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Preface

In modern technologies, incorporating remote sensing with artificial intelligence (AI)
plays a significant role in Earth observations. Radio detection and ranging (RADAR) is
a one-of-a-kind technology that allows all-weather remote sensing services. With this
focus, this book explores the potential applications and advanced algorithms of
RADAR-based remote sensing. This book guides researchers, scientists, teachers, and
students in monitoring and managing Earth’s resources.

This multidisciplinary book explores the recent advancements and applications
of Al-driven RADAR-based remote sensing. The introductory chapter comprehensively
covers the fundamental principles and science of RADAR-based remote sensing. It
also includes the fundamentals of collecting, analyzing, and interpreting remotely
sensed images. This chapter is followed by the evolution of RADAR-based remote sens-
ing, that is, synthetic aperture radar (SAR) and scatterometry. It further highlights the
potential applications of active and passive microwave remote sensing with the inte-
gration of Al Then, it is followed by various challenges associated with Al-driven
RADAR remote sensing.

This book also explores multisource data fusion techniques to enhance image in-
terpretation and to integrate the features of the SAR/scatterometer with the optical
dataset for improvement in accuracy. It also involves classification and change detec-
tion applications in extracting essential information. Furthermore, deep learning and
machine learning approaches expand the applicability range of RADAR-based remote
sensing by providing object-level detection and solving complex problems. It also ex-
plores the role of the Internet of things (IoT) in remote sensing for real-time data col-
lection and analysis. The book comprises various environmental monitoring sensors
for accurate monitoring and prediction analysis.

With the involvement of AL, emerging applications of RADAR-based remote sens-
ing are also discussed, such as crop growth monitoring, weed management, yield esti-
mation, real-time monitoring of soil moisture, classification of crop species, and
weather patterns. This book also highlights the monitoring of urban infrastructure
and its impact on agricultural land. Moreover, it also covers disaster management via
continuous soil moisture monitoring with RADAR-based remote sensing. The hook
concludes that emerging Al-enabled RADAR applications in real-time scenarios pro-
vide the future scope of RADAR remote sensing with Al

This book is a reference to researchers, scientists, students, and stakeholders to
explore the potential of Al-enabled RADAR applications in real-time scenarios. With
real-world case studies, it offers insights into mapping different crops, smart irriga-
tion, pest control, and crop yield prediction analysis. Moreover, it delivers compre-
hensive knowledge of RADAR-based remote sensing in improving precision agricul-
tural practices.

https://doi.org/10.1515/9783111572970-202
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Narayan Vyas™
Integrating Sentinel-1 satellite data with
machine learning for land use classification

Abstract: The availability of radio detection and ranging (RADAR) remote sensing
data has changed the Earth observation by allowing information to be obtained inde-
pendently of the weather and environmental conditions. RADAR-based satellites, such
as Sentinel-1 and SCATSAT, are beneficial because they can penetrate clouds and
work regardless of whether it is night or day, making them indispensable surface
mapping sensors. The European Space Agency’s (ESA) Sentinel-1 satellite is a RADAR-
based Earth observation satellite whose dual-polarization (vertical-vertical and verti-
cal-horizontal) synthetic aperture radar (SAR) provides high temporal resolution with
adequate spatial resolution that makes it suitable for monitoring land use and land
cover (LULC) changes. The study area in this research is Kota district, situated in the
southeastern part of Rajasthan, India, which has a semiarid climate and a mixed area
of agriculture, natural vegetation, and waterbodies. Google Earth Engine was used to
process and classify Sentinel-1 data collected from February 1, 2024, to February 27,
2024, into several LULC categories, including water, built-up, and land. This study uses
random forest, an ensemble machine learning model, for LULC classification. When
used to create a land use classification map, it exhibited an overall accuracy of 90.57%
and a kappa coefficient of 85.81%, demonstrating near-perfect agreement between the
model and actual data.

Keywords: Radio detection and ranging (RADAR), remote sensing, machine learning,
Sentinel-1, land use classification

1 Introduction

The Earth observation aims to observe and analyze the movement of the Earth’s sur-
face to fight against major global issues such as globalization, urbanization, deforesta-
tion, climate change, and resources (unmanned aerial vehicles) [1]. High-resolution

Acknowledgments: The author would like to extend their gratitude to the European Space Agency (ESA)
for providing the Sentinel-1 satellite data that formed the foundation of this study. The availability of high-
quality RADAR data from Sentinel-1 has been instrumental in conducting this research and achieving
meaningful results.
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imagery and ground data captured by satellites, especially with advancements in sen-
sor technology, allow researchers to track land cover changes in real time, providing
estimates on agricultural productivity, water resource mapping, and assessments of
natural disasters [2]. Satellite remote sensing has been rapidly evolving in the era of
modern technologies, having transformed access to even the most remote and inac-
cessible regions of our planet in detail. This information is crucial for policymakers,
scientists, and planners who make decisions on the distribution of resources, environ-
mental protection, and disaster management [3]. The Earth observation data has
come a long way since the days of optical imagery, and the last few decades have also
seen the advent of radio detection and ranging (RADAR)-based sensing that allows
users to look down in virtually all weather and day/night conditions. These tools have
enhanced the degree of confidence and precision in data recording, allowing compre-
hensive analysis of surfaces on the Earth [4]. The Earth observation is also crucial to
sustainable development because it enables data analysis at scale when combined
with geospatial tools and artificial intelligence (AI) [5].

The advent of remote sensing, primarily through RADAR-based satellites such as
Sentinel-1 and SCATSAT, has improved surface classification [6]. Optical sensors depend
on sunlight and, thus, can be blocked by clouds or darkness [3]. In contrast, RADAR sys-
tems use microwave signals that can penetrate cloud cover and obtain data in almost
any weather condition. A synthetic aperture radar (SAR) sensor, such as Sentinel-1,
emits signals from space that travel to the Earth’s surface, and the backscatter is then
measured to infer surface properties [7]. SAR-based satellites offer advantages in land
classification, as they can discern surface roughness and moisture content. For ex-
ample, VV (vertical-vertical) and VH (vertical-horizontal) polarizations have been
commonly utilized for surface classification; VV experiences higher performance in
detecting smoother surfaces such as water, while VH displays a higher response for veg-
etation and built-up areas [8]. With machine learning (ML) algorithms like random for-
est (RF), SAR data leads to realistic and highly prescribed land cover class discovery [9].
The method is economical and scalable, making it suitable for larger geographical
areas. It provides timely information at an appropriate areal scale for making day-to-
day agricultural, planning, and conservation decisions. Due to continuous development
in RADAR hardware and global data processing solutions, remote sensing is today one
of the central pillars of modern geospatial techniques. Table 1 presents several studies
on the RADAR dataset for the Earth observation applications.

The objectives of this study include (a) obtaining satellite data from the RADAR-
based satellite Sentinel-1 with the help of the Google Earth Engine (GEE) platform, (b)
processing the satellite data to make it suitable for land cover classification, (c) per-
forming land cover classification using the RF algorithm on the GEE platform, and (d)
performing accuracy assessment of the thematic maps generated using the RF algo-
rithm and exporting thematic classified maps for visual analysis.
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Table 1: Several studies performed using the RADAR dataset.

Characteristics Methods used Objectives Results Source
Sentinel-1 uses persistent PSI techniques Evaluate Identified active [10]
scatterer interferometry (PSI)  applied to satellite landslide deformation areas
techniques to monitor ground RADAR images geohazards and  using PSI data

motion and assess landslide impacts using

geohazards, while SCATSAT PSI data

focuses on weather and

oceanographic applications,

distinguishing their areas of

focus

Sentinel-1 RADAR satellites Active RADAR Explore Sentinel  Discussed the [23]
can acquire Earth’s surface systems for Earth’s RADAR satellite  possibility of using the

data under any atmospheric  surface data system Sentinel RADAR

conditions, and the paper acquisition capabilities satellite system

highlights the advantages of

publicly available data and

open-source software for

effectively using RADAR

satellite imagery

Sentinel-1, an ESA mission, SAR-derived surface  Preliminary Presented the [11]
provides SAR data for ocean  wind products and studies of preliminary studies of
research, while SCATSAT, an validation results Sentinel-1 SAR-  SAR-derived surface

Indian satellite, focuses on derived surface  wind products

ocean wind vector winds

measurements,

complementing Sentinel-1’s

atmospheric data

SCATSAT-1, launched by ISRO, ML-based Summarize Summarized SCATSAT- [12]
is a Ku-band scatterometer classification and SCATSAT-1 1’s impact on various
satellite used for climate information fusion products and scientific domains

studies and applications like applications

crop yield prediction, while globally

Sentinel-1, part of ESA’s
Copernicus program, focuses
on RADAR imaging for diverse
Earth observation tasks
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Table 1 (continued)

Characteristics Methods used Objectives Results Source
Sentinel-1 utilizes dual- PS-InSAR method Evaluate the VH  Obtained 186% [13]
polarization (VV-VH) data to channel’s increase in PS points
enhance PSI-based synthetic contributionto  using the VH channel
aperture RADAR (PS-InSAR) PS-InSAR

analysis, improving ground analysis

deformation measurements

by increasing the spatial

density of measurement

points

Sentinel-1, using SAR Variation of targets’  Identify Two algorithms [14]
technology, captures high- intensities along SAR  persistent identified persistent
resolution images for acquisitions scatterer scatterers in Focsani,
persistent scatterer candidates in Romania

interferometry (PS-InSAR) to Focsani,

monitor terrain deformations, Romania

as demonstrated in a case

study in Focsani, Romania

The paper focuses on the CRCD maximum Extend CRCD to ~ SV-CRCD improved [15]
Sentinel-1 SAR constellation, likelihood estimator  use spatially accuracy in flood

which operates in with spatially varying varying noise mapping

interferometric mode with a  noise estimates estimates

wide 250-km swath width,

and does not address

SCATSAT, which is used for

ocean and weather

monitoring

Sentinel-1 is utilized for Co- and cross- Evaluate tropical SAR co- and cross- [16]

tropical cyclone assessment
as a spaceborne SAR system,
while SCATSAT, despite being
a RADAR satellite, is not
included in this study

polarized SAR data
application

cyclones using
Sentinel-1 SAR
data

polarization improved
tropical cyclone wind
field estimation
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2 Study area

Kota district, located in the southeastern part of Rajasthan, India, lies at 25.2138°N and
75.8648°E and is known for its semiarid climate and diverse landscape. The region is pri-
marily characterized by agricultural land interspersed with patches of natural vegetation
[17]. The Chambal River, which flows through the district, adds to its geographical rich-
ness by supporting a variety of ecosystems along its banks [18]. The region’s agriculture
relies heavily on crops such as wheat, mustard, and soybean, with rice cultivation occur-
ring in irrigated areas. Kota is also known for its horticulture, with papaya, guava, and
citrus fruits being prominent. Overall, the district’s vegetation is a mix of natural dry for-
ests and cultivated fields, shaped by its climate, topography, and dependence on the
Chambal River for irrigation. Figure 1 represents the study area used in this research.

Figure 1: Study area: (a) the map of India, (b) the map of Rajasthan with the study area highlighted,
and (c) Sentinel-1 with WV polarization band.

3 Satellite data

The satellite data used for the study in the Kota district was acquired from Sentinel-1, a
RADAR-based Earth observation satellite. Sentinel-1 operates using SAR technology,
which allows it to capture detailed images of the Earth’s surface under all weather con-
ditions, including during cloud cover or at night. The study utilized VV and VH polariza-
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tion modes, which provide complementary information about surface properties. VV
polarization is particularly useful for detecting smooth surfaces such as water, while
VH polarization helps identify rougher surfaces like vegetation or built-up areas [19].
The data acquisition period was between February 1, 2024, and February 27, 2024. A
median image was generated using the GEE platform to represent RADAR imagery of
the study area. During this period, Sentinel-1 captured RADAR imagery that was later
processed to classify the region into water, built-up areas, and land. Figure 2 represents
the study area along with VH and VV polarization images.

4 Methodology
4.1 Preprocessing

A specific area of interest on the map, the region of interest (ROI), is identified in the
first stage. Once the area is identified, RADAR-based images from Sentinel-1 are col-
lected using the GEE platform [20]. Sentinel-1 is a satellite that acquires detailed
RADAR images of the Earth’s surface under all weather conditions and at any time. It
is, therefore, truly unique for studying features like water bodies, land, and built-up
areas. The Sentinel-1 images containing the two polarizations, VV and VH, are essen-
tial as they provide complementary information about the surface. VV and VH are a
mix of vertical and horizontal polarizations. These layers are shown on the map for
visual inspection, with the data to be inspected and interpreted, as shown in Figure 2.
Following this, each layer is exported and stored individually for subsequent assess-
ment, comparable to setting aside two disparate views of the same region. Then, train-
ing data is generated for the RF algorithm, so it learns to identify different types of
surfaces in the images. Various regions are marked as water, built-up areas, or land
to do so. This labeled data provides a reference so the computer can relate what it
sees in the RADAR images to one of the categories. This phase keeps the satellite imag-
ery clean and organized. It prepares the images for the subsequent phases, where the
ML algorithm will analyze the data and classify different portions of the selected re-
gion. The detailed flowchart for the preprocessing steps performed in this research is
given in Figure 3.

4.2 Classification

Analysis and classification of the preprocessed Sentinel-1 satellite images to extract
useful information from the ROI are performed in this stage. It consists of training,
testing an ML model, and visualizing the results. The pipeline begins to be computed
over RADAR images that were previously prepared by reducing them to only the VV
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Figure 3: Steps to preprocess the Sentinel-1 dataset using the GEE platform.

and VH layers. These layers have surface properties of the region. Samples are then
taken from these images using previously built training data. The training data in-
cludes labeled samples of different surface types, including water, built-up areas, and
land. This sampling process involves extracting data from labeled regions that help
shape the ML model using the GEE platform [21]. After sampling the data, it is sepa-
rated into two groups: training and testing groups. The training set is to train the
model to learn the patterns in the data, while the testing set is only to test how well
the model has learned. Here, 80% of the data is used for training and 20% for testing.
This ensures the model is trained on diverse examples and tested on data it has never
encountered, verifying the model’s accuracy. The RF algorithm consists of building
multiple decision trees, each based on the input data for predictions, which was used
in this research to generate thematic classified maps [22]. All the trees’ outputs are
combined to create the final prediction, making the algorithm powerful and robust. It
allows the model to learn how to classify the types of surfaces (water, built-up areas,
and land) from the two polarizations of the Sentinel-1 images (VV and VH).

Once the model is trained, it is utilized to classify the entire satellite image. It falls
under semantic segmentation, which means the model predicts a label (e.g., water,
built-up, or land) for each spatial location in the image it learned from training the
model. The model’s performance on the testing set was evaluated using several accu-
racy measures on the GEE platform. It consists of creating a confusion matrix with
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the number of areas correctly and incorrectly classified. From this, key metrics are
derived, such as overall accuracy (OA), which indicates whether the model is correct;
the kappa coefficient (KC), which is a statistical measure of agreement; and producer’s
accuracy (PA) and consumer’s accuracy (CA), which are measures of reliability. Over-
all classification can be applied to ordinal, nominal, categorical, or continuous varia-
bles. The classification is done, the performance is assessed, and the results are visual-
ized. Different land categories are assigned distinct colors; for instance, water areas
are represented in blue, built-up areas in yellow, and land in green. This allows for
the visualization of the region’s spatial allocation of surface types. Following this, the
classified image is displayed on a map, which is examined and exported as a file for
further analysis. The final product is useful in many applications, such as urban plan-
ning, water resource management, and environmental monitoring. This process ena-
bles systematically accurate satellite data analysis, providing valuable information
about the area of interest.

Figure 4: Methodology for generating thematically
classified maps.
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5 Results

The confusion matrix is a tool used to evaluate how well a classification model per-
forms by comparing its predictions to the actual classes. It is like a table that shows
the number of times the model correctly or incorrectly labeled different categories.
For example, suppose the model is trying to classify areas as water, built-up, or land.
In such case, the confusion matrix will show how many areas were correctly labeled
as each category and how many were mislabeled as something else. This helps under-
stand where the model is doing well and where it might be making errors. The confu-
sion matrix of the RF classifier, as shown in Figure 4, reveals how accurately the
model classified the different land types. PA measures how often the model correctly
identifies a particular class out of all the actual instances of that class. For water, the
PA is 85.71%, meaning the model correctly identified 85.71% of all the actual water
areas, but it missed 14.29%, which were mislabeled as something else. Built-up areas
have a PA of 90.00%, meaning 90% of the actual built-up areas were labeled correctly,
with 10% missed. The PA is 100.00% for land, indicating that the model perfectly iden-
tified all actual land areas without missing any.

Figure 5: Confusion matrix of classified outcomes.

CA, on the other hand, measures how reliable the model’s predictions are for each
class. If the model labels an area as water, the CA indicates how likely that area is
water. For water and built-up areas, the CA is 100.00%, meaning every area labeled as
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water or built-up by the model was indeed correct. The CA drops to 70.59% for land,
meaning only 70.59% of the areas labeled as land were actually land, while 29.41%
were misclassified as land incorrectly. Omission error (OE) indicates how many actual
areas of a class were missed by the model. The OE is 14.29% for water, meaning the
model missed 14.29% of actual water areas. For built-up areas, the OE is 10.00%, and
for land, the OE is 0.00%, meaning the model did not miss any actual land areas. On
the other hand, commission error (CE) indicates how many areas were falsely labeled
as a particular class. For water and built-up areas, the CE is 0.00%, meaning no other
classes were incorrectly labeled as water or built-up. For land, the CE is 29.41%, mean-
ing 29.41% of the areas labeled as land were something else.

Looking at the overall performance, the model’s OA is 90.57%, meaning the model
correctly classified about 9 out of 10 areas. This is a strong indicator of the model’s
overall reliability. Additionally, the KC is 85.81%, which measures how much better
the model performed than random guessing. A KC of 85.81% indicates a very good
level of agreement between the model’s predictions and the actual data. In simpler
terms, the model performed very well in identifying built-up and water areas, with
perfect CA and no CE for these categories. It struggled slightly with land, incorrectly
misclassifying 29.41% of the areas as land. Despite this, the OA and KC obtained using
the RF algorithm show that the model is robust and reliable for most classifications.
These results highlight the model’s strengths in handling built-up and water classifica-
tions and suggest the potential for more accurate improvement in distinguishing land
areas. The detailed results obtained using the RF classifier in the study area are
shown in Table 2, while Figure 6 represents the thematic map generated using the RF
classifier. A graphical representation of the classification results is shown in Figure 7.

6 Conclusion

The present study showed that RADAR satellite data, such as Sentinel-1, could be effec-
tively used for land cover classification in semiarid regions like the Kota district of
Rajasthan when integrated with ML classifiers. The VV and VH polarizations of Senti-
nel-1 blend information with upper layers of land cover, revealing water, built-up
land, and land use. This was particularly useful since RADAR data can be collected
regardless of weather or time of day, which is key for reliably and consistently analyz-
ing this data type. In addition, using an ensemble classifier such as RF further empha-
sized the effectiveness of ML in remote sensing. The model performed quite robustly,
achieving an OA of 90.57% and a KC of 85.81%. The classification was relatively good,
particularly for water and built-up areas, where the classification was perfectly reli-
able. On the other hand, for land types, 29.41% of the regions were misclassified, indi-
cating a difficulty in dealing with land having complex land cover types. In conclu-
sion, this study further underpins the application of Sentinel-1 RADAR data and ML
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Figure 6: Thematically classified outcome generated using the RF classifier.
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Table 2: Accuracy measures.

Class PA CA OE CE

Water 85.71% 100.00% 14.29% 0.00%
Built-up 90.00% 100.00% 10.00% 0.00%
Land 100.00% 70.59% 0.00% 29.41%

OA=90.57%, KC=85.81%

Figure 7: Graphical representation of the accuracy measures.

algorithms in geospatial analysis. Insights from the findings can help in resource man-
agement, urban planning, and environmental monitoring of similar regions. Future
work can include other data sources, such as optical satellite images or multitemporal
data, to improve classification quality even further. The current approach also illus-
trates how increasingly remote sensing and data-driven methods are forcing us to
look at Earth’s dynamic surface landscapes with new perspectives.
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A systematic review of deep learning
techniques in microwave remote sensing:
challenges, applications, and future
directions

Abstract: Microwave remote sensing has emerged as a vital tool for Earth observation
due to its ability to operate in all-weather and day-or-night conditions, which are sig-
nificant limitations of optical sensors. This chapter systematically reviews deep learn-
ing (DL) techniques for microwave remote sensing to enhance data interpretation and
application accuracy. The chapter highlights the effectiveness of Siamese networks
and autoencoders in change detection applications. Challenges such as the scarcity of
labeled data, computational costs, and model interpretability are discussed, along
with potential solutions such as transfer learning and federated learning. The review
also emphasizes the role of synthetic aperture radar (SAR) data in capturing spatial
and temporal features. By exploring the strengths and limitations of these methods,
the chapter provides insights into the future scope of DL applications in microwave
remote sensing, aiming to effectively support environmental monitoring, disaster
management, and sustainable development initiatives.

Keywords: Microwave remote sensing, deep learning, disaster management, environ-
mental monitoring, autoencoders, Siamese networks

1 Introduction

Microwave remote sensing is an important technique that utilizes electromagnetic
waves from the microwave region to obtain information on the surface and atmo-
sphere of the Earth. In contrast to optical remote sensing, which has severe limita-
tions imposed by atmospheric conditions, namely clouds and daylight availability,
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microwave remote sensing is all-weather, day-or-night conditions. Microwave sensors
have the added ability to penetrate clouds, vegetation, and some soil layers, meaning
that in many situations where an optical sensor cannot function, a microwave sensor
can [1]. Microwave remote sensing can be either active or passive. Active systems, in-
cluding synthetic aperture radar (SAR), send microwave signals to the ground and re-
trieve the backscattered signals for information. SAR has been used for land cover
classification, urban mapping, and agricultural classification [2]. It is also useful in di-
saster management, including monitoring floods and assessing the damage caused by
earthquakes [3]. In contrast, passive microwave sensors detect emitted microwave ra-
diation passively and are extensively used to retrieve sea ice concentration, snow
cover, soil moisture, and atmospheric water vapor content. Researchers need these
sensors to cope with climate change and preserve limited resources on this planet ef-
ficiently. Additionally, the capacity to access data independent of solar illumination
and atmospheric attributes makes microwave remote sensing vital for various appli-
cations, from agricultural monitoring to military surveillance. With the increasing de-
mand for timely, accurate, and reliable geospatial information, microwave remote
sensing is becoming increasingly ubiquitous in the current toolbox of remote sensing
technologies [4].

Another key mission is SCATSAT-1, an Indian satellite designed to continue the
flow of ocean wind vector data from a scatterometer [5]. The Ku-band scatterometer
is used for weather forecasting, cyclone prediction, and ocean surface wind vector
measurements (SCATSAT-1). Moreover, other missions with L-band SAR, such as Ja-
pan’s ALOS-2 (Advanced Land Observing Satellite), have contributed significant value
to forest monitoring and several geological applications. This significant microwave
frequency and sensor diversity across the missions demonstrates their ability to ad-
dress various environmental parameters and represents a key group of sensors for
climate studies, disaster management, and sustainable development [6]. Figure 1 high-
lights various microwave remote sensing-based satellite missions.

Machine learning (ML) techniques are frequently used in microwave remote
sensing to improve data interpretation. Microwave data is often high-dimensional
and noisy, making it difficult to achieve accurate and efficient results with traditional
methods [7]. ML techniques, mainly supervised learning methods such as support vec-
tor machines (SVMs), random forest (RF), and artificial neural networks (ANNs), have
been widely used and have achieved outstanding results in some specific tasks, in-
cluding land cover classification, soil moisture estimation, and target detection. Spe-
cifically, SVM is well-suited for capturing nonlinear relationships in SAR data, making
it practical for urban and agricultural classification. For instance, RF algorithms also
use ensemble learning to achieve more robust classification by combining predictions
from several decision trees, which correspond remarkably well to the speckle noise
intrinsic to SAR images [8]. Table 1 shows recent research trends in microwave re-
mote sensing utilizing deep learning (DL)-based algorithms.
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Key missions based on microwave remote sensing-based satellites.

Figure 1
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Table 1: Recent research on microwave remote sensing with DL-based algorithms for change detection.

Algorithm Methodology Application Limitations Source
CAE', Extracts features, learns  Change detection in Relies on unchanged [91
Commonality  standard features,and  optical and SAR® images regions; limited
AE2, generates segmentation generalization
Segmentation  maps
Algorithms
FCN* & It uses an SN° to extract Change detection in Relies on UAV image [10]
Siamese features and detect UAV® aerial images for  quality; may face
Autoencoder changes crop monitoring challenges in large-scale
applications
SN, U-Net’ Uses dense connections  Change detection in Sensitive to edge details;  [11]
for feature retention and VHR® satellite images may face challenges in
a cross-entropy loss handling noisy data
function
Deep Siamese  Treats change detection Change detection in Limited by the availability [12]
Semantic as a binary semantic remote sensing images, of annotated data;
Segmentation  segmentation task focusing on land cover  computational cost
Network changes
GAS-Net® Utilizes GAM'® for Change detection in Sensitive to class [13]
context learning and remote sensing images  imbalance; performance
FAM'" for feature for urban expansion and may degrade with
aggregation deforestation increasing class
complexity
CNN'2 based Uses a building Detecting building Sensitive to parallax [14]
Framework extraction network for changes in VHR aerial errors; performance
with Mask binary change detection imagery depends on accurate
R-CNN instance segmentation
Bi-SRNet'? Merges temporal Semantic change Complexity may lead to [15]

features in a deep CD'*
unit using attention
mechanisms

detection in HR'®
remote sensing images

higher computational
costs and limited
interpretability

Commonality autoencoder (CAE"), autoencoder (AE?), SAR (synthetic aperture radar?), fully convolutional
network (FCN?), Siamese network (SN°), unmanned aerial vehicle (UAV®), U-shaped network (UNet’), very
high resolution (VHR®), global-aware Siamese network (GAS-Net®), global attention module (GAM'®),
feature attention module (FAM™), convolutional neural network (CNN'), bidirectional super-resolution
network (Bi-SRNet'®), change detection (CD'), and high resolution (HR™).

Furthermore, generative adversarial networks (GANs) have also been used for super-
resolution of SAR images, speckle noise reduction, and apparent SAR image recovery
[16]. DL models have a distinct advantage over traditional ML techniques, such as
SVM and RFs, when working with high-dimensional and correlated data. DL models
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can automatically learn complex patterns and correlations in the data. The capacity
of DL to integrate spatial, spectral, and temporal information harmoniously gives it a
pronounced advantage over traditional microwave remote sensing data exploitation
approaches, providing new perspectives on results in this discipline [17]. Land use
land cover (LULC) classification is a significant application of microwave remote sens-
ing and provides crucial information for environmental monitoring, resource man-
agement, and urban planning. SAR, a microwave sensor, can penetrate clouds and
works independently of solar illumination; thus, it has been considered a key tool for
LULC mapping, especially for regions with frequent cloud cover [18].

SAR can broadly discriminate among land cover types based on its sensitivity to
surface roughness, moisture content, and structural characteristics typical of forests,
urban areas, water bodies, and agricultural fields. High spatial resolution images and
ground object classification are generally inseparable problems in remote sensing,
and stepwise distinction is an effective method to reduce the complexity of classifica-
tion by integrating derived information from images or environmental resources into
the ground object classification model. Alternatively, in PolSAR data, the double-
bounce and volume scattering characteristics observed have been used to enhance
the discrimination between urban and vegetated regions [19]. DL has recently ad-
vanced unprecedentedly in improving LULC classification task accuracy using micro-
wave data. In recent years, convolutional neural networks (CNNs) have been widely
utilized in extracting spatial features directly from SAR images and have gained nota-
bly higher accuracy based on far-level feature extraction compared to traditional ML.
CNNs enable the differentiation between spectrally similar but structurally different
land cover types by capturing high-level multiscale contextual and topological infor-
mation [20]. In addition, recurrent neural networks (RNNs), especially long short-term
memory (LSTM) networks, have been applied for temporal SAR data analysis to detect
land cover changes over time in urban growth and forest loss. Due to the scarcity of
labeled SAR datasets, transfer learning has proven practical, allowing pretrained
models to be fine-tuned for specific LULC tasks. Such developments highlight the abil-
ity of DL to overcome the restrictions of traditional methods, thus enabling LULC clas-
sification from microwave remote sensing to be both more precise and operationally
viable [21]. Table 2 summarizes recent DL algorithms for LULC in remote sensing.

One of the key advantages of microwave remote sensing is its application in
change detection, which aims to detect and quantify changes in land surface features
by comparing the images taken over time. Accurate change detection is essential in
several applications, such as environmental monitoring, disaster assessment, urban
expansion analysis, and resource management. SAR and microwave sensors have
unique advantages for change detection, including their ability to penetrate clouds
and operate in all-weather, day-and-night conditions [29]. The coherent characteristics
of SAR data allow for the identification of very slight changes in surface roughness,
moisture, and structural properties, making it suitable for different applications. De-
forestation detection, flood extent mapping, and urban growth detection methods,
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Table 2: Recent research on microwave remote sensing with DL-based algorithms for LULC.

Algorithm Methodology Application Limitations Source
CNN' Fixed CNN architecture, LULC? classification Limited to fixed CNN [22]
cross-validation, and using radar and architecture and lacks
comprehensive feature  hyperspectral images  exploration of different
extraction architectures
CNN and CNN for feature Scene classification in  High computational cost and  [23]
CapsNet3 extraction and CapsNet  remote sensing limited to three benchmark
for classification images datasets
UNet* and Spatial-temporal Multitemporal LULC High intraclass variance and ~ [24]
convolutional segmentation and post- classification using computationally intensive
LSTM™® classification refinement VHR® satellite data
Deep-LSTM Feature extraction with  LULC classification Limited training samples and  [25]
and AE’ and band selection  using hyperspectral time-consuming process
autoencoder  with deep-LSTM images
CGAN?® CGAN to synthesize LULC classification and Limited to Sentinel-2 data [26]
multispectral Sentinel-2  synthetic image and challenges in capturing
images generation spectral variance
RF, DNN'®,  PCC'? using RF and DNN LULC change detection Limited to bitemporal images [27]
and syM" for LULC change using multitemporal and lacks the complexity of
detection LANDSAT'® images DL-based approaches
Deep CNN, Semantic segmentation  Urban area mapping  Limited labeled datasets for ~ [28]
RF, SVM, and  of PolSAR'® data and and LULC classification SAR and potential
KNN pre-trained on for high-resolution misclassification in complex

ImageNet

SAR' data

urban environments

Convolutional neural network (CNN"), land use land cover (LULC?), capsule network (CapsNet3), U-Net

convolutional network (UNet*), long short-term memory (LSTM®), very high resolution (VHR®),

autoencoder (AE”), conditional generative adversarial network (CGAN®), random forest (RF°), deep neural
network (DNN'), support vector machine (SYM™), post-classification comparison (PCC'?), land satellite
(LANDSAT"™), K-nearest neighbors (KNN'), polarimetric SAR (PoISAR'®), and synthetic aperture radar

(SAR).

such as differential SAR interferometry, are frequently used to identify subcentimeter
movements in surface height associated with landslides, earthquakes, and subsi-

dence.

However, with the growing attention to DL, its automatic feature extraction and
classification abilities have greatly facilitated advances in change detection. More spe-
cifically, CNNs have successfully extracted spatial features from multitemporal SAR
data, with the ability to detect changes in built-up areas and vegetation cover accu-
rately [30]. Additionally, RNNs, particularly LSTM networks, have enabled the analysis
of temporal sequences, significantly improving the monitoring of gradual land use
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changes and climate-related events. The application of GANs has also been investigated
because it can enhance change detection and generate high-resolution SAR images,
which can then reduce the effects of noise. DL methods involve an inherent automatic
feature extraction property that outperforms classical ML techniques in terms of accu-
racy and scalability by eliminating the need for handcrafted features, thus being a pow-
erful solution for change detection in microwave remote sensing [31].

2 Key applications of microwave remote sensing

Microwave remote sensing is widely used in various applications, such as LULC classi-
fication, flood detection, urban mapping, and soil moisture estimation. Figure 2 high-
lights eight essential applications of microwave remote sensing, including land cover
classification, flood monitoring, soil moisture estimation, and earthquake damage as-
sessment, using DL methods.

Figure 2: Key applications of microwave remote sensing with DL techniques.

2.1 Land cover classification

Microwave remote sensing has a wide range of applications, among which land cover
classification is the most popular. Land cover maps play an important role in environ-
mental monitoring, urban planning, and resource management. Because of their ca-
pability to look through the clouds and their sensitivity to surface roughness and di-
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electric properties, SAR data are widely implemented for this purpose [32]. DL algo-
rithms, especially CNNs, have better classification performance in recent years due to
their automatic hierarchical spatial feature extraction capabilities from SAR images.
Using the backscatter signatures and textural patterns, the CNN can effectively clas-
sify the pixels within a given satellite image into different urban, agricultural, forest,
or water body classes. Although fine-tuning pretrained models has consistently pro-
vided higher accuracy in classifying land cover types, it remains a challenge due to
the scarcity of labeled SAR datasets, making transfer learning a practical solution [33].

2.2 Flood detection and monitoring

Microwave remote sensing is an effective flood detection and monitoring technique
under all weather conditions. SAR sensors can be a timely and reliable source of in-
formation under many adverse conditions since they are sensitive to surface water,
and the extent of inundation areas can be determined from the differences in the in-
tensity of backscattering. Variants like CNNs and other new classification models (e.g.,
U-Net architectures) have also improved the accuracy of flood extent mapping [34].
Using semantic segmentation approaches, they can accurately differentiate flooded
areas from nonflooded ones. Moreover, experimental results ascertain RNN integra-
tion to analyze time-series SAR data for flood advancement and recession dynamics,
which is significant in responding to and managing floods [35].

2.3 Soil moisture estimation

Soil moisture estimation is a key parameter in agricultural management, drought
monitoring, and hydrological modeling. Microwave remote sensing, mainly using pas-
sive sensors (i.e., radiometers) and active sensors (i.e., SAR), can penetrate soil, allow-
ing moisture variations related to dielectric properties to be determined. DL methods,
including CNNs and LSTM networks, have successfully retrieved soil moisture from
SAR time-series data [36]. These models efficiently learn spatial and temporal patterns
linked to soil dielectric characteristics, improving precision compared to commonly
employed empirical models.

2.4 Forest monitoring and biomass estimation

Monitoring forests and estimating biomass are essential for carbon stock assessments
and deforestation control. SAR sensors operating in the L-band and P-band, which are
capable of penetrating forest canopies, remain essential data sources for biomass esti-
mation. In contrast to pixel-based analysis, DL approaches such as CNNs or 3D CNNs
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have been applied to derive structure maps and estimate the above-ground biomass
from SAR images by utilizing the spatial and volumetric characteristics of SAR images
[37]. Unlike conventional backscatter-based models that primarily rely on the back-
scatter reflection mechanism, these methods consider the complex scattering mecha-
nisms of forest canopies and outperform traditional methods. Also, with autoen-
coders, supervised learning of hierarchical features has become possible, increasing
accuracy in retrieving forest parameters [38].

2.5 Sea ice classification and monitoring

The classification and monitoring of sea ice is an essential issue, as it not only relates
to the impacts of climate change but also ensures safe navigation for maritime opera-
tions. C-band SAR is popular because it can discriminate between several ice types
through their backscatter intensity and texture. Assessment of sea ice types, including
multi-year ice, first-year ice, and open water, has outperformed conventional methods
via DL models, especially CNNs and capsule networks [39]. Compared to traditional
threshold-based methods, these models better capture spatial dependencies and tex-
tural variations in SAR data. The advent of RNNs has enhanced the ability to monitor
temporal variability in ice dynamics, which is essential for climate studies.

2.6 Urban mapping and infrastructure monitoring

Urban mapping and infrastructure monitoring applications exploit the high resolu-
tion of SAR sensors to identify built infrastructure, such as buildings and roads, and
to measure structural deformations. ML approaches, such as mask R-CNN and FCNs,
have been applied to SAR data for building footprint extraction and damage assess-
ment. These methods excel at pixel-level classification and can accurately identify
urban features. The improved penetration, encoding of spatial hierarchies, and rota-
tional invariance in urban structures have also become prominent factors for using
capsule networks, primarily to indicate their effectiveness in monitoring building
damages and urban subsidence in post-disaster environments [40].

2.7 Ship detection and maritime surveillance

Ship detection and maritime surveillance enable coastal security, anti-piracy, fisheries
management, and more. SAR sensors are appropriate because they can identify metal-
lic objects on the water’s surface. Various DL architectures, such as You Only Look
Once (YOLO) and faster R-CNN, have been extensively applied to SAR images, func-
tioning in real-time and accurately detecting vessels, their types, and their locations
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[41]. They use bounding box regression and object classification-based models to de-
tect ships under complicated sea conditions. Transfer learning has been adopted to
improve detection, as it allows pretrained architectures to be adapted to SAR data to
mitigate the challenges of insufficient labeled datasets.

2.8 Earthquake damage assessment

Microwave remote sensing has proven to be an essential tool for disaster response
and recovery planning for earthquake damage assessment. Because of its ability to
detect surface displacements and damage to structures, SAR is an instrumental tool to
be used immediately after an earthquake. ML methods with interferometric SAR
(InSAR), for instance, have proven notably effective for detecting damaged buildings,
landslides, and surface ruptures, highlighting their potential usage for extracting fea-
tures from output data or prior studies on possible features for use cases following a
natural disaster. CNNs can use such detailed spatial features that would be able to
differentiate between intact and damaged structures at a computational level using
SAR coherence and backscatter data [42]. Furthermore, including LSTM networks al-
lows for temporal analysis of SAR data to evaluate changing damage or recovery
trends, which is valuable information that can be provided to the emergency response
team.

3 Future scope

Microwave remote sensing is a mature field that has generated massive amounts of
data from satellites over the four decades since its inception; however, combining mi-
crowave remote sensing with DL methods provides the potential for significant future
advancements in environmental monitoring, disaster management, and climate stud-
ies. SAR data analysis can benefit from transformer architectures and attention mech-
anisms to extract spatial and temporal features more efficiently than conventional
CNNs and RNNs, which is one of the critical growth areas [24]. In addition, with the
rise of multimodal DL, researchers can consolidate microwave remote sensing data
with optical and LiDAR datasets for applications such as urban mapping and forest
monitoring [43]. Finally, improving computational efficiency via model pruning,
quantization, edge computing, and so on is necessary for real-time high-resolution
SAR data processing from satellites. With the growth of satellite constellations, unsu-
pervised and semisupervised learning will play a much more significant role in ad-
dressing the lack of labeled data for DL models [44].



A systematic review of deep learning techniques in microwave remote sensing =—— 27

4 Conclusion

The rise of DL has been a driving factor for new ways of processing Earth observation
data. DL models, such as CNNs, RNNs, and GANs, have made it possible to automati-
cally learn the underlying spatial and temporal patterns in SAR and scatterometer ob-
servations, achieving high performance in land cover classification, flood detection,
soil moisture retrieval, and urban mapping applications. They have also reduced
some of the limitations of traditional ML approaches, which primarily rely on manual
feature engineering. DL has successfully characterized the complex interrelation be-
tween backscatter and dielectric properties, facilitating higher classification accuracy.
Yet, there are still some challenges with DL in microwave remote sensing that need to
be addressed. The relatively higher computational requirements of DL approaches
can prove to be cumbersome, particularly as the amount of labeled SAR datasets is
limited, which restricts scalability and the potential for real-time implementations.
Advances in federated learning, transfer learning, and models that unify conventional
ML and DL could help resolve some of these issues.
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Abstract: Microwave remote sensing is widely utilized across various disciplines for
Earth observation. This chapter explores both the fundamental principles and practi-
cal applications of microwave remote sensing, with a focus on the distinctions be-
tween active and passive approaches. Active microwave remote sensing, particularly
radar systems, provides high-resolution, independent data that is essential for appli-
cations such as disaster monitoring, environmental mapping, and infrastructure as-
sessment. However, its significance is comparatively lower in studies related to atmo-
spheric analysis, oceanography, and climate monitoring, where passive microwave
remote sensing is more relevant. Additionally, this chapter discusses key concepts, in-
cluding the interaction of microwave radiation with the Earth’s surface, and high-
lights the growing role of artificial intelligence in enhancing data analysis and inter-
pretation. Furthermore, it examines the integration of microwave remote sensing
with contemporary applications, particularly in addressing environmental challenges,
societal issues, and technological advancements.
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1 Introduction
1.1 Overview of remote sensing

Remote sensing is the acquisition of information about an object or phenomenon with-
out making direct physical contact with it. This process involves obtaining data from a
distance through satellite or airborne sensors to detect and measure the reflected or
emitted electromagnetic radiation coming from objects on Earth’s surface. Important
applications of remote sensing include environmental monitoring, Earth sciences, and
the planning and management of urban spaces, disasters, and resources [1].

