and emoticons. Addressing the challenge of classifiers performing inconsis-
tently across different topics, K Lavanya et al. [53] introduced a Topic Adaptive Training
method utilizing SVM. Despite achieving a comparatively lower accuracy of 70%, their
approach sought to enhance performance across diverse subject matters. Deshwal et al.
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Table 7. Summary of previous research work for the Use of Emoticons
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References Approach | Method Dataset Accuracy Precision | Recall | F-score
Maria Lucia Hybrid Machine Comments | SentiTEXT-93% | - - -
Barron Estrada Learning from EduSERE-84%
et al. (2020) [48] algorithm + Educational
Corpus based | platform
approach
Mohammad Machine | Deep Learning | Twitter 89% 85% 89% 86%
Aman Ullah et al. | learning | (Long Dataset on
(2020) [49] short-term airline
memory)
Randa Benkhelifa | Machine | SVM Cooking F1 83.5% 83.5% 83.5% | 83.5%
etal. (2018) [50] | learning recipe F295.3% 95.3% 95.3% | 95.3%
comments
from
Youtube
Rathan M et al. Hybrid Lexicon + Twitter OnePlus5-74.31% | - - -
(2017) [51] Machine Dataset Samsung
learning $8-86.01%
Avinash Chandra | Hybrid Machine 77.99% - - -
Pandey et al. learning +
(2017) [52] Lexicon (Meta
heuristic
method)
K Lavanya etal. | Machine | SVM with Twitter 70% 96% 83% 88%
(2017) [53] learning | PMI-IR Dataset
technique
Ajay Deshwal Machine | Discriminative | Twitter - 77.6% 787% | 76.9%
etal. (2016) [54] | learning | Multinomial Dataset
naive Bayes
B. M. Bandgar Machine | Unsupervised | Twitter 717.22% - - -
etal. (2016) learning | technique Dataset
[55]
Ana Carolina E.S. | Hybrid Machine 80% - - -
Lima et al. (2015) learning +
[56] Lexicon
A. Montejo- Machine | Non Twitter - 62.59% | 62.07% | 62.33%
R’aez et al. learning | supervised Dataset
(2014) [57] (SentiWordNet
+ random
walk analysis)
Nadia FF. da Hybrid Lexicon + Twitter 80.02% - - -
Silva et al. (2014) Ensemble Dataset
[58] (Logistic from
Regression + | multiple
Random Domain
Forest +
Multinomial
NB) based

approach
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[54] explored feature extraction techniques and supervised classification algorithms to
analyze emoticons. They identified the discriminative multinomial naive Bayes as a
promising algorithm for this task. Taking an unsupervised approach, B. M. Bandgar
et al. [55] utilized the SWNC algorithm for classification, achieving an accuracy of
77.22%. In contrast, A. Montejo-Réez et al. [57] presented an innovative approach for
classifying the sentiment polarity of Twitter posts. Their approach leveraged weighted
nodes from WordNet graphs, incorporating non-supervised, domain-independent solu-
tions. This method combined SentiWordNet scores with a random walk analysis of text
concepts over a WordNet graph. In comparing these methods, it is evident that the choice
of algorithms and features plays a crucial role in sentiment analysis. While deep learn-
ing models like LSTM demonstrate high accuracy, SVM-based systems, particularly in
specialized domains like cooking recipes on YouTube, can outperform with careful con-
sideration of specific linguistic elements. Additionally, unsupervised approaches, such
as those incorporating WordNet graphs, showcase alternative strategies for sentiment
analysis that may offer valuable insights in specific contexts.

Maria Lucia Barron Estrada et al. [48] introduced a hybrid technique combining
an Evolutionary model and a corpus-based approach to effectively handle emoticons.
The proposed method yielded notable accuracies of 93% and 84% for SentiTEXT and
EduSERE, respectively. Rathan M et al. [51] presented a Lexicon-based model featur-
ing an SVM classifier capable of handling both Emojis and Emoticons. This approach
offers a specialized focus on linguistic elements and achieves competitive results in
sentiment analysis. Pandey et al. [52] creatively presented a new metaheuristic method
called CSK, which combines K-means and cuckoo search techniques. By modifying
random initialization and incorporating Feature Extraction, this approach significantly
improved performance and accuracy in sentiment analysis, Ana Carolina E.S. Lima et al.
[56] devised a Polarity Analysis Framework that seamlessly combined lexicon-based
and machine learning approaches. This hybrid approach demonstrated a commendable
80% accuracy. Nadia F.F. da Silva et al. [58] suggested a hybrid method that combined
Lexicon and Classifier Ensemble techniques. Their focus on feature hashing for tweet
sentiment analysis and the utilization of bag-of-words contributed to achieving a bal-
anced accuracy in sentiment classification. Comparatively, these methods showcase the
diverse strategies employed in identifying sentences with emojis. While some opt for
hybrid techniques, integrating evolutionary models and corpus-based approaches, oth-
ers focus on specialized models like Lexicon-based methods with SVM classifiers. The
incorporation of metaheuristic methods, such as CSK, highlights the innovative ways
researchers are enhancing sentiment analysis through modifications in random initial-
ization and feature extraction. Overall, the integration of lexicon-based methods and
machine learning, as demonstrated in the Polarity Analysis Framework, stands out as a
robust strategy for achieving high accuracy in sentiment classification.

Figure 7 below illustrates the distribution of approaches used based on the work.
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Fig. 7. Previous research works distribution according to the approach used for Use of Emoticons

4 Conclusion

Opinion mining, an evolving domain, endeavours to distil insights from vast datasets
encompassing consumer comments, feedback, and reviews spanning diverse subjects.
This realm leverages a spectrum of technologies to decipher sentiments and perspectives
on various entities, be it products, topics, or individual opinions. However, amid the per-
vasive use of applications, opinion mining confronts a spectrum of research challenges.
This paper unfolds with Sect. 1 furnishing an introduction to Opinion Mining. Section 2
delves into the nuances of opinion mining, dissecting sentiment analysis and opinion
depiction. Building on this foundation, Sect. 3 provides a comprehensive exploration of
the primary challenges encountered in Opinion Mining and Sentiment Analysis. Addi-
tionally, the section elucidates recent techniques deployed to surmount these challenges,
accompanied by an assessment of their performance metrics. The discussion is enriched
with real-world examples to illuminate the intricacies. This systematic survey paper
aims to be useful resource for both veteran researchers as well as newcomers in the
ever-evolving field of Sentiment Analysis and Opinion Mining.
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Abstract. The household power consumption forecasting and anomaly detection
model presented in this work focused mostly on advanced machine learning tech-
niques, such as Long Short-Term Memory (LSTM) for forecasting and Isolation
Forest for anomaly identification. The primary goal is to optimize energy man-
agement by providing accurate insights into power consumption and proactively
identifying irregularities in power consumption patterns. This work unfolds in sev-
eral key phases, encompassing preprocessing, data exploration, model construc-
tion, testing, and analysis. In the initial phase, the dataset is thoroughly examined,
revealing time-stamped power consumption data that serves as the basis for sub-
sequent time series analysis. The existing landscape is identified as lacking robust
forecasting and anomaly detection systems, prompting the adoption of advanced
techniques to overcome conventional limitations. The proposed system introduces
the LSTM model and the isolation forest to enhance forecasting accuracy and
anomaly detection, respectively. This choice is driven by LSTM’s ability to cap-
ture temporal dependencies with an RMSE value of 0.0799, making it well-suited
for analyzing power consumption patterns. The advantages of the proposed sys-
tem include improved forecasting accuracy, with 4.99% of identified anomalies,
and adaptability to dynamic changes in power consumption behavior. It is stated
that the candidate model gave successful results. The model can also respond to
the power consumption variations of a dynamic nature, which makes it applicable
in actual environment.

Keywords: Long Short-Term Memory (LSTM) - Isolation Forest - Household
power consumption - Anomaly Detection

1 Introduction

In rising electricity demand is symptomatic of the changing landscape where there
are greater demands on power infrastructure. In the midst of growing demand electro-
magnetic power for individual house-holds, a prediction model is becoming more and
more necessary because it predicts impending power consumption assisting society in
advance. Anomaly detection techniques can also be applied to identify abnormalities in
the supply pattern that result from inaccurate metering and energy stealing. This is to
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ensure the integrity and reliability of power management systems can be maintained.
The solution for the above problems is a forecasting and anomaly detection model. It
is indeed a dual mission to forecast and detect power utility anomalies as energy con-
sumption can be very random. While using the advanced machine learning models like
Isolation Forest [2] for anomaly detection and Long Short-Term Memory (LSTM) [1]
for prediction, this work attempts to address these areas of improvement where they were
found in gaps from previous literatures mainly focusing on how series forecasting based
solutions can be implemented effectively within a power ecosystem context enabling bet-
ter accurate forecasts aiding various planning functions & resource allocation whereas
simultaneously helping with an edge over improving anomaly rate detections elevat-
ing mechanisms against required instances which might lead to illegal consumption or
similar irregularities.

This paper focuses on the proposal of a single, substantial solution that unifies two
tasks, power consumption forecasting and anomaly detection, employing the power of
both LSTM and Isolation Forest. Therefore, this model has a better capacity for capturing
temporal patterns in the consumption of power, unlike the usual models such as ARIMA.
This presents an advanced approach toward identifying anomalies in the system that may
be attributed to unfavourable factors, such as faulty metering or energy theft, and is also a
real-time adaptive system that can provide dynamic energy management in households.
This model makes it more feasible for a small energy distribution system to raise its
integrity and efficiency through much more accurate end forecasted distribution and
through the detection of irregular consumption patterns. Moreover, the merging of time-
series forecasting with anomaly detection not only closes gaps within prior research but
also provides practical applicability for improving energy consumption monitoring in
modern households.

2 Literature Survey

Global Electricity Demand 2022 is expected to reach roughly 24,398 TWh, according to
[3], with growth of barely 3.8% compared to the year-over-year trend that at the time was
ever-falling. However, another significant area of research on buildings, businesses, and
other electric assets has been studying the usage of power. Such anomalies may occur
due to energy theft, metering defects, cyberattacks, and technical losses [4]. Several
researchers have used a variety of time series forecasting techniques, including the
Autoregressive Integrated Moving Average (ARIMA) model [5, 6], Gradient Boosting
Machines (GBM) model [7, 8], Facebook’s Prophet [9] model and hybrid models [ 10—13]
for such application.

However, LSTM [1] has garnered a lot of interest for real-time applications, particu-
larly in the domains of machine learning (ML) and artificial intelligence (AI). One type
of model used to address time series-based predictions, including those pertaining to
natural events, is the recurrent neural network (RNN). Online safety a plethora of other
topics [24-28], financial market research [14-18, 21-23], and [19-21]. Unlike ARIMA
or Prophet, the LSTM model does not depend on specific data assumptions, such as the
presence of a date field or the stationary nature of the time series.
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The proposed work endeavors to forecast the electricity consumption demand using
LSTM model, and to detect anomaly, the LSTM with Isolation Forest [2, 29] has been
applied. Various works have been presented in the area.

Qin [30] has conducted an expanding experimental visual analysis of the data. The
experiment contrasts the impact of linear regression models and neural networks on sev-
eral variables. Building level energy load forecasting using LSTM-based neural networks
was examined by Marino et al. [31] for efficacy. Several machine learning techniques
have been compared by Bonetto & Rossi [32] in terms of forecasting error and error
variance. Three popular machine learning techniques—Support Vector Machine (SVM),
Random Forest (RF), and Long Short-Term Memory)—are covered by the author Guo
et al. [33] in their discussion of load forecasting. The features of all these three methods
are evaluated and compared. The research obtained for each method is listed in Table 1.
Wang et al. [34] gone in-depth into the use of Al for smart energy usage. Anomaly
detection, demand response, and load forecasting were given particular attention. The
paper excels in its comprehensive coverage, carefully analyzing different Al methods
and highlighting promising trends like deep learning for future advancements. Overall,
this review is a significant contribution to the field of Al-powered smart energy manage-
ment. Its insightful analysis, focus on practical applications, and recognition of future
directions make it a valuable resource for improving energy efficiency and grid stability
through the power of Al

Table 1. Summary of results of paper [33].

SVM RF LSTM
RMSE 106.23 39.33 20.23
MAPE 0.23 0.036 0.053
MAE 95.71 36.45 15.18

The isolation forest algorithm helps in finding out the data points in large number of
inconsistent data. The work proposed in the paper [35] compared the isolation forest and
variational auto encoder algorithm in the context of anomaly detection of water usage
electricity and gas consumption in hotels. According to this proposed work the isolation
forest gives better performance in identifying anomaly with an average result of 0.89.
The work focuses on custom performance metric designed for evaluating the anomaly
detection algorithm in supervised time series data.

The paper [36] proposes a new method for predicting power usage with the LSTM
model for detecting anomalies in power consumption data. The study compared the
LSTM model with the ARIMA algorithm and provides insights into the effectiveness of
the anomaly detection approach in identifying abnormal behaviors in usage of electricity.
The outcomes demonstrate that the LSTM model outperforms the ARIMA algorithm.
With predicting error reduces to 22%.

The authors additionally show a technique for anomaly detection the use of the
LSTM. This suggested method is also contrasted with the ARIMA version within the
paper. The authors pass into the detection method’s realistic applications, including
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editing parameters to become aware of anomalies and enlisting the assist of issue count
professionals to study anomaly styles that remain unidentified. It ends by recognizing that
extra algorithm tuning is needed to improve forecast and anomaly detection precision.

2.1 Limitation of the Existing System

The present management approach’s inability to accurately predict and detect abnormal-
ities in household power consumption is one of its main problems. Using oversimplified
simulations to illustrate the flaws in our current structure is a poor way to substantiate
the claim that congestion would worsen.

These models, despite being widely used, are unable to adjust to the intricate and
highly variable patterns of electricity usage in residential homes.

This is evident from the fact that current systems are unable to accurately predict
energy use over time, are slow to detect anomalies, and typically only provide reports
rather than informing real-time actions or load variations. The fact that the basic models
used overlook complex interdependencies and fundamental causes of residential power
usage should not be shocking. The projections now provide poor information regarding
patterns of energy use and are no longer accurate.

Moreover, these models are non-adaptive making them less useful in modern house-
holds where energy consumption behavior is changing and new devices to power that
can make usage prediction more complex. The other disadvantages with respect to this
system last is its poor capability in detecting deviations in power consumption. Many
of the traditional methods are not sensitive enough to adequately detect when things go
wrong, so problems can sometimes slip under the radar. This calls for a more versatile
and flexible approach as these threaten the reliability of energy system operation.

3 Proposed System

Our proposed work based on the LSTM network with 50 units are used with other training
parameters. The LSTM architecture is more sophisticated and tuned, which leads to better
performance, according to details. The model trained for 100 epochs using the Adam
optimizer and Early Stop-ping approach. An LSTM configuration model intended to
forecast household power usage is depicted in Fig. 1.

Input Power Consumption Data This is the historical data of power consumption from
households. It serves as the input for the LSTM unit.

Forget Gate 1t determines which data from the previous cell state need to be ignored.
To decide what should be kept or discarded from the condition of the cell, it also looks
at the current input to the prior concealed state (h(t-1)). It produces an output that varies
from O to 1, where 1 denotes total discard and O implies total keeping.

Input Gate By adding fresh data, this gate modifies the cell state. It first determines
which values to update using a sigmoid function and then generates a new candidate
vector, which could potentially be added to the state.
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Activation Function (Sigmoid) The sigmoid activation function is employed in both the
forget and input gates. It controls the flow of information by assigning values between
0 and 1, influencing what information is allowed through.

Memory Cell This component acts as the storage unit and keeps track of information over
time. It processes the input data by discarding unnecessary information and integrating
new candidate values based on their relevance.

Tanh The tanh function creates a vector of fresh potential values that are included in
the state of the memory cell. It guarantees that the numbers are appropriately scaled
between -1 and 1.

Output Gate By combining the current input with data from the prior concealed state,
this gate determines the next hidden state. After being normalized by the tanh function,
the hidden state that results are multiplied by the sigmoid gate output to determine
whether pertinent data should be output.

Hidden State (h(t-1)) This shows how LSTM model is right now. It affects the model’s
output and is updated in accordance with the input and the prior hidden state.

Fig. 1. LSTM configuration model

In isolation forest method we aimed in improving the efficiency and reliability of
identifying unusual patterns in power usage data. This will greatly contribute to the
progress of the area of study as there are few research exist in this domain.

In this work, the problem of forecasting and anomaly detection focus on improving
the reliability of an energy management system. The temporal dependencies in historical
data are first modeled by an LSTM network in order to forecast future power consumption
and provide an expected pattern of behavior. The forecast then acts as some kind of
baseline for identifying significant deviations in real-time data, which are detected as
anomalies by the Isolation Forest algorithm. This combination works well since the
LSTM model will predict normal energy consumption and the Isolation Forest will
identify the outlier data points away from the predicted values. Recent studies enhance
this combination of forecasting with anomaly detection. Utilizing forecasting models
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like LSTM in combination with anomaly detection models, improves both the prediction
accuracy as well as the anomaly identification [40, 43].

3.1 Data Sources and Preparation

The dataset utilized in this project is sourced from the UCI Machine Learning Repository
[37]. The dataset consists of 2,075,259 rows and 9 columns, each containing timestamped
power consumption data. The timestamp information is divided into date (dd/mm/yyyy)
and time (hh:mm:ss), establishing a temporal structure that suits time series analysis.
This temporal aspect enables us to explore patterns and trends in household power con-
sumption over specific intervals, providing valuable insights into consumption behavior.
Data has the following attributes (Fig. 2).

Fig. 2. Sample data

e Date: recorded using the format dd/mm/yyyy.
Time: recorded in hh:mm:ss time zone.
Global Active Power: represents the minute-averaged global active power of a home
(in kW).

e Global Reactive Power: represents the global minute-averaged reactive power of a

home (in kW).

Voltage: shows the voltage (in volts) averaged over a minute.

Global Intensity: represents the minute-averaged global household current intensity
(in amperes).

e Sub-metering I: represents energy sub-metering number one (in active energy watt-
hour). This refers to the kitchen, which houses gas-powered hot plates but not ovens,
microwaves, or dishwashers.

e Sub-metering 2: watt-hours of active energy are measured in the second energy sub-
metering capture. This is the laundry area, which has a refrigerator, freezer, dryer,
and washing machine.

e Sub-metering 3: stands for the third energy sub-metering (watt-hour of active energy).
This is the same as having both an electric water heater and an air conditioner.
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Data Cleaning and Preprocessing

Handling Missing Values: To ensure the integrity of our analysis, a meticulous data
cleaning process was undertaken. This involved addressing missing values and convert-
ing relevant columns to their appropriate data types. This dataset consisted 1.3% of null
from each column values which are filled with forward filling data cleaning technique,
which helps in replacing the missing or null values with the previously recorded values.
The Fig. 3 bar graph shows the missing values from each column.

Data Normalization Data Normalization is a crucial phase in machine learning. It helps
to make sure that all the input features are on the same scale. This is done by using a
technique called Min-Max scaling, which is implemented using MinMaxScaler from
scikit-learn [38] [39].

; x — min(x) 0

max(x) — min(x)

where x’ represents normalized value and x represents original value. The data is
essentially normalized by scaling the numerical features to a range between 0 and 1.

Temporal Aggregation If the dataset had time-related information that was recorded
more frequently (like every hour), we used temporal aggregation to change the data into
lower frequencies (like daily or weekly). We did this by using the resample function,
which helped us group the data into the desired time intervals (like days or weeks) and
then perform aggregation operations (like summing) on those intervals.

Feature Selection To make sure our model is accurate, we carefully chose the most
important features using our knowledge of the subject and by analyzing the data. We
wanted to find the features that would give us the best insights and help us understand
the patterns and connections in the data.

The set of plots in Fig. 4 shows the variations of values in each column with respect
to the timeline. The timeline (dates) is represented by the x-axis, and each subplot
represents a distinct feature. By these plots we can understand the trends, patterns, and
fluctuations in each feature throughout the given time.

Furthermore, the correlation matrix in Fig. 5 illustrates the degree of association
between specific numerical variables in the dataset. One variable tends to grow as the
other tends to drop when the values around -1 indicate a strong negative correlation,
values around 0 show a weak or no association, and values around 1 suggest a strong
positive correlation (one variable tends to increase as the other tends to decrease).

