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Preface

Globally, the automotive industry is undergoing a profound transformation. The
transition from traditional vehicles to intelligent vehicles, and from human driving
to autonomous driving, is fundamentally reliant on perception technologies that
capture information about vehicles and roads. Information such as vehicle state
and tire-road friction coefficient parameters is not only crucial for vehicle dynam-
ics and control but also serves as core technologies in intelligent transportation
systems and autonomous driving. With technological advancements, vehicle state
estimation and tire-road friction coefficient identification have gradually transi-
tioned from theoretical research to practical applications. This journey includes
significant milestones such as estimating the motion state and tire-road friction
coefficient of the host vehicle using onboard sensors and predicting the state of sur-
rounding vehicles through vehicular communication networks. Additionally, the
development of deep learning technologies has provided new solutions for acquir-
ing this information.

To provide a unified description of the states of various traffic elements, the
authors have proposed the concept of the multi-agent vehicle-road interaction
system (MVRIS). This concept describes a system composed of a vehicle and
its surrounding traffic elements, distinguishing it from traditional macro-traffic
research. In our book, the MVRIS consists of three main traffic elements: the
host vehicle, the preceding vehicle, and the road. The authors have compiled
their latest research work in this area into this book. The main topics discussed
regarding the state estimation of the MVRIS include:

1) Ego-vehicle state estimation considering sensor data loss.

2) Ego-vehicle state estimation with unknown noise and parameter perturbations

3) State estimation of the preceding vehicle with data loss and parameter
perturbations

4) Tire-Road Friction Coefficient Estimation with parameters mismatch and data
loss



X

Preface

With the development of 5G communication technology, edge computing, and
cloud computing, MVRIS state estimation technology is set to play a crucial role in
a broader range of applications. In the future, vehicles will not merely be means of
transportation but will serve as intelligent mobile terminals and centers for data
collection and processing. This evolution places higher demands and challenges
on MVRIS state estimation technology. We believe that, with continuous techno-
logical advancements, the estimation of MVRIS states will play an increasingly
important role in intelligent transportation and autonomous driving.

Professionals in the field of autonomous vehicles, as well as researchers,
engineers, and scientists in related fields, can utilize State Estimation of
Multi-Agent Vehicle-Road Interaction Systems to gain relevant knowledge.
This book offers practical, precise, and validated algorithms that can be deployed
in various real-world scenarios.

Yan Wang
Guodong Yin
Chao Huang
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Introduction

1.1 The Definition of Vehicle-Road Interaction System

Traffic accidents are one of the main causes of human casualties [1]. Intelligent
connected vehicles will provide a new possibility for the automotive industry to
effectively solve safety and congestion problems due to their functions of intelli-
gent decision-making and collaborative control. Some typical technologies include
vehicle road coordination systems, advanced driver assistance systems (ADAS),
etc. Some of the most representative technologies in ADAS include stability control
systems [2, 3], braking control systems [4-7], local path planning systems [8, 9],
active suspension control systems [10-12], etc. The prerequisite for these active
safety systems to work effectively is to obtain accurate vehicle state and tire-road
friction coefficient (TRFC) [1]. To describe these vehicle states and road surface
information in a unified way, this book adopts the concept of “interaction sys-
tem” and defines the set composed of the host vehicle, the preceding vehicle, and
the current road as the vehicle-road interaction system. As shown in Fig. 1.1, the
corresponding variables, such as vehicle sideslip angle, tire stiffness, and TRFC,
constitute the key state parameters in the vehicle-road interaction system. How-
ever, onboard sensors fail to directly obtain this information. Therefore, estimating
these states using only onboard sensors is a hot topic of current research.

In the context of vehicle-to-vehicle (V2V) communication, the host vehicle,
the preceding vehicle, and the road form a multi-agent vehicle-road interaction
system due to their dynamic interdependence and interactive roles. The host
vehicle acts as an independent agent, constantly interacting with its environment
by adjusting its control actions based on its own dynamic states and real-time
information from the preceding vehicle and road conditions. The preceding
vehicle, another independent agent, influences the host vehicle’s behavior
through its speed, acceleration, and position, impacting car-following decisions
and safety measures. Additionally, the road, though not a vehicle, can be viewed
as an agent due to its influence on vehicle dynamics via tire-road interactions,
State Estimation of Multi-Agent Vehicle-Road Interaction Systems, First Edition.

Yan Wang, Guodong Yin, and Chao Huang.
© 2026 The Institute of Electrical and Electronics
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Vehicle-to-Vehicle Communication

. e i

The currentroad  The ego vehicle The preceding vehicle

Vehicle—Road Interaction System

Figure 1.1 The vehicle-road interaction system.

such as road friction and surface conditions, which directly affect vehicle stability
and performance. These three components—host vehicle, preceding vehicle,
and road—communicate and interact within a shared environment, forming a
tightly coupled multi-agent system. This framework allows for more accurate
state estimation and decision-making, which is essential for the development of
ADAS and autonomous driving technologies. In previous studies, host vehicle
and preceding vehicle state estimation, as well as TRFC identification, are usually
considered as two types of parameter identification problems. However, in this
book, we try to define a new concept to describe a more macroscopic vehicle-road
coupled system. This will provide a new perspective to researchers in this field.
Therefore, these different states, or TRFC, will become the internal states of this
macroscopic system.

1.2 The Importance of State Estimation
for Vehicle-Road Interaction System

State estimation plays a crucial role in the development of vehicle-road interaction
systems, directly impacting the safety, efficiency, and reliability of vehicles. This
technology is fundamental for the operation of autonomous vehicles, as it allows
for accurate sensing and understanding of both the vehicle’s state and its surround-
ing environment. By doing so, state estimation enables intelligent vehicles to make
autonomous decisions and execute complex driving maneuvers. Accurate state
estimation supports ADAS such as adaptive cruise control (ACC), lane-keeping
assist, and emergency braking. For ACC, state estimation helps maintain a safe
distance from the vehicle ahead by continuously monitoring relative speed and
distance. Lane-keeping assist relies on state estimation to ensure the vehicle stays
centered in its lane by detecting lane markings and making necessary steering
adjustments. Emergency braking systems use state estimation to detect potential
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collisions and apply brakes in time to avoid or mitigate the impact. Furthermore,
state estimation enhances the efficiency and reliability of autonomous vehicles.
By optimizing driving patterns based on accurate state information, vehicles can
achieve smoother acceleration and braking, better fuel economy, and reduced
emissions. Reliable state estimation ensures that autonomous vehicles can
operate consistently in various conditions, from clear weather to rain or snow,
thus building trust in autonomous vehicle technology. In summary, vehicle state
estimation is a cornerstone of autonomous vehicle technology. It integrates sensor
data, mathematical models, and advanced algorithms to provide a comprehensive
understanding of a vehicle’s dynamics and its immediate environment. This
enables intelligent vehicles to make informed, autonomous decisions, ultimately
improving the safety, efficiency, and reliability of modern transportation systems.

Vehicle state estimation involves the real-time determination of a vehicle’s yaw
rate, sideslip angle, velocity, and other pertinent parameters. These parameters
are critical for assessing the vehicle’s current status and predicting its future
behavior, which is essential for facilitating safe and effective decision-making in
autonomous vehicles.

The yaw rate of a vehicle, representing its rotational motion around the ver-
tical axis, holds a central position in the realm of vehicle dynamics. It directly
impacts the vehicle’s stability during maneuvers such as turns and lane changes.
A controlled and well-monitored yaw rate is critical for preventing oversteer or
understeer conditions, both of which can lead to loss of control and compromise
safety. In the context of vehicle dynamics, yaw rate plays a pivotal role in ensur-
ing the vehicle’s stability and responsiveness. During a turn, the yaw rate deter-
mines how quickly the vehicle rotates about its vertical axis. If the yaw rate is
too high, it can result in oversteer, where the rear wheels lose traction and the
vehicle turns more sharply than intended. Conversely, if the yaw rate is too low,
it can lead to understeer, where the front wheels lose traction, causing the vehi-
cle to turn less sharply than the driver intends. Both conditions can be danger-
ous, especially at high speeds or on slippery surfaces. By precisely managing the
yaw rate, vehicles can navigate corners with optimal stability, reducing the risk of
skidding or rollovers. This is achieved through advanced control systems such as
electronic stability control (ESC), which continuously monitors the yaw rate and
other parameters to make real-time adjustments. ESC systems apply brake force to
individual wheels and adjust engine power to correct oversteer or understeer, help-
ing the driver maintain control of the vehicle. The importance of yaw rate control
becomes even more evident in emergency situations. Rapid changes in direction,
such as during evasive maneuvers to avoid an obstacle, demand judicious control
of the yaw rate to ensure the vehicle’s response aligns with the driver’s intentions.
In such scenarios, the ability to swiftly and accurately adjust the yaw rate can
make the difference between avoiding a collision and losing control. For instance,

3
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consider a situation where a driver must swerve to avoid a sudden obstacle on the
road. The vehicle’s stability control system, relying on yaw rate sensors, will detect
the rapid change in direction and intervene to maintain stability. By modulating
brake pressure on individual wheels and adjusting throttle input, the system helps
the vehicle follow the desired path while preventing oversteer or understeer. This
intervention occurs in a matter of milliseconds, often faster than a human driver
can react, thereby enhancing safety. Moreover, maintaining an optimal yaw rate
is crucial for ensuring passenger comfort. Sudden or excessive rotational move-
ments can be unsettling for passengers, leading to discomfort and motion sickness.
By managing the yaw rate effectively, the vehicle can provide a smoother ride,
enhancing overall comfort and driving experience. In the realm of autonomous
driving, yaw rate control is even more critical. Autonomous vehicles rely on precise
control of all dynamic parameters, including yaw rate, to execute complex maneu-
vers safely and efficiently. Advanced algorithms and sensor fusion techniques are
employed to continuously monitor and adjust the yaw rate, ensuring the vehicle
remains stable and responsive under all conditions.

In conclusion, the yaw rate of a vehicle is a fundamental aspect of vehi-
cle dynamics, and is crucial for maintaining stability and safety during various
driving maneuvers. Whether it is preventing oversteer and understeer in every-
day driving or ensuring precise control during emergency situations, effective
yaw rate management is essential. Advanced stability control systems and
autonomous driving technologies rely heavily on yaw rate data to enhance vehicle
performance and passenger safety, underscoring its significance in modern
automotive engineering.

The sideslip angle, indicating the angle between a vehicle’s velocity vector
and its heading angle, is a fundamental parameter influencing lateral stability.
A controlled sideslip angle is integral to preventing uncontrollable skidding and
maintaining the vehicle’s trajectory during dynamic maneuvers. This parameter
is critical for ensuring that the vehicle responds predictably to driver inputs,
particularly during high-speed driving, abrupt steering inputs, or when navigating
adverse road conditions. In the context of vehicle dynamics, the sideslip angle
plays a pivotal role in maintaining the vehicle’s stability. When a vehicle is in
motion, its tires generate lateral forces to counteract any sideways motion. The
sideslip angle quantifies the deviation between the vehicle’s intended path and
its actual path. If this angle becomes too large, it indicates that the tires are
losing grip on the road surface, which can lead to a loss of control and potential
skidding. Therefore, managing the sideslip angle is crucial for maintaining the
vehicle’s lateral stability and ensuring safe handling characteristics. Excessive
sideslip angles can lead to loss of tire grip, compromising the vehicle’s ability to
respond predictably to driver commands. For instance, during a sharp turn or a
sudden evasive maneuver, the sideslip angle increases as the lateral forces acting
on the tires intensify. If the tires exceed their grip limit, they will start to slide
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sideways, resulting in a loss of control. This situation is particularly dangerous
on slippery or uneven road surfaces, where the risk of skidding is higher. By
controlling the sideslip angle, vehicles can maintain optimal tire grip, ensuring
stable and predictable handling.

Advanced control systems play a crucial role in managing the sideslip angle to
enhance vehicle safety. Modern vehicles are equipped with sophisticated systems
such as ESC and traction control systems (TCS) that continuously monitor and
adjust the sideslip angle. These systems use sensors to measure the vehicle’s
speed, steering angle, and yaw rate, among other parameters. By analyzing this
data in real time, they can detect any deviation from the intended path and apply
corrective measures. For example, if the ESC system detects that the sideslip angle
is increasing beyond safe limits during a turn, it can selectively apply brake force
to individual wheels and adjust engine power to counteract the sideways motion.
This helps to bring the vehicle back on its intended trajectory, reducing the risk of
skidding and enhancing overall stability. Similarly, the TCS system can modulate
the power delivery to the wheels to prevent excessive wheel spin and maintain
optimal traction, especially on slippery surfaces. The importance of controlling
the sideslip angle is particularly evident in emergency situations. During sudden
maneuvers to avoid obstacles or navigate sharp curves, the sideslip angle can
change rapidly. Advanced control systems must react swiftly to these changes to
maintain vehicle stability. By keeping the sideslip angle within stable operational
limits, these systems enhance the vehicle’s ability to respond effectively to driver
commands, ensuring a safer driving experience. In autonomous vehicles, the
management of the sideslip angle is even more critical. Autonomous driving
algorithms rely on precise control of all vehicle dynamics to execute complex
maneuvers safely. These algorithms use advanced sensor fusion techniques
and predictive models to monitor and adjust the sideslip angle continuously.
This ensures that the autonomous vehicle can navigate through various driving
conditions with optimal stability and safety.

In conclusion, the sideslip angle is a vital parameter influencing the lateral sta-
bility of a vehicle. Effective management of the sideslip angle is essential to prevent
uncontrollable skidding, maintain the vehicle’s trajectory, and ensure predictable
handling. Advanced control systems such as ESC and TCS are crucial in con-
tinuously monitoring and adjusting the sideslip angle to enhance vehicle safety.
By maintaining stable operational limits, these systems contribute significantly to
overall road safety, providing a safer and more reliable driving experience.

Longitudinal velocity, representing the rate of change of a vehicle’s position
along its direction of motion, and lateral velocity, depicting the rate of change of
position perpendicular to the direction of motion, collectively play pivotal roles in
determining a vehicle’s stability, maneuverability, and response to various driving
conditions. These two components of velocity are integral to understanding
and managing a vehicle’s dynamics. Longitudinal velocity, often associated

5
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with acceleration and deceleration, directly affects a vehicle’s dynamics and
braking performance. In emergency braking situations, the ability to modulate
longitudinal velocity is crucial for avoiding collisions and ensuring the safety
of occupants and pedestrians. Advanced antilock braking systems (ABS) and
ESC mechanisms leverage longitudinal velocity data to optimize braking forces,
preventing wheel lockup and skidding. ABS prevents the wheels from locking up
during hard braking, allowing the driver to maintain steering control. ESC, on
the other hand, helps to maintain vehicle stability by detecting and reducing the
loss of traction. By continuously monitoring longitudinal velocity, these systems
can adjust braking force distribution to ensure maximum efficiency and safety.
Longitudinal velocity is also integral to the operation of ACC systems. ACC
systems maintain a set following distance from the vehicle ahead by adjusting
the throttle and brake based on longitudinal velocity. This enhances safety by
providing a seamless response to changes in traffic conditions, reducing the risk
of rear-end collisions. The ACC system uses sensors to monitor the speed and
distance of the vehicle in front, adjusting the vehicle’s speed accordingly. This not
only ensures a safer driving experience but also enhances comfort by reducing the
need for manual speed adjustments in varying traffic conditions. Moreover, colli-
sion avoidance systems utilize longitudinal velocity information to assess the risk
of an impending collision and initiate pre-crash measures, such as autonomous
emergency braking (AEB). AEB systems are designed to detect potential collisions
and automatically apply the brakes if the driver does not respond in time. By
analyzing longitudinal velocity along with other parameters like the distance to
the obstacle and the relative speed, these systems can determine the likelihood of
a collision and take preventive action. This significantly reduces the chances of
accidents, protecting both the vehicle’s occupants and other road users.

Lateral velocity, while less commonly discussed, is equally important for vehicle
stability and maneuverability. Lateral velocity affects how the vehicle responds
to steering inputs and how well it can maintain its intended path, especially
during cornering or lane changes. High lateral velocities can lead to oversteer
or understeer, where the vehicle either turns more sharply or less sharply than
intended. Effective control of lateral velocity is essential for maintaining stability
and preventing accidents, particularly in high-speed driving or adverse weather
conditions. Advanced vehicle dynamics control systems, such as ESC and TCS,
monitor and adjust both longitudinal and lateral velocities to enhance stability
and safety. These systems use a network of sensors to gather real-time data on the
vehicle’s motion and the road conditions. By analyzing this data, they can make
precise adjustments to the braking force, throttle, and steering inputs to maintain
optimal stability. For instance, if the vehicle begins to oversteer, ESC can reduce
engine power and apply braking to individual wheels to help regain control.
Similarly, TCS can prevent wheel spin during acceleration by adjusting the throttle
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and brake. The integration of longitudinal and lateral velocity data is crucial for
the development of autonomous driving technologies. Autonomous vehicles rely
on accurate and continuous monitoring of these parameters to navigate safely and
efficiently. Advanced algorithms and machine learning techniques are used to pro-
cess the velocity data and make real-time decisions. For example, when navigating
a sharp turn, the autonomous system must balance both longitudinal and lateral
velocities to ensure a smooth and safe maneuver. This involves adjusting the speed
and steering angle precisely to maintain stability and adhere to the intended path.

In summary, longitudinal and lateral velocities are fundamental to vehicle
dynamics, playing critical roles in ensuring stability, maneuverability, and safety.
Longitudinal velocity is crucial for acceleration, deceleration, and braking
performance, impacting systems such as ABS, ESC, ACC, and collision avoidance.
Lateral velocity, on the other hand, influences how well the vehicle maintains
its path and responds to steering inputs. Advanced control systems continuously
monitor and adjust both velocities to enhance overall vehicle performance and
safety. As the automotive industry advances towards greater automation, the
precise control and integration of longitudinal and lateral velocity data will be
essential for developing safe and reliable autonomous vehicles.

As tires are the only components connecting the vehicle to the ground, motion
control or stability control of vehicles ultimately translates into the control
of motor torque and braking torque. The TRFC directly limits the maximum
tire forces available for the vehicle. Furthermore, many ADAS or high-level
autonomous vehicles require dynamic adjustments in longitudinal and lateral
control to enhance vehicle safety based on the TRFC. Understanding and
accurately assessing the TRFC are crucial for optimizing the performance and
safety of these systems. The main function of ABS is to prevent the wheels from
locking during heavy braking and to maintain the traction between the tires and
the road at an optimal value. The magnitude of this optimal traction is usually
determined based on the TRFC. ABS works by modulating the brake pressure
to prevent wheel lockup, thereby maintaining steerability and stability during
braking. When the TRFC is high, ABS can allow for more aggressive braking
without the risk of wheel lockup. Conversely, when the TRFC is low, such as on
icy or wet roads, the ABS adjusts to provide gentler braking to maintain control.
ESC systems generate a yaw moment based on the desired yaw rate to ensure the
lateral stability of the vehicle. The desired yaw rate normally shows a positive
correlation with the TRFC. By continuously monitoring the TRFC, ESC systems
can adjust the braking force applied to individual wheels to correct understeer
or oversteer conditions. For instance, if the vehicle begins to oversteer, the ESC
system can apply the brake to the outer front wheel, generating a counteracting
force that helps stabilize the vehicle. Accurate TRFC information allows the
ESC system to make precise adjustments, enhancing the vehicle’s ability to
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maintain its intended path, especially in challenging driving conditions. Active
collision-avoidance systems use a variety of sensors to obtain information about
the surrounding environment of the vehicle to reduce the risk of accidents. These
systems work by assessing the relative distance between the vehicle and potential
obstacles and initiating preemptive actions when this distance falls below a
safety threshold. This safety distance is negatively correlated with the TRFC. In
other words, when the TRFC is low, the safety distance must be increased to
account for the reduced traction and longer stopping distances. Conversely, when
the TRFC is high, the vehicle can safely operate with a shorter safety distance.
By integrating TRFC data, collision avoidance systems can more accurately
determine when to initiate braking or evasive maneuvers, thereby reducing the
likelihood of collisions. Additionally, TRFC plays a crucial role in the operation
of ACC systems. ACC systems maintain a set following distance from the vehicle
ahead by adjusting the throttle and brake based on the longitudinal velocity of the
vehicle. When the TRFC is high, the ACC system can operate more aggressively,
allowing for closer following distances and more responsive acceleration and
deceleration. However, when the TRFC is low, the ACC system must adjust to
maintain a greater following distance and smoother speed changes to ensure
safety. The accurate assessment of TRFC is also essential for the performance
of high-level autonomous vehicles. Autonomous driving algorithms rely on
precise TRFC data to make real-time decisions about acceleration, braking, and
steering. For example, when navigating a sharp turn, the autonomous system
must balance both longitudinal and lateral forces to maintain stability. Accurate
TRFC information allows the system to adjust the speed and steering angle
precisely, ensuring a smooth and safe maneuver.

Moreover, ADAS such as TCS also depend on accurate TRFC data. TCS works
by preventing wheel spin during acceleration by adjusting the throttle and brake.
When the TRFC is high, TCS can allow for more aggressive acceleration without
the risk of wheel spin. Conversely, when the TRFC is low, TCS must apply more
conservative throttle control to maintain traction. By continuously monitoring and
adjusting based on TRFC, TCS enhances the vehicle’s ability to accelerate safely
in various road conditions.

In summary, the TRFC is a critical parameter for vehicle dynamics and safety
systems. It directly influences the performance of ABS, ESC, active collision
avoidance, ACC, and TCS, among others. Accurate TRFC information allows
these systems to make precise adjustments, enhancing vehicle stability, maneu-
verability, and safety. As the automotive industry continues to advance towards
greater automation and improved safety features, the importance of accurate
TRFC assessment will only grow. Ensuring that active safety systems have
reliable TRFC data is essential for optimizing their performance and ultimately
contributing to safer roads.



1.2 The Importance of State Estimation for Vehicle-Road Interaction System

Although the yaw rate, sideslip angle, velocity of a vehicle, and TRFC are crucial
dynamic parameters that significantly influence its handling and stability, these
parameters cannot be directly measured and require estimation methods for deter-
mination. Directly measuring the yaw rate of a vehicle is challenging, as it repre-
sents the rotational speed around the vertical axis. Conventional vehicle sensors
typically do not provide this precise information, necessitating estimation through
alternative measured data and models. Direct measurement of the sideslip angle
often requires specialized sensors, such as an inertial navigation system. How-
ever, in the case of most conventional vehicles, there is no sensor configuration
designed for the direct measurement of the sideslip angle. Traditional vehicle sen-
sors primarily focus on parameters like speed, angular velocity, and acceleration,
lacking a dedicated sensor for sideslip angle measurement. Consequently, direct
measurement of the sideslip angle is often impractical in many situations due to
the absence of specific sensors. For longitudinal velocity, while some vehicles are
equipped with speed-measuring sensors such as wheel speed sensors or GPS sys-
tems, there are situations where the measurements from these sensors may not
be accurate or available. For lateral velocity, traditional vehicle sensors are effec-
tive for certain dynamic measurements; they do not provide a direct measurement
of lateral velocity. Specific sensors designed solely for the direct measurement of
lateral velocity are not commonly integrated into standard vehicle sensor setups.
The absence of dedicated lateral velocity sensors limits the availability of direct
measurement options. Similarly, TRFC cannot be measured by onboard sensors.