1.2 Importance of microwave remote sensing in modern
applications

Microwave remote sensing has played a paramount role in the modern world in
terms of penetration through clouds, vegetation, and certain soil media. This is an ad-
vantage, especially in applications where continuous data acquisition is required,
such as climate monitoring, agriculture, disaster management, and military surveil-
lance. Active microwave sensing, primarily radar systems, generates its energy source
for illumination. Satellites such as Sentinel-1 are prominently used for agricultural
classification [2]. Passive microwave sensing detects natural microwave radiation
emitted by the Earth’s surface. It is widely used in meteorology and climatology for
variables such as moisture content within the atmosphere, surface sea temperature,
and soil moisture content [3].

1.3 Active versus passive remote sensing: key distinctions

The applications and limitations of microwave remote sensing depend on the differ-
ences in active and passive sensing definitions. In active remote sensing, a signal is
sent toward a target, and the return signal is then sensed. Examples include radar
systems, such as synthetic aperture radar (SAR). These systems can measure the dis-
tance, speed, and composition of objects [4]. Active remote sensing is being used gen-
erously in terrain mapping, monitoring infrastructure, and environmental changes,
such as detecting deforestation and glacier movements.

Passive systems are not energy emitters but only collectors of radiating energy, as
they emanate from the Earth and rely on material properties and surface tempera-
tures. Passive microwave sensors, including radiometers, are widely used to measure
humidity, sea surface temperature, and ice coverage, as well as atmospheric and
oceanographic variables. These measurements are quite vital for understanding cli-
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mate trends, water cycling, and also natural calamities such as floods and droughts.
Active sensors are used when the data resolution has to be high, and the data has to
be independent of natural light. If measurements of naturally occurring radiation
over a vast area are needed, then passive sensors are preferred.

In summary, both active and passive microwave remote sensing are essential in
today’s data collection efforts, each suited for different aspects of Earth observation.
Active systems such as radar provide detailed high-resolution images for structural
and environmental monitoring, while passive systems facilitate scientists to monitor
natural emissions critical for the study of atmospheric and oceanic phenomena [5].

2 Theoretical foundations of microwave remote
sensing

Microwave remote sensing is performed using microwaves from the electromagnetic
spectrum within the frequency band used to observe and analyze physical and envi-
ronmental phenomena on the Earth’s surface. This section discusses some of the theo-
retical underpinnings that make microwave remote sensing a versatile and powerful
tool in scientific and practical applications. Understanding the nature of microwave
radiation, its interaction with the Earth’s surface, and its properties of polarization
and scattering forms the basis on which this technology can be designed for effective
application [6].

2.1 Electromagnetic spectrum and microwave bands

The electromagnetic spectrum is a broad range of waves with different wavelengths
and frequencies, spanning from the short wavelengths of gamma rays to the long
wavelengths of radio waves. Different parts of the spectrum are used for various ob-
servation purposes in remote sensing. Each region of the spectrum offers unique ad-
vantages by making measurements of the relevant physical properties of the observed
phenomena.

The frequency range is from 300 MHz to 300 GHz, while the wavelength spans
from 1 mm to 1 m. This portion of the electromagnetic spectrum is most useful for
remote sensing operations due to its good penetration through clouds and, to an ap-
preciable extent, through vegetation and soil. The microwave band is further divided
into three bands, namely L-band, X-band, and C-band, with specific benefits in remote
sensing applications. X-band (8-12 GHz) and C-band (4-8 GHz) frequencies are com-
monly applied in radar remote sensing for higher-resolution imaging in SAR systems.
With regard to these higher frequency bands, much detailed information about the
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surface can be obtained and is useful for applications such as urban infrastructure
mapping, disaster management, and environmental monitoring.

Each microwave band interacts with the Earth’s surface uniquely, depending on
its wavelength and frequency, which determines the kind of information it can ob-
tain. For instance, shorter wavelengths, or higher frequencies, are more sensitive to
surface roughness as well as vegetation structure and are much less able to penetrate
dense forest canopies or the ground to acquire information about subsurface proper-
ties [7]. However, longer wavelengths, or lower frequencies, penetrate deeper into the
densest forest canopies or the ground, providing access to subsurface properties. Be-
cause of such differences, choosing the appropriate microwave band is a crucial deci-
sion in designing remote sensing missions.

2.2 Interaction of microwave radiation with the Earth’s surface

Interaction of microwave radiation with the Earth’s surface involves a set of ex-
tremely complex physical principles that define the reflection, absorption, and scat-
tering of incoming microwave radiation depending on various parameters such as
surface roughness, moisture content, or dielectric characteristics of the materials in-
volved. Such an interaction forms the basis for the interpretation of data collected
through remote sensing [8]. The dielectric constant of the material plays a significant
role in this as well. The dielectric constant is essentially a measure of how strongly a
substance can store electrical energy in an electric field, which influences the extent
of the microwave radiation that is reflected into the sensor and absorbed.

Another factor in how microwave interaction affects a surface is its roughness. If
a surface is relatively smooth compared to the wavelength of incoming microwave
radiation, it will reflect most of that energy in a specular or mirror-like fashion. This
effectively returns very strong, focused signals to the sensor. If the surface is rela-
tively rough, on the other hand, it will scatter the energy in many directions, return-
ing much weaker signals. Surface roughness is mostly evaluated in terms of the wave-
length of the incident radiation, so the same surface will exhibit different responses
to various wavelengths (or microwave bands), depending on the scale of its rough-
ness. In the man-made environment, the interaction of microwaves with urban devel-
opments is also very important. Buildings and other infrastructure elements can re-
flect microwave radiation in complex ways through the material composition,
geometry, and orientation of those buildings. This characteristic is quite significantly
exploited in SAR applications, where detailed structural features of an urban land-
scape can be analyzed with a great deal of precision. Since microwaves can penetrate
some materials, such as vegetation or thin walls, it is also possible to view features
that cannot be seen because they are hidden or subsurface [9].
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2.3 Scattering, reflection, and absorption mechanisms

There is scattering, reflection, and absorption of microwave radiation on the Earth’s
surface. These mechanisms are essential in explaining how remote sensing data is col-
lected and interpreted. Scattering occurs when the incoming microwave radiation en-
counters a rough surface, meaning energy spreads in multiple directions. The degree
of scattering depends on how rough the surface is compared to the wavelength of the
incident radiation. In such a case, it becomes very minimal when the surface is
smooth relative to the wavelength, and most of the energy is coherently reflected to
the sensor. When the surface is rough compared to the wavelength, the energy scat-
ters in all directions, which thus weakens the signal coming back to the sensor. Scat-
tering also relies on the distribution, shape, and size of the items placed on the sur-
face; these items can include, for example, vegetation, rocks, and buildings.

Active microwave remote sensing, particularly by radar, sends microwave pulses
toward the target, after which it records the energy reflected by the target. This re-
flected signal carries information regarding the distance to the target and surface
characteristics. The strength and timing of this reflected signal are indications of the
distance and nature of the surface. If the surface is rough compared with the wave-
length, it causes a diffuse reflection, where the returned signal is weak and dispersed
in many directions. Specular reflection on a smooth surface leads to a strong, con-
fined return signal [10].

This depends on the dielectric properties of the material; however, among other
materials, water is one of the strongest absorbers of microwave energy. By re-
emitting the absorbed energy in the form of thermal radiation, this can then be de-
tected using radiometers. The absorbed energy can then be translated into physical
properties such as moisture content or temperature. Mechanisms of scattering, reflec-
tion, and absorption determine microwave radiation’s interaction with different sur-
faces. These are critical processes, and knowledge about their nature forms the foun-
dation for interpreting remotely sensed data, from which meaningful information
regarding Earth’s surface can be teased out.

2.4 Polarization in microwave remote sensing

Polarization refers to how the electric field component of electromagnetic radiation is
oriented. In microwave remote sensing, polarization also strongly influences how mi-
crowaves interact with surfaces and how they are received by sensors. The vast ma-
jority of microwave sensors can transmit and receive microwaves in both horizon-
tally and vertically polarized states; therefore, it is possible to acquire additional
information about the surfaces being monitored [11]. Microwave radiation can be po-
larized in various ways. It has two primary polarization states called horizontal polar-
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ization (H-pol) and vertical polarization (V-pol). In H-pol, the electric field is parallel
to the Earth’s surface, while in V-pol, it is perpendicular to the Earth’s surface. Trans-
mitting and receiving microwave radiation in different polarization states by a re-
mote sensing system can retrieve more information about the properties of the
surface.

Dual-polarization systems send microwaves in one polarization state and receive
them in both horizontal and vertical polarizations. Quad-polarization systems can
transmit and receive in both horizontal and vertical polarizations, providing even
more complete information. These types of systems enable the measurement of cross-
polarized returns; for example, transmitting horizontally and receiving vertically,
which provides additional insights into surface roughness, vegetation structure, and
other physical characteristics. Polarization is very useful in differentiating various
types of surfaces and materials. In vegetation studies, the difference between horizon-
tally and vertically polarized returns is useful for assessing the structure and density
of the vegetation canopy.

3 Active microwave remote sensing

The development of active microwave remote sensing systems plays an essential role
in modern Earth observation as it exploits microwave signal transmission and recep-
tion for surface property and phenomenon analysis based on a wide range of applica-
tions. Unlike the naturally emitted radiation on which passive systems rely, active mi-
crowave sensors, mainly radar systems, emit microwave pulses and record the
energy returned to the sensor. They are especially useful because they can function
independently of light and weather; therefore, data gathering can be done uninter-
ruptedly under clouds and during nights.

3.1 Principles of radar systems

Radar systems, the foundational technology of active microwave remote sensing, op-
erate by sending microwave pulses toward a target and measuring the time it takes
for the returning reflected signal, or “echo,” to reach the sensor. The basic principle
of radar relies on the fact that microwave radiation penetrates through atmospheric
particles, such as clouds, and interacts with objects on the Earth’s surface. The trans-
mitter generates a microwave pulse, which is directed toward the target. The receiver
collects the reflected signal, which is then analyzed by the processor for meaningful
information [12].

There are essentially two classes of radar systems used within active microwave
remote sensing: the RAR and the SAR. Both have different characteristics as well as
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applications, though SAR has become more dominant because it offers higher resolu-
tion and versatility. Figure 1 shows how Al-based data processing can be integrated
with microwave remote sensing workflows. The flowchart illustrates how AI makes
signal processing more sophisticated by identifying patterns in real time as well as
making predictive analytics.

Figure 1: Al-driven data analysis for decision-making.

Real aperture radar (RAR) uses a physical antenna to receive the returned microwave
signals. The resolutions of RAR are antenna size-dependent and on the wavelength of
the transmitted signal. Generally, a larger antenna size gives more resolutions because
the antenna discriminates better for finer details on the Earth’s surface. However, there
are some practical constraints regarding the size of the antenna that can be deployed
for airborne or spaceborne applications [13]. RAR systems are primarily used for real-
time data acquisition over large areas, for example, ship navigation, weather monitor-
ing, and air traffic control. Such systems tend to be relatively simple in their design and
operation but relatively low in resolution. The limitation of the wavelength for space-
borne systems is especially true, where it is unrealistic to deploy antennas large enough
to provide the desired resolution for detailed surface mapping [14].

SAR avoids resolution limitations imposed by RAR by using advanced signal proc-
essing techniques to simulate a much larger antenna or “synthetic aperture.” SAR
achieves this effect by moving the radar platform; for example, a low-flying aircraft
or satellite over a long flight path and recording signals reflected from the viewing
scene over time. These signals are then combined to simulate the performance of a
large antenna, offering very much higher resolution than could be achieved with a
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RAR of equivalent size. The resolution of SAR is independent of the altitude of the
platform, which makes it possible to achieve relatively high-resolution imaging from
space, where it is infeasible to deploy large antennas. Under adverse weather condi-
tions or nighttime, SAR systems can yield images of the Earth’s surface with a very
high degree of detail. This makes SAR a highly useful tool in applications requiring
consistent, high-resolution data, such as environmental monitoring, disaster response,
or analysis of urban infrastructure [15].

Another critical advantage of SAR is that it can measure the deformation and
movement of the surface using interferometric techniques. InSAR analyzes the differ-
ences in phases between two or more SAR images that may have been taken days,
weeks, or even years apart. Such a technique makes it possible to observe very small
changes in the Earth’s surface resulting from ground subsidence, landslides, glacier
motion, or similar phenomena. This capability has fundamentally transformed the
field of natural hazard and geophysical process monitoring.

3.2 Applications of active microwave remote sensing

Active microwave remote sensing, particularly radar-based systems, is applied across
a wide range of disciplines due to its ability to provide high-resolution, all-weather
data. In this section, we explore some of the key applications of active microwave re-
mote sensing in surface monitoring, disaster management, and urban planning. One
of the most essential methods for remote monitoring of the Earth’s surface, and more
specifically those linked to agriculture, forestry, and hydrology, is active microwave
sensing [16].

Radar in agriculture is used to monitor soil moisture, health, and crop growth
patterns. Being sensitive to moisture content, microwave radiation means that radar
data can provide some valuable information about the availability of water for crops,
thus helping in irrigation management and saving water resources. SAR is particu-
larly useful in this context since it can penetrate cloud cover and provide consistent
data throughout the growing season. In the forestry sector, radar systems are em-
ployed for mapping forest cover, biomass assessment, and deforestation tracking. SAR
systems are particularly relevant in tropical zones, where heavy cloud cover consis-
tently impedes the optical view from space. Radar data allows for the observation of
fine-scale changes in the structure of forests related to losses and degradation, which
is important for monitoring deforestation processes as well as the health of forests.

Remote sensing by radar is used in monitoring hydrology, including water bodies,
river dynamics, and flood events. The extent of flooding can even be detected by
changes in surface water levels in SAR systems, even under cloudy and rainy condi-
tions. The ability of soil to feel moisture, together with the sensitivity of radar to sur-
face roughness, is exploited in the ongoing monitoring of soil moisture, which is criti-
cal for understanding drought conditions or managing water resources. The ability of
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radar to penetrate vegetation and detect subsurface water movement is also valuable
for hydrological studies [17]. Active microwave remote sensing is an essential part of
the disaster management platform, as it provides quick and accurate information con-
cerning natural hazards, even in the most inhospitable environmental conditions.
Radar systems, especially SAR, are extensively applied in monitoring and in response
to a wide variety of disasters, such as floods, landslides, and earthquakes.

One of the most common applications of radar remote sensing in disaster man-
agement is flood monitoring. Radar systems can penetrate clouds and rain, thus al-
lowing real-time data on flood extent and water levels during and after floods. SAR
features prominently in areas prone to flooding since it can continuously monitor
flood dynamics and supply high-resolution images of affected areas. This information
is very important for emergency response teams and the government in their efforts
to control flood risks and minimize the effects on affected communities [18]. Active
microwave technology can further be implemented to monitor landslides through de-
tection. Here, the InSAR technique is used to identify ground deformation as well as
slope instability that can lead to landslides. Several SAR images taken at different
times are compared, enabling InSAR to easily detect areas of slow ground movement
prone to sudden landslides. This early detection capability makes it possible to deploy
mitigation measures, such as evacuation or engineering interventions, which can re-
duce risks to human lives and property.

Another critical application of radar systems is the monitoring and assessment of
damage following an earthquake. InSAR can be used to measure ground displace-
ment, especially that caused by seismic activity. Precise maps of the effects can thus
be produced. The information obtained is useful both for determining the extent of
damage to infrastructure and for understanding the geophysical processes that led to
the earthquake. InSAR data are also applied to monitor fault lines and identify areas
that may experience future seismic activity. In urban regions, active microwave re-
mote sensing monitors infrastructure and evaluates land use for planning develop-
ment initiatives in towns. Therefore, it is quite useful in places with high population
density, where information about buildings, roads, and other features of the infra-
structure is of key use in effective planning and management [19].

SAR systems are widely applied in urban infrastructure surveillance as they cap-
ture changes in the structure with the stability of buildings, bridges, and other infra-
structures. InSAR technology is highly beneficial for monitoring ground subsidence
and deformation that might seriously affect the safety and integrity of urban infra-
structures. For example, SAR data may indicate zones of subsidence due to under-
ground construction or natural processes, such as groundwater extraction, which
may damage buildings and roads. Another application of radar remote sensing is
land-use classification and the monitoring of urban growth. SAR systems are powerful
at high resolution, and they can be used for mapping the accuracy of land-use/cover
patterns along with the detection of changes in urban development. This information
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is critical to urban planners and policymakers responsible for city growth manage-
ment and sustainable development.

In summary, active microwave remote sensing, notably by systems based on
radar, SAR, and RAR, is highly important in a broad range of applications, from sur-
face monitoring in agriculture and forestry to disaster management and urban plan-
ning. Its all-weather capability and high resolution make it a highly important tool in
many fields, thereby contributing to more informed decisions and to understanding
and managing natural and human-made environments [20].

4 Passive microwave remote sensing

In contrast to the active version, passive microwave remote sensing does not involve
the transmission of microwave pulses toward a target but is instead based on the de-
tection of natural microwave radiation emitted by the Earth’s surface and atmo-
sphere. This type of remote sensing enhances knowledge of the thermal and radiative
properties of the Earth’s surface and atmosphere, and its results can be applied to an
extremely broad range of scientific and practical applications. Passive systems mea-
sure natural emissions over a microwave frequency range, allowing for the monitor-
ing of critical environmental parameters such as temperature, humidity, soil mois-
ture, and snow cover. The remaining chapter outlines the underlying principles of
passive microwave sensing and explores several of its most important applications in
atmospheric monitoring, oceanography, and cryospheric studies.

4.1 Principles of passive systems

The core principle of passive microwave remote sensing is the fact that microwave
radiation naturally emitted from Earth’s surface and atmosphere can be detected and
measured. The amount and characteristics of this emitted radiation provide a means
of ascertaining valuable information concerning the physical properties of the object
or surface from which it originates. The naturally occurring radiation from which
these measurements are derived is formed based on the measurements collected by
passive microwave Sensors.

4.1.1 Blackbody radiation and brightness temperature
Radiative emission by a physical blackbody is the basis of passive microwave remote

sensing. A physical blackbody is an idealized body that absorbs all incident electro-
magnetic radiation and re-emits it according to predictable statistics across a range of
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wavelengths. The radiation from a blackbody varies with temperature; the hotter the
object, the more it emits at shorter wavelengths. Planck’s law is used to describe the
relationship between the temperature of an object and the radiation it emits. It quan-
tifies spectral radiance as a function of temperature and wavelength. In general, no
natural object is a perfect blackbody. Still, many surfaces on the Earth, such as oceans,
vegetation, and snow, behave similarly to blackbodies in the microwave region of the
electromagnetic spectrum. This allows scientists to estimate the temperature and
emissivity (the efficiency with which an object emits radiation) of these surfaces from
the intensity of the radiation measured by passive microwave sensors [21].

In passive microwave remote sensing, the brightness temperature of the Earth’s
surface is often described in terms of the emitted radiation. Brightness temperature is
defined as the measured radiative temperature of a scene by an observing sensor,
and the value of which is proportional to the physical temperature of the radiating
object and its emissivity. Brightness temperature is important because it allows re-
mote sensing systems to approximate physical properties, such as soil moisture, sea
surface temperature, and atmospheric humidity, by measuring the intensity of the
emitted microwave radiation.

The brightness temperature sensed by a passive microwave sensor depends on
the surface’s material properties, the atmosphere’s temperature gradient, and the sen-
sor’s viewing angle. For example, in oceanography, it can be sea surface temperature
from the measured brightness temperature of the ocean surface, and in meteorology,
it involves the derivation of the brightness temperature of the atmosphere in relation
to the amount of water vapor within the atmosphere, cloud cover, and atmospheric
temperature profiles. Due to its ability to measure these properties noninvasively and
continuously, passive microwave remote sensing can be particularly useful in envi-
ronmental monitoring and climate research [22]. Figure 2 illustrates the upcoming sat-
ellite missions and global monitoring programs, such as the NISAR Mission and the
Sentinel-1 Program. These missions are expected to provide crucial data for monitor-
ing global surface deformation, ecosystems, and environmental changes.

4.1.2 Passive microwave sensors: radiometers

The radiometer is perhaps the simplest remote sensor used in passive microwave re-
mote sensing. It is highly sensitive, detecting the natural microwave radiation emitted
from the Earth’s surface and atmosphere. Based on the principle of finding the inten-
sity of incoming microwave radiation, which is selected within specific frequency
bands corresponding to various microwave wavelengths, a particular radiometer is
chosen to achieve the best possible detection of properties in a surface or atmosphere.
Radiometers are typically transported on satellites or aircraft so that continuous
large-scale observations of the Earth’s surface and atmosphere become possible. A ra-
diometer essentially consists of an antenna that collects incoming radiation and a re-
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Figure 2: Upcoming satellite missions and global monitoring programs.

ceiver that converts electromagnetic energy into electrical signals. These signals are
then processed to yield brightness temperature, which can then be used to infer the
physical properties of the surface or atmosphere under observation. One of the main
benefits of using passive microwave radiometers is their ability to operate in almost
any environmental condition. Unlike optical sensors, which are affected by cloud
cover or interference from atmospheric layers, the signal intensity may penetrate
clouds and provide correct measurement even under adverse weather conditions.
Such a capability is highly important in precipitation measurements, sea surface tem-
perature monitoring, and analysis of snow cover, for such applications require data
that should be quite accurate in terms of acquisition.

This means that passive microwave sensors can be used during both day and
nighttime conditions and, therefore, offer continuous observations over Earth’s surfa-
ces. In that sense, such sensors are appropriate for long-term monitoring of environ-
ments as well as studying seasonal and interannual changes in important environ-
mental parameters. This is accomplished by passive microwave radiometers, which
are well-known from various Earth-observing missions, such as NASA’s Soil Moisture
Active Passive satellite and the AMSR series.
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4.2 Applications of passive microwave remote sensing

Passive microwave remote sensing has a wide range of applications, spanning various
domains such as atmospheric monitoring, oceanography, and the study of cryospheric
environments like snow and ice. These applications leverage the unique ability of pas-
sive microwave sensors to detect naturally emitted radiation and provide critical in-
formation about the Earth’s physical and environmental processes. The following sec-
tion highlights some of the most important applications of passive microwave remote
sensing.

4.2.1 Atmospheric monitoring: precipitation, temperature, and humidity profiling

One of the most significant uses of passive microwave remote sensing involves atmo-
spheric monitoring, particularly in terms of precipitation and temperature profiles, as
well as atmospheric humidity. This is because passive microwave radiometers are
sensitive to the naturally emitted microwave radiation originating from water vapor
and liquid water in the atmosphere, as well as from ice particles, thus making them
very useful for atmospheric weather pattern observations and changes.

The microwave emission from hydrometeors in the form of raindrops, snow-
flakes, and others that constitute rainfall is very useful in determining the intensity of
rainfall and its distribution. The scattering and absorption of radiation by hydrome-
teors make it possible to assess and detect storm systems through radiometers that
are tuned to particular microwave frequencies. For instance, the GPM mission satel-
lites employ passive microwave sensors to provide global rainfall data. These sensors
are helpful in weather forecasting, flood prediction, and climate studies.

Besides precipitation, passive microwave sensors also have a variety of applica-
tions in measuring atmospheric temperature profiles and humidity. Based on the
brightness temperature at a range of microwave frequencies, radiometers can moni-
tor how the temperature and water vapor content at different altitudes change. Infor-
mation of such type could be highly important for studying the vertical structure of
the atmosphere and for monitoring weather phenomena like tropical cyclones, heat
waves, and cold fronts. At the same time, atmospheric humidity is peculiarly one of
the first drivers of weather patterns and plays a central role in the global water cycle.
Passive microwave data, therefore, becomes instrumental in improving weather mod-
els and tracing the effects of climate change on the dynamics of the atmosphere. In
conclusion, passive microwave remote sensing is a powerful tool for observing and
monitoring a wide range of environmental processes, from atmospheric dynamics to
oceanography and cryospheric changes. The ability of passive systems to detect natu-
rally emitted radiation, even under adverse weather conditions, makes them indis-
pensable for long-term environmental monitoring and climate research. Passive mi-
crowave sensors provide further advancements in this field by measuring critical
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parameters, including precipitation, temperature, humidity, sea surface temperature,
salinity, snow depth, and concentration of ice.

5 Data analysis in microwave remote sensing

Data analysis is the most important step in remote sensing, where raw microwave
data is converted into meaningful information for use. In microwave remote sensing,
data complexity, in addition to the peculiar characteristics of microwave radiation,
necessitates specific techniques for preprocessing, feature extraction, and interpreta-
tion. We will start this section by presenting the fundamental steps carried out in the
microwave remote sensing data analysis pipeline. In the preprocessing step, it is nec-
essary to remove noise, calibrate and georeference the data, and correct for terrain.
Feature extraction methods include texture analysis, classification techniques, and ob-
ject-based image analysis (OBIA), which is fundamental for detecting and characteriz-
ing surface features. Finally, we will address the integration of AI and ML into the
discipline with an overview of how these advanced techniques alter the way micro-
wave data is analyzed and interpreted.

5.1 Preprocessing of microwave data

Microwave remote sensing data, particularly from active systems like radar, typically
require extensive preprocessing before they can be effectively analyzed. Raw data
from radar systems often contain noise and distortions that must be corrected to en-
sure accurate interpretation. Preprocessing involves a range of steps, including noise
reduction, calibration, georeferencing, and terrain correction, which are crucial for
producing reliable and meaningful datasets.

5.1.1 Noise reduction and calibration techniques

Noise is one of the major problems in microwave remote sensing, and it originates
from various aspects, including the sensor itself, environmental conditions, or even
the interaction between microwave radiation and the Earth’s surface. Speckle noise is
one such problem identified in radar imagery. It is a form of granular random noise
introduced due to the coherent nature of radar signals. The interference of multiple
scattered signals causes this noise. Speckle noise obscures much-needed information
in the data, reducing the information gathered from the images. Noise removal is one
of the preprocessing pipeline tasks. Speckle filtering techniques are applied to lower
the noise level with the good preservation of the important features of the image. Var-
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ious filters, such as the Lee filter, Frost filter, and Gamma MAP filter, are often applied
to reduce speckles in radar images. These filters apply statistical models in smoothing
out noises without severely degrading the image resolution; however, one must be
cautious not to allow extreme smoothing, which may cause a loss of critical spatial de-
tails.

It calibrates measured backscatter values to correct variations in sensor perfor-
mance and reflect the true intensity of the microwave signals returned from the sur-
face. The data comparison step is necessary if data from different sensors or acquisition
times need to be compared because it ensures measured values are consistent. Geomet-
ric calibration corrects distortions in the spatial positioning of the data. These distor-
tions can occur due to factors such as motion on the part of the sensor, Earth’s curva-
ture, or topographic variations. Microwave sensors, whether airborne or satellite, may
also change their orientation or altitude when data is collected, thus causing misalign-
ment between the recorded data and the true geographic location of the observed fea-
tures. Geometric calibration aligns the data to a standard coordinate system so that fea-
tures in a radar image can be accurately mapped to their real-world locations.

5.1.2 Georeferencing and terrain correction

Once the radar data have been denoised and calibrated, they need to be georeferenced,
which aligns the data with geographic coordinates. Georeferencing is the process of
transforming the raw pixel matrix of the radar image into a spatially consistent map by
assigning geographic coordinates to each pixel, and this is very important for fusing the
radar data with other sources of geospatial data, such as satellite imagery, GIS data, or
even ground-based measurements. This georeferencing ensures that features within
the radar data can be correctly overlaid and compared with other datasets, facilitating
richer analysis. Traditionally, georeferencing of data generally relies on using ground
control points’ visible features whose geographical coordinates are known. The match-
ups of these GCPs in the radar image with the corresponding locations on the ground
are then translated into spatial rectifications of the radar data to a given coordinate
system. This transformation is often performed using affine, polynomial, or spline inter-
polation methods that account for the degree of distortion in the data.

Corrections for terrain also play an important role in radar remote sensing; this
is critical in systems like SAR, as these changes can introduce large distortions in the
radar signal. Terrain corrections address how the topography of the Earth’s surface
influences the nature of a radar signal, which can lead to imaging effects such as fore-
shortening, layover, or shadowing. These distortions occur because radar systems
measure the range of a target rather than its vertical height; hence, distortions in
steep terrain occur in some ways. The operation of terrain correction algorithms with
DEM is possible because it allows adjustments to the radar data to remove these dis-
tortions and provide a closer representation of the Earth’s surface.
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5.2 Feature extraction techniques

Feature extraction is the procedure for identifying and characterizing specific surface
features or patterns within the radar data. It is a critical step in the data analysis pipe-
line, providing vital information on different land covers, surface roughness, vegeta-
tion, the architecture of urban structures, and many other environmental features. In
microwave remote sensing, advanced feature extraction techniques often depend on
texture analysis, classification methods, and OBIA. Texture analysis can be an effec-
tive tool in the feature extraction of microwave remote sensing, given that radar data
is often dominated by complex textural patterns characteristic of the physical proper-
ties of the observed surface. Textures refer to spatial arrangements of pixel intensities
in an image, which provide information about surface roughness, vegetation density,
and other structural properties.

There are several methods for texture analysis, but the most popular one is the
gray-level co-occurrence matrix (GLCM). GLCM measures the frequency of pixel inten-
sity pairs at a given distance and direction to obtain an estimate of spatial relations
between pixels. Metrics for texture consist of contrast, correlation, energy, and homo-
geneity derived from the GLCM. These metrics measure various textural characteris-
tics of a radar image. They can also distinguish between different surface types, such
as forests, agricultural fields, or urban areas, to name but a few. Once the textural
features are extracted, classification techniques are employed to categorize the radar
data into several distinct land cover classes or surface types. Classification methods
can be broadly divided into two categories: supervised and unsupervised approaches.
Supervised classification involves using a user’s known examples of different land
cover types; the classification algorithm is then guided based on the training data.
Common supervised classification algorithms include support vector machines, ran-
dom forests, and neural networks.

In contrast to supervised classification, unsupervised classification does not use
training data. Instead, it uses clustering algorithms to group pixels in the image into
particular classes based on their spectral or textural properties. K-means clustering is
one of the most common unsupervised algorithms, where data are partitioned into a
specified number of clusters based on the similarity of the pixels. This classification is
applied mostly when ground truth data are unavailable or during exploratory analy-
ses to look for unknown patterns in the data. Artificial intelligence (AI) has revolution-
ized the field of remote sensing, and its integration into microwave data analysis has
opened up new possibilities for automated feature extraction, pattern recognition,
and decision-making. Al techniques, particularly those based on machine learning
(ML) and deep learning (DL), have proven highly effective in handling the complex,
high-dimensional datasets generated by microwave sensors.

In microwave remote sensing, Al techniques have recently been widely applied to
improve signal processing and recognition tasks. Unlike traditional methods of signal
processing, which are, in reality, effective and often based on a predefined model and
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assumptions about the data, the Al-based method allows the pattern to learn directly
from the data and flexibly consider and adapt to the type of analysis applied.

DL algorithms, particularly convolutional neural networks (CNNs), have shown spe-
cific promise in performing tasks that involve radar signal processing. In this manner,
CNNs are structured to learn automatically from spatial hierarchies of features; thus,
they are quite suited for complex spatial patterns in radar imagery, for which a large
amount of training data may allow the network to be configured with minimal interfer-
ence from human operators to recognize patterns of buildings, roads, or vegetation. This
capability is very useful for applications where very fast and accurate feature extraction
is required, such as in post-disaster response or tracking of urban areas. Figure 3 presents
a graphical representation of trends in sensor technology, which is rapidly advancing.
The diagram categorizes these advances into the following streams: high-resolution, light-
weight sensors and SAR constellations, as well as advances driven by Al such as noise
reduction algorithms and ML for data interpretation. This symbiosis is going to work to-
gether toward improving the capability of microwave remote sensing systems to collect
data with greater precision, accuracy, and efficiency.

Figure 3: Advancements in sensor technology and Al integration.
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Al techniques are also used to enhance pattern recognition from radar data. For in-
stance, time-series analysis using recurrent neural networks and long short-term
memory has been used to identify temporal patterns such as surface deformations,
vegetation growth, or changing water levels. These methods can monitor dynamic
processes such as subsidence and glacier flow where traditional static analysis falls
short.

6 Challenges, limitations, and future trends
in microwave remote sensing

Microwave remote sensing is both active and passive. It represents a powerful Earth
observation tool with unique capabilities essential to several environmental and geo-
physical applications. Indeed, like any technology, it is not problem-free; atmospheric
and environmental interference, among other factors, represents a challenge, as do
spatial or even temporal resolution constraints and some unavailability of data con-
cerning processing. Despite such limitations, microwave remote sensing is developing
rapidly with advances in sensor technology, Al integration, and new satellite missions.
This section discusses the challenges and limitations of the discipline before moving
on to the innovations and future trends that are likely to shape the next generation of
microwave remote sensing systems.

In Figure 4, some of the major obstacles in microwave remote sensing have been
identified, including atmospheric and environmental interference, the limitations of
spatial and temporal resolutions, and problems with the availability and processing
of data. The different subcategories enable how detailed factors like absorption from
water vapor, surface roughness, and constraints during data processing escalate the
complexity in the analysis and interpretation of microwave data. This flowchart de-
scribes how these problems interplay, and it is clear why special algorithms and mod-
els need to be implemented to mitigate their effects. Without a doubt, interference is
one of the major challenges encountered in microwave remote sensing, encompassing
both atmospheric and environmental interference. Microwave radiation is less depen-
dent on atmospheric conditions than radiation of shorter wavelengths, such as visible
or infrared. However, some constituents of the atmosphere interact with microwave
radiation, and those interactions can be quite strong in certain frequency ranges. In
clouds, water vapor, oxygen, and liquid water absorb and scatter microwave radia-
tion, which may attenuate or distort the signal. The effect is highly significant for pas-
sive microwave systems that detect the Earth’s or atmospheric emitted radiation.
Higher humidity environments often degrade the measurement quality, especially for
lower-frequency microwave bands. This makes acquiring reliable surface properties,
such as soil moisture or sea surface temperature, more challenging.
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Figure 4: Overview of challenges in microwave remote sensing.

Surface roughness, vegetation, and urban infrastructure are other environmental fac-
tors that may also complicate the interpretation of microwave data. For instance, in-
creased scattering effects caused by surface roughness may obscure the underlying
characteristics of the surface being measured. Buildings and other structures in
urban areas make it difficult to obtain a clear signal reflection, while also introducing
distortions that make it difficult to retrieve precise data. These types of interference
have resulted in developing rather complex algorithms and models. Still, they often
cannot fully correct the issues, especially when interference from two or more differ-
ent factors occurs simultaneously, such as in heterogeneous landscapes. Spatial and
temporal resolution limitations are another significant challenge in microwave re-
mote sensing. Microwave sensors, especially radar systems, can obtain high spatial
and temporal resolution images but usually require large antennas or sophisticated
signal processing techniques like SAR. The constraints of size and weight imposed by
the satellite platform become problematic for spaceborne systems, especially when
the antennas required for many applications cannot be made large enough to attain
the desired resolutions. For instance, the resolution of radar imagery in environmen-
tal monitoring may not be high enough to capture information on small-scale fea-
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tures, such as the presence of individual trees or minor deformations in the land sur-
face, thereby limiting the granularity of the analysis. Another limitation is the tempo-
ral resolution or the data collection rate. While microwave systems can operate dur-
ing both day and night and in all weather conditions, the revisit time of spaceborne
systems is typically restricted by the satellite’s orbital path. This can result in data
gaps, especially for rapidly changing phenomena such as floods or landslides.

Other limitations, aside from these physical constraints, include problems related
to the availability and processing of data that might restrict the effective usage of mi-
crowave remote sensing. This means that huge storage capacity and computing power
are required to handle the voluminous data output from radar and passive micro-
wave systems. This proves a challenge to some organizations, especially those with
limited resources. Additionally, the complexity of the information generated by SAR
also calls for special skills and software tools for analysis. Many microwave remote
sensing datasets are public and can be retrieved through space agencies such as
NASA and the ESA. Although vast in number, they are not particularly user-friendly
due to their inherent scale and the advanced data processing techniques that need to
be applied to them. Moreover, processing raw microwave data into useful informa-
tion involves multiple steps, including calibration, noise reduction, georeferencing,
and terrain correction. If any one of these steps is performed incorrectly, it might in-
troduce errors; thus, the verification of the final products to be accurate and reliable
is quite time-consuming and costly.

Even with these challenges, prospects for microwave remote sensing appear
bright; in many ways, new sensor technologies and AI integration will likely over-
come many of the limitations of microwave remote sensing. This includes innovation,
for example, in developing more compact, lightweight radar and passive microwave
sensors that would enable a much greater spread of platforms, such as small satellites
or unmanned aerial vehicles. These developments will improve spatial and temporal
resolutions. More frequent data acquisition with better spatial resolution over the
bandwidth available should alleviate both the spatial and temporal resolution limiting
factors. Thus, small satellite constellations hosting SAR sensors will eventually replace
some current SAR platforms and provide near-continuous global coverage at higher
resolutions. This will permit more timely and detailed monitoring of environmental
phenomena like deforestation, glacier retreat, and urban expansion, which are often
critical for decision-makers and researchers.

As shown in Figure 5, future microwave remote sensing will be described in
terms of developments in sensor technologies and Al. The next flowchart describes
key developments concerning resolution capability, coverage frequency, and Al inte-
gration for analysis and decision-making. These improvements will greatly enhance
microwave remote sensing’s precision, efficiency, and applicability to various envi-
ronmental and geophysical applications.
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Figure 5: Innovations and future outlook.

7 Conclusion

These innovations include overcoming problems such as atmospheric interference,
spatial resolution, and processing constraints. These advancements will ensure more
accurate and efficient Earth observations through microwave remote sensing. This
will generate precious data for environmental management, disaster response, and
scientific research. As Al-driven data analysis continues to improve, the near future
promises to be a powerful era for understanding and managing the complex dynam-
ics of Earth’s systems through microwave remote sensing.
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Abstract: With technological advancements, microwave remote sensing has become in-
dispensable for environmental monitoring and resource management. Real-time micro-
wave remote sensing involves the use of radar and entails the transmission of signals to
obtain highly accurate information on environmental parameters such as precipitation,
soil moisture, plant structure, and terrain features for accurate management. On the
other hand, active microwave remote sensing requires emitted energy that bounces back
and is sensed by the system. In contrast, passive microwave remote sensing is based on
natural microwave emissions from the Earth’s surfaces, which is very useful for measur-
ing soil moisture and atmospheric conditions and is free from any interference from
emitted signals. This chapter explains the technical prospects, working procedures, and
comparatively better features of both approaches to highlight their importance in agricul-
tural research supervision, resource management, and most importantly, sustainability.
Readers will be able to learn and understand from real cases, applications, and real-
world examples that demonstrate how these technologies work and can be applied to
improve crop yields, optimize water use, and manage the effects of climate change.

Keywords: Microwave remote sensing, radar technology, terrain mapping, active re-
mote sensing, passive remote sensing, resource management, sustainability

1 Introduction

Due to advancements in science and technology, there have been major changes in
the quality of navigation and data analysis. Of the many fields that have been im-
pacted by these advancements, remote sensing has greatly benefited, especially re-
mote sensing by microwaves, which has proven to be very fundamental in obtaining
significant environmental information [1]. This technology utilizes microwave signals
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to make measurements and provide additional information about precipitation, soil
moisture, plant structures, underlying surfaces, and more.

Microwave remote sensing can be broadly categorized into two types: active and
passive. While active microwave remote sensing uses a microwave signal transmitted
to the Earth’s surface and reflected to be captured by the remote sensing system, pas-
sive microwave remote sensing solely depends on the emitted microwave energy
from the Earth’s surface. It is especially effective in monitoring the dynamics of atmo-
spheric conditions and the degree of soil moisture without interference with emitted
signals. Thus, the accuracy and timeliness of acquiring such data through these tech-
niques are effective for agricultural management, resource assessment, and the im-
provement of sustainability. This chapter discusses the essential principles and real-
world applications of active and passive microwave remote sensing. With a focus on
practicality, the book provides examples of how these technologies can increase
yields, reduce water usage, and support mitigation and adaptation to tackle climate
change. By pointing out the strengths and weaknesses of one approach over the other,
readers will benefit from understanding the significance of microwave remote sens-
ing in promoting crop research and resource utilization.

2 Active microwave remote sensing

Active microwave remote sensing is an approach that involves the use of radar
equipment to transmit microwaves to the Earth’s surface and then evaluate the ech-
oed signal. Active remote sensing systems emit their own signal, unlike passive re-
mote sensing, which relies on naturally emitted or reflected energy; they are, there-
fore, unaffected by the seasonality of light.

2.1 Principle of RADAR

Radar, an acronym for radio detection and ranging, is an electronic system that em-
ploys radio waves to determine objects’ ranges, angles, or velocities. The basic concept
of radar is to emit a pulse of radio frequency (RF) energy and compute the time taken
by the echo to reach the source after reflecting off an object (Figure 1) [2]. This time is
combined with the speed of the radio waves, which is the speed of light, to calculate
the distance to the object.