Fig 6 Scatter plot is for bivariate analysis, allowing us to explore the relationships
between different features, such as global active power and global reactive power. By
using scatter plots, we could easily identify any linear or nonlinear correlations between
variables, which helped us understand the underlying dynamics of power consumption.
The set of plots in Fig. 7 displays the average power consumption patterns for different
areas such kitchen, laundry room, appliances on each day of the week. By looking at
these plots, one can understand how the power consumption varies throughout the week
for each specific area, helping to identify any noticeable trends or differences based on
weekdays.
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Fig. 3. Missing values of the columns

Fig. 4. Feature plots for each column
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Fig. 5. Correlation Matrix

Fig. 6. Scatter Plot

3.2 Model Building and Evaluation

Model building is essential in assessing the forecasting capacity and reliability of an
LSTM model for time series data. The effectiveness of the LSTM model is evaluated
using performance metrics such as Mean Squared Error (MSE), Root Mean Squared
Error (RMSE) and Mean Absolute Error (MAE). These metrics give us an indication
about how exact the forecasting produced by the LSTM model is, and also show much
error is there when compared to original values derived from time series data. Depending
on the project, we can check its performance with additional domain specific measures
like classification accuracy or forecast accuracy for classification tasks.
Below are the main measures used along with corresponding.

Precision (P) Precision enables us understand the model accuracy in generating fine
forecasts. The percentage of real superb predictions among all wonderful forecasts is
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Fig. 7. Feature Plot

calculated using the method below:

TP
P=—— ()
TP + FP
where True Positives are the quantity of anomalies that are correctly predicted, and

False Positives are the quantity of normal occurrences that are incorrectly classified as
anomalies.

Recall (R) Tt a data point that displays the proportion of correct positive predictions to
all true positive events in the dataset. To calculate it, we can utilize the formula below:
TP
R= ——— 3)
TP + FN

where False Negatives are the quantity of anomalies that are mistakenly identified as
typical occurrences.
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F1-Score It ametric that evaluates a model’s performance by taking precision and recall
into account.
P xR

Fl=
P+R

4)

Mean Squared Error (MSE) 1t is a metric used in regression tasks that computes the
average squared difference between the values that are predicted and those that are actual.
By quantifying the mistake, it aims in the understanding of how accurate the forecasts
are. The below is the formula used.

1 n
MSE = + ; (Y1 — Y2)? (5)

where Y; is the actual value of the target variable and Y2 denotes the predicted value,
where n is the total number of samples.

Root Mean Squared Error (RMSE) The average error size between expected and
observed data is computed using this method. Determine the Mean Squared Error square
root (MSE) in order to calculate it. The below formula is used to calculate value RMSE:

RMSE = p(MSE) (6)

These evaluation metrices evaluates the model prediction ability and assist in pin-
pointing areas for model training and optimization improvement. We can make informed
decisions about the use and future development of these models by analyzing these
metrics and learning about the advantages and disadvantages of each one.

4 Result and Discussion
In the configurations shown in Tables 2 and 3, the task has been finished. Particularly
addressed in the first table is the utilization of hardware, including an Intel Core i3

processor, 8 GB of RAM, a 256 GB SSD for storage, and a GPU for graphics processing.
The software requirements are shown in Table 2:

Table 2. Hardware Requirements.

Processor Intel Core i3
RAM 8 GB
Storage 256 SSD
Graphics GPU

The LSTM [1] model has confirmed quality outcomes based on testing and training
implications. In the long run, the version achieves a training loss of 0.0086, effectively
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Table 3. Software Requirement

Operating System Windows 11

Python Environment | Anaconda distribution with Python

Libraries scikit-learn, pandas, NumPy, Matplotlib, seaborn, TensorFlow, Dense,
Isolation
IDE Jupyter Notebook

decreasing its loss with each iteration after 100 epochs. This demonstrates how accurate
the model is at identifying and predicting past styles. The models low Root mean Squared
errors (RMSE) 0.1899 for the training set and 0.0799 for the testing set and showed its
effectiveness. These findings demonstrate the predictive capacity of the LSTM model,
which makes it a valuable tool for various applications such as energy consumption
research, economic forecasting, and climate forecasting.

Fig. 8. Prediction on Train set

The isolation forest [2] for anomaly detection indicates exceptional accuracy in
identifying normal and abnormal times within the dataset. The model demonstrates
its ability to detect anomalies with flawless accuracy, power and depend-ability in its
anomaly detection duties, with an F1-score of 1.0. This shows that the model correctly
classified all regular statistics points and recognized all 258 anomalies. Additionally, the
model no longer produced any incorrect results or failed to detect any abnormalities,
and the overall performance of anomaly detection models was much better.

Confusion matrix in Fig. 10 is a clear indicator of the model’s performance, as it
minimizes false positives and false negatives while effectively differentiating between
real positives and true negatives. in addition to the analysis of the anomaly distribu-
tion shows that anomalies make up 4.99% of the dataset, highlighting the importance
of accurate detection methods in spotting irregularities and reducing risks. The perfor-
mance of the anomaly detection model emphasizes its significance as a powerful tool
for proactive risk management and decision-making in a number of fields, including
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Fig. 9. Prediction on Test Set

Fig. 10. Confusion Matrix

fraud detection, predictive maintenance, and cybersecurity. Figure 8 shows the actual
train set vs predicted train set, and Fig. 9 shows the actual vs predicted test set. Figure 11
shows the detected Anomalies in the power consumption. At times, the blue lines appear
higher than the red dots. This indicates that the algorithm may have picked up a few false
positives, or instances of data being mistakenly classified as anomalies. In conclusion,
the figure indicates that the Isolation Forest algorithm performs best when it comes to
anomaly identification.
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Fig. 11. Identified Anomalies

4.1 Conclusion

In this work, the prediction of household energy use using LSTM (Long Short-Term
Memory) models and the identification of anomalous power consumption using Isolation
Forest were examined. First, we cleaned up the data for completing any gaps in the data,
modifying and organizing the data. Then, in order to visualize the data and comprehend
power use patterns and to understand the data we have created different plots, LSTM
model was selected because to its ability to identify patterns in data. We trained the
LSTM model on both training and testing data and evaluated its performance using
metrics such as Root Mean Squared Error (RMSE). Additionally, the anomaly detection
model is built using Isolation Forest. We evaluated the accuracy, recall, and F1-score
of this system to see how well it performed. The findings demonstrate that the model
performs well in estimating power consumption and that the approach for identifying
unusual patterns is also effective. The indication of this is that the power consumption
predicting and anomaly detection in power systems could be benefitted. Anyone may
input the essential features and obtain an accurate energy usage forecast by using this.
Because of this, the model is now simpler to use and can be a useful tool for anyone
trying to manage their energy use more effectively.
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Abstract. Sending information to the proper destination in a hidden way to the
receiver is called “steganography.” This is a way or practice of securing informa-
tion from the outside world. By doing so, we can hide information within a video
file, or it can be an image or a text file . Three well-known steganographic meth-
ods are examined in-depth in this review paper: Edge-Based Encoding (EBE),
Pixel Value Differencing (PVD), and Least Significant Bit (LSB) embedding. In
terms of data embedding capacity, imperceptibility, and robustness, this article
compares and contrasts the performance of LSB, PVD, and EBE, highlighting the
advantages and disadvantages of each technique.

Keywords: Stenography - LSB - PVD - EBE - Steganographic Image

1 Introduction

In ancient times, data could be sent or exchanged physically. But with day-to-day
progress or improvement of technology, we can send data from one place to another
in a shorter time. Vice-verse data can be stolen for many notorious purposes. In today’s
world, security is a major concern that affects every aspect of our lives. It can be data
or information, as it is part of our lives, so researchers are focusing on building secure
techniques to send data without revealing original information to hackers.

With the advancement of science and technology in this digitalized world, we can
easily access information through voice, video recording, pictures, or text messages.
There are numerous methods there also for data hacking, like “phishing or hacking,
MIM, malware, and so on. So, a few ways to pass on data in a secure way from sender
to ethical receiver are cryptography and steganography.

In this digital age, malicious threats attack every area, like government, private, and
so on. Everyone is seeking data security. So forth, these stenography and cryptogra-
phy techniques have a big impact on these things. The data encryption technique is a
big revolution in these scenarios. Here the concept comes from “carrier image” and
“steganographic image”.

We can hide data or payload in a carrier image, also known as a cover image, so that
normal human eyes cannot detect it. No suspicious data was detected when we embed-
ded information in the image, and the Steganographic image is the result of embedded
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information in the carrier image. Here, we explore the concept of steganography, a tech-
nology that originated a millennium ago and found application in tattoos and invisible
ink. Basically, it’s a process of hiding a message in another object. Steganography means
hiding data in a cover image. Examples of different types of stenography techniques are
invisible ink, microdots, and digital signatures.

Basic Model of Steganography
M = Message.

C = Cover object

S = Stegano object

S=f(C.M) (D

where f is a function to represents the embedding process of steganographic.

We use an encrypted format for hiding data, but it is easily detected as suspicious, as
anyone can understand that there is something hidden. So for not being eye-catching for
attackers, the concept comes from stenography. There are two domains in stenography:
the spatial domain and the frequency domain. In the spatial domain, bits are directly
modified in the cover image using LSB techniques, PVD techniques, and the EBE
technique, which we will be using. Another domain is called the transform domain,
where you modify the coefficient of the cover image. If I talk about coefficient techniques
like DCT, DWT, and DFT [6].

Secret messages or hiding data in an image can be possible using stenography tech-
niques that normally use masking data in the cover image. Through the scientific tech-
nique of steganalysis, we get data that is hidden through stenography. Not only in images
but also in video and text, we can hide data through steganography. Steganography can
be applied to grayscale images as well. Data can be hidden at the edge of the cover image,
which is more stable in terms of protection from visual, structural, and non-structural
techniques. Edge information can be embedded where there is less distortion and less
noticeable.

One of the popular methods is the LSB method, which can be classified as LSB
replacement and matching. In the transform form domain, LSB-based embedding is
done by the DCT coefficient of a cover image. Another technique for hiding data is
cryptography. This is also a process of hiding messages and using secret communica-
tion mediums. If we discuss cryptography, which plays a crucial role in maintaining
confidentiality and integrity, we can obtain the encrypted data through this method. The
main goal is to maintain data security in various fields, such as securing communication
between sender and receiver over the internet. Many components of cryptography are
encryption, decryption, which can be maintained by keys, which play a crucial role in
encryption, and decryption’s data. There are two types of keys,’public and private,” that
are used in cryptography.

The next term is cipher text, which means a simple text with jumbles that cannot
be understood normally. But cryptography has many drawbacks, like the vulnerability
of algorithms. Also, quantum computing is a big threat to this process. So, to secure
more data more securely, steganography provides dual-layer protection compared to
cryptography. If a thief steals the data and can get the idea of decoding data easily, he
will discover the actual information. So, if you compare cryptography and steganography,
later on, it is more secure, and it also introduces data in an undeniable scenario.
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2 Literature Review

Ahmad Zulfakar Bin Abd Aziz, Muhammad Fitri Bin Mohd Sultan, and Nurul Liyana
Binti Mohamad Zulkufli research papers focus on steganography techniques like LSB,
PVD, LSB, and EBE techniques. The application of these methods in the image allows for
the measurement of MSE and PSNR errors. For implementing security purposes, Morse
code, Base 64, SHA-245, and ADV encryption using the PVD technique discussed in
the article [5].

In this paper, author proposed a combined method implemented named CR-AIS,
which is based on an artificial immune system working on reassigning cost to improve
sequrity. Different methods such as Zhu-net, Spam, and Srm have different testing errors,
which can be improved through this CRAIS. It's re-assigning cost naturally with Al
and steganography, also helping in improving the security of the spatial steganography
scheme [20].

This research paper focus on audio steganography. Here they are focusing on LSB,
Echo hiding is hide data as short echo, Parity coding is decomposing original signal
into different region of samples and hide data in parity bits, Spread Spectrum which is
distribute the messages into audio file. Also discussing about transform domain, wavelet
domain [2].

In this research paper, the author discusses how image steganography can be possible
in PowerPoint. Using the encase technique, we can find out the hidden message. Also
showing by the transcript technique, we analyse the hidden message, which can be done
in Power Point, and getting the comparison of the techniques. Stenography can be done
with overlap images and hyperlinks, where the actual hyperlink does not go to the real
link [8].

Francis Jesmar P. Montalbo and Davood Pour Yousefian Barfeh both conducted
research with more than 2000 common court stenography words for the core data set.
In short, writing data can be hidden, so to find the stenography in the data, we can use
CNN. Using Candy Edge Detection, we can get a better result. Therefore, researchers can
utilize Artificial Intelligence (Al) to extract data from shorthand writing. Also, CEDA
and CNN apply test data for a better possibility of a promising outcome [4].

In this research paper written by Chung-Ming Wang a, Nan-I Wu a, Chwei-Shyong
Tsai b, and Min-Shiang Hwang b, we get to know how to hide data using two-pixel values
with their reminder implying the PVD method. Wu and Tsai’s scheme uses hiding data to
decrease the optimal emending algorithm. By re-adjusting the pixel value, the remainder
can be solved off the boundary problem. These proposed schemes are secure against RS
detection attack [1].

Mohini Kulkarni, Dr. Sheshang Degadwala, and Arpana Mahajan wrote in their
research paper about two different types of noise attacks: Gaussian attacks and slat pep-
per attacks, and geometric attacks like rotation. Also discussing visible and invisible
watermarking, the LSB method applies for hiding data in images. Different transforma-
tion strategies apply here, like DCT, DWT, and DFT. Through watermark images, we
can hide data, and many attacks can also be possible. So protection from these SVD,
DFT, DCT, and ZERNIKE moment methods is applied [6].

In this paper, the author discusses two steganographic techniques: PVD and OTP.
Prior one uses for changes the images pixcel like each character of seceret message
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convertinyo 8 ASCII equivalent binary string. Next step is Xoring with an 8-bit randomly
generated key by OTP techniques to enhance sequrity before generating over image into
2x2 non-overlapping blocks. This technique primarily focuses on the undetectability of
secret messages within images, not on their capacity. Therefore, it works well for smaller
hidden messages. In concern about capacity, OTP can be used for edge based techniques
for future uses [27].

In this research paper, the author uses GA applied in the spatial domain for stenog-
raphy technique using the LSB method, which implies various transformations (DCT,
DWT, DFT). Locate the data block within the carrier image where GA can embed the
data. A few major steps are applied here, like scanning, shifting, flipping, transposing,
LSB match checking, and secret data embedding. These papers focus on pixel scanning,
pixel shifting, pixel transposing, flipping secret bits, LSB matching, and data embed-
ding. We use the XOR operation to shift vertically and horizontally, scan pixels, and
identify the correct bits for data concealment. Also, implement histograms and analyse
the images. Using this approach, the author gets higher PSNR values. Also Comparing
traditional LSB schemes [7].

Cloud computing is an essential part of today’s data processing, where data security
is a big concern. For that purpose, we need to secure data in the environment. That’s why
cryptography, stenography, and cryptography with stenography can be used for hiding
and securing data. It’s discussed in this paper that if you hide data in an image, it counts
the N*M*3 matrix as considered. So stenography with cryptography embedded is used
to secure data processing in the cloud [3].

3 Image Steganography

Steganography’s main aim is to hide data in a process on another object, where attackers
cannot assume that data is hidden in the image, video, or text. Mainly, mysterious data
cannot be suspected by the normal human eye, whereas in cryptography, encrypted data
can be easily suspected by an attacker. The term “steganography “comes from a Greek
word. It can be divided into two parts: “Stegano” means hidden or hiding, and “graph”
means writing. The primary task of this field is to cover up and embed the mysterious
information using a wide range of hidden techniques.

If we look into cryptography, it’s secure data through encryption, hash values, or
coding, which a normal user cannot comprehend. But steganography is the art, along
with the science, of hiding information in various forms, which can be images, text,
video, etc. In many countries, steganography is used as a complement to cryptography,
where the main thing is hiding the message rather than encrypting the format. In science,
the existence of information in the source will not be noticed. There are two parts: the
spatial domain and the steganographic images. Prior to focusing on direct manipulation
in the image later on, the result of the carrier image.

In a color image, there are 256 color bits. If we change some bits to hide data, in the
normal human eye, it is not detected. There are many parts in the image. One of these is
the cover image, which describes a unique picture to hide data. Next is the steganographic
image, which carries the message in Covre images. Later on, the steganographic key is
embedded, and like in cryptography, it’s also used to retrieve data (Fig. 1).



Steganography in the Digital Age: An In-Depth Review of Techniques 343

Fig. 1. DFD of Steganographic system

The diagram above illustrates the process of embedding information into a cover
image using stenography. Then it became a steganographic image, which passed through
communication mediums. Once the receiver receives it, it will decode it, allowing the
recipient to access the original data. In image steganography, first go in depth about the
concept of an image, which is a collection of data sets in details that can be classified
into bits or pixel formation.

Normally, pictures are preferred for sending data in this technique because they
have more concealing capacity and can be embedded as surplus data that is smoothly
transferred to the destination. Steganography’s main object is to pass the message to a
destination where nobody can detect mysterious data. If we draw a comparison between
cryptography, which the study is of accurately embedded data, and steganography, which
is the study of undercover mysterious composition.

4 Image Steganography Techniques

The main or foremost requirement is ensuring the security and integrity of hidden infor-
mation. This technique should effectively hide the information within a digital medium
without altering its structure. Also, the capacity of embedding data as hidden data to
maintain efficiency and reliability is a big concern. Hidden information should remain
intact and retrievable despite distortion or attacks on the carrier medium. The process
of hiding information digitally should be efficient in terms of computational resources
and time-storage requirements. It should not impair the carrier medium’s performance.
Adaptability is also a concern; any technique you apply should be adaptable in a dig-
ital medium and accommodate diverse applications and environments.There are many
techniques in steganography for hiding data; among them, a few important techniques
are discussed below.

4.1 LSB Method

In digital format, the basic unit is called a bit. Those bits come together in a series to make
information, text, images, and so on a digital platform. For hiding data in images, you do
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the transformation from O to 1, or vice versa. Two categories are here. The first category
is MSB'’s most significant bits, while the other category is Least Significant Bits (LSB).
In binary values, the MSB representation of the leftmost bit holds the highest weight
in comparison to other bits, as demonstrated in this example. 1000 here, the leftmost
highlighted bit, is MSB. Therefore, any changes made to the values will directly affect
the image. LSB represents the rightmost bit in a binary value that has the least weight
compared to other bits, like in the example of 1001-highlighted bits (Table 1).
Consider this example: 10110110. This 8-bit value equals 182 decimal places.
Normally, in binary format, if 1 represents a bit, it will be considered a value.

Table 1. Bit representation

BIT Value
1 1

0 0

1 4

1 8

0 0

1 32

1 64

0 0

Like this, above value is 182.

So if you change MSB bits, then it has a greater impact on any images than LSB. As
aresult, the image can be distorted more. Normal eyes can comprehend the manipulation
of images with ease. That’s why changes made in LSB are more preferable.

The representation of new pixel value after embedding is as per below.

S = (P&OxFE|D) 2)

P = Original pixel value

D = Data bit (0 or 1)

Where OxFE is a mask that clears the LSB of the pixel value P.

So the next technique that is discussed is LSB techniques, whose motive is sending
data through images, which are called cover images. Normally, human eyes cannot
see these changes. In a data byte, 1000111 last 1 (the bold one) is called LSB. This
widely-used method utilizes image steganography. It actually changes the least or last
bit of the cover image pixel. Suppose we are using a 24-bit image combination of RGB
colors where we can insert data into images. There are many types of images, like index
bitmaps, which are normally composed of two metrics, which represent the image as an
array of pixel values. In grayscale images, single values represent the potency of pixels.
But in color images, it represents three values in RGB.

Below are examples of different types of colors matrix representation.
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Grey Scale images|

[0,255,0],

[255,0,255],

[0,255,0]

1

Color images

Red [

[255,0,0],

[0,255,0],

[0,0,255]].