The process of vehicle state estimation relies on an intricate interplay between
sensor data, mathematical models, and sophisticated algorithms. Sensors such as
GPS, LiDAR, radar, and cameras provide raw data about the vehicle’s position,
speed, and surroundings. This sensor data is then processed using mathematical
models that describe the vehicle’s dynamics, including its mass, center of gravity,
and aerodynamic properties. These models help in predicting how the vehicle will
respond to different inputs, such as steering, acceleration, and braking. Sophisti-
cated algorithms, such as Kalman filters, particle filters, and machine learning
techniques, are employed to fuse the sensor data and refine the state estimates.
Kalman filters, for example, are used to recursively estimate the state of the vehi-
cle by combining predictions from the mathematical models with real-time sen-
sor data. To this end, researchers have successively proposed various estimation
approaches to address the challenge. Based on the above discussion, some key
importance for vehicle-road interaction systems can be summarized.

1.2.1 Enhancing Safety

State estimation is one of the core technologies for ensuring the safe operation
of intelligent vehicles. With accurate state estimation, vehicles can perceive their
position, speed, and direction in real time, as well as detect other objects in the
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environment, such as pedestrians, other vehicles, and obstacles. This perception
capability allows intelligent vehicles to react promptly and avoid collisions and
other potential hazards. For instance, if an obstacle suddenly appears in front of
the vehicle, state estimation can quickly identify and convey the information to
the control system, enabling necessary evasive or emergency braking maneuvers.

1.2.2 Improving Driving Efficiency

Through state estimation, intelligent vehicles can optimize their driving paths and
behaviors, thus improving overall driving efficiency. By monitoring vehicle states
and traffic conditions in real time, intelligent vehicles can choose the optimal path,
avoid congestion, and adjust speed and trajectory based on traffic signals and the
behavior of other vehicles. This not only reduces travel time but also lowers fuel
consumption and emissions, achieving more environmentally friendly travel.

1.2.3 Enhancing Autonomous Decision-making Capabilities

State estimation empowers intelligent vehicles with autonomous decision-making
capabilities, allowing them to make independent judgments in complex and vari-
able traffic environments. For example, when faced with changing traffic signals,
pedestrian crossings, and emergency vehicle priority, intelligent vehicles need to
quickly assess the current state and make corresponding decisions. Through accu-
rate state estimation, vehicles can promptly obtain necessary information, per-
form risk assessments, and execute decisions to ensure a safe and efficient driving
experience.

1.2.4 Supporting ADAS

State estimation is the foundation for realizing ADAS. ADAS features, such as
ACC, lane-keeping assist, and automated parking, rely on accurate state esti-
mation to perceive the vehicle and environmental states. These systems provide
necessary driving assistance through real-time monitoring and data analysis,
reducing driver burden and enhancing driving safety. For instance, ACC systems
can accurately measure the distance and speed of the vehicle ahead through state
estimation, adjusting their speed to maintain a safe following distance.

1.2.5 The Foundation of Future Traffic Systems

As technology advances, state estimation’s role in future traffic systems will
become more prominent. The development of intelligent transportation systems
(ITS) relies on efficient communication and coordination between vehicles and
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between vehicles and infrastructure, and state estimation provides the foundation
for achieving this goal. By sharing and integrating various state data, ITS can
achieve more efficient traffic management, reduce congestion and accidents, and
improve overall traffic flow.

1.2.6 Enhancing User Experience

State estimation not only improves the technical performance of intelligent
vehicles but also significantly enhances the user experience. Through precise
navigation and smooth driving behavior, passengers can enjoy a more comfortable
ride. Additionally, various autonomous driving and driver assistance functions
supported by state estimation make driving easier and safer, increasing user trust
and satisfaction with intelligent vehicles.

In conclusion, the importance of state estimation for intelligent vehicles is
undeniable. It is the key technology ensuring safe driving, precise navigation,
improved driving efficiency, enhanced autonomous decision-making capabilities,
and adaptation to complex environments. As intelligent vehicle technology
continues to develop, state estimation will continue to play a central role in
advancing autonomous driving and ITS. By continuously improving the accuracy
and reliability of state estimation, we can look forward to a future with safer,
more efficient, and more comfortable travel methods.

1.3 State Estimation Problems of Vehicle-Road
Interaction System

According to the definition of vehicle-road interaction system, its key state esti-
mation mainly includes ego-vehicle state estimation, preceding vehicle state
estimation, and tire-road friction coefficient identification. Ego-vehicle state esti-
mation usually includes vehicle body dynamic state estimation and model
parameter identification. As shown in Fig. 1.2, some typical states include
longitudinal and lateral speeds, tire forces, tire cornering stiffness, sideslip angle,
the height of the center of gravity, vertical load, etc. Accurate state information
is essential for ADAS [13-15]. However, onboard sensors fail to directly obtain
this information. Therefore, estimating these vehicle states using only onboard
sensors is a hot topic of current research.

Apart from obtaining the ego vehicle state, ADAS usually needs to obtain the
state of the preceding vehicle. For example, the ACC system needs to get the pre-
ceding vehicle state to achieve better vehicle following. However, the preceding
vehicle’s state is usually difficult to measure directly via the in-vehicle sensors of
the ego vehicle [16]. Therefore, it is a common method to use in-vehicle sensors of
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Figure 1.2 The vehicle coordinate systems.

the host vehicle to obtain some motion information about the preceding vehicle
and combine it with a complex vehicle model to estimate the preceding vehicle
state. In the vehicle-road interaction system, in addition to obtaining the vehi-
cle state, we also need to get the TRFC. Studies have shown that traffic accidents
are more likely to occur on roads with low friction coefficients. The magnitude
of the longitudinal and lateral tire forces is related to the TRFC. Hence, the TRFC
can indirectly affect vehicle stability [17]. However, the TRFC cannot be measured
directly by onboard sensors. Thus, some estimation methods need to be utilized to
solve the problem. As can be seen from the above description, the use of estima-
tion methods to obtain the state of a vehicle-road interaction system is an effective
solution due to factors such as sensor configuration and cost. The current related
studies, despite the fruitful results, still have the following problems:

1) In terms of vehicle state estimation, existing studies rarely consider the impact
of mass changes on the accuracy of vehicle models. This oversight is significant
because the accuracy of estimating critical variables, such as the sideslip angle,
is highly dependent on the precision of the vehicle model. Perturbations caused
by vehicle mass variation must be accounted for during the estimation process
to ensure accurate results. Changes in vehicle mass can occur due to various
factors, such as passenger load, cargo, or fuel consumption, and these changes
can significantly affect the dynamics of the vehicle. The sideslip angle and tire
cornering stiffness are particularly sensitive to mass variations. As the vehicle’s
mass changes, the distribution of forces on the tires and the overall handling
characteristics of the vehicle are altered. This, in turn, impacts the sideslip
angle, which is a crucial parameter for maintaining lateral stability. Accurate
estimation of the sideslip angle is essential for the effective functioning of sta-
bility control systems and other ADAS. Therefore, incorporating the effects of
mass variation into the vehicle model is necessary for precise state estimation.
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Additionally, the process noise of the vehicle system is often treated as a con-
stant when estimating the vehicle state. However, due to the nonlinearity of the
vehicle system and the complexity of the driving environment, the time-varying
vehicle dynamics cause the estimated process noise to exhibit dynamic char-
acteristics. The assumption of constant process noise can lead to inaccuracies
in state estimation, particularly in scenarios involving rapid changes in driving
conditions, such as sharp turns, sudden accelerations, or varying road surfaces.
It is crucial to consider the dynamic nature of process noise and its impact on
state estimation accuracy.

In practical applications, sensor data loss is a common phenomenon that further
complicates vehicle state estimation. Most existing research focuses on the effect of
sensor measurement noise on estimation accuracy, rarely considering the impact
of sensor data loss. Sensor data loss can occur due to communication issues, hard-
ware malfunctions, or environmental factors. When sensor data is lost, the state
estimation algorithms must rely on incomplete information, leading to potential
inaccuracies. Effective state estimation must account for the possibility of data
loss and implement strategies to mitigate its impact. Furthermore, the noise from
sensors is not always Gaussian white noise; it can also be colored noise. In real
road driving scenarios, the type of noise from sensors is uncertain and can vary
depending on the environment and sensor conditions. Gaussian white noise is a
common assumption in many state estimation algorithms because of its simplicity
and mathematical convenience. However, this assumption does not always hold
true in real-world conditions. Colored noise, which has a correlation structure, can
arise from various sources such as road texture, weather conditions, or electromag-
netic interference. Ignoring the presence of colored noise can lead to significant
errors in state estimation. The multifactorial nature of vehicle state estimation,
involving mass variations, dynamic process noise, sensor data loss, and the pres-
ence of colored noise, makes it a challenging problem. Addressing these factors
requires the development of robust and adaptive state estimation algorithms that
can handle the uncertainties and complexities of real-world driving scenarios. For
instance, advanced filtering techniques such as adaptive Kalman filters or particle
filters can be employed to better account for dynamic process noise and sensor data
loss. These filters can adjust their parameters in real time based on the observed
data, improving the accuracy of state estimation. In conclusion, accurate vehicle
state estimation is critical for the safe and efficient operation of intelligent vehicles.
To achieve this, it is necessary to consider the influence of changes in vehicle mass,
dynamic process noise, sensor data loss, and the presence of colored noise.

2) In terms of the prediction of the motion state of the preceding vehicle, the use
of V2V communication for state prediction can effectively avoid the problem
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that the in-vehicle sensor is disturbed by the environment and causes the esti-
mation accuracy to decrease. Existing studies estimating the longitudinal and
lateral states of the preceding vehicle require a combination of two different
models and assume that they are uncorrelated. In addition, estimating the
state of the preceding vehicle based on V2V communication is currently a
time-triggered prediction method, which lacks an effective mechanism to
achieve a balance between communication rate and estimation accuracy. This
information transmission mechanism makes the vehicle regularly broadcast
its movement information regardless of whether other vehicles need the
data, which will inevitably occupy too much bandwidth. In addition, wireless
communication usually has the problem of data packet loss. Data loss can
occur for a variety of reasons, such as cyberattacks. Once some key sensor
data is lost, it will inevitably affect the estimation accuracy of the vehicle
state. Furthermore, unknown system dynamics usually have a direct impact
on system state estimation and control. Therefore, the model parameters of
the vehicle, such as the vehicle mass, can directly affect the accuracy of the
model and consequently reduce the estimation performance of the vehicle
state. Although many research efforts are devoted to the state estimation
of connected vehicles, these studies seldom consider the effect of model
parameters perturbation and packet loss simultaneously.

In terms of predicting the motion state of preceding vehicles, leveraging V2V
communication for state prediction can effectively mitigate issues arising
from in-vehicle sensor disturbances due to environmental factors, thereby
preserving estimation accuracy. Current research focusing on estimating
the longitudinal and lateral states of preceding vehicles typically involves
combining two different models and assuming their independence. However,
estimating the state of preceding vehicles using V2V communication cur-
rently relies on a time-triggered prediction method, which lacks an efficient
mechanism to balance communication frequency and estimation precision.
This transmission mechanism mandates vehicles to regularly broadcast
their movement data, irrespective of whether other vehicles require this
information, potentially monopolizing bandwidth resources unnecessarily.
Furthermore, wireless communication commonly encounters challenges like
data packet loss, stemming from causes such as cyberattacks. Loss of critical
sensor data inevitably undermines the accuracy of vehicle state estimation.
Moreover, unknown system dynamics significantly impact state estimation and
control. Vehicle model parameters, such as mass, play a pivotal role in model
accuracy and consequently influence vehicle state estimation performance.

Despite extensive research efforts devoted to connected vehicle state estimation,

studies seldom address the concurrent effects of model parameter perturba-
tions and packet loss. Addressing these challenges necessitates innovative
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approaches in vehicle state estimation methodologies. Enhanced utilization
of V2V communication can mitigate reliance on potentially compromised
in-vehicle sensors, ensuring more reliable estimation results. However, current
methodologies rely on time-triggered transmission, lacking adaptive mechanisms
to optimize communication rates based on real-time needs, which can lead to
inefficient bandwidth usage. Additionally, managing data packet loss in wireless
communication is crucial. Implementing robust error correction and redundancy
techniques can help mitigate the impact of packet loss on state estimation
accuracy. Furthermore, considering the influence of unknown system dynamics
on model parameters is essential. Incorporating adaptive modeling techniques
that account for parameter variations, such as vehicle mass, can improve the
robustness and accuracy of state estimation algorithms. Despite advancements in
connected vehicle technologies, the integrated consideration of model parameter
uncertainties and communication challenges remains underexplored in state
estimation research.

In the realm of TRFC identification, significant strides have been made
in improving estimation techniques. However, the impact of parameter per-
turbations on estimation accuracy remains largely overlooked. For instance,
inaccuracies in vehicle mass parameters can lead to deviations in estimated axle
forces, subsequently affecting the precision of TRFC estimation. These deviations
arise because variations in vehicle mass alter the distribution of forces on tires,
influencing their frictional interaction with the road surface. Many hybrid
estimation methods enhance TRFC estimation accuracy through weighted fusion
of results from multiple models. Yet, a common limitation is that each model
updates its estimates based solely on its previous predictions, without adapting
to real-time conditions. This static approach can constrain accuracy in complex
driving scenarios where dynamics rapidly change. To address this, dynamic
adjustment of model weights based on current driving conditions is essential for
achieving optimal TRFC estimation performance.

Moreover, existing TRFC estimation approaches often overlook the impact
of missing sensor measurements on accuracy. Data loss from onboard sensors
is prevalent, resulting from various factors such as communication disruptions
or sensor malfunctions. The incomplete transmission of sensor signals to the
estimation system can lead to incomplete or unreliable data inputs, thereby com-
promising the accuracy of TRFC estimates. Furthermore, traditional model-based
methods typically assume precise knowledge of noise statistical characteristics
for optimal results. This assumption is often unrealistic in practical scenarios
where noise characteristics may vary or be inadequately understood. Data-driven
approaches offer promise but face challenges related to data collection, quality,
and the ability to generalize across diverse driving conditions. Both model-based
and data-driven approaches require real-time access to accurate sensor data
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to function effectively. Addressing data loss and developing noise-adaptive
algorithms are critical steps toward improving the robustness and applicability
of TRFC estimation methods. Adaptive algorithms can dynamically adjust to
fluctuations in sensor data quality and availability, thereby enhancing estimation
accuracy under real-world conditions. In conclusion, advancing TRFC estima-
tion methods requires addressing the complexities introduced by parameter
perturbations, adapting to dynamic driving conditions through flexible model
weighting, and mitigating the impact of sensor data loss with noise-adaptive
algorithms.

1.4 Overview and Organization of the Book

To address the above problems, this book gives the corresponding technical solu-
tions for ego-vehicle state estimation, the preceding vehicle state estimation, and
TRFC identification, and carries out simulation and real-vehicle verification. The
chapters are organized as follows.

In Chapter 2, the principles of the extended Kalman filter (EKF) are first intro-
duced, and an adaptive fault-tolerant EKF is established for vehicle state estima-
tion in cases of data loss. In Chapter 3, a fuzzy adaptive robust cubature Kalman
filter is established to improve the vehicle state estimation accuracy by consider-
ing the effects of uncertainties in model parameters and noise parameters. Fur-
thermore, in order to construct a vehicle state estimation method that adapts to
multiple noises, a fusion of physical and data-driven estimation methods is intro-
duced. In Chapter 4, a method for estimating the state of the preceding vehicle
under event triggering is established by utilizing the V2V communication tech-
nology, which can effectively deal with the impact of data loss on the estimation
accuracy and can effectively save communication resources at the same time. Fur-
thermore, while considering model parameter uncertainty and data loss effects,
a strong tracking event-triggered cubature Kalman filter is designed to enhance
estimation accuracy. In Chapter 5, the problem of TRFC under complex operating
conditions is investigated, and an interactive multi-model identification method is
designed to estimate the TRFC. Furthermore, a fault-tolerant estimation scheme
is established to realize the accurate estimation of TRFC considering the sensor
data loss problem. Finally, in order to improve the applicability of the estima-
tion method, such as multiple noise adaptation, a model-based learning method is
designed to estimate the TRFC. Summaries and recommendations are presented
in Chapter 6.
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2

Ego-vehicle State Estimation Considering Sensor Data Loss

2.1 Introduction

Certain vehicle state information crucial for active safety control in intelligent
vehicles cannot always be directly measured by in-vehicle sensors. To acquire
these critical data in real time, numerous advanced estimation algorithms have
been proposed. However, current research predominantly examines the influence
of sensor measurement noise on estimation accuracy, often overlooking the
significant impact of sensor data loss. In this chapter, we focus on developing and
evaluating extended Kalman filter (EKF) and adaptive fault-tolerant extended
Kalman filter (AFTEKF) algorithms designed to estimate vehicle states even
in scenarios where sensor data is partially lost. Unlike traditional approaches
that assume continuous and complete sensor data availability, the AFTEKF
is tailored to maintain accurate state estimation despite intermittent sensor
failures or data losses. The EKF is a well-established method used to estimate
the state of nonlinear dynamic systems based on noisy sensor measurements.
It linearizes the system model around the current state estimate and updates
predictions based on sensor inputs. However, it can be susceptible to inaccuracies
and divergences when faced with abrupt changes in sensor data availability.
In contrast, the AFTEKF extends traditional EKF capabilities by integrating
adaptive mechanisms that adjust estimation parameters in response to varying
levels of sensor data availability and quality. By dynamically adapting to sensor
failures or partial data losses, the AFTEKF algorithm aims to maintain robust
and accurate state estimation under challenging conditions.

Experimental validation of these algorithms under diverse operating conditions
is crucial to assess their effectiveness and reliability in real-world applications.
By subjecting the algorithms to scenarios involving partial sensor data loss, varying
environmental conditions, and different driving dynamics, we aim to demonstrate
their ability to provide reliable vehicle state estimates despite imperfect sensor
inputs. Through these experiments, we seek to validate the practical utility of the
State Estimation of Multi-Agent Vehicle-Road Interaction Systems, First Edition.
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AFTEKF in enhancing the active safety control capabilities of intelligent vehicles.
By bridging the gap between theoretical advancements and practical implementa-
tion challenges, this research contributes to the development of more resilient and
reliable vehicle state estimation technologies, paving the way for safer and more
efficient autonomous driving systems.

2.2 Related Works

In recent years, the field of vehicle dynamics has seen a proliferation of research
exploring various observer designs aimed at estimating critical parameters, such
as the sideslip angle. A state observer, also known as an estimator or observer,
is a crucial component in control systems engineering designed to estimate the
internal state variables of a dynamic system based on available input-output
measurements. Its primary function is to provide real-time estimates of the
system’s states that may not be directly measurable by sensors. This is achieved
through mathematical models, typically based on differential equations or trans-
fer functions, that describe the system dynamics and the relationship between
inputs, outputs, and states. State observers play a pivotal role in various applica-
tions, including aerospace, automotive, industrial control, and robotics, enabling
feedback control strategies even when direct state measurements are impractical
or expensive. Advanced observer designs, such as sliding mode observers (SMOs),
aim to minimize estimation errors, account for uncertainties, and improve
robustness against disturbances and noise, thereby enhancing the overall perfor-
mance and reliability of control systems. These observers encompass a spectrum
of methodologies, including linear, nonlinear, and sliding mode variants, each
contributing distinctively to advancing the accuracy and reliability of vehicle state
estimation. A state observer, which provides estimates of the internal state of a
system based on input and output measurements, is integral to achieving precise
estimations crucial for vehicle control and safety. Linear observers have been
extensively studied for their effectiveness in estimating sideslip angle. Stephant
et al. [1] proposed the application of the Luenberger observer tailored specifically
for sideslip angle estimation. Their approach demonstrated robust performance
in real-world vehicle tests, achieving high accuracy in sideslip angle estimation
under varying driving conditions. This method leverages input and output mea-
surements to predict the sideslip angle dynamics, highlighting its applicability
and reliability in practical scenarios. Furthermore, the H-infinity observer is a
sophisticated estimation technique used in control systems to accurately estimate
the states of a dynamic system while minimizing the effect of disturbances
and uncertainties. Unlike traditional observers, which aim to minimize error
based on a specific criterion (such as least squares or Kalman filtering (KF)),
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the H-infinity observer seeks to minimize the worst-case estimation error across
all possible disturbances within a specified frequency range. This robustness
criterion is achieved by formulating the observer design as an optimization
problem, where the objective is to maximize the attenuation of disturbances
while ensuring that the estimation error remains within acceptable bounds. The
H-infinity observer is particularly valuable in applications where uncertainties in
system parameters or external disturbances are significant and need to be actively
managed to ensure accurate state estimation and stable system performance. Its
theoretical foundation lies in optimal control theory and robust control, making
it a powerful tool for high-performance control systems in aerospace, automotive,
and industrial applications. Zhang et al. [2] explored the development of an
H-infinity observer to estimate sideslip angle using information from front wheel
angles. The H-infinity observer framework is known for its robustness against
disturbances and uncertainties, making it suitable for handling variations in
vehicle dynamics and road conditions. By integrating front wheel angle data into
the estimation process, this approach enhances the accuracy and responsiveness
of sideslip angle estimation, crucial for precise vehicle control and stability
management. Beyond sideslip angle estimation, the exploration of controller
output observers [3] has also proven beneficial, particularly in estimating tire
forces. These observers adaptively estimate tire forces by analyzing controller
outputs, accommodating uncertainties in model parameters and dynamics,
especially within linear operational regimes.

The introduction of nonlinear observers has been instrumental in addressing
the complexities inherent in the nonlinear dynamics of vehicles. Zhao et al.
[4] applied a nonlinear observer to estimate vehicle velocity, demonstrating its
effectiveness through comparative tests that highlighted its superiority over linear
counterparts [5]. Expanding on these findings, Grip et al. [6] further advanced
the field by developing a nonlinear observer tailored specifically for sideslip angle
estimation. Subsequently, a high-gain nonlinear observer was proposed for addi-
tional adaptability [7]. The application of nonlinear observers extended beyond
vehicle dynamics estimation. Hashemi et al. [8] utilized a nonlinear observer for
road bank identification, showcasing the versatility of such methodologies. This
broader application emphasizes the potential of nonlinear observers to address
various challenges within the domain of vehicle dynamics. In summary, the
integration of nonlinear observers signifies a noteworthy advancement in the
pursuit of more accurate and versatile estimation techniques. The work of Zhao
et al. and Grip et al. objectively illustrates the efficacy of nonlinear observers in
enhancing vehicle velocity and sideslip angle estimation, as well as their potential
application in broader aspects of vehicle dynamics, such as road bank identi-
fication. This pragmatic approach underscores the role of nonlinear observers
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in contributing to the ongoing refinement of methods for understanding and
estimating the intricate dynamics of vehicles.