Here is a detailed breakdown of the principles of radar:
1. Transmission: A radar system involves the emission of short-wave front radio sig-
nals, usually at microwave frequencies. These waves are capable of penetrating
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Figure 1: Illustration of a radar system, demonstrating
the fundamental process of active microwave remote
sensing.

through the atmosphere, clouds, rain, and other forms of weather, which makes
radar appropriately suited for uses such as weather monitoring and aircraft control.

Reflection: When radio waves are directed at an object, they bounce off in every
direction in which they are emitted. Regarding most of these waves, they are re-
flected back to the radar system involved. They, therefore, vary with the size,
shape, and type of material the object is made from.

Reception: The receiver of this radar records all the reflected waves sent from
the target that form the echo. Powerful techniques enhance and quantify such
feeble reflections of signals.

Time measurement: The time interval that encompasses the start of the pulse emis-
sion to the rise of the echo is defined. The distance is calculated using formula (1).
They also used the formula to determine the distance between two points of interest
as follows:

speed of light x time delay

Distance =
2

@

The use of division by 2 here allows for the distance that the radio waves must
travel to produce the echo.

Doppler effect: If an object is moving relative to the source of the waves, there
will be a variation in the signals reflected and transmitted between the two ob-
jects, known as the Doppler effect:

2
Af:% @)

This frequency shift helps determine the object’s velocity, where Af is the fre-
quency shift, v is the relative velocity, and A is the wavelength of the transmitted
waves (2).

Data interpretation: A radar system processes the received signals and forms a
picture of the scene or a representation of an object, commonly referred to as
radar pictures or plots. The information provided includes reference details on
the coordinates of objects and their movement, while dynamics within the given
radar configuration scope are indicated [3].
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Remote sensing using active microwave technology, which utilizes radar systems, has
the advantage of being effective in monitoring the environment and detecting objects.
By using microwave signals for transmitting and receiving, the radar does not require
external light, yet it can measure distance, speed, and motion. Because of this, radar
has found extensive use in several areas, such as weather identification, airport traf-
fic control, and topographic information gathering.

2.2 RADAR equation

The given radar equation represents the received power of a signal, P;, in a radar sys-
tem. It is employed in determining the power of the signal that is transmitted through
the radar system, reflected from a target, and received (refer to Figure 2) [4-6]. The
equation is:

(471)°R* K ngdRKToyS &

P, = >
P.G:GA°A,t;

(©)

An extended but less frequently used form of the radar equation considers additional
terms, such as the Earth’s surface, but does not account for receiver sensitivity and
atmospheric absorption:

2 .
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where (R) is the distance to the target, (K;) is the loss factor, (P) is the transmitted
power, (G) is the antenna gain, (A) is the wavelength, (4,) is the effective reflection
surface, (t;) is the pulse length, (K) is Boltzmann’s constant, (Tp) is the absolute temper-
ature (in kelvin), (ng) is the noise figure of the receiver, (d) is the clarity factor of the
display, (hp ) is the height of the reflecting surface, (y) is the reflected beam angle, (6g)
is the break-even factor, and (R.) is the distance of the absorbing medium.

Explanation of additional terms: (K,) is the loss factor, considering all system
losses; (A) is the wavelength of the transmitted signal; (4,) is the effective reflection
surface area; (¢;) is the pulse length, indicating the duration of the transmitted pulse;
(K) is the Boltzmann’s constant, a physical constant that relates temperature and en-
ergy; (Top) is the absolute temperature in kelvin; (ng) is the noise figure of the re-
ceiver, representing how much noise the receiver adds to the signal; (d) is the clarity
factor of the display, related to how clearly the received signal can be displayed and
interpreted; (y) is the reflected beam angle, which affects how the signal is scattered
upon reflection; (6g) is the break-even factor, determining the balance point where
the received signal is strong enough to be useful against the background noise; and
(Re) is the distance of the absorbing medium.
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Hz

Figure 2: Detour of ground reflections.

Note: This extended radar equation provides a more comprehensive model by incor-
porating various practical factors that affect radar signal propagation and reception.

2.3 Applications of active microwave sensing

1. Topographic mapping: This is most commonly used in generating accurate digi-
tal elevation models of the Earth’s surface, which involve the measurement of the
phase shift of SAR images obtained from the two-imagery angle. These models
are crucial in blending urban planning and development, infrastructural plan-
ning, and calamity management, as they contain important information on alti-
tude that is useful in construction and developmental planning [7].

2. Surface deformation monitoring: Ground deformities due to tectonic activities
can be measured using interferometric SAR techniques, and the technique is ex-
tensively used in seismology. This includes the evaluation of the changes in the
Earth’s surface after an earthquake with the aim of reconstructing the earth-
quake process or even predicting possible future earthquakes. Furthermore,
radar data is useful in identifying the slope’s motion and the landslide’s initial
phases 9 + 6, which can be useful in risk estimation and establishing an initial
warning system [8]. In areas with volcanic activities, active microwave sensors
capture crucial changes in the structures of volcanoes, such as the inflation and
deflation of magma chambers, which are critical for eruption monitoring pur-
poses.

3. Vegetation and biomass assessment: In forestry, SAR data can supplement veg-
etation cover to provide details such as the heights of trees, which are important
in the mensuration of the forest, the number of trees, and biomass, which are
crucial for the management of forests and the estimation of carbon stock. This is
paramount in carrying capacity research on the distribution of species in ecosys-
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tems [9]. Radar also assists in analyzing temporal changes in deforestation and
forest degradation, factors that contribute to conservation and policy formula-
tion. Active microwave sensors provide descriptions of the growth, health, and
biomass of crops in agriculture, enabling farmers to adopt precision agriculture
[10-12]. This includes crop evaluation, determination of potential crop yield, and
regulation of water for crops.

4. Oceanography: Active microwave sensing is employed in oceanography to mea-
sure the sea surface height and wavelengths. Radar altimeter data of the sea sur-
face height is used to support the work on ocean circulation, sea level fluctua-
tions, and climatic variation. Chen et al. [13] said it was crucial for identifying
ocean currents and predicting the threat of flooding in specific coastal regions. It
is also important to mention that SAR systems can be applied to define the heights
and direction of waves, which are necessary for ship navigation, coastal region
management, and meteorological processes. Scatterometers are similar to radar
instruments, but they are capable of measuring the backscatter from the ocean
due to wind speed and direction. They are needed for meteorological research,
climate investigations, and storm chasing, including hurricanes and cyclones.

3 Passive microwave remote sensing
3.1 Principle of passive microwave remote sensing

Passive microwave remote sensing is a process whereby microwaves emitted by the
surface and atmosphere of the Earth are detected. Whereas active microwave remote
sensing employs transmitting its own signal, passive systems merely receive and re-
cord the microwave energy emitted by objects [14]. Microwave radiation emitted by
an object depends on the temperature of the object as well as the emissivity rating of
the object. Emissivity is one of the key parameters that determine the ability of an
object to radiate in comparison with a black body at the same temperature. Due to
emissivity and temperature differences between different surfaces, passive micro-
wave sensors can effectively identify different materials or states, including soil mois-
ture, sea ice concentration, and atmospheric vapor.

Figure 3 represents the basic characteristics of passive microwave remote sens-
ing. In this process, the Sun acts as the sole source of emitted RF energy, which is then
reflected by the Earth’s surface and captured by the passive sensor onboard the satel-
lite. The collected data undergo advanced image processing through radiometric cor-
rection and spatial interpolation to accurately convert the raw RF signals into mean-
ingful images. This ensures a precise representation of Earth’s surface features, and
the final image is produced accordingly. Radiometric correction is the correction of
sensor data in response to deviations in sensitivity attributes related to the sensor sys-
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Figure 3: Illustration of a radar system demonstrating the fundamental process of passive microwave
remote sensing.

tem and environmental factors within which the system operates. This process en-
sures that the intensity measurements obtained in one captured image reflect the real
radiance of the Earth’s surface, thereby providing accurate results and greater unifor-
mity. Similarly, spatial interpolation is a process of increasing the accuracy of an
image by infilling values at sample points that have not been measured. This method
enhances the spatial resolution intensity of the image, thus yielding a more qualified
and detailed description of the surface texture.

3.2 Types of radiometers

In passive remote sensing, the major function of a radiometer is to act as a receiver of
the emitted or reflected energy from the Earth’s surface or from the atmosphere [15-
17]. Some of the common radiometers employed in passive remote sensing are listed
in Table 1.

Table 1 shows three types of radiometers, each of which has a different purpose
depending on the wavelength or frequency range. Microwave radiometers are used to
measure the radiation coming from the surface of the Earth and atmosphere; hence,
they are utilized in the study of precipitation phenomena and the temperature of the
Earth’s surface. Thermal infrared radiometers are at the heart of temperature change
detection and the estimation of the gaseous content of the atmosphere. They are par-
ticularly important in analyzing heat and other related atmospheric phenomena.
VNIR radiometers operate in the visible and near-infrared wavelengths and are
mainly used in ecological and agricultural research. Their capacity to quantify the re-
flection of sunlight helps in the analysis of vegetation conditions and changes in land
cover. These two radiometers can be used together to form a complete system for
measuring environmental processes and helping climate science, agriculture, and en-
vironmental management by providing information based on different radiation
spectra and surface characteristics.
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Table 1: Different types of radiometers and their applications.

Radiometer type Frequency Applications
range/
wavelength
Microwave radiometers 1-100 GHz Measures Earth’s surface temperature, precipitation, and

conditions of land/water formations.

Infrared radiometers 3-14 pm Measures thermal infrared emissions, which are useful for
surface temperature readings, detecting warm objects,
and analyzing gases in the air.

Visible and near- 0.4-1.4 pm Measures reflected sunlight, which is used to analyze
infrared (VNIR) vegetation vigor, land utilization, and surface reflective
radiometers characteristics.

3.3 Applications of passive microwave remote sensing

Passive microwave remote sensors are employed for tracking the status of moisture
in the topsoil layer, sea surface temperature, snow and ice, and vegetation water con-
tent, which are very critical in decision-making for agricultural practices, hydrological
analysis, and climate change investigations [18]. They also help in atmospheric re-
search by determining profiles of water vapor, cloud liquid water, and temperature,
which are essential in meteorology and climate modeling. Additionally, these sensors
are used in applications such as ocean salinity, land surface temperature, sea ice con-
centration, and precipitation estimation, thereby playing a crucial role in environ-
mental monitoring and disaster management [19, 20].

4 Comparative analysis of active and passive
microwave remote sensing

Microwave remote sensing plays a crucial role in Earth observation, and it is basically
divided into two categories: active and passive remote sensing. Active microwave re-
mote sensing is defined as the transmission of signals and the reception of backscat-
tered signals, which include surface roughness and high-resolution movements. This
capability makes it particularly suitable for uses such as the creation of topographic
maps, studies of surface changes, and studies of plant cover density. On the other
hand, passive microwave remote sensing involves the identification of emissions in
the microwave frequency domain and is well-suited to measuring the state of the at-
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mosphere and the hydrological cycle. This type of work is significantly useful for cli-
mate, hydrological, and environmental research [21, 22].

Table 2 highlights the key differences and applications of active and passive mi-
crowave remote sensing:

Table 2: Differences between active and passive remote sensing.

Aspect Active microwave remote sensing Passive microwave remote sensing

Principle Emission and detection of Detection of naturally emitted microwave
backscattered signals radiation

Types of sensors  Synthetic aperture radar (SAR) and Radiometers
scatterometers

Control Control over a signal’s frequency, Depends on the frequency and intensity of
polarization, and timing natural emissions

Topographic High-resolution surface mapping using  Not applicable

mapping interferometric SAR

Surface Monitoring earthquakes, landslides, Not applicable

deformation and volcanic activity

Vegetation Assessing vegetation structure and Estimating crop conditions and moisture

analysis biomass content.

Oceanography Measuring sea surface height, wave Observing sea surface temperatures and oil
patterns, and wind speed spills

Climate studies  Limited to indirect applications Monitoring atmospheric parameters such

as temperature and humidity

Hydrology Not directly applicable Measuring soil moisture, snow cover, and
ice extent

Environmental Limited to surface characteristics Observing changes in sea surface

monitoring temperature and environmental anomalies

Although passive and active microwave remote sensing techniques are very different
from one another, they are both important due to their particular abilities and disad-
vantages. This makes active systems suitable for obtaining well-defined surface data
required in topographic mapping, measuring surface deformation, and surveying veg-
etation cover. Passive systems should be employed to monitor the condition of the at-
mosphere as well as the hydrosphere. More importantly, they hold significant value
in climatology trends, hydrology, and other environmental studies.
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5 Image processing in remote sensing

Image processing involves several steps that take place in a given sequence, one after
another, to ultimately produce the desired result (refer to Figure 4). The steps are ex-
plained in detail below:

Step 1.

Step 2.

Step 3.

Step 4.

Step 5.

Step 6.

Step 7.

Data collection: This process begins when the electromagnetic radiation emit-
ted by the Earth’s surface is received as signals by the sensors on the satellite.
Radiometers on the satellite just measure the emitted or reflected radiation at
other bands of wavelengths. This raw data serves as the source for subsequent
data processing.

Data collection: Preprocessing: Radiometric correction assists in address-
ing issues with parameters influenced by the atmosphere and obtaining real
radiance values, as the sensitivity of the sensor may be altered. Also timely,
geometric correction alters the orientation of spatial data to conform to a
map or coordinate system in order to reduce distortion caused by satellite
movement, the Earth curvature, and actual terrain [23].

Data collection: Image construction: Cubic interpolation in the spatial di-
mension helps increase the image’s resolution because it interpolates any
missing areas or coordinates with an estimated value. Filtering then removes
all the noise and other unwanted features obtained during data acquisition,
enhancing the quality and precision of the images.

Data collection: Data calibration: The process of conversion to radiance
standardizes raw digital numbers and quantitatively transforms these num-
bers back into true radiance values. Normalization, in its simplest form, is
used to scale the values of various sensors at different time points to the same
range.

Data collection: Image generation: In image formation, the data acquired
in various bands are fused in such a manner as to produce an integrated pic-
ture of the Earth’s surface. There are also additional tools that assist in the
above visual analysis, and they are visualization tools that include the con-
trast control and color vision to bring out certain aspects to aid in the
analysis.

Data collection: Analysis and interpretation: Feature extraction considers
tiny areas of the image for features like vegetation cover or water bodies.
This is then followed by classification, where the pixels are grouped into dif-
ferent land cover types or other suitable classes, with the final output being a
thematic map suitable for uses such as decision-making on land use, among
other uses.

Data collection: Output: The last one generates the image, which is then
stored along with the computational process and classification as a final prod-
uct. This is also useful for some purposes, ensuring that the data feeding into
the analysis is sufficient for the task [24-26].
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6 Challenges and limitations

Every system has its own flaws, and the ever-changing technology discussed through-
out the chapter also has its own shortcomings. Many shortcomings have been eradi-
cated with the change of era, but still there is room for improvement. Some of these
fields requiring research and development are mentioned below:

Figure 5: Limitations and challenges in active and passive microwave remote sensing.

Figure 5 also provides an overview of several limitations and challenges that are
characteristic of microwave remote sensing systems. One of the major issues is atmo-
spheric interference, which is less pronounced in active and passive microwave sys-
tems than humidity, rain, or cloud cover. However, it is still vulnerable to environ-
mental conditions, thereby affecting the data quality. Another problem is spatial
resolution; passive microwave systems have lower spatial resolution than optical sen-
sors, which result in reduced image quality [27]. Furthermore, microwave data analy-
sis is not easy and needs expertise and involves the use of equations for microwave
data analysis. This can be a drawback for those who are not specifically trained in the
field. Another challenge is the high operating costs, especially for active microwave
systems such as radar. These systems require more power and complex instruments,
and are therefore expensive to operate and maintain [28]. Moreover, due to the revisit
times of satellites, temporal coverage is often limited, making it difficult to get contin-
uous data, especially for real-time monitoring of certain areas.
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Another major issue is calibration because different microwave systems from dif-
ferent manufacturers yield different results. When “uniformity” has to be met across
devices, let alone ones that cannot share a common platform, the veracity of the data
is potentially at risk. Another limitation of microwave remote sensing systems is the
large amount of data produced, particularly when large areas are being imaged with
relatively coarse resolution. The roughness of the surface and the vegetation can
make it even worse by adding noise that interferes with the detailed physical features
of the surface in question. Of the two, vegetation poses a major challenge to the cor-
rect interpretation of surface properties since it interferes with the correct reading of
the surface [29]. All these problems make microwave remote sensing a difficult task
in accurately measuring environmental parameters. These challenges can only be
overcome with the help of development in the field of technology, improvements in
calibration techniques, and improvements in data processing to obtain satisfactory re-
liability and efficiency of microwave remote sensing under different conditions.

7 Future trends and development

There has always been a need for innovation in technology; microwave remote sens-
ing still has the potential to become well-developed in the future. Some of the trends
seem to be toward making sensors smaller and more sensitive in the future to take
even more precise readings. These enhancements are expected to increase the accu-
racy of active and passive microwave sensing for better measurement of the Earth’s
surface and atmosphere [30]. In the area of passive microwave sensing, advances in
the development of radiometers mean that it will be possible to receive signals with
higher sensitivity and thus measure such small changes in the environment as the
amount of moisture in the ground or the thickness of sea ice. This will be exception-
ally helpful for climate assessments and ecological preservation, especially in areas
where data is inadequate or challenging to explore.

Due to the growing incidence of disasters, synthetic aperture radar (SAR), under
active microwave sensing, is expected to be applied more frequently. Improved data
processing procedures and sophisticated learning tools are projected to augment the
analysis of SAR data so that more profound changes in land use, vegetation, and infra-
structure can be identified and closely monitored [31]. Furthermore, combining SAR
with other remote sensing systems, including optical and thermal imagery, will offer
a better understanding of multifaceted environmental processes. The future will also
demand real-time information processing and application. Developments in cloud
computing and artificial intelligence to enhance the current real-time interpretation
of microwave remote sensing will further develop to offer near real-time interpreta-
tion, enhancing instant decision-making across various sectors, including disaster
management, farming, and city planning.
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Finally, the launch of small satellites, along with the availability of microwave re-
mote sensing data at lower prices and through open sources, will enhance the usage
of this technology. This will enable everyone, from scientists to policymakers to the
general public, to harness microwave remote sensing for their numerous uses [32]. To
sum up, the prospects of microwave remote sensing are rather active, and further re-
search and development of the technology will improve the characterization of the
field and expand its applications in various scientific disciplines.

8 Conclusion

Microwave remote sensing, which includes both active and passive sensors, has be-
come one of the key tools of Earth observation and plays an important role in various
fields, including agriculture, the environment, oceans, and disasters. This chapter ex-
plores the principles, techniques, and various implementations of these remote sens-
ing technologies, as well as their importance and viability in practical contexts.

Whenever radar is concerned, particularly when using SAR or scatterometer, mi-
crowave remote sensing is highly active and effective in observing the Earth’s surface
and detecting shifts in the surface and vegetation structure. Radar has been described
using the radar equation and Doppler effect as principles that make this type of mea-
surement accurate in terms of distance, speed, and movement, thus strengthening the
technology. On the other hand, passive microwave remote sensing utilizes naturally
emitted microwave radiation to gather important information about the state of the
atmosphere and the hydrological cycle. While this approach is not characterized by a
high level of signal control, it is effectively used in various applications, including soil
moisture measurement, sea surface temperature monitoring, and observing atmo-
spheric parameters. The role played by radiometers in sensing emissions across dif-
ferent spectra has been emphasized, and the significance of passive sensing in climate
and environmental research has also been explained.

This chapter demonstrates the necessity of dividing and comparing the two
types of microwave remote sensing: passive and active. Nevertheless, active systems
can display highway data and are useful for performing structural and surface in-
vestigations; at the same time, passive systems can provide a significant amount of
information concerning the environment and climate. Combining both approaches
is not only feasible but also desirable, as they offer a more holistic view of the Earth
systems. The proposed method enhances the information and application of both
techniques due to their complementarity, enabling more effective decisions in agri-
culture, resource management, and disaster response. Additionally, advancements
in methodologies have enhanced the reliability and utilization of data obtained
through microwave remote sensing through improvements such as radiometric and
geometric corrections. These processes make it possible to convert the readings re-
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corded by the sensors into meaningful, accurate, and ready-to-use data for numer-
ous scientific and practical fields.

In conclusion, microwave remote sensing represents an interaction of technology,

science, and application that is important in the quest to understand the planet, as
demonstrated in this study. As with other constantly evolving issues such as climate
change, resource scarcities, and environmental degradation, microwave remote sens-
ing aids in the provision of enhanced, timely, and effective data. This chapter is more
than just an introduction but rather a guide for readers to help them grasp how these
potential technologies can be used to improve our understanding of various domains
and create a better and sustainable world.
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Syna and Hardik Dhiman*
Essentials of RADAR remote sensing and Al
integration

Abstract: This chapter provides a foundational understanding of the integration be-
tween radio detection and ranging (RADAR) remote sensing and artificial intelligence
(AD). It begins with fundamental RADAR concepts, including system classifications,
data acquisition techniques, and signal processing. The chapter explores the role of Al
in processing and interpreting remote sensing data, discussing various machine learn-
ing and deep learning approaches used to enhance RADAR-based analytics. This chap-
ter evaluates AI's benefits and limitations in RADAR applications, focusing on compu-
tational efficiency, data accuracy, and operational challenges. The chapter discusses
key applications in environmental monitoring, including deforestation assessment,
flood detection, urban mapping, and agricultural advancements such as precision
farming and pest control. By outlining the synergy between RADAR and Al this chap-
ter outlines how these technologies contribute to more efficient and accurate remote
sensing solutions.

Keywords: Environmental monitoring, agricultural applications, data acquisition,
flood mapping, crop monitoring, pest detection

1 Introduction

Radio detection and ranging (RADAR) remote sensing and artificial intelligence (AI)
significantly enhance the Earth observation and data analysis. This chapter provides
an overview of RADAR remote sensing technology, the transformation brought about
by AI to further enhance RADAR’s capabilities, and the importance of integration for
various applications.

1.1 Overview of RADAR remote sensing
RADAR remote sensing is a way of measuring objects on the surface using microwave

signals [1]. The basic concept involves the emission of a series of radio waves that are
reflected by the surface and captured by the sensor. RADAR systems measure the
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time it takes for signals to return and their strength to determine the distance, speed,
and characteristics of targets [2, 3]. RADAR remote sensing can operate independently
of weather and lighting conditions. While optical sensors rely on visible light, RADAR
can see through clouds, fog, and precipitation, making it ideal for prolonged observa-
tion in adverse weather conditions [4]. This capability is essential for applications in
adverse weather conditions or during natural disasters. RADAR systems are used in
various fields, such as mapping [Dingle 5], topographic mapping, environmental
study, and rescue operations. For instance, synthetic aperture radar (SAR) generates
high-resolution imagery of the Earth’s surface to obtain precise information about
land cover, ground deformation, and vegetation structure. RADAR technology also
identifies various atmospheric conditions, from precipitation and storms to meteorol-
ogy and climatology.

1.2 The role of Al in remote sensing

Machine learning (ML) and deep learning (DL) are subfields of Al that have signifi-
cantly boosted the efficiency of RADAR remote sensing [6]. Combining these technolo-
gies improves data processing efficiency and decision-making across multiple do-
mains. Classification algorithms, including support vector machines (SVMs) and
random forests, have been applied to classify RADAR data and distinguish various
land cover types, including forests, urban areas, and water classes [7, 8]. These algo-
rithms learn from labeled training data, which can assist in making predictive conclu-
sions about other new, unlabeled data. In this case, they are used to classify and ana-
lyze RADAR images autonomously. RADAR data analysis has progressed to the next
phase of digital evolution by employing deeper and more developed forms of ML, re-
ferred to as DL. One such example is convolutional neural networks (CNNs), more spe-
cifically, which recognize spatial patterns and features in RADAR images. For in-
stance, CNNs have been applied to solve different problems, including the detection of
land subsidence, mapping deforestation, and identification of infrastructure damage.
The use of AI for RADAR data is also useful for creating other enhanced analytical
tools, including the changes in detection systems and predictive models. These tools
can detect ongoing environmental changes, assess natural disaster impacts, and fore-
cast future events, making them useful for development strategies and emergency op-
erations.

1.3 Importance of RADAR data in modern AI applications

In the agriculture sector, Al integrated with the analysis of RADAR data can enhance
precision farming, which involves assessing the crop’s health, the expected yield, and
the detection of attacks by pests [9]. This capability makes it easier to target the right
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people and areas of need, ensuring efficient use of resources for improved agricul-
tural productivity. Another method involves using an image fusion-based framework
for detecting agricultural changes with the incorporation of optical and microwave
satellite data [10]. Natural hazard identification and assessment in disaster manage-
ment are enhanced by the application of RADAR and AI [11]. For example, using coor-
dinates from RADAR data, AI algorithms can measure floods and landslides, deter-
mine the extent of earthquake effects, and provide real-time details to support rescue
and recovery endeavors. In terms of defense, Al in RADAR systems provides more ef-
fective monitoring and tracking and, inherently, target identification. Real-time
RADAR data analysis improves threat detection and supports informed command de-
cisions [12].

In general, the combination of RADAR remote sensing with Al is an innovative
step forward in the area of remote sensing and data analysis. Combining the two
methods provides more opportunities to extract valuable and useful information
from the described RADAR model environments and achieve better results in a vast
majority of applications [13]. When we take a closer look at the opportunities and
risks of this integration further, it is expected that the integration of RADAR and Al
systems will contribute to innovations and improvements in the ways we explore and
explain the world.

2 RADAR remote sensing fundamentals

The RADAR remote sensing technology is one of the most important tools for the
Earth observation and environmental surveillance. This section introduces the basic
operation of acquiring data through the remote sensing technology employed in
RADAR systems, together with the general types of systems. Before considering its po-
tential when combined with Al it is necessary to comprehend these fundamentals.

2.1 Basic principles of RADAR

RADAR stands for radio detection and ranging [14]. This is a remote sensing technique
whereby objects on the Earth’s surface are identified and characterized by transmit-
ting electromagnetic waves, typically in the microwave part of the spectrum. The sen-
sor calculates target distance, location, and characteristics from signal delay and
strength. The major strength of RADAR is its versatility; RADAR operates effectively
independent of the state of darkness [15]. In contrast to optical sensors that require
light, whether natural or artificial, RADAR can probe through clouds, rain, and even
some densities of vegetation and deliver similar data every time. This makes RADAR
exceptionally useful in applications in areas that frequently experience cloudy skies
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or during serious turbulent weather conditions. The second important aspect of
RADAR is its dependence on surface roughness and specific dielectric constants [16,
17]. Resonance frequency and phase can be analyzed to extract information about tex-
ture, moisture levels, and the general structure of the surface under observation. This
capability is important in soils, moisture measurement, forest structure, and urban
classification.

2.2 Types of RADAR systems

RADAR systems can be classified into various types based on the mode of operation,
platform, and frequency band in use. The two main modes are imaging and non-
imaging RADAR. SAR is one of the examples, and it is extensively utilized in remote
sensing applications on the imaging front [18]. As the sensor moves, sequential radar
pulses create a synthetic aperture for high-resolution imaging. The technique is prom-
ising in enhancing capabilities for observation toward detailed interpretation of the
Earth’s surface features. SAR systems are increasingly popular in different applica-
tions, ranging from topographic mapping, which requires fine elevation data, to disas-
ter monitoring, which is concerned with damage assessment in areas affected by
floods, earthquakes, or landslides. In addition, SAR studies address numerous envi-
ronmental issues, such as changes in deforestation, glacier dynamics, and soil mois-
ture estimates; hence, it is a technology of great importance for modern remote sens-
ing and geospatial analysis.

Non-imaging RADAR is not primarily concerned with detailed imagery but rather
with detecting the presence, distance, and speed of objects. Examples of such systems
include weather RADAR systems tracking precipitation and Doppler RADAR used in
the enforcement of traffic speed [19]. While non-imaging RADAR is not typical for de-
tailed Earth observation, it plays an important role in meteorology, aviation, and mili-
tary operations. Based on the carrying platform, these systems can be classified as air-
borne, spaceborne, and ground-based. Airborne RADAR systems, mounted on aircraft,
are utilized when higher-resolution data is needed over certain areas and for small-
scale applications such as topographic mapping and environmental monitoring.
Spaceborne RADAR refers to radar devices installed on satellites that provide global
coverage and are highly required in wide range of applications such as climate moni-
toring and disaster management. It also encompasses landslide and infrastructure-
related studies with the use of ground-based RADAR systems.

Another critical factor involves the frequency band of the RADAR system, as vari-
ous frequencies have different penetration capabilities and sensitivities. Common fre-
quency bands involved in remote sensing include L-band, C-band, X-band, and S-band
[20]. Due to its longer wavelength, L-band RADAR can penetrate vegetation and thus
has been widely applied in forestry and soil moisture studies. C-band typically finds
application in disciplines that require imagery in any weather, such as meteorology



Essentials of RADAR remote sensing and Al integration =—— 77

and oceanography. X-band RADAR offers high resolution, although it is primarily ap-
plied in military and urban applications. S-band RADAR has a moderate wavelength
and, therefore, finds common application in weather RADAR systems. Figure 1 shows
various types of RADAR systems.

2.3 Data acquisition and processing

The acquisition and processing of RADAR data is a complex process, with many steps
involved in transforming raw signal returns into information. First, there is data ac-
quisition, in which the RADAR sensor sends pulses toward the Earth’s surface and re-
ceives the reflected signals back from the targets. These raw signals are called RADAR
backscatter and carry information about the distance and properties of the target.
Once data is acquired, it is preprocessed to compensate for distortions caused by plat-
form motion, atmospheric conditions, and sensor characteristics. Data preprocessing
encompasses several steps, including radiometric calibration, geometric correction,
and speckle filtering. The backscatter intensity is altered by radiometric calibration to
account for variations in the sensor’s sensitivity. Geometric correction aligns the
RADAR image with geographic coordinates and corrects distortions caused by sensor
movement or the Earth’s curvature.

Preprocessed data is now ready for analysis and interpretation. Depending on the
application, various techniques can be employed for information extraction from the
acquired RADAR data. Interferometric SAR (InSAR) employs small ground movements
by comparing phases corresponding to two different time repetitions of SAR imagery
[21]. Polarimetric SAR uses different polarization states of the RADAR waves to carry
more information about target properties, such as vegetation type or soil moisture
[22]. The basic concepts of RADAR remote sensing essentially mean learning the fun-
damental principles, systems, and data processing techniques that are effective for
using the technology in various applications. The integration of AI with RADAR re-
mote sensing is based on this foundational knowledge in the application of a para-
digm, enabling advanced achievement of analytical tools and methods that are capa-
ble of extracting useful insights from RADAR data for innovative solutions in
environmental monitoring, disaster management, and agriculture, among many
other uses.

3 Al in remote sensing

Al integrated with remote sensing has changed the way data is processed and inter-
preted by different sensors, such as RADAR. The critical access points between Al and
remote sensing are considered below in the context of techniques concerning ML and
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Figure 1: Types of RADAR systems.
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DL, their applications in remote sensing, and the benefits and challenges arising from
the integration of Al

3.1 Overview of ML and DL

ML algorithms were used to analyze and interpret the complex datasets obtained
from remote sensing sensors, such as those from RADAR sensors [23]. The common
ML techniques applied to remote sensing include the classification algorithms of
SVMs, decision trees, and random forests. DL is an advanced form of ML based on
neural networks with many layered processing units. These deep neural networks
can learn hierarchical features from unprocessed input by training them end to end.
Normally, this fits perfectly with complicated tasks. The most popular model used in
analyzing images in DL is CNNs, which have shown outstanding performance in ob-
ject detection, segmentation, and classification in various remote sensing applica-
tions.

3.2 Al techniques for remote sensing data

The AI techniques provide effective tools for RADAR data analysis, which enhance
their utility and effectiveness [24]. The following sections briefly describe some key Al
techniques applied to remote sensing data.

3.2.1 Algorithms of classification

ML classification algorithms are applied to classify the data obtained through RADAR
into their respective predefined classes. For instance, one will be able to segregate
land cover classes such as forests, urban areas, and water bodies by using different
supervised classification methods such as SVMs and random forest. These algorithms
are trained on a labeled dataset where each point represents data from a particular
known class. The trained model uses this knowledge to classify new, previously un-
seen data.

3.2.2 Change detection

Change detection is one of the most basic applications of remote sensing, considering
the changes on the Earth’s surface over a period of time. AI techniques enhance this
process by automating the processing and comparison of RADAR images acquired at
different times. ML algorithms enhance traditional techniques such as image
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differencing and change vector analysis, improving subtle change detection and re-
ducing false positives. For instance, DL models leverage routines in time to allow for
land use, vegetation, and infrastructure changes with high accuracy.

4 Object detection and segmentation

Object detection and segmentation involve identifying and delineating features of in-
terest in RADAR images. DL models have been successfully performed by active learn-
ing of spatial hierarchies and feature representation from RADAR images using CNNs.
Examples include object detection algorithms such as YOLO (You Only Look Once)
and faster R-CNN, which can identify and geolocate objects within an image. In con-
trast, segmentation algorithms like U-Net determine the exact boundaries and pixels
that distinguish one region from another. By leveraging these techniques, applications
considered critical today include monitoring urban expansion, detecting deforesta-
tion, and identifying infrastructure damage.

5 Feature extraction

Feature extraction, in this case, involves deriving meaningful information from raw
data. Al, more so DL, can abstract this level of features automatically without human
intervention. For example, CNNs can autonomously learn texture, shape, and spatial
patterns from RADAR images for use in further analysis. This capability reduces man-
ual feature engineering workloads and also improves accuracy for successive analy-
ses. The integration of AI with remote sensing data has enormous advantages and a
significant number of associated challenges. Understanding these aspects will help op-
timize the use of Al for remote sensing applications. The use of AI algorithms in ana-
lyzing large volumes of RADAR data enhances the precision of results. This is particu-
larly helpful for applications that demand minute details, such as environmental
change monitoring and disaster damage assessment. Al methods automate the proc-
essing and analysis of data from RADAR, enhancing effectiveness by reducing the
man-hours needed to do such tasks. It enhances workflow through automatic classifi-
cation, change detection, and object recognition for near real-time analysis. Al algo-
rithms can process volumes of data, hence being ideal for applications that require
massive scalability. Satellite-hased RADAR systems generate extremely large datasets
that can be efficiently processed using Al techniques; thus, such approaches enable
monitoring and analysis on a global scale. Al, by providing accurate and timely in-
sights, improves decision-making in many spheres [25].

In disaster management, for instance, such Al analytics using RADAR data inform
response strategies and resource allocation for more effective interventions. AI and
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ML models need quality training data to learn adequately. It is a very difficult task in
a remote sensing context, requiring tremendous manpower and time. Besides, there
will be variations in the quality of the RADAR data related to environmental states or
limitations of the sensor used, which have the potential to affect model performance.
Most AI models, especially DL models, require huge computational resources for
training and deployment. High-performance hardware with specialized software is
needed to manage big datasets and complex algorithms, which acts as a deterrent for
some organizations.

6 Applications in environmental monitoring

The integration of RADAR remote sensing with Al has drawn a new perspective on
monitoring the environment [26]. This section reflects on how these technologies find
applications in deforestation monitoring, flood mapping, soil moisture estimation,
and urban area classification. By leveraging the properties of RADAR for penetrating
environmental conditions and Al for information processing, environmental monitor-
ing could be done more accurately, timely, and scalable.

6.1 Deforestation and forest monitoring

Deforestation threatens ecosystems, biodiversity, and the global climate. Regularly
monitoring forests is essential to understand deforestation trends, map illicit logging,
and assess the performance of conservation policy portfolios. Traditional satellite op-
tical remote sensing techniques are often limited by cloud obscuration and atmo-
spheric interference, especially in the tropics, where high deforestation rates are com-
mon. Equipped with cloud penetration by RADAR backed by complex data processing
through AL the device can be an ideal tool for forest monitoring. SAR is suitable for
forest monitoring, given its ability to produce high-resolution images in almost all-
weather conditions and at any time. SAR data can provide insights into the structure
and density of forest cover, which are necessary for distinguishing between intact for-
ests, deforestation, and regrowth. Al algorithms can detect forest cover changes from
SAR data, such as clear-cutting or selective logging. In addition, the AI model can be
used to predict hotspots of future deforestation by training on historical data and
guiding preventive measures.
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6.2 Flood mapping and water resource management

Flooding is one of the most catastrophic natural disasters and causes significant loss
of human lives, property, and economic resources every year. Accurate flood mapping
is of prime importance for disaster preparedness, mitigation, and response. In these
aspects, remote sensing by RADAR is widely used in flood monitoring because of its
capability to capture imagery regardless of the weather even during storms or heavy
rainfall when floods occur [27]. However, with the integration of Al, flood detection
has become far more accurate and much quicker, thereby making the satellite tech-
nique an indispensable tool in disaster management. It works on the principle of vari-
ation detection in surface reflectivity from both the water body and its catchment
area. Al algorithms detect flooded areas by comparing pre- and post-event RADAR im-
ages.. SVMs and random forest ML algorithms classify the extent of flooded areas
based on changes in RADAR backscatter. DL models, especially CNNs, have also
emerged to be effective in detecting and delineating flood boundaries with high pre-
cision.

Besides real-time detection of flooding, Al-powered RADAR data can be utilized to
enable the development of predictive models for assessing flood risks. Such models
work on historical flood data, topography, rainfall, and land use to identify areas with
a high risk of flooding. This is the most crucial information required for disaster pre-
paredness in terms of good governance, and other organizations should be able to pri-
oritize flood defenses and manage water resources with greater efficiency to mini-
mize the impact a flood could have in the future.

6.3 Soil moisture estimation

Soil moisture is one of the most important factors related to agriculture, hydrology,
and climate science because it influences plant growth, water supply for various pur-
poses, and weather conditions. Therefore, accurate estimation is important for
drought monitoring, irrigation management, and crop yield prediction. Among re-
mote sensing activities, it is evident that RADAR remote sensing, at the L-band and C-
band frequencies, is very sensitive to soil moisture, proving to be useful in large-scale
soil moisture mapping [28]. Al techniques, when applied to RADAR data, enhance the
accuracy and spatial resolution of soil moisture estimates. For example, most of the
well-known algorithms in ML could estimate the soil moisture content by using
RADAR backscattered data, topographic data, and meteorological data. These models
are trained on ground-truth soil moisture measurements to improve their predictive
accuracy.

Al enables the integration of RADAR data with other remotely sensed data, in-
cluding optical and thermal imaging, to enhance soil moisture estimation. This multi-
sensor approach gives further insight into the status of the soil, overcoming certain
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limitations that each sensor exhibits [29]. While RADAR informs about surface soil
moisture, for instance, thermal sensors can infer subsurface moisture conditions; Al
models can integrate these datasets for more accurate results. Typically, this is ideal
for agriculture since it uses Al-enhanced RADAR data to determine the soil’s moisture
content with almost real-time monitoring. This allows farmers to develop an optimum
irrigation schedule and reduce the amount of water used while maintaining good
crop conditions. Soil moisture monitoring thus helps in the early detection of drought
in arid areas and the use of water-saving mechanisms accordingly. In climate science,
knowledge about the dynamics of soil moisture helps in better modeling of land-
atmosphere interactions for advancing weather prediction models.

6.4 Urban area classification

With increased urbanization in the world, it is important for sustainable development
and urban planning that processes of urban growth and land-use changes are ob-
served. In particular, RADAR remote sensing from SAR systems allows for obtaining
extremely detailed information on surface structures, such as buildings, roads, and
other infrastructures that characterize urban areas [30]. The use of Al, coupled with
this, makes the RADAR data even more effective in classifying areas of urban environ-
ments and changes over time. Al-based urban classification techniques are performed
by supervised ML models, which are trained with labeled datasets consisting of fea-
tures from both classes, namely urban and non-urban. These models analyze SAR
data to classify all types of urban features into residential, industrial, and transport
classes. Advanced DL models, including CNNs, allow for more refinement based on
complex patterns and spatial relationship learning in the data.

Another important benefit linked to the use of Al in the classification of urban
areas is that it can easily facilitate the detection of urban expansion and changes in
land use. For example, such automation is very important to governments and urban
planners who depend on timely and accurate information for making decisions re-
garding infrastructure development, zoning, and environmental impact assessments.
AT approaches have the potential to integrate RADAR data with other geospatial data,
such as optical imagery and demographic data, to develop a more integrated impres-
sion of the urban area. This integrated approach allows urban planners to analyze
the effect of urbanization on natural resources such as transportation networks and
public services to make informed decisions for sustainable development strategies.
The integration of RADAR remote sensing and Al has changed environmental observa-
tion, making this activity more accurate, timely, and scalable. From deforestation
monitoring and flood mapping to soil moisture estimation and urban area classifica-
tion, these technologies provide essential insights for the effective management of
natural resources, disaster mitigation, and sustainable development planning. As Al
techniques continue to advance in their integration with RADAR data, so will our abil-
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ity to monitor and protect the environment in support of global conservation, disaster
management, and adaptation to climate change.