Green:

[[0,255,0],

[255,0,255],

[0,255,0]

1

Blue:

[[0,0,255],

[0,255,0],

[255,0,0]]

In image processing, matrix structural representation can be used to manipulate
images. The index bit map metrics are also known as Cdata. We can strip the LSB from
Cdata, then replace the LSB in each pixel with one bit according to our needs. The
formation of pixels is actually the data collection point in compress formation, where
we can implement stripping, which means removing or exchanging those bits with less
values, which will not create distortion in the image (Fig. 2).

Fig. 2. Bitmap Image representation with array

Suppose you represent the red color in RGB (255,0,0) and convert it to binary format
(11111111,00000000.000000000). Same as green (0,255,0) for blue (0,0,255). Using
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these, we can get many color formats by changing the values of 0-255 and getting many
colors. RGB has a big impact on the steganography concept (Fig. 3).

RGB :0,255,80 RGB:0,252,0

Fig. 3. Normal vs Steganographic image

All are green, but if we look into the RGB values, they are different. If we convert
it into binary format, 255 = 11111111, and 252 = 11111100.We can change the last
two bits into cover images. As just the last two bits are different in green color format,
we can embed the information through the LSB steganography technique in the last two
digits, and we can also add information in red and blue parameters. Normally, as long as
we understand the least significant bit, we can change and embed information (Figs. 4,
5).

Fig. 4. LSB embedding method

If we see it in the above picture, we can store data in a hidden way. In the human eye,
we cannot catch that the data is stored in this image. It’s used in the three-color RGB
format to store data in LSB bits.
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Fig. 5. LSB Steganography

Occasionally, we encounter numerous watermarks in digital images, which serve
as additional information sources. We can use watermarks for copyright purposes and
authentication. Watermarks can be of two types: visible and invisible. In invisible, we
can apply LSB, technique, and many more, like DCT, DWT, and patchwork (Fig. 6).

Fig. 6. Steganography applied by watermark

If we apply the LSB technique for embedding, we also extract the LSB and recon-
struct the pixel for recovering information. So typically, in 8-bit images, we can change
the last 2 bits for information and the rest 6 bits for normal images. We use steganography
techniques to create both carrier and message images. But when we embed message bits
(MSB bits) into carrier bits, then we have to look into the changes in only the LSB bits
of carrier images, and then it will not change in a broader sense, as we can put messages
in carrier signals. For example, in the 8-bit representation of carrier images, we simply
replace the last bit, 11001101, with 111111110, using an operation that only modifies
the last bit, resulting in data bits 11001100.

In a bitmap image, we can apply the steganography technique to hide data. If we
apply it to a high-quality bitmap image, then less distortion will be present, but for a
lower-quality image, the distortion can be observable. Normally, in 24bit, we can have
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three channels, like RGB, where we can embed 3 bits of data per pixel. Depend of size
image we can embedded the data.

4.2 PVD Method

The full form of PVD is pixel-value-based differencing. Before knowing about PVD, we
first need to know about pixel formation. Normally, the axis of an image resides in the
opposite direction. As seen in below image x and y are placing opposite, according to
coordinates we can value the pixel (Figs. 7, 8, 9).

Fig. 7. Axis representation

Fig. 8. Pixel formation

The first block has a value of 1:1, and the next one has a value of 1:2. If we keep an
eye on a pixel, that will be the origin. Supposing we can focus on the image, we can get
other coordinates. There are different ways to fetch the images; we can use loops, such
as taking I and j and then getting the X and Y positions. We want to take another picture,
move to Y +, and then parallelly return to the x axis. Then we get the next picture pixel
value.

Different types of pixel formats are here, like diagonal neighbor pixels and 4 neighbor
pixels. Also, we can use all neighboring pixels in our algorithm for diagonal neighbor
pixel values like (x-1, y-1), (x + 1, y—-1), (x-1, y-1), (x + 1, y + 1) like these others
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Fig. 9. Diagonal Neighbour Pixel and 4 Neighbour Pixel

above table pixel values can be counted. So if we use all nearby pixels, then we can hide
the image more easily, where less distortion is possible.

So, as per the discussion, neighboring refers to a concept or technique that lever-
ages the relationships between adjacent pixels in images. Neighboring techniques, such
as spatial techniques, apply blurring, sharpening, and edge techniques to manipulate
images. Next, image segmentation divides the image into different types of segments.

Next, we define connectivity, a valuable concept in window-to-images, as the rela-
tionship between neighboring pixels. We can break it down into several parts, such as
first analyzing the connected pixel to determine if it shares the same color, depth, or
intensity. Using image processing techniques, we can distinguish objects from other
items in an image, such as a photograph of a car, park, or animal. Normally, we click on
many pictures, which are objects. In the video, we can see moving objects. Connectivity
consists of a few parts. One is the boundary of objects, a component of a region in an
image. A region, defined as a set of pixels, creates a path between two objects. In an
image, many objects can be there that are separate from each other by their borders.

Now we will discuss PVD techniques used in image steganography techniques to
hide information. These methods influence the human eye’s insensitivity to a few changes
in color and bits. So first, break down the images into many pixels, then calculate many
blocks, which is not an overlapping technique. Like 2 x 2,3 x 3,4 x 4,8 x 8.

These PVD techniques work on color images and gray images. So gray images
usually use a shade of gray image pixels, while color images mean a combination of
RGB, where gray images often focus on the brightness channel.

The main advantage is that any data can be embedded without making any big
changes to the steganographic images. It's seen great results from the perspective of
PSNR and MSE scenarios. Peak signal-to-noise ratio is actually used for assessing the
quality of stereo images. Detect the impartibility of hidden data with an image. Actually,
comparing the steganographic image with actual images. Can have two types of PSNR:
high and low. Secrete data with lower distortion and vice versa, respectively. As compared
to MSE, which is also the same work done as PSNR, where you find out the average
square error while also checking the steganographic image and cover image difference,
here are PSNR intuitive, more than one human perceptive on image quality.

In today’s world, increasing demand for Internet message passing is necessary, and
security is also a big concern. So in the PVD technique, based on many parameters
like normalization of secret data, capacity of hidden data, PSNR, MSE values, and RS
Steganalysis Attack, we will be discussing.
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In the smoother region of the image, a few bits can be embedded of information, and
at the edge, a higher bit of the secret image can be embedded. In PVD, use grey image
as the cover image. It’s focusing on modifying the difference between the pixel value
of an image and the pixel value itself. Changing the tiny changes in color, brightness
in images, in human eyes, is really tough to catch. Normally, the image loaded in the
Python NumPy array can be converted to grayscale, though it works on a color image
working in RGB format. Whatever the message is, convert it to binary format and divide
the picture in pixels. It focuses on how much data can be embedded according to the
range of different values.

Like if d € [0, 7] can be add data of 3 bits like [8, 15] can add 4 bits, so on. Now
adjust d to d’ so it matches the binary format data to be hidden. Calculating new pixel
value P1” and P2’ modified the difference d’. P1° and P2’ changes should be are minimal.
Updating image with new pixel values p1’ and p2’.Saving with modified images data.
This is the process we can add data in PVD. So if we calculate the difference between
of 2 consecutive images like di = (Pi 4+ 1 — Pi). Here, a small I denotes that the block
is in a smooth region, whereas a larger value denotes that the block in a higher region.
Di represents the difference between two consecutive blocks.

Normally, as per the study, the PVD technique finds more on the edge portion of
an image than the smooth portion of an image, as human vison tolerance is higher in
the edge area. This technique concentrates on processing the image pixels in a zigzag
manner, avoiding block overlapping. The system then calculates the difference between
the embedded images using a user-defined table. Suppose we got a difference value close
to 0, then it’s closer to the smooth area of an image, or if it’s close to 255 values, then
it’s close to the edge area.

Next topics concern modulas PVD technology, which was proposed by Wang et al.
Modulas PVD method, which mainly focuses on not overflowing or underflowing pixel
values. Focusing on the neighboring difference between pixels.

4.3 EBE

Edge-based technique: normally, edge means meeting point of two parts, like in the
context of images, the boundary of two parts meeting points. So in that portion, there
is a contrast of brightness and color. The edge is an essential component of any visual
system. It’s distinguishing different objects so that you can understand the depth of an
object and the shape of an object.

The edge-based technique allows for the embedding or hiding of data in an image’s
edge portion. So normally, the edge portion of an image has more intensity in color com-
pared to other parts of the image. There are different functions, like the intensity function,
through which you can identify the edge by computing the gradient of the image. This
magnitude indicates the strength of the edge. Edge portions are less detectable than other
parts in the human eye.

First, we detected the edge of an image through different techniques. Then we can
embed data. Here, we are discussing the edge-based data embedding technique, where
data can be embedded in the sharper part of an image while the other parts remain the
same. Secrete data can be of any type; it can be video, text, or concealed in the LSB part
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of carrier images. Not every part or pixel can be done only in edged, which is detected
by the algorithm.

LSB, PVD, and EBE techniques are just a few of the implied mechanisms. So many
techniques are here for detecting edges in an image. The Canny Edge Detector is one of
the mechanisms where we can get the edge of an image. This mechanism encompasses
numerous components, including the multi-stage approach, noise reduction, where we
can use filtering to reduce noise in images, gradient calculation, non-maximum, and
double thresholding techniques, which are used to detect strong, weak, and non-relevant
edges. These techniques are widely acceptable due to their availability. To locate an edge
in an image, first reduce the noise, then calculate the gradient of the image to identify
the sharpest area with the highest byte, where a higher magnitude of an image gradient
is used to find borders. Modifying edges means less distortion in an image; each edge
can contain more data compared to the flat part of the image.

5 Comparative Analysis of Image Steganography Techniques
(LSB, EBE, PVD)

Comparative analysis of LSB, EBE and PVD method considering quality of the stegano-
graphic image, payload capacity, complexity and image type supported by the different
methods like LSB, EBE and PVD is given in below table (Table 2).

Table 2. Comparative analysis of LSB, EBE and PVD

Method PSNR Value (in Db) | Payload capacity | Complexity | Image type supported
LSB [25] |40-50db 1 bit/ 8 pixel Low Gray scale image
EBE [26] |51.1 0.5 bpp Low Gray scale image
PVD [27] |52.25 1 bpp Medium BMP-24

In the above table 3 methods are compared, where one main topic is “Peak Signal
to Noise,” by which one can judge the quality of a steganographic image. Its measure is
the similarity between cover and steganographic image; a higher value is showing better
performance. For calculating, check the pixel value position before and after embedding
the message in images. The next part is payload capacity, which means how much data
can be added without degradation of visual quality.

An example like 1 bit/pixel can be calculated like 512 * 512 pixel image payload
capacity is 512 * 512 = 262144/8 = 32768 byte where the embedded capacity is 32 kb
of data at a rate of 1 bit/pixel. It is influenced by a variety of factors, including image
color, depth, size, and so on. At the end, with more data embedded, the PSNR decreases
parallel, and the MSE value also increases, so the attacker can easily detect a tempered
image. So maintain quality. Embedding and balancing all of these is a big, challenging
task. Additionally, we have to add an extra layer to protect from steganalysis.
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6 Conclusion

Embedding data in another object like an image video with secure way, protection from
steganography attacks is a big concern now. There are many ways to do the embedding
data that are discussed in these papers. After reading these papers, the reader will get
an idea about the steganography concept. Also gathering knowledge about image basic
things like what is pixel, types of images. Also, clear knowledge about LSB techniques
is simple to implement, but its susceptibility to detection and potential degradation of
image quality limit its effectiveness in high-security applications. PVD improves upon
LSB by leveraging pixel value differences to enhance embedded capacity and robustness,
making it is a more resilient choice that preserves image quality better. However, PVD
can be more complex to implement and may still face challenges in extreme cases
of steganalysis. EBE stands out for its ability to embed information in image edges,
where changes are less perceptible, providing superior robustness and minimal impact
on visual quality. This technique provides a good PSNR ratio when we implement it
using grayscale image, so it is more robust compared to the LSB method.

Overall, the choice of steganography technique depends on the specific require-
ments of the application, such as the desired balance between payload capacities,
complexity, quality of the steganographic image and resistance to detection.
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Abstract. In a society where theft is prevalent, ensuring security at every level
is crucial. Biometrics is the automated process of identifying individuals based
on their unique biological or behavioral characteristics, such as fingerprints,
keystrokes, facial features, voices, iris patterns, and gait . Various biometrics
methods are used to identify the individuals. Keystroke and Voice biometrics
is a technology that uses individuals’ characteristics to identify and authenticate
them. Keystroke Dynamics utilizes unique typing rhythm of an individual. Voice
Biometrics utilizes unique features of a person’s voice, such as pitch, tone, mod-
ulation, and pronunciation, to create a voiceprint similar to a fingerprint . Voice
biometrics involves the use of various soft computing techniques to analyze and
authenticate voice characteristics. We analyze the importance of accurate speech
recognition in voice biometric systems and explore the potential of automated
speech conversion. This paper provides a summary of the essential concepts like
Ant Colony Optimization, PSO in keystroke dynamics and Spoof net, modeling
techniques involved in voice biometrics. Various DNN techniques and obtained
results are discussed in this study.

Keywords: Keystroke dynamics - ANT - PSO - Voice biometrics - spoof net -
voiceprint - MFCC - DNN - Transformer

1 Introduction

1.1 Purpose of This Study Paper

1. Why we have chosen the keystroke and voice biometrics?

2. What are the key concepts in keystroke and voice biometrics?

3. Comparative discussion of the keystroke and voice biometrics?

4. What are the techniques used in different keystroke and voice biometric white papers?
5. Drawbacks and Future Enhancements in both the biometrics.
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2 Motive for Keystroke and Voice Biometrics

Soft computing is an umbrella term used to describe the types of algorithms that pro-
duce approximate solutions to unsolvable high-level problems in computer science. The
biometric study is a branch of science and soft computing that leads with the statisti-
cal analysis of any biological data of an individual human being. This method is used
for identification and authentication of any user by different unique features. Human
is having various biological aspects which are unique from each other in the different
combinational form [1, 2]. Every individuals support the usage of biometric systems
such as retina scans, iris, palm and fingerprints, keystrokes and voice recognition [3, 4].

Fig. 1. Authentication and Verification

Figure 1 explains about the working model of the biometric systems. The first time
an individual uses a biometric method is called enrolment or Feature Extraction. During
enrollment, biometric information from an individual is captured and stored. In conse-
quent uses, biometric information is detected, compared and verified with the informa-
tion stored at the time of enrollment. This method is called verification. It is crucial that
storage and retrieval of such systems themselves be secure if the biometric system is to
be robust [1]. For going through several biometric research journals keystroke and voice
biometrics provides a strong method for identity verification, enhancing security, and
reducing the probability of unauthorized access.

Keystroke Dynamics: It is identified as a Typing Rhythm of an each individual.
Typing speed, style and the cap between pressing and releasing is a features of keystroke
Dynamics [1, 3]. Keystroke Dynamics (Fabian Monrose and Aviel D. Rubin (2000),
Jarmo Tlonen, (2003)) consist of many advantages like (i) It can be used without any
additional hardware (ii) Hardening the existing security. Keystroke analysis (Christopher
S. Leberknight et al. (2008)) is of two kinds Static and Dynamic. Static keystroke analysis
essentially means that the analysis is performed on typing samples produced using the
same predetermined text for all the individuals under observation. Dynamic keystroke
analysis implies a continuous or periodic monitoring of issued keystrokes and is intended
to be performed during a log-in session, after the authentication phase has passed.
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Voice recognition: It can refer to both identifying spoken words (speech recognition)
and identifying individuals based on their voice (voice biometrics) [2]. In the context of
security and authentication, “voice biometrics” specifically refers to the technology used
to verify a person’s identity based on their unique vocal characteristics. This technol-
ogy offers a convenient and straightforward authentication process, removing the need
for users to remember passwords or carry physical tokens. Given that most devices are
equipped with microphones, voice biometrics is a practical solution that can be imple-
mented across various platforms. Compared to other biometric systems, voice biometrics
can be more economical, as it leverages existing hardware and infrastructure. To improve
the security in various areas it is incorporated into those areas. The metrics of improving
accuracy, robustness, and resistance to spoofing attacks are the ongoing research in voice
biometrics. Machine learning and Artificial intelligence techniques are incorporated and
improving the research areas of keystroke and voice biometrics.

3 Key Concepts in Keystroke and Voice Biometrics

The following methods are used for collecting the sample and verifying the individual
in keystroke and voice biometrics.

Feature Extraction: To capture a keystroke,
it would be necessary for users to type their
password a number of times. The system
would set about capturing these features using
three methods regarding the time (in millisec-
onds) that a particular user maintains the key
pressed (Duration time), and the time elapsed
between releasing one key and pressing the
next (latency time) and the combination of the
above is called Digraph [3].

In the Enrolment and Voiceprint phase, digital representation (voice print) of indi-
vidual voice samples is registered for further enrolment and Authentication. In the Iden-
tification and Verification phase, the present individual voice sample is compared with
stored samples in a database to confirm the individual. Specific characteristics of the
voice, such as frequency, pitch, and format are used to construct the voiceprint. The
above metrics are features of voice biometrics.

Verification Systems: There are two different type of verification available in bio-
metrics. 1. Text-Dependent: Requires the user to type or say specific sentences. 2.Text-
Independent: Authenticates the user regardless of what they type or say. Threshold value
means limit value of the output. FAR —False Acceptance Rate, FRR — False Rejection
Rate are the two measures used to identify and measure the solution (Table 1, Fig. 2).

Comparative Study with Other Biometrics

This Chart Explains keystroke dynamics little ease of use than voice biometrics. Other
measures of keystroke and voice dynamics are working like similar. Both Biometrics
are provide more security than other biometrics.



358

A. Kalamani and M. Suganya

Table 1. Comparison of these three phases with keystroke and voice biometrics.

Biometrics Phase Process Requirements Challenges
Voice Enrollment Record multiple | Microphone, quiet | Variability in voice
Biometrics voice samples to | environment due to health, noise,
create a voiceprint or stress. [1]
Verification Compare a live Microphone Affected by
voice sample with background noise,
the stored voice changes
voiceprint
Identification | Identify from a Microphone Depends on
database of database quality
voiceprints and voiceprint
Keystroke Enrollment Provide typing sensor Distinctiveness
Dynamics rhythm or typing Issues with slow
time to create a speed/not well at
template that time of typing
and sensor quality
Verification Match a live sensor Affected by finger
typing speed condition and
against the stored sensor quality
template
Identification | Match typing sensor Accuracy
rhythm to a influenced by
database to database size and
identify quality
individuals
Facial Enrollment Capture images or | Camera, suitable Variability due to
Recognition video to create a | lighting lighting,
facial template expressions, and
aging
Verification Compare a live Camera Affected by lighting
facial image to the changes and facial
stored template expressions
Identification | Match facial Camera Accuracy impacted
features to a by image quality
database to and environmental
identify conditions
individuals

“Speech Emotion Recognition Using Mel-Frequency Cepstral Coefficients & Con-
volutional Neural Networks”, Shubhan Kadam et al. [2, 6] using the techniques as
Mel-Frequency Cepstral Coefficients (MFCC). It is used to extract relevant features
from the voice signal. This paper explains the MFCC as a representation of the short-
term power spectrum of sound. It is used in speech and audio processing, particularly
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Fig. 2. Voice biometric with keystroke Dynamics measures

in speech-emotion recognition (SER) and automatic speech recognition (ASR). MFCCs
are effective because they reduce the amount of data while preserving the essential char-
acteristics of the audio signal. This makes them suitable for machine learning models,
such as Convolutional Neural Networks (CNNs), which are employed in the paper to
enhance SER performance.

In “Feature extraction in speech recognition using linear predictive coding: An
overview”, Fang Zehuang [4] tells about how LPC Encodes the spectral envelope of
a speech signal. In this paper is a method used to represent the spectral properties of
speech signals. It does this by estimating the parameters of a linear predictive model,
which helps in compressing the speech data while retaining essential information for
further processing, such as Speech-to-Text and Text-to-Speech systems. The primary
function of LPC in speech recognition is feature extraction. This involves transforming
the speech waveform into a parametric representation.LPC reduces the data rate required
for processing, making it easier to analyze and manipulate the speech data. LPC achieves
a low data rate by converting the speech waveform into a parametric form. This rep-
resentation is crucial for efficient processing and analysis, allowing systems to handle
speech input effectively.