As technology evolves, the integration of sophisticated filtering methods
continues to play a pivotal role in advancing the accuracy and reliability of vehicle
state estimation. These methods not only contribute to real-time monitoring and
control of vehicle dynamics but also address challenges posed by uncertainties,
nonlinearities, and practical limitations in obtaining precise vehicle models.
In the realm of observer-based methods for vehicle dynamics, the SMO has
risen to prominence as a preferred and efficient choice. An SMO is an advanced
estimation technique used in control systems to accurately estimate the states
of a dynamic system, especially in the presence of uncertainties, disturbances,
and nonlinearities. It operates by generating a sliding surface in the state space,
where the dynamics of the observer force the system state to slide along this
surface toward the true state trajectory. This approach ensures robustness against
model uncertainties and disturbances by actively driving the estimation error to
zero along the sliding surface. The design of an SMO involves choosing a sliding
surface and designing the observer dynamics to ensure robust convergence
and rejection of disturbances within a specified frequency range. SMOs find
applications in diverse fields such as robotics, automotive systems, aerospace,
and power systems, where accurate state estimation and robust performance
are critical. They are particularly valued for their ability to handle nonlinear-
ities and uncertainties that challenge traditional observers. Renowned for its
computational efficiency and resilience to parameter variations and modeling
uncertainties, the SMO has been widely applied to estimate critical parameters
such as vehicle speed, tire cornering stiffness, tire forces, and sideslip angle.
This methodological versatility has spurred the development of enhanced SMO
versions, including the second-order SMO [9], reduced-order SMO [10], and
higher-order SMO [11]. Each of these iterations contributes to the advancement
of refined vehicle state estimations, catering to the intricate dynamics of modern
vehicles. Beyond the SMO family, observers optimized using alternative tech-
niques have surfaced, broadening the spectrum of estimation methodologies.
Boada et al. [12], for example, proposed an observer based on an adaptive
neuro-fuzzy inference system. This specialized observer is meticulously tailored
for sideslip angle estimation, demonstrating the diversification of observer-based
methods. While observer-based methods showcase substantial potential, their
effectiveness relies on accurate vehicle models. Practical scenarios, however, often
present challenges in obtaining precise models, leading to potential shortcomings
in estimation accuracy. Recognizing these challenges, a more robust solution
emerges through model-based estimation methods designed to withstand model
mismatches.



2.2 Related Works

The realm of state estimation in vehicle dynamics has witnessed a paradigm
shift with the advent of KF and its advanced modifications, marking a transfor-
mative journey toward more accurate and robust estimation methodologies. KF is
arecursive mathematical technique used extensively in control systems and signal
processing for estimating the state of a dynamic system from a series of noisy mea-
surements. It operates by combining predictions from a mathematical model of the
system with real-time measurement data, optimizing the estimation by minimiz-
ing the mean squared error. KFs are particularly effective in environments where
measurements are prone to noise and uncertainty, providing optimal estimates of
the state variables even when the underlying system dynamics are nonlinear. They
have wide-ranging applications across fields such as navigation, autonomous sys-
tems, financial forecasting, and biomedical engineering, where accurate real-time
estimation of states or parameters is crucial for decision-making and control. The
KF’s adaptability to varying noise characteristics and its ability to handle uncertain
initial conditions make it a cornerstone in modern estimation theory and practi-
cal implementation in complex, real-world systems. These approaches are widely
acclaimed for their proficiency in obtaining minimum mean squared error esti-
mates, especially in the presence of Gaussian noise, and their resilience to model
mismatches. The extensive utilization of Kalman-based methods in the state esti-
mation of vehicle systems is a testament to their efficacy. The foundational work
of Venhovens et al. [13] in 1999 represents a milestone in the integration of KF
into vehicle state estimation. Their pioneering efforts laid the groundwork for
subsequent advancements that have significantly shaped the landscape of state
estimation techniques in vehicle dynamics. Subsequent research, such as the work
by Cho et al. [14], demonstrated the versatility of KF by employing a random-walk
KF for predicting tire forces. This application showcased the adaptability of KF
to diverse parameters, contributing to the refinement of tire force predictions. A
method in the realm of sideslip angle estimation was achieved by Zhang et al.
[15], who proposed a Kalman-based estimator specifically tailored for this critical
parameter. This tailored approach exemplifies the adaptability of Kalman-based
methods to address specific challenges within the intricate dynamics of vehicle
systems, showcasing their potential for targeted applications. To further enhance
estimation accuracy, multisensor fusion techniques rooted in KF have emerged
as instrumental tools for predicting vehicle states. These techniques incorporate
data from diverse sources, including Global Positioning System (GPS) [16, 17]
and grade inertial sensors [18]. The synergy of information from multiple sensors
contributes to a more comprehensive and accurate representation of the vehicle’s
state, enabling effective real-time monitoring and control.

However, the effectiveness of linear model-based methods, such as traditional
KF, predominantly prevails under linear working conditions. Challenges surface
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when vehicles transition into nonlinear working regions, where the inherent non-
linearities in the vehicle model and tires compromise the accuracy of traditional
KF, potentially leading to divergence. Recognizing this limitation, researchers
have delved into advanced techniques, among which the EKF stands out. The
EKF is an extension of the traditional KF, designed to handle nonlinear dynamics
in dynamic systems. It approximates the state estimation process by linearizing
the system model at each time step, using Taylor series expansion around the
current estimated state and input values. This allows the EKF to propagate mean
and covariance estimates of the state through nonlinear functions. Despite its
linearization approach, the EKF can effectively estimate the state variables of sys-
tems where the process and measurement models are nonlinear. It has widespread
applications in fields such as robotics, aerospace engineering, and econometrics,
where nonlinearities are common and accurate state estimation is critical for
decision-making and control purposes. The EKF’s computational efficiency and
relative simplicity compared to more complex nonlinear filters make it a popular
choice for practical implementations requiring real-time estimation in dynamic
and uncertain environments. Wenzel et al. [19] spearheaded the exploration of
EKF for simultaneous vehicle state and model parameter estimation, offering a
more robust solution to the challenges posed by nonlinear dynamics. Recognizing
the pivotal role of tire forces in ensuring vehicle stability [20], Baffet et al. [21]
leveraged EKF to predict sideslip angle and tire forces, accounting for variations in
tire-road friction coefficient. This nuanced consideration of tire-road interaction
dynamics contributes to a more accurate representation of the vehicle’s state.
Moreover, a dual EKF estimation method, as employed by researchers [22], adds
a layer of comprehensiveness to vehicle state estimation. In this approach, one
EKEF is dedicated to estimating the overall vehicle state, while another integrates
the Highway Safety Research Institute tire model to estimate tire-road friction
using EKF. The real-time communication between these two EKFs enhances
estimation accuracy, underscoring the potential of advanced filtering techniques
in addressing the challenges posed by nonlinear working conditions and model
uncertainties.

To augment the versatility of the estimation algorithm, a combined approach
of the interacting multiple model and EKF (IMM-EKF) has been employed for
predicting vehicle states [23]. The IMM-EKF improves state estimation in systems
with varying dynamics. It maintains multiple modes or models representing
different possible behaviors of the system and dynamically switches between
them based on observed data. Each model has its own EKF, which processes mea-
surements independently, and a mixing algorithm integrates their estimates to
produce a final state estimation. This approach enhances robustness by adapting
to changes in system behavior and uncertainty, making it suitable for applications
such as tracking maneuvering targets, navigation in complex environments, and
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autonomous systems where the dynamics are not fully known or may change over
time. Furthermore, the exploration of various vehicle dynamics models has been
pivotal in refining sideslip angle estimation using EKF. Notable models include
the single-track vehicle model [24-30], the seven-degree-of-freedom (DOF)
model [31], the four-DOF model [32], the eight-DOF model [33], and others, each
contributing to a nuanced understanding of vehicle dynamics. Recognizing the
need for improved noise adaptivity in EKF, a fuzzy EKF has been introduced to
enhance the accuracy of vehicle state estimation [34]. Moreover, the dynamic
nature of vehicle inertial parameters during driving introduces complexities. To
mitigate the impact of model parameter perturbations on estimation performance,
the extended H-infinity KF (H-inf KF) has been specifically designed [35]. The
utilization of IMM-EKF showcases a commitment to adaptability, offering a
dynamic approach to predicting vehicle states. Furthermore, the incorporation of
diverse vehicle dynamics models reveals a comprehensive exploration of sideslip
angle estimation methodologies, contributing to a deeper understanding of the
intricacies of vehicle behavior. The introduction of a fuzzy EKF not only refines
noise adaptivity but also highlights the role of advanced filtering techniques
in overcoming challenges inherent in real-world scenarios. Additionally, the
introduction of the Extended H-inf KF demonstrates a forward-looking approach
to addressing challenges associated with changing inertial parameters during
driving. These advancements collectively underscore the ongoing efforts to refine
and expand the applicability of EKF-based methods in the dynamic field of
vehicle state estimation.

2.3 State Estimation Based on EKF

The EKF stands as a prominent recursive estimation algorithm, originally
developed as an extension of the classic KF. It has become a cornerstone in state
estimation applications, particularly in dynamic systems characterized by non-
linear dynamics and uncertainties. The choice of EKF for vehicle state estimation
is driven by its adaptability to nonlinear systems, a characteristic well-suited for
capturing the complexities of vehicle dynamics. Traditional linear models often
fall short of accurately representing the intricate relationships between vehicle
state variables, especially in scenarios involving significant nonlinearity.

2.3.1 Preliminary Knowledge

Wiener filtering, a classical method, operates in the frequency domain and is
suitable for processing single-channel, stationary random signals. However,
its applicability is limited to scenarios with stored historical data, making it
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challenging to extend to nonstationary and multidimensional situations, render-
ing it less practical in engineering applications. In response to these limitations,
experts and scholars sought a method to directly design optimal filters in the time
domain, leading to the emergence of KF. In the 1960s, Hungarian mathematician
Rudolf Emil Kalman introduced the classical KF method [36]. This method
employs state-space equations to describe the input-output relationship of a
system. By utilizing the system’s state and observation equations along with noise
excitation, and through statistical characteristics and recursive algorithms, KF
significantly reduces the storage requirements for data. Since the information
used is temporal variables, KF is not only applicable to one-dimensional and
stationary random processes but also extends to multi-dimensional and non-
stationary random processes. As described earlier, KF is a recursive algorithm
that utilizes the system’s state and observation equations and noise excitation for
estimation. Therefore, before using the KF reasonably, knowledge of three fun-
damental characteristics of the estimated system is required: the state equation,
observation equation, and noise characteristics (generally including state and
observation noise characteristics). Classical KF is limited to linear systems. Taking
the example of a vehicle traveling on a road, a discrete state system is introduced.
The simple state of the vehicle can be represented by the body position and
vehicle speed. Assuming the body position at time, k is represented by p,, the
vehicle speed at time k is represented by v, and the vehicle acceleration at time
k is represented by a,, and the state vector is represented by x. For a vehicle
moving linearly on the road, the position and speed of the vehicle at time k can
be expressed as

- T
Pe = P TV + 3 a4y 2.1)
Ve = Ve + Toa

where p, _, represents the body’s position at time k — 1, T, is the sampling time
of the discrete system, v, _; represents the vehicle’s speed at time k—1, and q;_,
represents the vehicle’s acceleration at time k — 1. From Eq. (2.1), it can be seen
that the current body position and vehicle speed at time k are linear combinations
of the position and speed at time k — 1, represented in matrix form as

L
[I‘Z] B [(1) 7;0] [Is,f_j - szO] Tk-1 (2.2)

Then the state equation of the estimated system can be expressed as

X = Axy_, +Buy_, (2.3)

X, = [p k] (2.4)
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Assuming that the state transition matrix and control matrix are represented by A
and B, respectively, then

1T

A= [O 10] 25)
TZ

B= 70 (2.6)
Ty

In the equations, x, and x;_,, respectively, represent the state variables of the target
state equation at time k and k — 1. u;, _ ; represents the vector composed of external
control variables at time k — 1, that is, the control vector. Thus, we have obtained
the first fundamental characteristic equation of the estimated system, namely the
state equation.

As an observer, assuming that only an observation device capable of observing
the vehicle displacement is currently provided, the observed variable z; at time k
can be represented as

3k = Pk 2.7

Then, the observation equation of the estimated system at time k can be
expressed as

Z = ka (2.8)

It can be expressed as in matrix form

2 =110] [pk] 29
Vi

Assuming z represents the observation vector and H represents the observation

matrix, it is known that

H=[10] (2.10)

Thus, another basic characteristic equation of the estimated system can be
obtained, namely the observation equation.

However, due to the absence of “perfect” sensors and “perfect” models, the data
obtained through sensors often contain some noise, defined as observation noise
v. Process noise @ is used to represent the model’s inaccuracy resulting from model
simplification and external disturbances. Generally, the process noise and observa-
tion noise in the system model satisfy the Gaussian white noise characteristics with
mean 0 and covariance matrices Q and R respectively, and are uncorrelated. There-
fore, the state equation and observation equation of the system can be expressed as:

{xk = Axk_l + Buk_l + (ok—l

2.11
zZ, = Hx, + v 211
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In the classical KF algorithm, state estimation refers to the calculation of the
optimal quantity for a research object with a known mathematical model within a
specified period based on the current measurement value, the previous predicted
value, and the prediction error. It mainly includes two parts: time update and
measurement update.

Time Update:
State Prediction Equation:

X, = Ax_ +Bu,_, (2.12)
State Covariance Prediction Equation:
P, =AP, AT +Q (2.13)

Measurement Update:
Gain Matrix:

K, = P HT(HP,H" +R)' (2.14)
Filter Equation:

X =% + Ky (7, — HX) (2.15)
Error Covariance Update Equation:

P, =U-KHP, (2.16)

Equations (2.12) to (2.16) form the foundation of the KF algorithm and are the core
of KF theory. Here, X, represents the priori estimate vectors at time k. X;, represents
the posterior estimate vectors at time k, 13,:, and f’k, respectively, represent the
prior and posterior estimate covariance matrices at time k. K, is the Kalman gain
matrix at time k, z, represents the observation vector at time k, H is the observation
matrix, and I is the identity matrix.

2.3.2 Vehicle Model and Problem Statement

To estimate vehicle state, the single-track model (see Fig. 2.1) is employed. The
single-track model, also known as the bicycle model, simplifies vehicle dynamics
by representing a four-wheeled vehicle as having characteristics akin to a bicycle,
with a focus on lateral and yaw dynamics. It assumes a fixed wheelbase, no tire
slip, and a point mass at the vehicle’s center, making it a practical tool for study-
ing steering control, stability analysis, path planning, and performance evaluation
in automotive engineering and autonomous vehicle development. Despite its sim-
plicity, the model provides valuable insights into vehicle behavior under various
conditions, contributing to the design and optimization of vehicle control systems
and enhancing the overall understanding of vehicle dynamics. It is important to
note that the choice of model depends on the needs of the research problem, and



2.3 State Estimation Based on EKF

AY
1:/—\
E, Y
- Er ﬂ
Vs
b a N
L

Figure 2.1 The single-track model.

the authors need to choose different vehicle models depending on the different
vehicle states.
B a’ky +b’k,  ak;—bk,  ak;
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ak; —bk, k. +k, k

a, = f re L Tp_Trs (2.20)

my m

X
where f, r, and 6 are sideslip angle, yaw rate, and front wheel angle; a and b are
the distances from the center of gravity to the front and rear axles; L is the wheel-
base; kf and k, are cornering stiffnesses of the front axle and the rear axle; I, is
the moment of inertia along with the Z axis; v, a,, a,, and m are vehicle speed,
longitudinal acceleration, lateral acceleration, and vehicle mass; and F, and F,
represent the longitudinal and lateral tire forces, respectively.

Equations (2.17) to (2.20) need to be rewritten as a state space model to estimate
the vehicle state using discrete measurement signals.

{Xk =fXmy) t o, (2.21)
Vi = hX, up) + v

Xy = [Fys ﬂk’vx,k]T Vi = [ay,k]T u= [5k’ax,k]T

Some parameters in Eq. (2.21) are given in Table 2.1.

2.3.3 Methodology

This section describes the use of EKF for real-time and accurate estimation of vehi-
cle states based on a nonlinear vehicle model in combination with conventional
onboard sensors. The design of the scheme is illustrated in Fig. 2.2. The onboard
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Table 2.1 Parameters of Eq. (2.21).

Symbol Quantity

y Measurement vector

® Process noise

v Measurement noise

b4 State vector

h(+) Output function

u Input vector

§iO) State transition function

Q Covariance matrix of the process noise

R Covariance matrix of the measurement noise
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Figure 2.2 The estimation framework using EKF.

sensors provide acceleration and angular signals to the algorithm, and the vehicle
dynamic model supplies the calculation equations for state prediction. Addition-
ally, some inertial parameters of the vehicle are assumed to be known and input
to the algorithm module. The subsequent iterations of the EKF algorithm are then
carried out to accomplish the estimation of the vehicle state.
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The core concept of the EKF algorithm revolves around approximating the non-
linear functions that describe the state equation and observation equation of a
general nonlinear system model. This approximation is crucial for making the sys-
tem amenable to the KF process, which traditionally applies to linear systems. The
EKF achieves this approximation by employing a first-order Taylor series expan-
sion around its reference point, neglecting higher-order terms beyond the first
order. By linearizing the system dynamics and observation functions using this
approach, the EKF effectively transforms the nonlinear system into a linear one
for the purpose of filtering and state estimation. This transformation simplifies the
computation involved in predicting the state of the system based on noisy sensor
measurements and updates. The process starts with initializing the system state
and covariance matrix at a known reference point. As new sensor measurements
become available, the EKF predicts the next state of the system using the linearized
state transition model and then adjusts this prediction based on the observed mea-
surements. The filter iteratively refines its estimates of the system state and its
uncertainty, incorporating new measurements while maintaining an optimal bal-
ance between prediction and observation. The key advantage of the EKF lies in
its ability to handle nonlinearities in system dynamics and observation functions
without requiring a complete transformation into a linear model. This makes it
suitable for a wide range of nonlinear systems encountered in practical applica-
tions, such as robotics, aerospace, and autonomous vehicles. By approximating the
nonlinear relationships with linear ones locally around the current state estimate,
the EKF provides robust and computationally efficient state estimation, essential
for real-time applications where rapid decision-making is critical.

Considering the nonlinear equation (2.21), during the iteration loop of the EKF,
it is necessary to solve the Jacobian matrix to obtain the equivalent of matrices A
and B in the classical KF.

KL TR i
ox; ox, T ox,
of %9 % X
Apgp = — = 0x;  ox, 0x, (2.22)
ox -
S Fu S
ox, ox, 7 ox,
o oh ok
ox; ox, T ox,
" oh, oh, oh,
a T T . T
Hpgp=— = 0x;  0x, 0x, (2.23)
ox HE S
o oh oy
ox; ox, T ox,

The iterative process of the EKF for vehicle state estimation is illustrated in Fig. 2.3,
and the specific steps are as follows:
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Figure 2.3 The overall iteration of the EKF.

Initialization:
Given the initial value of the state X, and the initial value of the covariance P,

Time Update:
State Prediction Equation:

X =fx_,mey) (2.24)
State Covariance Prediction Equation:

P = AP AL +Q (2.25)

Measurement Update:
Gain Matrix:

Ky = PoHY s (HyoP HY  + R) (2.26)
Filter Equation:

Error Covariance Update Equation:
Py = (I - KyHpgp) Py, (2.28)

The overall iteration block diagram is as follows:

The EKF begins with an initial estimate of the state vector and its associated
covariance. This initial guess provides the starting point for the recursive estima-
tion process. In the prediction step, the current state and covariance are projected
forward in time based on the vehicle dynamics model. This involves applying
the nonlinear motion model to estimate the expected state at the next time step.
The core of the EKF lies in its ability to fuse predictions with real measurements.
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In the measurement update step, in-vehicle sensor measurements are incor-
porated, adjusting the predicted state based on the innovation covariance and
accounting for measurement noise characteristics. The update involves calculat-
ing the Kalman gain, which determines the weight given to the prediction and
measurement information. The EKF cycle is repeated iteratively, continuously
updating the state estimate as new sensor measurements become available. This
recursive process ensures that the estimate evolves over time, providing a refined
and accurate representation of the vehicle state.

2.3.4 Simulation Tests

To validate the effectiveness of the EKF, virtual simulations were conducted using
a sophisticated testing setup. The chosen test scenario involved executing a double
lane change (DLC) maneuver under typical operating conditions, providing a
realistic and challenging environment to assess the algorithm’s performance.
The simulations aimed to evaluate the EKF’s ability to predict critical vehicle
dynamics parameters such as longitudinal velocity, yaw rate, and sideslip angle.
For the test, specific inputs were fed into the estimation algorithms, including
the front wheel angle and longitudinal acceleration. These inputs were essential
for the EKF to generate predictions of the aforementioned vehicle dynamics
parameters. The accuracy of these predictions was then meticulously compared
with reference values derived from a highly detailed vehicle model within the
CarSim software, which is known for its precise and reliable vehicle dynamics
simulation capabilities. The entire simulation testing was executed using MAT-
LAB R2021b in conjunction with CarSim 2016, running on a robust computing
platform featuring an AMD Ryzen 7 5800HS CPU. This hardware setup ensured
that the simulations could be conducted efficiently and effectively, providing a
solid foundation for accurate and high-resolution data processing. The sampling
time for the simulations was set at 0.01 seconds, enabling fine-grained temporal
resolution and ensuring that the dynamic responses of the vehicle could be
captured and analyzed with high precision.

2.3.4.1 The Test on the Asphalt Road

To establish a realistic simulation environment, the vehicle’s initial speed is config-
ured at 70 km/h, ensuring that the test conditions closely mimic typical real-world
driving scenarios. It is assumed that we possess prior knowledge of the statistical
properties of process noise and its covariance, as well as the statistical character-
istics of observation noise. This information is crucial for the accurate implemen-
tation of the EKF algorithm, as it relies on these statistical properties to refine its
estimations. The dynamic changes in lateral acceleration and front wheel steer-
ing angle are meticulously depicted in Figs. 2.4 and 2.5. These figures provide a
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Figure 2.4 The front wheel angle on the asphalt road.
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Figure 2.5 The lateral acceleration on the asphalt road.

comprehensive representation of the simulation scenarios, capturing the nuanced
interactions between vehicle dynamics and control inputs. In the simulation, the
vehicle undertakes a steering maneuver to execute a lane change, a common but
critical driving task that tests the vehicle’s stability and the EKF’s estimation accu-
racy. During the lane change maneuver, the changes in lateral acceleration are
synchronized with adjustments in the front wheel steering angle. This alignment
between lateral acceleration and steering inputs is essential for the realistic sim-
ulation of vehicle dynamics, as it mirrors the real-time response of the vehicle to
driver commands. Additionally, to further enhance the realism of the simulation,
noise is introduced into the lateral acceleration curve. This noise simulates the
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Figure 2.6 The yaw rate on the asphalt road.

measurement noise that is typically encountered in real-world sensor data, pro-
viding a more rigorous test of the EKF’s noise-handling capabilities.