7 Applications in agriculture and food security
7.1 Precision agriculture

Smart farming is a method of agribusiness that allows not only the application of
water, fertilizers, and pesticides to the field but also the determination of their dose
individually for each plant. RADAR remote sensing, given its independence from the
current weather and its coverage of large regions, can be useful in precision agricul-
ture [31]. The integration with AI helps RADAR data track soil moisture, crop develop-
ment, and changes in land usage, where farmers can effectively make informed deci-
sions on managerial impacts. A major use of RADAR in precision agriculture is in
estimating the moisture content in the soil. Since RADAR signals depend on the mois-
ture content in the soil, RADAR sensors can give accurate estimates of large-scale soil
moisture status. Another example is that, using ML and other Al techniques, the data
collected by RADAR can be combined with other environmental parameters, such as
temperature and humidity, to model changes in soil moisture over time. This informa-
tion is very important to coordinate the irrigation periods when crops should be wa-
tered. This section discusses two evident problems that farmers encounter in the use
of water in agriculture, including over-irrigation and under-irrigation, which both
lead to wastage or scarcity of water, low productivity, and loss of arable soil. Al-
enhanced RADAR data provides real-time insights into crop water needs, helping
farmers overcome irrigation challenges. Figure 2 shows the satellite view of an agri-
cultural area in Taiwan.

The use of Al-built models based on RADAR can produce estimations of crop
stress, allowing farmers to distinguish the fields where crops fail due to a lack of
water, nutrients, and so on. Stress identification at the initial stage allows farmers to
make necessary changes to their growing environment, such as watering or spraying
fertilizer. This precision not only increases yields but also reduces the environmental
impact of excessive resource use.

7.2 Crop yield estimation

Production forecasting is crucial in food supply chain management, pricing of agricul-
tural products, and food security. The conventional approach to estimating crop yields
involves physical appraisal on the ground and, therefore, is time-consuming and, in
most cases, provides outdated information. RADAR remote sensing can gather data on
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Figure 2: Satellite view of an agricultural area in Taiwan (source: Copernicus Browser).

the growth of crops and the state of the fields over large areas in a relatively quicker
and simpler way than using ground-based equipment [32]. When combined with Al,
this data can be analyzed to offer accurate yield forecasts. The information gathered
by the RADAR sensor can be processed by applying ML, DL, or other Al techniques to
calculate the biomass, developmental stage, and health condition of crops. For in-
stance, using a CNN, images captured by remote agricultural asset detection through
RADAR can be used to identify various crop types and forecast their production from
records. These models are trained to identify structures in RADAR backscatter, as
such patterns can relate to the structure and density of vegetation. By using data gath-
ered from planting up to the time of harvest, Al-driven RADAR analysis can generate
real-time yield predictions that adapt to current conditions.

Apart from the fact that enhanced RADAR data with the help of AI can lead to
more accurate yield forecasts, the information acquired can assist farmers in adjust-
ing their input. This approach to the allocation of resources assists in farming that
can be embraced as a sustainable farming system that reduces the negative impacts
of agriculture on the environment. Other stakeholders, such as governments and agri-
cultural organizations, also stand to gain from appropriate yield forecasts, which help
with food shortfall predictions, resource distribution, and international trade plan-
ning in the market system. Through RADAR technology and applications of Al, the
framework can examine agricultural yields in real time and quickly identify regions
that are likely to fail in producing crops due to climate challenges such as drought,
flooding, or unfavorable weather conditions. This systemic process empowers a
timely prevention of compromise of the food security strength.
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7.3 Pest and disease detection

Pests and diseases are some of the biggest challenges to food security in the contem-
porary world, mainly because they can cause significant losses to farmers. It is impor-
tant to identify pests and plant diseases early to reduce losses in cultivation. The use
of RADAR remote sensing in combination with AI provides a new approach to moni-
toring crop health and identifying possibilities of stress from pests or diseases [33].
While RADAR sensors effectively measure structural properties and moisture content
to help with damage determination, Al can fuse this data with other remote sensing
information, including optical and thermal imagery, to identify patterns that could
suggest pest or disease outbreaks. For instance, ML, models can help identify irregu-
larities in the growth or reflectivity of crops that could be associated with pests or
diseases. Even more accurate detection of stresses within crops may be achieved by
exploring DL representations such as CNN, which are capable of mapping intricate
spatial relationships within data collected by RADAR.

By using Al to improve the RADAR data, it is also possible to analyze environmen-
tal factors for disease and pest outbreaks. For example, certain temperatures and hu-
midity levels might cause illness and pests, in addition to weather conditions that are
conducive to these issues. Combining these variables with the use of crop monitoring
through the RADAR system, Al models can predict the probability of pest outbreaks
and prescribe measures, including, apart from pesticide use, the deployment of bio-
control agents. Also, early detection of pests and diseases facilitates the development
of efficient control measures in a limited section of a field to prevent the need for
generic sprays across a whole field. Furthermore, it reduces the cost that farmers
have to incur over time to buy chemicals and reduces the negative effects on the envi-
ronment caused by the use of chemicals.

7.4 Irrigation management

Effective use of water for irrigation is very important in enhancing productivity
among farming activities, particularly where water is scarce. When used in excess,
water essential for agriculture activities causes soil depletion, decreases yields, and
has long-term impacts on the environment. On the other hand, over-irrigation leads
to crop stress, resulting in low yields, while under-irrigation leads to low production
[34]. As has been pointed out earlier, radar data is highly responsive to the moisture
content of the soil. Thus, it is used to map the moisture content in large tracts of agri-
cultural land. Weather data can be combined with topographical data and crop type
data and fed into AI models to set an appropriate irrigation schedule. With the help of
Al technologies, farmers can predict when and where water is necessary for crop
growth, save water, and ensure proper crop conditions. Another advantage of using
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Al and RADAR for irrigation management is the potential to implement site-specific
practices.

8 Conclusion

Al combined with RADAR remote sensing, significantly boosts agriculture and sup-
ports food security amid global challenges. These technologies amplify efficiency in
farming, an area traditionally facing challenges in effective resource utilization. Deg-
radation of the environment through traditional methods leads to poor crop yield es-
timates, pest/disease identification, and irrigation techniques, all of which can be im-
proved with modern technologies. With the world’s population increasing constantly
and the need for food growing year by year, the applications of RADAR and Al in agri-
culture will become more critical to advancing efforts to feed people and ensure the
sustainability of agriculture.
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Fusion of scatterometer and optical remote
sensing: enhanced classification and change
detection

Abstract: Earth observation via high or enhanced resolution remote sensing satellite
imagery is necessary to observe the Earth’s resources accurately. Nevertheless, a sin-
gle satellite sensor’s remote sensing images do not offer significant information. Pan-
sharpening techniques have become more common in producing multispectral im-
ages with great spatial resolution. The optical and microwave datasets are fused using
pan-sharpening techniques to provide high-resolution products with substantial spec-
tral and spatial information. These datasets were combined using the Brovey trans-
form to create high-resolution pictures. A support vector machine classifier was used
first to classify the photos, and a change detection model was then used to classify
images to create change maps. Finally, using MODIS data as the validation reference,
an accuracy study was conducted to gauge the outcomes. This research aims to en-
hance natural hazard monitoring and forecasting in mountainous regions.

Keywords: Remote sensing, pan-sharpening, snow mapping, change detection, satel-
lite imagery

1 Introduction

Satellite images from remote sensing have shown their flexibility in a range of Earth
observation applications. These images aid in gathering information from hazardous
and inaccessible locations. Due to the quick development of satellite sensors such as
SCATSAT-1 and MODIS, remote sensing images are widely employed in many different
fields, including predictive maintenance [1], monitoring [2], and management [3] of
natural resources. Satellite images with a high spatial resolution are necessary for re-
mote sensing imaging systems. Nevertheless, a single satellite sensor’s remote sensing
images do not offer a significant amount of information. There are basically two types
of sensors: optical and microwave. Both optical and microwave sensors provide the
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essential information with respect to their spectral or microwave bands [4]. The opti-
cal sensors obtain high-quality images across various spectral bands. In contrast, the
microwave dataset offers the advantage of capturing data both day and night in mul-
tiple polarization modes (HH, VV, HV, and VH), unaffected by atmospheric conditions
[5]. To generate high-resolution products for various purposes, the data is collected
from two or more sensors and combined to get adequate information [6].

Pan-sharpening is a possible solution to combine data from two or more sensors
to generate high-resolution images [7]. There are several types of pan-sharpening
methods at different levels: pixel, feature, and decision levels [8]. At the pixel level,
the images are combined by substituting values of pixels, and new images are gener-
ated by calculating the values of pixels from input images. At the feature level, the
features are extracted to create the pan-sharpened image. At the decision level, the
final output is obtained by combining the various decisions from the input datasets.
However, the pixel-level methods are commonly chosen to provide pan-sharpened im-
agery due to the advantage of simple processing compared to the others [9].

There are two types of pixel-level techniques: component substitution (CS) and
multiresolution analysis (MRA) [10]. Several researchers implement these image fu-
sion techniques to achieve both high spectral and spatial quality [3, 11]. Gram-Schmidt
(GS), Brovey Transform (BT), Principal Component Analysis (PCA), Intensity Hue Satu-
ration (IHS) [12, 13], Elhers fusion [14], and nearest neighbor diffusion [15] are the
pixel-level techniques. The pan-sharpened data is used for various purposes, like clas-
sification and change detection.

In snow cover mapping, the pan-sharpened data is utilized to develop the snow
maps [15]. The classification techniques are used to identify class categories from
high-resolution data. The classification algorithms are categorized as supervised, un-
supervised, and semisupervised [3]. Some of the well-known classification algorithms
are support vector machine (SVM), random forest, spectral angle mapper, maximum
likelihood classifier, and K-means clustering [16]. These are the most widely used clas-
sification techniques in various scientific domains [1]. Change detection allows the
identification of changes occurring between two different periods. It is more suitable
for identifying seasonal and multitemporal changes [17]. The snow cover change de-
tection can help avalanche forecasting models better predict and mitigate avalanche
dangers in mountainous regions [18].

This study investigates the use of pan-sharpening algorithms to improve optical
and microwave datasets: (a) preprocessing; (b) using BT to apply pan-sharpening tech-
niques to MODIS optical and SCATSAT-1 microwave images; (c) using SVM classifier
for image classification; and (d) change detection. Lastly, accuracy assessment ap-
proaches are used to evaluate these methods’ performance. Performance analysis is
carried out on a portion of the Himalayas that is primarily covered in snow as part of
the study.
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2 Study site and data

The study is carried out over the North Indian region (Ladakh, Jammu and Kashmir)
as shown in Figure 1 (a) Map of India, and (b) MODIS Image over study site". There
is a lot of snowfall in this mostly mountainous region. On February 16, 2017,
and February 16, 2020, data were acquired from the optical-based MODIS (500 m) and
the microwave-based SCATSAT-1 (2 km). With its several dual-polarization modes [14],
ISRO’s SCATSAT-1 allows for very fine surface feature differentiation [11]. The re-
search makes use of backscattered data (Sigma-naught) from the Level 4 India (S1L4)
product SCATSAT-1. The NASA web portal’s MOD02 product served as the source of
MODIS data.

In order to record reflected energy without considering surface roughness into
account, SCATSAT-1 sends out microwave pulses toward the Earth and record the
backscattered signals. Active microwave sensors, such as scatterometers, provide
wide worldwide coverage, surpassing 90% of the Earth’s surface every day, and are
not impacted by atmospheric sunlight, in contrast to passive sensors [14]. Further-
more, scatterometers can penetrate cloud cover to measure sigma-nought (o) over the
Earth’s surface at night and during the day [19]. MODIS data for the same day was
obtained from the MOD10A2 product on the NASA web portal for validation reasons.

Figure 1: (a) Map of India and (b) MODIS image.
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3 Methods

The method to perform pan-sharpening is shown in Figure 2: (a) preprocessing, (b)
pan-sharpening, (c) classification, (d) change detection, and (e) accuracy assessment.

Start

'
! '
MODIS Image SCATSAT-1 Image

' '

Pre-Processing

'

Pan-sharpening by BT

'

Classified by SVM

'

Change Detection

'

Accuracy Assessment

'

Validation

'

End

Figure 2: Flowchart of methodology.

3.1 Preprocessing

The preprocessing is required because when sensors capture images from the Earth,
some artifacts, such as noise, are present in the raw image. Therefore, preprocessing
is applied to the raw data to improve spatial resolution. Both MODIS and SCATSAT-1
images must be processed to the required corrections for geometric, radiometric, and
atmospheric parameters in order for pan-sharpening to be successful. These factors
can affect the quality and brightness of the images. As a result, using eq. (1) [10, 15]
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improves the accuracy of spectral reflectance (SR) determination, leading to more
high-quality images during the pan-sharpening process. The pre-processing is essen-
tial for creating high-resolution pan-sharpened images that are reliable and of high
quality, which are important for several applications:

7R « ES?
SR= —————— 1
Ey + cos 6, @
where R is the radiance between the sensor and the path, ES is Earth-Sun distance, E,

is the exo-atmospheric spectral value, and 6, is the zenith angle.

3.2 Pan-sharpening

It is a process of creating high-resolution images from optical and panchromatic (mi-
crowave) images. The pan-sharpening techniques are applied to merge both optical
and microwave datasets to generate high-resolution products that preserve a substan-
tial amount of both spectral and spatial information. In this study, the Brovey trans-
form technique is implemented to combine the features of both datasets to generate
high-resolution images. Bob Brovey [12] developed the Brovey transform technique,
which consists of multiplying each pixel values. To apply the Brovey transform for
the fusion of both MS and PAN images, both images need to be normalized before
fusion. Next, for each pixel, determine the ratio by dividing its value in the PAN
image by the total of its values across multispectral spectral bands, as follows:

Ipan(X%,y) x Iys(X,y)
> s, (%)

@)

Ipan—sharpened (XJ’) =

where Iyan_sharpened (X, Y) is the fused value at coordinates (x, y). Ipan(X,y) represents
the panchromatic. The multispectral image is denoted as Iys(x,y). The pixel value at
the ith band is denoted as IMS (x,y). The total of the pixel values for all bands of the
multispectral images is Z Ivs; (%, y).

3.3 Classification

After pan-sharpening, the pan-sharpened data is used for classification. Several classi-
fication algorithms have been used by various researchers [20]. In this study, the SVM
classifier is implemented to generate classified maps from pan-sharpened images.
Both linear and nonlinear data can be handled by the SVM classification method [21].
Classification is achieved by first translating the original training data into a higher-
dimensional space and then creating a hyperplane within that enlarged space. To dis-
tinguish one set of data from another, the decision plane, also known as a hyperplane,
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is essential [22]. It identifies particular information points called support vectors, that
aid in defining the decision boundary and ensure a substantial margin of separation
between the various classes [23]. Within this decision plane, it focuses on increasing
the separation between the class categories [24, 25]. It has the lowest error rate for
classifying items. According to Pal and Foody [22], SVM can be mathematically ex-
pressed by eqs. (3) and (4) if the training set consists of n examples:

{ai,bi }; i=1...,n (3

where b € R' denotes the ¢ classes and a € R* denotes the z input characteristics. The
classes in a binary classification issue are designated as y €{-1, +1}. When there is a
weight vector “w” that specifies the discriminating plane’s orientation and a scalar “y”
that indicates the discriminating plane’s offset from the origin [22],

bi( wa;+y)-120 4)

3.4 Change detection

The technique of identifying the variations that occur during multitemporal dates is
known as change detection. It allows us to determine the seasonal variations through-
out a specific time frame. The procedure compares and examines the variations be-
tween images taken at different intervals [17].

3.4.1 Change magnitude
In the two fractional change maps that correspond to dates 1 and 2, the class cate-
gories (snow and non-snow) are represented by P=(xo, X3, ..., x,l)T1 and Q=

Vo> V1>« - +» yn)Tz, respectively, where n is the number of fractional maps. Further-
more, eq. (5) is utilized to compute the change magnitude |H| from two fractional

maps [26, 27]:
‘H‘:\/Z(yn—xn) (©)
k=1

3.4.2 Change direction

Change direction allows the identification of the types of changes that occurred dur-
ing the multitemporal dates, such as base change vectors [28] and cosine-based meth-
ods [29]. To identify the direction of change, the change-combination approach will be
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employed [30]. Shift direction represents the accumulation or melting of snow during

the multitemporal dates as follows:

— DPositive change (snow accumulation): If yx > xi- indicates the snow accumulation
in pixel k.

— Negative change (snow melt): If y; < x;- indicates the snow melt in pixel k.

- Stable (no change): If y, = x; indicates the no-change in snow cover in pixel k.

3.5 Validation

The validation process measures the accuracy of change and classified maps gener-
ated from fused images [10]. The accuracy is generally evaluated by cross-referencing
with the reference dataset. To perform the evaluation, MOD10A2 has been acquired to
carry out the validation process. The user’s accuracy (UA) represents how well each
class category in the image is identified, whereas the producer’s accuracy (PA) meas-
ures the degree of agreement between the classification findings and the reference
data. Important factors are taken into account in this work.

Table 1: Accuracy assessment of two multitemporal images by using the SVM classifier.

Date Class RT cT NC PA UA Classified Change detection
OA OA

Date 1 Snow 52,102 40,703 33,556 64.40% 82.44% 85.67% 94.45%
(Feb 16, 2017)

Non- 127,238 138,637 120,091 - -
snow

Date 2 Snow 52,197 45717 3,810 73.01% 83.36% 87.84%
(Feb 16, 2020)

Non- 126,297 132,777 118,688 - -
snow

Notes: RT, reference totals; CT, classified totals; NC, number of correct; PA, producer’s accuracy; UA, user’s
accuracy; OA, overall accuracy.

4 Results and discussion

The effectiveness and temporal variance of the classification and change detection
procedure are evaluated by determining the classification accuracy for snow and
non-snow regions using pan-sharpening of SCATSAT-1 and MODIS datasets. A compre-
hensive summary of the performance measures for 2017 (date 1) and 2020 (date 2) is
given in Table 1. Two multitemporal images (February 16, 2017, and February 16, 2020)
of Ladakh and Jammu and Kashmir were obtained from MODIS and SCATSAT-1 Land-
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sat-8 in order to detect changes. First, preprocessing was done on the MODIS and
SCATSAT-1 datasets to perform the various corrections. Following that, the BT ap-
proach was chosen as a pan-sharpening method based on previous research and ap-
plied to the MODIS and SCATSAT-1 datasets, as shown in Figure 3(a—g). The efficiency

Figure 3: (a) MODIS 2017 image, (b) SCATSAT-1 2017 image, (c) BT pan-sharpened 2017, (d) SVM classified
2017, (e) MODIS 2020 image, (f) SCATSAT-1 2020 image, (g) BT pan-sharpened 2020, (h) SVM classified
2020, (i) change/no change, and (j) “from-to” change.

of the BT pan-sharpening technique has been evaluated by classifying pan-sharpened
images using the SVM. The classified images are shown in Figure 3(d) and (h).

Snow and non-snow fraction classes, for example, can be visually interpreted in
this image from Figure 3(d) and (h), respectively. Table 1 displays the accuracy evalua-
tion that has been calculated for each fractional map. An overall accuracy of 85.67%
(kappa = 1.6481) for the snow in date 1 (February 16, 2017) image and 87.84% (kappa =
1.3390) for the snow in date 2 (February 16, 2020) image has been attained, according
to the results. Subsequently, using the change detection methodology, “change/no-
change” and “from-to” change maps were generated. Figure 3(i) and (j) shows the re-



Fusion of scatterometer and optical remote sensing =—— 99

sulting change maps: (i) a “change/no-change” map based on change magnitude, and
(j) a “from-to” change map based on change direction.

The MODIS and SCATSAT-1 datasets were effectively utilized in the study for
change detection over Ladakh and Jammu and Kashmir by employing SVM classifica-
tion and BT pan-sharpening. The preprocessing steps successfully managed both at-
mospheric and radiometric impacts, producing high-quality data for study. Pan-
sharpening process was enhanced using the BT technique, and pan-sharpened data is
classified by using SVM and these classified images led to show precise snow cover
change maps.

5 Conclusion

In this study, for experimental purposes, data is acquired from the MODIS and SCAT-
SAT-1 datasets, which covered the geographical areas in Ladakh and Jammu and
Kashmir, to assess the effectiveness of the BT pan-sharpening technique and SVM clas-
sification in detecting snow cover changes. The preprocessing applies to enhanced
image quality, while BT pan-sharpening is used to combine both MODIS and SCAT-
SAT-1 datasets to generate high spatial resolution images. These pan-sharpened high-
resolution images are used to classify snow and non-snow areas in mountain region.
Changes are detected from classified images that can be used for various purposes
such as prediction of natural hazards, hydrological research, water cycle, and agricul-
tural supply. From the experimental outcomes, BT pan-sharpened-based classified
image shows 87.84% overall accuracy and change detection model achieved 94.45%
overall accuracy. The SVM classifier produced clear classifications like snow and non-
snow. The results show that advanced pan-sharpening technique in combination with
SVM classification approaches can be applied to precise environmental monitoring
and risk prediction of natural hazards and water mass balance of glacier. To increase
its generalizability and accuracy in identifying changes, future studies should look at
more satellite datasets and machine learning methods while expanding them to dif-
ferent areas or time periods.
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AlI-powered urban infrastructure monitoring
using RADAR-based remote sensing

Abstract: This chapter explores how artificial intelligence (AI) drives a paradigm shift
in RADAR-based remote sensing for urban infrastructure monitoring. Urban monitor-
ing has shifted toward a predictive and proactive approach by harnessing RADAR’s
ability to penetrate materials and AI’s advanced data processing techniques. This
chapter examines how Al can be applied to RADAR data for tracking changes in infra-
structure, including roads, bridges, and underground facilities, and identifying risks
related to ground subsidence. The discussion includes Al-driven methodologies for
structural assessment, urban expansion analysis, and predictive infrastructure main-
tenance. Case studies illustrate the practical applications of this technology in smart
city initiatives, disaster management, and predictive maintenance. The chapter also
addresses key challenges in applying Al for infrastructure monitoring, including data
accuracy, empirical limitations, and ethical concerns. Finally, the future potential of
Al in shaping smart, sustainable cities is discussed.

Keywords: Al-powered urban monitoring, RADAR remote sensing, infrastructure
health monitoring, urban infrastructure, predictive maintenance, structural health
monitoring, change detection

1 Introduction
1.1 Urban infrastructure monitoring: a growing necessity

Early detection of deterioration, wear, or failure signs in these assets is very critical.
These methods also require a significant amount of human intervention, which may
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expose workers to the risk of human error as well as pose safety concerns for those
inspecting deteriorating or hazardous structures [1].

Modern cities are complex systems, and without real-time data on their infra-
structure’s health, delays in maintenance can cause minor issues to escalate into
major failures. As a result, there has been a growing emphasis on advanced remote
sensing technologies and data-driven methods that provide more comprehensive, ac-
curate, and actionable insights [2]. RADAR-based remote sensing has emerged as an
effective solution. It is noninvasive, scalable, and independent of weather conditions,
making it ideal for assessing urban infrastructure health. Integrating artificial intelli-
gence (AI) with RADAR enhances this process, enabling real-time, autonomous, and
predictive monitoring, which offers deeper insights into efficiency compared to tradi-
tional methods.

1.2 Role of RADAR-based remote sensing in urban monitoring

Indeed, using RADAR technology, especially synthetic aperture radar (SAR), has be-
come an important tool in remote sensing of the urban environment. The principle of
RADAR involves detecting objects and changes on the Earth’s surface through radio
waves, which makes it effective in monitoring significant elements of urban infra-
structure such as roads, bridges, buildings, and utilities. In addition to that, the signals
have the capacity to penetrate clouds, fog, or precipitation. For this reason, such ob-
servations are possible in cases with various changes in weather conditions, which
may often be quite an issue in urban regions where these frequently occur and could
interrupt other forms of remote sensing. The time delay for signal transmission and
reception, as well as the frequency shift caused by movement, facilitates measuring
accurate distances, characteristics of objects, and changing properties over time. Such
data can provide critical information relating to the integrity of infrastructure, which,
even to the naked eye, cannot be visualized.

For instance, subsidence or structural integrity can be monitored [3]. In roads
and bridges, signs of tilt or damage may be surveyed on buildings. Underground utili-
ties, such as pipelines, can also have displacements or leaks assessed. Unlike ground-
based sensors, which yield point-specific data, RADAR provides a more holistic view
of infrastructure health and is highly scalable in large and densely populated urban
areas. The monitoring of changes over time is particularly significant for the advan-
tages offered by RADAR, which explains why it is of utmost interest in urban expan-
sion monitoring and disaster management, as many unplanned infrastructure devel-
opments go together with rapid urbanization and expose people to an increased risk
of structural failure or environmental degradation. Moreover, by tracking land-use
change and continuing to monitor the impact of human activities on infrastructure,
city planners and engineers find valuable information for sustainable urban develop-
ment [4].
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2 Overview of RADAR technology in urban
monitoring

Monitoring in the case of cities poses a very demanding problem due to the high con-
centration of infrastructure as well as the complexity of urban landscapes. Advanced
technologies, such as radar, can be very useful in ensuring that the cities are safe,
resilient, and maintained. Radar is now a very viable option for acquiring high-
resolution, large-area data over urban environments without invading them. This sec-
tion [5] discusses the basics of radar technology, the specific capabilities of this tech-
nology for monitoring infrastructure in urban areas, the associated challenges in
densely populated environments, and how Al-driven enhancements have overcome
these weaknesses to provide better accuracy for real-time monitoring of the urban
environment.

2.1 RADAR fundamentals for urban applications

RADAR is a remote sensing technology that uses radio waves for the detection of ob-
jects, determination of distance, and measurement over time. By measuring the time
of return for the reflected signals and the Doppler effect from changes in frequency,
systems with RADAR determine distance, velocity, and other physical properties of
objects under observation. Figure 1 represents the fundamentals of RADAR for urban
applications.

SAR is one of the most critical improvements made in RADAR technology for ap-
plications in urban areas. SAR is based on taking advantage of antenna motion to sim-
ulate a much larger aperture than is physically available. This translates to higher-
resolution images. This will be very useful in the detection of small-scale changes in
the infrastructure in urban monitoring. SAR can return resolved images that outline
displacement and deformation in detailed images, even in dense urban environments.
It involves sending a sequence of pulses as the RADAR sweeps along a flight path, in
the case of airborne or satellite-based SAR. Then, the reflected signals are processed
to produce high-resolution images of the target area. Using SAR technology, InSAR is a
technique through which the difference in various timescales of SAR images is used
to separate minor differences, such as subsidence, deformation, or movement. InSAR
is highly applicable for monitoring urban infrastructure, as, for example, it may vary
measurements of millimeters in buildings, roads, and other structures. For example,
subsidence occurring beneath a town could be monitored with InSAR technology, in-
dicating problems’ underlying infrastructure or the stability of building foundations.
The most important aspect of utilizing this technology is its early detection capabili-
ties because it can quantify changes over time.
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Figure 1: RADAR fundamentals for urban applications.

2.2 RADAR capabilities in urban settings

It has been realized that the employment of RADAR technology in urban ecosystems
is profoundly efficient for several reasons. This chapter gives an overview of how
RADAR detects urban infrastructure and some advantages, particularly monitoring a
densely populated urban setting. Several RADAR-based urban monitoring applications
are shown in Figure 2.

In an urban environment, infrastructure can be detected and tracked in parts,
through roads, buildings, bridges, and utilities. Structural and surface deformation
changes can now be identified accurately with the capability of high-resolution im-
ages in RADAR, which makes it possible to monitor any structural shift, crack, or sub-
sidence within a building over time. These are crucial indicators of failure. The tech-
nique of InSAR is very effective in monitoring surface deformation in urban areas
and can turn out to be a very useful technique to detect land subsidence that, if it is
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Figure 2: RADAR-based urban monitoring applications.

not monitored, may lead to structural collapses in infrastructure. The dense fabric of
an urban setting requires close monitoring so that small movements in the complex
networks of roads, bridges, and buildings may not lead to major structural failures. A
major advantage of RADAR technology is that it enables an overview of small-scale,
detailed data over vast areas. A key advantage of RADAR in monitoring urban areas is
continuous observation. The most common methods for monitoring infrastructure
are directly limited by time, cost, and scope: they require human input, and manual
inspections and ground-based sensors introduce delays in the detection of infrastruc-
tural failure. In contrast, with the assistance of RADAR, almost real-time information
is possible over entire urban areas, enabling quick identification of potential issues
and timely interventions. Continuous monitoring is highly relevant in disaster-prone
areas [6].

The high spatial resolution provided by SAR and InSAR technologies enables the
detection of even minute changes in infrastructure, allowing for early identification
of wear and tear in roads, buildings, and bridges. RADAR is also resilient to weather
and lighting conditions, unlike optical sensors, which makes it suitable for operation
in any weather and at any time of day — crucial for consistent monitoring in the un-
predictable urban environment. Furthermore, RADAR can generate detailed 3D maps
of urban areas, providing a comprehensive assessment of infrastructure health,
which is particularly useful for monitoring tall structures like high-rise buildings or
bridges that require precise data for structural integrity. RADAR technology is partic-
ularly well-suited for monitoring urban infrastructure because it provides continuous,
high-resolution data in a noninvasive manner. However, while providing many bene-
fits, RADAR technology also poses several challenges when applied in urban settings,
notably related to signal interference and the complexity of the urban environ-
ment [7].
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2.3 RADAR limitations in urban environments

Despite the wide array of benefits associated with RADAR technology, its application in

urban settings has several limitations. The level of infrastructure complexity in a

densely populated urban environment may influence data reliability and accuracy. It

is, therefore, critical to understand the limitations associated with the effective use of

RADAR in monitoring infrastructural usage within an urban setup. This chapter

presents the challenges associated with the use of RADAR technology within the urban

environment and how Al-backed advancements make efforts to overcome these limita-
tions. Figure 3 shows how Al can be used to tackle the limitations of RADAR.

High-density infrastructure in an urban city comprises tall buildings, bridges,
roads, and utilities. This high-density infrastructure could cause signal interference
due to waves from RADAR being scattered off many surfaces, leading to cluttered or
distorted signals. Specifically, multipath effects often occur in the case of tall build-
ings, as RADAR signals bounce off structures and cause misleading readings. For in-
stance, in a city canyon from which at least two building walls confine it, signal reflec-
tions from the towers may bounce back several times to the sensor [8].

Another challenge in urban environments is the high reflectivity of certain mate-
rials commonly used in buildings and infrastructure. Glass, steel, and concrete surfa-
ces can cause strong reflections that overwhelm the RADAR sensor, making it difficult
to extract meaningful data. These reflections can create artifacts in the RADAR imag-
ery, leading to false positives or obscuring important infrastructure features. The
complex geometries of urban environments, including irregularly shaped buildings
and infrastructure, present another challenge for RADAR. For example, curved roads,
bridges with unusual angles, and irregularly shaped buildings may not be fully cap-
tured by RADAR systems that are optimized for simpler, more uniform environments.
While RADAR technology faces several challenges in urban environments, Al-driven
advancements have emerged as powerful tools for addressing these limitations. Al,
particularly machine learning (ML) and deep learning (DL) algorithms, can process
and analyze RADAR data more effectively, filtering out noise and improving the accu-
racy of the results:

— Noise reduction and signal processing: Al algorithms can be trained to recognize
and filter out noise caused by signal interference and reflections through the
urban environment. Through the analysis of RADAR data patterns, Al can distin-
guish the relevant infrastructure features from noise caused by reflections, such
as high-rise buildings or moving cars. DL models, like convolutional neural net-
works (CNNs), have been highly effective in enhancing RADAR image processing
so that features of urban infrastructure can be more precisely detected.

— Improved data interpretation through AI: AI models can be trained on massive
data collections of urban infrastructure to better interpret complex geometries.
For example, feeding AI models with data from diverse urban environments with
buildings having complex shapes or roads with complex configurations would
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Figure 3: Addressing RADAR limitations with AL
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help them understand these features and, thus, analyze them better. This would
make it possible to better monitor the infrastructure in places where different ge-
ometries cause difficulties.

In conclusion, although there are a few downsides to using radar technology in moni-
toring urban infrastructures regarding signal interference, reflections, and complex-
ity within geometries, Al-driven development will overcome such weaknesses by en-
hancing noise reduction, data interpretation, and predictive analysis [9]. The future of
Al and radar systems will play a paramount role in the success of continued safety
and resilience of all urban infrastructures.

3 Al in urban infrastructure monitoring:
applications and practical insights

AT has completely changed the paradigm of monitoring urban infrastructure, espe-
cially when combined with RADAR-based remote sensing. This is because Al is corre-
lated with analyzing large, complex datasets and detecting patterns, anomalies, and
structural changes over time. In this chapter, we discuss the main AI algorithms in-
volved in monitoring infrastructures in an urban area, feature extraction and change
detection methodology using Al, and practical applications in AI-RADAR-based roads
and bridge monitoring systems, buildings, and underground infrastructures.

3.1 Al-driven feature extraction for urban structures

The feature extraction process is predominantly followed in urban infrastructure
monitoring, where the features of the data acquired through RADAR could include
buildings, roads, bridges, and utilities [10]. The Al-powered RADAR monitoring system
is shown in Figure 4.

Hence, this feature is extracted with the help of AI from RADAR data since some
types of ML models are being trained to identify special types of urban infrastructure
patterns. For example, it then becomes possible to have a CNN be trained on the de-
termination of shape and texture in images derived from the RADAR data of build-
ings, roads, and other infrastructure characteristics. Features can be learned by the
model based on their unique RADAR signatures, such as reflectivity and texture,
along with spatial arrangement. Once the model gets trained, it can automatically ex-
tract those features in the new RADAR images. This would enable fast and accurate
monitoring of infrastructure in urban areas. Automatically, it can detect road bound-
aries, cracks, and potholes [11]. In a RADAR image, a model that sees buildings will
track signs of structural deformations such as tilting or cracks.
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Figure 4: Al-powered urban infrastructure monitoring.

3.2 AI for change detection in urban infrastructure

Change detection is probably the most significant application of Al in monitoring
urban infrastructure. Change detection refers to comparing RADAR data obtained at
various points in time to identify shifts, deformations, or other structural changes in a
system that may be indicators of the failure or degradation of infrastructure. Al excels
in the area by automating the analysis of time-series data to spot even the mildest
changes that might slip through the macroscopic view of eyeballing. Al-driven analy-
sis from time-series RADAR data points out trends and anomalies in infrastructure
behavior. For example, AI may be trained to identify gradual subsidence under a
building as indicative of a problem with the foundation. Similarly, AI may identify the
progressive deformation of a bridge or the gradual crack development on a road. Gen-
eral or overall, urban environments will suffer from some form of constant stress on
infrastructure from traffic, weather, and environmental factors and change detection,
which then comes into play in preventing these failures. AI models can continuously
monitor these pieces of infrastructure for signs of deterioration, showing early inter-
vention that could prevent costly repairs or even catastrophic failure. Some of the
most common among these include time-series analysis and anomaly detection. Time-
series analysis of collected data compared at various intervals determines changes
over time [12]. It performs well for such gradual degradation in infrastructure, for ex-
ample, in roads, bridges, or buildings. For example, an Al model can be trained on a
time-series set of RADAR images of a bridge. An Al model analyzing changes in the
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structure of the bridge over time may identify early deformation signs or stress and
thus perform proactive maintenance. Continuous monitoring will make urban infra-
structure less likely to encounter sudden failures and last longer as well.

3.3 AlI-powered RADAR-based urban monitoring: key applications

As it has hundreds of applications in monitoring very different types of urban infra-
structure — from roads and bridges to buildings and underground utilities — the Al-
powered RADAR monitoring will make it possible for the health of infrastructure to
be continuously monitored in real time [13]. This chapter provides some practical ex-
amples of monitoring key components with AI and RADAR. Given these factors that
make urban roads constantly worn and routed by traffic, weather, and environmental
forces, among others that are less controllable, the traditional methods of monitoring
through eye inspections and ground-based sensors prove time and labor-intensive. In-
stead, Al-powered RADAR monitoring provides much more efficient detection of road
damages such as cracks, potholes, and surface deformations. For example, Al can be
trained with historical RADAR data and traffic patterns to predict road degradation. A
CNN model can recognize early signs of wear on roads in their images, such as surface
cracks or deformations caused by heavy traffic. Using time-series analysis, Al can pre-
dict the progression of such problems, thus enabling city authorities to schedule road
repairs before they become critical.

The AI monitored continuous roads through RADAR monitoring in an instance of
a smart city. It was trained on images captured by RADAR on the city’s roads related
to common defects like cracks, potholes, and wear patterns [14]. This system was in-
corporated into the city’s traffic management platform to provide real-time monitor-
ing of road conditions. When the AI system detected road damage, it automatically
generated maintenance reports and prioritized repairs based on the severity of the
damage. This proactive approach to road maintenance proved beneficial in reducing
repair costs and promoting safer roads for the city’s residents. Bridges and other ele-
vated structures in a city’s infrastructure are critical, and their collapse can prove
very devastating in its impact. Al-powered RADAR monitoring can help detect struc-
tural anomalies in bridges, such as displacements, cracks and overload stress on the
structures.

The system was trained to identify changes in the loadbearing components, such
as the girders and piers of a bridge. After detecting all forms of stress or deformation,
the system was able to inform city authorities, who could investigate and make the
appropriate targeted repairs. This technique greatly minimized the chance of a bridge
[15] collapsing and extended the lifespan of the bridges. Urban buildings, especially
skyscrapers, undergo various kinds of stress that can potentially challenge their sta-
bility. With the help of AI and RADAR technology, buildings are inspected for defor-
mation, cracks, and tilting. AI RADAR equipment can detect slight angular changes in
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structures, such as leaning or foundation settling. Such systems may be part of early
warning systems that alert building managers to potential structural issues, so that
intervention occurs at the earliest possible moment. An Al-enabled RADAR monitor-
ing system was installed to keep track of the structural integrity of some skyscrapers
in a densely populated urban area. An Al system could deduce any signs of tilting or
deformation due to foundation settlement using RADAR images of the buildings. Once
such anomalies were detected by the system, early warnings were issued, and the
building managers could inspect the buildings and rectify issues hefore they turned
out to be major problems. Underground infrastructure, including pipelines and utili-

Figure 5: Al in urban infrastructure monitoring.
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ties, poses significant access challenges for monitoring. Al-powered RADAR monitor-
ing is a noninvasive leak detection strategy to detect leaks, shifts, or degradation in
the underground infrastructure [16]. By analyzing time-series RADAR data, Al can
predict the future progression of these issues, enabling pre-emptive maintenance ef-
forts. Figure 5 shows how Al can be used in urban infrastructure monitoring.

In an application deployment in a real-world urban environment, an Al-enhanced
RADAR system was employed to detect potential failures in the underground water
pipeline network. It used high-resolution data from the AI system to identify minor
changes in the ground next to the pipes, which could serve as early indicators of leaks
or structural deterioration. The Al captured these trends as anomalies: normal data pat-
terns established during the analysis of historical data had been followed up to this
point. Training on the dataset, which consisted of prior instances of pipeline deteriora-
tion, soil shifts, and other related conditions, allowed the AI system to learn the differ-
ence between normally occurring underground conditions and those that might predict
a future failure [17]. The RADAR system continuously scanned a portion of the pipeline
network, with data processed in real time by the AL Once the system detected potential
risk areas, such as soil settling that could compromise the integrity of a pipe, it automat-
ically flagged these areas for closer inspection. Often, the Al system identified problems
before they become larger issues. This implied that maintenance teams could take ap-
propriate corrective measures by making specific targeted repairs instead of expensive
emergency interventions.

4 Urban growth and expansion monitoring using
RADAR and Al

Since cities around the globe are still growing to accommodate more people and fos-
ter developmental economic growth, monitoring urban growth and land-use changes
is crucial. Urban growth can lead to uncontrolled and unplanned expansion due to
the undue strain on public services, infrastructure, and the environment caused by
rapid urbanization [18]. This helps track such changes and enables better data for city
planners to manage urban growth sustainably and effectively. Rather than using Al
for monitoring, cities can now track current growth rates and predict future expan-
sion patterns and infrastructure needs.