“STFT-Domain Neural Speech Enhancement With Very Low Algorithmic Latency”
Zhong-Qiu Wang [4] uses the technique of Short-Time Fourier Transform (STFT). It
Analyzes the frequency content of a signal over time [4, 5]. It breaks a signal into smaller
segments, allowing for the examination of its frequency components at different time
intervals.STFT is employed to transform audio signals into the frequency domain. This
transformation helps in identifying and separating the target speech from background
noise, which is key for improving speech clarity and intelligibility.

From the above comparative study for feature extraction, Mel-frequency cepstral
coefficients (MFCC) as one of the best methods for feature extraction [S].MFCC is good
due to its ability to effectively handle background noise and provide accurate readings
in a faster manner compared to other techniques. Linear Prediction Cepstral coefficients
(LPC) are also used for feature extraction in voice biometrics, offering valuable insights
into the voice signal. While Short-Time Fourier Transform (STFT) is a powerful tool
for analyzing the time-frequency characteristics of speech signals. The performance of
MEFCC can vary based on factors such as the number of filters, algorithms used, and
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dimensions of frames, leading to inconsistent results in different scenarios. So we can
use this inference as a future study.

4 Keystroke Dynamics Extraction and Subset Selection Techniques

“Feature subset selection in keystroke dynamics using ant colony optimization” [3] this
paper discuss that Duration, Latency and digraph are the features in keystroke dynamics.
Various methods are used to collect the features in enrolment phase. Selected features are
grouped based on their mean and standard deviation value and Ant colony optimization
algorithms(ACO) are used for subset selection. Neural network algorithm is used for
classification. FAR and FRR is used to find the accuracy in this paper.

“Soft biometric based keystroke classification using PSO optimized neural network”
[7, 8], in this paper duration, latency are the extracted features and particle swarm
optimization algorithm(PSO) as a subset selection algorithm. Features subset selection
method is based on the bird’s intelligence behavior. NN method is used for classifying
the feature and provide a solution.

“Keystroke Dynamics: Concepts, Techniques, and Applications” Rashik Shadman
etal. [9] explain about different Techniques used for Extraction, Gaussian Mixture Model
(GMM), Manhattan and Scaled Manhattan Distance, Mahalanobis Distance likewise
several algorithms are discussed clearly. Three types of algorithms statistical, machine
learning based and deep learning based algorithms are discussed in this paper.It describes
the significance of different keystroke data processing techniques like text filtering, data
size variation, removing faulty data etc.

Comparison of DNN with Various Approaches in Voice Biometrics

1. “Deep Learning for Speaker Verification Using Convolutional Neural Networks"
[13] Approach Utilizes Convolutional Neural Networks (CNNs) to process spectro-
grams of voice signals. Focuses on extracting spatial features from spectrograms to
enhance speaker verification accuracy. Implements batch normalization and dropout
to improve generalization. Results Achieved an accuracy of 92% in speaker verifica-
tion tasks. A notable improvement in distinguishing between similar voices compared
to traditional methods. Equal Error Rate (EER) reduced to 5.5%.

2. In the year 2023, N Kaladharan, and R. Arunkumar [15] used the method asQuick-
SpoofNet Approach, this approach Utilizes one-shot learning and metric learning
techniques for detecting synthetic attacks in the ASV system and Evaluates the per-
formance of Adam and AdaMax optimizers on the AlexNet architecture for voice
biometric authentication systems, Implements an improved deep convolutional neu-
ral network (IDCNN) and LSTM network structure for voice authentication and
verification and achieved the result with an accuracy of 99.3% (Table 2).

3. “Temporal Dynamics in Speech: Combining Deep Neural Networks with Long Short-
Term Memory" [13] Approach Combines Deep Neural Networks (DNNs) for feature
extraction with Long Short-Term Memory (LSTM) [14, 15] networks for sequential
modeling. Designed to capture both static voice features and dynamic temporal pat-
terns.Focuses on end-to-end learning from raw audio data. The Results are Accuracy
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Table 2. Comparison of Different metrics in DNN.
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Metric DNN (Generic) CNN RNN LSTM GRU Transformer
Feature 70% 90% 60% 70% 70% 90%
Extraction

Temporal 40% 30% 80% 90% 80% 100%
Dynamics

Long-term 50% 30% 60% 90% 70% 90%
Dependencies

Computational 60% 70% 40% 40% 50% 30%
Efficiency

Ease of Training | 60% 60% 50% 40% 50% 60%
Accuracy 85% 90% 82% 89% 88% 92%
(Sample Task)

of 94% in speaker identification tasks. Improved handling of temporal dependen-
cies and variations in speech.Achieved 4.2%, demonstrating better performance in
handling sequential dependencies.

In the above study papers 1 and 2 excel in spatial feature extraction with ASV and
CNNs. Paper 3 offers a comprehensive performance by combining DNNs with LSTMs
for dynamic and sequential data. Paper 3 focuses on end-to-end learning and feature
reduction with autoencoders and RNNs. This comparison highlights the strengths and
specific contributions of each paper’s approach to DNNs in voice biometrics. Each
paper has its unique advantages, depending on the specific needs of voice recognition
tasks, such as handling temporal dependencies, feature extraction, and dimensionality
reduction. DNN Architecture comparison in the previous papers gives the inference as

(Fig. 3)
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This technique is useful in a variety of sectors, including identity verification, crim-
inology, medicine, and security, because it offers safe and trustworthy authentication.
Identity verification for transactions and customer service in banking and finance.

5 Future Enhancement

In this present study clearly explained the various techniques used in the biometrics.
The main drawback of most biometric methods is that they are expensive to implement,
because most of them require specialized hardware to strengthen security. Healthcare,
forensic, banking and security needed places are mainly focused on the biometric meth-
ods. Voice biometrics systems are susceptible to spoofing attacks using recorded or
synthetic voices. Developing effective anti-spoofing technologies is critical but still it is
challenging. Differences in recording devices and transmission channels can affect the
accuracy and reliability of voice biometrics systems. The collection, storage, and use of
voice data raise privacy concerns. Ensuring that the voice sample is from a live person
and not a recording or synthetic voice is an ongoing challenge. Balancing the swap
between false acceptance rates (FAR) and false rejection rates (FRR) is complex and
requires ongoing research and optimization. In keystroke dynamics dataset limitations
and some real time implementations also little complex.

6 Conclusion

Keystrokes and Voice biometrics presents a rich field for research with significant poten-
tial benefits in terms of security and user convenience. In this paper, we have discussed
the various biometric techniques and different methodologies used in keystroke and
voice biometrics. Comparative study of various methodologies provides a clear view
of the techniques, and complications involved while introducing the technologies and
results obtained. Various advancements and applications are also discussed in this study.
ANT, PSO in keystrokes and CNN, RNN, LSTM, GRU, Transformers provide signifi-
cantresults in voice Biometrics. DNN Requires large amounts of data and computational
power. Incorporating attention mechanisms in deep neural network models can enhance
the focus on relevant features during keystroke and voice analysis, improving the accu-
racy of biometrics systems. This study concluded that various methods are compared
and voice, keystroke Dynamics provide a result of ease to use, adaption and provide
more security.

References

1. Shradha, T., Chourasia, J.N.,Chourasia, V.S.: A review of advancement in biometric systems.
Int. J. Innovative Res. Adv. Eng. 2(1), 22-26.(2015).

2. Kadam, S., Jani, J., Kudtarkar, A., Koshy, R.: Speech emotion recognition using mel-frequency
cepstral coefficients & convolutional neural networks. In: 2024 2nd International Confer-
ence on Intelligent Data Communication Technologies and Internet of Things (IDCIoT),
pp- 1595—1602. IEEE (2024)



10.

11.

12.
13.

15.

Advancement and Applications in Biometric Techniques 363

. Karnan, M., Akila, M., Kalamani, A.: Feature subset selection in keystroke dynamics using

ant colony optimization. J. Eng. Technol. (Acad. J.)1(5), 072-080 (2009)

. Khan, A., Malik, K.M.: Securing voice biometrics: one-shot learning approach for audio

deepfake detection. In: 2023 IEEE International Workshop on Information Forensics and
Security (WIFS), pp. 1-6. IEEE (2023)

. Fang, Z., Kang, Y., Feng, W.: Feature extraction in speech recognition using linear predictive

coding: an overview. I-manger’s J. Dig. Sign. Process. 10(2), 16 (2022)

. Wang, Z.Q., Wichern, G., Watanabe, S., Le Roux, J.: STFT-domain neural speech enhance-

ment with very low algorithmic latency. IEEE/ACM Trans. Audio, Speech 31, 397-410
(2023)

. Fakhri, A.A.M., Santosa, R.B.T., Trujillo, J.S.: A comparative study of MFCC, LPC, and PLP

features for speech recognition. J. Electr. Eng. Technol. (2022)

. Abinaya, R., Sowmiya, R.: Soft biometric based keystroke classification using PSO optimized

neural network, Gudlavalleru Engineering College, Annamalai University, Materials Today:
Proceedings (Elsevier BV) (2021)

. Shadman, R., Wahab, A.A., et al.: Keystroke Dynamics: Concepts, Techniques, and

Applications

Singh, A.B., Patel, R., Kumar, N.: Deep neural networks for voice recognition: recent advances
and future directions. IEEE Trans. Neural Netw. Learn. Syst. (2024)

Hinton, G., Deng, L., Yu, D., et al.: Deep neural networks for acoustic modeling in speech
recognition: the shared views of four research groups. IEEE Sign. Process. Mag. (2012)
Liu, Y., He, L., Liu, J.: Large margin softmax loss for speaker verification. Interspeech (2019)
Kaladharan, N, Arunkumar, R.: An efficient voice authentication approach using improved
deep convolutional neural networks with LSTM networks. IETE J. Res. 1-14 (2023)

. Hinton, G., Deng, L., etal.: Deep neural networks for acoustic modeling in speech recognition:

the shared views of four research groups. IEEE Sign. Process. Mag. (2012)
Maragatharajan, M., Sudhan, M.B.: Face identification method using scale invariant feature
transform method for criminal management system. In: 2023 4th International Conference on
Smart Electronics and Communication (ICOSEC), pp. 732—738. Trichy, India (2023). https://
doi.org/10.1109/ICOSEC58147.2023.10276072


https://doi.org/10.1109/ICOSEC58147.2023.10276072
https://doi.org/10.1109/ICOSEC58147.2023.10276072

q

Check for
updates

Securing E-Commerce: A Comprehensive
Analysis of Fraud Detection Methods

Rushi Parikh, Krupa Bhavsar®, and Uttam Chauhan

Computer Engineering Department, Vishwakarma Government Engineering College,
Ahmedabad, Gujarat, India
bhavsarkrupa99@gmail.com

Abstract. Fraudsters are attracted to the e-commerce sector because of the
increasing transaction amounts, underscoring the crucial importance of efficient
fraud prevention and detection mechanisms. This paper delves into e-commerce
fraud detection through a systematic literature review, exploring the evolving land-
scape of advanced technologies, particularly machine learning automation. This
technology enhances the detection capabilities for fraudulent activities by effi-
ciently processing large volumes of e-commerce transaction data. As fraudulent
transactions become more complex, there is a need for efficient ways to coun-
teract these risks. To combat fraudulent transactions, there’s a growing need for
effective methods. Our primary objective is to comprehensively study various
algorithms employed in e-commerce for fraud prevention. The survey focuses on
comparing and assessing the effectiveness of this algorithm. The aim is to provide
insight into the effectiveness of the proposed techniques in comparison to exist-
ing techniques. The findings contribute to a deeper understanding of the current
state of e-commerce fraud detection, offering valuable insights for researchers,
practitioners, and stakeholders in the ongoing battle against online fraud.

Keywords: Fraud Detection Methods - Electronic commerce - Machine
Learning

1 Introduction

Online trade of products and services is referred to as “e-commerce,” or electronic
commerce. E-commerce operates in several market segments including business-to-
business, business-to-consumer, consumer-to-consumer, and consumer-to-business. The
Internet helps to make it easier. And represents a digital transformation of traditional
business models. As more people utilize digital devices and e-commerce platforms,
cybercrimes and frauds have significantly increased [1]. This transformation has empow-
ered consumers to conveniently browse and purchase products from the comfort of their
homes.

Both legitimate users and fraudsters use electronic commerce systems; hence they
become more vulnerable to large-scale and systematic fraud. Fraud is a crime where
the purpose is to acquire money by illegal means [2]. E-commerce platforms have sev-
eral benefits, one of which is quicker purchase processes, financial savings, increased
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customer freedom, the capacity to compare goods and prices, quick reaction to con-
sumer and market demands, and a variety of payment choices.[3]. With the modern
system’s growth, the risk of fraud and financial abuse increases. To address this, we
require methods to identify suspicious transactions. Intelligent monitoring solutions are
required because human observers cannot keep an eye on the volume of transactions
occurring online continuously.

Sometimes, existing solutions are unable to keep up with fraudsters because they
are so skilled at adapting and changing their strategies to take advantage of the plat-
forms. [2]. Presently, data mining techniques stand as a formidable solution for fraud
detection across various domains. Data mining encompasses several steps which are
Data collection, Data preprocessing, Feature selection, Model training, Model evalua-
tion, Deployment and lastly monitoring and feedback. Each step is crucial to ensure that
it is applicable to real world problems. These steps can be present in flowchart as shown
in Fig. 1.

To reduce fraud, we examine data mining approaches, namely machine learning
algorithms. We focus on issues related to user data misuse, credit card fraud, hacking,
and sensitive information theft. The more important point is that low research and devel-
opment efforts fuelled by a dearth of useful data and the need for businesses to protect
their platform vulnerabilities further exacerbate the issue. For example, it makes no sense
to describe fraud detection or prevention methods in the open since doing so would arm
fraudsters with the knowledge they need to avoid detectionError! Reference source not
found.. In the field of data mining for fraud detection, outliers pose a significant chal-
lenge, particularly in the banking sector. Given their crucial role in banking operations,
identifying these anomalies is one of the trickiest challenges.

One of e-commerce’s methods to attract many customers is by offering many pro-
motions such as cashback, discounts, free delivery, etc. However, this phenomenon is
drawing the attention of consumers as well as that of criminals who want to take advan-
tage of it. One example of promotion misconduct done by criminals is creating multiple
fraudulent accounts and transactions [4]. A report from Statista says that in 2022, online
shopping scams accounted for 38 percent of all reported scams worldwide. To combat
fraud in the modern era, we therefore require more advanced and reliable techniques.
The use of flexible and hybrid systems has been the focus of recent research on machine-
learning applications for fraud detection [6, 7]. The incidence of fraud in India is rising
for several reasons. These include the rapid growth of the Indian economy: Which has
created several opportunities for scammers, as more and more people are using financial
services and conducting transactions online, and the lack of awareness about fraud: A
large number of individuals in India are unaware of the various forms of fraud that might
occur, making them more susceptible to being victims of scams. As a result, around 8.3
billion US dollars’ worth of money was lost in 2022 due to various frauds. The growing
use of technology has made it simpler for con artists to select their targets and execute
their scams.
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Fig. 1. Data Mining Flowchart
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2 Background Study

2.1 Types of Frauds

Here are some specifics regarding the many types of e-commerce fraud along with the
causes and consequences. To effectively combat dangers, it is necessary to know about
e-commerce fraud. By being aware of the growing threat of e-commerce fraud and taking
pre-emptive action, businesses may safeguard their customers, revenue, and brand.

e Offline frauds — Offline scams typically require proximity to the victim, which may
limit their reach to a specific area or locality. These are committed by using persuasive
tactics and charm in person. In some cases, offline scammers may resort to intimi-
dation or coercion to manipulate victims. Offline scammers might exploit emotions,
trust, and sympathy to gain the victim’s confidence and cooperation.

e Online frauds — Global victims might be the target of online scams, which makes it
simpler for con artists to locate new victims. These are committed via the internet,
shopping, phone, and web or if a credit card is not present. Certain online scams
employ cutting-edge tactics to trick victims, making them extremely complex and
challenging to identify.

Scams can be unsettling and dangerous, both online and offline. Scams are generally
feared because they take advantage of people’s trust and vulnerability, which can result in
monetary losses and psychological suffering. Table 1 shows the frauds that are considered
the most dominant types of fraud. Online payments can become a global industry with
the help of an e-commerce cash system. In the current online and offline shopping trends,
e-commerce fraud is conceivable. By committing such frauds during an online purchase,
con artists hope to annoy the bank or the merchant.

2.2 Related Surveys

A general review of articles on automated detectiontechniques(supervised, unsupervised,
and hybrid) from previous years is required. Many authors have conducted surveys in
previous years and reviewed various literature regarding fraud detection strategies. The
writers of that review provide alternate information and remedies for each of the key
fraud types and subtypes that affect a wide range of sectors. Table 2 contains some
of the papers in the last 15 years. These articles mainly review different algorithms to
determine whether Algorithms can be utilized to identify fraudulent activities through
various methods and techniques.

2.3 Strategies for Overcoming Fraud

By combining various strategies, businesses can effectively mitigate the risks associated
with e-commerce fraud and protect their customers and revenue.

1. Leverage Machine Learning and Al:

e Anomaly Detection: Identify unusual patterns in transaction data that might
indicate fraudulent activity.
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Table 1. Types of Fraud

Fraud Type

Description

Credit Card Fraud

Credit card fraud generally happens when the card was stolen for
any of the unauthorized purposes or even when the fraudsters use
the credit card information for their use.[8]

Account Takeover Fraud

This type of malicious attack is where a fraudster steals accounts
and passwords from normal users, causing the loss of money and the
exposure of personal information. Fraudsters gain access to a
customer’s online account by stealing their login credentials, such as
their username and password.[9]

Chargeback Fraud

Chargeback services offer gamers the convenience of refund
mechanisms but are often used by malicious online gamers to
commit fraud, causing huge adverse impacts on the online game
industry.[9]

Return Fraud

This occurs when a customer returns an item to a retailer, even
though they have already used it or damaged it

Identity Fraud

Identity theft is a term used to classify numerous offenses including
fraudulent use of personal information for criminal purposes without
individual’s consent[11]. Identity theft is defined as the
“unauthorized use or attempted use of an existing account, the
unauthorized use or attempted use of personal information to open a
new account or misuse of personal information for a fraudulent
purpose such as providing false information to law enforcement”[12]

Merchant fraud

When a fraudster impersonates a merchant to handle transactions
and steal money, this is known as merchant fraud. This could entail
getting a merchant account so that fraudulent cards can be used to
process payments or persuading actual customers to make
transactions that will never be fulfilled

Refund Fraud

Refund fraud refers to the behavior of consumers returning goods to
retailers, knowing that the return violates company or legal
regulations (including returning functional but used or damaged
goods)[13]

Drop shipping Fraud

When a drop shipper uses dishonest tactics to con customers or
other supply chain companies, it’s known as drop shipping fraud

e Behavioral Analytics: Analyze customer behavior to detect deviations from normal

patterns.

e Neural Networks: Deep learning models can learn complex patterns and adapt to
new fraud techniques.

2. Real-time Risk Assessment:

e Velocity Checks: Monitor transaction speed and frequency to identify suspicious

activity.

o [P Address Verification: Validate the IP address associated with a transaction.
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Table 2. Survey of Published Papers

Year Coverage Domain Reference

2010 2000-2010 Fraud C. Phuaet al.[14]

2016 1994-2014 Common Frauds Abdalla et al.[15]

2016 1997-2016 Machine learning- basedfraud detection A. O. Adewumi and
A. A. Akinyelu[16]

2017 2010-2017 Comparative Analysis Ahuja et al.[17]

2018 2007-2018 Common Frauds Omar et al.[18]

2020 1997-2019 Machine learning- basedfraud detection Trivedi et al.[19]

2021 1999-2020 Common Frauds Badotra et al.[20]

2022 2016-2022 Algorithms Survey Ahmed and M.H.[21]

e Device Fingerprinting: Identify unique characteristics of the device used for the
transaction.

. Data Enrichment:

e Third-Party Data: Combine transaction data with external information (e.g.,
demographic data, social media profiles) to enhance risk assessment.

e Device Intelligence: Gather information about the device used for the transaction
(e.g., operating system, browser).