As shown in Fig. 2.6, the estimation results of the yaw rate using the EKF are
presented. In the figure, the red solid line represents the reference values output by
the CarSim software, while the blue dotted line corresponds to the EKF estimation
results. From this comparison, it is evident that the EKF estimation closely tracks
the trend of the reference values, capturing the dynamic behavior of the yaw rate
with remarkable accuracy. Notably, the estimated values exhibit a slight increase at
the inflection points, reflecting the algorithm’s responsiveness to changes in vehi-
cle dynamics. Figure 2.7 illustrates the estimation results for the sideslip angle,
with the color coding of the curves consistent with that of Fig. 2.6. The sideslip
angle estimation curve generated by the EKF closely aligns with the reference val-
ues from CarSim, indicating that the EKF performs effectively in estimating this
critical parameter. The proximity of the estimation curve to the reference values
demonstrates the EKF’s capability to accurately capture the lateral dynamics of the
vehicle, essential for ensuring vehicle stability and safety during maneuvers. In
Fig. 2.8, the estimation results for the longitudinal velocity are depicted. Initially,
the estimation curve aligns very well with the reference values, demonstrating the
EKF’s strong performance in predicting the vehicle’s forward motion. Over time,
there is a slight divergence, but the estimation deviation remains within accept-
able limits, with a maximum error of no more than 0.3 m/s. This minor deviation
indicates that while the EKF maintains high accuracy throughout most of the sim-
ulation, there are some challenges in perfectly tracking the longitudinal velocity
over extended periods or under varying conditions. Nevertheless, the overall esti-
mation error is minimal and deemed acceptable for practical applications.
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Figure 2.7 The sideslip angle on the asphalt road.
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Figure 2.8 The longitudinal velocity on the asphalt road.

2.3.4.2 The Test on the Ice Road

In this simulation scenario, the tire-road friction coefficient is set at 0.2, and the
vehicle’s initial speed is configured at 30 km/h to create a realistic and controlled
test environment. It is also assumed that there is prior knowledge of the statis-
tical properties of both process noise and observation noise, which is crucial for
the accurate implementation and performance of the EKF. Figures 2.9 and 2.10
illustrate the dynamic changes in lateral acceleration and front wheel steering
angle, respectively. These figures provide a comprehensive visual representation
of the vehicle’s behavior during the simulation. In this scenario, the vehicle exe-
cutes a steering maneuver to perform a lane change. This maneuver involves a
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Figure 2.10 The lateral acceleration on the ice road.

series of coordinated adjustments in the front wheel steering angle, which in turn
affect the lateral acceleration of the vehicle. To further enhance the realism of the
simulation and to test the robustness of the EKF, irregularities are intentionally
introduced into the lateral acceleration curve. These irregularities simulate mea-
surement noise, reflecting the real-world imperfections and variability that are
typically encountered in sensor data. By incorporating this simulated measure-
ment noise, the study aims to evaluate the EKF’s performance in conditions that
closely mimic actual driving scenarios, where sensor data is often noisy and subject
to fluctuations.
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As illustrated in Fig. 2.11, the EKF-based estimation results for the yaw rate
are presented. The red solid line represents the reference value output by Car-
Sim, while the blue dotted line signifies the EKF estimation result. Examining
Fig. 2.11 reveals a close alignment between the estimated curve and the reference
curve, particularly evident in the larger estimated value at the inflection point.
Figure 2.12 displays the estimation outcomes for the sideslip angle, with the
color-coded curves holding the same significance as in Fig. 2.11. Notably, the
estimation curves for the sideslip angle closely approximate the reference values.
Moving on to Fig. 2.13, which portrays the estimation results for longitudinal
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Figure 2.11 The yaw rate on the ice road.
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Figure 2.12 The sideslip angle on the ice road.



2.4 AFTEKEF for Estimating Vehicle State with Data Loss
31 T T
— Reference value

< —--- EKF
s 30.5F R
<
2
S
k) 30 = = 3
(0] ~———
>
<@
Q
5
L 295} .

29 L L

0 5 10 15
Time (s)

Figure 2.13 The longitudinal velocity on the ice road.

velocity, initial fitting is observed with a gradual tendency to diverge. However,
the maximum estimation deviation remains below 0.15 m/s, rendering the overall
estimation error acceptable.

2.4 AFTEKF for Estimating Vehicle State
with Data Loss

Many existing research papers predominantly concentrate on exploring the influ-
ence of sensor measurement noise on estimation accuracy, often neglecting the
equally significant impact of sensor data loss. In practical scenarios, sensor data
loss is a pervasive occurrence that warrants careful consideration. As highlighted
in [37], the data received from sensors may not always be accurate, often con-
taining corrupted signals stemming from sensor malfunctions. In response to this
challenge, several scholars have undertaken meaningful research endeavors. For
instance, certain studies [38, 39] assumed a binary state for the sensor—either it
operates correctly or fails. These studies employed the Bernoulli distribution to
model and analyze missing measurements caused by sensor failures. However,
it’s essential to acknowledge that the probability of experiencing a complete loss
of sensor data is minimal. More commonly, partial data loss occurs, which intro-
duces an added layer of complexity to the estimation process. It is noteworthy that
the field of state estimation for nonlinear systems has been extensively explored
over the years. However, there is a discernible gap in the literature, as only a lim-
ited number of papers [40, 41] have delved into the challenges of state estimation
in the presence of partial missing measurements.
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To the best of the authors’ knowledge, the specific intricacies and challenges
of vehicle state estimation in the context of partial missing measurements have
yet to be thoroughly investigated. This represents a significant research gap and
an opportunity for further exploration and understanding within the realm of
sensor-based estimation techniques. Additionally, it is essential to acknowledge
that the EKF algorithm exhibits suboptimal performance when confronted with
model parameter perturbations and abrupt changes in the system state [42]. Con-
sequently, the vehicle state estimates derived from the EKF algorithm in specific
driving conditions may manifest reduced accuracy. The literature, as documented
in [43], has illuminated a viable solution to this challenge by integrating the EKF
with a fading factor based on orthogonal theory. The integration of the EKF with
a fading factor, rooted in orthogonal theory, has proven to be a robust strategy
for mitigating the limitations associated with model parameter perturbations and
sudden variations in system states. This innovative approach has found successful
applications across diverse domains, including navigation [44] and vehicle state
estimation [45]. The noteworthy success stories documented in these applications
underscore the efficacy of incorporating a fading factor into the estimation
process. Furthermore, the successful applications of this integrated approach in
navigation and vehicle state estimation highlight its versatility and efficacy across
diverse domains. The orthogonal theory-based fading factor serves as a dynamic
adjustment mechanism, ensuring that the estimation algorithm remains robust
and responsive in the face of evolving conditions.

Inspired by the insights gleaned from the preceding discussion, a solution has
been introduced to address the challenges posed by the diminishing accuracy of
estimations resulting from sensor data loss. This new approach is a fault-tolerant
EKF (FTEKF). The FTEKF strategically incorporates a discrete distribution within
the interval [0,1], serving as a method to present the stochastic nature of sen-
sor data loss. Furthermore, the AFTEKF emerges as an evolution of the FTEKF,
designed to bolster its resilience against not only sensor data loss but also the
intricate dynamics of parameter perturbations and state mutations. At the core
of this augmentation lies the integration of a fading factor, a dynamic mechanism
from the orthogonal theory. This dynamic component imbues the AFTEKF with
a heightened adaptability to the evolving conditions.

2.4.1 Vehicle Model and Problem Statement

As illustrated in Fig. 2.14, a comprehensive approach to vehicle state estimation
is undertaken by leveraging a sophisticated four-wheel vehicle model, intri-
cately coupled with the highly regarded Magic Formula (MF) tire model [46].
The four-wheel vehicle model offers a holistic representation of the vehicle’s
dynamics, encompassing key parameters that play a pivotal role in determining
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Figure 2.14 The four-wheel vehicle model.

its state. Complemented by the MF tire model, renowned for its precision in
capturing tire-road interactions, this integrated model elevates the fidelity of
the vehicle state estimation, ensuring a nuanced understanding of the complex
dynamics governing vehicular motion. The four-wheel vehicle model is a com-
prehensive representation used in vehicle dynamics to simulate the movement
and behavior of automobiles under various driving conditions. Unlike simpler
models, it incorporates the dynamics of all four wheels individually, accounting
for their interactions with the road surface and vehicle mass distribution. This
model enables detailed analysis of longitudinal and lateral motions, making it
essential for designing and optimizing vehicle handling, stability control systems,
and performance characteristics such as acceleration, braking, and cornering
capabilities in both conventional and autonomous vehicles. The model provides a
detailed representation of vehicle dynamics, capturing real-world behaviors more
accurately than simpler models. It accommodates various vehicle types, from
passenger cars to commercial vehicles, allowing engineers to tailor simulations
to specific design requirements. By examining the interactions between all four
wheels and the road, the model offers deeper insights into factors influencing
vehicle performance and safety. It serves as a foundation for developing advanced
stability control, traction control, and autonomous driving algorithms by predict-
ing vehicle responses to control inputs and external disturbances. In summary,
the four-wheel vehicle model stands as a cornerstone in automotive engineering,
enabling detailed analysis and optimization of vehicle dynamics across a wide
range of operational scenarios. Its ability to simulate complex interactions
between wheels, tires, and vehicle dynamics parameters contributes significantly
to advancing vehicle performance, safety, and overall driving experience in
modern automotive design and development.
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The four-wheel vehicle model is expressed as follows

5 o1 (I:“xg, + Fxgr) cos(f — 8) + (F’ihl + F{hr) cos f ] (2.29)
"M |+(Fyy + Fyp)sin(f = 8) + (Fyy, + Fyy,) sin
P (Fyg, + Fyg,) cos(f — &) + (F)ihl + FyAh,) cosp | (230)
My, —(qul + qur) sin(f — 6) — (Fyy; + Fyy,,)sin g
a, = [(Fyy + Fyg)siné + (Fyp + Fyp) cos 6 + Fypy + Fp 1 /M (2.31)

where the essential parameters are listed in Table 2.2.

The MF model is semi-empirical and provides more accurate information than
other tire models such as those developed by Burckhardt [47] and Dugoff [48]. The
MF tire model, conceived by Hans B. Pacejka in the late 1980s, serves as a crucial
tool in vehicle dynamics simulations by providing a semi-empirical mathemati-
cal representation of tire behavior. It captures the complex, nonlinear relationship
between tire forces and slip variables through a sophisticated equation involving
empirically derived coefficients. This formula, often referred to as Pacejka’s MF, is
versatile and can be adapted to various types of tires by adjusting its coefficients,
allowing it to accurately reflect tire behavior under different operational condi-
tions. The principal advantages of the MF tire model include its high accuracy
in representing real-world tire dynamics, flexibility to accommodate different tire
characteristics, and comprehensive capability to model intricate behaviors such as

Table 2.2 Parameters of the four-wheel model.

Symbol Quantity

p Sideslip angle

w Yaw rate

M Vehicle mass

qu Longitudinal forces of the wheels
Fyij Lateral forces of the wheels

) Front wheel steering angle

a, Longitudinal acceleration

a, Lateral acceleration

T, Front track width

T, Rear track width

I Moment of inertia about the vehicle vertical axis

N

Distance from the center of gravity to the front axle

a
b Distance from the center of gravity to the rear axle
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load sensitivity, lateral and longitudinal force interactions, and combined slip con-
ditions. These attributes make the model invaluable for a wide range of automotive
applications, including vehicle design, where it helps engineers predict how tires
will interact with the road under various scenarios; control system development,
enabling the creation of more responsive and safer vehicle control algorithms; and
performance optimization, where it aids in fine-tuning tire and vehicle parameters
to achieve the best possible performance. Additionally, its widespread adoption
in the automotive industry attests to its reliability and robustness. By providing
an accurate and adaptable representation of tire forces and moments, the MF tire
model plays an essential role in enhancing vehicle safety, performance, and overall
design efficiency, underscoring its significance in modern automotive engineer-
ing. Therefore, the MF tire model is adopted in this study, which is expressed as
follows:

F(x) = Dsin[C arctan{Bx — E(Bx — arctan(Bx))}] (2.32)

where F(x) represents longitudinal tire forces or lateral tire forces; B, C, D,
and E are functions of the vertical load of the tire, which are taken from [46];
x refers to the longitudinal slip ratio 4 or the wheel sideslip angle a, as shown in
Eqgs. (2.33)—(2.37). Note that the specific parameters in these functions are usually
obtained by experiments, and the parameters of our tire model are collected from
the automobile companies that we cooperate with.

va — RW
Ay = sgn(v, - R.w, )— i=qhj=1Lr (2.33)
ij i max (sz oV V)
5 v, +aw

= —arctan| —— 2.34
gl = Oat v — Tyw/2 234
a, =6, — arctan M (2.35)
v, — bw 536

= —arctan | ——— .
i v, —T,w/2 (2.36)
v, — bw 537

= —arctan | —— .
hr v+ T,0/2 (2.37)

where R and w are the radius and angular velocity of the wheel, respectively.
In addition, the MF tire model also needs to satisfy the friction ellipse constraint,
and the improved MF tire model is expressed as

£ "5*” Bl gy, Fy '@“ il g

tan a;;

> —i=q, hij=Lr (2.38)
Cuj = 1+/1_ i = Tox A S +§yu
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Based on the nonlinear vehicle model described by Egs. (2.29)-(2.31), the discrete
vehicle state-space model with partial missing measurements can be given by

Xgp = fxp ) + vy
y‘glrl(xes u@) + g;

122 (xy, Ug) + G} (2.39)

Zy = Epl'(xy, tty) + ¢

Y;nrm(xg’ ua) + g;n

X1,
where 6 is the sampling instant, x, is the state variables, u, is the control input,

Z, is the measurement output with partial data loss, m is the number of measured
variables, f and I' are the process and measurement functions, respectively. Let
diag{-} denote the diagonal matrix. Z, = diag {y;.7;....7)'} and yi(i=1,2...m)
are m independent random variables in 6 and i, which are independent of all noise
signals. In addition, T'(x,, u,) = diag{I™ (x,, u,), [*(x,, Uy), ... ["™(x,, uy)}. Further-
more, we assume that the probability density function of yé on the interval [0,1]

xﬁ = [vm9 ﬂ]TsZH = [ay]T u9 = [67609? j?ﬁyU]T l = q’ h;J = lsr

with expectation ﬁé and variance Eé(i =1,2...m). v, is the system process noise,
whose covariance is expressed by Q. ¢, refers to the system measurement noises,
whose covariance is R,. v, and ¢, are zero-mean Gaussian white noises, which are
uncorrelated with each other. The initial state x,, is also independent of all noise
signals.

2.4.2 Methodology

In this section, we design an AFTEKF to estimate vehicle state with partial missing
measurements. A recursive filter and its linearization with first-order approxima-
tion are employed to derive the FTEKF. Then, a fading factor based on orthogonal
theory is used to reduce the effect of parameter perturbations and state mutation
on estimation accuracy.

To derive FTEKF, some necessary lemmas are introduced first.

Lemma 2.1 [49] Given a matrix A,,,., and B, = BL .,

derivative of tr(ABAT) with respect to A can be stated as

then taking the partial

otr(ABA")
0A

where tr(-) is the trace of the matrix.

2AB (2.40)

Lemma 2.2 [50] Let matrix A = [a;],,, be a real-valued matrix and B = diag
(b, by, ... b,) be a diagonal random matrix, then
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E(b?) E(b,b,) ... E(b,b,)
E(b,b,)  E(b3) ... E(b,b,)

EBABT) = ®A (2.41)

E(b,b,) E(b,b,) ... E(b})

where Q is the Hadamard product and E(-) means the mathematical expectation.

To express convenience, we define x; and x; as the posterior and prior esti-
mators of x,, respectively, as shown in Eq. (2.42). Note that x; is the conditional
expected value of x, based on all measured values, including the measured value
at time @, and Xy is the conditional expected value of x, based on all measured
values excluding the measured value at time 6.

{x;— = E[xg |Z1,Z2~~-,Z97]

(2.42)

X, = E[x(.) |Z1,Z2~~-,Z9_17]

2.4.2.1 The FTEKF

Theorem 2.1 Consider the system in Eq. (2.39) with sensor data loss where
the measurement missing probability distribution is discrete in the interval [0,1].
If the following conditions

E[v,] = 0,E[g,] = 0,E [veng] — 0,

J E [VQVJ-T] = Qp2_;.E [Qgng] = RyQy_j
Q=10 =));Q ;=0 (0 #))

E [v,x]] = 0.E [¢pxg] =0

(2.43)

are satisfied, then the posterior state estimation error covariance P;’H can be
expressed as

- - - T T
P;rﬂ ={- K6'+1":‘H+1C9+1)Pe+1 x(I - K6'+1:‘9+1C9+1) + K9+1R9+1K9+1

= o o= =T
+ Ko B [59+1F (X1 Ugan) X TT (Kgirs U ) 59+1] Kin (2.44)
and the optimal filter gain K, is written by

_ — T =T = — T =T
K0+1 - (P9+1C9+1‘:‘€+1) X [:‘9+1C9+1P9+1C9+1:‘0+1

A a— T (a— -1
+ g1 ® E (T (Sgir: Upar) X T (X541 Ugi1)) + Ry (2.45)
where (-)T is matrix transpose, Q,_ ; is the Kronecker delta function, ()7 is the

inverse of a matrix, I is the identity matrix, P;H is the prior state estimation error

covariance, &, , =5,  — 2, ,and E,., = EE,.,) = diag (7., ii> w
> S041 T 41 T S0+ Zgy1 = BlZgy1) = ALAZ | Kot Hoy1 -+ Hova )-
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Proof: The recursive filtering form can be formulated as

Xou =f (X;a ue) (2.46)

b A = e
X1 =Xp + Koy [Ze+1 — gl (xe+1’ ”9+1)] (2.47)

ey =Xy, — X, ande, | =X, —X;,, denote the system posterior state estima-
tion error and the prior state estimation error, respectively. Based on Egs. (2.39),
(2.46), and (2.47), ¢! . and e, , can be rewritten as

6+1 6+1
€y =f (g, ug) + vy — f (5. up) (2.48)
e;+1 =[xy, ug) + vy — X1 — Koiq [Z9+1 — Bl (’AC(;+17 ”9+1)] (2.49)

Linearizing f(x,, u,) and I'(x,, ;, uy,,) by using first-order Taylor series expan-
sion for ¥, and 2™, ,, respectively. After ignoring the higher-order terms, we can
obtain

fOatg) = f (55, u) + Agel

\ of (%, Uy) (2.50)
Ap = “ox, b=t
€, =Agey +7, (2.51)

Fxpyq,Ugp) =T (x5+1’ “9+1) + Coir€y,,

< (2.52)

Ol (Xg 15 Ugiy)
0%p41

CH+1 - Xo41=%Xy,,

ot ot

er = f (&5 up) +Age; +v, —f (X5, up)

(Bgy1 = Bgy )T (55;+1’ ”9+1)
+ §9+1 + 59+1C9+1€9_+1

= (I = Kp1Bp1Co)eyyy = Kpur Bon T (R511: Ugar) — KpirGpan (2.53)

- K9+1

According to Eq. (2.51), can be expressed as

Lo
_ T -
o1 = E [ee+1(ee+1) ] =AgPyAy +Q, (2.54)

According to Eq. (2.53), P, can be expressed as

T
P;r+1 =E [e;+1(e;r+1) ]
= E{ [(I — Ky 1891 Cor1)ep — Koi1Goi1 — K9+1E9+1F (}AC;+1’ ”9+1)]

—_ _ = A T
X [(I — Ky18041Co11)€5,1 — Ko16orn — Ko Zon U (X541 ”0+1)] }
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3 3
=Y D Py (hR) (2.55)
where P, | (/i) are equal to

9+1(11) a- K9+1E'6+1C6+1)P9_+1 x(I - K9+1EH+1C6+1)T (2'56)

Py 1(22) =Ky E (69416041) Koy
= K9+1R0+1K9T+1 (2.57)

~T

rr (x9+1, ”9+1) = o1

P} (12) = =(I = K;,18941Cpi1)E(€5,16041) Kg+1 (2.59)

(33) =K, E [jeﬂr (x0+1, ”9+1)
e+1 +

T
K, (2.58)

Pr. (13) = —(I—K9+IEB+1C€+1)><E[ee_ﬂrT (%5010 tpsr) ET s ]KHTH (2.60)

P.,(23) = K,,,E (gaﬂr(fcgﬂ, upr)'E", ) KT, (2.61)
Pt 1) = (P},,(12))" (2.62)
Pr (31 = (P}, (13)" (2.63)
Py (32) = ( 9+1(23)) (2.64)

Because v,, e,, ¢, and E(, are mutually independent, the results of
Egs. (2.59)—(2.64) are zeros. Therefore, Eq. (2.55) can be reformulated as

Py ==Ky By Coy )Py X (T~ Ky418p11Coy)" + Ke+1R9+1K9+1
= A T
+Ky E [59+1F (x9+1, ”0+1) xI! (Rgs1-Ugs1) B 0+1] Ko (2.65)

Based on Lemma 1, the following equation can be obtained

otr (P} )
— o = = 20 = K1 Bi1 Co) Py, Crn Egyy + 2Ky
0Ky

= o= o =T
{E [59+1F (X0 Uos1) X T (% gy ) E 9+1] }"‘ 2Kp1 1Ry
(2.66)
Let Eq. (2.66) equal to zero, the optimal filter gain K, , is expressed as

— T =T —- T =T
Ko = (P9+1C9+1~9+1) X [:’€+1C6+1P9+1C9+1—'3+1

-1
& o T (o— =T
+E <:H+1F(x9+1,u0+1) X TT (%511, U ) E 0+1> +R0+1] (2.67)
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According to Eq. (2.45), Eq. (2.67) can be reformulated as

_(p- (T =T = — AT =T
Ko = (P9+1C9+1:‘9+1) X [‘:9+1C9+1P6+1C6+1:‘9+1

+ E9+1 ®E <F ()Ac;+1’ u0+1) X FT ()AC;H’ u0+1)) + R0+1]_1 ¢ (2'68)

This completes the proof.