4.1 Detecting urban expansion

It occurs outside the city limits, often in rural or uninhabited areas. Sometimes, it is
expressed through developing new residential, commercial, and industrial venues. At
the same time, it may represent an expansion of transport systems such as roads and
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railway lines. Normally, this growth is not well planned and occurs very quickly;
hence, it presents several problems, such as transport congestion, increasing demands
on public services, and environmental deterioration. A good monitoring tool remains
the high-resolution constant scan of large areas by the RADAR system, which pro-
cesses data to detect changes in land cover and new infrastructures. As AI models are
data-trainable from RADAR, these patterns indicate growth in urban sprawl, including
new networks of roads, developments, or even construction sites, or earlier less devel-
oped residential or commercial developments. The integration of RADAR and AI facili-
tates real-time urban growth monitoring. This offers a more detailed, dynamic view
of how cities expand and a more vivid presentation of how cities grow. Proper infor-
mation management for addressing the impacts of urban sprawl on existing infra-
structures and services is only possible with this information [19]. It is very valuable
for city planners, as they can use the data to allocate resources better and avoid infra-
structure hottlenecks that usually come with rapid urbanization. Al-assisted RADAR
can identify patterns of uncontrolled or unlawful expansion. In others, expansions
occur without following the required paperwork procedures in the formal system,
leading to the emergence of informal settlements that lack basic services. Al systems
can identify such unauthorized developments early so that the authorities can inter-
vene to stop the construction or ensure that the infrastructure that would ensure ef-
fective facility use is established.

4.2 Monitoring changes in land use

Cities expand over areas formerly zoned for agricultural purposes, conservation, or for-
estry. Thus, the land-use pattern is significantly altered in these areas [20]. Such land-
use changes seriously affect urban planning, resource utilization, and environmental
sustainability. These Al models, which have been trained on data from a RADAR, are
most successful when tracking the changes that occur in land usage. For example, Al
will determine whether agricultural land is being converted to residential or commer-
cial land based on changes in vegetation patterns, soil conditions, and surface features.
This helps city planners track whether development aligns with the zoning regulations
created.

Al-driven monitoring, in cases where encroachment needs to be made into pro-
tected or sensitive environmental areas due to urban expansion, can provide suffi-
cient early warnings. For instance, based on RADAR data, the encroachment of defor-
estation or clearing of lands that were supposed to be conserved can be detected with
enough time to act before significant environmental destruction occurs. Conse-
quently, AI systems support urban planning and contribute critically to protecting
natural resources and the sustainable growth of urban development [21]. This versa-
tility of Al in processing large amounts of data at high speeds also adds flexibility to
its applications in zoning and development plans. As new developments occur, Al
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models can evaluate in real time how such changes may impact the demand on infra-
structure, such as water, energy, and transportation. A more comprehensive analysis
by AI can be achieved by integrating the datasets of RADAR data with demographic
and traffic datasets so that where the new developments will demand resources and
services ahead of time. This can be particularly useful for urban development, such
as constructing new commercial or industrial districts. In this regard, AI monitoring
would greatly support planners in optimizing the location of new infrastructure so
that roads, utilities, and other public services are constructed in areas that will readily
meet greater demands.

4.3 Tracking environmental impacts of urbanization

Coastal urban areas face unique environmental challenges regarding sea level rise, ero-
sion, and storm surges. In one example, a city on the coast utilized Al-powered RADAR
systems to monitor its urban structure and assess how it interacts with environmental
features. The Al system was incorporated with the city’s flood management program; it
processed the RADAR data about changes in topography, soil conditions, and flood de-
fenses. The AI model monitored coastal erosion and land subsidence using RADAR data,
which increased the risk of flooding in low-lying urban areas. The AI automatically
alerted city officials whenever areas were identified as subsiding or where coastal ero-
sion had compromised flood defenses. This enabled the city to act proactively by up-
grading sea walls, improving drainage systems, or moving the exposed infrastructure
before extreme weather events occurred. On the other hand, using the AI system
tracked the city’s infrastructure during storms. As storm surges affect coastal areas,
RADAR provided real-time data on water levels and the effectiveness of flood defenses.
This combination of RADAR and AI helped the city manage immediate risks of coastal
flooding while providing long-term data for such decisions in the future. For example, a
larger area could be designated where future development must be severely restricted
due to risks of erosion or flooding. That information played a crucial role in guiding the
city’s expansion, ensuring that infrastructure resilience and environmental sustainabil-
ity were highly emphasized.

5 Case studies
5.1 Al-driven RADAR monitoring of a city’s road network
This serves to underline that monitoring and maintaining urban roads is one of the

major challenges for cities, primarily because this tends to correlate with the growth
of urban populations and higher traffic volumes. Traditional road inspection methods
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are usually conducted via manual surveys or ground-based sensors and are quite
time-consuming and expensive, as well as possibly scope-dependent. A progressive
city seeking to elevate the maintenance of its vast network of roads commissioned an
Al-driven RADAR system to monitor the condition of its road network. Al-enhanced
RADAR systems were fitted onto vehicles and drones operating across roads in the
city regularly, collecting high-resolution data through RADAR. The Al processed the
data in real time to identify common issues associated with the roads, including crack-
ing or potholing, surface deformations, or deterioration resulting from traffic and en-
vironmental factors. It could automatically raise areas identified to be in a state of
deterioration or likely to deteriorate soon.

With the automation of the detection of road issues, the system allowed city au-
thorities to focus on the most urgently needed repairs — that is, the worst damage de-
tected. This was good for the road network’s general state, but the maintenance cost
was also reduced since preventive repair was much cheaper than after-road failure
interventions. Lastly, it helped properly allocate resources so that road crews concen-
trated on high-risk areas first, consequently delivering better services and improving
road safety for the city’s residents. The predictive abilities of the Al model made it
possible to achieve long-term planning. The AI analyzed historical and real-time data,
determining which parts of the road network were more susceptible to future wear
and tear the city could plan its preventions. This case study shows the great potential
of Al-driven RADAR systems in optimizing road network management toward cost
savings and improved quality and safety in urban infrastructure.

5.2 AI-powered RADAR surveillance for urban bridge health
monitoring

Bridges are an integral part of urban infrastructure, and failure at places often brings
heavy loss in traffic and loss of life. To address this issue, AI-powered RADAR monitor-
ing is applied in one city to assess the health of a major urban bridge that saw heavy
traffic and other environmental factors indicating wear and structural fatigue. The
system is based on SAR, which provides clear images of the bridge’s structure. AI has
been trained to identify diverse structural elements such as cables, beams, and joints,
and programmed to note slight shifts, cracks, and displacements that may signal
weakness or stress. The system relies on continuous real-time monitoring by analyz-
ing RADAR data within a 24-h clock to look for anomalies likely to indicate probable
failure.

The monitoring period saw the AI machine detect several microstructural move-
ments in the bridge’s load-bearing structure. These movements are not harmful at an
initial glance but mark the onset of fatigue in the sensitive sections of the bridge. The
Al system flagged these changes and warned the city’s infrastructure management
team early, enabling them to inspect the affected parts of the bridge and undertake
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reinforcing work. Thus, an issue that might have otherwise grown into a major struc-
tural problem was detected well in advance, and extensive repairs with considerable
safety risks were avoided. Thirdly, with its early warning system using Al, the city
avoided high-cost, reactionary repairs and traffic-flow disruptions by scheduling
maintenance work during low-traffic hours. The real-time monitoring also provided
city officials with topline information regarding the health of the bridge so they could
make more data-driven decisions regarding investments in future bridge mainte-
nance and upgrades. This case study demonstrates the power of Al-powered RADAR
surveillance, which provides real-time, actionable insights into the health of bridges,
thereby enhancing public safety and extending the lifespan of important infrastruc-
tures in urbanized settings.

5.3 Using AI and RADAR for monitoring urban flood defenses

Managing and maintaining flood defenses in urban areas within flood-prone regions
are extremely challenging. The intensification of extreme climatic changes has in-
creased, and hence, the role of flood barriers, levees, and drainage systems in urban
planning and disaster preparation is highly significant. For example, regarding an im-
pending coastal city that faces a risk of storm surges aside from normal seasonal
flooding, an Al-powered RADAR system was mounted to monitor the city’s flood de-
fenses continuously. With the AI algorithms coupled with the RADAR system, the
city’s flood barriers, levees, and drainage networks were continuously scanned to pro-
vide high-resolution data on the systems’ structural integrity. It was designed to recog-
nize the evidence of erosion, subsidence, and signs of material degradation that might
render the flood defenses ineffective. Besides its role in structural monitoring, the Al
followed and monitored aspects such as water levels and storm patterns, which is
subsequently used to predict the impressing weather conditions that would develop
to affect flood defenses.

It certainly came in very handy during the stormy season. As soon as a storm
surge caused a rise in water levels, it identified some areas on the levees of the city
that were experiencing accelerated erosion and flagged them for immediate rein-
forcement. This ensured that there was no adequate thorough flooding; thus, thou-
sands of houses and businesses did not experience damage. The Al also ensured that
the rescue teams received live data concerning the areas likely to breach or fail. With
the capability to post-storm Al reporting, assessments of long-term impacts on flood
defenses could be provided, hence prioritizing where their repairs would be needed.
The system would provide constant real-time monitoring so that the city’s flood de-
fense system is always ready for yet another storm, enhancing disaster preparedness
and resilience to storm events.

This case study is an example of how such a system becomes more useful by in-
cluding AI and RADAR technologies to enhance the monitoring of urban flood de-
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fenses, thus providing cities with tools, and the proper risk management of which is
possible that goes along with the environment. Real-time data analysis with predictive
capabilities in an Al-powered system gives insight to cities concerning safeguarding
infrastructure, preventing further escalation of disaster costs, and safeguarding com-
munities against the growing risks brought on by climate change.

6 Conclusion

The future of urban infrastructure monitoring will increasingly rely on the integra-
tion of multiple remote sensing technologies to create a more comprehensive and ac-
curate picture of infrastructure health. While RADAR provides critical insights into
structural stability, surface deformation, and subsurface conditions, its effectiveness
can be enhanced with other tools such as light detection and ranging (LiDAR), optical
sensors, and thermal imaging. LiDAR is particularly effective at capturing detailed
surface geometry, while RADAR excels in detecting subsurface changes and monitor-
ing infrastructure under varying weather conditions. By combining these data sour-
ces, Al-driven systems can produce highly accurate and comprehensive models of
urban environments, allowing for more informed decision-making and predictive
analysis. One of the most promising applications of this integrated approach is the
creation of urban digital twins, virtual replicas of urban environments that mirror
real-time conditions of physical infrastructure. Digital twins allow city planners and
engineers to simulate and predict how infrastructure will respond to various stresses,
such as increased traffic, natural disasters, or long-term wear and tear. These simula-
tions, powered by Al and data from RADAR, LiDAR, and other sensors, provide critical
insights into infrastructure health and help cities plan maintenance and upgrades
more effectively. Smart cities increasingly adopt these integrated systems to improve
infrastructure management, disaster preparedness, and urban planning. Al-driven
multimodal monitoring not only enhances infrastructure resilience but also enables
smarter, more responsive urban environments that can adapt to the needs of their
populations in real time.
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Bhavneet Kaur*, Raman Maini, and Sartajvir Singh
Fusion of the optical and microwave images
for cloud removal

Abstract: The presence of clouds in optical images is a notable threat that needs to be
dealt with since it tampers the accuracy of the observation and analysis process. The
cloud-contaminated pixels can be identified and eradicated by the fusion techniques.
Microwave and optical images are fused to leverage their respective strengths. Optical
images offer the advantage of providing detailed high-resolution multispectral infor-
mation, whereas microwave images provide benefits such as better penetration, inde-
pendence from weather conditions, and longer wavelengths. This chapter reviews
state-of-the-art strategies for fusing optical and microwave images to enhance their
capabilities in supporting effective cloud removal. The work also covers some signifi-
cant challenges encountered during the fusion of images to remove clouds. In this
work, we have taken the optical and microwave images from standard datasets ob-
tained from the Copernicus source and merged them using the NNDiffuse pansharp-
ening technique. The resulting fused image provides improved visualization with
cloud pixels effectively removed. Additionally, it also highlights some future substi-
tutes and refinements that could enhance the overall process.

Keywords: Remote sensing, microwave and optical images, fusion, pansharpening,
cloud removal

1 Introduction
1.1 Remote sensing

Remote sensing (RS) is an accurate method for capturing information about the sur-
face of the Earth from a distance using various sensors. Optical and microwave sen-
sors have their respective attributes, such as different wavelengths and the impact of
the environment on their execution in different ways. There are several hindrances
in the atmosphere affecting these sensors, such as aerosols (dust and smoke), water
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vapor, atmospheric gases, etc. Among these, clouds pose a significant challenge when
collecting RS images [1, 2]. Since it act as a major obstacle in collecting and perceiving
images through sensors, they need to be addressed to improve results.

1.2 Fusion and its need

There is a need for a technique where the information gathered can be enhanced by
utilizing the best features of different sensors [3]. Fusion is one way through which
data from multiple sensors is integrated to provide more comprehensive data [4]. Op-
tical RS images have the property of holding multispectral information but are af-
fected by the presence of clouds. On the other hand, microwave RS images acquire
information in the absence of light as well but have low resolution [5]. Table 1 summa-
rizes some of the significant comparisons between optical and microwave images
[6-9].

Table 1: Comparison of microwave and optical RS images.

Parameter Microwave imaging  Optical imaging
Radiation source Active Passive

Spectral range Tmmto1m 0.4t02.5um
Weather independence  All-weather Weather-dependent
Day/night operation Day and night Day-only

Surface penetration Deep Limited

Spatial resolution Lower resolution Higher resolution
Atmospheric effects Minimal impact Highly affected
Applications Terrain mapping Land cover

Data availability Less frequent More frequent
Cost High Lower

The process of fusion utilizes the benefits of both images and extracts a fused image
with enhanced visualization (Zhang, 2010). Figure 1 shows various attributes that are
used in the fusion process. Spatial resolution holds detailed information from the op-
tical band and also represents image sharpness. Elevation data provides a visualiza-
tion of the earth’s terrain relative to a specific point, and textual features are used to
quantify the texture characteristics of an image [10]. In addition to these, polarization
attributes used in the fusion process include RADAR wave modes, which reveal sur-
face properties such as HH (horizontal-horizontal), HV (horizontal-vertical), and VV
(vertical-vertical) [11]. RADAR backscatter intensity refers to the strength of surface
reflection from RADAR [12]. By blending these complementary features, fusion enhan-
ces many RS applications. It also overcomes the limitations of various sensors and im-
proves the usability of images with better spatial-temporal resolution [13]. By remov-
ing clouds from original images, fused images provide better insights for different
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domains, including disaster management, urban planning, snow monitoring, etc.
[14, 15].

Figure 1: Attributes used in fusion.

1.3 Fusion algorithms for microwave and optical images

There are several fusion techniques developed to combine the information from opti-
cal and microwave RS images. By performing this process, complementary informa-
tion can be extracted from the fused image obtained. Microwave images use radar
sensors, while optical images use visible/infrared sensors to capture images from a
distance [16, 17]. Multiple methods exist for the fusion of optical and microwave im-
ages. Pansharpening is a method that merges a panchromatic single wide-range band
with a multispectral band of lower resolution to obtain an image with higher resolu-
tion [18]. Figure 2 highlights some of the fusion methods that are commonly imple-
mented. Various pansharpening methods are designed to minimize spatial distortions
in RS images. The Gram-Schmidt (GS) pansharpening algorithm uses an orthogonaliza-
tion process where the multiple spectral bands are decorrelated, and the first princi-
pal component is replaced with a panchromatic image [19, 20]. This method effectively
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sharpens the multispectral image (MI) without distorting the spectral information of
the image.

Figure 2: Fusion techniques.

NNDiffuse (NND) pansharpening technique diffuses spatial data taken from the pan-
chromatic image (PI) into a multispectral image by using neural network techniques.
It intelligently integrates PI spatial details into the MI while preserving the spectral
characteristics of multispectral bands (Liu, Huang & Zhao, 2006) [22]. The algorithm
estimates the missing high-frequency details in multispectral bands by using PI and
diffusively transfers this information to enhance spatial resolution. This method has
the benefits of reducing color distortions, improving spatial resolution, and not
compromising spectral information [23]. Non-negative matrix factorization is another
fusion technique that decomposes high-dimensional multispectral or hyperspectral
image data into non-negative components to enhance the interpretability of images
[24]. The input optical image is broken down into initial nonnegative matrices and a
co-efficient matrix whose elements are also nonnegative. This process helps preserve
the reflectance as well as the radiance of input pixel values [25]. Another fusion
method to improve spatial and spectral image quality is CN spectral sharpening. In
this method, a MI is analyzed using a noise-adjusted principal component and trans-
formed into its uncorrelated components. These components are then substituted by
high-resolution PI, most likely the one most highly correlated with a panchromatic
band. Noise reduction from the input image is also performed during this process
[26, 27].

The color normalized (CN) sharpening method is another pansharpening tech-
nique that normalizes multispectral image colors to eliminate variations in intensity.
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It then uses high-resolution data from the PI to sharpen these normalized color com-
ponents. This technique attempts to balance color information with panchromatic
data [28]. The hue, saturation, value (HSV) fusion technique transforms the MI from
the RGB (red, green, blue) color space to the HSV color space. Following this, the value
(V) component is substituted with high-resolution PI containing the brightness infor-
mation. Finally, the fused image obtained is converted back to the RGB model, com-
bining color information from the original MI with high-resolution spatial details
from the PI [29]. This technique preserves the color accuracy of the original image
and also enhances the spatial resolution [30]. Another method known as principal
component spectral (PCS) sharpening, uses principal component (PC) analysis for fus-
ing PI with MIs. Initially, the transformation of MIs is performed into a group of un-
correlated PCs, with the most variant first PC. In the substitution step, the high-
resolution PI is substituted for the first PC containing the highest spatial information.
After this, inverse PC analysis is performed to return to the original spectral space,
creating a fused image [31, 32].

In comparison to the existing methods discussed above, NND pansharpening en-
sures more natural image reconstruction with minimal spectral distortions. It re-
quires tuning for specific datasets as a prerequisite. The objectives of our work in-
clude: (a) preprocessing the images taken from two data sets, that is, Sentinel-1 and
Sentinel-2, (b) performing fusion of these images using the NND pansharpening tech-
nique; and (c) conducting a visual comparison of the original image (without fusion)
and the resultant image (with fusion). The fusion process aims to remove clouds from
the input image to enhance interpretation and analysis.

2 Dataset and area of interest

The input images have been taken from two standard data sets, Sentinel-1 for micro-
wave images and Sentinel-2 for multispectral optical images (https://dataspace.coperni
cus.eu/). The study area chosen for our implementation is located in the Himachal
Pradesh state. The study area covers an area of 47,681.88 km Figure 3(a) shows the
study site in yellow, and Figure 3(b) shows the details highlighting the cloud coverage
of 20% and terrain with snow traces. The input images for both datasets have been
taken on February 6, 2024 for analysis. The justification for choosing this specific area
of interest is due to the presence of snow, which can be further used for predictive
analysis during the classification of snow-covered and snow-uncovered regions.
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Figure 3: (a) Area under study in Himachal Pradesh,. (b) Sentinel-1 image of the area under study with
cloud and snow cover. (c) Sentinel-2 image of the area under study with cloud and snow cover.

3 Methodology: process followed for fusion

The methodology shown in Figure 4, followed for the fusion of microwave and optical
images, is as follows: the selection of the area of interest, based on which microwave
and optical images will be extracted from the given dataset. In the next step, input
raw images will be pre-processed, which includes stacking and sub-stacking of the
corresponding images. In the final step, the fusion of stacked images of the respective
datasets will be performed using the NND pansharpening technique to obtain a fused,
enhanced image.

3.1 Input raw images

The input microwave and multispectral optical images are taken from their respective
datasets, Sentinel-1 and Sentinel-2, in the same area of interest and on a specific date.
The images have similar cloud coverage and the presence of snow content. Figure 5 de-
picts true input images taken from the datasets. The Sentinel-2 image is composed of 13
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Figure 4: Methodology of the proposed framework.
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spectral bands with different spatial resolutions. It covers visible, near-infrared, and
shortwave infrared regions of the electromagnetic spectrum [33]. On the other hand,
Sentinel-1 covers the C-band of the microwave spectrum. The radar imagery provided
by Sentinel-1 has two key polarizations, named VV (vertical transmit, vertical receive)
polarization and VH polarization (vertical transmit, horizontal receive) [34]. The raw
images taken as inputs from Sentinel-1 and Sentinel-2 are shown in Figures 5 and 6,
respectively.

3.2 Preprocessing

Preprocessing is a critical phase following the initial input phase when working on
the RS process. This exercise is required to remove distortions from input images that
may have been introduced during data acquisition [35, 36]. The images need to be
aligned with each other to enhance the analysis. Stacking and subsetting are key steps
before performing a fusion of these optical and microwave images.

Figure 5: (a) Sentinel-1 image captured on February 6, 2024 with VH polarization. (b) Sentinel-1 image
captured on February 6, 2024 with VV polarization.

Stacking involves combining different spectral bands from a single image or images
with multiple bands and time series to create a multispectral composite image [37].
This process enhances the signal-to-noise ratio while mitigating cloud cover. For the
stacking of Sentinel-2 images, we used the ERDAS IMAGINE tool, where all 13 input
images with their respective spectral bands were stacked into a single MI, as shown
in Figure 7(a). Sentinel-1 images are inherently multi-temporal and coherent. The syn-
thetic aperture radar capabilities of the dataset acquired from Sentinel-1 allow it to
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Figure 6: Sentinel-2 image captured on February 6, 2024 with 13 spectral bands.

capture data through clouds and various weather conditions, thus making it less criti-
cal for the stacking process [38].

After obtaining the co-registered and stacked image, which is multi-band, we per-
formed subsetting on two images from the above-mentioned datasets [39]. Subsetting is
another major part of preprocessing, where a specific region of interest is extracted
from a larger geographical region for deeper analysis. We used the created area of in-
terest (AOI) for both Sentinel-1 and the stacked image of Sentinel-2 using Raster [40] in
the ERDAS IMAGINE tool. Figure 7(b) shows the subset image of Sentinel-2, and Figures 7
(c) and (d) display the subset images of Sentinel-1, which were obtained by applying the
same AOI to different polarized images.

3.3 Fusion technique used: NNDiffuse pansharpening

The subset images (radar and optical) fetched as an outcome of preprocessing need to
be enhanced. The objective is to eliminate the flaws that occur in the processed im-
ages due to the inherent differences in data types, resolutions, incompatibilities, etc.
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The subset image, as shown in Figure 7, provides visuals of cloud presence, which can
further hinder the process of data interpretation and analysis. This can hamper deci-
sion-making at the application level. To improve it, we need to perform a fusion of
the stacked and subset images of Sentinel-2 (optical imagery) and the subset image of
Sentinel-1 (microwave imagery).

Figure 7: (a) Stacked image of Sentinel-2,, (b) subset image of Sentinel-2, (c) subset image of Sentinel-1
with VH polarization, and (d) subset image of Sentinel-1 with VV polarization.

The fusion technique followed here is NNDiffuse pansharpening since it provides bet-
ter spatial resolution of multispectral images while preserving their spectral proper-
ties. It sharpens multispectral data using the nearest neighbor diffusion method [22].
Figure 8 provides a diagrammatic representation of the NNDiffuse pansharpening
technique. The process initially begins with two input images, including a high-
resolution PI taken from Sentinel-1 and a low-resolution MI from Sentinel-2. The pix-
els of these images are geometrically aligned and co-registered spatially.

It is then resampled to resolve the image similar to the PI. Next, a neural net-
work-based diffusion procedure is applied to merge the spatial information from the
panchromatic microwave image with the spectral information of the multispectral op-
tical image. The resultant image is a high-resolution pan-sharpened image that retains
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NNDiffuse pansharpening.

Figure 8
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both the enhanced spatial detail from the PI and the rich spectral information from the
MI. The fusion is performed consecutively on two different polarized subset images of
Sentinel-1 with the stacked subset image of Sentinel-2, as depicted in Figure 9(a) and 9(b).

Figure 9: (a) Fused image of Sentinel-1 VV polarization and subset image of Sentinel-2. (b) Fused image of
Sentinel-1 VH polarization and subset image of Sentinel-2.

4 Result interpretation and analysis

a. Visual interpretation: The implementation of the methodology provides a fused
image in which the cloud pixels are eliminated. The resultant image offers better
visualization through enhanced resolution without losing the exact information.
The visual interpretation of the input image before fusion and after fusion is
shown in Figure 10, which depicts the removal of cloud pixels from the actual
image. This can be further utilized for classification purposes in specific decision-
making for the particular area under consideration.

b. Statistical analysis: The objective of the statistical analysis conducted for the
fused image is to evaluate its quality and effectiveness. It provides an interpreta-
tion regarding the extent of enhanced information related to spatial details, con-
tent, and accuracy. The metrics of assessment used for this work are R? values
and root mean squared error (RMSE) values. We have taken the pixel values of all
the bands corresponding to the original image and the fused image. The values
considered are of different polarizations, i.e.,, VV and VH. Using these values, we
calculated the R* value for each band of the corresponding polarization, as shown
in Table 2. The results obtained are visualized in Figure 11. The RMSE values de-
pict the overall spectral distortions of the source image and the NNDiffusion-
based fused image. Figure 12 visualizes the RMSE values of different bands with
their respective polarizations. From the results we analyzed, band 1 shows the
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maximum error in the range of 0.2442-0.2448, and band 9 shows the minimum
error in the range of 0.0375-0.0491. The overall R* value of VH polarization is
greater than that of VV polarization, which indicates that the proposed model is
satisfactory.

Figure 10: (a) Subset image of Sentinel-2 captured on February 6, 2024. (b) Subset image of Sentinel-1
captured on February 6, 2024. (c) Fused image with eliminated clouds.

Table 2: R? values of W and VH polarizations across bands.

Bands VH w

B1 0.2448 0.2442
B2 0.2219 0.2218
B3 0.2059 0.2054
B4 0.189 0.1882
B5 0.1494 0.1509
B6 0.0805 0.0848
B7 0.0576 0.0623
B8 0.0608 0.0653
B9 0.0375 0.0491
B10 0.0938 0.0938

B11 0.0817 0.1098
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R-Squared values of VV-VH
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Figure 11: R values for all the bands of the original image and the fused image with polarizations VWV and
VH.
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5 Conclusion

Fusion, or pansharpening, is a method to improve the quality of RS images by incor-
porating the beneficial attributes of input images and producing an output image
with better quality. The issues encountered while collecting and processing RS images
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are addressed through fused images. In our work, we have highlighted the impor-
tance of fusion algorithms and summarized a few of the most commonly used techni-
ques. Furthermore, a methodology has been developed to eliminate clouds from opti-
cal and microwave images collected in a specific area of interest in the Himachal
Pradesh state. The fusion technique employed here is NNDiffusion, which produces a
resultant image where cloud pixels have been eliminated, as demonstrated through
visualization. The statistical analysis of the output image identifies errors in all the
bands with their respective polarizations. The cloud removal approach implemented
here can also be further utilized to classify different domains.
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Integrating AI in RADAR remote sensing:
enhancing data processing, interpretation,
and decision-making

Abstract: This chapter focuses on using artificial intelligence (AI) in RADAR remote
sensing, with applications such as enhanced target detection and noise reduction. Var-
ious advanced techniques in the field of Al including convolutional neural networks
(CNNs) and recurrent neural networks, have improved the efficiency of RADAR sys-
tems. Autoencoders and generative adversarial networks can be used to enhance the
quality of images. These techniques also accelerate real-time data processing, improv-
ing RADAR system responsiveness in disaster monitoring and autonomous navigation.
This chapter addresses these challenges, explores methods to enhance Al models for
RADAR applications, and outlines future research directions. Integrating Al into
RADAR systems enhances their intelligence, autonomy, and ability to address climate
monitoring, defense, and smart city application challenges.

Keywords: Artificial intelligence, RADAR remote sensing, machine learning, deep
learning, target detection, environmental monitoring, SAR, big data, data processing,
cloud computing, real-time applications

1 Introduction

The quantity of data generated by modern RADAR systems and the variety of data
processing tasks pose significant challenges. Processing large volumes of data in real-
time using manual or conventional methods is highly challenging [1]. This is where
artificial intelligence (AD) can be utilized, as it offers effective ways of handling and
interpreting vast amounts of data. As a result, advanced Al and machine learning
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(ML) techniques can automate features, including object identification, categorization,
and real-time processing or analysis [2]. This chapter examines the latest develop-
ments and innovation trends in AI algorithms applied to RADAR remote sensing. It
discusses how AI advances the remote sensing application landscape and the chal-
lenges faced by traditional remote sensing approaches.

RADAR remote sensing uses electromagnetic waves to gather information about
the physical attributes of objects or locations on Earth or in the atmosphere [3].
RADAR remote sensing is particularly beneficial because it can operate regardless of
weather or local lighting conditions and is highly suitable for continuous monitoring
[4]. The common types of RADAR systems include synthetic aperture radar (SAR), in-
terferometric SAR (InSAR), and Doppler radar, which are widely used in today’s soci-
ety. These systems are applied in various areas, such as environmental monitoring,
military surveillance, land use planning, and the evaluation of natural disasters [5].
Multisensor data fusion is also becoming increasingly popular, integrating data from
various satellite sensors and achieving high accuracy in classification [6]. However,
because of its relatively recent origin, collection analysis, and interpretation of the
RADAR data, which, with the improvements in volume and resolution, are more diffi-
cult tasks, leading to the incorporation of Al technologies in present-day RADAR
systems.

As shown in Figure 1, the RADAR data processing can be performed sequentially,
with the utilization of AI further improving the data processing. Al is also used to en-
hance each stage, starting from pre-processing, where, for example, noise is removed
from the data. Both feature extraction and target detection have leveraged ML and

Figure 1: Overview of Al integration in RADAR remote sensing.
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deep learning (DL) models, which help in the identification of objects in a significantly
improved manner [7]. Using Al in the final step to make a classification and analysis
of the situation makes RADAR systems more effective in decision-making. In the con-
text of the framework stated above, it is clear how incorporating Al can enhance the
evident high-value RADAR remote sensing applications.

2 Fundamentals of RADAR remote sensing

RADAR remote sensing is a technology that uses electromagnetic waves to identify,
determine the position of, and map objects or features on the Earth’s surface or in the
atmosphere [8]. This characteristic makes RADAR systems suitable for continuous
wide-area surveillance without the influence of environmental variables [9]. RADAR
systems are especially applied in topographic mapping, disaster monitoring, environ-
mental monitoring and surveillance, and military applications [10]. Since RADAR re-
mote sensing can gather information over large areas and ‘see through’ clouds, it is
also invaluable when optical sensors are not feasible. However, processing RADAR
data is challenging due to the nature of signals and their interaction with the surfaces
of the intended target [11].

RADAR systems generally employ two key modes: real-aperture RADAR (RAR)
and synthetic-aperture RADAR (SAR). In the case of RAR, resolution is defined by the
physical size of the antenna as well as the range to the intended target. However, the
best way to enhance RADAR imaging technology is SAR, where the real width of the
antenna is artificially enlarged by integrating the results from the sent-out pulses as
the sensor moves along a course. SAR provides high-resolution imagery, which may
be of greater value than optical imagery for many applications, such as geographical
mapping, surveillance of infrastructure, etc [12]. Radio waves are transmitted in hori-
zontal or vertical planes, a process known as polarization, to penetrate or construct
images of the target area. Wave polarization supplies additional data concerning the
examined surface, for instance, distinguishing between wet and dry portions or vary-
ing types of vegetation. The frequency shift of the returned signal, through Doppler
techniques, is also used to identify the movement of objects, such as the speed of mov-
ing vehicles and ocean currents.

3 Al integration in RADAR remote sensing

The incorporation of Al into RADAR remote sensing systems is a major step up in
terms of data processing, analysis, and interpretation. Many advances in RADAR data
analysis have benefited from Al especially ML and DL techniques [13]. This integra-
tion allows the processing of large amounts of data by incorporating otherwise time-
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consuming and intensive tasks such as, feature extraction, object detection, or classifi-
cation, eliminating the need for human intervention, or the involvement of slow con-
ventional algorithms [14]. The first major shift in RADAR remote sensing enabled by
Al is real-time data analysis for disaster monitoring, military reconnaissance, and au-
tonomous navigation applications [15].

Figure 2 presents a comparative analysis of four Al techniques, supervised, unsu-
pervised, DL, and reinforcement learning, based on three key performance metrics:
accuracy, precision, and recall. The grouped bar chart illustrates the performance of
the individual AI methods in target detection within RADAR data. According to the
results, DL provides the highest accuracy and precision, benefiting from more de-
tailed target identification. Supervised learning and reinforcement learning are
among the highest overall performers, albeit with moderate recall, while, conversely,
unsupervised learning performs slightly lower across the assortment [16]. This type of
visualization highlights the appropriateness of specific AI techniques for various
RADAR applications while emphasizing the efficiency of DL in RADAR target identifi-
cation.
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Figure 2: Al techniques for target detection in RADAR data.
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However, problems such as noise and interference are major considerations in re-
mote sensing under RADAR technology since they affect data quality and subsequent
analysis. Several advanced noise reduction capabilities supported by Al have been de-
veloped to enhance the quality and comprehensibility of RADAR data. Using denoising
autoencoders, it is possible to automatically predict which parts of the RADAR signals
contain noise to improve the resolution and accuracy of the data [17]. These algo-
rithms can detect patterns of noise and interference, which are extremely hard to
identify using conventional methods, and effectively reject them without distorting
important features. Aside from noise reduction, Al has also enhanced the methods
used in data fusion, where data from different sources or at different degrees of sen-
sor information, either optical, Light Detection and Ranging (LiDAR), or RADAR, is in-
tegrated and used to form a single perception of the observed scene. In point cloud
fusion, such features can be aligned spatially and temporally; computation can show
which elements complement each other well to achieve the highest accuracy. Al-
derived data fusion strengthens RADAR systems, especially those applied in auto navi-
gation, for greater environmental perception, which is essential. In this regard, Al en-
hances noise reduction and data fusion to enable RADAR systems to develop better
high-resolution data for various applications [18].

4 Literature survey

Most pioneering cases of Al applications in remote sensing were primarily explor-
atory, emphasizing the enhancement of image classification, feature extraction, and
object recognition [19]. Recent advances in big-data technology and AI have triggered
the popularity of large labeled datasets, making Al applications significant in the
field. Most current research is dedicated to how DL methods, including convolutional
neural networks (CNNs) and recurrent neural networks (RNNs), have impacted the
analysis of data forms such as SAR and LiDAR. This literature review focuses on the
evolution of Al in remote sensing over the years, the significant milestones that have
taken place, a comparison of present-day approaches to Al, and the existing and ongo-
ing issues that scholars are still working to overcome [20].

Al has been incorporated into remote sensing since the late 1980s, utilizing simple
ML methodologies for identifying and classifying features in satellite images. In the
early 2000s, with the advent of ML, techniques for remote sensing became much
more automated, primarily through the use of support vector machines (SVM) and
decision trees, especially in identifying land use and land cover classes [21]. DL, which
emerged in the mid-2010s, brought a new twist: Al can now perform much more com-
plex functions such as feature extraction, real-time object detection, and data process-
ing. Neural networks, specifically CNNs, became widely used for image recognition,
including high-resolution remote sensing data, achieving better accuracy and higher
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efficiency. Recent advancements in cloud computing, edge computing, and big data
analytics have further enhanced remote sensing, enabling real-time applications and
larger-scale studies [22]. Al continues to evolve, transitioning from rule-based systems
to ML and DL-based models.
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Figure 3: Comparative analysis of Al algorithms in RADAR remote sensing.

Figure 3 compares five algorithms, SVM, random forest, XGBoost, CNN, and RNN, re-
garding classification accuracy, processing speed, and error rate in RADAR remote
sensing applications. The results indicate that CNN has the highest accuracy of 92%
and is thus the most appropriate for accurate target identification. XGBoost demon-
strated an approximate balance across all characteristics, with high accuracy and
moderate computation speed. The accuracy of random forest is somewhat lower than
that of CNN and XGBoost, but it operates relatively faster than both. The error rate is
lowest with CNN, highlighting its resilience in avoiding the misclassification of incor-
rect classes. This comparison illustrates how fast and accurate an Al algorithm can be
while also showing the ratio of false results in RADAR applications.

There are several major contributions and milestones in advancing Al in remote
sensing. The early achievements included the successful use of SVM and K-nearest
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neighbor (K-NN) algorithms to classify remote sensing imagery for Al image analysis.
The advances in CNNs emerged as a global revolution since they allow Al systems to
learn spatial hierarchies from satellite images independently and accurately [23]. A
major advancement was made by incorporating DL in the computation of SAR and
LiDAR, which provided more detailed topographical and environmental analyses [24].
One of the important developments in Al for data fusion is the integration of multiple
data sources like optical images, radar, and LiDAR to form comprehensive and precise
models. Reinforcement learning has also been applied in real-time settings, especially
in autonomous systems where Al operates and evolves in dynamic environments.
These innovations have revolutionized fields like disaster response, precision farm-
ing, and climate studies, and thus demonstrate the potential of Al to transform the
use of remote sensing data across various industries.

5 Emerging Al techniques in RADAR applications

The use of Al in RADAR systems is increasing due to its ability to enhance data collec-
tion and analysis speed and efficiency. New approaches, such as DL, transfer learning,
and reinforcement learning, enable radar systems to solve more demanding tasks,
such as high-resolution imaging, object detection, and environmental surveillance
[25]. Transfer learning is also gaining popularity, where trained recognition models
are fine-tuned to new RADAR datasets to shorten training time [26]. Another impor-
tant achievement is the use of generative adversarial networks for data enhancement,
particularly in RADAR systems based on satellite images. Reinforcement learning fur-
ther enables automation, allowing RADAR systems to make informed decisions in
complex scenarios, such as selecting signal processing methods in real-time work-
flows. These new and developing Al techniques are not only improving the perfor-
mance of RADAR systems in terms of accuracy and speed but are also opening the
door to far more independent and, thus, more scalable applications [27].

Supervised learning algorithms, such as SVM and CNN, are commonly used in
RADAR imagery to recognize objects, such as vehicles, terrains, and others. In con-
trast, unsupervised learning is employed on the data to identify patterns or points of
anomaly without requiring prior training on such data [28]. Unknown objects or envi-
ronmental changes can be detected through clustering methods, such as k-means or
self-organizing maps. Reinforcement learning enables RADAR systems to learn from
their interactions with the environment and, consequently, operate under ever-
changing conditions. This is especially true in the military, where RADAR systems
must train and make decisions in real-time, for instance, on the optimal plan of opera-
tion in environments filled with clutter or hostile conditions. All the aforementioned
learning approaches independently and effectively enhance the efficiency, accuracy,
and autonomy of existing RADAR systems [29].
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The classification of target detection using Al in the RADAR system is another fac-
tor where a CNN can be utilized. The CNN convolves filters to the input to extract use-
ful and meaningful features from the RADAR data. The convolution operation is math-
ematically expressed as

Yi.j]= ZZx[i+m,j+n} -w[m, nj

where x[i,j] is the input RADAR image, wm, n] is the convolutional kernel or filter,
and y[i,j] is the output feature map after applying the convolution.

The convolution operation is very helpful for the Al model in recognizing certain
details, such as edges or shapes, which are very important for object detection in
RADAR data. The data is fed through activation functions such as ReLU, followed by
fully connected layers to produce a classification output. Denoising autoencoders or
DL techniques are commonly used for noise reduction. The goal is to reconstruct a
clean signal X from a noisy input x. The objective function of a denoising autoencoder
is to minimize the reconstruction error:

LK) = % > ki)

where x; is the original noisy signal and X; or is the reconstructed (denoised) signal.

This equation quantifies the dissimilarity between the input and the recon-
structed signal. It aims to minimize this error with the help of the AI model. For in-
stance, to emulate the enhancement of real-time speed through the implementation of
Al the speed metric F(t) widely used is the number of frames per second. Al models
improve the processing speed F(t) over time by optimizing the number of operations
required for each frame:

F(t)=F0+at

where FO0 is the initial frame rate, a is the rate of improvement in frame rate, and t
is time.

This linear model illustrates how AI enhances real-time processing for RADAR ap-
plications, as it is utilized in real-time auto-navigation or military RADAR. For Al mod-
els such as SVM or CNN applied to RADAR data, the classification accuracy, 4, is calcu-
lated as:

~ TP + TN
" TP + TN + FP + FN

where TP (true positives) represent correctly identified objects, TN (true negatives)
represent correctly identified non-objects, FP (false positives) represent incorrect
identification of objects, and FN (false negatives) represent missed objects.

This equation is employed to assess the overall accuracy of the Al model in target
identification and classification from RADAR data. AI models developed for environ-
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mental monitoring, such as deforestation or urban area growth detection, provide an
output for each pil in the RADAR data. A common evaluation metric is the F1 score,
which balances precision and recall:

B Precision.Recall
"Precision + Recall

where
TP
TP + FP

TP
TP + FN

Precision =

Recall =

The F1 score measures the harmonic mean of precision and recall values. It applies
equally strict criteria to determine whether the AT model is performing well enough
in detecting environmental changes without generating a high number of false posi-
tives (precision) or missing too many changes (recall).

Figure 4: Applications of Al in environmental monitoring using RADAR.