. Rule-Based Systems:

e Thresholds: Set thresholds for suspicious activity (e.g., high transaction amounts,
unusual shipping addresses).

e Blacklists: Maintain lists of known fraudulent IP addresses, email addresses, or
card numbers.

. Behavioral Biometrics:

e Keystroke Dynamics: Analyse the way customers type to identify unique patterns.
e Mouse Movement: Track mouse movements to detect unusual behavior.

. Collaborative Fraud Detection:

e Industry Partnerships: Share information with other businesses to identify emerg-
ing fraud trends.
e Fraud Networks: Join networks that pool resources and expertise to combat fraud.

. Regular Updates and Training:

e Model Retraining: Continuously update machine learning models with new data
to improve accuracy.

e Employee Training: Educate staff about fraud prevention techniques and emerging
threats.

. Fraud Analytics Platform:
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e Centralized View: Use a platform to consolidate fraud data and insights.
e Automation: Automate tasks like rule creation and model deployment.

3 Techniques and Publications

In the last few years, several articles have performed surveys and reviews of fraud
detection and prevention strategies existent in the literature. Table 1 summarizes a few
articles published in the last decade. Cybercrimes involving digital or electronic transac-
tions come in a variety of forms and are constantly changing. Analysis of the past year’s
surveys is required to gain insight that can help in understanding and selecting the papers.
Findings of the pre-researched papers are presented which cover the range of years and
the number of papers reviewed. Technological advancements have come a long way.
With technology being everywhere, the number of fraudulent activities has increased
substantially. Researchers have analyzed a lot of fraud detection techniques over the
years. Table 3 shows the detailed taxonomy of fraud detection techniques reviewed in
this work.

Table 3. Technique-specific publication

Category Fraud Detection | Algorithms Authors and Year of Publication

Techniques

Supervised Learning Decision Tree Save it. Al [22] Robinson and
Hidden Markov Model SVM | Aria[23] Abdulla et. Al[15]
Genetic HaratiNik et al.[25]

Neural Network

Unsupervised Learning Clustering Behera et al.[26] Wang et al.[27]
Isolation Forest

Nature Inspired Genetic Algorithm for Ileberi et al.[28]
Feature Selection Competitive | Karthikeyan et al.[29]
Swarm Optimization

Hybrid Random Forest and KNN Nami et al.[7]
Logistic regression and NN Sahin Y and Duman E [30]
Sequential Minimal Hussein et al.[31] Pradhan

Optimization with Logistic et al.[32]

Regression Random Forest Malini N and Pushpa M[33]
and ANN Sahin Y and Duman E[34]
KNN and Outlier Detection
SVM and Decision tree

These algorithms can be used by understanding their evaluation metrics such as
accuracy, precision, and recall. Some of the algorithms stated above are mentioned in
Table 4 to get a better view of how effective they are. We have discussed models of
classification above and used them on the dataset. In the below given tables Accuracy,
Precision, and Recall show the fraudulent transaction in the dataset. As we can see, the
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Neural Network achieves the highest accuracy and recall in supervised learning, while

the highest precision is demonstrated by the Random Forest. The Decision Tree, Support
Vector Machine, and Bayesian Network Classifier show similar levels of accuracy.

Table 4. Evaluation Metrics of Algorithms

Method Algorithm Accuracy Precision Recall Reference
Supervised Decision Tree | 92.88 92.48 91.00 Adebayo
Learning et al.[35]
Li et al.[36]
Support Vector | 92.00 93.22 89.00 Li et al.[36]
Machine
Bayesian 91.62 97.09 84.82 Saputra
Network A[37]
Classifier
Neural 98.69 98.41 98.98 Daliri S[38]
Network
Random Forest | 98 99.99 96 Aburbejan
et al.[39]
K-Nearest 97.55 84.52 Prasetiyo
Neighbour et al.[40]
Unsupervised | Clustering Depends on | Depends on | Depends on
Learning the cluster the cluster the cluster
size size size
Nature Inspired | Genetic 93 90 Tayebi, M.,
Algorithm & El
Swarm 98.20 Kafhali, 5
Optimization [41]

4 Scope for Further Research

This study distinguishes various types of e-commerce fraud that might impact any kind
of organization. Effectively combating commercial fraud requires identifying the salient
cases, which provide opportunities for additional research. A number of fraud detection
and prevention solutions are available in the market, and more research can be done to
determine which tool is most appropriate for handling fraud given the difficulties that a
specific industrial or economic sector faces.

5 Conclusion

Many payment mechanisms, including credit and debit cards, cell phones, kiosks, etc.,
are used in modern commercial transactions. Simultaneously, con artists are becoming
more adept at pinpointing vulnerabilities in business dealings. Therefore, any firm must
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recognize fraud. Furthermore, thanks to technological advancements, banks and the
commercial sector can now detect fraud. Organizations are implementing technology to
identify fraud because of the availability of more processing power, improvements in
statistical modeling, and the capacity to collect and store large amounts of data.
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Abstract. Early detection of speech disorders in children is critical for effective
intervention and treatment. This paper presents an innovative tool leveraging the
Internet of Things (IoT) and advanced data mining techniques to identify speech
disorders in children at an early stage. This paper explores the integration of
IoT and data mining technologies for the early detection of speech disorders in
children by applying advanced algorithms. The aim is to develop an efficient
tool for early diagnosis and intervention, enhancing speech therapy outcomes
through real-time monitoring and analysis. The system integrates IoT-enabled
devices for real-time data collection, capturing various speech parameters such as
pitch, tone, and articulation. These data are processed using advanced algorithms,
including machine learning and deep learning techniques, to analyze patterns and
anomalies indicative of speech disorders. The proposed paper offers a user-friendly
interface for parents, educators, and healthcare professionals, providing insights
into a child’s speech development and highlighting potential areas of concern. The
system’s effectiveness is evaluated through extensive testing with a diverse dataset,
demonstrating its accuracy and reliability in identifying various speech disorders,
such as stuttering, dysarthria, and apraxia. By facilitating early diagnosis, this tool
aims to improve the quality of life for children with speech disorders through
timely and targeted interventions.

Keywords: IoT - Speech Disorder - Dysarthria - Apraxia - Data Mining

1 Introduction

Speech disorders in children can significantly impact their social, emotional, and aca-
demic development. It is imperative to identify and intervene early in order to mitigate
these impacts and provide timely help. In recent years, advancements in technology have
opened new avenues for diagnosing and managing speech disorders. This paper intro-
duces an innovative Internet of Things (IoT) and data mining-based tool designed for
the early detection of speech disorders in children. By leveraging the power of Cuckoo-
based search optimization algorithms and Recurrent Neural Networks (RNNSs), this tool
aims to provide an efficient and accurate diagnosis, facilitating early intervention and
treatment.
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The Layered Recurrent Neural Networks-Improved Cuckoo Search Optimization
(LRNN-ICSO) method comprises three steps. First, the feature subset selection is made
by applying clustered cuckoo search optimization. With this optimization mechanism, a
fitness function based on k-means clustering is evolved using energy and entropy as two
different factors for clustering. These highly correlated optimized features are obtained
by analyzing the switching parameter via cuckoo search.

The IoT-based approach enables the continuous monitoring and collection of chil-
dren’s speech data in naturalistic settings, such as homes and classrooms. This data is
then processed using data mining techniques to identify patterns indicative of speech
disorders. The integration of Cuckoo-based search optimization algorithms helps in fine-
tuning the parameters of the data mining models, ensuring high accuracy and reliability.
This optimization technique mimics the brood parasitism behavior of cuckoo birds,
effectively searching for the best solutions in a given problem space, which in this case,
involves identifying the most relevant features of speech data that indicate disorders.

Recurrent Neural Networks (RNN5s) are essential for analyzing voice data because
they can capture temporal relationships, which are critical for precise diagnosis. This task
is especially well suited for RNNs because of its capacity to handle data sequences and
retain context across time. By combining IoT, data mining, Cuckoo-based optimization,
and RNNs, the recommended method enhances the early diagnosis of speech disorders
and offers a scalable and flexible solution that can be customized to each child’s unique
needs. Through the ability to provide earlier and more targeted interventions, this all-
encompassing strategy promises to enhance the quality of life for kids with speech
difficulties.

2 Related Work

Speech sound disorder (SSD) in children is the term used to indicate persistent problems
in creating specific speech sounds after the expected age of learning, according to Si loi
Ng, Dehua Tao, et al. (2018). For children who speak Cantonese, this sample system
automatically evaluates SSD. The system comprises of an assessment scheme that is
clinically informed, a mobile application, and back-end automatic speech recognition
(ASR) for child speech. When used, it can help detect and diagnose any suspected SSD
signs early on [1].

Socially Assistive Robots (SARs) are the assistive technology that has the greatest
potential to benefit children with disabilities when it comes to special education appli-
cations. They can encourage social contact, function as a playmate or mediator when
interacting with other kids or adults, and help kids go from being passive observers of
their environment to active participants [2].

Cuckoo is an algorithm based on swarm intelligence, which, as its name implies, is
the collective behaviour of dispersed, self-governing systems that eventually produces
the optimum outcome. Yang is the creator of the Cuckoo Search algorithm [3].

Any evolutionary algorithm can be said to follow “The Survival of the Fittest,” as
stated in Charles Darwin’s hypothesis. The incredibly appealing sound that cuckoos
produce is what draws people to them as birds. However, they take a very aggressive
stance when it comes to procreation. Because they lay their eggs in other species’ nests,
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they are commonly referred to as brood parasites. They take out other animals’ eggs and
replace them with their own. Certain Cuckoo birds have acquired a special capacity to
mimic the pattern and colour of the egg to trick the birds that make up their target nests
because other species have a tendency to discard Cuckoo eggs when they discover this.
Because they lay their eggs before the birds that target their nests, giving their eggs more
room and food from the host nests, these are known as parasites. Over this nature-based
method is constructed the Cuckoo Search algorithm.

Using machine intelligence to create an accurate telemonitoring and diagnosis system
for Parkinson’s disease (PD) is another driving force. For decades, neural networks have
been effectively employed in a variety of diagnostic systems; They can be thoroughly
altered and scrutinized to determine whether Parkinson’s disease is present. The goal of
combining voice-based analysis with neural network power is to create an automated
decision support tool that will aid physicians in the diagnosing process. As a result, a
more user-friendly, affordable, and precise telemonitoring and diagnosis system will be
implemented, and the higher early diagnosis rate will benefit community health care.
[4-6].

3 Related Work

Speech Disorder is a state in which a human being has an issue generating or initi-
ate the sounds of speech that are needed to communicate with others. This can make
the children’s words difficult to understand Speech problems affect the way a person
forms words by producing sounds. Some vocal problems could be classified as speech
problems as well. Stuttering is one of the most common speech impairments. Aphasia
and dysarthria are examples of further speech impairments. Apraxia is a mechanical
speech impairment brought on by damage to the speaking-related areas of the brain. A
mechanical speech disease called dysarthria causes weakness or difficulty moving the
lips, face, or lungs’ muscles. Certain individuals with speech impairments are receptive
to their intended words but struggle to articulate them. Depression and problems with
self-esteem could result from this. Both adults and children can be affected by speech
difficulties. These disorders can be corrected with early therapy.

3.1 Types of Speech Disorder

Childhood Apraxia of Speech

A child has the problem making actions when communicating, with childhood apraxia
of speech. Children with apraxia of speech (CAS) have attribute or speech indication
which vary based on severity and age of speech issues. Many children have issues with
languages, namely difficulty with word order or reduced vocabulary. It occurs due to the
brain which has difficulty in coordinating the actions. To reduce the risk of continuing
persistence of issues, childhood apraxia of speech should be diagnosed and treated.

Speech Sound Disorders/Articulation Disorders
This is common in young children. Here the articulation disorders which form certain
sounds are based on inability. Certain sounds and words may change, such as making a
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“th” sound in place of an “s” sound. Speech-Language Pathologists (SLP) identify how
your child moves lips, jaw, and tongue. To say sounds properly, SLPs assist by learning
to create sounds and instruct sounds are right or wrong. Practicing sounds in longer
sentences and diverse words of sound.

Receptive Disorders

Receptive disorders make trouble in understanding and processing, causing a limited
vocabulary or trouble. Disorders can lead to receptive disorders such as autism Since it
differs from kid to child, receptive language disorder cannot be diagnosed by a collection
of symptoms. To diagnose this disorder through checking vision impairment by vision
test. Receptive Disorders are treated by speech-language therapy.

Dysarthria

Dysarthria is a type of speech disorder that is needed for speech production which occurs
due to failure in the muscles. Dysarthria is a speech disorder that takes place because of
sickness in the muscles necessary for speech production after a stroke, brain infection
or brain injury People can develop dysarthria. Certain neurodegenerative infection that
injures brain parts that manage the muscles that word involves.

3.2 Cuckoo Search Optimization Technique

Three distinct processes are used to implement the Cuckoo Search Optimization Tech-
nique approach in order to achieve its goal. The optimum feature selection, relevant
feature (i.e., relevant speech signal), and diagnosis are crucial for children’s speech
recognition.

The input voice signals are initially subjected to feature subset selection using the
Clustered Cuckoo Search Optimised Feature Subset Selection model in order to deter-
mine the best feature or speech signals. The computation of lung capacity then uses
the best or chosen input signals as input. Here, the energy and duration of the intake
and exhalation are taken into consideration while estimating the lung capacity for each
gender. Lastly, a three-layered hidden layer layered recurrent neural network is applied
to the ideal and significant features (i.e., signals) for a precise and accurate assessment
of dysarthria speech problem.

The signals of a patient with dysarthria are provided as input, after which the signal
decomposition is done, leading to the creation of two sub-bands, which are reported
below.

-1
k+1(l,]) Z Z LP(a)HP(a)SSk( +2i,b+2)) M

l _
SSk+2(i,j) - Z Z HP(a)LP (a)SS k(a+2l b+2j) 2

From the above Egs. (1) and (2), ‘st k+1G j) , ‘Ss! k+2(.) > refers to the speech signal
sub band of horizontal and vertical levels, with ‘LP’, ‘HP representing the low pass
and high pass filters and i’, j” denoting the speech signal variables along the horizontal
and vertical directions for ‘m’ rows and ‘n’ columns respectively. Now, the output corre-
sponds to two sub bands, which are the horizontal and vertical coefficients respectively.
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With the obtained sub band for each speech signals, according to three idealized rules of
the conventional Cuckoo Search, each host nest (i.e., speech signals) denotes a possible
solution in multi-dimensional space.

3.3 Layered Recurrent Neural Networks (LRNN)

Children’s speech disorders are diagnosed using a Layered Recurrent Neural Network.
This network makes use of within-layer recurrence in an aggressive way to select the
fittest individuals or speech signals. An architecture for a hybrid neural network is
provided here, which can smoothly incorporate the parents, or original speech signals,
into any LRNN and optimize the network as a whole to achieve better performance.
This enables learning at many levels according to the parent’s traits. Furthermore, a
mathematical process called a meta heuristic is used to generate the diagnosis with
optimum weight and bias factor instead of general feed forward networks (Fig. 1).

Input Speech Signal Perforrp preprocessing for
from Children removing noise signals

Perform feature extraction for
transforming raw speech signals to
understandable form

Y

Perform feature subset

v

Layered RNN

Y
( Dysarthria diagnosis)

Fig. 1. IoT Based Speech Therapy Tool for identification of Children Speech Disorder
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TORGO database is used for effective dysarthria speech disorder diagnosis and
treatment utilising articulatory characteristics taken from participants with cerebral palsy
(CP) or amyotrophic lateral sclerosis (ALS). This dataset provides a count of videos in
which digital cameras are used as a filming tool.

3.4 IoT Based Tool

The suggested system offers a medical equipment monitoring system to smart homes
and clinics. Focused on speech recognition. Based on the suggested speech recogni-
tion technology is Raspberry Pi. To monitor the machines, a relay circuit connects the
Raspberry Pi to the domestic appliances. According to Fig. 3.2 the Raspberry Pi and the
controller are connected using serial connections (Fig. 2).

Fig. 2. The proposed components of Speech Recognition System

4 Results and Discussion

Here the Performance is measured by three different metrics.

1. Precision
2. F-Measure
3. Accuracy

4.1 Performance Measure of Precision

The accuracy rate is the first aspect taken into account when assessing children with
speech disorders. In order to analyse the precision rate, it is necessary to have both the
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retrieved speech signals and the pertinent speech signals. The accuracy rate is measured
in this way.

n S8 rer
P=LC —— % 100 3
[Zi:l TotSS rer * :| )

Equation (3) above is used to evaluate the precision (P) by taking into account the
estimation of lung capacity (LC) and the relevant speech signals (SS ;) to the retrieved
speech signals (TotSS ;). It is expressed as a percentage.

Table 1. Tabulated results of Precision

Number of Children | Precision (%)

speech signals Proposed LRNN-ICSO | Existing NB-SRM | Existing KNN-SRM
15 96.56 77.5 47.23
30 95.15 75.25 49.15
45 94 74.15 49
60 94.8 74 48.85
75 94.65 73.85 48.55
90 94.35 73.75 48.15
105 93.15 73.55 48
120 93 73 47.75
135 92.55 72.15 47.25
150 92.45 72 47

Table 1 given above shows the results of the precision for three different meth-
ods, Layered Recurrent Neural Networks with Improved Cuckoo Search Optimization
LRNN-ICSO, Naive Bayes — Speech Recognition Model (NB-SRM) and K-Nearest
Neighbor Speech Recognition Model (KNN-SRM) respectively for different speech sig-
nals provided as input. The comparative table analysis for all the three methods shows
similar decrease in the tabulated value with the increasing number of speech signals
with a considerable improved in the proposed LRNN-ICSO method. This is evident
from the precision of LRNN-ICSO method for a sample of 120 different speech signals
provided as input. Here, the precision rate was found to be 93.15% when applied with
LRNN-ICSO method, 73% compared to NB-SRM and 47.75% compared to KNN-SRM
respectively.

4.2 Performance Measure of F-Measure

In this section, a measure of precision and recall known as the F-measure is used to
assess the quality of subband clustering; a high F-measure corresponds to high accuracy.
The test’s evaluation is based on its recall and precision. The precision is determined
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by dividing the entire number of positive findings, including those that were wrongly
identified, by the number of correctly identified positive results (dysarthria diagnosis
and accurate assessment). The recall is calculated by counting the number of correctly
identified positive results in relation to the speech signals provided as input that should
have been recognized as positive (Table 2).

Table 2. Tabulated results of F-measure

Number of Children | F-measure (%)

speech signals Proposed LRNN-ICSO | Existing NB-SRM | Existing KNN-SRM
15 0.9 0.82 0.8
30 0.88 0.8 0.79
45 0.85 0.79 0.77
60 0.83 0.77 0.75
75 0.81 0.75 0.72
90 0.8 0.73 0.7
105 0.79 0.71 0.69
120 0.77 0.7 0.67
135 0.75 0.68 0.65
150 0.73 0.67 0.63

4.3 Performance Measure of Accuracy

The accuracy performance measure is assessed for the important speech disorder eval-
uations. The number of speech signals that were correctly analysed and classified as
belonging to children with the condition is what is meant by accuracy in this context.
The mathematical expression for this is as follows (Table 3).

n LC(SScRr)
A=Y T )

From the above Eq. (4), the accuracy factor ‘A’ is measured based on the speech
signals correctly diagnosed ‘SScr’ by considering the lung capacity ‘LC’ to the speech
signals considered for simulation ‘SS;’. The unit of measurement is the percentage (%).