2.4.2.2 The AFTEKF Algorithm

In the above FTEKEF, the effect of the system state mutation and parameter pertur-
bations on the estimation accuracy is not considered. However, in some emergency
cases, such as collision avoidance [51], the driver may make some extreme maneu-
vers that cause vehicle state mutation. Similarly, in some time-varying driving
conditions, such as empty or full load, the model parameters may deviate from
the nominal value. To deal with these problems, an EKF with a fading factor was
proposed in [43], and the results indicated the method is effective. To sum up,
the filter with fading factor has the following advantages: 1) strong adaptability
to parameter perturbations and 2) strong tracking ability even when a state jump
occurs. Thus, we combine the FTEKF and a fading factor to develop the AFTEKF.
The innovation sequence 7, of the FTEKF is

Nos1 = Zg41 — Zgaa (%ﬂa “9+1) (2.69)

The key of the AFTEKF algorithm is to choose a suitable fading factor and embed
it into the prior state estimation error covariance P, ,, which can adjust the filter
gain K., and must satisfy the following orthogonal principle.

ElXg41 = %p1 %041 — %p4q]" = min (2.70)

E [ps1iagsn| =0k =1,2... (2.71)

It can be seen from Egs. (2.70) and (2.71) that filter gain K,,, can be determined
only when the estimation mean square error is the smallest and the innovation
sequence is orthogonal.
The prior state estimation error covariance can be updated using a fading factor
A, is given by
p-

6+1

= A AgPy A +Qp (2.72)

— Ai 1 2 n
where A, = diag [Te+1’ T2 T0+1]

Y,d Yd,  >1
! ={ 70+ " 07041 = t=1,2,...n (2.73)
o+1 1 Y,dp,q <1
tr[Ny, 41
0+1 — % (274)

t_ZIYtM9+l
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Noy1 = Vo1 —Rop1 — C0+1Q6Cg+1 (2.75)

My, = C9+1A0P;Agcg+1 (2.76)
’71’71T 6=0

Vo = pVotigany, 0>1 (2.77)

1+p

Y, is a constant that is determined based on prior information; p € [0, 1] is the
forgetting factor. The value of this forgetting factor is usually set as 0.95. d,,; is
the undetermined parameter.

2.4.3 Simulation and Experiment Tests

To validate the robustness and efficacy of the AFTEKF, a comprehensive assess-
ment is conducted through a combination of virtual simulations and real vehicle
experiments. In the virtual domain, the AFTEKF algorithm undergoes rigorous
testing using a high-fidelity vehicle model meticulously implemented within
the CarSim software environment. This virtual validation serves as an initial
benchmark to evaluate the AFTEKF’s performance under controlled conditions.
Subsequently, the AFTEKF is further scrutinized through real-world vehicle
experiments, where professional-grade measurement data obtained from special-
ized equipment is employed to assess the algorithm’s performance in authentic
driving scenarios. This dual-layered validation approach, encompassing both
virtual and real-world testing environments, ensures a comprehensive evaluation
of the AFTEKF’s capabilities across a spectrum of conditions, reinforcing its
credibility and applicability in practical vehicular applications.

Within the simulation framework, a comprehensive set of scenarios, including
the DLC and continuous steering (CS) working conditions, are meticulously
executed. The aim is to emulate diverse and challenging driving situations to
thoroughly assess the performance of various estimation methods, particularly
the AFTEKEF. To bridge the simulation and real-world contexts, a concerted effort
is made to align the dynamic parameters of the high-fidelity vehicle model used
in the virtual tests with those of the actual vehicle. This meticulous calibration
ensures a reduction in discrepancies between the simulated and real-world test
environments, enhancing the relevance and accuracy of the simulation outcomes.
To gauge the effectiveness of different estimation methods, the output values
generated by the high-fidelity vehicle model within the CarSim software serve
as benchmark reference values. These reference values provide a standardized
basis for evaluating and comparing the performance of the AFTEKF and other
estimation techniques under consideration. This rigorous testing protocol facili-
tates a robust analysis of the AFTEKF’s capabilities in capturing the intricacies of
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dynamic driving scenarios, validating its reliability and suitability for real-world
applications.

2.4.3.1 The DLC Test in Simulation Systems

In the virtual simulation environment, the simulated driver undertakes lane-
changing maneuvers under challenging conditions, specifically on roads charac-
terized by a low friction coefficient, adding complexity and realism to the test.
The scenario begins with the vehicle traveling at an initial speed of 30 km/h,
setting the stage for a series of precise and demanding maneuvers. As the vehicle
navigates these low-friction roads, a controlled braking force is strategically
applied within the temporal window from 4 to 4.5 seconds. This application
of braking force is deliberate and designed to introduce additional dynamic
variations to the simulation. The controlled braking force adds an element of
complexity, requiring the estimation algorithms to accurately track and respond
to the resulting changes in the vehicle state. Throughout the duration of the test,
the vehicle’s behavior is meticulously monitored, focusing on how the braking
force impacts its dynamics during the lane-changing maneuvers.

The steering wheel angle depicted in Fig. 2.15 serves as a crucial input param-
eter, significantly influencing the vehicle’s trajectory during the simulation. The
precise control of the steering wheel angle directly impacts the vehicle’s ability
to navigate through the simulated environment, making it a vital component for
evaluating the effectiveness of the estimation algorithms. Simultaneously, Fig. 2.16
illustrates the lateral acceleration, showcasing another critical aspect of the vehi-
cle’s dynamic behavior. What sets this scenario apart is the intentional introduc-
tion of partial missing measurements within the lateral acceleration data. This
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Figure 2.15 The steering wheel angle in the DLC.
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Figure 2.16 Lateral acceleration in the DLC.

deliberate inclusion of missing measurements is a key element designed to evalu-
ate the robustness and effectiveness of the estimation algorithms under conditions
of imperfect data availability. By incorporating this challenge, the simulation aims
to mimic real-world scenarios where sensor data may be intermittently unavail-
able or compromised, thus testing the algorithms’ ability to adapt and perform
under such conditions.

In this context, the probability of missing measurements is assumed to adhere to
a uniform distribution within the range of [0,1]. This probabilistic modeling intro-
duces an element of uncertainty, further complicating the simulation and mak-
ing it more representative of actual driving conditions. The random nature of the
missing data means that the estimation algorithms must be capable of handling
unpredictability and maintaining accuracy despite gaps in the data. The discrete
nature of the simulation, with a sampling time of 0.01 seconds, adds another layer
of complexity to the test conditions. This high-frequency sampling accentuates the
dynamic nature of the vehicle’s behavior, necessitating the estimation algorithms
to rapidly process and adapt to the intermittent nature of the lateral acceleration
data. The algorithms are challenged not only to estimate the vehicle’s state accu-
rately but also to do so in real-time, despite the presence of partial data loss. The
intentional introduction of missing measurements and the probabilistic modeling
of data loss are critical for evaluating the resilience and adaptability of the estima-
tion algorithms. By simulating conditions sensor data is not always fully available,
the test scenario provides a rigorous assessment of how well the algorithms can
maintain performance and ensure vehicle safety and stability.
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The results of the vehicle state estimation, along with corresponding reference
values, are meticulously illustrated in Figs. 2.17 and 2.18, providing a detailed
visual representation of the performance achieved by the estimation algorithms.
Table 2.3 complements these visuals with a quantitative assessment using root
mean square error calculations across three distinct estimation approaches.
Figure 2.17 prominently showcases the accuracy of vehicle velocity estimation
achieved by the AFTEKF algorithm, demonstrating its superior performance
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Figure 2.17 Vehicle velocity estimation in the double lane change.
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Figure 2.18 Sideslip angle estimation in the DLC.
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compared to alternative methods. Both AFTEKF and FTEKF algorithms outper-
form the conventional EKF, primarily due to their effective handling of sensor
data loss effects. A notable observation in Fig. 2.17 is the rapid decline in vehicle
velocity between 4 and 4.5 seconds, attributed to the sudden application of
braking force simulating dynamic changes in operational conditions. Turning
to Fig. 2.18, estimates of sideslip angle by various methods are presented, with
AFTEKEF exhibiting the highest level of estimation accuracy. This finding is fur-
ther supported by Table 2.3, which quantifies the error in vehicle state estimation.
Remarkably, AFTEKF demonstrates the smallest error among the three methods,
thanks to the incorporation of a fading factor that enhances its adaptability to
rapid changes in operational conditions. These findings underscore the effec-
tiveness of the AFTEKF algorithm in achieving precise and reliable vehicle state
estimation, crucial for applications in autonomous driving, ADAS, and vehicle
dynamics research. By integrating adaptive filtering techniques with robust
error-handling mechanisms, AFTEKF not only improves estimation accuracy but
also enhances the resilience of vehicle control systems against uncertainties and
dynamic variations encountered in real-world driving scenarios.

2.4.3.2 The CS Test in Simulation Systems

The virtual driver undertakes a series of CS maneuvers on high-friction coefficient
roads, beginning with an initial vehicle velocity of 80 km/h. The dynamic evolu-
tion of the steering wheel angle is meticulously illustrated in Fig. 2.19. This figure
portrays a scenario where, for the initial 4 seconds, the frequency and amplitude of
the steering wheel angle remain relatively modest. Subsequently, there is a sudden
surge in both the frequency and amplitude of the steering wheel angle. This abrupt
change is strategically introduced to simulate emergency driving situations, such
as sudden obstacle avoidance or rapid lane changes. The simulation aims to test
the vehicle’s response and the robustness of the estimation algorithms under these
high-stress conditions, which are critical for evaluating the safety and reliability
of intelligent vehicle systems. Figure 2.20 provides an insightful depiction of the
lateral acceleration during these maneuvers. This figure highlights the complexity
of real-world driving scenarios by including partial missing measurements. The

Table 2.3 RMSE in DLC working condition.

Symbol Sideslip angle Vehicle velocity
EKF 0.0462 0.1466
FTEKF 0.0414 0.0215

AFTEKF 0.0408 0.0048
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Figure 2.20 Lateral acceleration in CS.

presence of these missing measurements is intentional, designed to emulate situ-
ations where sensor data may be intermittently unavailable or compromised. This
aspect of the simulation is crucial for assessing the estimation algorithms’ ability
to maintain accuracy and reliability despite imperfect data conditions. The proba-
bility distribution for missing measurements is modeled as a uniform distribution
between [0,1], adding a layer of randomness to the data loss. This probabilistic
approach reflects the unpredictable nature of sensor data availability in real-world
environments. The consistent sampling time of 0.01 seconds further accentuates
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the dynamic nature of the test conditions, requiring the estimation algorithms to
process and adapt to rapidly changing data. This rigorous simulation setup, with its
controlled initial conditions followed by sudden, intense steering maneuvers and
the introduction of missing measurements, creates a challenging environment for
the estimation algorithms. The aim is to thoroughly evaluate their performance,
robustness, and adaptability under a wide range of conditions, from normal driv-
ing to emergency situations.

Figures 2.21 and 2.22 clearly demonstrate that the AFTEKF consistently out-
performs the other two methods in terms of estimation accuracy. The estimation
accuracies achieved by both AFTEKF and FTEKF surpass those of the traditional
EKEF. This superior performance is quantitatively highlighted in Table 2.4, which
presents the vehicle state estimation errors. The AFTEKF stands out with the
smallest estimation errors, showcasing its effectiveness and reliability. The
AFTEKF algorithm’s adaptability to the dynamic nature of vehicle state mutation
is a key factor in its success. This adaptability is achieved by dynamically adjusting
the estimation error covariance of the prior state in real-time. By doing so, the
AFTEKF can effectively track the reference value, maintaining high accuracy
even as the vehicle’s state changes rapidly. This ability to adapt in real-time
underscores the robustness of the AFTEKF method, allowing it to accommodate
various road friction conditions and diverse initial states. The robustness of
the AFTEKF is particularly significant in the context of varying road friction
conditions and different initial states. These factors can introduce significant
variability in vehicle dynamics, challenging the estimation algorithms to maintain
accuracy. The AFTEKF’s capability to deliver optimal estimation results across
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Figure 2.21 Vehicle velocity estimation in CS.
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Figure 2.22 Sideslip angle estimation in CS.

Table 2.4 RMSE in CS working condition.

Symbol Sideslip angle Vehicle velocity
EKF 0.2970 0.5008
FTEKF 0.1835 0.1865
AFTEKF 0.0987 0.1048

a spectrum of challenging scenarios highlights its potential for application in
real-world conditions, where such variability is commonplace.

Figure 2.23 illustrates the real-world validation of the AFTEKF through vehi-
cle tests conducted on both a wet asphalt road (WAR) and a dry asphalt road
(DAR). These tests are essential for verifying the practical applicability and effec-
tiveness of the AFTEKF under diverse driving conditions. For obtaining reference
values, the vehicle state data is sourced from differential GPS (DGPS), which pro-
vides high-accuracy data. The validation process involves a meticulous compari-
son between the estimated values derived from three different methods, including
AFTEKEF, and the reference values obtained from DGPS. By comparing these esti-
mations with the highly accurate DGPS data, it becomes possible to evaluate the
precision and reliability of each estimation method under real-world conditions.
The vehicle tests on the WAR and DAR simulate different traction and friction
scenarios, challenging the estimation algorithms to adapt to varying levels of road
grip. Wet asphalt typically presents lower friction and greater variability in vehicle
dynamics, while dry asphalt offers higher friction and more predictable vehicle
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Figure 2.23 Test vehicle on WAR and DAR.

behavior. These contrasting conditions are crucial for a comprehensive evaluation
of the estimation algorithms, as they reflect the range of environments that vehi-
cles may encounter in everyday driving.

2.4.3.3 The Real Vehicle Test on the WAR

During the real-world vehicle experiments, an experienced driver performs the
lane-changing maneuver, as illustrated in Fig. 2.24. Unlike in simulation tests,
where the virtual driver can execute precise and controlled steering inputs, the
real-world scenario presents a more dynamic and variable steering wheel angle.
The driver’s inability to perform as smooth and stable maneuvers as a virtual driver
leads to more pronounced and erratic alterations in the steering wheel angle. This
variability is a key distinction between virtual simulations and real-world tests. In
simulations, the virtual driver follows a pre-programmed, ideal path with consis-
tent and smooth steering inputs, resulting in a stable and predictable trajectory.
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Figure 2.24 The steering wheel angle on WAR.
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However, in real-world experiments, human drivers are subject to numerous exter-
nal factors, such as road conditions, vehicle dynamics, and human reaction times.
These factors contribute to the less predictable and more pronounced changes in
the steering wheel angle during maneuvers. The pronounced steering wheel angle
variations observed during the real-world experiments underscore the importance
of robust estimation algorithms capable of handling real-world complexities.
The ability to accurately estimate vehicle states under such conditions is critical
for the development of reliable and effective ADAS and autonomous driving
technologies.

The lateral acceleration, portrayed in Fig. 2.25, incorporates partial missing mea-
surements, where the probability distribution for missing acceleration sensor data
follows a uniform distribution between [0,1]. The sampling time remains con-
sistent at 0.01 seconds. Notably, the lateral acceleration was obtained from the
in-vehicle sensor. However, for the purpose of validating the AFTEKF, incom-
plete measurement data is essential. Consequently, we employ data processing
techniques to transform normal data into incomplete data, acknowledging the
offline nature of this test. Despite being offline, this approach effectively verifies
the AFTEKF’s efficacy and real-time performance. It is imperative to highlight
that during this offline test, we exclusively constrain the distribution interval of
the data without imposing limitations on the real-time performance of the data.
Furthermore, our estimation algorithm operates on a rapid control prototype sys-
tem in real time. The nominal value for the test vehicle mass stands at 995 kg,
mirroring the mass parameter in the AFTEKF model. However, the actual total
mass exceeds the nominal value due to the presence of two experimenters loaded

Lateral acceleration (m/s?)

Time (s)

Figure 2.25 Lateral acceleration on WAR.



2.4 AFTEKEF for Estimating Vehicle State with Data Loss | 59

onto the test vehicle. This discrepancy indicates a deviation of the real vehicle mass
parameter from its nominal value.

Figures 2.26 and 2.27 illustrate the estimated curves, which display slight fluc-
tuations due to the experienced driver’s steering maneuvers. These maneuvers,
executed in a real-world setting, inherently lack the smoothness and precision
that a virtual driver can achieve in a controlled simulation environment. Despite
these variations and the natural inconsistencies introduced by human operation,
the AFTEKF consistently demonstrates the highest estimation accuracy among
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Figure 2.26 Vehicle velocity estimation on WAR.
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the three methods evaluated. The real-world steering inputs by the driver, though
expert, introduce minor deviations that challenge the estimation algorithms to
adapt to more erratic and less predictable inputs. This scenario highlights the
robustness and adaptability of the AFTEKEF. Its ability to maintain superior esti-
mation accuracy amidst the real-world fluctuations is a testament to its advanced
design and functionality. The fluctuations observed in the estimated curves are
indicative of the algorithm’s capacity to handle real-world driving dynamics,
which often present more variability compared to simulations. Table 2.5 further
solidifies this observation, presenting a quantitative comparison of the vehicle
state estimation errors across the three methods. The data clearly shows that
the AFTEKF has the smallest estimation error, reinforcing its superiority in
accurately predicting vehicle states under varying conditions. The AFTEKF’s
minimal error margins underscore its effectiveness in processing the complex
and sometimes noisy data that comes with real-world driving scenarios. This
comprehensive assessment, depicted through the estimated curves and supported
by the quantitative analysis in Table 2.5, underscores the AFTEKF’s robust
performance. It effectively manages the unpredictability of real-world driving,
maintaining high accuracy and reliability. This robustness is crucial for real-world
applications, where conditions can change rapidly and drivers’ inputs may not
always be as steady as those in simulation.

2.4.3.4 The Real Vehicle Test on the DAR

The evolving pattern of the steering wheel angle across the test scenarios is metic-
ulously depicted in Fig. 2.28, offering a comprehensive visual insight into the
variations in steering input throughout the tests. This figure not only illustrates
the dynamic changes in steering angle but also provides a detailed timeline of how
the driver interacts with the vehicle’s steering system under different conditions.
Figure 2.29 complements this depiction by presenting the lateral acceleration
data, which includes partial missing measurements to simulate realistic condi-
tions encountered in real-world driving scenarios. This visualization captures the
fluctuations and responses of lateral acceleration during the tests, highlighting
how the vehicle reacts to different driving maneuvers and environmental factors.
Together, these figures contribute to a deeper understanding of the vehicle’s

Table 2.5 RMSE on WAR.

Symbol Sideslip angle Vehicle velocity
EKF 0.2806 1.8230
FTEKF 0.2587 0.6110

AFTEKF 0.2499 0.1217
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Figure 2.28 The steering wheel angle on the DAR.
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Figure 2.29 Lateral acceleration on DAR.

dynamic behavior, steering response dynamics, and lateral acceleration charac-
teristics under varying operational conditions. They serve as essential tools for
evaluating and refining vehicle control strategies and enhancing safety, stability,
and overall performance in automotive engineering and research.

The probability distribution governing the absence of acceleration sensor data
follows a uniform spread between [0,1], ensuring that data loss occurs randomly
throughout the test. The sampling time is consistently set at 0.01 seconds to
maintain high temporal resolution. Reflecting the conditions of a WAR, the
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Table 2.6 RMSE on DAR.

Symbol Sideslip angle Vehicle velocity
EKF 0.1530 0.8024
FTEKF 0.1103 0.3596
AFTEKF 0.0964 0.0435

real vehicle mass parameter once again deviates from its nominal value in this
scenario. Specifically, the actual total mass of the vehicle surpasses the nominal
value due to the presence of three experimenters on board the test vehicle. This
deviation from the expected mass parameter is a recurring theme in real-world
testing, where the additional weight of occupants and equipment often impacts
the vehicle’s dynamics. The presence of additional mass highlights the impor-
tance of the AFTEKF algorithm’s robustness and adaptability. The algorithm’s
ability to account for variations in the vehicle’s mass parameter is crucial for
maintaining accurate state estimations under varying real-world conditions.
By introducing partial missing measurements in the lateral acceleration data,
Fig. 2.29 emphasizes the AFTEKF algorithm’s capability to handle incomplete or
imperfect data inputs. This is particularly significant in real-world applications,
where sensor data loss or corruption is a common issue. The uniform distribution
model for missing data ensures that the algorithm is tested under conditions that
mimic the random and unpredictable nature of real-world data loss.
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Figure 2.30 Vehicle velocity estimation on DAR.
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Figure 2.31 Sideslip angle estimation on DAR.

Figure 2.30 illustrates the estimation of vehicle velocity using the AFTEKF
algorithm, showcasing its remarkable proximity to the reference value obtained
from the DGPS. The graph demonstrates that the estimation accuracy of both
AFTEKF and FTEKF surpasses that of the traditional EKF method. This sig-
nificant improvement in accuracy underscores the advantages of the AFTEKF
and FTEKF algorithms in handling real-world driving scenarios. A parallel
observation is made in Fig. 2.31, which depicts the estimation of the sideslip
angle by different methodologies. Once again, the AFTEKF algorithm stands out
with the highest accuracy in estimating the sideslip angle, closely aligning with
the reference values. This trend of superior performance is further validated by
Table 2.6, where the quantitative assessment of estimation errors clearly indicates
that the AFTEKF method achieves minimal error in vehicle state estimation. This
consistent outperformance of the AFTEKF over the FTEKF and EKF methods
highlights its robustness and precision in vehicle state estimation tasks. In real
vehicle tests, the AFTEKF algorithm showcases its adaptability by dynamically
fine-tuning the estimation error covariance of the prior state. This real-time
adjustment capability ensures that the estimated values closely track the refer-
ence values, despite the inherent challenges posed by parameter perturbations,
such as variations in vehicle mass. The adaptability of the AFTEKF method is par-
ticularly crucial when dealing with the dynamic and often unpredictable nature
of real-world driving conditions. Moreover, the AFTEKF proves its effectiveness
by consistently achieving optimal estimation results across various road friction
conditions and initial states. Whether the vehicle is operating on wet asphalt,
dry asphalt, or other surfaces, the AFTEKF algorithm maintains its accuracy and
reliability. This robust performance underscores the efficacy and versatility of
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the AFTEKF method, making it a valuable tool for enhancing vehicle safety and
performance.

2.5 Summary and Future Research

This section provides a systematic overview of the application and current
research status of the KF in vehicle state estimation. We illustrate how the KF
is employed for vehicle state estimation through a step-by-step derivation using
a simple example. We apply the EKF to vehicle state estimation and validate
its performance in a simulated environment. The results indicate that EKF can
achieve high estimation accuracy in an ideal setting. Considering the likelihood
of data loss in practical in-vehicle sensors and the potential mismatch of vehicle
model parameters, a novel approach named AFTEKF has been developed for the
estimation of vehicle states. This inventive method demonstrates its effectiveness
in alleviating the impact of partial sensor data loss, parameter perturbations,
and state mutations on estimation accuracy. Experimental findings substantiate
that the AFTEKF outperforms the conventional EKF in terms of estimation
accuracy. Additionally, the proposed methodology showcases robustness across
a spectrum of tire-road friction coefficients and diverse initial states of the
vehicle.