Figure 4 illustrates how AI has contributed to increasing the detection accuracy of all
RADAR monitoring environment applications. The applications examined include de-
forestation, urbanization, disaster management, and water body shifts. The applica-
tion of AI enhances detection accuracy appreciably, with deforestation achieving the
highest accuracy at 92% and water body changes at 90%. Urban expansion and disas-
ter monitoring also demonstrate high detection accuracies, highlighting the potential
for successfully utilizing AI-RADAR to monitor environmental changes. This figure
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underscores how Al has facilitated improvements in environmental monitoring
through enhanced data processing.

In SAR and InSAR applications, the salient feature of Al is that it enhances the
spatial and radiometric resolution of RADAR images. DL algorithms, such as CNNs,
are essential for improving feature extraction and object classification from high-
resolution imaging, especially in SAR [30]. These models can identify even small dif-
ferences in terrain, making them optimal for environmental monitoring, such as de-
forestation, waterbodies, and urban expansion. Al-based systems also enable the inte-
gration of RADAR data with other remote sensing imagery, improving environmental
monitoring such as optical or LiDAR. This integration bridges gaps, particularly when
combined with AL in analyzing ground displacement caused by earthquakes or land-
slides [31].

6 Case studies and applications

In RADAR remote sensing, Al has proven useful across various fields and has been
shown to improve data analysis, real-time processing, and automation. Examples
demonstrate how AI-RADAR systems assist decision-making in various important
fields, including disaster monitoring and response, as well as climate change studies
[19]. For instance, in disaster monitoring, Al-supported RADAR quickly determines
flood heights, detects landslides, and monitors deformations caused by earthquakes.
Applying AI in urban planning helps monitor infrastructure by analyzing stability,
changes in land usage, and potential dangers. Al-driven RADAR systems monitor natu-
ral disasters such as floods, earthquakes, landslides, and hurricanes, providing pre-
cise data for assessing current conditions and coordinating effective responses [32].
SAR, with the help of AI algorithms, has received significant attention in flood moni-
toring due to its ability to penetrate cloud layers, offering high-quality interferometric
results of water spread over relatively large areas. AI models can rapidly process SAR
data to identify the most severely flooded regions, guiding rescue teams to prioritize
those areas. These Al-enhanced RADAR applications enable authorities to respond
more quickly to natural disasters, minimizing losses and casualties by providing criti-
cal information that is readily available [33].

Al integration in RADAR remote sensing for infrastructure is transforming urban
design and assessment through automated methods within structures, such as health
checks, land use, and change detection [34]. Both SAR and InSAR data, combined with
Al processing, are utilized to detect subsidence, stability conditions of buildings, and
shifts in the surface infrastructure of urban territories. For instance, systems known
as RADARs, powered by Al can identify variations such as cracks or deformations in
buildings and bridges and indicate the likelihood of failure. This data is valuable be-
cause Al can predict which areas require maintenance and rehabilitation the most,
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providing that information to urban planners [35]. Al is also employed to track the
geographical spread of built-up areas, land cover changes and conversions, zoning in-
fringements, and the overall effects of urbanization. In rapidly developing urban cor-
ridors, advanced RADAR systems driven by Al assist in monitoring construction proj-
ects to ensure infrastructural development is eco-friendly and code-compliant [36].

7 Conclusion

Al integration in RADAR remote sensing has significantly advanced data processing,
analysis, and automation, making real-time applications more efficient and accurate.
Al-driven techniques such as DL, reinforcement learning, and transfer learning have
improved object detection, classification, noise reduction, and data fusion, enhancing
RADAR capabilities across diverse applications. Al-powered SAR and InSAR imaging
provide high-resolution insights into environmental monitoring, disaster manage-
ment, military surveillance, and urban planning. Comparative analyses highlight DL’s
superiority in classification accuracy, speed, and precision, proving its effectiveness in
RADAR applications. Despite challenges like noise interference and high computational
demands, Al continues to revolutionize RADAR systems by enabling autonomous deci-
sion-making, improved situational awareness, and enhanced disaster response. Future
advancements in Al-driven RADAR will further refine data interpretation, support mul-
tisensor fusion, and drive more intelligent, adaptive applications. AI’s role in RADAR
remote sensing will remain pivotal in transforming modern geospatial analysis and re-
mote sensing technology.
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Ashutosh Pagrotra

Revolutionizing precision agriculture:
the synergy of RADAR, Internet of things
(IoT), and satellite technology

Abstract: This chapter explores the opportunity to use radio detection and ranging
(RADAR) technology in combination with the Internet of things (IoT) and satellite im-
ages to improve the efficiency of precision agriculture. It begins by explaining RADAR
systems’ historical background and importance in monitoring, especially farming,
where they can collect data even in cloudy weather conditions. The chapter also exam-
ines how RADAR and IoT are intertwined. IoT provides real-time data on soil moisture,
weather conditions, and crop status, which, when combined with RADAR’s large-scale
monitoring capabilities, offers a holistic picture of agricultural conditions. High-
resolution satellite imagery benefits crop monitoring by capturing more spatial detail,
enabling precise assessments of vegetation health and soil quality. These integrated
technologies are illustrated through several case studies and examples that demon-
strate their implementation and the positive outcomes in areas such as irrigation suc-
cess rates, crop yield prediction, and early diagnosis of crop diseases, thereby conserv-
ing resources and improving yields. The chapter also addresses challenges such as data
integration and high-resolution monitoring.

Keywords: Precision agriculture, IoT integration, RADAR systems, satellite imagery,
crop yield prediction, soil monitoring

1 Introduction
1.1 Background on RADAR technology

RADAR, a crucial technology invented during World War II, has become even more
influential in military and civilian activities. At its core, RADAR typically transmits
electromagnetic waves and detects returning echoes for precise distance determina-
tions, including velocity and composition [1]. Due to RADAR’s capability to penetrate
clouds and generate real-time data, it has proven useful for various applications, in-
cluding soil moisture borehole monitoring, crop health assessment, and disaster re-
sponse. Integrating IoT technologies allows the spatial resolution and real-time data
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processing issues of traditional RADAR systems to be overcome through a combina-
tion of high-resolution, localized data, and RADAR’s broad coverage.

1.2 Emergence of IoT in RADAR systems

The synergy between radar technologies and the IoT has now noticeably expanded
the capabilities of monitoring systems, especially for farming [2]. IoT instruments like
soil moisture sensors, weather stations, and drones, working together with radar ar-
rays, greatly improve precision agriculture. As shown in Figure 1, the satellite sends
an electromagnetic signal toward the Earth’s surface, and land features bounce this
signal back to the satellite. Advanced IoT technology is utilized on servers that analyze
the signal data to produce a final processed image of the land. By integrating IoT data
with RADAR systems, land cover classification can be enhanced with additional
ground truth information and more efficient data processing, resulting in improved
accuracy.

Figure 1: The transmission and receiving of the signals are sent to servers for processing and obtaining
the final image for visualization.
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2 Fundamentals of RADAR technology

2.1 Basic principles of RADAR

RADAR works by emitting electromagnetic waves and studying the signals reflected
(or echoes) off objects. The basic functioning of RADAR can be summarized as follows:

1

Transmission: A transmitter sends electromagnetic radiation in a given direc-
tion, often in the radio or microwave frequency range [3].

Propagation: These waves propagate through space and bounce back - from
buildings, airplanes, vehicles, or any other structure, or even terrain and fo-
liage [4].

Reflection (echo): The reflected waves, or echoes as they are called, are captured
back by the RADAR receiver [5].

Detection: Using the given time gap between the transmission and reception of
the signal, RADAR determines the object’s distance. It can also measure the ob-
ject’s velocity, direction, and size through the Doppler shift of the transmitted sig-

nal and its strength [6].

This process enables the RADAR systems to see beyond the visible range and through
clouds and darkness; hence, it has extensive applications in areas such as air traffic
control, weather forecasting, and various military uses. The basic elements of a
RADAR system are the transmitter, receiver, antenna, signal processor, and display
[7]. RADAR’s cloud-penetrating capability in agriculture makes it ideal for large-scale
monitoring exercises, such as crop health and irrigation. Table 1 presents a compari-
son of several technologies used in precision agriculture.

Table 1: Comparison of technologies used in precision agriculture.

Technology Functionality

Benefits

Limitations

Source

Radar

Measures distance and
object characteristics
using electromagnetic
waves

All-weather capability,
large-scale monitoring,
and soil moisture
detection

Lower resolution compared
to optical sensors and high
data processing
requirements

(8]

IoT sensors

Collects localized, real-
time data on soil
moisture, temperature,

Enables precision
farming, resource
efficiency, and real-time

High initial costs and data
integration challenges

[9

humidity, etc. alerts
Satellite Provides high-resolution  Large-scale data Limited by weather [10]
imagery images for crop health collection with high conditions and cloud cover

and environmental
monitoring

spatial and temporal
resolution
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2.2 Despite these valuable applications, RADAR systems have

several limitations

Resolution limitations: Typically, traditional RADARSs have lower spatial resolu-
tion compared to optical systems, such as cameras or LiDAR. Thus, detecting
small or closely spaced objects is difficult [11].

Complex data processing: RADAR systems rapidly collect large volumes of data,
especially for weather or environmental monitoring, which can be complicated
and time-consuming to interpret [4].

Interference from other sources: The signal-to-noise ratio for the measurement
may be reduced by electromagnetic sources, such as cell towers [12].

Dependence on direct line-of-sight: RADAR systems operate based on a direct
line of sight to the object being monitored. A dense built environment or terrain
with obstacles complicating the line of sight along the path will be less effective,
as the signal may be blocked or distorted [5].

2.3 Specific challenges in agriculture monitoring

While RADAR technology offers several advantages for agriculture, its application in
this field also faces unique challenges [1]:

1

Vegetation and soil moisture monitoring: In particular, soils and vegetation
are very complex, and crop fields may contain many different types of soils and
moisture levels, as well as differing vegetation structures, making it difficult to
interpret data accurately. Scattering from rough terrain or dense canopies can re-
duce soil moisture retrieval or crop classification [13].

Resolution and scale: Traditional RADAR systems rarely have sufficient resolu-
tion required for precision farming, where details at the plant level are impor-
tant. Although RADAR is effective for large-scale monitoring, it may not capture
the details needed for small-scale or localized crop management [14].

Data integration with other technologies: RADAR is increasingly integrated
with other sensing technologies, including IoT-based soil sensors and optical satel-
lite data for agricultural monitoring. However, the real challenge is to process
and integrate these diverse data sources in real-time and efficiently to enable ac-
tionable insights for farmers [15].

Interference and signal distortion: RADAR signals generally interfere in areas
such as agricultural regions with a high amount of infrastructure or electrical in-
stallations, where there is data noise. Terrain variability also causes signal distor-
tion and, therefore, creates inconsistencies and inaccuracies in the readings for
large plots of land; this becomes harder to mitigate [16].

Cost and accessibility: Ground-based RADAR systems are limited due to the high
deployment and maintenance costs in large agricultural areas [17].
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6. Adaptability to varying conditions: The environment for agriculture is dynamic
and ever-changing. RADAR data is influenced by weather conditions, seasonal
variations, and varying crop growth stages. Therefore, the RADAR system must be
continuously adapted [18].

3 The Importance of satellite imagery in agriculture
3.1 Types of satellite data (multispectral and hyperspectral)

Satellite data comes in many forms, each with a unique perspective on remote agri-
cultural conditions. Two critical types, multispectral and hyperspectral imaging, are
used to track crops, soils, and other environmental indices:

— Multispectral data: Multispectral satellite images contain data about a small set
of wide electromagnetic spectrum bands. This usually includes the visible (red,
green, and blue) and near-infrared (NIR) bands. For farming, multispectral pho-
tography is very useful for computing indices such as the normalized difference
vegetation index (NDVI), a frequently used indicator of the health of plants. The
NDVI measures the density and health of crops by comparing the visible reflec-
tive light with NIR light from the plants. For instance, the Sentinel-2 satellite of
the Copernicus program monitors soil and vegetation in depth using its 13 spec-
tral bands [19].

— Hyperspectral data: While standard multispectral sensors gather information
over several large spectral bands, often only a few, hyperspectral imagery pro-
vides virtually hundreds of small spectral bands containing much more detailed
information about the object under observation. Remote sensing data is impor-
tant in crop health assessment; it provides detailed information about the status
of crops, soil, moisture content, and even diseases that might be hard to identify
early. Multispectral and hyperspectral sensors are different because the latter
can distinguish the finest changes in crop physiology that are otherwise imper-
ceptible to the human eye [20].

3.2 Case studies of IoT and satellite data integration
in agriculture

The image shown in Figure 2 illustrates several techniques used for monitoring land
and water bodies to predict yield. Three panels are shown: (a) moisture index map-
ping (water availability during different seasons for different regions), (b) yield pre-
diction (crop yield estimation based on environmental factors using imagery), and (c)
soil monitoring (identification of soil conditions that are important for productivity in
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agriculture). Together, these techniques improve agricultural management precision
and enable data-driven yield forecasting.

3.2.1 Crop monitoring

Unlike conventional farming, precision agriculture requires frequent observation of

plant status to determine the best production parameters. Combining satellite imag-

ery with IoT sensors provides farmers with access to the state of their crops at any
point during the entire growing season:

— Satellite imagery: Sentinel-2 satellite multispectral data allows the observation
of vegetation using NDVI to monitor its health status. Such data assist in deter-
mining the parts of the field where crops may be under water stress, attacked by
pests, or suffering from inadequate nutrients [21].

— 10T sensors: Another form of IoT that works at the surface level provides real-
time data on moisture, temperature, and even nutrient content in the ground,
thus complementing satellite imagery [22].

3.2.2 Soil moisture analysis

It was clear that soil moisture is a vital element in determining crop yield, and satel-

lite imagery data and RADAR are essential in estimating the extent of soil moisture:

— RADAR and IoT: RADAR, as in Sentinel-1 within the Copernicus program, is
highly effective in estimating soil moisture. It can measure the moisture of the
upper layers of the soil and, thus, provide valuable insights into field conditions.
Conventional drip irrigation systems rely on a few points for moisture input into
the soil, making localized measurements using IoT sensors possible, especially
those installed at different depths. This integration is crucial in providing farmers
with a bird’s-eye view of WRaS for a large region and a detailed view of a specific
area [23].

— Satellite imagery: There are limits to what can be gathered from RADAR, and
satellite images can supplement this information by revealing the impact of mois-
ture content on crops and soil. Using NDVI and other indices analysis, farmers
can determine whether irrigation changes positively affect crop status over a
given time [21].

3.2.3 Yield prediction

Yield prediction is crucial to maintaining food supplies and ensuring the efficient dis-
tribution of agricultural products. When IoT data is combined with satellite imagery,
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farmers can predict output more precisely, aiding in decisions related to resource dis-
tribution:

Satellite data: Through remote sensing, satellite images depict the crop status
and development during the growing period. For example, a comparative assess-
ment of historical and current conditions provides farmers with evidence to fore-
cast the probable crop production volume toward the end of the cropping sea-
son [24].

IoT sensors: Real-time data from IoT sensors concerning soil humidity, tempera-
ture, and plant growth can complement yield prediction models. Year-round mon-
itoring allows farmers to adjust their management methods according to yield
data received from IoT during a planting cycle [25].

Example: In Argentina, the authors integrated Sentinel-2-acquired imaging data with
IoT devices containing soil moisture and weather sensors to develop a yield predic-
tion model for maize. It successfully simulated yields with an error of less than 5%
and enabled those involved in farming to decide on resource use and harvesting time.

3.2.3.1 Key benefits

Increased precision: 10T sensors provide real-time data to farmers, enabling
them to tailor their inputs (water, fertilizer, pesticides, among others) based on
smart insights.

Environmental sustainability: Optimized irrigation increases efficiency, re-
duces costs, and conserves water, especially in water-scarce areas.

Cost savings: Comparing RADAR with other IoT sensors, RADAR takes fewer
measurements and supports fewer materials, thereby reducing manual labor and
the frequency of field inspections, ultimately saving time and money [26].

4 Machine learning and Al in processing RADAR

and satellite data

RADAR systems and satellite imagery are just two data sources that rely on machine
learning (ML) and artificial intelligence (AI) to process massive amounts of data.
Some relatively new tools and techniques that enhance RADAR technology in agricul-
ture are presented in Table 2.
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Table 2: New tools and technologies enhancing RADAR in agriculture.

Tool Description Role in enhancing RADAR capabilities Source
IoT-based soil  Sensors that measure soil Provide localized, high-resolution data to [27]
moisture moisture levels in real time complement Radar’s large-scale monitoring

sensors for optimized irrigation

Automated System that automatically Utilize radar and IoT data to ensure precise [28]
irrigation manages water usage based on and efficient water distribution

systems sensor data

Edge On-site data processing for real- Reduces latency, enabling immediate [29]
computing time decision-making responses to radar and IoT sensor data

Al and Algorithm that analyzes and Enhance predictive analytics using combined [30]
machine interprets complex datasets radar, IoT, and satellite data for smarter

learning agricultural decisions

models

Drones and UAVs equipped with radar for ~ Provide detailed and flexible field [31]
radar aerial crop monitoring assessments, complementing ground-based
capabilities radar systems

Farmers can extract actionable insights from complex datasets through these technol-

ogies, consequently making smarter decisions and gaining predictive capabilities.

1. Data fusion:

— RADAR and satellite imagery capture large-scale environmental data, whereas

IoT sensors supply localized real-time information. Machine learning algo-
rithms can integrate these datasets to generate comprehensive models that
provide an in-depth view of soil conditions, crop health, and environmental
factors. This process, known as data fusion, helps create predictive models that
account for multiple variables, delivering improved results for agricultural
monitoring.

Example: Machine learning algorithms can combine RADAR data on soil moisture
with satellite imagery of crop health (such as NDVI) and IoT sensor data on tempera-
ture, nutrients, and forecasts to help predict risky areas in the field due to drought or
nutrient deficiency [32].

5 Precision agriculture: role of advanced computing

Closely related to this are data analysis technologies, including but not limited to
cloud computing, edge computing, and high-performance servers to parse the data
generated by radar, IoT sensors, and satellite images. These technologies allow farm-
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ers to practice precision agriculture, which is carried out with dexterity at the re-
gional and individual farm levels:
1. Cloud computing:

— Cloud computing allows data from RADAR and IoT devices to satellites to be
stored, processed, and analyzed without requiring extensive local hardware
resources. This enables farmers to upload information to the cloud, where
advanced algorithms process the data to present actionable insights. The
cloud also facilitates real-time monitoring, as data from these multiple sen-
sors is aggregated, processed, and quickly sent to the farmers.

2. Edge computing:

— Despite cloud computing being ideal for large-scale processing, edge comput-
ing processes data closer to the source through data processing on local devi-
ces (e.g., IoT sensors or nearby servers). The big advantage is that once you
eliminate the latency, you can make real-time decisions; for instance, if it’s
automated irrigation, you have to turn it on and off very quickly.

3. Big data analytics:

— Big data analytics is critical in precision agriculture, where data is constantly
collected from radar, satellite, and IoT devices. These large datasets can be
run through advanced computing systems that process and analyze them for
insights to guide farming decisions. Farmers can identify trends and patterns
in the data using big data analytics and become more effective at crop man-
agement practices.

6 Practical applications of RADAR, IoT, and satellite
imagery in agriculture

6.1 Use of satellite imagery for monitoring vegetation and crops

Monitoring vegetation and crops is important through satellite imagery, in part due to

its large-scale, high-resolution data that allows vegetation and crop health, growth,

and performance to be continually assessed. Various satellite-based indices — the

NDVI being one example — measure the reflection of light in red and NIR wavelengths

to inform farmers about how crops are thriving.

— NDVI: One of the most commonly used indices to evaluate plant health is NDVI.
Higher NIR and lower visible reflectance are characteristic of healthy vegetation,
and vice versa. NDVI compares areas with thriving crops to those suffering from
stress caused by drought, nutrient depletion, or diseases [11].

— Enhanced vegetation index (EVI): Like NDVI, the EVI enhances sensitivity to
vegetation and reduces background noise from soil and atmospheric effects.
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When incorporated, it has a special utility in monitoring forests or dense crop
canopies [33].

— Soil-adjusted vegetation index (SAVI): The SAVI is designed for environments
where soil brightness plays a significant role in characterizing an area’s spectral
signature, such as semi-arid or sparsely vegetated regions. It substantially con-
tributes to this signature, aiding farmers in better-separating vegetation from
bare soil [34].

6.2 Practical use in agriculture

— Growth monitoring: Time-series satellite images allow farmers to track the de-
velopment of crops throughout a growing season. A sudden drop can indicate
areas of crop stress; thus, early intervention may be possible [35].

— Disease detection: Satellites locate areas where crop output is not performing
well. They may also respond by detecting changes in the spectral signature, sig-
naling the presence of disease outbreaks or pest infestations [36].

— Water stress analysis: Multispectral imagery enables farmers to identify areas
where water stress occurs, allowing them to optimize irrigation practices [37].

Example: Satellite imagery and ground-based sensors were used to monitor maize
and wheat fields in Kenya. The farmers tracked changes in NDVI values, optimizing
water usage and detecting crop diseases early to increase the yield by nearly half
while maintaining quality [38].

6.3 Integration of IoT for precision farming

Precision farming uses data-driven technologies, such as IoT devices or satellite imag-

ery, to optimize farm practices at the micro-scale. Real-time data on soil conditions,

temperature, humidity, and more can be collected by IoT-based sensors, which can
subsequently be integrated with satellite data to manage resources more efficiently
and achieve better crop performance:

— Soil and climate monitoring: IoT-based soil moisture sensors measure water
availability in different parts of the field in real-time. Combined with satellite im-
agery of broader environmental conditions, this data informs farmers when and
where to irrigate [39].

— Variable rate application (VRA): This information can help with precision appli-
cations of fertilizers, pesticides, and water, decreasing waste and increasing effi-
ciency. For instance, areas with lower NDVI values might require more nutrients,
and IoT sensors can relay real-time information about soil conditions to optimize
fertilization [40].
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— Automation: The IoT and connecting devices to irrigation systems can greatly ex-
tend their lifespans. This allows for automated irrigation based on real-time data
from embedded soil sensors and RADAR systems measuring soil moisture on a
macroscale [41].

Example: IoT sensors and satellite imagery were used in vineyards in California for
precision irrigation management. Vineyard managers reduced water use by 30% by
monitoring soil moisture and plant water uptake while maintaining high-quality
grapes [42].

6.4 Case studies of agricultural projects utilizing RADAR, IoT,
and satellite data

6.4.1 Sentinel satellites and IoT for crop monitoring in Argentina

— Overview: To monitor soybean fields, farmers in Argentina used Sentinel-2 satel-
lite data in combination with IoT sensors. The satellite provided multispectral
data on crop health, while IoT sensors provided real-time data on soil moisture
and temperature [43].

— Outcome: Farmers reduced their water usage by 20% by better-utilizing satellite
and IoT data. They also discovered problems with nutrient deficiencies earlier,
which they resolved with timely fertilization. The yield increased by up to 15%
compared to the previous season.

6.4.2 Indore soil moisture monitoring in India using Sentinel-1 and IoT sensors

— Overview: Sentinel-1 RADAR data for soil moisture, in conjunction with IoT-
based soil sensors, were used to monitor rice fields in southern India. This project
aimed to optimize irrigation and water conservation in water-scarce regions [44].

— Outcome: RADAR and IoT were integrated for precisely controlled soil moisture
systems. As a result, farmers saved 25% of their water usage while maintaining
the same crop yields. The project also decreased water-pumping energy consump-
tion and operational costs [45].
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7 Conclusion

By integrating RADAR, IoT, and satellite imagery into modern agriculture, RADAR
technology is supplemented by real-time localized data on crop health, soil moisture,
and temperature collected by IoT sensors. Adding these sensors to RADAR has im-
proved precision and reliability in agricultural monitoring. As far as the future of ag-
riculture is concerned, several technological trends are of great importance. First, the
analyzed trends suggest that Al and machine learning will become the primary driv-
ers of change in data interpretation. It will help AI extrapolate findings from RADAR,
IoT, and satellite data, providing much deeper predictive capabilities. This advance-
ment will allow farmers to improve their adaptation to environmental conditions and
optimize their farming resources, which will greatly enhance the productivity of agri-
culture. Finally, more prominence will be given to global collaboration for food secu-
rity. When countries collaborate and address global agricultural challenges with the
help of modern technologies, they can develop more sustainable food systems to feed
the world’s constantly growing population.
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Integrating AI with RADAR remote sensing:
applications in disaster mitigation, defense,
and climate change

Abstract: This chapter delves into advanced RADAR remote sensing applications pow-
ered by artificial intelligence (AI). As Al techniques advance, RADAR data is increas-
ingly utilized to address complex global challenges such as disaster response, military
intelligence, and climate change adaptation. The chapter discusses advanced AI meth-
odologies that enhance RADAR’s predictive capabilities in detecting earthquakes,
landslides, and floods, as well as monitoring and managing wildfires. Additionally,
the chapter explores the integration of RADAR with other remote-sensing technologies
to improve situational awareness in military operations and environmental conserva-
tion efforts. It also examines challenges such as data fusion, large-scale RADAR proc-
essing, and the demand for computational efficiency. The chapter highlights emerging
Al-driven innovations that are set to revolutionize RADAR applications in remote
sensing, paving the way for more precise and autonomous decision-making systems.

Keywords: RADAR remote sensing, disaster management, climate change monitoring,
military applications, data fusion, computational challenges

1 Introduction
1.1 Disaster management and mitigation

RADAR remote sensing and Al applications have been effective in disaster manage-
ment. Earthquakes, floods, landslides, hurricanes, and wildfires continue to devastate
lives, property, and ecosystems [1]. Prevention and early monitoring are necessary to
reduce the impact of these events. When paired with Al and data processing, RADAR’S
capabilities — penetrating clouds, detecting surface changes, and operating in all
weather — enhance disaster management in specific areas like early warning and re-
sponse [2].
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1.2 Earthquake monitoring and damage assessment

Earthquakes are among the most devastating natural calamities, causing widespread
destruction of buildings and often resulting in loss of life. RADAR remote sensing, es-
pecially synthetic aperture radar (SAR), significantly contributes to post-earthquake
initiatives by responding to ground deformation, tectonic plate movements, and stress
on fault lines [3]. SAR measures earthquake-induced ground deformation through
image comparisons taken before and after seismic events. Interferometric SAR
(InSAR) combines two SAR images, with phase differences between these images indi-
cating ground displacement accurate to the millimeter level. InSAR creates interfero-
grams that depict uplift, subsidence, or shifts within fault zones. According to SAR,
radar backscatter from SAR traces the effects of seismic activities on soil and rock for-
mations. SAR data is integrated with Al to efficiently detect deformation patterns, clas-
sify damaged zones, and assess risk. Remote sensing imagery acquired at any time of
the day and under varying climatic conditions is critical for rapid earthquake re-
sponse and damage assessment, making SAR necessary [4].

The images acquired by SAR can easily detect slight changes in the ground sur-
face that are often a result of an earthquake. Machine learning and deep reinforce-
ment learning systems are proficient in analyzing massive volumes of SAR data to lo-
cate the zones that depict relative shifts on the Earth’s surface due to an earthquake
shock [5]. AT models using pre- and post-event RADAR images support operational re-
sponse teams and improve damage assessment accuracy. Structural damages can be
identified, and areas considered for rescue and recovery operations can be deter-
mined from RADAR data using AI models. These models can also alert the authorities
about the chances of future aftershocks or subsequent ground modifications, for
which preventive measures can be taken to minimize damage [6].

Beyond post-disaster assessment, Al-driven RADAR data analysis can effectively
monitor post-earthquake conditions [7]. Al methods analyzing ground displacements
over time can predict tectonically active, earthquake-prone areas. Such information is
vital in disaster management planning; governments, organizations, and others can
establish early warning mechanisms, regulate construction to ensure that structures
meet disaster standards, and improve the resilience of facilities in disaster-prone
areas [8].

1.3 Flood detection and response

Floods are the most common and deadly natural disasters; millions experience flood-
ing yearly. RADAR remote sensing, particularly SAR systems, is regularly employed in
flood identification and mapping due to its independence from prevailing weather
conditions, such as rain, which characterize flood-creating conditions [9]. AI provides
three key benefits: streamlining RADAR data processing, enhancing flood detection ef-
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ficiency, and improving monitoring and response coordination. Flood mapping of a
region using RADAR entails the identification of variations in surface reflectivity, par-
ticularly when the terrain transforms from dry to flooded.

To increase the accuracy and precision of flood boundary detection, a more com-
plex analysis can be used, for instance, based on deep learning models, including con-
volutional neural networks (CNNs) [10]. Real-time detection of floods is an important
aspect of disaster management. RADAR data can be input into various AI models so
that, relative to the degree of flooding, authorities can issue timely notifications for
evacuation and deploy useful resources to the affected area. AI models can use
RADAR data and various parameters, including rainfall and elevation, to determine
the probabilities of future flooding in specific areas. These plans enable agencies to
reinforce flood barriers, protect structures, and prioritize resources in threatened re-
gions. However, predicting flood damage and applying Al techniques to RADAR data
requires object recognition [11]. For example, Al models can help determine the extent
of infrastructure, agricultural land, and houses destroyed following a flood by com-
paring RADAR images taken before and after the disaster. Such information is crucial
when discussing the organization of the search and rescue operations, delivering as-
sistance, and planning the rebuilding process [12].

1.4 Landslide prediction and monitoring

Due to the ability of InSAR technology to detect ground displacement in the millimeter
range, it can be used effectively to monitor landslides [13]. Al algorithms can process
InSAR data to map surface deformation patterns that could lead to the potential oc-
currence of a landslide. Current risk models include decision trees and neural net-
works, which can be employed to train models using previous RADAR data and other
geographic information, including rainfall, soil type, and vegetation cover, to identify
areas predisposed to landslides [14]. Al-enhanced RADAR data enables continuous
monitoring of landslide-prone slopes, early detection of ground movement, and timely
evacuation of at-risk communities [15]. Besides its use in landslide prediction and
monitoring, Al is also useful during damage assessment in the event of a landslide. In
particular, AI models can learn to interpret data from RADAR imagery, identifying the
extent of the landslide, the infrastructure items impacted, and the areas where
human search and rescue operations should be concentrated [16].

1.5 Wildfire detection and suppression

Early detection and rapid suppression are important for minimizing damage to eco-
systems and property, as well as preventing the loss of human life. Al and RADAR re-
mote sensing provide effective tools for monitoring wildfire-prone areas, in addition
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to detecting fires at their nascent stage to guide suppression efforts. Vegetation burn-
ing or fire-induced structural changes in the landscape can result in alterations to sur-
face reflectivity that RADAR sensors are capable of detecting [17]. Al algorithms can
analyze these RADAR data alongside thermal and optical remote sensing data to de-
tect wildfires at an early stage. In addition to RNNs, deep learning models can be
trained to recognize temporal patterns related to fire outbreaks and predict their
spread based on environmental conditions, such as wind speed, temperature, and hu-
midity [18].

Besides active fires, AI-enhanced RADAR data can be utilized to detect the risk of
future wildfires. By analyzing historical data concerning fires, vegetation cover, and
climate conditions, AI models can identify regions with a very-high risk of wildfires
and support authorities with appropriate preventive measures, such as controlled
burns, firebreaks, and improved forest management practices [19]. Al-enhanced
RADAR data also plays a key role in coordinating wildfire suppression efforts. These
models utilize real-time updates on fire progression to enable firefighting teams to
allocate resources more effectively and work to protect critical infrastructure while
prioritizing the safe evacuation of at-risk communities. Integrating RADAR remote
sensing into Al has greatly improved disaster management and mitigation. This in-
cludes applications such as earthquake monitoring, flood detection, landslide predic-
tion, and wildfire suppression, providing crucial information for better handling nat-
ural disasters. Improved RADAR data allows for real-time monitoring, early warnings
through AI systems, and damage assessment, thus helping to limit the impacts of dis-
asters on human life and infrastructure [20]. The further development of AI and
RADAR technologies will be fundamental to protecting communities from natural dis-
asters that are becoming stronger and more frequent due to climate change [21].

2 Military and defense applications of RADAR
remote sensing with artificial intelligence

2.1 Introduction to RADAR in defense

Various military and defense operations have been possible for decades using RADAR
technology. RADAR systems are important for aircraft, ships, vehicles, and other ob-
jects buried within complex terrains. Integrating AI with RADAR further enables
higher levels of data processing, automation of target recognition, and predictive ana-
lytics that make quick decision-making seamless, even in real-time combat situations.
This section explores various dimensions of Al-integrated RADAR in defense applica-
tions based on efficiency, accuracy, and operational safety enhancements [22].
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2.2 Automated target detection and classification

One of the key defense applications of integrating RADAR with Al is automatic target
detection and classification [23]. Traditional RADAR systems only provide data in raw
form that requires human analysis, which often results in delays in spotting threats.
Al algorithms can be trained on vast datasets to classify target types according to
their unique signatures. A typical example is that CNNs can analyze RADAR signals to
classify objects as friendly or hostile, reducing the probability of misidentification. In
particular, this becomes relevant in dense operational areas where civilian and mili-
tary assets coexist. Advanced Al systems can identify subtle features that distinguish
objects, such as differentiating combat vehicles from civilian transport in low-visibility
conditions. Al-driven systems can adapt to identify new threat variations, thus extend-
ing the flexibility and effectiveness of RADAR in real-world applications. [24]. Figure 1
illustrates the use of RADAR in missile interception.

Figure 1: Missile interception using RADAR.

2.3 Surveillance and reconnaissance

The intelligence collection and the dimension of information are two crucial aspects
of modern-day warfare strategy. Surveillance radar systems are installed along land
borders, sea, and air [25]. For example, an Al-based vertical tracking system can fol-
low multiple images and their motion, predict the course of these images, and warn
the defense forces about targeted threats [26]. Thus, machine learning algorithms fil-
ter data, dismissing non-threatening objects such as birds and commercial jets. In this
way, the military can concentrate on real threats. This capability is particularly im-
portant within intricate settings, such as the expanse of water where the activities of
military vessels intersect with those of civilian vessels. In addition, AI-RADAR systems
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can adjust algorithms for processing information depending on the mission’s goals
[27]. For instance, when the combat readiness status is elevated for a prolonged time,
the system may be set to a mode that focuses on even the slightest target behavioral
changes for enemy detection and penetration.

2.4 Navigation and guidance systems

Navigation and guidance are major issues in missile systems, UAVs, and all other au-
tonomous platforms. RADAR sensors provide essential data on distance, direction,
and speed necessary to navigate these systems more accurately in hostile environ-
ments [28]. For example, a radar navigation system using Al can alter the flight path
of guided munitions based on the target’s location if it has moved. This enables en-
gagement with targets with greater precision than before. In UAVs, Al-enhanced
RADAR systems facilitate autonomous flights over complicated terrains, including
mountainous regions and densely populated cities. The Al system analyzes real-time
RADAR data to adjust flight paths around detected obstacles or identify potential
threats. Such autonomous adaptability is most effectively utilized in reconnaissance
missions where direct control cannot be exercised or is minimal. Al-based navigation
systems continuously learn from experience and become more effective over time,
emerging as a formidable force in combat zones, which are almost always character-
ized by unpredictability.

2.5 Counter-drone technology

The addition of low-cost, lightweight unmanned aerial vehicles has introduced more
challenges for defense agencies. Drones can be deployed by an opposing force for spy-
ing, payload delivery, and even attacks, complicating conventional defensive strate-
gies. Permanent eradication of drone threats will rely on RADAR systems enhanced
with AT [29]. AI models that analyze RADAR signals are already available and can be
used to detect small drones flying close to the ground, which would be difficult to
identify using traditional methods. Al can also distinguish between drones and other
harmless objects, such as birds, thereby effectively minimizing false alerts. Since
countering drone threats in airspace is time-intensive, RADAR-enhanced Al systems
can predict and track hostile drones, enabling their neutralization before they reach
critical targets. These systems are capable of eliminating threats without requiring
user involvement. Augmenting traditional RADAR systems with Al in counter-drone
strategies provides a holistic and effective solution to a problem that continues to
grow, particularly in urban areas or complex scenarios where aerial systems may be
deployed discreetly.
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2.6 Challenges and ethical considerations

It is important to ensure that Al-driven RADAR systems do not violate international
laws of armed conflict or the rules of engagement [30]. Since enemy forces may use
similar Al-enhanced RADAR systems, the rise of automated warfare underscores the
need to counter AI advancements. Technological constraints are still in place, includ-
ing the requirement for high processing capabilities and encrypted data storage. Solu-
tions to these problems are imperative to safely and efficiently implement upgraded
RADAR systems with Al technology. The application of Al in military RADAR systems
offers certain advantages in conducting military operations. On the other hand, it is
equally important to mitigate the ethical and technical constraints that may hinder
the implementation of such technologies. By doing so, the defense entities exploring
AI-RADAR warfare can achieve greater success in terms of speed, flexibility, and effec-
tiveness, thus transforming the way wars are fought and strategies are developed.

3 Climate change studies
3.1 Introduction

Climate change has emerged as the most challenging issue of the twenty-first century,
as its effects cut across various aspects: the environment, society, and the economy.
Due to the dynamic nature of the environment, monitoring and evaluation of biophys-
ical features can be very data-intensive. In most cases, such data need to be collected
from remote or inaccessible zones. A data-driven approach using the long wave-
lengths of RF RADAR is essential for applications requiring consistency and temporal
coverage [31].

3.2 Monitoring ice sheets and glaciers

The increasing global temperature trend causes ice sheets and glaciers to melt, mainly
in polar areas and high mountainous ranges. Features of RADAR remote sensing tech-
nology allow the capture of these surface changes because it can see through clouds
and systematically scan vast territories covered with ice. SAR makes it possible to
take highly detailed images showing the movement of ice, changes in its thickness,
and processes of melting or freezing [32]. AI’s value lies in its ability to process com-
plex RADAR data efficiently. For example, RADAR images showing changes within the
ice cover can be analyzed using CNNs, while time series analysis methods monitor
changes over a period. Al-powered segmentation of RADAR glacier images enables
area estimation, revealing correlations between rising temperatures and glacier melt.
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Such forecasts have helped in understanding the impact of climate change on popula-
tions already at risk, particularly in their case, the rise in sea levels.

3.3 Sea-level rise detection

Uplifting trends in sea levels, attributed to the melting of glaciers and enhanced heat
absorption of water, emphasize the dangers that climate change brings to areas at sea
level and marshes. Such measurements would be hard to take worldwide, but there is
an alternative: using RADAR satellite remote sensing coupled with altimetry. A
RADAR altimeter fitted to a satellite enables its user to measure the distance between
the satellite and the surface of the Earth for effective sea-level measurement of large
water bodies, such as oceans [33]. The role of Al at this point is paramount, as it in-
volves managing thousands of pieces of information in real-time and making fore-
casts, which are necessary for intervention in the regions at risk.

3.4 Vegetation and carbon cycle monitoring

The condition of vegetation is an important parameter of the carbon cycle because
plants consume carbon dioxide during the process of photosynthesis. RADAR is bene-
ficial in evaluating biomass and vegetation cover in most aspects due to the limita-
tions of optical sensors in dense forest canopies or under cloudy conditions [34]. Ad-
vanced RADAR techniques, such as Polarimetric SAR (PolSAR) and Interferometric
SAR (InSAR) can resolve various vegetation types and monitor the dynamics of vegeta-
tion biomass with a high degree of precision. Al-driven models assist in managing
RADAR data to assess land use changes, carbon stocks, and emissions, for instance, in
tropical forests, which are key areas of carbon sequestration. Such information is cru-
cial for carbon accounting status and policies concerning reducing emissions from de-
forestation and forest degradation (REDD+) projects. RADAR and Al enable real-time
carbon source/sink assessments, advancing our understanding of global carbon budg-
ets and climate change mitigation.

3.5 Soil moisture and agricultural impacts

Soil moisture is a similarly an important factor affecting crop production, water or
hydrological cycles, and the proper functioning of ecosystems. The active satellite re-
mote sensing method, especially SAR, has made it possible to estimate soil moisture
through surface roughness and dielectric property analysis. Soil moisture estimations
from RADAR data are achieved using Al algorithms, which provide valuable informa-
tion for understanding the impact of climate change on agricultural practices [35].
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3.6 Challenges and future directions

RADAR remote sensing with Al has many advantages for climate change studies. How-
ever, some challenges need to be resolved. Processing RADAR data requires signifi-
cant computational power and often necessitates specific computing technologies,
which might slow down usage across the board. Furthermore, the fact that RADAR
images differ from non-RADAR images, whether in resolution or file types, makes, for
instance, the combination of RADAR images, optical images, and climate models com-
plex [36]. This is one of the reasons driving research on Al. Such data is reliable and
consistent across many different environmental variables. RADAR data and its associ-
ated applications can range from measuring the polar ice cap to predicting the rise in
sea level. As illustrated in Figure 2, its unique properties make RADAR systems a criti-
cal tool in the fight against global climate change. The benefits of AI are not limited to
simply improving the degree of precision in the analysis of data provided by RADAR;
these benefits extend the operations of RADAR to much more efficient and appropri-
ate time frames for the situations faced by policymakers, scientists and the communi-
ties under threat from climate change.