Here our Proposed method Layered Recurrent Neural Networks — Improved Cuckoo
Search Optimization Techniques (LRNN-ICSO) have the highest accuracy rate com-
pared with the existing methods Naive Bayes — Speech Recognition Model (NB-SRM)
and K-Nearest Neighbor — Speech Recognition Model (KNN-SRM).
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Table 3. Tabulated results of Accuracy

Number of Children | Accuracy (%)

speech signals Proposed LRNN-ICSO | Existing NB-SRM | Existing KNN-SRM
15 97.03 87.95 92.77
30 96.25 86.35 91.55
45 96 86 91

60 95.85 85.55 90.85
75 95.35 85.15 90.65
90 95 85 90
105 94.75 84.85 89.35
120 92 84.35 89.15
135 90.55 84.15 87.25
150 90.25 84 86

5 Conclusion

The LRNN-ICSO approach enhances F-measure and accuracy with precision, enhancing
the evaluation of children’s speech disorders. There are three different processes at play.
These include lung capacity estimation-based relevant feature selection, diagnosis, and
feature subset selection. The input voice signals are initially subjected to Cuckoo Search
Optimized Feature Subset Selection in order to increase accuracy, precision, and recall.
This improves test accuracy and makes F-measure analysis easier. Ultimately, a three-
layer approach known as Layered RNN is used to make the diagnosis; analysis is carried
out in the hidden layer to provide a reliable assessment of the illness. According to
the experimental results, the suggested LRNN-ICSO method, when compared to current
state-of-the-art methods, provides accuracy with precise assessment of children’s speech
disorders.
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Abstract. This article summarizes the findings of a study that was conducted on
change discovery using machine literacy algorithms within the environment of
Google Earth Engine (GEE). The study concentrated on the Bharatpur District,
which is located in the state of Rajasthan in India. The exploration makes use
of data collected through remote seeing and ways grounded on machine literacy
to identify land cover changes over a particular period of time. Using the broad
capabilities of GEE, a detailed study is carried out in order to identify and classify
important changes in the geography. These changes include civic expansion, agrar-
ian shifts, and the deterioration of natural territories. The study maps and quantifies
changes in land cover through the operation of machine literacy algorithms. This
will give significant perceptivity on the dynamics of land use within the region.
The findings add to a more in-depth understanding of environmental transitions
and enable informed sustainable land operation decisions and development plans
in the Bharatpur District and other places that are similar.

Keywords: Change detection - Google Earth - Machine Learning - Rajasthan

1 Introduction

Knowing about the type of land cover in a certain area is super important. It helps with
things like managing resources, planning land use, keeping an eye on the environment,
responding disasters, studying climate change, and even protecting biodiversity lots of
stuff, right? Satellite imaging gives us tons of data to help understand land cover types &
how they change over time [1]. One common way to classify this land cover is through
visual interpretation of satellite images. Here, experts use their experience to spot and
label different types of land cover. They look at things like color, texture, & shape to
make their assessments. But here’s the catch: manually interpreting these images can
take a lot of time. It can also be pretty subjective and might lead to mistakes. So, while it’s
useful, it has its downsides for sure. Machine Learning methods are being used more & to
help automate how we classify land cover, especially when dealing with big datasets [2].
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So, what’s happening? Well, in Machine Learning, computers learn from data already
labeled. This helps them to find patterns & features that set apart different types of
land cover. Once the model is trained, it can also do its thing on data that isn’t labeled.
There are many benefits to using Machine Learning compared to doing it all by hand.
For one, it works a lot faster Plus, the results tend to be more consistent. Another cool
thing is its ability to manage huge datasets without breaking a sweat. Machine Learning
algorithms can get better over time. This makes them more precise & dependable. In
the end, Machine literacy is super helpful. It can give us important information on
land cover changes and help people in making choices in different areas like husbandry,
ecology, and megacity planning [3]. Google Earth Engine (GEE) is a great tool that helps
experimenters. They can fluently work with satellite data & apply machine literacy to
classify images [4]. GEE has a huge library of satellite filmland, plus it offers cool
functions to dissect our earth. With its machine learning algorithms, like Random Forest
or Support Vector Machine (SVM), GEE trains a model using labeled data. This helps in
sorting images directly [5]. The labeled data is made up of satellite images. Each pixel
in those images what type of land cover it is. You can get this training data from being
land cover charts. Or, you can indeed produce it by looking at the satellite filmland and
also labeling every pixel by hand [6]. Once you have that, applying the trained model
to new images can be done fluently using the classify() function in GEE. When you do
this, you get a new image where every pixel has its land cover type labeled. To make
all this be in GEE, there is a handy law editor. This editor works with both Python &
JavaScript. You can dissect the images and do all feathers of tasks without too important
trouble.

Using machine learning for image categorization. It can really boost how accurate &
efficient we are when analyzing satellite data. Thanks to GEE, there’s a huge library of
satellite images. Researchers can quickly get to the data they need to push their projects
forward.

The findings in the study area matter a lot. They help shape land use policies, figure
out cropping patterns, check on natural resources, & understand changes caused by
climate change. The water conservation initiatives in this watershed region have a direct
influence on the availability of groundwater and surface water conditions. This document
elucidates the process of achieving the goals by using machine learning algorithms and
the Google Earth Engine platform, in addition to outlining the essential methodologies
needed. This subject field has a notable disparity, accompanied by crucial discoveries
and areas of knowledge that need more investigation. Presently, the use of machine
learning models and the Google earth engine platform is of greater significance for the
analysis of extensive datasets.

2 Review of Literature

Saxena et al. (2024) [7] stated that the implementation of the western Rajasthan, IGNP
had a substantial effect on alterations in land use and land cover (LULC), resulting in
considerable modifications to the hydrologic cycle in the last few decades. This analysis
will cover the time span from 1990 to 2020. SEBAL uses Indian Meteorological Depart-
ment meteorological data was utilized to analyze Landsat data. Machine learning-based
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random forest classifiers created LULC maps. High ET levels are largely in the north-
west. The farmland area has grown at a rate of 734.76 km? a~! throughout time. Urban
settlements and built-up areas are growing at 14.67 km? a~!. Conversely, barren areas are
diminishing at a rate of 751.67 km? a—!. Water coverage has fluctuated somewhat. They
significantly affect ET in the IGNP area. Due to increasing water availability, vegetation
has expanded.

Baghel et al. (2024) [8] examined that the alterations in land use and land cover
(LULC) are a key driver of global climatic, ecological, and environmental transforma-
tions. The Mand catchment in Chhattisgarh is studied. Population increases, urbaniza-
tion, mining, agriculture, and climate change have changed (LULC) in this area. The
study focused on (LULC) changes across time and anticipated future trends. A Geo-
graphic Information System (GIS) with an image classification system supervised by a
human expert examined (LULC) trends from 2001 to 2021. The CA—ANN model with
QGIS’ MOLUSCE plugin anticipated LULC trends from 2030 to 2040. LULC accuracy
was 82%, 86%, and 90% in 2001, 2010, and 2021. The kappa coefficient for the same
years was 0.79, 0.84, and 0.88. During the study period, agricultural land increased to
31.76% in 2021. From 2001 to 2021, open forest, shallow waterbody, fallow land, and
settlement increased 1.7%, 7.41%, 7.57%, and 2.55%, correspondingly. Like previous
years, urban areas, abandoned land, farmland, open forests, shallow water bodies, and
scrubland are expected to increase while thick forests, deep water bodies, and barren land
decrease in 2030 and 2040. This long-term land use and land cover (LULC) study will
help policymakers and planners manage the research area’s ecosystems and maintain
development.

Goyal et al. (2023) [9]. Wetlands are essential elements ecosystem maintaining eco-
logical niches and variety of plants and animals. It is crucial to investigate the changes
in the flooding area of these sites and suggest appropriate methods for their preserva-
tion due to their ecological importance. This study uses Landsat photos from 1991 to
2020 to assess flooding patterns at all 64 Chinese Ramsar sites. Annual composites
were generated between June and September utilizing short-wave infrared threshold-
ing to construct inundation maps. Every Ramsar site was studied separately to see how
regional geographical and climatic variables affect its behavior. The Mann-Kendall test
found trends in each location’s flooding research. Eight sites showed a significant reduc-
tion, while 14 sites showed a significant gain. Hubei Wang Lake was 72.0% accurate and
ZhangyeHeihe Wetland National Nature Reserve 98.0%. The average webpage accu-
racy was 90.0%. The results underscore the need to implement conservation strategies
to strategies for Ramsar areas.

Gavhane et al. (2023) [10]studied that the rapid increase in population and result-
ing need for freshwater, together with the rivalry between irrigation, household, and
industrial sectors, along with the impact of climate change, has made it necessary to
manage water resources in a careful and efficient manner. Rainwater harvesting (RWH)
is often regarded as a very efficient approach to water management. The correct installa-
tion, operation, and maintenance of RWH structures depend on the location and design.
This study seeks to determine the best Gambhir watershed, Rajasthan, India, rainfall
harvesting (RWH) construction and design site. GIS was employed with the dependable
hierarchical multi-criteria decision analysis. High-resolution Sentinel-2A data and an
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Advanced Land Observation Satellite digital elevation model were employed; Runoff
was the main reason in placing rainwater harvesting (RWH) systems. It was found that
75.54 square kilometers (13% of the total area) were ideal for RWH constructions. Addi-
tionally, 114.56 square kilometers (19%) of the entire land was very suitable. Rainwater
harvesting (RWH) facilities were not allowed on 43.77 square kilometers, 7% of the land
area. Boolean logic also targeted a certain RWH architecture. Analytically created maps
of water resource development in the watershed would be valuable for policymakers and
hydrologists in identifying and installing rainwater harvesting (RWH) infrastructure in
the research area.

Kumar (2023) [11] studied of geographical change rely heavily on remote sensing
(RS) for a variety of Land Use/Land Cover (LU/LC) applications, including but not
limited to vegetation, forestry, agriculture, and urbanization. The geographical data pro-
vided by the RS satellite imaging is essential for monitoring and studying the whole
planet. The proposed research utilizes Landsat satellite data that is both multitemporal
and multispectral to derive (LU/LC) features for the Haridwar area. Image preprocessing
techniques (such as geometry correction, atmospheric correction, and image transform)
are crucial for achieving an accurate classification of land cover characteristics. Accu-
rately classifying land cover characteristics and detecting changes in them is aided by
this method. The land cover elements are classified into one of seven categories using
the Region of Interest (ROI) tool in Google Earth alongside a topographic map. The
SVM classifier correctly labels images from 2017 and beyond, as well as those from
2003 and 1996, with respective accuracy percentages of 90.00, 82.75, 86.37, and 83.38.
Post-classification analysis may reveal changes in land cover characteristics. The fast
expansion of Haridwar’s urban and industrial sectors since 1996 has resulted in a loss of
13,698.36 hectares (ha) of orchards and 1,638.81 hectares (ha) of greenery, respectively.
Monitoring and assessing research region land cover changes benefits greatly from the
LU/LC change information gleaned through the analysis.

Singh et al. (2022) [12] examined that information on yields help traders and produc-
ers plan agricultural production, sowing, harvesting, and marketing. Several Sentinel-2
datasets were analyzed to obtain crucial information for agricultural land use categoriza-
tion regions that could not have been gleaned from multi-spectral datasets alone. And
integrated the ANN classifier with the Post-Classification Comparison (PCC), which
allows to predict seasonal variation in satellite images. ANN-based change detection is
apost-classification comparison approach that uses the ANN classifier. To verify the effi-
cacy of ANN, this procedure used cross-validation using a standard MLC. In contrast to
the traditional PCC-MLC model, which obtained accuracy on the order of 86%—88% for
classed maps and 84%—-86% for change maps, classified maps were 90%—-93% accurate
and change maps 87%—-90% accurate with PCC-ANN.

Zhao et al. (2022) [13] studied many decades-old structures in Beijing have been
dismantled because of gradually adjusting urban development and ending non-essential
operations. As a result, Construction and Demolition waste (CDW) has emerged as a
major issue in the fight against urban and dust pollution. CDW piles, however, are unsta-
ble and have unsteady edges. Therefore, accurate and timely mapping of CDW zones is
crucial to achieving urban growth while conserving the environment. And presented a
change detection and deep learning-based approach to CDW identification as a solution
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to this problem. The sample size was increased by 25.4% utilizing post-classification
comparison for change identification. DeepLabV3+ was trained using extended sam-
ples as input. With a Kappa of 0.8642, CDW identification accuracy was found to be
91.67% overall. The accuracy indices were also computed with the decreased sample
size, yielding a mean Intersection-over-Union value of 0.086 lower. The outcomes of
PSPNet and UNet were consistent with one another. This data demonstrates that change
detection might help deep learning models perform better. This research is the first to
distinguish between three distinct types of Construction and Demolition waste (CDW),
and it successfully addresses the problem of (CDW) often being incorrectly labeled as
“bare land”.

Ebel et al. (2021) [14] because of the tremendous advancement in remote sensing
technology over the course of last decade, remote sensing data modalities that were
captured by a wide range of sensors are now readily available. It is common for several
sensors to offer information that complements one another, and as a result, it is feasible
to conduct an observation of Earth that is both more comprehensive and accurate by inte-
grating the information that these sensors provide together. Although change detection
techniques have historically been presented for data sets that are homogenous, this does
not mean that the two types of data cannot be combined. In addition, there is a common
deficiency in the amount of multi-modal data sets that are accessible, which might make
it difficult to do research in this area. As a means of addressing these deficiencies in the
existing system, compiled an innovative data set for multi-modal change detection.

Chughtai et al. (2021) [15] studied to grasp how people fit into the natural world,
it is crucial to evaluate LULC change. Massive geographical shifts and technological
developments have prompted academics to bolster their data sets. Changes in LULC may
be tracked more easily throughout time periods now because of the remote sensing and
GIS. This technology has been invaluable to the scientific community and has helped
to shed light on shifts on a global and regional scale. Too far, remote sensing has used
several different change detection algorithms, and ongoing research and development
is yielding ever more sophisticated methods. Depending on the specifics of the study,
researchers may use several different algorithms to sift through the abundance of satellite
remote sensing data that has been available over the last several decades. It is strongly
advised that any remote sensing project use an adequate change detection approach. This
review study starts out with a look at the time-honored approaches of spotting shifts in
LULC data at the regional level, both before and after categorization. So, this article
compared the most popular change detection approach to the others, and the findings
are impressive. A location with a variety of topographical elements was chosen for this
comparative examination because it provided the greatest evidence that MLC is superior
than the alternatives. When compared to other approaches, MLC’s excellent accuracy
across all regions has made it the most popular one to utilize from the past to the present.

Saberetal. (2021) [16] examined that this study’s primary goal is to assess the efficacy
of several change detection methods for keeping tabs on land-cover shifts in the study
area, which is situated in the new administrative capital zone of the Cairo Governorate,
Egypt, between 2016 and 2017. There are a total of 77,350 square kilometers in the study
area. Nanosat satellite photographs with impressive 3 m * 3 m resolution were used
as the basis for two satellite photographs encompassing the research region. Maximum



390 G. Sharma and M. K. Sharma

Likelihood Classifier was used to categorize the study area into several types of surfaces,
such as pavement, sand, rocks, bare soil, pathways, and structures. The methods of post-
classification, independent component analysis, and PCA were used to spot the shifts.
The findings of various methods were quantitatively compared to choose the change
detection method that will be most effective at revealing the specifics of land-cover shifts
inthe nation’s capital. As shown by the findings, principal component analysis yielded the
lowest accuracy while post-classification change detection yielded the greatest. Finally,
the results demonstrate the simplicity of the post-classification change detection method,
which is direct and whose accuracy is mostly reliant on the precision with which the
two photos were first classified. The highest accuracy was 53.430 post-classification for
the produced change/unchanged and categorized change pictures, with kappa values of
0.100 and 0.202. There are additional steps in processing, such a transformation stage,
needed for the other two methods of change detection.

Mishra et al. (2020) [17] studied that the concept of land use refers to the way
land is used and allocated for various purposes, such as residential, commercial. The
examination of changes in land cover has shown its use in examining the effects of
an event on a specific geographical area. The assessment of regional transformations
resulting from urbanization, deforestation, or disasters may be effectively conducted
via the use of LULC change detection analysis. The use of RS and GIS technologies
has been employed for the examination of both long-term and short-term alterations
in biodiversity and LULC inside a specific geographic region. In this article, we give
a case analysis of the flash floods that occurred in Uttarakhand in 2013. We’re using
multi-spectral Landsat satellite images to look nearly at land use and land cover (LULC
have changed over time in the area affected. So, then the deal we work with images from
both Landsat 7 & 8. This is where the MLA comes into play. Oh, and we also add the
NDVI to make effects indeed better. Our area is resolve into five main types mountains,
agreements, shops, water, & glaciers. We’ve achieved a high delicacy rate over 92. By
assaying these LULC maps, we can see significant changes that happed after the disaster.

Thwal et al. (2019) [18] examined one of the pivotal factors in environmental leader-
ship and civic planning is the categorization of land cover and change discovery analysis
grounded on remote seeing prints using a machine learning algorithm. We noticed some
challenges with how the government handles communal planning, especially with far-
ther people moving into cosmopolises. So, we chose to look nearly at Yangon for our
study. Our system is enough neat! We use a type of tool the RF classifier in GEE to take
a good look at what’s end to Yangon’s land from 1987 to 2017. We check every five
times, also see what find. To make categorization more, we add in some helpful data
like NDVI, NDBI, & pitch from the Shutter Radar Topography Mission (SRTM). The
RF classifier helps us sort the land cover using several bands. Guess what? We got an
overall delicacy of 96.73. That is enough great! And our kappa statistic is 0.95 for the
land bracket chart of 2017, which shows 7 different classes. At the end, we also did a
change discovery study over 30 times. This showed some big changes in civic life, wild
areas, and granges.
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3 Problem Formulation

Bharatpur District is in Rajasthan, India. It’s changing presto! Urbanization, husbandry,
and climate change are playing a part. These make it tough for the area to develop
sustainably. We need to manage natural resources well, but it’s a challenge. Now, remote
seeing tech can help. When we mix it with machine knowledge, we have a great way to
check and study how land cover changes over time. But also is the thing the styles used
right now in Bharatpur are not really effective. They are not super accurate & they don’t
gauge up well also. Generally, people look at satellite images manually. This takes a lot
of time & there are multitudinous chances for misapprehensions. Plus, they don’t fully
use the miraculous datasets and calculating power that tools like Google Earth Engine
(GEE) offer. So, to attack these problems, this study will make and use a special machine
learning frame with Google Earth Engine for spotting changes.

4 Material and Methods

Cloud-based Google Earth Engine that allow stoner to pierce and dissect vast quantities
of geospatial data from varied sources, including satellite imagery, upstanding photog-
raphy, and environmental data. With Google Earth Engine, druggies can perform a wide
range of tasks, similar as processing and assaying satellite imagery, creating time-series
robustness, generating charts and maps, and indeed erecting machine literacy models
to classify land cover or descry changes in foliage over time. All these tasks calculate
on the geospatial nature of the data, which is defined by geographic equals similar as
longitude and latitude.
Two types of spatial data exist based on their nature and representation:

Vector Data: Vector data are represented by points, lines, and polygons. Points represent
a single position on the map, analogous as a municipality or a specific corner. Lines
represent a series of connected points, analogous as roads, gutters, or roads. Polygons
represent enclosed areas, analogous as countries, countries, or neighbourhoods.

Raster Data: Raster data are represented by a grid of cells or pixels with values for each
map position that represents some particularity of that position, analogous as tempera-
ture, elevation, or leafage index. Raster data are generally used for assaying and mapping
continuous sensations, analogous as land cover, climate, and topography.

Satellites, planes, and drones collect raster data of Earth’s face. These images are
stored as arrays of pixels, where each pixel contains information about the reflectance
or emigration of energy at a particular position on the earth’s face. The most common
train formats for storing raster data are TIFF, JPEG, GIF, and PNG.

Google Earth Engine is complete at storing and assaying raster cinema attained from
several satellite platforms, analogous as MODIS, Landsat, and Sentinel. The MODIS
instrument, short for Moderate Resolution Imaging Spectro radiometer, is a vital element
of two Terra and Aqua NASA EOS spacecraft. It collects data on several environmental
factors, including land cover, leafage, and temperature. Landsat is a common program
of NASA and the US Geological Survey (USGS) that captures images of the earth’s
face with high resolution and multispectral data. Sentinel is a satellite constellation
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developed by the (ESA) that provides data for covering land use, water resources, and
climate change.

Satellite images captured by platforms analogous as MODIS are useful for a wide
range of operations related to land cover, land use, and environmental monitoring. Some
of the applications include:

Forest analysis: Satellite images can be used to cover the extent and health of timber
cover, descry deforestation and timber declination, and assess the impact of natural
disasters similar as backfires or nonentity outbreaks.