Nevertheless, in the conducted experiments, the assumption is made that the
distribution of missing data is known. Identifying the distribution of missing data
poses a challenge, and future research endeavors will prioritize the collection of
sensor measurement data. The analysis of statistical characteristics will be con-
ducted once the relevant sensors and testing equipment become available, enhanc-
ing the understanding and accuracy of the data distribution. Furthermore, we also
assume that the process noise of the model is known. However, due to the complex-
ity of actual driving conditions, various external disturbances and unpredictable
driving road conditions can lead to changes in process noise. Therefore, we need
to design an adaptive updating mechanism to accommodate such variations and
enhance estimation accuracy. This targeted approach aims to further refine the
estimation process and contribute to the advancement of state-of-the-art method-
ologies in the field.
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3

Ego-Vehicle State Estimation with Unknown Noise and
Parameter Perturbations

3.1 Introduction

Sideslip angle, tire cornering stiffness, and vehicle velocity are crucial for both
traditional and autonomous vehicles. They play essential roles in chassis stability
control, as well as in tasks such as path planning and tracking control. However,
these states cannot be directly measured by onboard sensors; therefore, various
vehicle state estimation algorithms have been developed. Most of these algorithms
assume that the noise characteristics are known, ignoring the impact of missing
measurement data, and cannot simultaneously handle the effects of colored noise
and white noise. In addition, the vehicle mass variation, which has a vital influ-
ence on the precision of the vehicle model, is rarely considered in these methods.
Since the estimation accuracy of vehicle state highly depends on the accuracy of
the vehicle model, the disturbance caused by vehicle mass change must be taken
into account during the estimation process of vehicle state. In this chapter, a fuzzy
adaptive robust cubature KF (FARCKF) and a fault-tolerant extended KF network
are developed to estimate vehicle state. Experiments under different operating
conditions will be implemented to verify the effectiveness of the algorithm.

3.2 Related Works

Advanced driver assistance systems, or autonomous driving systems, have become
essential technologies in modern vehicles, significantly enhancing safety and
reducing the likelihood of traffic accidents. These advanced systems not only help
in preventing accidents but also play a crucial role in mitigating the substantial
casualties and economic losses associated with traffic incidents [1-3]. Several
advanced systems have already been integrated into mass-produced vehicles,
exemplifying the current state of vehicle automation and safety technology. These
include autonomous emergency braking [4], which automatically applies the

State Estimation of Multi-Agent Vehicle-Road Interaction Systems, First Edition.
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brakes to prevent or mitigate collisions; platoon control [5, 6], which enables
multiple vehicles to travel closely together in a coordinated manner to improve
traffic flow and fuel efficiency; adaptive cruise control [7, 8], which adjusts the
vehicle’s speed to maintain a safe following distance from the vehicle ahead;
and path tracking control [9, 10], which ensures the vehicle accurately follows
a predetermined path, crucial for autonomous navigation and precise vehicle
maneuvering. These systems typically set corresponding triggering conditions and
decide whether to activate the system proactively through real-time monitoring
of the vehicle state. Therefore, the accurate acquisition of the vehicle state is
a prerequisite for the effective operation of these systems. Nevertheless, some
critical states, such as sideslip angle and vehicle speed, are challenging to mea-
sure directly through onboard sensors. Therefore, the exclusive use of onboard
sensors for vehicle state estimation has become an important area of research in
autonomous driving. Traditionally, observer-based methods [11-13] have been
employed to estimate vehicle states. These methods utilize mathematical models
to estimate the state variables of a system from the input and output measure-
ments. However, with the advent of more sophisticated sensors and increased
computational power, model-based approaches have gained prominence. These
approaches leverage detailed vehicle dynamics models to enhance the accuracy of
state estimation. Model-based methods often involve the use of dynamic models
of the vehicle to predict its behavior under various conditions. These models
can be highly accurate but also require precise knowledge of vehicle parameters
and environmental conditions. One of the main advantages of model-based
methods is their ability to incorporate a wide range of physical phenomena, such
as tire-road interactions and vehicle body dynamics, into the estimation process.
In recent years, data-driven methods have emerged as a powerful alternative to
traditional observer-based and model-based approaches. Data-driven methods
utilize large datasets collected from vehicles and advanced machine learning
algorithms to estimate vehicle states. These methods can learn complex patterns
and relationships in the data, often achieving high accuracy without the need
for detailed physical models. Machine learning techniques, such as neural
networks and deep learning, have been particularly successful in this domain,
providing robust state estimates even in challenging conditions. The evolution
from traditional observer-based methods to model-based approaches and, more
recently, data-driven methods represents a significant advancement in vehicle
state estimation. Each of these approaches has its strengths and limitations.
Observer-based methods are relatively simple and computationally efficient but
may lack accuracy in highly nonlinear scenarios. Model-based methods offer high
accuracy but require detailed knowledge of vehicle dynamics and parameters.
Data-driven methods, while highly accurate and adaptive, often require large
amounts of training data and can be computationally intensive.



3.2 Related Works

Model-based methods for vehicle state estimation are primarily divided into two
categories: kinematics-based and dynamics-based approaches. Kinematics-based
estimation methods generally require the integration of a GPS and inertial
measurement units (IMU) to provide accurate state information. This approach
is evident in several studies, such as those conducted by [14-16]. However,
the widespread adoption of kinematics-based methods in mass-produced vehi-
cles faces significant challenges. Most commercially available vehicles do not
come equipped with IMUs or similar high-precision devices, making it difficult to
implement these methods on a large scale. Additionally, ensuring observability—a
condition where the internal states of a system can be determined through its
outputs—poses a significant challenge for kinematics-based methods, further
hindering their adoption.

On the other hand, dynamics-based methods offer a more practical solution by
relying on vehicle and tire models. These methods utilize the fundamental prin-
ciples of vehicle dynamics to estimate states such as sideslip angle, yaw rate, and
vehicle speed. Advanced filtering algorithms are often employed to enhance the
accuracy of these estimations. Dynamics-based methods do not depend heavily
on high-cost sensors like IMUs, making them more suitable for mass-produced
vehicles. They achieve state estimation by processing readily available data from
standard vehicle sensors, such as wheel speed sensors, steering angle sensors, and
accelerometers, combined with mathematical models of vehicle behavior. Among
these, the use of Kalman filtering for vehicle state estimation is a research hotspot.
For instance, researchers have developed an EKF-based estimator specifically
designed for predicting sideslip angles, as highlighted in [17, 18]. Building on
this foundation, further advancements enabled the simultaneous estimation of
both sideslip angle and lateral tire forces using EKF techniques, as demonstrated
in [19]. Moreover, EKF has been successfully applied in real-world settings to
achieve precise state estimation leveraging tire force sensor data [20]. Recognizing
the need for enhanced adaptability, interactive multi-model EKF methodologies
have been introduced to facilitate robust multi-target state estimation [21]. Addi-
tionally, the variable structure EKF approach [22] has emerged as an effective
method, allowing for dynamic adjustments in model structure to accommodate
varying environmental conditions. These innovations underscore the versatility
and applicability of EKF in advancing the accuracy and reliability of vehicle
state estimation across diverse operational scenarios. Moreover, in response to
challenges posed by noise uncertainty in vehicle state estimation, researchers
have introduced the extended H, KF [23]. This method enhances prediction
accuracy for vehicle speed and sideslip angle by incorporating additional factors
to handle uncertainty more effectively. Additionally, various adaptations of
the H,, filter have proven effective in improving estimation robustness [24].
Despite the fruitful results achieved through traditional EKF-based approaches in
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vehicle state estimation, there has been a growing awareness of the impact of data
loss [25] on accuracy. Addressing this concern, the development of fault-tolerant
EKF (FTEKF) estimators [26, 27] has emerged, specifically designed to maintain
reliable vehicle state estimation even when encountering missing measurements.
These advancements highlight ongoing efforts to enhance the reliability and
resilience of estimation algorithms in real-world applications.

Additionally, advancements in the EKF methodology [28] have enabled its
application in estimating vehicle states even when faced with partial loss of
measurement data. Building on this progress, robust fault-tolerant estimation
algorithms [29] have been developed, which not only handle data loss scenarios
effectively but also account for parameter mismatches to improve sideslip angle
estimation. Moreover, scholars have explored event-triggered mechanisms [30]
to address challenges associated with data loss during vehicle state estimation.
Experimental findings underscore the potential of these methods for practical
applications, showcasing their ability to enhance estimation reliability in dynamic
real-world conditions. Moreover, researchers have proposed the unscented KF
(UKF) in recent studies [19, 31-34], demonstrating through experiments its supe-
rior estimation accuracy compared to the traditional EKF. In contrast to the UKF,
the cubature KF (CKF) [35] has proven more effective and has found widespread
application in accurately estimating sideslip angle and tire cornering stiffness
[36-41]. These model-based estimation methods typically rely on a precise
understanding of the underlying vehicle and tire models. Furthermore, methods
employing Kalman filtering require precise characterization of measurement
noise to achieve optimal estimation accuracy. These advancements underscore
the critical role of accurate modeling and noise characterization in enhancing the
reliability of vehicle state estimation techniques.

Recent advancements in machine learning have revolutionized the landscape
of vehicle state estimation, captivating attention across industry and academia.
At the forefront of these innovations are artificial neural networks (ANNSs),
celebrated for their unparalleled capability in universal function approximation.
The integration of ANNs into vehicle state estimation methodologies represents a
significant stride toward enhancing accuracy and robustness in real-world appli-
cations. Numerous scholars have advocated for ANN-based approaches to vehicle
state estimation, leveraging onboard sensor data as inputs and actual vehicle states
as reference outputs, as articulated in studies such as [42-45]. This methodology
involves constructing extensive datasets from onboard sensor measurements and
corresponding ground truth vehicle states, which are then used to train neural
network models. Through iterative learning processes, these models effectively
learn complex mappings between sensor inputs and desired state outputs,
enabling accurate prediction of vehicle dynamics and state variables. Moreover,
the application of recurrent neural networks (RNNs) has emerged as a promising
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avenue for vehicle motion prediction and continuous state updating [46]. Unlike
traditional feedforward ANNs, RNNs possess the ability to retain the memory of
past inputs, making them well-suited for sequential data processing tasks inherent
in vehicle dynamics prediction. By capturing temporal dependencies in sensor
data streams, RNNs can dynamically update state estimates based on evolving
driving conditions, thereby enhancing prediction accuracy and responsiveness.
In parallel, the fusion of Kalman filters with deep neural networks has garnered
considerable interest in vehicle state estimation [47, 48]. Kalman filters excel in
filtering noisy sensor data and modeling stochastic processes, while deep neural
networks excel in learning intricate nonlinear mappings and patterns from data.
By combining these strengths, hybrid Kalman filter-neural network architectures
effectively mitigate the impact of sensor noise and model mismatches, thereby
improving estimation accuracy under diverse operating conditions. Despite
their promise, purely data-driven methods such as ANN-based approaches
encounter challenges related to interpretability and generalization. The intricate
architectures and vast number of parameters in neural networks can obscure
the underlying relationships between inputs and outputs, making it challenging
to interpret how decisions are made. Furthermore, ensuring the generalization
of neural network models across diverse driving scenarios and environmental
conditions remains an ongoing research challenge, necessitating robust validation
and testing methodologies. Moreover, the integration of neural networks with
Kalman filtering represents a straightforward yet powerful strategy to address
the challenges posed by sensor noise and model discrepancies. This approach
leverages the complementary strengths of both techniques: Kalman filters excel
in handling noisy sensor measurements and modeling system dynamics, while
neural networks are adept at learning complex nonlinear relationships from
data. By combining these methodologies, the resulting hybrid approach enhances
the robustness and accuracy of vehicle state estimation systems. Kalman filters
provide a structured framework for state estimation by recursively updating
predictions based on noisy sensor inputs and system dynamics models. However,
their performance can be limited by inaccuracies in model assumptions or
variations in real-world conditions. Neural networks, on the other hand, can
adaptively learn from large datasets to capture intricate patterns and relationships
that may not be explicitly modeled by traditional methods.

3.3 Fuzzy Adaptive Robust Cubature Kalman Filter
for Vehicle State Estimation

In this section, we introduce a novel approach known as the FARCKF designed
specifically for estimating sideslip angle and tire cornering stiffness. The
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method integrates several advanced techniques to enhance estimation accuracy
and robustness across varying conditions. To begin with, the vehicle mass parame-
ter undergoes dynamic updating using recursive least squares (RLS). This adaptive
approach effectively mitigates the impact of vehicle mass variations, ensuring
more reliable estimations throughout the operation. Next, a Takagi-Sugeno
(T-S) fuzzy system is implemented to dynamically adjust the robust cubature KF
(RCKF). This adaptation is crucial as it considers the dynamic nature of process
noise, thereby improving the filter’s resilience to unpredictable disturbances
and environmental changes. The effectiveness of the FARCKF method is evalu-
ated through a series of simulations and real-world experiments. These tests are
designed to validate the algorithm’s performance under diverse driving conditions
and scenarios. By comparing the estimation results against ground truth data
obtained from rigorous testing environments, the method’s capability to accurately
estimate sideslip angle and tire cornering stiffness is thoroughly assessed.

3.3.1 Vehicle Model and Problem Statement

As illustrated in Fig. 3.1, a bicycle model [49] and a linear tire model [50] are
adopted for sideslip angle and tire cornering stiffness estimation. The bicycle
model, also known as the single-track model, is a simplified representation
used in vehicle dynamics to simulate the movement and behavior of vehicles,
particularly in terms of lateral and yaw dynamics. It approximates a vehicle as
having characteristics similar to a bicycle, with a single front wheel and a single
rear wheel. This model is fundamental for analyzing steering control, stability,
and maneuverability, making it valuable for applications in vehicle design,
control system development, and autonomous driving simulations. The linear
tire model simplifies tire behavior by assuming a linear relationship between tire
forces and slip variables, such as slip angle and slip ratio. It is commonly used for
vehicle design and applications where simplicity and quick evaluations of vehicle
dynamics are sufficient.
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Figure 3.1 The bicycle model.
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With a constant or slowly varying vehicle speed, the dynamic formulas of this
vehicle model are as follows:

The description of variables in the bicycle model is shown in Table 3.1.

Fycosé +F), .,

my,

"= Fycosé +F,,

m

(3.1)

(3.2)

Under normal driving conditions, lateral tire forces are generally regarded to be
linear with wheel sideslip angle. Thus, we employ a linear tire model to formulate
the tire lateral forces.

By =2Cyp0p

F,. =2C,a,

(3.3)
(3.4)

where Cyf is the front tire cornering stiffness, Cy, is the rear tire cornering stiffness,

ay is the front wheel sideslip angle, and «, is the rear wheel sideslip angle.

The front wheel sideslip angle and rear wheel sideslip angle are approximated as

4 =6—f-—

Lfr

Vy

L.r
a=—pf+—

X

Table 3.1 The bicycle model variables.

Symbol

Description

=

><<

r

\,h%g %e’n*&:ﬁ 3

Sideslip angle

Vehicle speed

Yaw rate

Vehicle mass

Front axle lateral force
Rear axle lateral force
Front wheel steering angle
Lateral acceleration

Distance from the center of gravity to the
front axle

Distance from the center of gravity to the
rear axle

(3.5)

(3.6)
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The vehicle model, i.e. formulations (Egs. 3.1-3.6), can be converted to a
continuous-time state-space model

{)'c =flou)+w

3.7
z= h.(x,u)+v G7)

x=[8,CnC, 1"

T
z=a, u=[6,v,r]

The descriptions of variables in Eq. (3.7) are given in Table 3.2.

The vehicle model (Egs. 3.1-3.6) can be employed to estimate sideslip angle and
tire cornering stiffness, whereas it cannot estimate the vehicle mass parameter.
Thus, we add Eq. (3.8) to estimate the vehicle mass parameter, as follows:

@Gy LCr

y +B(Cy+C)) —Cpy6 (3.8)

X

The regression model of RLS can be expressed as
£(t) = 0" (Da(®) +n(t) (3.9)

where a(t) and w(t) are the estimated parameters and regression vectors, respec-
tively, £(¢) is the system output, and #(¢) is the error between &(t) and o™ (£)a(t).
Therefore, the regression model for estimating the vehicle mass parameter can be
given by Eq. (3.10).

o' =a; alt)=m

(L;C,;— L,C,)r (3.10)
&0 = L 4 J(Cy+ Cy) - Gy

X

Table 3.2 Variables in space model.

Symbol Description

z Measurement vector

X State vector

u Input vector

£ State transition function
h(+) Output function

w Process noise

v Measurement noise
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3.3.2 Methodology

The framework of the proposed FARCKF method, depicted in Fig. 3.2, integrates
five essential modules: signal measurement, RCKF, vehicle mass estimation, T-S
fuzzy system, and real-time calculation of wheel sideslip angle. Each module
plays a crucial role in enhancing the accuracy and robustness of vehicle state
estimation. The signal measurement module serves as the foundational com-
ponent, capturing real-time data such as front wheel angle, yaw rate, vehicle
speed, and lateral acceleration. These measurements are essential inputs for
subsequent estimation processes within the FARCKF framework. Central to
the FARCKF method, the RCKF module operates through a structured sequence
of initialization, time update, and measurement update steps. This module
dynamically updates the sideslip angle and tire cornering stiffness, leveraging
the latest vehicle model parameters retrieved from the vehicle mass estimation
module. This iterative process ensures that the estimation remains accurate and
responsive to dynamic changes in vehicle conditions. Real-time calculation of
the wheel sideslip angle is facilitated by integrating data from both the sideslip
angle module and the signal measurement module. This computation provides
critical feedback for ongoing vehicle state estimation and control strategies. The
T-S fuzzy system within the FARCKF framework acts as an adaptive mecha-
nism, continuously updating parameters to adjust the process noise within the
RCKF algorithm dynamically. This adaptive capability enhances the algorithm’s
robustness, enabling it to maintain accurate estimation across varying operational
conditions and environmental factors. Furthermore, the estimation procedure
for the vehicle mass parameter is meticulously outlined, emphasizing its RLS
approach for continuous adjustment based on real-time data inputs. This adaptive
strategy ensures that the vehicle mass estimation remains responsive to changes,
further enhancing the overall performance of the FARCKF method.

The simplified lateral dynamic models can be represented by a parameter
identification form, as seen in Eq. (3.9). RLS is a powerful algorithm used in
signal processing and estimation to sequentially update estimates of unknown
parameters based on incoming data. At its core, RLS operates by recursively
minimizing the sum of squared errors between predicted and observed data
points, continually refining its estimates as new information becomes available.
Unlike batch least squares methods that require processing all data at once, RLS
updates estimates incrementally, making it well-suited for real-time applications
where data arrives sequentially and processing time is critical. The principle
behind RLS involves maintaining an estimate of the parameter vector and an
associated covariance matrix, which encapsulates uncertainty in parameter
estimates. With each new data point, RLS updates these estimates using the
Kalman filtering framework, adapting the estimates to changes in the underlying
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Figure 3.2 The framework of the proposed estimation algorithm.
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system dynamics. This adaptability makes RLS particularly effective in tracking
time-varying parameters and handling nonstationary data, characteristics often
encountered in fields such as adaptive signal processing, control systems, and
financial modeling. One of the key advantages of RLS lies in its ability to provide
optimal estimates with minimal computational resources compared to batch
methods. By leveraging the recursive nature of the algorithm and updating
estimates based only on recent data, RLS achieves efficient parameter tracking
and prediction. Moreover, RLS offers superior numerical stability compared
to other online estimation techniques, such as stochastic gradient descent, by
incorporating the covariance matrix to regulate parameter updates and mitigate
the effects of noise and outliers in the data. Applications of RLS span various
domains, including adaptive filtering for noise reduction in signals, system
identification for model parameter estimation in control systems, and adaptive
equalization in telecommunications. Its versatility and efficiency have made RLS
a cornerstone in real-time processing tasks where accurate and timely parameter
estimation is crucial. Ongoing research continues to enhance RLS by integrating
it with advanced machine learning techniques, exploring adaptive strategies
for covariance matrix updates, and extending its applicability to large-scale and
distributed systems. As such, RLS remains a foundational tool in the arsenal of
techniques for dynamic parameter estimation and adaptive signal processing in
modern technological applications. The main steps of the RLS algorithm [51] are
presented as follows:

The output information of the system &(¢) and the information of the regression
vector w(t) are first obtained.

Calculate the error 5(t) using Eq. (3.11).

n(®) = &(t) — " (a(t) (3.11)

The gain vector 6(¢) and covariance matrix W(¢) can be updated using Egs. (3.12)
and (3.13), respectively.

Yt - Da(t)

o) = T O = DD (3.12)
_1 L Y- Do (Hw(®P(t - 1)
o= A He-1) A+ oT(OP(t — Do(t) (3.13)
a(t) is estimated using Eq. (3.14).
a(t) = a(t —1) + 6(t)n(t) (3.14)

In Egs (3.12) and (3.13), 4 is referred to as the forgetting factor. Note that 4
is commonly taken in the interval (0.9, 1) [52], and we set it to be 0.99 in this
study.
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The vehicle mass parameter can be updated dynamically to improve the accu-
racy of the vehicle model. Based on this more accurate vehicle model, we estimate
sideslip angle and tire cornering stiffness using the RCKF algorithm with a T-S
fuzzy system.

To estimate the sideslip angle and tire cornering stiffness using discrete mea-
surements, the continuous-time vehicle model is discretized.

{x9+1 =[x, ug) +w,

(3.15)
g4 = h(x9+1’ u0+1) + V41

where f(-) is the state transition function, 6 represents the index of intervals,
i.e. the 0th At, At is a sampling interval, h(-) is the output function, w, is the
System process noise, the covariance matrix of the process noise is Qy, v, ; is
the system measurement noises, and the covariance matrix of the measurement
noises is Ry, ;. In this study, we assume that these noises follow a Gaussian
distribution. z,,, = [a,,,,]" is the measurement vector, and the system state
vector is denoted by x, 1 = [ 1, Cyrp415 Cpro 1]7. The nonlinear system can be
calculated as

Ler,,
By + |2C,p0 (89 — By — 22 ) cos 6, +
ﬂ vx,B
0+1 rrx,B

Cyroa1 | = | 2Cyro v, =By | —reomvy | At/mv, (3.16)
Cyron *
yr.0+ Cyf,é’

Cyr,0

Y

F,,cos0 +F,
u] At (3.17)

a =a,,+
y,0+1 .60 [ m

The CKF stands as a pivotal advancement in nonlinear state estimation,
overcoming the limitations of the traditional EKF. Developed in response to
the growing need for accurate estimation in systems exhibiting significant
nonlinearities, CKF utilizes sigma-point filters to approximate the posterior dis-
tribution of state variables without resorting to linearization. Unlike EKF, which
hinges on linear approximations prone to inaccuracies in nonlinear regimes,
CKF integrates deterministic cubature rules or other sigma-point methods to
propagate and update state estimates robustly through nonlinear process and
measurement models. This approach not only enhances estimation accuracy by
more faithfully approximating the true posterior distribution but also improves
computational efficiency by circumventing the need for Jacobian matrices
and numerical differentiation, thereby catering to real-time applications in
domains such as robotics, aerospace, automotive, and finance. The theoretical
underpinnings of CKF involve selecting sigma points based on the current
state estimate and covariance, followed by predicting the state using nonlinear
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process models and propagating these sigma points through the state function.
Subsequently, the algorithm estimates the covariance of the predicted state and
incorporates measurement information to update the state estimate, thus refining
the estimation accuracy iteratively. This methodological framework, rooted in the
principles of sigma-point filters, has revolutionized state estimation by offering
a more robust alternative to traditional methods, particularly in scenarios where
nonlinear dynamics prevail.