4 Challenges and future directions

The current growth trend in the deployment of Al on radar-operated remote sensing
devices has created several possibilities and challenges for the future. This segment
addresses the existing economic, engineering, and ethical issues in this area. It sug-
gests ways aimed at developing the use of Al in conjunction with radar technology to
maximize the full benefits of remote sensing.

4.1 Technical challenges

Processing RADAR data, which is usually collected from different sites and under
varying conditions, is one of the main technical challenges. Most RADAR sensors expe-
rience various noise interferences and present signals with differing values and fre-
quencies in the range of materials they can penetrate and structures they can detect.
Such data is highly non-uniform and thus necessitates advanced preprocessing strate-
gies like noise suppression, regularization, and re-sampling. The complexity of RADAR
signals requires sophisticated processing, often relying on advanced AI models to han-
dle noisy data, although these models are costly to develop and maintain. Another sig-
nificant challenge is data labeling. Specifically, in supervised learning, where Al algo-
rithms are expected to solve problems such as classification, they depend on datasets
that have been accurately labeled. Completing the task of labeling RADAR data in-
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volves substantial effort, as it requires expertise in both RADAR technology and the
application domain. Consequently, the unavailability of labeled datasets stands out as
a major bottleneck because many deep learning models, which require large amounts
of data, cannot be optimized. Other approaches have been proposed, such as unsuper-
vised, self-supervised, or transfer learning. However, these methods are not without
drawbacks and may fail to achieve the required precision in certain cases.

Also, data fusion with other types of sensors, e.g., optical or hyperspectral imag-
ing systems, creates another challenge that is difficult but worth attempting. On the
one hand, it is advantageous to incorporate RADAR data with other data types as it
enhances the performance of the resulting model. Still, on the other hand, it adds
more complexity during facilitated data preparation and model construction. Infor-
mation from different modalities is difficult to integrate and requires proper settings
for each due to the compatibility issues of the different features of the data gathered.

4.2 Computational challenges

The computational demands of processing and analyzing RADAR data with Al techni-
ques are considerable. RADAR remote sensing generates vast amounts of high-
dimensional data, and applying deep learning models to analyze this data requires
substantial computing resources [37]. In particular, training large neural networks on
RADAR data can be time-consuming and resource-intensive, often necessitating high-
performance computing (HPC) systems or cloud-based solutions. Model efficiency is
also a critical computational challenge. Many RADAR remote sensing applications,
such as real-time surveillance or autonomous systems, require low-latency processing
to deliver timely insights. However, most deep learning models require significant
computation and may not meet real-time latency needs. Moreover, deploying AI mod-
els on edge devices presents unique challenges in RADAR remote sensing. Edge com-
puting allows for data processing closer to the source, enabling real-time decision-
making. However, RADAR data processing algorithms are often complex and require
significant memory and processing power, making it challenging to deploy them on
edge devices with limited capacity.

4.3 Ethical and regulatory challenges

As Al further integrates into RADAR remote sensing, many ethical and regulatory
challenges significant to society will need to be addressed [38]. The most important of
these issues is data privacy in applications related to RADAR’s surveillance or traffic
monitoring, wherein the locations or behaviors of specific individuals may inadver-
tently be tracked. Ensuring that such applications comply with data protection regula-
tions, such as the General Data Protection Regulation (GDPR) in Europe, is critical to
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avoiding privacy violations. Model bias is another major ethical concern in AI models.
RADAR data influenced by environmental conditions may lead to model bias if train-
ing and ground truth data lack diversity.

Explainability and transparency of models are usually very important in all kinds
of RADAR remote-sensing applications, especially when results are used in high-
stakes sectors such as defense or disaster management. Many of these models, espe-
cially neural networks, are often considered “black boxes” since their internal mecha-
nisms are usually not interpretable. Therefore, developing inherently interpretable
models or methods for explaining the decisions of complex Al models is crucial for
building trust in these systems and ensuring compliance with emerging regulatory
standards.

4.4 Future directions

To tackle these challenges, the research area must focus more on developing robust,
efficient, and interpretable Al techniques specific to RADAR remote sensing. Unsuper-
vised and self-supervised learning are some of the most promising areas since, with
high volumes of unlabeled RADAR data, there is the potential to overcome barriers
resulting from labeled data shortages. Self-supervised techniques can uncover pat-
terns in unlabeled data, enabling the development of robust models without extensive
labeling efforts. Another promising direction involves hybrid modeling methods that
integrate physics-based models with machine learning. These hybrid models bridge
the gap between purely data-driven and physics-driven approaches in truly challeng-
ing environments. Federated learning can also accelerate AI for RADAR remote sens-
ing [39]. It may enable the joint training of collaborative models across organizations
without sharing sensitive data.

Edge Al could provide a solution for real-time RADAR data processing, for in-
stance, in autonomous vehicles and security-related applications. It could analyze
real-time RADAR data directly from its source without much latency by deploying
lightweight AI models on edge devices, drones, or satellites. Therefore, efficient re-
search into model architectures, such as pruning and quantization, is vital to making
AT models feasible with limited computational resources on edge hardware. Techni-
cal, computational, and ethical challenges require significant interdisciplinary efforts
to integrate AI with the RADAR remote sensing domain and develop innovative solu-
tions. Further advances in self-supervised learning, hybrid modeling, federated learn-
ing, and edge AI will enable further enhancements to the capability and usability of
AI-RADAR systems and permit their use in a wide range of applications. Although Al
integrated with RADAR remote sensing holds great promise, it also highlights forth-
coming developments needed to meet various practical application demands.
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5 Case studies: real-world applications and success
stories of RADAR remote sensing with Al

The joint application of AI and RADAR remote sensing has brought revolutionary de-
velopments to numerous areas, including environmental monitoring and defense.
This section contains case studies that capture the practical use of Al-enhanced
RADAR remote sensing. By understanding these applications, it is possible to envision
the possibilities, challenges, and future perspectives of AT RADAR.

5.1 Case study 1: deforestation monitoring in the amazon

One notable application of RADAR remote sensing with ML tools is in managing the
deforestation in the Amazon basin. Cloud cover and the night sky usually hamper con-
ventional optical satellite images in most rain-forested areas, normally resulting in
scarce and fragmented data. On the other hand, SAR sensors can penetrate cloud
cover and operate during night hours [40]. In 2022, a fusion of governmental and non-
governmental organizations applied a CNN-based classification algorithm for RADAR
data processing, which enabled the separation of forested and deforested areas. This
automated approach effectively mapped deforestation, achieving 95% detection accu-
racy — far surpassing previous manual methods. Al-driven classification can drasti-
cally reduce the time required to process and interpret vast datasets. RADAR’s ability
to penetrate cloud cover ensures consistent monitoring, while Al algorithms interpret
data accurately, minimizing reliance on optical imaging alone.

5.2 Case study 2: flood detection and prediction in Southeast Asia

Flooding is a frequent natural calamity in Southeast Asia, underscoring the need for
prompt intervention measures in flood detection and prediction. In 2021, research
conducted within the Mekong Delta regions proposed using a recurrent neural net-
work (RNN) model for real-time analysis and forecasting of flood detection based on
SAR-based RADAR for agriculture and disaster management [41]. An RNN model
trained on historical RADAR imagery and basic hydrology data overcomes limitations,
enabling accurate flood predictions for low-lying areas. Additionally, it was possible
to incorporate Al techniques with RADAR’s spatial-temporal data to predict possible
flood events several days in advance. This AI-RADAR model facilitated local adminis-
trations in taking early steps toward tackle the threat, thereby reducing the risk of
flooding disasters for residents. Techniques such as RNN can successfully forecast and
simulate disaster situations if a model is sufficiently trained on high-resolution
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RADAR data. Using RADAR data and Al enables prompt action, greatly improving the
ability to manage risks in areas vulnerable to catastrophes in a preventive manner.

6 Comparative analysis of Al techniques in RADAR
applications

These case studies showcase the multifaceted applicability of Al in RADAR applica-
tions [42]. However, each Al methodology serves specific purposes dictated by the na-
ture of the data and the prevailing operational environment. The application of CNNs
is recommended for tasks that require recognition of static images and their bound-
aries, which is particularly relevant in the case of forest monitoring. Object detection
algorithms like YOLO, on the other hand, are suitable for environments prone to
rapid changes and, therefore, require real-time analysis, such as in military opera-
tions.

7 Lessons learned from implemented solutions

Data quality and preprocessing: Al models are only as good as the data they are
trained on; thus, data quality and accuracy are essential to their success. Several pre-
processing steps, which involve noise reduction, calibration, and feature extraction,
are required to enhance data quality so that it becomes suitable for use in applica-
tions involving ground-penetrating radar.

Model generalizability: Models trained with data from RADAR should be flexible
enough to accommodate a wide range of environmental conditions. Since the variety
of training data is extensive, there will be improved generalization across different
geographical and climatic conditions.

Model complexity balance: The more complex a model is, the more accurate the pre-
diction will generally be, but it can also be computationally expensive. A solution that
best balances model complexity against computational efficiency is crucial, especially
when the application needs to run in real time.

Human expertise is indispensable: As much as Al automates tasks, interpreting re-
sults, validating model predictions, and making context-sensitive decisions demand
human expertise. For instance, disaster management or military applications require
human oversight to lend credibility to the many outputs emanating from the Al
system.
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8 Future prospects for Al-powered RADAR
applications

These case studies raise the prospect of an encouraging future with Al-powered
RADAR remote sensing and, hence, warrant future research into:

Interpretability of models: The interpretable model plays an important role in devel-
oping Al models, especially in ensuring consistency in building transparency and trust.

Cross-disciplinary collaboration: Effective solutions can be achieved through active
collaboration among Al researchers, radar engineers, and domain-specific experts
such as environmental scientists and military strategists.

Data fusion: Merging radar with LiDAR and hyperspectral imaging further enhances
the accuracy and resilience of the AI model.

These case studies highlight AI's transformative potential in RADAR remote sensing, rang-
ing from technical advancements to operational improvements. By addressing challenges
such as data quality, model generalization, and computational constraints, these real-
world insights pave a pathway for further innovation in a rapidly evolving field.

9 Conclusion

The combination of RADAR remote sensing and Al is well-suited for technology usage
in environmental monitoring, agriculture, disaster management, and urban planning,
which are critical global concerns. One of the most important areas of focus on the
ground is environmental monitoring. RADAR and AI track deforestation, urban
spraw], and water resources, contributing to ecological preservation and policy en-
forcement. In the case of disaster management, RADAR applications predict floods,
landslides, and earthquakes, while the strength of Al lies in early warning systems
and improving resource allocation. Urban planning and smart cities can advance by
applying RADAR and Al technologies for infrastructure monitoring, traffic manage-
ment, and sustainable urban growth. The future includes high-resolution RADAR sys-
tems for applications based on drones and multidimensional data analyses carried
out using Al, which autonomously performs tasks such as crop monitoring, forest fire
detection, and remote infrastructure inspection.

This research broadens access to insights into environmental science, agriculture,
and disaster preparedness. Industries benefit through precision farming, infrastruc-
ture monitoring, and cost efficiency, while policymakers can use RADAR-AI systems
for disaster resilience and sustainable urban planning. Joint efforts and ethical frame-
works ensure that new technologies advance responsibly and inclusively. There are
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great prospects when RADAR remote sensing technology is combined with AI due to
its advanced capability to monitor, predict, and react to changes in environmental
and social dynamics. Nevertheless, with increased investments in research and part-
nerships with relevant industries for appropriate use, these advancements could help
build a future economy that is sustainable, resilient and, most importantly, based

on data.
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Computational techniques in RADAR remote
sensing from a machine and deep learning
perspective

Abstract: This research explores how advanced machine learning and deep learning
techniques are revolutionizing RADAR remote sensing by enhancing its capabilities and
applications. Scientists can process signals by applying sophisticated computational
techniques that make them more effective in extracting critical features from imagery.
The article highlights significant advancements in environmental monitoring, disaster
management, and surveillance, demonstrating how modern computational methods
and algorithms enhance established RADAR technologies by integrating them with re-
cently developed technological approaches. The research underscores the significant
role of computational techniques in improving data understanding and analysis, ad-
dressing current challenges, and exploring future opportunities.

Keywords: Remote sensing, advanced machine learning algorithms, deep learning
techniques, signal processing optimization, remote sensing data analysis, computa-
tional models in RADAR

1 Introduction

Remote sensing is a powerful technology that allows for collecting information about
Earth’s surface and atmosphere from a distance, typically using satellites, aircraft, or
drones. Capturing data through various sensors that detect electromagnetic radiation,
remote sensing provides critical insights into environmental changes, land use, cli-
mate patterns, and geographic features without direct physical contact. This technol-
ogy has revolutionized fields like meteorology, agriculture, urban planning, and envi-
ronmental monitoring by offering comprehensive, real-time global perspectives
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previously impossible to obtain. Satellites like the Seasat satellite, developed in the
1960s and 1970s, enable the observation of the conditions of oceans, land, and atmo-
sphere, as shown in Figure 1. It was very useful in monitoring large-scale environmen-
tal changes, as sensors are not confined by cloud cover and daylight [1]. This led to
advances in applications ranging from agriculture and forestry to disaster manage-
ment, urban planning, and climate change monitoring; therefore, RADAR established
itself as a core technology of modern remote sensing [2].

1.1 Computational techniques in remote sensing

Importantly, the basis for remote sensing systems relies heavily on computational
techniques, particularly for handling large, complex datasets generated by technolo-
gies like RADAR. The implications of these techniques lie in the efficient processing,
analysis, and interpretation of data. They automate various processes, including noise
reduction, signal enhancement, and image classification, which facilitate the extrac-
tion of valuable information from the data [3]. Advanced algorithms, especially in ma-
chine learning and pattern recognition, can identify hidden patterns and subtle
changes that are not readily visible with conventional methods. These techniques are
also used to simulate the progression of natural phenomena through computational
models that support climate monitoring, disaster management, and urban planning
[4]. Earth observation is critical because it utilizes RADAR technology as part of re-
mote sensing, enabling the capture of high-resolution images and terrain mapping for
effective environmental monitoring. This has various applications in disaster manage-
ment, agricultural assessment, and climate studies, using advanced signal processing
and machine learning techniques for enhanced data interpretation [5].

1.2 Emergence of machine and deep learning

It revolutionized the process of remote sensing, which now employs more advanced
tools, reviewing enormous and complex data efficiently and accurately compared to
the traditional methods that involved manual interpretation and were, therefore,
time-consuming and error-prone. According to it, automation of processes like land
classification and object detection in RADAR and satellite images becomes possible
through algorithms like support vector machines and random forest. Deep learning
has pushed this further with neural networks, particularly convolutional neural net-
works (CNNs), which automatically learn features from raw data and, thus, have dra-
matically proven their effectiveness for real complex pattern recognition. Using these
models has significantly improved tasks such as image classification, anomaly detec-
tion, and environmental monitoring. These capacities of deep learning concerning
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large, unstructured data have opened new avenues toward real-time monitoring and
predictive modeling, making it an indispensable tool in climate studies, disaster man-
agement, and smart agriculture.

Figure 1: Overview of RADAR technology and its applications.

This set the course for developing applications in agriculture, forestry, disaster man-
agement, and urban planning, as well as observing climate change and consolidating
RADAR as the basic component of modern remote sensing technology.

2 Fundamentals of remote sensing
2.1 The basic principle of RADAR

A RADAR system sends out electromagnetic waves and analyzes the return signals
after these waves have interacted with objects. The radio wave emitted by the system
travels through the atmosphere, and if it encounters an object, part of the signal gets
reflected to the receiver in the RADAR. In this process, the system can measure the
time delay of the returned signal along with its strength. The reflection, according to
various factors, depends on the object’s size, shape, material, surface texture, and the
angle at which the waves hit. Through this, valuable information about the location
and movement of the object is derived. Its ability to penetrate through clouds, fog,
and even foliage makes RADAR highly effective in weather forecasting, air traffic con-
trol, and environmental monitoring, whereas traditional optical systems may be less
effective [6].
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2.2 Types of RADAR systems

Several forms of RADAR systems are designed for various applications and capabili-
ties. The most widely applied type in remote sensing and Earth observation is syn-
thetic aperture radar (SAR). This system achieves high-resolution imaging by moving
the RADAR sensor over the target area, synthesizing a larger aperture through ad-
vanced signal processing rather than relying on a physically large antenna. SAR has
wide applicability in terrain mapping, environmental monitoring, and imaging
through clouds or at night. It sends high-frequency radio waves that penetrate the
ground toward detect buried structures, utilities, and geological features; its applica-
tions include archaeological excavation, building construction, and geological explora-
tion. Doppler RADAR is used in weather forecasting and speed detection; it measures
the frequency shift of radio waves caused by movement. This has enabled the moni-
toring of Doppler radar velocities ranging from raindrops to vehicles. It is crucial in
storm tracking and wind pattern analysis, enabling accurate weather forecasts.
Though each RADAR may find its niche, the common principle in all of them depends
on using electromagnetic waves to collect data on objects and their movement [7].

2.3 Applications of RADAR in remote sensing

Since several RADAR applications involve remote sensing, it plays an important role in
many sectors. For example, in land monitoring, deforestation, agricultural methods, and
variations in land use can be tracked using RADAR systems. Due to its penetration capa-
bility through cloud cover, it allows continuous monitoring. In oceanography, sea surface
mapping, tracing ocean currents, and locating oil spills are accomplished using RADAR
systems. For instance, these services are important in both maritime navigation and cli-
mate modeling, as well as the protection of the environment. There is also an aspect of
urban planning, for example, in RADAR: detailed data from the infrastructure, detection
of urban expansion, and monitoring subsidence or the integrity of buildings. Climate
studies utilize RADAR to monitor significant atmospheric functions, such as storms, wind,
and precipitation trends, thus generating better weather forecasts and climate models [8].

3 Computational techniques in RADAR in remote
sensing
Advanced noise filtering, enhancement of signal quality, and automation of tasks

such as object detection and classification through computations require complex
data processing. Machine learning and deep learning techniques further enhance the
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accuracy of analyzing complex RADAR imagery, which is crucial for applications like
environmental monitoring, urban planning, and disaster management [9].

3.1 Traditional image processing algorithms for RADAR data

Traditional image processing algorithms play a crucial role in RADAR data analysis,
particularly in enhancing image quality, correcting distortions, and extracting rele-
vant features. These include techniques commonly known as thresholding, edge de-
tection, and segmentation. Thresholding is typically applied using a specific value for
pixel intensity, which enables certain objects to be separated from their background,
making it highly useful for detecting anomalies or changes in RADAR images. Simi-
larly, edge detection algorithms, such as Sobel and Canny operators, are applied to
identify boundaries by detecting sharp changes in intensity; as a result, objects are
better defined, and their features can be projected more clearly. Techniques such as
region-growing or clustering divide the RADAR image into meaningful sections, isolat-
ing areas of interest for further analysis. These foundational techniques facilitate
basic preprocessing for interpreting the data obtained from RADAR and lay the
groundwork for more advanced machine learning and deep learning applica-
tions [10].

3.2 Signal processing for RADAR systems

Signal processing is highly important for improving RADAR performance; several im-
portant techniques include Fourier transforms, wavelet-based methods, and time-
frequency analysis. Time-frequency analysis allows one to carry out signal processing
in both time and frequency domains to determine the dynamic behavior of moving
targets. Another aspect of the time-domain signal is that Fourier transforms can trans-
fer it into the frequency domain, making it easier to analyze wave patterns and even
detect objects based on frequency shifts. In contrast, wavelet-based techniques break
down the signal into different scales. They are quite precise in detecting transient sig-
nals with a good amount of localizing ability, making them suitable for identifying
fine details in the highly complex data analysis of RADAR systems. In so doing, these
methodologies increase the resolution and confidence of signals while making the
whole RADAR application system more effective in whatever application is used in
surveillance, environmental observation, etc. [11].
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4 Machine learning approaches in RADAR remote
sensing

Machine learning approaches in RADAR remote sensing automatically analyze data
by learning patterns from large datasets, enhancing the performance of critical tasks
such as object detection, classification, and anomaly detection. Additionally, accuracy
and efficiency are improved with more complex applications in monitoring environ-
mental changes, urban mapping, and predicting disasters [12].

4.1 Introduction to machine learning in remote sensing

Machine learning in remote sensing implements different techniques, which include su-
pervised, unsupervised, and reinforcement learning for analyzing complex data sets. Su-
pervised learning procedures use labeled data when training the models to perform ei-
ther classification or prediction; it finds abundant uses in land cover classification and
object detection. Unsupervised learning uses unlabeled data, helping in clustering and
pattern identification, especially in anomaly detection and image segmentation. The sa-
lient advantages of these techniques are efficiency and accuracy in analyzing data, which
transform how processed and interpreted remote sensing data appears [13].

4.2 Feature extraction and selection in RADAR data

These techniques include principal component analysis (PCA) analysis of the data, k-
means clustering of the data, and decision trees. PCA reduces the dimensionality by
projecting data onto principal components that preserve important features while
maximizing, or nearly so, their mutual information, thereby reducing redundancy. K-
means clustering helps cluster data with similar patterns for improved recognition.
Decision trees aid in classification and feature selection or relevance for sound detec-
tion and classification in radar systems, as shown in Table 1 [14].

4.3 Application of machine learning

- Support vector machines (SVMs) for terrain classification: SVMs are highly
efficient in classifying various types of terrain in radar signals using the optimal
hyperplane constructed between the distinct terrain classes [15].

— Random forests for object detection in RADAR imagery: Random forests im-
prove object detection in radar imagery by using an ensemble of decision trees to
provide accurate and robust identification of different objects [16].
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— K-nearest neighbors (K-NN) for land use classification: In this technique, K-NN
classifies land usage patterns using radar data, considering the proximity of the
data points to their nearest neighbors, thereby achieving accurate classification
based on similarity [1].

Table 1: Technical overview of machine learning approaches in RADAR.

Task Machine learning technique Use case in RADAR remote sensing

Feature Principal component analysis Reducing the dimensionality of RADAR data,

extraction and (PCA), k-means clustering, grouping similar features, and selecting

selection [17] decision trees important data attributes for better model
performance.

Terrain Support vector machines (SVMs)  Using SVMs to classify terrain types from RADAR

classification [18] data, enhancing land cover and landscape
mapping.

Object detection  Random forest Applying random forest to detect objects such as

[19] vehicles and buildings in RADAR imagery.

Land use K-nearest neighbors (K-NN) Utilizing K-NN for land use classification,

classification [2] distinguishing among agricultural, urban, and

natural landscapes.

5 Deep learning for advanced RADAR remote
sensing

Deep learning techniques, such as CNNs, enhance radar data analysis by automati-
cally extracting features for object detection, classification, and terrain mapping. As
shown in Table 2, these methods improve accuracy and efficiency in complex remote
sensing tasks.

5.1 Introduction to deep learning

Deep learning is the application of artificial neural networks to represent complex
patterns in data through interconnected layers of nodes, mimicking the brain’s func-
tions. CNNs are uniquely suited for processing spatial data, such as images, particu-
larly in feature extraction and radar imagery applications. Generative models, such
as deep belief networks, learn hierarchical representations, improving unsupervised
learning, and pattern recognition [21].
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Table 2: Use cases of deep learning techniques in advanced RADAR remote sensing.

Deep Description Use case in RADAR remote Impact on RADAR data
learning sensing processing
technique
Neural Introduction to Used for basic radar data Lays the foundation for more
networks deep learning: pattern recognition and initial advanced deep learning models,
(NNs) [15] general-purpose classification. such as CNNs and RNNs.
neural networks
CNNs [19] Architecture and CNNs are employed for Achieves higher accuracy in
layers specialized classifying objects and land object detection and land-cover

for RADAR imagery  types in RADAR imagery (e.g., classification by leveraging
identifying buildings, vehicles,  spatial hierarchies in data.

etc.).
Recurrent Analyzing time- RNNs track temporal patterns in  Enhances the analysis of dynamic
neural series RADAR data  RADAR data, such as changes in  RADAR data for real-time
networks weather patterns (e.g., rainfall  environmental monitoring.
(RNNSs) [8] prediction and wave analysis).
Generative Data augmentation  GANs generate additional Expands the dataset for better
adversarial via synthetic data RADAR data to train models on  training and improves the
networks generation rare events or small datasets robustness of machine-learning
(GANSs) [20] (e.g., extreme weather or rare  models.

objects).
Autoencoders Reducing noise in  Autoencoders denoise radar Reduces artifacts in data, leading
[11] RADAR signals signals, improving data quality ~ to clearer and more accurate

for better model training and radar images.

analysis.

5.2 Architecture and layers of CNNs specialized for RADAR
image data

The CNN architectures for radar image classification include convolutional, pooling,
and fully connected layers. Convolutional layers capture spatial features, and pooling
reduces dimensionality. The architecture is effective for detecting patterns in radar
data, especially object shapes and terrain textures [22].

5.3 Case studies of CNNs for object detection and land
classification

In particular, different works have proven the efficiency and effectiveness of CNNs
for object detection in radar imagery, including vehicles and buildings, as well as in
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land classification, such as forests, urban areas, and water bodies, with very high ac-
curacy in remote sensing applications [23].

5.4 Application of RNNs for analyzing time-series RADAR data

RNNs have excellent abilities when sequential radar data are concerned, as previous
inputs are remembered. Therefore, these types of data fit very well in time-series
analysis. For instance, RNNs can determine the pattern and wave movement concern-
ing rainfall and other temporal radar data [24]. They can predict weather conditions
or track environmental changes over time, thereby enhancing forecasting and pattern
recognition in dynamic radar sensing applications [25].

5.5 Generative adversarial networks (GANs) in RADAR data
augmentation

Existing datasets generated through GANs provide synthetic radar data, which can
positively impact models with limited data [26]. Creating realistic synthetic radar im-
ages using GANs helps augment the training data toward object detection, classifica-
tion, and terrain analysis tasks, ultimately enhancing the accuracy and generalization
ability of machine learning models applied to radar-based applications [27].

6 Advanced techniques for big data in RADAR
remote sensing

6.1 Handling big data in RADAR remote sensing

Big data in RADAR remote sensing poses significant computational challenges, such as
data processing and storage, but also offers opportunities for advanced techniques to
improve data analysis, enhance image resolution, and support informed decision-
making [28]. Modern machine learning algorithms enable efficient processing of mas-
sive datasets, allowing researchers to extract meaningful insights from complex signal
information. By leveraging deep learning methods, scientists can manage, analyze,
and interpret large-scale RADAR data more effectively, transforming how we under-
stand and utilize remote sensing technologies across environmental, surveillance, and
disaster management domains.
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6.2 Cloud computing and edge computing for RADAR data
processing

6.2.1 Cloud platforms for distributed processing and storage

Cloud platforms, such as AWS and Google Cloud, enable infrastructure scalability, as
shown in Table 3. Flexible storage accommodates the large volume of data generated
by continuous radar sensing. Cloud services’ support for real-time data access and an-
alytics makes them ideal for addressing big data challenges in remote sensing [29, 17].

Table 3: Use cases and advantages of CC and EC.

Computing Description Use case Advantages

paradigm

Cloud Cloud platforms, such as Enables parallel computation  Scalable infrastructure,

computing  AWS and Google Cloud, of vast RADAR datasets, flexible storage solutions,

[30] provide scalable accommodating the high and real-time data access
infrastructure for distributed volume from continuous for large datasets.
processing and storage. sensing and supporting real-

time analytics.

Edge Edge computing processes Essential for time-sensitive Reduces latency and

computing  data closer to RADAR applications like autonomous  bandwidth usage,

[8] sensors, allowing for real- vehicles and disaster improving efficiency in
time analysis and faster monitoring, it ensures dynamic environments.
decision-making. immediate insights and

responses.

6.3 High-performance computing (HPC) in RADAE remote sensing

Using parallel computing and GPUs, HPC significantly expedites machine and deep
learning algorithms to analyze radar data. Because computations are equally dis-
tributed over multiple processors, HPC aids in the efficiency of exhaustive opera-
tions such as image classification, object detection, and time-domain analysis [13].
GPUs further accelerate processing with an edge to address large radar datasets in
real-time, which is crucial for environmental monitoring and autonomous systems
[31] applications.
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7 AI-Enhanced subsurface RADAR imaging

7.1 Enhancing ground-penetrating RADAR (GPR) with deep
learning

Integrating GPR with deep learning enhances subsurface imaging capabilities in infra-
structure health monitoring, archeology, and geophysics [32]. The artificial intelli-
gence (Al) algorithms, specifically CNNs, can then analyze the GPR data to recognize
and classify subsurface features with high precision, thereby detecting structural
anomalies in civil engineering, locating archeological artifacts, and mapping geologi-
cal formations. This advanced analysis improves the reliability of GPR systems and
can better inform decisions in different fields with more definitive and detailed sub-
surface insights [19].

7.2 Object detection and classification in subsurface imaging

The primary strength of neural networks lies in extracting and classifying buried ob-
jects in subsurface imaging; these models help accurately identify different structures
and materials. These models can process complex GPR data using deep learning meth-
ods to differentiate between several types of buried objects for even better detection
capabilities [33]. Deep learning is also used in geotechnical studies to identify tunnels
and voids. Since it essentially interprets subsurface images, this application has
helped identify anomalies possibly caused by voids or tunnels. It addresses the short-
comings of safety assessments by informing infrastructure planning and maintenance
based on subsurface conditions [23].

7.3 Al in geological and environmental applications

Resource exploration is being revolutionized by AI in subsurface radar systems,
which enhance the detection of minerals, oil, and gas within the Earth, allowing for
more accurate and efficient resource identification. Advanced machine learning tech-
niques enable these systems to process complicated radar data that would otherwise
reveal resource-rich areas [34]. Beyond this, deep learning facilitates remote environ-
mental monitoring of subsurface structures, helping determine degrees of soil health,
groundwater levels, and contamination. It integrates Al, improves resource manage-
ment and discovery, and supports sustainable practices in geological and environ-
mental studies, as shown in Figure 2 [24].
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Figure 2: Subsurface RADAR imaging fields in AL

8 Challenges and future directions
8.1 Ethical and environmental considerations

RADAR systems raise grave moral and environmental concerns regarding privacy
and potential ecosystem interruptions. On the one hand, there is the privacy issue:
radar technology can collect detailed information about people and environments, so
comprehensive regulation must protect personal data [35]. Additionally, the environ-
mental impacts of radar systems must be assessed, including their effects on wildlife
and natural habitats in sensitive regions. Ethical AI usage in radar applications is
equally important as algorithms must be designed to avoid bias and ensure fairness
in decision-making [36].

8.2 Future trends in RADAR remote sensing using Al
Al integration in radar remote sensing is expected to drive significant advancements,

especially in relation to autonomous systems and real-time analysis. Emerging tech-
nologies enable radar systems to operate independently and without human interven-
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tion; thus, continuous monitoring of tasks and data will be achieved [37]. Integrating
radar systems with the Internet of Things (IoT) will also facilitate smart applications.
This integration will create smart networks by interconnecting sectors through shared
data across entities, thereby promoting cooperation. This trend will mold and shape
radar remote sensing into more efficient and responsive systems capable of address-
ing complex challenges in diverse environments [9].

9 Conclusion

This revolution in the field of radar remote sensing has advanced the analysis of data,
feature extraction, and detection of objects through machine and deep learning.
These Al-driven technologies have improved the interpretation of complex signals
with precision, detailing their application in environmental monitoring, disaster man-
agement, and autonomous navigation. Al enables real-time processing capabilities, al-
lowing rapid analysis of large datasets and improving decision-making in dynamic en-
vironments. Radar remote sensing holds a promising future with advancing machine
learning and AI technologies. With advancements in the research avenues mentioned
previously, more autonomous and sophisticated systems will emerge, leading toward
more accurate data, faster processing, and better environmental analysis. Further
and worthwhile radar applications will emerge with the integration of IoT and cloud
computing technologies.
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Deep learning-based water body
segmentation in SAR imagery: enhancing
accuracy with CNN-U-Net and EfficientNet

Abstract: Accurate water body segmentation in synthetic aperture radar (SAR) imag-
ery is crucial for hydrological analysis, flood monitoring, and environmental manage-
ment. This study investigates the effectiveness of deep learning (DL) techniques, par-
ticularly the convolutional neural network-based U-Net model with EfficientNet as the
encoder, to enhance water body classification in Sentinel-1 SAR images. The proposed
model demonstrates significant improvements over traditional methods, such as
KMeans clustering, achieving an accuracy of 97.78%. Integrating contrast-stretched
SAR imagery and speckle simulation augmentation enhances model robustness, ad-
dressing common issues such as speckle noise and boundary misclassification. The
model reduces segmentation errors, thus improving the precision of water body delin-
eation and providing a reliable method for SAR-based water mapping. Despite these
improvements, challenges persist, including backscatter intensity variations, seasonal
changes, and complex land-water interfaces. The research demonstrated that DL
methods significantly improve SAR image classification of water bodies, serving as
powerful tools for environmental monitoring and resource management.

Keywords: Image classification, SAR, machine learning, U-Net model, Sentinel-1

1 Introduction

Waterbody mapping is widely used in hydrological analysis, climate change studies,
urban development, and disaster management [1, 2]. Due to speckle noise, complex
land-water boundaries, and non-uniform backscatter intensities, segmentation of
water bodies in remote sensing images is a challenging process, mainly in synthetic
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aperture radar (SAR) imagery [1]. The traditional approaches for classifying water
bodies based on thresholding, clustering, and machine learning (ML)-based classifiers
fail to account for the spatial and contextual variations in SAR images [3].

The techniques to map water bodies have evolved over the past few decades,
transitioning from visual, manual, and digitizing of aerial and satellite images [4]. Sta-
tistical and ML methods used to classify water bodies in SAR images [5]. Thresholding
is the most common method, where an adaptation or fixed threshold is used to break
the SAR intensity values between water and non-water regions [6]. This technique is
highly sensitive to local variations in backscatter intensity and cannot generalize to
diverse landscapes. Otsu’s thresholding, an enhancement to global thresholding, at-
tempts to optimize segmentation by maximizing inter-class variance but is susceptible
to speckle noise [7].

Another technique used extensively is KMeans clustering, an unsupervised learn-
ing process that clusters pixels into groups based on intensity values [8]. Although
computationally efficient, KMeans struggles with poor performance at mixed land-
water boundaries, resulting in misclassification in urban, agricultural, and vegetative
areas [9]. Supervised ML techniques, such as support vector machines and random
forest, have been employed to segment SAR water bodies with better accuracy [10, 11,
12]. However, these techniques rely on extensive feature engineering (e.g., texture,
backscatter intensity, and statistical descriptors), limiting their adaptability to other
SAR datasets. Recently, model-based classification techniques, including Markov ran-
dom fields [13], active contour models [13], and region-growing algorithms [14], have
been explored. While these techniques address spatial dependency and neighborhood
relations, they are parameter-intensive and cannot handle large-sized datasets.

Deep learning (DL) development has advanced remote sensing image classification
to a new stage, promising a solution to traditional ML methods. For example, convolu-
tional neural network (CNN)-based DL methods have been largely applied in semantic
segmentation and have surpassed traditional classifiers by learning multi-scale spatial
and spectral features [15-17]. The U-Net, one of the most used architectures due to its
encoder-decoder form and skip connections for fine-grained pixel-wise classification,
has been utilized by many state-of-the-art medical image segmentation methods [18].

Transformed image segmentation involves replacing convolutional layers with
fully connected layers to provide dense pixel-wise predictions, which are known as
fully convolutional networks (FCNs) [19]. However, multiple pooling result in a loss of
spatial resolution by FCNs. To improve upon FCNs [20], DeepLabV3 + was introduced,
incorporating atrous spatial pyramid pooling (ASPP) to supply multi-scale contextual
information. Despite the computational cost required, DeepLabV3 + is still not compu-
tationally affordable enough for large-scale SAR segmentation.

Several studies have experimented with ResNet-based models using natural
image-trained pre-trained architectures [15, 21, 22]. These models offer better gener-
alizability but struggle to capture SAR-specific backscatter behavior due to domain
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differences. As skip connections allow the retention of an image’s spatial context, the
U-Net architecture was initially proposed for biomedical image segmentation [23]. It
has been widely applied in remote sensing. In several studies, U-Net has been success-
fully applied to SAR water body segmentation, incorporating improvements such as
attention mechanisms, multi-scale feature fusion, and hybrid loss functions [24-26].

The present study attempts to develop a CNN-based U-Net model using Efficient-
Net as the main feature extractor to create better results while maintaining computa-
tional efficiency. The model differs from basic U-Net designs because it uses stretched
contrast images, which help improve feature representation. Additionally, the model
receives random speckle distortion enhancement to develop better resistance against
SAR signal disturbances. The method uses dice loss and binary cross-entropy Loss to
address water body delineation problems when class imbalance occurs. Analysis re-
veals that the developed model outperforms traditional KMeans clustering in preci-
sion and allows the calculation of better F1 and recall values. The proposed system
generates masks and attaches their correct spatial positions through georeferencing,
ensuring that classified outputs can be utilized in location-based projects.

2 Materials and methods

The research begins by processing SAR satellite data, followed by preparing it for DL
and developing a CNN for automated water detection. The data collection was sourced
from the Copernicus Open Access Hub using Sentinel-1 ground range detected (GRD)
product forms. The dataset contains unique image-mask pairs that mark water re-
gions with a value of 1 and other territories with a value of 0. The datasets underwent
several preprocessing steps to improve model training, reduce noise, and normalize
input size. The initial processing steps changed the Sentinel-1 SAR data type from raw
backscatter measurements to sigma-naught values to normalize reflectance changes.
The Lee adaptive filter was applied to reduce speckle noise, enabling the model to de-
tect water areas more accurately. SAR side-looking geometry requires range Doppler
terrain correction using SRTM DEM to generate spatially correct and georeferenced
images. The model input size for all images was standardized to 256 x 256 pixels
through cropping and resampling steps.

In this study, a U-Net architecture with EfficientNet as the encoder was used for
the segmentation model due to its hierarchical feature extraction capabilities, leverag-
ing such information to improve segmentation accuracy. U-Net consisted of an en-
coder and decoder structure that could effectively capture high-resolution spatial fea-
tures while maintaining context inside skip connections. The decoder used transpose
convolutions to upsample feature maps and reconstruct pixel-level classifications
with fine detail. The final layer was a 1 x 1 convolution with sigmoid activation to pro-
duce binary segmentation masks. All the datasets are split into 1,600 training, 400 val-
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idation, and 400 testing images to have a balanced representation of each water
body’s features. In model training, different variants of cross-entropy and dice loss
were used to tackle class imbalance. A learning rate of 1e~* was used to achieve good
convergence with the Adam optimizer. Data augmentation techniques such as ran-
dom horizontal flipping, rotation, scaling, and speckle simulation were used to im-
prove the model’s generalizability and robustness. The model was trained for 50
epochs, with early stopping implemented to prevent overfitting. Segmentation perfor-
mance was assessed using multiple metrics, including accuracy, precision, recall, and
Fl-score, emphasizing intersection-over-union (IoU) to evaluate the overlap between
predicted and ground truth masks. The framework implemented in the present study
is represented in Figure 1.

3 Results and discussion

CNN-based U-Net model demonstrated enhanced segmentation accuracy in extracting
water bodies from non-water areas in Sentinel-1 datasets. Visual comparisons be-
tween CNN-U-Net segmentation and KMeans clustering (Figure 2) showed a significant
improvement in the DL approach. The U-Net model achieved an average accuracy of
97.78%, outperforming KMeans, which exhibited a highly-variable accuracy range due
to its sensitivity to noise and intensity variations in SAR imagery. This trend is further
illustrated in the scatter plot of accuracy across 200 images (Figure 3), where the CNN-
U-Net model consistently maintains high accuracy with minimal fluctuations.

The CNN-U-Net model attained a precision of 98.3%, a recall of 97.5%, and an F1-
score of 97.9%, demonstrating its efficiency in accurately identifying water bodies
with minimal misclassification. In contrast to previous studies, where high precision
reflected reduced false positives, high precision here ensures that most water bodies
are correctly identified, while strong recall confirms that most are captured. The DL
approach achieves a higher Fl-score than KMeans, resulting in a more balanced per-
formance.

The CNN-U-Net model performs better in terms of the visual aspect than KMeans
segmentation, as the CNN-U-Net model gives better, smoother, and more continuous
water body delineations. Thus, it performs extremely well concerning spatial features,
preserving fine boundaries in water and non-water regions while maintaining their
boundaries as they are. Hence, it resists speckle noise, producing clearer water body
contours. KMeans often produces fragmented classifications, particularly in regions
with ambiguous water boundaries and mixed pixels. This is especially true in more
complex water systems such as wetlands or river deltas, where KMeans cannot accu-
rately characterize the continuous water regions. While the results demonstrated
strong performance, uncertainty remains a challenge in delineatingcontours with
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SAR-based water segmentation. Misclassification is influenced by speckle noise, sea-
sonal water fluctuations, and ambiguities due to border areas being flooded or
marshy. Such uncertainties in identifying land and water are minimized but not en-
tirely removed with the CNN-U-Net model, which relies on deep hierarchical feature
extraction; false positives and false negatives occur near the boundaries where the
SAR backscatter properties of land and water overlap. Further improvements could
enhance the stability of classification by integrating multi-temporal Sentinel-1 images
and improve validation and correction by combining Sentinel-2 optical data [27].