Water-covered areas: Satellite imagery can collude water bodies, examiner water
situations and quality, and dissect flood tide and failure impacts.

Land use change: Satellite imagery can track land use changes like urbanization and
agrarian expansion, or natural reforestation.

Land cover: Satellite images collude the distribution and features of land cover types,
similar as timbers, champaigns, washes, or spreads.

Land health assessment: Satellite images can be used to assess the health and productivity
of land ecosystems, such as vegetation biomass, carbon storage, or soil moisture content.

MODIS is one of the key satellite instruments used for these applications, providing
daily global coverage with moderate spatial resolution (250—1000 m) and 36 visible, near-
infrared, and thermal bands. The data products derived from MODIS include surface
reflectance, vegetation indices, land surface temperature, and atmospheric variables,
which are widely used in environmental research and management.

For descry the changes in the remote tasted images must perform image bracket,
it’s one of the most extensively used types of machine learning (ML) in remote seeing
and Civilians. It’s an automatic approach to grading pixels or objects within a raster or
vector image into predefined classes or orders, similar as land cover types, civic areas,
water bodies, or roads. Image bracket is a critical tool for assaying and tracking land use
and cover changes, assessing natural coffers, and supporting environmental operation.
Two basic picture categorization methods are supervised and unsupervised.

Supervised classification: The observer must submit training samples that directly reflect
each class or order included in the picture to use this approach. The machine learning
algorithm also acquires knowledge of the spectral attributes of each order and constructs
a model able of grading new pixels or objects by assessing their spectral resemblance
to the training cases. Supervised bracket is more accurate than unsupervised bracket but
requires expansive training data and homemade input.

Unsupervised classification: Without former knowledge or training samples, the ML
algorithm clusters pixels or objects with similar spectral features. The critic also assigns
labels to these clusters predicated on their visual interpretation or comparison with
external data sources. Unsupervised type is less accurate than supervised type but is
useful for exploratory analysis and relating unknown features in the image.

Both supervised and unsupervised bracket styles have advantages and limitations
depending on the data type, scale, and complexity of the study area. Thus, opting the
applicable bracket system and assessing its delicacy are critical way in the image analysis
workflow.
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Land cover category studies employing time-series satellite prints are more accurate
than single-date images. This is because time-series images capture the temporal dynam-
ics of land cover changes and give further information about the spectral characteristics
and patterns of different land cover classes.

The vacuity of cloud based computing platforms similar as GEE has enabled remote
seeing-grounded operations to pierce and reuse large volumes of time-series satellite data
with ease and effectiveness. GEE provides a important tool for time-series analysis and
temporal aggregation styles, which are extensively used in land cover bracket studies. For
illustration, using the mean or standard values of a time series of images can reduce noise
and enhance the temporal signal of land cover changes, performing in more accurate
and robust bracket results.

Likewise, temporal aggregation styles can also help to alleviate the goods of atmo-
spheric and sensitive noise, which can impact the quality and thickness of satellite
images. By adding up multiple images over time, temporal smoothing can reduce noise
and ameliorate the overall quality of the data.

Thus, using time-series satellite images and temporal aggregation styles deduced
from those images is an effective approach for land cover bracket studies and other
remote seeing operations.

In supervised category, the process starts with a set of training data, which are
factual points or areas on the chart where the land cover or land use types are known
or vindicated. These training data are generally collected through field checks or visual
interpretation of high-resolution images. The training data are used to develop a bracket
model that assigns each pixel or object in the image to a specific land cover or land use
class grounded on its spectral similarity to the training data.

Rajasthan be chosen as the study area, as for that it’ll used MODIS, MODIS satellite
provides complete diurnal content of earth.

Google Earth Engine (GEE) is to perform image bracket on satellite imagery to
identify and portray the types of land cover on the ground. GEE provides a important
platform for performing this task using machine literacy algorithms, similar as Random
Forest or Support Vector Machines (SVM), which can learn to classify pixels in the
image grounded on their spectral parcels.

To make a prophetic model for land cover bracket using GEE, the first step is to
acquire a time-series of satellite images covering the geographic region of interest. The
images should be pre-processed to remove noise and atmospheric goods, and also a set
of training data should be created by manually opting representative samples of different
land cover classes from the image.

The training data can be used to train a machine learning algorithm to classify the
pixels in the image into different land cover classes. The trained algorithm can also be
applied to the entire image to induce a land cover chart, which shows the distribution of
different land cover types in the study area.

Machine Learning Predicated image categorization is an essential element of digital
image analysis and finds extensive use in several disciplines, including land operation,
communal planning, environmental monitoring, and natural resource operation. The use
of GEE and machine literacy algorithms has made image type hastily, more accurate,
and more accessible to researchers and practitioners around the world.
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Calculating area is a common task in many operations, such as supervised classifi-
cation or disaster monitoring. In GEE, calculating area for both vector and raster data is
slightly different than in other software packages.

4.1 Study Area

The Rajasthan state of India is chosen as the study area. The latitudes and longitudes
of Rajasthan state are 27.0238° north and 74.2179° east. The area of the study area is
342651 km?. Rajasthan is in the northwest of the India. The state experiences intense heat
in the summer and extreme cold in the winter. From November to March, we experience
the cold and from April to October there is a summer season. Rajasthan is divided into 9
regions like Hadoti, Marwar, Ajmer State, Mewar, Vagad, Shekhawati, Gorwar, Mewat,
Dhundhar. Rajasthan shares the domestic borders with the states of Madhya Pradesh,
Utter Pradesh, Punjab, Haryana and Gujrat. Figure 1 depict the study area as shown
below.

Fig. 1. Study area

4.2 Research Methodology

4.2.1 Land Use and Land Cover Classification

The LULC study made use of data from MODIS 500 mL and cover dataset from the
earth engine data catalog. The 4 classes were used for this research like grass lands,
cropland, urban build up lands and barren to study changes in the Bharatpur district of
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Rajasthan state from 2001 to 2018. For classification random forest classifier is used.
This classifier is used in this study because this algorithm handles hyper spectral remote
sensed images efficiently.

4.3 Change Detection

Area is calculated for the 4 classes of Bharatpur district in the Rajasthan state. A change
in area was computed between the year 2001 and 2018. The steps that were taken for
this study are shown in the methodology study:

The cloud-based platform implements the following steps:

Filtration of Image

The filtration of study area was done through the filter processing in the image
collection of the MODIS 500m land cover dataset. The study area is filtered for the
specific date.

Vector data area calculation

This step is used for calculation of area of the vector features. The area () function
which is the built in function of the google earth engine is used for this task. Before
calculating the areas from feature collection have to decompose features geometry from
the image collection. So this process gives the geometry of the Rajasthan state and area.

Calculation of area for single class

Extract the pixels of the single class and calculate the area of the single class. For
example the following code is used for calculating the urban class.

var u = kl.eq(13)
Map.addLayer(u,
{min:0, max:1, p: ['grey', 'blue'l},
'Urban’)
var al = urban.multiply(ee.Image.pixelArea())
var ar = al.reduceRegion({
reducer: ee.Reducer.sum(),
geometry: k.geometry(),
scale: 500,
maxPixels: 1e10
1)
var uASqKm = ee.Number(
area.get('LC_Typel")).divide(1e6).round()
print(uASqKm)

Calculation of area for images by class

After calculating the area of the single class because it is a classified image, need to
calculate the area covered by the each class. To calculate this group reducer is used.
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Calculation of area for images by class by region

The area of the each class, in this study there are 4 classes are considered grasslands,
croplands, urban and barren are calculated for the Bharatpur region.

Calculation of area for images by class by region by year

In the last step the calculation of area is done for the year, like the area of four classes
is calculated for the years from 2001 to 2018 for the Bharatpur region of the Rajasthan
state.

5 Result and Discussion

In 2001 Grassland was 127.99 sqkm, crop land was 4866.88 sqkm, urban and builtup
lands 57.06 sgkm and barren was 0.222 sqgkm. As per our experiment barren land is
not changed from 2001 to 2018. In 2018 Grassland was 89.78 sqkm, crop land was
4903.98 sqgkm, urban and built-up lands 58.61 sqgkm and barren was same as it was
2001. There is increment in urban and built-up lands in 2018, Grass land was decrease
up to 38.21 sqkm, crop land is increased by 37.1 sqkm (Table 1).

Table 1. Showing the area of different classes in 2001-2018.

Year Grasslands Croplands Urban and Built-up Lands Barren

2001 127.9933 4866.88 57.06321 0.222087
2002 127.3266 4867.547 57.06321 0.222087
2003 107.207 4887.666 57.06321 0.222087
2004 99.356 4895.517 57.06321 0.222087
2006 94.2865 4900.587 57.06321 0.222087
2007 88.04521 4906.828 57.06321 0.222087
2008 78.85281 4916.02 57.06321 0.222087
2009 74.6719 4920.201 57.06321 0.222087
2010 70.87231 4924.001 57.06321 0.222087
2012 65.84422 4929.029 57.06321 0.222087
2013 66.90797 4928.63 57.06321 0.222087
2015 77.40749 4918.131 57.06321 0.222087
2016 75.84867 4919.468 57.28467 0.222087
2018 89.78134 4903.984 58.61363 0.222087

Figure 2 depicts the changes trends of Grasslands from 2001 to 2008 as shown below.
The x-axis shows years, ranging from 2001 to 2018. The y-axis shows grassland area,
in square kilometer. The red line shows the total amount of grassland lost. According
to the graph, the grassland area has been declining steadily since 2001. In 2001, there
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were about 120 square km of grasslands. By 2018, there were only about 20 square km

left, a decrease of 100 square km. This represents a loss of about 83% of grassland area
over the 18-year period.

Fig. 2. Changing trends of Grasslands from 2001 to 2018.

Figure 3 illustrates the change trend of croplands from 2001 to 2018 as shown below.
The x-axis shows the year, and the y-axis shows the number of croplands in square km.
The graph also includes a label for the y-axis that says “Croplands”.

Fig. 3. Change trend of Croplands from 2001 to 2018.
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Figure 4 depicts the changes trends of urban and built-up lands as shown below. As
seen in Fig. 4, the urban built-up lands are continuously increasing with years.

Fig. 4. Changes trends of Urban and built-up from 2001 to 2018.

6 Conclusion

The application of machine learning algorithms within the Google Earth Engine works
well tool for change detection in Bharatpur District of Rajasthan State. Through the
analysis of satellite imagery, these algorithms have provided valuable insights into land
cover changes over time, enabling better understanding and monitoring of environmental
dynamics in the region. This technology offered a promising approach for ongoing
environmental management and planning efforts, facilitating informed decision-making
for sustainable development initiatives. As the field of machine learning continues to
evolve, its integration with geospatial data platforms like Google Earth Engine holds
immense potential for addressing complex environmental challenges worldwide.
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Abstract. The human pose estimation proves useful for various tasks such as
healthcare, sports analysis and human computer interaction. The yoga practition-
ers have gained wide momentum in today’s era due to increasing health awareness.
With the rising popularity of yoga and the increasing demand for technology-
assisted learning platforms, there is an increasing need for accurate and effective
methods for recognizing yoga poses. Yoga pose estimation and classification plays
a crucial role in automated yoga training systems, enhancing the accessibility and
effectiveness of yoga practice. Accurate recognition of yoga poses is essential for
safe and effective yoga practice. Incorrect posture can result in serious injury to the
body, emphasizing the critical need for precise pose detection and classification.
This concern motivated our research to explore automated systems for yoga pose
recognition. The paper aims to facilitate accurate identification of yoga poses,
thereby enhancing accessibility to yoga instruction and minimizing the risk of
injury associated with improper form. This research paper focuses on the compar-
ison of two models namely, Ultralytics and MoveNet for detecting the keypoints
in yoga poses. The keypoints are subsequently utilized for classification into five
different yoga poses: downdog, goddess, plank, tree, and warrior2. Evaluation
shows MoveNet achieving a superior accuracy of 93% compared to Ultralytics
88%. Precision, recall, and F1 scores are analyzed through confusion matrices for
a performance analysis. This study advances automated yoga pose recognition,
providing insights into the capabilities and limitations of current deep learning
approaches.

Keywords: YOLO-v8 - MoveNet - Ultralytics - Yoga - HealthCare

1 Introduction

Yoga integrates the body, breath, and meditation to improve mental, emotional, and
spiritual well-being. Yoga is widely practiced worldwide due to its numerous health
advantages, such as lowering stress, boosting flexibility, and enhancing muscular tone.
We have seen a sharp increase in the use of technology for yoga practice in recent years.
Due to the convergence of technology and wellness, there has been a noticeable surge
in the popularity of yoga worldwide in recent years. Because of the increased focus on
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fitness and health, as well as the accessibility of technology-assisted learning platforms,
more individuals are turning to yoga as a means of enhancing their physical and men-
tal well-being. However, as yoga gains popularity, there will be a larger demand for
accurate and practical methods for identifying and rating yoga poses. Yoga is an ancient
Indian form of exercise that involves a vast range of poses, or “asanas,” each designed to
target a certain muscle group and improve flexibility and overall body awareness. Even
while yoga has many benefits, there is still a risk of injury due to improper alignment or
technique, particularly for beginners or those without access to trained instructors. Since
correct pose detection and categorization is crucial, our goal is to research automated
systems for yoga position recognition. By leveraging developments in computer vision
and deep learning to enable accurate recognition of yoga postures, we hope to increase
accessibility to yoga education and lower the risk of harm associated with bad posture.
Our research focuses on the extracting keypoints of the body and then identifying the
yoga pose accurately. The journey begins with collection of dataset. We have used the
dataset having the yoga images for achieving the goal of our paper. This dataset is pub-
licly available on Kaggle. The keypoints such as NOSE, LEFT_EYE, RIGHT_EYE,
LEFT_EAR, RIGHT_EAR, LEFT_SHOULDER, RIGHT_SHOULDER,
LEFT_ELBOW, RIGHT_ELBOW, LEFT_WRIST, RIGHT_WRIST, LEFT_HIP,
RIGHT_HIP, LEFT_KNEE, RIGHT_KNEE, LEFT_ANKLE, RIGHT_ANKLE were
extracted for identifying pose. The algorithm used here is YOLO V-8. The dataset con-
sists of two folders, namely, Train and Test. Five pose labels such as down-dog, tree,
goddess, plank, warrior2 were used for the classification. The model was assessed using
a variety of parameters including recall, accuracy, and f1-score. Our primary objective
is to create a model capable of accurately identifying and categorizing yoga positions in
real time. We preprocessed the dataset to normalize the pose photos and then identify
the important spots in order to achieve this goal. We used a training dataset to train Yolo
v-8 and MoveNet, and we assessed their performance at the checkout set using a variety
of evaluation metrics in addition to F1-rating, precision, and recall. This work aims to
develop automated systems for the recognition of yoga poses through illuminating the
efficacy of various models and their ability to accurately detect yoga postures. Ulti-
mately, our study attempts to provide people with the knowledge and abilities needed
to practice yoga safely and efficiently, encouraging a more approachable and healthful
approach to wellness.

2 Literature Survey

The importance of practicing yoga is increasing day by day. Nearly 10 papers were
surveyed by us. The information gained from these papers is given as follows: Images
made up the dataset used in reference [1]. The dataset used in the study consisted of RGB
images of five different yoga poses like downdog, tree, plank, warrior2, and goddess—
that were manually labelled using the Makesense Al picture annotation tool. The primary
results showed the employed model had 93.9% PCK in the goddess position. The study
developed an algorithm to evaluate the precision of body joint recognition in yoga poses.
The algorithm reached a maximum PDJ of 90% to 100% for most body joints and a high
PCK of 93.9% for the goddess posture. The algorithm used was Mediapipe Blazepose
Model.
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An open-source dataset comprising video footage of fifteen volunteers executing
six distinct yoga poses was used in the study in [2]. Fuzzy logic- based modelling
is recommended as the feature extraction method for human action recognition. The
article describes a modelling technique for human action detection based on fuzzy logic,
evaluates the system’s performance using benchmark datasets, and extracts features using
fuzzy membership functions. The Blazepose model is used by Mediapipe to identify 33
body. The study employs the Blazepose model to identify 33 body keypoints and the
Mediapipe and Angle heuristic technique to classify yoga asanas [3].

On the Yoga-82 dataset used in [4], the proposed deep convolutional neural network
model, YPose, demonstrated state-of-the-art performance. The model outperforms the
previous state-of-the-art with an accuracy of 93.28%, which was 79.35%, by about
13.9%. According to [5], the technique is suitable for a range of applications and is
anticipated to benefit the yoga sector. It recognises yoga poses in real time using Open-
Pose for 3D joint mapping. It is envisaged that the proposed system will benefit the yoga
industry by providing an accurate, affordable, and efficient method of position identifi-
cation. For yoga position categorization, the suggested wavelet-based CNN model in [6]
performs better than other comparison models, such as standard CNN models and trans-
fer learning techniques like ResNet18, ResNet50, and GoogleNet. When deep learning
is used to classify yoga poses, using wavelet subbands yields better accuracy results
than training on the original images or individual subbands. The suggested approach
exhibits encouraging accuracy percentages and shows how wavelet decomposition may
be used to increase the precision of yoga pose classification. The application of motion
analysis in an exergame engine for feedback in collegiate yoga practice, the use of deep
learning for human posture recognition in yoga practice, and the suggestion of an Inter-
net of Things-based system for privacy-preserving yoga pose detection are among the
primary discoveries in [7]. The work in [8] focuses on the detection and correction of
yoga poses using computer vision technologies for human posture assessment. The pro-
cess is feeding the input image through a CNN classifier that has been trained to detect
faces, recognise human body postures, and search for joints and limbs that have been
previously taught in order to provide the user with markers that indicate different body
parts. The study [9] suggests XGBoost, a real time machine learning framework that out-
performs earlier models in terms of accuracy, latency, and size for accurate yoga stance
identification. In the work presented in [10], the accuracy of different regression and
classification algorithms was compared utilising a person’s stance skeleton in photos as
ameans of recognising and classifying human activities. The authors of the study created
the dataset, which is split into two sections for training and validation. The multivariate
logistic regression method is used to complete the activity classification task. They have
employed the DenseNet architecture in paper [11] to leverage the hierarchical labelling
for better posture recognition. In order to address the lack of difficulty and diversity
in current pose datasets, especially those created primarily for large-scale yoga pose
recognition, it discusses the idea of fine-grained hierarchical pose categorization and
offers a new dataset named Yoga-82 with 82 yoga posture classes.

The dataset is distinctive in that it emphasises the variety and complexity of human
positions in yoga-related activities. In the study [12], a self-assisted system for identifying
and categorising yoga poses was created using computer vision. In order to categorise
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stances into yoga asanas, the system evaluates real-time video data. It then shows the
identified asana together with a confidence score. The goal of the work in [13] was to
apply deep learning-based techniques for precise estimation of yoga positions. Among
the four deep learning architectures that were employed, MediaPipe had the highest
estimation accuracy.

With a high average confidence score of 92%, the study in [14] presented an inter-
active method for identifying yoga positions using Kinect technology. In paper [15],
Convolutional and Recurrent Neural Networks are combined in deep hybrid architecture
to estimate a person’s pose. The main discovery is the creation of a hybrid architecture
combining CNNs and RNNSs to provide an endto-end method for estimating human posi-
tion. Various algorithms which were used in the literature surveyed include — Mediapipe
Blazepose Model, Media pipe pose estimation library, support vector machine classifier,
random forest classifier, k-nearest neighbours classifier, logistic regression, naive-Bayes
classifier, CNN, OpenPose, MATLAB R2021a, Computer vision technology, XGBoost
Classifier, etc.

3 Proposed Methodology

The yoga pose estimation has gained a wide momentum nowadays as the health concern
in people is increasing. The relevance of yoga pose detection is that the pose should be
detected accurately as the wrong pose can cause serious damage to the body. The paper
focuses on the comparison of two models which are accessed on the criteria: accuracy,
recall, precision, and F1-score. Numerous pretrained models are available for detecting
the keypoints like BlazePose, OpenPose, ResNet, MoveNet, MediaPipe, pose estimation
model of ultralytics. Of them, we have chosen the models movenet and pose estimation
model of ultralytics.