Advantages of CKF include its ability to handle highly nonlinear systems more
effectively than EKF, ensuring better accuracy without sacrificing computational
efficiency. This capability has fueled its widespread adoption across diverse
fields, including robotics for localization and navigation, aerospace for satellite
trajectory prediction and attitude determination, automotive for autonomous
vehicle control in dynamic environments, and finance for forecasting market
trends based on nonlinear dynamics. Despite its strengths, CKF faces challenges
such as complex implementation requiring careful sigma-point selection and
assumptions of Gaussian distributions, which may not always hold true in
practice, potentially affecting estimation accuracy. Recent developments in CKF
research focus on enhancing adaptability through adaptive sigma-point selection
strategies, integrating with deep learning techniques to improve estimation
performance in complex scenarios, and exploring parallelization methods to opti-
mize computational efficiency for real-time applications. As these advancements
continue to evolve, CKF remains at the forefront of nonlinear state estimation,
pushing boundaries and setting new standards in accuracy, reliability, and
applicability across a wide range of dynamic systems and environments. Based on
the RCKF framework [53], the iterative procedure of the RCKF with a T-S fuzzy
system is depicted as follows.

3.3.2.1 Initialization
Xy = E(xp) (3.18)

Py =E [(x — %)X — %) ] (3.19)

where E is a mathematical expectation and P is the covariance matrix of x.
The cubature sampling points z; can be updated using Eq. (3.20), and weight ¢,
isequal to %

1 0)(-1 0
ol lol]o 0

b= =S 1ON 0 L) i=1,2,...c, c=2n (3.20)
c 211: : : :
0 il{ o -1

where n is the dimension of x and c is the total number of cubature points.

81



82| 3 Ego-Vehicle State Estimation with Unknown Noise and Parameter Perturbations

3.3.2.2 Time Update
Singular value decomposition of P, _,,,_, is computed as

S0
Pyp_1/p-1=U [0 0] Vi (3.21)
Py 1/9-1= U€—l/9—159—1/0—1V9T_1/9_1 (3.22)

where S is a diagonal matrix and P, _,,_, is the symmetric covariance matrix.

The cubature points can be obtained from Eq. (3.23)
0] 5
)(91_1/9_1 = Sp_1/9-1Ti + Xg_1/0-1 (3.23)

where X,_, o_; is the estimated state at a time step 6 — 1. ;(;’21 /o1
point of Xo_; o_;.
The propagated cubature points can be calculated via Eq. (3.24)

() _ @)
Xoso—r =1 (%—1/9—1’”0—1) (3.24)

Xp/9—1 and Py, _; are updated using Egs. (3.25) and (3.26), respectively.

is the cubature

c
. 0
Rojo-1 = D Pido ) jon (3.25)
i=1
c
0] ()T % T
Pyrg_1 = Zd)i)(;/lg_1)(9/lg_1 —Xg/9-1%9/9-1 + Qo1 (3.26)
i=1

3.3.2.3 Measurement Update
Singular value decomposition of Py, _, is calculated as
Pyro_1 = Uygsg-159/0-1 V9T/9_1 (3.27)
The cubature points can be calculated using Eq. (3.28)
0] 2
191/9_1 = Sg/9-17; T X991 (3.28)

The propagated cubature points can be given by Eq. (3.29)
() _ (i)
20/0—1 =h (19/9_1’ ug) (3.29)

The predicted measurement vector Z,,,_; can be computed via Eq. (3.30). The
innovation covariance matrix P, ,,_, and the cross-covariance matrix P, g,y _;
are updated by Egs. (3.31) and (3.32), respectively.

c
5 ()
<p/0-1 = Z¢izgl_1/9_1 (3.30)
i=1

c
O LOT 4 AT
Projo-1 = Z¢izﬁl/9—lz€l/9—l = Z9r0-12p/0-1 T Ry (3.31)
i=1
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c
_ @) \OT o sT
Peoso1 = Z‘i’i)fel/e—1zel/e—1 —X/0-1%9/9-1 (3.32)
i=1

The gain matrix W, can be calculated using Eq. (3.33) and the updated state %, ,
can be calculated using Eq. (3.34).

Wy = sz,e/e—lpz_ég/g_l (3.33)
Xos0 = Xgj9-1 + Wo(Zg = Z9/9-1) (3.34)

In the measurement update step, error covariance Py, needs to be further
updated using H, filter (see Eq. (3.35)).

Pe/e = P9/0—1 - [sz,9/9—1 P9/9—1]

T
Prop1—Ro+1 Proso-1 " Paojo (3.35)
Po/0-1 Pyjg_ — 7’1 Pg/o—1

where I represents an identity matrix.

To ensure the existence of H,, filter, P, must be positive definite, which is
determined by y (see Eq. (3.36)). As described in reference [54], y should meet
the following inequality.

-1 _ p-1 Tp-1 2
Pyly =Pyl + Hi Ry ' Hy = y*1 > 0 (3.36)

-1
y? > max {eig(P;/le_l +H, R, Hg) } (3.37)

where max{eig(-)~!} is referred to as the maximum eigenvalue of the matrix. Thus,
the value y can be obtained from Eq. (3.38)

-1
y? = Qmax {eig(P{;/lb,_1 + H(JTR;1H9> } (3.38)

where Q is as scalar larger than one.
According to the reference [55], we can approximate the linearized measure-

ment equation H, = 9_/19_1sz,9 /61 and substitute it into Eq. (3.38) to derive

T -1
y? = Qmax {eig <P6/10_1 + Py o 1 Prgjoi Ry P;/lg_lPH,e/eq] ) }

(3.39)
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Also, the process noise variance matrix Q, should be adaptively adjusted
in the RCKF algorithm. Referring to the relevant conclusions in [56], we propose
the adjustment method of Q, as follows:

Qg,new = P(e)Qg,gld (3.40)

where p is a positive number. p takes a large value if the difference between the
actual measured value and their estimated values is large; otherwise, it takes a
small value. As shown in Eq. (3.40), it is challenging to select p, which is associated
with e. e is computed via Eq. (3.41).

e=(gy— 29/9_1)T(Zg - 29/9_1) (3.41)

A fuzzy system is used to adaptively adjust the parameter p, which helps improve
the estimation accuracy. To implement the fuzzy inference system, three fuzzy sets
are considered as S = small, M = medium, and B = big. The membership function
is shown in Fig. 3.3.

A T-S fuzzy system is used to adjust the process noise variance matrix Q, with
the general rules as

Rj: If x, is Aj1 and x, is Aj2 and ... and x,, is AJ,;, then Y =fj(X)j =1,2...M,
X = (%), %5, X3, ... X,)7

where x; is the input variable, i = 1, 2- - i, AJI: is the fuzzy subset, M is the total
number of fuzzy rules, f;(-) is a consequent function of rule R;, and y; is the output.
The degree of activation of the jth rule is given by

p(X) = H“A’;(xi) (3.42)

where u,;(x;) is the membership function of x; in Ajl: .

“ - ~r I'

—_

Degree of membership

Figure 3.3 Membership function for fuzzy rules.



3.3 Fuzzy Adaptive Robust Cubature Kalman Filter for Vehicle State Estimation | 85

The output Y is computed by aggregating the individual rule’s contributions.

M
Y COL0
Y(X) = FlM— (3.43)

Zﬂj(X)
j=1

In this work, we define three rules as follows:

R, : Ifeis small theny,(e) = 0.3
R, : Ifeis medium then y,(e) = 1
R, : Ifeisbigtheny,(e) =3

The updated formula for final p is given by

3
> ue)y,e)

ple) = ’=13— (3.44)

> uy(e)
t=1

Based on the fuzzy rules and membership functions, Q, can be adaptively
updated. The pseudocode of the FARCKF algorithm is provided by Algorithm 3.1.

Algorithm 3.1 FARCKF Algorithm

Initialize: Set X, = E(x,) Py = E [(x, — %)% — o) ]

The cubature sampling points 7; and weights ¢, can be updated using Eq. (3.20).
1: for0 < 0to T do
2: Estimate vehicle mass parameter using Eqgs. (3.11)~(3.14)

3: for each time update process do
4: Singular value decomposition P,_; ,,_; using Egs. (3.21) and (3.22)
5: Calculate the cubature points using Egs. (3.23) and (3.24)
6: Estimate %, ,_; and P, ,_; using Eqs. (3.25) and (3.26)
7: end for
8: for each measurement update process do
9: Singular value decomposition Py ,_; using Eq. (3.27)
10: Calculate the cubature points using Egs. (3.28) and (3.29)
11: Calculate 2y p_1, Py g/p-1, and Py, o /_; using Egs. (3.30)~(3.32)
12: Calculate W, and )?9/9 using Egs. (3.33) and (3.34)
13: Further update the error covariance Py, using Eq. (3.35)
14: end for
15: Update process noise variance matrix Q, using Eqgs. (3.40) and (3.41) and
(3.44)

16: end for
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3.3.3 Simulation and Experiment Tests

To validate the effectiveness of the FARCKF method, comprehensive CarSim-
MATLAB simulations and real-world vehicle experiments were conducted. The
study compared FARCKF against other methods like CKF, RCKF, and ARCKF
(RCKF with vehicle mass estimation) in estimating sideslip angle and tire cor-
nering stiffness. In both simulation and real vehicle tests conducted on dry and
wet asphalt roads, FARCKF consistently demonstrated superior performance.
The DGPS provided accurate reference values for sideslip angle measurements,
while tire cornering stiffness reference values were sourced from suppliers. The
simulations and experiments underscored FARCKF’s capability to dynamically
adjust vehicle mass parameters using RLS, enhance accuracy through the RCKF,
and adapt process noise with the T-S fuzzy system. These features collectively
improved estimation accuracy under varying road conditions, highlighting
FARCKF’s potential for enhancing vehicle control and safety systems in practical
applications.

3.3.3.1 Double Lane Change Test on High Friction Coefficient Road

The tire-road friction coefficient remains constant at 0.85, while the initial vehicle
speed is set at 40 km/h for this test scenario. Figs. 3.4 and 3.5 illustrate the dynamic
behaviors of the vehicle speed, front wheel angle, and lateral acceleration. Anal-
ysis of these figures reveals minimal fluctuation in vehicle speed throughout the
test period. Notably, the evolutions of the front wheel angle and lateral accelera-
tion exhibit striking similarities, showcasing nearly identical patterns over time.
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=
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Figure 3.4 Vehicle speed on high friction coefficient road.
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Figure 3.5 Lateral driving condition on high friction coefficient road.

This synchronous behavior underscores the coordinated response of the vehicle’s
steering and lateral dynamics under the specified testing conditions.

To assess the accuracy of the vehicle mass estimation algorithm, we initialized
the vehicle with a nominal mass of 1195 kg, while the actual mass of the vehicle
is 995kg. Figures 3.6 and 3.7 present detailed dynamics of the vehicle mass
estimation and associated parameters throughout the experimental period.
In Fig. 3.6, the vehicle mass estimation curve exhibits a rapid decline during
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Figure 3.6 Vehicle mass estimation on high friction coefficient road.
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Figure 3.7 The parameter on high friction coefficient road.

the initial 0-3.1 seconds, reflecting the algorithm’s adjustment phase to match the
actual vehicle mass. Subsequently, the curve stabilizes with slight fluctuations
around the reference value of 995kg, ultimately converging to this value. This
behavior illustrates the algorithm’s capability to adapt and correct its estimate
over time, showcasing its effectiveness in accurately estimating the true vehicle
mass despite initial discrepancies. Figure 3.7 focuses on the initial conditions
of the estimated sideslip angle and tire cornering stiffness, which are initialized
with random values. Consequently, there is a noticeable deviation between the
predicted and measured values of lateral acceleration at the beginning of the sim-
ulation. This discrepancy underscores the algorithm’s transient response as
it initializes and calibrates these parameters based on real-time data inputs
and model predictions. These figures collectively demonstrate the algorithm’s
ability to converge toward accurate estimations of vehicle mass and dynamic
parameters over time, highlighting its reliability in practical applications for
vehicle dynamics and control. Therefore, the value of p is relatively large at the
beginning. As the estimation error decreases, p is rapidly reduced to a small value.
In the subsequent estimation process, if there is an error between the estimated
value and the true value of the lateral acceleration, p can dynamically adjust its
value such that the estimation accuracy can be guaranteed.

The estimation results of front tire cornering stiffness and rear tire cornering
stiffness obtained from the RLS, RCKF, ARCKF, and FARCKF methods are
compared in Figs. 3.8 and 3.9. RLS serves as a benchmark method for estimating
tire cornering stiffness, making it a suitable comparison reference instead of the
CKF. In the experiments, we consistently use RLS alongside our methods to
evaluate the effectiveness of tire cornering stiffness estimation across varying
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Figure 3.8 Front tire cornering stiffness estimation on high friction coefficient road.
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Figure 3.9 Rear tire cornering stiffness estimation on high friction coefficient road.

operational conditions. Figures 3.8 and 3.9 illustrate that the estimated front tire
cornering stiffness achieved by the FARCKF algorithm converges to approxi-
mately 40,500 N/rad, while the estimated rear tire cornering stiffness approaches
about 35,200 N/rad. These values closely align with the reference measurements.
Notably, the FARCKF method demonstrates the closest proximity to the refer-
ence values compared to other methods. Moreover, the ARCKF method also
exhibits superior estimation accuracy compared to RCKF. This enhancement
can be attributed to ARCKF’s capability to dynamically update the vehicle mass
parameter during the estimation process. In contrast, RCKF utilizes a static
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mass parameter, which can lead to less accurate estimates, especially under
varying vehicle conditions. The effectiveness of ARCKF and FARCKEF lies in their
adaptive mechanisms, particularly in adjusting to real-time changes in vehicle
dynamics and environmental conditions. This adaptability ensures that the
estimation algorithms can maintain accuracy even when faced with uncertainties
or variations in the operational environment. By continuously updating the
vehicle mass parameter and employing robust filtering techniques, ARCKF and
FARCKF not only enhance the precision of tire cornering stiffness estimation
but also improve the overall reliability of vehicle state estimation in dynamic
scenarios. These advancements underscore the practical utility of adaptive and
robust estimation methods in modern vehicle dynamics and control applications.

The sideslip angle estimation results obtained from the CKF, RCKF, ARCKF,
and FARCKF methods are presented in Fig. 3.10. This figure provides a visual
comparison of how each method performs in estimating the sideslip angle
under controlled conditions. To quantitatively assess the performance, Table 3.3
displays the Mean Absolute Error (MAE) and RMSE metrics for each estimation
method. These metrics are crucial for evaluating the accuracy and reliability of
the estimation algorithms. It is observed that the ARCKF method consistently
outperforms both RCKF and CKF in terms of estimation accuracy, as indicated
by lower MAE and RMSE values. The FARCKF method, incorporating a fuzzy
adaptive approach to adjust the process noise dynamically, further enhances the
estimation accuracy compared to ARCKF. Specifically, Table 3.3 highlights that
the FARCKF achieves MAE and RMSE values of 0.0160 and 0.0166, respectively.
These metrics indicate a significant improvement in sideslip angle estimation
accuracy, demonstrating at least a 54% enhancement compared to CKF and
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Figure 3.10 Sideslip angle estimation on high friction coefficient road.
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Table 3.3 Estimation error on high friction
coefficient road.

Symbol MAE RMSE
CKF 0.0660 0.0662
RCKF 0.0349 0.0366
ARCKF 0.0221 0.0230
FARCKF 0.0160 0.0166

RCKF. The superiority of FARCKF can be attributed to its ability to adaptively
adjust the filtering parameters based on real-time sensor data and environmental
conditions. By dynamically tuning the process noise parameters through a fuzzy
logic framework, FARCKF mitigates the impact of uncertainties and disturbances,
thereby improving the robustness and accuracy of sideslip angle estimation.

3.3.3.2 Double Lane Change Test on Low Friction Coefficient Road

The tire-road friction coefficient is set to 0.2, and the initial vehicle speed is
30km/h. Figure 3.11 visually illustrates the dynamic evolution of the vehicle
speed throughout the test period. It is evident from the figure that the vehicle
speed undergoes significant fluctuations, characteristic of low-friction road
conditions where traction is limited. In Fig. 3.12, the variations in the front wheel
angle and lateral acceleration are presented. These curves differ notably from
those depicted in Fig. 3.5, which showcased data from a higher friction coefficient
road. On low-friction surfaces, vehicles tend to operate more frequently within
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Figure 3.11 Vehicle speed on low friction coefficient road.
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Figure 3.12 Lateral driving condition on low friction coefficient road.

nonlinear regimes, where small changes in conditions can lead to pronounced
effects on vehicle dynamics. The front wheel angle and lateral acceleration curves
in Fig. 3.12 exhibit non-consistent patterns. Concurrently, the lateral acceleration
fluctuates more prominently, underscoring the dynamic challenges imposed by
the low friction coefficient environment.

The estimated vehicle mass curve drops rapidly from 0 second to about 3.9 sec-
onds and then gradually stabilizes around 995kg, as shown in Fig. 3.13. The
dynamic change of parameter p in the FARCKF algorithm is shown in Fig. 3.14.
At the beginning of the simulation, since the initial values of the estimated
sideslip angle and tire cornering stiffness are three random numbers, there is a
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Figure 3.13 Vehicle mass estimation on low friction coefficient road.
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Figure 3.14 The parameter on low friction coefficient road.

large deviation between the measured value and the predicted value of the lateral
acceleration. Therefore, the value of the parameter p is relatively large at the
beginning of the simulation. Different from Fig. 3.7, p has multiple larger values
in Fig. 3.14, which indicates that the larger estimation error occurs more than
once in the subsequent estimation process.

The estimation results of front and rear tire cornering stiffness from various
methods are analyzed in Figs. 3.15 and 3.16. The figures illustrate that the
FACKF algorithm achieves a convergence of approximately 37,670 N/rad for front
tire cornering stiffness and about 32,740 N/rad for rear tire cornering stiffness.
Notably, the estimated values obtained by FARCKEF closely approach the reference
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Figure 3.15 Front tire cornering stiffness estimation on low friction coefficient road.
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Figure 3.16 Rear tire cornering stiffness estimation on low friction coefficient road.

values, demonstrating its superior accuracy in comparison to CKF, ARCKF, and
ARKF methods. On low friction coefficient roads, as depicted in these figures,
the curves depicting tire cornering stiffness estimation exhibit more pronounced
fluctuations compared to those observed on higher friction coefficient roads. This
variability is attributed to the vehicle operating within nonlinear regions more
frequently on low-friction surfaces. The dynamic nature of tire behavior under
these conditions necessitates robust estimation techniques to accurately capture
and predict tire cornering stiffness variations.

Figure 3.17 further validates the effectiveness of the FARCKF method by
illustrating its estimation curve in close proximity to the reference values,
outperforming CKF, ARCKF, and ARKF. Table 3.4 provides MAE and RMSE
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Figure 3.17 Sideslip angle estimation on low friction coefficient road.
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Table 3.4 Estimation error on low friction
coefficient road.

Symbol MAE RMSE

CKF 0.1001 0.1022
RCKF 0.0537 0.0560
ARCKF 0.0431 0.0455
FARCKF 0.0255 0.0286

metrics for comparison. The proposed FARCKF algorithm achieves MAE and
RMSE values of 0.0255 and 0.0286, respectively, indicating significant improve-
ments in estimation accuracy for tire cornering stiffness compared to traditional
CKF and RCKF methods. Specifically, the FARCKF method enhances sideslip
angle estimation accuracy by over 48%, highlighting its robustness and supe-
rior performance across different road friction conditions. Furthermore, the
consistency in estimation accuracy between sideslip angle and tire cornering
stiffness under varying road friction coefficients underscores the robustness of
the FARCKF method. This resilience suggests that FARCKF effectively adapts to
changes in tire-road friction coefficients, crucial for maintaining reliable vehicle
dynamics estimation in diverse driving environments.

3.3.3.3 The Real Vehicle Test on the Dry Asphalt Road
In the double lane change test, the steering control of the vehicle is completed
by an experienced driver. Figure 3.18 shows the dynamic change of vehicle speed
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Figure 3.18 Vehicle speed on dry asphalt road.

95



96

3 Ego-Vehicle State Estimation with Unknown Noise and Parameter Perturbations

3 T T

- Front wheel angle (deg)
----- Lateral acceleration (m/s?)

Lateral condition

Time (s)

Figure 3.19 Lateral driving condition on dry asphalt road.

during the test. The fluctuation of the vehicle speed is larger than that of the sim-
ulation. This is because it is difficult for the driver to ensure the stability of the
vehicle speed when steering. The front wheel angle and lateral acceleration are
shown in Fig. 3.19. Similar to Fig. 3.5, the trends of the two curves are almost
identical.

Figures 3.20 and 3.21 show the dynamic variations of the vehicle mass estima-
tion and the parameter p. The real vehicle mass is 995kg, so the initial vehicle
mass is set to be 995 kg in the estimation process. Three experimenters are loaded
on the electric vehicle, whose total mass is 195kg. Thus, the total mass of the
vehicle and the experimenters is 1190 kg. From Fig. 3.20, we can observe that the
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Figure 3.20 Vehicle mass estimation on dry asphalt road.
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Figure 3.21 The parameter on dry asphalt road.

estimated vehicle mass curve rises rapidly from 0 second to 3.6 seconds and then
gradually stabilizes around 1190 kg. In Fig. 3.21, at the beginning of the experi-
ment, since the initial values of the estimated sideslip angle and tire cornering
stiffness are three random numbers, there is a large difference between the mea-
sured value and the predicted value of the lateral acceleration. Therefore, the value
of the parameter p is relatively large at the beginning.

The estimated tire cornering stiffness curves reveal slight fluctuations, under-
scoring the challenges associated with achieving smooth and consistent steering
using manual control methods. As illustrated in Figs. 3.22 and 3.23, the applica-
tion of the FARCKF algorithm demonstrates its capability to effectively converge
toward precise estimates of tire properties. Specifically, the algorithm successfully
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Figure 3.22 Front tire cornering stiffness estimation on dry asphalt road.
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Figure 3.23 Rear tire cornering stiffness estimation on dry asphalt road.

converges to an estimated front tire cornering stiffness of 44,800 N/rad and a rear
tire cornering stiffness approaching 38,800 N/rad. These values closely approxi-
mate the reference values derived from extensive simulation tests, validating the
algorithm’s robustness and accuracy in estimating critical parameters crucial for
vehicle dynamics and control. Moreover, the comparison between estimated and
reference values highlights the FARCKF algorithm’s superior performance in
minimizing estimation errors, thereby enhancing the reliability of vehicle state
prediction and control strategies. By mitigating fluctuations in estimated tire
characteristics, the algorithm contributes significantly to improving the overall
stability and responsiveness of the vehicle under varying driving conditions. Fur-
thermore, the alignment between estimated and simulated results underscores
the algorithm’s ability to adapt to real-world complexities and variations, such as
dynamic changes in tire behavior due to road conditions and vehicle load.