Future work could explore self-supervised learning and domain adaptation tech-
niques to further improve segmentation accuracy. Incorporating attention mecha-
nisms within the U-Net architecture could help the model focus on key regions while
minimizing errors. Additionally, hybrid DL approaches that integrate SAR, optical,
and LiDAR data could enhance performance in complex terrains.

Figure 3: Accuracy of the CNN-U-Net-based water bodies extracted from SAR images.

4 Conclusion

The present study highlights the effectiveness of DL techniques, particularly the CNN-
based U-Net model with EfficientNet as the encoder, in automating water body segmen-
tation in Sentinel-1 SAR imagery. The findings confirm that DL significantly outperforms
traditional methods like KMeans clustering, which is prone to errors due to speckle
noise and boundary misclassification. The proposed CNN-U-Net model achieved 97.78%
accuracy, which efficiently delineates water bodies. Using contrast-stretched SAR imag-
ery and speckle simulation augmentation in training data improved the model’s robust-
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ness and overall segmentation performance. Nonetheless, differences in backscatter in-
tensity, seasonal changes in the water surface, and the uncertainty between land and
water areas require improvements in segmentation methods. Method improvement,
data integration improvements, and the expansion of the scope of applications of the
model are some directions for future research. Self-supervised learning methods could
decrease reliance on labeled datasets, while attention mechanisms (e.g., Transformer-
based architectures) could sharpen the model’s focus on relevant areas.

Using hybrid DL approaches that combine U-Net and GANs can provide greater
stability in segmentation, which is especially useful in areas with complex micro-
terrain. Domain adaptation techniques could help bridge differences between SAR and
optical imagery, enhancing model generalization. Combining multi-temporal analysis
of Sentinel-1 images may enhance segmentation stability and reduce seasonal misclas-
sification errors. Combining SAR with Sentinel-2 optical imagery and LiDAR elevation
data is expected to improve classification performance, especially in wetland and
floodplain areas. This approach also has the potential for real-time flood monitoring,
hydrological modeling, and disaster response applications. Better segmentation can
help climate change studies by identifying variations in water bodies over time. Con-
tinued improvements in areas such as DL architectures, data fusion, and computa-
tional efficiency will still provide more accurate and scalable surface water mapping
from SAR-based water mapping, making them more applicable in several fields, in-
cluding environmental monitoring and resource management.
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Abstract: The integration of artificial intelligence (AI) in RADAR remote sensing is rev-
olutionizing data analysis, feature extraction, and object identification. Machine
learning and deep learning models, including convolutional neural networks and re-
current neural networks, significantly enhance RADAR imagery interpretation by im-
proving object detection, terrain classification, and noise reduction. Synthetic aper-
ture radar (SAR), interferometric SAR (InSAR), and polarimetric RADAR benefit from
Al-driven solutions that enable real-time processing, improving environmental moni-
toring, defense applications, and disaster response. Advanced Al techniques, such as
explainable AI and generative adversarial networks, optimize feature extraction
while addressing challenges like data noise, high computational costs, and low-
resolution imagery. Al-driven RADAR systems are crucial for automation in self-
driving vehicles, precision agriculture, and military surveillance. This chapter ex-
plores these advancements, discussing future prospects in Al-driven RADAR sensing,
including cloud computing integration and enhanced computational efficiency for
real-time, large-scale applications.
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1 Introduction

Radio detection and ranging (RADAR) is an all-purpose, non-contact remote sensing
technique that uses electromagnetic waves, particularly radio waves, to identify ob-
jects and their characteristics. As with all radar technologies, the general concept of
RADAR involves the creation of electromagnetic waves and the capture of reflected
signals from surfaces, followed by further data analysis to determine the object’s loca-
tion, size, and/or velocity [1]. With synthetic aperture radar (SAR), RADAR systems
have greatly benefited from high-resolution scanning that is independent of weather
or lighting conditions [2]. Interferometric SAR (InSAR) has further enhanced RADAR’s
versatility by extending its capability to observe surface displacement as small as
1 mm; this technique has important applications in geology, land-use planning, and
risk management related to geological hazards [3].

On the other hand, polarimetric RADAR is useful for discriminating different
types of surfaces by using information on the polarization state of the transmitted
and received waves [4]. One of the main problems with traditional RADAR systems is
that they generate a large amount of data. Recently, machine learning (ML) and deep
learning (DL) approaches have revolutionized the way RADAR data is preprocessed,
analyzed, and utilized. Convolutional neural networks (CNNs) have been instrumental
in enhancing object detection, tracking targets, and analyzing terrains in RADAR im-
ages. Using models like CNNs, object detection can be performed more precisely, even
in noisy regions and when objects are partially occluded. Al also improves the func-
tionality of RADAR systems in real-time operations, where the timeliness of data proc-
essing is valuable. Recent advances in Al include using neural networks with RADAR
systems in real time for practical applications such as directional navigation for auto-
mobiles, disaster response, and defense [5]. Moreover, explainable Al or explainable
Al is now a significant factor in RADAR remote sensing since it helps make AI model
decision-making more understandable and accurate. It extends the functionality of
RADAR systems to new fields such as climate surveillance, city construction, public
safety, and more [6].

2 Principles of RADAR systems

With signals received over time, SAR systems produce high-density images useful in
remote sensing [7]. In contrast to other optical systems, SAR has no restrictions for
imaging at any time of the day or night and in every kind of weather, offering reliable
imaging [8]. Another notable innovation in RADAR technology is polarimetric RADAR,
which deals with the polarization of both the transmitted and the received waves.
This approach enables one to distinguish between different surfaces and improve the
categorization of natural and anthropogenic objects on the Earth’s surface. Polarimet-
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ric RADAR, in particular, is useful in agricultural, forestry, and environmental appli-
cations. The final technique, InSAR, is vital and applies phase differences between
two or more SAR images collected at different times. InSAR is very useful for measur-
ing smaller changes in the surface; therefore, it is invaluable for tracking tectonic ac-
tivity, landslides, and structural stability. These next-generation RADAR systems, in-
cluding the use of polarimetry and interferometry, greatly improve the versatility of
remote sensing by offering precise, accurate, and multi-layered measurements that
have applications in various fields of engineering and sciences, as well as environ-
mental, defense, and urban planning sectors.

Another problem is the low resolution of RADAR imagery especially in the verti-
cal plane. Even though SAR can offer very high ground resolution, the resolution in
elevation dimension is typically lower, leading to confusion between approximate
height and terrain type. Furthermore, the enormous volume of data provided by to-
day’s RADAR systems [9], especially in SAR, polarimetry, and InSAR, is technically de-
manding in terms of storage, processing, and analysis [10]. The requirement for real-
time or near-real-time processing in some applications, such as disaster response or
self-driving vehicles, imposes another challenge [11]. Data compression, cloud comput-
ing, Al, and big data processing techniques have been used to overcome these chal-
lenges. However, these solutions introduce their own problems, including the need
for algorithms capable of processing a wide variety of data types, with their complex-
ity being high and frequently varying, as well as a requirement for reduced-
computational time that does not compromise accuracy.

3 AI techniques in RADAR remote sensing

Modern RADAR remote sensing relies heavily on ML as one of the methods to analyze
and interpret the significant and often complex datasets received. Examples that in-
clude random forests, support vector machine (SVM), and K-nearest neighbors (K-NN)
are among the most successful classification algorithms for land cover, object identifi-
cation, and differentiation of natural and man-made objects in SAR and other RADAR
imagery. Furthermore, techniques like k-means clustering and Gaussian mixture
models (GMMs) have been used when the number of labeled data sets is small. These
models can find implicit structures and trends in the data, which makes them benefi-
cial for proper anomaly detection, terrain surveillance, and the assessment of disas-
ters, where fast identification of changes in the surface is required. Another area of
RADAR remote sensing research that has recently received a boost from ML is feature
extraction, which pertains to the ability of the system to detect and separate features
that may be obfuscated by noise or interfering objects. For instance, principal compo-
nent analysis (PCA) and independent component analysis (ICA) are extensively uti-
lized to decrease the size of large amounts of data in RADAR while retaining vital in-
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Figure 1: Al-based object detection in RADAR imagery.

formation [12]. These ML techniques increase the accuracy of object detection and the
classification of images, making them crucial in environmental monitoring, defense,
and automated systems.

The AI used to identify objects situated in RADAR data is illustrated in Figure 1. It
represents a 2D grid in which background noise indicates typical RADAR interference,
and two other distinct objects appear as bright spots to signify detection. This illus-
trates the object detection provided by AI that enhances RADAR imagery analysis for
various uses, including security and ecological surveillance. ML has taken RADAR re-
mote sensing to a new level with deeper learning, especially through CNN and RNN
(recurrent neural network). CNNs, in particular, have attracted wide interest in en-
hancing image processing tasks, including object detection and classification in
RADAR data. The capability of CNNs is robust because they automatically detect spa-
tial differences in the given data with multiple convolutional layers. These layers
allow CNNs to capture fine details of features, including textures, shapes, and edges, a
characteristic relevant to RADAR imagery feature detection.

4 Literature survey

AT was introduced in the early stages of RADAR in the 1970s, and the initial approach
to Al in RADAR was to use rule-based expert systems to automate the decision-making
process. However, these early methods had major limitations, such as not being able
to formalize rules for specific applications. Moving to the 1980s and 1990s, the key
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breakthrough was the introduction of ML, which broadened the use of AI for RADAR.
SVM and K-NN are some algorithms that emerged to enhance the identification and
recognition of intended objectives, mainly in SAR spectral band images. These models
eliminated the need to manually interpret features, which had previously been per-
formed manually [5].

The models provided better accuracy in noisy conditions and complex terrains.
From the late 1990s and into the early 2000s, the growth in available computing
power and storage, along with the reduction in the cost of these technologies, led to
the introduction of Al techniques, including neural networks, to RADAR systems [13].
Major research contributions made during this period focused on object detection
and image classification using neural networks and large-scale RADAR datasets for
anomaly detection. Additionally, with the introduction of InSAR and PolSAR, which
are based on more advanced forms of remote sensing, the information generated re-
quired data analysis techniques based on Al

New developments in RADAR remote sensing based on Al have been tailored to-
ward utilizing DL to analyze and interpret sensing metrics, including CNNs and RNNs.
The applications of these techniques have been found particularly useful in high-
precision and real-time decision-making problems, including self-driving cars and di-
saster relief management [14]. A recent development has been the application of
CNNs for object detection and identification with SAR images, where the property of
CNNs to identify intricate spatial patterns, termed feature learning, automatically has
boosted the accuracy of the results relative to previous procedures [15]. The synthesis
of DL techniques in vehicle detection, urban area classification, and land cover map-
ping shows that RADAR image analysis can be fully automated with little to no human
interaction. The second trend is the development and utilization of Al with a view to-
ward noise reduction in existing RADAR systems, particularly in the case of polarimet-
ric RADAR and InSAR information [16]. To improve the quality of noisy images used
in RADAR, methods like generative adversarial networks (GANs) and denoising au-
toencoders have been employed to clean and maintain important features for analy-
sis. Furthermore, this has served as the basis for real-time RADAR data processing,
which is highly important for applications such as air traffic control and autonomous
drones [17].

5 Al-driven solutions for RADAR data processing

Data preprocessing in RADAR remote sensing is a crucial step, as decisions made dur-
ing this stage may affect the effectiveness of subsequent processes like object detec-
tion, classification, and analysis of the territory [18]. Through Al, several approaches
to preprocessing for RADAR data have been enhanced in terms of noise removal, high
resolution, and efficient filtration of large amounts of data. Many filtering techniques,
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including median and Gaussian filters, are used to reduce noise, although they may
inadvertently erase valuable image characteristics. However, Al-based techniques
have introduced more refined solutions to this problem. Methods such as CNNs and
denoising autoencoders are now capable of effectively reducing noise [19].

These models can also learn the patterns of the images and decide what kinds of
noise they may eliminate and what image details they have to retain. GANs have also
been used, where the generative model allows clean input images to be generated
from noisy input images while improving image quality [20]. Another important chal-
lenge in data processing in the context of RADAR is resolution. In subsequent years,
several preprocessing techniques have been applied to RADAR images to enhance
their spatial resolution using super-resolution algorithms. Super-resolution networks
are DL models capable of increasing the resolution of images, thus improving object
detection and classification. Accuracy (A4) is calculated as the ratio of correctly pre-
dicted outcomes to the total number of predictions:

~ TP+ TN
" TP+TN+FP+FN

where TP is true positives, TN is true negatives, FP is false positives, and FP is false
negatives,

This metric helps to measure the performance of classification models in RADAR
systems. It shows the model’s accuracy in identifying the correct objects, such as ve-
hicles, buildings, or terrains, from the RADAR data. One of the widely used techniques
is bicubic interpolation, which approximates pixels based on other pixels by applying
a weighted average method. The bicubic interpolation formula is given by:

4

4
106y)=Y > w(ij)-I(x+iy+))

i=1j=1

where I(x, y) is the intensity of the pixel at position (x, y)(x, y)(x,y) and w(i,j) is the weight
associated with the neighboring pixels.

Estimating the position and velocity of moving objects in RADAR data is usually done
by forecasting the next position of the object using state-space models, including the Kal-
man filter. The Kalman filter uses raw RADAR measurements to estimate the state of an
object, such as its position and velocity. The update equation for the Kalman filter is

xk =Axk -1+ Buk + wk

where xk is the state vector (position, velocity)at time k, A is the state transition matrix,
Bis the control input matrix, uk is the control input at time k, and wk is the process noise.

This equation helps the Al model sort targets, such as vehicles or aircraft, in the
real-time RADAR data stream. The most popular technique for noise removal from
the RADAR data is the Gaussian filter. The Gaussian filter smooths the image by aver-
aging nearby pixel values weighted by a Gaussian distribution:
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where G(x, y) is the Gaussian filter value at position (X, y) and, o is the standard deviation of
the Gaussian distribution.
This filter can be applied in AI algorithms that use the RADAR data to clean up
speckle noise from images, as has been seen in noise reduction applications.

Figure 2: Noise reduction using Al in RADAR data.

Figure 2 presents the use of Al to minimize noise affecting RADAR imagery. The left
side of Figure 2 shows typical noisy RADAR data, which has random signal variations
superimposed on the signal envelope. In particular, object detection and classification
tasks in RADAR remote sensing have benefited from Al, which has automated pro-
cesses that were previously exceedingly time-consuming and prone to errors. Thanks
to the application of CNNs and other forms of DL, RADAR systems can now detect and
recognize objects within constantly evolving environments. In conventional RADAR
data analysis, object detection typically requires additional interpretation to distin-
guish targets, clutter, and noise based on the operator’s experience. These models are
semiautomated, and layout features from the data are necessary to classify objects,
such as edges, texture, and shapes. For example, in urban monitoring, Al object detec-
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tion tools are incorporated to identify and categorize buildings, roads, and other
structures [21]. In military applications, Al-based RADAR systems can identify and rec-
ognize military vehicles, ships, and planes in real time, thus providing vital situational
information. Another area in which Al performs exceptionally well is tracking multi-
ple targets simultaneously, where the presence and characteristics of each target
must be identified. In these cases, common RNNs and their modifications, such as
long short-term memory (LSTM), are particularly useful as they can track objects over
time [22]. AT models have also been employed to recognize targets in environments
that are difficult to navigate, such as urban settings or dense forests, where using
other technologies would be extremely challenging.

6 Results and discussion

AT models have been crucial in advancing the operation of RADAR remote sensing by
enabling large-scale, accurate analysis. With the help of modern developments in ML
and DL, it is easier to detect targets and identify terrain and features. Figure 3 shows
the terrain classification in RADAR data with the help of Al to better understand how

Figure 3: Al-enhanced terrain classification in RADAR data.
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Al can help identify boundaries that are not visible on paper. Such an expansion in
classification makes it easier to differentiate terrain types using this approach com-
pared to more traditional methods. This improvement makes identifying specific ter-
rain types more precise, particularly in RADAR imagery, which has many applica-
tions, such as in environmental studies and urban planning.

It has been illustrated in the previous sections that there is some level of success
in applying different AI processing techniques to the received RADAR data to
achieve the intended outcomes. For instance, Figure 4 demonstrates how Al im-
proves the spatial resolution of RADAR imagery. This enhancement is particularly
useful in high-resolution imagery applications, including disaster management and
precision farming.

Figure 4: Resolution enhancement using AL

Besides, Al has demonstrated effectiveness in analyzing large-scale RADAR data, for
example, by applying CNNs to learn features more efficiently than previous ap-
proaches in terms of both time and accuracy. These methods are sensitive to the size
of the data, with larger datasets posing challenges, and, as stated in Figure 7, the costs
of training AI models increase as a function of dataset size during the model’s train-
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ing. CNNs and RNNs have been found to be particularly efficient for large-scale
RADAR applications. Specifically, Figure 5 shows how AI can track objects in motion
in real time. However, the real-time processing of a large amount of data from RADAR
systems may exceed the computational capacity of existing resources.

Figure 5: Al-based target tracking in RADAR data.

In Figure 6, which is a comparison of the precision and recall of classification models,
the SVM, CNN, RF, and RNN are shown as some of the models involved in the classifica-
tion, and they are compared based on their precision and recall. The CNNs are recog-
nized to have higher accuracy and sensitivity than other models, especially when deal-
ing with complex RADAR data sets, which makes pattern recognition difficult. Further,
the impact of data size on model training time is shown in Figure 7, while Figure 8 re-
veals the comparison of feature extraction techniques and their effect on classification
accuracy, where we can deduce that Gabor filters offer a higher classification accuracy
in the RADAR data. This shows that the feature extraction technique depends on the
kind of input data applied to it, underlining that, in the RADAR application under con-
sideration, one has to properly select the kind of feature extraction technique to be
used. However, there are still limitations to the proposed Al framework for remote
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sensing RADAR, such as computational problems and data acquisition. Here, the major
concern is the elevated computation costs of Al models, especially with DL models.

Figure 6: Precision and recall comparison of classification models.

Figure 7: Impact of dataset size on model training time.
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Figure 8: Comparison of feature extraction techniques on classification accuracy.

7 Conclusion

Al models are also used to track the intended target with high accuracy. We have
seen that Al in super-resolution has boosted image quality, making RADAR data more
useful in disaster response and ecological surveys. Furthermore, the contrast of fea-
ture extraction techniques shows that Gabor filters generally enhance classification
accuracy over other techniques. Despite these foundational observations, CNNs, as
well as RNNs, displayed high accuracy and recall quality. However, due to the high
computational demands and data availability issues that persist in every RADAR ap-
plication, AI still has the potential to push development forward. Future work is sug-
gested to refine current Al algorithms to reduce computational costs. Real-time proc-
essing and interaction with new technologies, including cloud computing and others,
will only strengthen the application of RADAR remote sensing in complex and evolv-
ing scenarios.
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Abstract: Synthetic aperture radar (SAR) has made significant advances in exploring
different scattering mechanisms and target geometries, as its evolution has opened
numerous opportunities to enhance agricultural classification and environmental
monitoring. SAR is independent of weather conditions and natural light, guaranteeing
high-quality images at any time and playing a crucial role in effective monitoring.
This chapter explains important methods such as Polarimetric SAR (PolSAR), Interfer-
ometric SAR (InSAR), and multi-temporal SAR techniques, used to improve crop classi-
fication, soil-moisture estimation, and crop-disease detection. Moreover, the synergistic
role of SAR with machine learning (ML) and artificial intelligence (AI) is discussed
highlighting how it enables multi-dimensional data fusion, predictive analysis, and im-
proved decision-making outcomes. It also explores the application of SAR in land-use
change, urbanization, and environmental degradation. The chapter proposes future re-
search directions, such as combining SAR data with optical and thermal imagery and
downsizing SAR systems to enable their operation on a larger scale at a reasonable cost.
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1 Introduction

Synthetic aperture radar (SAR) is a significant remote sensing technological advance-
ment, widely recognized for its applications in agriculture and environmental moni-
toring. This chapter will demonstrate ways in which SAR can be used to improve agri-
cultural classification and environmental change detection. In agriculture, SAR is
primarly used to enhance crop classification and crop yield assessment [1]. These im-
provements are essential for optimizing agricultural output and assisting in efforts to
implement better resource management plans. Similarly, SAR is used to monitor envi-
ronmental changes associated with landscape alterations. Change detection can iden-
tify and analyze land surface changes caused by natural processes or human activi-
ties, providing crucial information that enables near real-time decision-making [2].

SAR technology offers qualitative image data that is difficult, if not impossible, to
obtain from traditional optical remote sensing systems under most environmental
conditions, due to its intrinsic capabilities. Most optical sensors cannot operate at
night and struggle under cloudy conditions. However, SAR is independent of natural
light, and its ability to penetrate most cloud cover makes it more reliability in provid-
ing consistent data at all hours of the day and in all weather conditions [3]. This is
particularly important in areas where people often face adverse weather conditions
and in locations that require constant monitoring. The high-resolution imaging capa-
bility, both night and day, enhances the versatility and application of SAR for large-
scale landscape monitoring and agricultural management [4].

SAR technology has evolved over time, continuously improving and enhancing
current operations for society’s benefit while opening new pathways for scientific ex-
ploration. Modern SAR systems demonstrate the potential to overcome limitations
and improve aspects such as spatial and temporal resolution, as well as the ability to
resolve land cover and better represent the Earth’s surface for various applications,
including monitoring agricultural lands and environmental change [5]. This technol-
ogy has also paved the way for advanced data analytics, which are essential for un-
derstanding complex environmental relationships and improving management prac-
tices in agriculture [6]. Figure 1 illustrates SAR’s diverse roles in land use, agriculture,
forestry, wetlands, and environmental monitoring.

This chapter will explore some game-changing advancements in SAR technology
specifically applied to these fields. It will also discuss how SAR data is integrated with
other types of data, the new algorithms developed for processing it, and the practical
implications of these technologies in practice through relevant case studies. By pro-
viding an overview of capabilities and developments, this introduction lays the
groundwork for further discussion on the applications of SAR technology in facilitat-
ing and advancing agricultural classification and change detection processes — critical
components of achieving global sustainability in this arena [7].
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Figure 1: Applications of SAR in earth observation.

2 Principles of SAR technology

SAR operates based on to the principles of radar technology but is specifically de-
signed to achieve high-resolution imagery of the Earth’s surface under any weather
conditions and at any time. SAR systems emit microwave signals toward the Earth’s sur-
face from a moving aircraft or satellite. When these signals interact with surface ele-
ments, they are reflected toward the radar antenna. The strength and time delay of these
signals help SAR to create detailed two-dimensional images and three-dimensional recon-
structions of landscapes. An key feature of SAR is its ability to synthesizes an antenna
much larger than is physically possible by moving along a flight path and combining sig-
nals obtained at separate points. This process, known as synthetic aperture, is the founda-
tion behind the radar’s name [8]. It allows the radar to extend its effective antenna
through these signals, thereby capturing high-resolution data. By applying advanced algo-
rithms to these signals, SAR systems can achieve resolution not limited by the actual an-
tenna size, but by the length of the synthetic aperture. This technique enables the obser-
vation of fine details at various operational distances, making it invaluable for both
research and practical applications [9].
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SAR technology is essential in several applications due to its all-weather imaging
capabilities. Optical and mid-IR sensors rely on sunlight, and their performance can
be affected by cloud cover or the total absence of light at night. In contrast, SAR oper-
ates consistently under all light conditions and can penetrate through clouds, rain,
fog, and smoke. This feature is a significant advantage in monitoring farmlands, as
weather conditions can change rapidly. In fact, the technology enables the radar to
gather reliable data consistently over time, performing well across different seasons
and climate variations [10]. In practical terms, SAR can detect significant variations in
surface reflections or emissions. Additionally, its ability to observe environmental
changes is invaluable across several sectors. For example, with the increase in carbon
emissions, SAR can proves to be a valuable tool in identifying the source of emissions.
An observer can determine the source of the carbon emissions. By analyzing the
amount of carbon emitted into the air, the radar can calculate and express the result
in metric units, helping to gauge the environmental impact of these emissions [11].

3 SAR techniques for agricultural classification

SAR is an essential tool for agricultural management and monitoring due to its unique
physical properties, making it significant in classifying various agricultural compo-
nents. Such techniques utilize SAR’s high-resolution imaging and all-weather capabili-
ties to differentiate, monitor, and predict agricultural phenomena, providing vital
data that can facilitate sustainable farming practices and effective resource manage-
ment [12]. Figure 2 illustrates SAR’s role in cropland mapping, vegetation classifica-
tion, and environmental degradation monitoring.

3.1 Overview of SAR techniques in agriculture

In agriculture, various types of SAR techniques are suitable for specific applications,
depending on the landscape, crop types, and the information to be obtained [13].
Table 1 presents advanced classification algorithms applied to SAR data, detailing
their types, applications, and effectiveness in agricultural settings.

3.2 Applications of SAR in agricultural classification

SAR techniques have wide applications in agriculture. The ability of SAR to acquire
data under all weather conditions, independently of cloud cover and illumination,
makes it particularly useful for consistent monitoring of extensive agricultural areas
[14]. Some key applications include:
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Figure 2: SAR applications in agricultural mapping.

— Crop type classification: Classifying crop types across large tracts of land can
aid in mapping agricultural land, which is important for crop rotation planning
and subsidy allocation.

— Soil moisture estimation: SAR’s ability to penetrate the surface allows for accu-
rate and timely assessing soil moisture, which is essential for irrigation practices
and water resource management.

— Monitoring crop health: The reflectance and structural information captured
from SAR images help assess plant health and facilitate the early detection of
stress caused by drought, nutrient deficiencies, or disease.

The combination of SAR techniques with other remote sensing datasets and ground-
truth measurements provides comprehensive information for researchers and farm-
ers, enabling efficient management in challenging landscapes. When integrated with
other data sources, SAR enhances decision-making, leadingto higher productivity, im-
proved sustainability, and reduced environmental impacts [15]. With ongoing techno-
logical advancements, the accuracy and application range of SAR for agricultural clas-
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Table 1: Classification algorithms for SAR data in agricultural applications.

Algorithm Common  Applications in Advantages Challenges
type algorithms agriculture
Supervised SVM Classification of crop High accuracy with Requires labeled
Learning types, disease detection, adequate training training data and can
and land cover mapping data be computationally
intensive
Random Land use classification,  Effective at handling ~ May overfit on noisy
Forests crop yield estimation large datasets with data
multiple input
features
Unsupervised Clustering  Identifying natural Useful in exploratory  Sensitive to the choice
Learning Techniques clusters of similar crops  analysis without of parameters and
(e.g., or land uses labeled data initial conditions
K-means)
Deep CNNs High-resolution crop Capable of learning Requires extensive
Learning classification, complex patterns from computational

phenotyping

large-scale data

resources and data for
training

sification will continue to expand, further advancing agricultural remote sensing and
management [16]. Table 2 represents the discussed techniques, datasets, characteris-
tics, limitations, and applications.

Table 2: SAR for land-use and land-cover classification.

Technique Dataset Characteristics Limitations Applications Source
CTGAN' PoISAR? Fusion of SARand  Synthetic data Crop classification:  [17]
optical datasets might not fully addressing
generates synthetic capture all real- imbalanced
data to address world variability datasets in
class imbalance by  and can be agricultural remote
increasing minority  computationally sensing
class samples, expensive

leading to improved
classifier
performance (e.g.,
XGBoost, KNN)
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Technique Dataset Characteristics Limitations Applications Source
MCANet 3 WHU-OPT-SAR  Development of a Requires large, Land-use [18]
Dataset semantic annotated datasets  classification,
segmentation for training; agriculture
framework for the ~ computationally monitoring, and
generation of intensive environmental
multimodal images, management
named MCANet
FCN* Polarimetric Encoder-decoder Requires labeled Wetland mapping,  [19]
RADARSAT-2 architecture uses SAR data for complex land cover
Imagery® inception modules  training, complex  ecosystem
and skip feature classification
connections with engineering, and is
residual units; itis ~ computationally
end-to-end intensive
trainable
Feature- Landsat OLI® Combines spectral,  No statistical Land Use and Land [20]
level fusion and ALOS-27 texture, and spatial  analysis of terrain-  Cover (LULC)
and SVM features (NDVIE, corrected images classification in
elevation, slope), was performed for  mountainous and
and uses object- ALOS-2 data due to  cloudy regions,
oriented the large temporal including
segmentation and  difference between vegetation, forest,
SVM for the Landsat and and water
classification ALOS-2 datasets extraction
WOFOST® HJ-1A/B, GF-1 Development of a Lower accuracy in ~ Winter Wheat Yield [21]
and 4- and RADARSAT-2 crop yield winter wheat Simulation
DEnSRF simulation scheme  estimation using
using WOFOST and  SAR images, and
the 4-DEnSRF high-dependence
assimilation on optical images
algorithm,
incorporating time
series of LAI

retrieved from
optical and SAR
data
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Table 2 (continued)

Technique Dataset Characteristics Limitations Applications Source
Random Landsat and L- ~ Combination of Lower accuracy Land cover change [22]
Forests band SARdata  optical and radar with SAR-only; detection;
Classifier (JERS-1, ALOS- data; use of SAR sensitivity issues sustainable land
2/PALSAR-2), textures; 20 year management, and
1995-2015, data span the study of
Tanintharyi agricultural
Region expansion
1DCNN- HH-HV model Utilizes improved Limited polarization Land cover [23]
MRF'® data from dual-pol radar information and classification under
Model Gaofen-3, vegetation index speckle noise affect adverse weather;
Dongting Lake  (DpRVIm'"), accuracy dynamic
area incorporates terrain environment
factors, and is monitoring
designed to
enhance land cover
type separability
SVM'?, Satellite data Evaluation of Not specified, but ~ Developing [24]
ML'3, RF'%,  from Landsat,  multiple classifiers  typically includes  accurate LULC
MD, CART'®  Sentinel, and and satellite computational maps, conducting
(ArcGIS Pro  Planet datasets; systematic demands and change detection
& Google (2017-2021), performance varying accuracies  for urbanization
Earth Charlottetown,  assessment; across classifiers studies, and
Engine) Canada utilization of ArcGIS and data types promoting
Pro and Google sustainable
Earth Engine for resource
classification management

CTGAN': Conditional Tabular Generative Adversarial Network; PolSAR% Polarimetric Synthetic Aperture

Radar; MCANet®: Multimodal-Cross Attention Network; FCN*: Fully Convolutional Network; RADARSAT-2°:
Radar Satellite-2; OLI®: Operational Land Imager; ALOS-2’: Advanced Land Observing Satellite-2; NDVIE:

Normalized Difference Vegetation Index; WOFOST®: World Food Studies; 1DCNN-MRF'®: One-Dimensional
Convolutional Neural Network with Markov Random Field; DpRVIm': Dual-Polarization Radar Vegetation
Index; SYM'% Support Vector Machine; ML': Machine Learning; RF'*: Random Forest; CART'™:
Classification and Regression Trees

4 SAR techniques for change detection

SAR is one of the emerging and useful techniques in environmental change detection,
as it provides both high spatial resolution and efficiency. This unique capability of
high-resolution imaging in all weather conditions and through darkness can be uti-
lized to perform change detection in various types of terrain and under multiple con-
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ditions. This section has reviewed some of the existing SAR-based methods for envi-
ronmental change detection, as well as their operational principles and application
domains [25].

4.1 Overview of change detection techniques

SAR technology provides a wide range of techniques for detecting environmental
changes across various landscapes and at different resolution levels, which are deter-
mined by the size of the radar cell.

Differential Interferometric SAR (DInSAR): Identification and measurement of
temporal physical changes. Interferograms, or phase-difference maps, are created
using two or more SAR images acquired from the same position at different
times. Such variations may indicate ground motion (displacement, subsidence,
landslides, or earthquake deformations) [26]. DInSAR is an application of the In-
terferometric Synthetic Aperture Radar (InSAR) model that can achieve precise
measurements based on the common practice of closely monitoring infrastruc-
ture with unreliable instrumentation to detect very small displacements, where
active interference techniques are necessary, making it an active sensor of choice
in much of the infrastructure monitoring region, particularly in areas that are
highly geologically active.

Multi-temporal SAR analysis: The methods that use the temporal dimension of
SAR data are based on multi-temporal SAR images for change detection. Changes
in land use, vegetation cover, or damage post-disaster can be identified by observ-
ing differences in returns from radar signals. Multi-temporal analysis is key to
the continuous monitoring of environmental status and has found important ap-
plications in agriculture (tracking crop growth), forestry (detecting reforested/de-
forested areas), and urban regions (monitoring construction and development).
PolSAR change detection: Polarimetric Synthetic Aperture Radar (PolSAR) ex-
plores the polarization characteristics of the radar beam and targets to improve
material and surface detection. By comparing the polarimetric signatures of SAR
images acquired over time, this analysis allows the detection of changes in surface
properties, vegetation structure, or even water content. This process works espe-
cially well for ecological surveys, such as tracking wetland shifts or forest loss.
Classification-based change detection: This approach first classifies SAR images
at two different times into categories (e.g., water, vegetation, urban) and then
compares the classified images for change detection. These data are then submit-
ted to supervised models (like Random Forests) or unsupervised models (like clus-
tering) to improve accuracy. This method is particularly advantageous for large-
area land cover and land-use change research.

Time-series analysis: SAR time-series analysis is a series of images over time
that has been introduced to observe changes or trends. This can highlight sea-
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sonal alterations, yearly resurgences of plants, or incremental urban spread [27].
Statistical models are used in time-series analysis to derive changes and predict
trends based on historical data.

4.2 Applications of SAR for change detection

SAR has been utilized in several change detection applications. The ability of this tech-

nology to provide fast and accurate information has made it an essential disaster and

environmental management tool. Some of the applications of SAR for change detec-
tion include:

- Environmental monitoring: SAR is important for accurate reporting of environ-
mental changes; for example, it encompasses the dynamics of deforestation, pro-
cesses of desertification, and coastal zone changes due to sea level rise or erosion.

— Disaster management: A rapid evaluation is necessary following a flood, wild-
fire, or perhaps an earthquake. SAR is a powerful tool that can quickly provide
damage maps and assist with effective response coordination.

— Urban planning and monitoring: During the rapid urbanization of many re-
gions, SAR helps monitor city expansion, land use changes, and infrastructure de-
velopment, which provides very useful data for urban planning and future devel-
opments.

— Agricultural monitoring: Monitoring changes in agricultural practices, crop
types, and irrigation practices helps maximize agricultural productivity and con-
Serve resources.

With continuous improvements in radar sensors and computational algorithms, this
technology will play an increasingly important role in environmental monitoring and
change detection [28]. The integration of SAR data with other geographic and observa-
tional data has the potential to provide more comprehensive insights, ultimately facil-
itating more informed decision-making and improved management of natural resour-
ces and hazards. Table 3 in this section effectively showcases the discussed techniques
and their applications in change detection.

5 Implications and future directions

ML and AI for SAR data processing represent some of the most important trends.
They enhance the resolution and analysis of images, enabling advanced pattern recog-
nition and predictive analytics. This integration facilitates multi-sensor analysis for
change detection and predictive modeling of crop yields using both historical time se-
ries data and real-time SAR inputs. Miniaturization and price reductions in SAR sys-
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Technique Dataset Characteristics Limitations Applications Source
Unsupervised  Bi-temporal or Utilizes Challenges in Earthquake [29]
DL" and multi-temporal unsupervised DL gathering labeled damage

Transfer SAR images models to extract  multi-temporal assessment;

Learning feature maps; data include general change
incorporates dependency on detection in any
transfer learning  the similarity weather and
from pre-trained  between pre- lighting
models; effectively trained model conditions
handles speckle data and target
noise SAR images

Non-parametric Time series of Utilizes recursive  Speckle noise Environmental [30]

detection with ~ RADARSAT, ERS?,  median filtering challenges monitoring and

recursive and ENVISAT® for sparse sparsity and operational

median images representation requires pre- change detection

filtering and change processing for in radar image
detection; focusing accurate data series
on reliable pixel representation
values as change
indicators

High-resolution Sentinel-1 SAR Utilizes CCD to Sensitivity to Urban change [31]

CCD* with GIS® images and identify minute minor changes detection,

post-processing optical images of structural changes, can trigger damage

Manchester enhanced with GIS unwanted assessment,
to reduce false detections in cadastral
positives urban mapping, and
environments monitoring illegal
activities
Interferometric  Multi-temporal Reviews multi- Limitations of Rapid damage [32]

coherence and
intensity
correlation

SAR data

temporal SAR
methods, such as
interferometric
coherence and
intensity
correlation, for
damage
assessment;
includes combined
methods for
improved accuracy

current SAR
missions are
affecting global
applicability

mapping post-
disasters is
essential for
rescue and
reconstruction
operations
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Table 3 (continued)

Technique Dataset Characteristics Limitations Applications Source
Pixel, Feature,  SAR data from Compares Effectiveness Urban land cover [33]
and Decision TerraSAR-Xand  integration levels  depends on data  classification in
Level ENVISAT ASAR in  of SAR and optical distribution and the Pearl River
Integration WSM and IMP data using ML resolution; not all  Delta
using SYM® R/ modes, combined methods and methods are
with optical data  examines feature  suitable at every
distributions and integration level
texture analysis
Conditional RF  TerraSAR-X and Utilizes X-/C-band  High variability in ~ Wetland [34]
Model RADARSAT-2 frequencies, dual-/ wetland ecosystem
images, Mont- quad-polarization, ecosystems; analysis:
Saint-Michel Bay, and multi- polarization mode  discrimination of
France (632 ha)  temporal is less influential ~ vegetation types
acquisitions; for conservation
employs 25 SAR efforts
features, including
Shannon entropy
for correlation
analysis; ANOVA®
for impact
assessment
RoF° with High-resolution Utilizes vector- Scale sensitivity in ~ Urban area [35]
Coarse-to-Fine  remote sensing  raster integration, object-based change detection;
Uncertainty images, multi- multi-scale fine change detection  improving
Analyses temporal segmentation; change detection
datasets employs accuracy in
neighborhood complex

correlation for pre-

classification; and
uses RoF for final
object
classification with
majority voting

environments

'DL: Deep Learning; 2ERS: European Remote Sensing; *ENVISAT: Environmental Satellite; “CCD: Coherent
Change Detection; °GIS: Geographic Information System; ®SVM: Support Vector Machine; ’RF: Random
Forest; 2ANOVA: Analysis of Variance; 2DInSAR: Differential Interferometric Synthetic Aperture Radar; °RoF:

Rotation Forest

tems are also making the technology more affordable. Additionally, the advent of
small satellite constellations with SAR sensors offers frequent and affordable Earth
observations. This democratization enables global monitoring of agricultural and en-
vironmental conditions, increasing the scalability of SAR applications. Improvements
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in SAR’s multi-frequency and multi-polarization capabilities aid in investigating sur-
face textures and characteristics. These improvements assist in detailed land cover
classification and subtle environmental change detection, essential for precision agri-
culture and in-depth environmental monitoring [36].

5.1 SAR technology’s research opportunities

One of the major research opportunities lies in combining SAR data with other remote
sensing data sources (e.g., optical and thermal). This approach allows for the fusion of
different types of information as well as more complex and distinct detection of envi-
ronmental or agricultural phenomena, which may be difficult to detect using a single
sensing method. Considering the upcoming satellite launches, as well as the increased
volume of SAR imagery to process, the automatic development of stable and reproduc-
ible processing codes for SAR images will constitute another key research line in the
near future [37]. Distributed cloud-based processing platforms, such as Google Earth
Engine (GEE), can provide efficient and scalable processing of SAR data [38]. The char-
acteristics of the SAR signal are influenced by changes in soil moisture and vegetation
due to environmental conditions, which is beneficial for interpreting the data, such as
in soil moisture estimation and vegetation health monitoring. An improved under-
standing of these interactions would increase the validity and transferability of SAR
systems. Such research directions will enhance the technical performance of SAR sys-
tems and their applications for assessing and monitoring the natural environment.

6 Conclusion

This chapter has illustrated how the evolution of SAR technology has transformed ag-
ricultural classification and vegetation assessment into critical research fields, as will
be discussed in further detail. SAR can offer high-resolution images regardless of the
weather conditions, which helps improve the accuracy and efficiency of monitoring ag-
ricultural lands. By employing ML and AI technologies, SAR can develop cutting-edge
capabilities in the areas of pattern recognition, predictive analytics, and multi-sensor
analysis with advanced sophistication. With the development of these technologies,
data acquisition and analysis through SAR have become integral tools for sustainable
agriculture and resource management. Additionally, due to the decreasing size and cost
of SAR systems, small satellite constellations can be launched, enabling regular and eco-
nomical monitoring of the Earth from space. This data availability has made it easier
for researchers to source data while ensuring continuous, reliable, and timely-quality
monitoring, thereby facilitating decision-making in agriculture and environmental sus-
tainability.
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