3.1 Dataset

The dataset which we used is obtained from kaggle. The dataset contained two folders
named —Train‘ and —Test‘. Train folder has 1081 images and test folder has 470 images.
Overall, 5 poses namely, goddess, downdog, plank, tree and warrior2 form the classes
of the dataset [16] as it is evident from Figs. 1, 2, 3, 4 and 5.

Fig. 1. Warrior2 Fig. 2. Tree Fig. 3. Downdog
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Fig. 4. Plank

Fig. 5. Goddess

Furthermore, we have also implemented real time for estimation. We are developing
our real-time implementation in Python with the TensorFlow framework. We make use of
TensorFlow’s high- level APIs and effective model serving features to provide a smooth
integration of the MoveNet model into our application. OpenCV isrequired for image
processing and visualisation, among other things (Fig. 6).
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Fig. 6. Distribution of all classes of pose

4 Model Architecture

4.1 Approach 1. YOLO-V8 Ultralytics

In this approach, we utilize the YOLOVS architecture for detecting keypoints corre-
sponding to the yoga poses in the images. YOLOVS (You Only Look Once version 8)
is a state of-the-art object detection model known for its efficiency and accuracy in
detecting objects and keypoints in images. The preprocessing steps includes resizing the
images, conversion of images from BGR to RGB. The pretrained model for pose esti-
mation, ultralytics was used to detect the keypoints. In total, 17 keypoints were detected.
After the extraction of all the keypoints, the keypoints of each body part were stored
in a CSV file. CSV file included image name, class label and remaining column for
each body keypoints. A custom neural network classifier is designed for classification
of yoga poses based on the detected keypoints. The label encoder was used to label
the classes. This classifier is responsible for mapping the extracted keypoint informa-
tion to the corresponding yoga pose labels. Multiple convolutional layers are the first
layer in the classifier‘s design and these are followed fully linked layers. Convolutional
layers are in charge of feature extraction, capturing relevant patterns and relationships
within the keypoint data. For pose categorization, these attributes are then flattened
and run through fully connected layers. The neural network’s hidden layers employ
the Rectified Linear Unit (ReLU) activation function. ReLU adds non-linearity to the
data, enabling the model to discover intricate linkages therein. For multi-class classi-
fication, the output layer applies the Softmax activation function. It converts the raw
output scores into probabilities, representing the likelihood of each yoga pose class. For
gradient descent optimization, Adam optimizer is employed. The Adam optimizer is
renowned for its potency in deep neural network training. Based on the loss function’s
gradients in relation to the model’s parameters, it dynamically modifies the learning rate.
We implemented a learning rate of 0.01, a batch size of 12, and trained the model for 40
epochs to ensure balanced optimization and efficient convergence This adaptive learning
rate helps in faster convergence and improved performance during training.
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The classification report as obtained for the ultralytics model is as shown below —
(Fig. 7 and Fig. 8)

Fig. 7. Classification report for ultralytics and neural network classifier

Fig. 8. Graphical View of Classification report for ultralytics and neural network classifier

4.2 Approach 2. MoveNet

MoveNet is a compact deep learning network specifically created for efficient and pre-
cise identification of keypoints, such as human posture estimate. There are two types
of MoveNet models namely, MoveNet- lightning and Movenet- Thunder. In our study,
we utilize MoveNet lightning for detecting 17 keypoints corresponding to human body
joints in yoga poses. These keypoints include joints such as shoulders, elbows, wrists,
hips, knees, and ankles, which are essential for accurately representing the body pos-
ture in different yoga poses. The preprocessing steps include resizing images into shape
192 pixels, conversion of images from BGR to RGB. After detecting the keypoints using
MoveNet, we employ a separate neural network classifier to classify the yoga poses based
on the detected keypoints. This classifier is responsible for mapping the extracted key-
point information to the corresponding yoga pose labels. The architecture of the classifier
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follows a similar structure to the YOLOv8-based classifier, which includes convolutional
layers followed by fully connected layers. However, specific adjustments may be made
to accommodate the input size and features extracted by MoveNet. Convolutional layers
are in charge of feature extraction, capturing relevant patterns and relationships within
the keypoint data. After being flattened, these features are routed via fully connected
layers in order to classify poses. Similar to the YOLOvS8-based approach, appropriate
activation functions, loss functions, and optimization algorithms are utilized for training
the classifier. ReLU (Rectified Linear Unit) activation function is frequently employed
in the hidden layers of the neural network for introducing non-linearity and facilitating
convergence during training. For multi-class classification, Softmax activation func-
tion is employed in the output layer providing normalized probabilities for each yoga
pose class. For multi-class classification tasks, the loss function of choice is frequently
cross-entropy loss.

The dissimilarity between the expected probability distribution and the ground truth
labels is quantified by this measurement. Adam optimizer, is commonly used for gradient
descent optimization. For the MoveNet model, we applied a batch size of 32, and trained
for 40 epochs, achieving smooth training dynamics and effective model refinement.
These settings ensure that the classifier effectively learns to identify and classify yoga

Fig. 9. Classification report for MoveNet and neural network classifier

Fig. 10. Graphical View of Classification report for MoveNet and neural network classifier
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poses based on the keypoints detected by MoveNet, ultimately leading to accurate and
reliable pose recognition results.

The classification report as obtained for the MoveNet model is as shown below-
(Fig. 9, Fig. 10). Figure 11 shows the architecture of the proposed system.

Fig. 11. Architecture of Model

5 Results

The accuracy of the two models’ performance—MoveNet and YOLO-v8—was assessed
in relation to their ability to identify yoga poses. Figures 12 and 13 show the training,
validation loss for both the models.

Fig. 12. MoveNet model’s training and validation accuracy
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Fig. 13. MoveNet model’s training and validation loss

Fig. 14. Confusion Matrix (MoveNet Model)

Figures 14 and 15 show the confusion matrices for both the models. The confusion
matrix for MoveNet indicates high precision, recall, and F1 scores across all five yoga
poses (Fig. 16, Fig. 17, Fig. 18, Fig. 19, Fig. 20).
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Fig. 15. Confusion Matrix (Yolov8 ultralytics Model)

Comparative Study of Both Models:

Fig. 16. Comparison of Accuracy of both models

Asitis evident from the diagrams, in summary, MoveNet outperforms YOLO-v8 making
it superior model for recognizing yoga poses.
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Fig. 17. Comparison of weighted averages

Fig. 18. Comparison of macro averages

User Experience

Users felt that the model is quite accurate while performing basic and intermediate
poses with the responsiveness in real-time. They appreciated the user- friendly design
and found it beneficial for personal yoga practice and remote coaching.

Results for Human Pose Estimation:
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Fig. 19. Normal Standing pose

Fig. 20. Normal Standing pose

6 Conclusion

In conclusion, our research on human posture prediction with pre-trained models such
as MoveNet and YOLOVS and a yoga pose dataset has produced promising results.
After careful examination, MoveNet has become the leader with an amazing accuracy
of 93%, outperforming YOLOv8’s 88% performance. This sharp difference highlights
the superiority of specialised models like MoveNet in this domain and highlights how
well they can capture yoga poses. The success of MoveNet and related pre-trained
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models represents a major advancement in the fields of yoga training, fitness tracking,
and other related fields. These models provide fast development processes together
with strong performance, which opens doors towards various real-world applications
requiring accuracy and efficiency in human pose estimation. Our MoveNet-based real-
time human position estimation technology provides notable improvements in speed
and accuracy, allowing for a smooth integration into interactive applications like online
yoga classes and fitness coaching. The MoveNet model has 93% accuracy which is
better than YOLOV8 (88%). It works in real time and is mainly intended for yoga
workout purposes while nowadays systems such OpenPose are more general, require
more resources and can’t be as precise in detecting the yoga poses. The attained real-
time performance satisfies the prerequisites for realistic implementation in real- world
situations, opening the door for improved user experiences and novel paradigms for
human- computer interaction. In future, to improve the model’s overall performance and
reliability in real-world scenarios, we can strengthen their capacity to generalise over a
range of poses and environmental variables through augmentation tactics like rotation,
scaling, and noise injection. We acknowledge that offering consumers practical feedback
while they execute yoga postures is just as important as accurately estimating poses.
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Abstract. ASD is a Neuro development disorder. Lack of communication, anxi-
ety over social interaction, feeble and confused behaviors are some of the outward
impacts and intense impressions found in an autistic patient. Early detection and
diagnosis of autism can feasibly eliminate the progression of the disease. In this
paper, the detection of autism is elevated by incorporating facial expression anal-
ysis along with Machine learning techniques. The goal of the system is to evaluate
the facial expressions of the patient by interpreting images or videos which aids to
figure out the potential indicators of ASD. Data collection embroiled with diverse
dataset that encompasses facial expression of the neurotypical individuals. In order
to enhance the data quality few valid preprocessing techniques are incorporated
a prompt facial expressions, facial features and expression patterns are implied
as feature extraction methods. Multi-dimensional spatial-temporal sparse based
convolutional long short-term memory is engaged to incriminate the neuro typi-
cal behavior of individuals and to analyze their facial expressions. The proposed
model gets trained by the preprocessed dataset. The dataset is inculpated by proper
validation and testing which leads to examine its real-world performance.

Keywords: ASD - facial expressions - deep learning algorithm - feature
extraction

1 Introduction

Autism Spectrum disorder (ASD) is a bedlam that is caused by the inadequacy in neuro-
logical condition of a person. The progression of ASD has become greater than before. As
an impact of this neurological condition the affected person faces difficulty in practicing
social behaviors and extending communication to express their feelings and response.
The diagnosis of autism in children aged below 3 years is comparatively easy than other
age groups. The term “Autism” is derived from the Greek word “autos”, coining the
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meaning “solitary self and describes a state in which persons isolate themselves from
social connections with others so”, that is why it’s a definite neuropsychiatric syndrome.
In Autism Spectrum disorder (ASD) the term Spectrum imparts a meaning of wide
ranges of signs and severity degrees. ASD is clearly obvious to affect a person in the
early childhood itself which extends the child to face challenging environment in school
and any work place. ASD is a neurological developmental disease marked by social con-
nection problems and repetitive or limited behavioral patterns. Developmental disorders
are long-term impairments that have a significant influence on many people’s everyday
lives. The global autism population is growing, which causes families to worry about
their children and necessitates an evaluation to assure their children’s health if they are
autistic. Autistic patients require specialized treatment in order to build perceptual abili-
ties that will allow them to communicate with their family and society. When an autistic
patient is detected early, the outcomes of behavioral therapy are more beneficial.

Autism spectrum disorder (ASD) children have trouble properly reading facial
expressions and responding appropriately, which is thought to be a major source of
their social impairments. Facial expressions are crucial in social interaction and com-
munication. They provide for the interchange of rich social information as well as a
window into the interior emotional states of others. Good facial expression processing
capacity, or the ability to effectively perceive and respond to facial expressions, is the key
to successful communication and social engagement, and is critical to an individual’s
social cognitive development.

2 Related Works

Srividhya Ganesan, Dr. Raju and Dr. J. Senthil (2021) proposed Autism Prediction system
that focuses on classification models using VGG16 algorithm and compared traditional
algorithms like SVM, CNN, Haar Cascade using OpenCV.

Madison Beary, Alex Hadsell, Ryan Messersmith, Mohammad-Parsa Hosseini
(2020) proposed MobileNet and two dense layers for feature extraction and image
classification of autism.

Amrita Budarapu et al. (2021) proposed “Early Screening of Autism among Children
Using Ensemble Classification Method”. In this paper Ensemble learning algorithms
were analyzed with image and video data. This model also predicts the primary emotions.
The main objective of this paper tracks the eye gaze to know the classification of autism
or non-autism.

Suman Raj and Sarfaraz Mazood (2020) “Analysis and Detection of Autism Spec-
trum Disorder Using Machine Learning Techniques” focuses on early diagnosis of
Autism in Adult, Children and Adolescents. This paper author analyze various machine
learning algorithms.

M. S. Mythili, A. R. Mohamed Shanavas (2014) conducted a study on Autism Spec-
trum Disorder using Classification techniques analyze the child behavior and their social
interaction.

Fadi Thabtah, Firuz Kamalov, Khairan Rajab (2018) proposed “A new computational
intelligence approach to detect autistic features for autism screening” which involves a
computational intelligence method called Variable Analysis (VA) to reduce feature-to-
feature correlations based on statistical tools for analyzing the facial features.
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D P Wall, et al. (2012) proposed “Use of Machine Learning to shorten observation-
based screening and diagnosis of autism” with the statistical features.

The integration of Al-powered facial expression analysis into ASD diagnosis holds
transformative potential. These technologies offer the prospect of earlier detection, more
accurate assessments, and improved intervention outcomes for individuals with ASD.
By harnessing the transformative power of Al, there’s a unique opportunity to revolu-
tionize ASD diagnosis, potentially leading to earlier interventions and better outcomes
for individuals with ASD and their families. With continued advancements in tech-
nology and research, transformative potential of Al-powered facial expression analysis
in ASD diagnosis. Leveraging technology to its fullest extent enables researchers to
develop innovative solutions that address the complex challenges associated with ASD
diagnosis, driving progress and improving the lives of individuals affected by ASD.

2.1 Proposed Methodology

The proposed Autism prediction model is based on MDSTS-CLSTM methodologies. In
the first stage, the medical dataset is pre-processed using the adaptive Morlet wavelet
transform to remove the noise in the dataset. In the second stage, the noise-removed data
is deployed for learning the hidden patterns of the dataset utilizing the MDSTS-CLSTM
method. It is created by fusing the properties of CNN and LSTM models. This method
uses the benefits of different properties such as multi-dimensional, sparse representation
and spatial-temporal analysis. These properties extract most relevant features from the
Autism datasets to enhance the performance of the autism prediction model (Fig. 1).

Image Extracting
Image Gray chle -~ Processing »  the facial
Database Conversion Adaptive features
Morlet wavelet
Applying the Formation of
MDSTS-CLSTM  [* Model architecture |4

Algorithm

Autism Classification and analysis

A 4

Fig. 1. System Architecture

The final prediction process is carried out in the MDSTS-CLSTM model. The cross-
domain medical data contains noise, affecting the performance of the autism prediction
model. Hence, it is filtered using ESDAE. Further, the denoised data is input to the
MDSTS-CLSTM model which predicts the classification of autism. The denoised med-
ical data is passed to the convolution layer, which learns the features of facial data. The
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learned features are given to the sparse representation layer, which extracts the spatial
features using wavelet and shearlet transforms. Both the transforms are used to extract
spatial and temporal features. Further, the multi-dimensional property extracts the spa-
tial representations using the multiple layers. These features are concatenated and given
to the LSTM block, extracting the temporal representation of the medical data. Then,
the spatial and temporal features are fed to the fully connected layer, which predicts the
autism and generates the outcome. The architecture of MDSTS-CLSTM is represented
in Fig. 2

LSTM Fully
Connected layer
Denoised O O
Input O @)
medical —> |:>
data o o
Sparse
representation
layer Feature
Concatenation Output
Multi-dimensional

ning

Fig. 2. Architecture of MDSTS-CLSTM

The CNN models are used to extract the spatial feature, which is ineffective in extract-
ing the temporal features. Hence, the LSTM model is combined with CNN to extract
the temporal features. This combination effectively learns the medical data’s spatial and
temporal features. The problem of spatial invariance is solved using the convolution
operation instead of the dot product in the standard LSTM model. The LSTM models
have three gates such as input gate i, forget gate f and output gate o. The forget gate is
used to remove or store the information belonging to the memory cell c. The basic LSTM
models are one-dimensional, using a single cell and incorporating a single recurrent con-
nection. The activation of the recurrent connection is controlled utilizing the single forget
gate. In the case of multi-dimensional LSTM, it uses multiple cells and the recurrent
connection. To model the LSTM, the inputs are taken as x, x3,x3...... X¢, output as
C1,C2,C3vnnn.. ¢; and the hidden state as iy, hp, h3 ...... h;. The main operation of the
suggested CLSTM model is expressed as below,

ir=0Wyixx, + Wy kb1 +Weioc1 + by (D

fi=0Wyp s x; + Wyp x hyy + Wep o ¢y + by (2)
0 =0 Wyo %X + Wpoxhy—1 +Wep 01 + bo) (3)
Cyt Zﬁ O Cr—1 + i[ [e] tanh(ch * Xt + th * h[_] + bc) (4)
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h[ = 0t © tanh(c;) (5)

Here, o denotes the Hadamard product and * represents the convolutional operator.
The LSTM model includes five layers, three hidden layers, and two feed-forward sub-
sampling layers. The input data is given to the hidden layer using the input layer, and
data is processed sent to the output layer. The subsampling layers use tanh activation
function, and this layer fastens the training time by compressing the sequences as win-
dows. This layer reduces the weight connection between hidden layers. Furthermore, the
LSTM model is trained using Connection Temporal Classification in the output layer,
increasing the probability of labeling sequence during training.

In this work, some LSTM parameters are tuned during training. The parameters are
the size of LSTM, tanh and the subsampling layer. The LSTM size is the number of
cells in each hidden layer, and the size is taken as 2, 10 and 5. The tanh size represents
the used tanh units in the subsampling layer. The subsampling window size indicates
the window used to subsample the input before giving it to the coming hidden layers.

3 Results and Discussion

Extensive experiments are performed using MATLAB to validate the effective perfor-
mance of the proposed MDSTS-CLSTM-based traffic prediction model. The effective-
ness of the model is evaluated in terms of accuracy, precision, recall, false positive rate
(FPR), false negative rate (FNR), mean absolute error (MAE), and RMSE. The Autism

Table 1. Average results obtained for proposed model against existing methods

Methods Accuracy | Precision | Recall FPR FNR MAE |RMSE
STCNet 0.8150 0.9123 0.8454 10.2422 |0.3345 |29.87 |60.32
MGCN-LSTM | 0.8619 0.9067 0.8765 |0.2805 |0.3012 |36.67 |66.41
CNN 0.8004 0.9687 0.8319 [0.1320 |0.1876 |38.76 |59.11
MVSTGN 0.8602 0.9701 0.8495 ]0.1988 0.2134 |29.98 |49.03
EDRL 0.8492 0.9651 0.8231 ]0.2250 |0.2341 |21.34 |60.02
CrowdGAN 0.8110 0.9011 0.8700 |0.1991 |0.2765 |25.55 |54.45
SDGNet 0.8667 0.8976 0.8799 10.1976 |0.1987 |31.76 |49.91
SLSTM 0.8725 0.8851 0.9023 10.2419 |0.2123 3334 |53.36
IDCNN 0.8898 0.9550 09102 |0.1325 |0.1765 3292 |63.30
CNN-LSTM 0.8334 0.9222 0.8698 |0.1287 |0.1876 |23.74 |51.49
GCN 0.7932 0.9007 0.8324 10.1832 |0.2567 |29.81 |50.35
GCNN-LSTM | 0.8876 0.9665 0.8712 0.2102 |0.2987 |24.49 |54.48
RL 0.8654 0.9571 0.9011 |0.1450 [0.1902 |23.41 [49.33
Proposed 0.9036 0.9797 09175 |0.1128 |0.1616 |20.67 |45.46
algorithm
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dataset is used for evaluation. The noise removal and the enhanced handling of the sparse
data can be attributed to this improvement. In addition, the proposed algorithm is also
compared against the existing methods from the literature to identify its effectiveness.
Table 1 shows that average results obtained for proposed model against existing methods
under similar experimental conditions.

From Table 1, it is evident that, proposed MDSTS-CLSTM methods have better
performance of higher accuracy, precision, recall, and reduced FPR, FNR, MAE, and
RMSE, which are better than the existing methods discussed in the literature. The sig-
nificant improvement of the proposed algorithm shows that it is effective for adaptive
learning of the features in accurately predicting the autism classification. It is also indica-
tive that the proposed algorithm can converge better than the other model with minimized
noise and minimized model complexity.

4 Conclusion

The objective of this research is to develop a model for classification system to identify
the normality and abnormality of autism. In this paper, proposed MDSTS-CLSTM to
handle the challenges of noisy and sparse medical data from the real world entity. The
MDSTS-CLSTM combines LSTM and CNN’s advantages to learn the facial features
data’s hidden patterns and dependencies in both spatial and temporal dimensions. The
MDSTS-CLSTM also incorporates a sparse representation technique to deal with the
data Sparsity problem and reduce computation time and storage costs.
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