In Fig. 3.24, the estimated sideslip angle curves are not smooth. This is due to
the fact that manual steering cannot achieve smooth and steady steering. The MAE
and RMSE of different estimation methods are shown in Table 3.5. The MAE and
RMSE indexes of the proposed algorithm are 0.0166 and 0.0178, respectively. The
estimation accuracy of the sideslip angle is at least improved by more than 62%
compared with the existing CKF and RCKF. In summary, the errors of other esti-
mation methods are larger than that of our proposed algorithm since they do not
take into account the dynamics of the vehicle mass parameter or the process noise
parameter. During the real-world vehicle experiments, an adept driver executes
the lane-changing maneuver, as showcased in Fig. 3.21. The dynamic alteration
of the steering wheel angle is visibly more pronounced compared to the simula-
tion test. This is because the driver cannot perform smooth and stable steering
maneuvers like a virtual driver in a simulation test.
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Figure 3.24 Sideslip angle estimation on dry asphalt road.

Table 3.5 Estimation error of sideslip angle
on dry asphalt road.

Symbol MAE RMSE

CKF 0.0699 0.0706
RCKF 0.0464 0.0478
ARCKF 0.0322 0.0332
FARCKF 0.0166 0.0178

3.3.3.4 The Real Vehicle Test on the Wet Asphalt Road
Figures 3.25 provides a visual representation of the dynamic variations in vehi-
cle speed observed during the testing phase. It is noteworthy that the fluctua-
tions in vehicle speed are notably greater than those observed in simulations. This
discrepancy underscores the complexities and unpredictable nature of real-world
driving conditions compared to controlled simulation environments. In Fig. 3.26,
the plots of front wheel angle and lateral acceleration further highlight the chal-
lenges encountered during testing. Unlike the trends depicted in Fig. 3.19, these
curves exhibit inconsistencies and deviations. The irregularities stem from the
vehicle’s operation on a wet asphalt road, where conditions often push the vehi-
cle into nonlinear operating regimes. Such conditions introduce variable friction
coefficients and unpredictable surface interactions, significantly influencing the
vehicle’s handling dynamics.

The estimated vehicle mass curve rises rapidly from 0 second to 5.2 seconds
and then gradually stabilizes around 1190 kg, as shown in Fig. 3.27. The dynamic
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Figure 3.25 Vehicle speed on wet asphalt road.
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Figure 3.26 Lateral driving condition on wet asphalt road.

change of parameter p in the FARCKF algorithm is shown in Fig. 3.28. Similar
to Fig. 3.21, p is very large at the beginning of the test. However, p also reaches
larger values more than once in the subsequent estimation process. It shows the
larger estimation error occurs more than once when a double lane change test
is performed on a wet asphalt road. The estimation results of tire cornering stiff-
ness obtained from different methods are compared in Figs. 3.29 and 3.30. The
estimated value of front tire cornering stiffness using the FARCKF algorithm can
converge to 43,900 N/rad and the estimated value of rear tire cornering stiffness
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Figure 3.27 Vehicle mass estimation on wet asphalt road.
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Figure 3.28 The parameter on wet asphalt road.

converges to 38,000 N/rad. The estimated value of FARCKF is also closest to the
reference value.

In Fig. 3.31, the plots depicting estimated sideslip angles reveal noticeable
irregularities, characterized by non-smooth curves. This phenomenon arises
due to the inherent limitations of manual steering, which struggles to maintain
consistent smoothness and stability during maneuvers. Table 3.6 provides a
comparative analysis of MAE and RMSE metrics across various estimation
methods. For our proposed algorithm, the MAE and RMSE values are recorded as
0.0142 and 0.0208, respectively. These results signify a significant enhancement
in sideslip angle estimation accuracy—improving by more than 54% compared
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Figure 3.29 Front tire cornering stiffness estimation on wet asphalt road.
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Table 3.6 Estimation error of sideslip angle
on wet Asphalt road.

Symbol MAE RMSE

CKF 0.0869 0.0925
RCKF 0.0349 0.0456
ARCKF 0.0269 0.0373
FARCKF 0.0142 0.0208

to conventional CKF and RCKF methods. This improvement underscores the
efficacy of our approach in accurately predicting vehicle dynamics, crucial for
advanced driver assistance systems and vehicle stability control. Moreover, the
consistency in estimation accuracy between sideslip angle and tire cornering stiff-
ness across different frictional road conditions is notable. This suggests that the
FARCKF method exhibits robustness against variations in the tire-road friction
coefficient.

3.4 Hybridizing Physical and Data-Driven Methods
for Vehicle State

This section introduces an innovative approach known as the FTEKFNet,
designed to enhance vehicle state estimation by integrating both physics-based
principles and data-driven methodologies. At its core, FTEKFNet leverages
the iterative framework of the FTEKF, augmenting it with a pre-trained ANN.
This neural network plays a pivotal role by directly predicting the Kalman
gain, which is then seamlessly integrated into the FTEKF structure to form
FTEKFNet. The key innovation of FTEKFNet lies in its ability to address chal-
lenges such as unknown noise characteristics and data loss, which are prevalent
in real-world scenarios. By employing the predictive capabilities of the neural
network, FTEKFNet offers robust solutions that adapt to varying levels of noise,
including colored noise typically encountered in practical applications. Experi-
mental validations conducted under diverse conditions underscore the efficacy
of FTEKFNet. These tests demonstrate its capacity to handle uncertainties
in real-time data streams, ensuring reliable vehicle state estimation even in
challenging operational environments. By simultaneously mitigating the impact
of unknown noise sources and accommodating data loss scenarios, FTEKFNet
enhances the overall reliability and adaptability of vehicle state estimation
systems.
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3.4.1 Vehicle Model and Problem Statement

In prior approaches to vehicle state estimation, the yaw rate of the vehicle has often
been the primary parameter of interest. However, with advancements in automo-
tive electronics technology, obtaining the yaw rate has become straightforward due
to the availability of highly integrated on-board gyroscopes [57]. Consequently,
our focus shifts to estimating the longitudinal velocity and sideslip angle, which
are crucial for comprehensive vehicle dynamics analysis. To achieve this, we uti-
lize the bicycle model, a widely accepted representation for capturing the dynamic
response of a vehicle. The bicycle model, a simplified representation of vehicle
dynamics, relies on several key assumptions to characterize the behavior of a
vehicle. It represents the vehicle with two wheels, one at the front and one at the
rear, assuming lateral symmetry, which means the left and right sides of the vehi-
cle behave identically. The vehicle body is considered rigid, with no deformation
under load, and small angle approximations are used, allowing for linear approxi-
mations of trigonometric functions. The forces generated by the tires are assumed
to be linear with respect to slip angle and slip ratio within a certain range, and
parameters such as tire stiffness, vehicle mass, and moments of inertia are consid-
ered constant during the analysis. Vertical load transfer between wheels during
acceleration, braking, or cornering is typically neglected, as are aerodynamic
effects such as drag and downforce. The model also assumes that changes in the
steering angle are instantaneous, with no lag or delay. By relying on these assump-
tions, the bicycle model provides a tractable and effective means of analyzing
vehicle dynamics, particularly for control design and state estimation purposes.
Figure 3.32 provides a visual representation of the bicycle model, illustrating its
key components and layout. The mathematical foundations of the bicycle model
are detailed in Egs. (3.45)-(3.47). These equations describe the relationships
between various dynamic parameters, including forces, velocities, and angles, pro-
viding a basic model for estimating the longitudinal velocity and sideslip angle. By
employing this model, we can accurately characterize the vehicle’s behavior under
different driving conditions, enhancing the precision of our state estimation.

AY Figure 3.32 The bicycle
model.
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where § is sideslip angle, v, represents longitudinal vehicle velocity, C; and C, are
the front and rear tire cornering stiffnesses, a and b are distances from the center
of gravity to front axle and rear axle, a, and a, are longitudinal acceleration and
lateral acceleration, m is vehicle mass, 6 is front wheel steering angle, r is yaw rate,
L is wheelbases, v, is lateral vehicle velocity, Fxf, Fyf are longitudinal and lateral
forces of the front axle, F,,, F,, are longitudinal and lateral forces of the rear axle.

In this approach, the front wheel steering angle, longitudinal acceleration, and
yaw rate are utilized as input variables, while lateral acceleration is employed
as the measured output variable. The system state is characterized by two pri-
mary variables: longitudinal velocity and sideslip angle. These variables are crucial
for understanding and predicting the vehicle’s dynamic behavior under various
driving conditions. However, it is important to acknowledge that onboard sen-
sors, which provide these measurements, are subject to external influences such as
electromagnetic interference and mechanical vibrations. These factors can lead to
occasional data loss or inaccuracies in the sensor readings, posing a challenge for
the controller to maintain accurate state estimation. Considering this influence,
we establish the state-space equations with data loss as follows.

XT zf(XT—l’ uT—l) + Wr—l
Z, =nhX,u,)+V,
X, =1pv])". 2, =la,]"u, =1[r,6,a]"

(3.48)

where W _ represents a process noise with a covariance of Q,, V_ signifies a mea-
surement noise with a covariance of R, f denotes the state transition function, =
corresponds to the sampling instant, h represents the measurement output func-
tion, X, stands for the state vector, and both the process noise and measurement
noise are assumed to be uncorrelated. The measurement vector with data loss is
represented by Z,, u, is the input vector, n, = diag {el,&2,... 8}, el(i=1,2...8)
are g-independent random variables. Furthermore, diag{-} is a diagonal matrix,
and &l represents the probability density function. The initial state is assumed to
be independent of all noise signals.

In the context of nonlinear system state estimation based on the aforemen-
tioned model, it is typically assumed that comprehensive knowledge is available
regarding the model described by Eq. (3.48). However, in practical applications,
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both the process noise and the measurement noise are often time-varying, which
introduces significant complexities. Moreover, the common assumption that
these noises follow a Gaussian white noise distribution does not always hold
true in real-world scenarios, where colored noise is also prevalent. This indicates
that our understanding of the model described by Eq. (3.48) is actually partial
and imperfect. In addition to the challenges posed by time-varying and colored
noise, the loss of measurement data is a frequent occurrence that directly impacts
the accuracy of state estimation. These factors underscore the need for a robust
and adaptable filtering algorithm capable of handling such uncertainties and
data imperfections. To address these challenges and achieve high-precision
vehicle state estimation, we propose a unified filtering algorithm that combines
the FTEKF with an ANN. This hybrid approach, termed FTEKFNet, leverages the
strengths of both methods. The FTEKF provides a robust framework for dealing
with model uncertainties and noise, while the ANN enhances the system’s
adaptability and predictive capabilities by learning from data. By integrating
these two methodologies, FTEKFNet is capable of accurately estimating vehicle
states even under challenging conditions characterized by time-varying noise,
colored noise, and data loss. This innovative approach ensures that the estimation
process remains reliable and precise, thereby improving the overall performance
and safety of vehicle control systems in real-world applications.

3.4.2 Methodology

In this section, the architecture of FTEKFNet will be comprehensively outlined.
The overall structure of the FTEKF and its multiple functional modules will be
presented first. In addition, detailed explanations of model training and data col-
lection will then be provided. Compared to the traditional EKEF, it is crucial for the
FTEKF to be able to deal with the state estimation problem under data loss by first
developing a state-space model that takes into account data loss, i.e. Eq. (3.48).
Subsequently, the formulas for the Kalman filter gain, the posterior state update,
and the covariance matrix computation are rederived based on the new state-space
model. Therefore, the initialization and time update steps of the FTEKF are the
same as those of the conventional EKF, while there are significant differences in
the measurement update step. The FTEKF unfolds through the following iterative
steps.

3.4.2.1 |Initialization
j(o = E(Xo) (3.49)
Py=E[X, - X)X, —Xp)"] (3.50)

where E is a mathematical expectation and P is the covariance matrix.
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3.4.2.2 Time Update
Prediction of states

th'—l =X 1jem1> Yrmem1) (3.51)
Prediction of the covariance matrix of states
Py= ATPT—1|T—1ATT +Q
_ Of (X qje—1> Uroqje—) (3.52)
T aXT—1|r—1

3.4.2.3 Measurement Update
Prediction of measurements

ZTlT—l = rlrh(th'—l’ u1|1—1) (353)
Calculate the Kalman gain

K, = (P, HInl) X [n,H.P,,_HIn!

T|T—1

- - -1
+E (”Th(XTl‘l,'—l’ ur|‘r—1) h' (X‘r|r—1’ ur|1—1)nZ) + RT]

(3.54)
ah(XT\T—l’ url‘r—l)
H=—/—"—""""
a)(‘1:|‘r—1
where 7j, = n, — 77, and 77, = E(n,) = diag {Ei,Zi, = ~E§}.
Update the system state
Xe =X, +KAZ
=X, +K(Z, -2 ) (3.55)
Update the covariance matrix
P‘rl‘r = (I - KT”THT)PT—llT X (I - K‘rr]rH‘r)T
+ K‘rRrK;T + KrE[ﬁrh(XﬂT—l’ ur|‘r—1)
X T (Xt AL IKT (3.56)

We have meticulously structured the entire filtering recursion process of the
FTEKF into distinct modules, as depicted in Fig. 3.33. This modular approach
highlights the critical importance of precise knowledge of the process noise
matrix during the computation of the error covariance. Accurate estimation of
this matrix is essential for maintaining the integrity of the filter’s performance.
The calculation of the Kalman gain, which is a pivotal step in the filtering process,
relies on Eq. (3.54). This equation, in turn, necessitates accurate information
about the measurement noise matrix. The Kalman gain determines how much
the predictions should be adjusted based on new measurements, making it a
cornerstone of the estimation process. Any inaccuracies in the noise matrices
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Figure 3.33 The block flowchart of FTEKF.

directly affect the computation of the Kalman gain, thereby impacting the overall
estimation accuracy. Furthermore, the challenge of data loss introduces addi-
tional complexity to the estimation process. Unlike traditional EKF, the FTEKF
incorporates more intricate update formulas for the Kalman gain and error covari-
ance to mitigate the adverse effects of data loss. These formulas are designed
to handle the dynamic and unpredictable nature of real-world environments,
where sensor data can be intermittently lost or corrupted. Given the unknown
statistical characteristics of the noise and the uncertainty regarding the type of
noise, computations based on the traditional FTEKF recursive formulas can lead
to decreased estimation accuracy. In severe cases, this may even result in filter
divergence. To address these challenges, we propose leveraging deep learning
techniques to enhance the FTEKF. By training a deep neural network to learn
and directly predict the Kalman gains from available data in real time, we can
significantly improve the filter’s adaptability and accuracy. This approach circum-
vents the limitations of traditional methods, which rely heavily on precise noise
statistics that are often unavailable or difficult to obtain in real-world scenarios.
To this end, we have designed the FTEKFNet, a hybrid filtering framework that
integrates the robust principles of FTEKF with the predictive power of ANN.
The ANN component of FTEKFNet is pre-trained to understand the complex
relationships between the input data and the optimal Kalman gains, enabling it to
make real-time predictions that enhance the filter’s performance. This integration
allows FTEKFNet to dynamically adjust to varying noise conditions and data loss,
maintaining high estimation accuracy even under challenging circumstances.
FTEKFNet integrates the FTEKF with an ANN to achieve precise vehicle state
estimation in situations where the statistical characteristics of noise are unknown
and measurement data may be lost. Additionally, it effectively addresses the chal-
lenges associated with vehicle state estimation under colored noise conditions. By
examining the architecture of FTEKEF, it becomes evident that the computation of
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Figure 3.34 The block flowchart of FTEKFNet.

the Kalman gain is crucial for system state updates. Therefore, we have removed
the module in FTEKF responsible for computing the error covariance. Instead, by
providing appropriate inputs to the ANN model, it directly predicts the optimal
Kalman gain for iterative updates of the system state.

The specific structure is illustrated in Fig. 3.34. The entire FTEKFNet consists
of two main modules: the system state update and the Kalman gain prediction.
The system state update section corresponds to the light orange box in the dia-
gram, while the Kalman gain prediction section is primarily implemented by the
ANN model. In the detailed design, the system state update module still follows
the traditional FTEKF framework, but when calculating the Kalman gain, we no
longer use the traditional error covariance matrix computation method. Instead,
we directly utilize the Kalman gain predicted by the ANN. The advantage of this
approach is that the ANN can learn complex noise patterns and data loss patterns,
providing more accurate gain values and thereby enhancing the robustness and
accuracy of the system. During the training process, we use a large amount of
simulation data and real driving data to fully train and validate the ANN model,
ensuring its reliability under various noise conditions and data loss scenarios. In
summary, FTEKFNet, by integrating FTEKF with ANN, overcomes the limita-
tions of traditional Kalman filters in situations with unknown noise statistical
characteristics and measurement data loss. It significantly improves the estima-
tion performance under colored noise conditions. Its modular design ensures good
scalability and maintainability, providing an innovative and effective solution for
achieving high-precision vehicle state estimation.

In the system state update module, the process begins by using the state val-
ues from the previous time step, denoted as X, _;,_,, to obtain a prior estima-
tion, X through the use of Eq. (3.51). Subsequently, the prediction of the
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measurement variable is obtained using Eq. (3.52) and X, _;. Finally, the ulti-
mate estimate is derived by iteratively looping through the process, incorporating
the deviation between the actual measurement and the predicted measurement,
along with the Kalman gain K, and X |, _;.

In the Kalman gain prediction section, we opt for a multi-layer ANN to forecast
real-time Kalman gains. Based on the traditional FTEKF gain calculation formula,
it is known that accurate gain computation relies on the statistical characteris-
tics of the observed variables and state variables. Therefore, when selecting the
input features for the neural network, it is advisable to include information about
both the observed variable Z_ and the state variable X _,, _;. Further, taking the
discrete difference of these variables over unit time can effectively capture the vari-
ations in noise. Simultaneously, we also consider the impact of data loss, where
the deviation between adjacent moments of observed variables can well reflect
the occurrence of data loss. Therefore, the network’s inputs primarily consist of
four variables.

(a) The forward evolution error: AX =X, =X, _y,_;
(b) The forward update error: AX = X, — X, .,

(c) The observation error: AZ=2Z_—Z__,

(d) The innovation error: AZ = Z, — Z

T|r—1

The structure of the ANN model is depicted in Fig. 3.35. It can be observed
that the ANN takes AX, AX, AZ, and AZ as inputs. Subsequently, it generates
corresponding filtering gains through an activation function. Since the estimated
state is two-dimensional, there are two gain values here. The backpropagation
algorithm is employed to optimize the performance function, which is a nonlinear
function of the deviation between the predicted value of the ANN and the ground
truth of the Kalman gains. It should be noted that there is no special requirement
for the architecture of neural networks; in addition to the basic neural network
model, some RNNs can also be used for Kalman gain prediction. Furthermore, the
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Figure 3.35 The block flowchart of FTEKFNet.
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entire neural network training utilizes the backpropagation learning algorithm.
The backpropagation learning algorithm, a cornerstone of modern neural network
training, is a method used to minimize the error in output predictions by adjusting
the weights of the network through a process known as gradient descent. This
algorithm operates in two main phases: the forward pass and the backward pass.
During the forward pass, input data is fed into the network, and computations
flow through the layers to produce an output. This output is then compared to the
actual target values using a loss function to calculate the error. In the backward
pass, this error is propagated backward through the network. This involves com-
puting the gradient of the loss function with respect to each weight by applying
the chain rule of calculus. The gradient essentially indicates how much a change
in each weight will affect the overall error. By updating the weights in the opposite
direction of the gradient, typically scaled by a learning rate, the network iteratively
reduces the error. This process continues until the error converges to a minimum
value, ideally leading to improved accuracy in the network’s predictions. One of
the key advantages of backpropagation is its efficiency in handling large datasets
and complex networks. It is computationally feasible, particularly when combined
with optimization techniques such as stochastic gradient descent, which updates
weights using small batches of data. This not only speeds up convergence but also
makes the computation more manageable. Backpropagation has enabled the train-
ing of deep neural networks, which consist of many layers, thereby allowing for
the high-level abstraction necessary for tasks like image and speech recognition.
Moreover, it supports online learning, where the model can continuously improve
as new data becomes available, making it suitable for real-time applications.
Despite challenges like vanishing or exploding gradients, which can occur in very
deep networks, advancements such as the introduction of normalization tech-
niques, advanced activation functions, and adaptive learning rate methods have
mitigated these issues, enhancing the stability and performance of the algorithm.
Backpropagation’s systematic approach to error minimization, adaptability to
various types of neural architectures, and its role in enabling the deep learning rev-
olution underscore its fundamental importance in the field of artificial intelligence
and machine learning, driving advancements across a multitude of applications.
After iterative training with a substantial amount of data, the model is eventu-
ally developed to directly predict Kalman gains. Given that a single hidden layer
in a neural network is generally adept at managing complex functions, this study
employs an ANN structured with one hidden layer. The configuration of an ANN
with a solitary hidden layer is illustrated in Fig. 3.35. Typically, a neuron is charac-
terized by having multiple inputs. It receives n inputs x;, x, ... x,, from the preced-
ing neuron, each associated with weights denoted as w;. The neuron also includes
a bias term, y, which, upon summation with the weighted inputs, yields the net
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input, represented as s. This relationship can be formulated as:
n
s= Y ox +u (3.57)
i=1

Therefore, Eq. (3.57) can describe the output of each node in the hidden layer of
the ANN, from which we can easily derive the following formula for the Kalman
gains.

q n

K, =7y, (Zw}?fru (Zwiljzxi + Mi“) + ;4?) (3.58)
j=1 i=1
q n

K,=1¢,, (ij;ru (Zw}jzx,. + M}Z) + u?) (3.59)
j=1 i=1

where K, K, represent the Kalman gains, the subscripts, and superscripts 12 and
23 denote the connections from the input layer to the hidden layer neurons and
from the hidden layer to the output layer, respectively. g, n are the number of neu-
rons in the output and hidden layers, x;> and 3° are the biases of the K, and K, in
the output layer, and #, T" are the active functions in the output and hidden layers.

The backpropagation algorithm is employed for training the ANN. The cost

function for the rth sample is denoted as J and shown in Eq. (3.60).

m
1 . 2
J@.xy) =3 Y (3000 -5") (3.60)
i=1
x = [AX,AX, AZ,AZ] is the input data for the ANN, y, is the ground truth of
Kalman gains, and J; is the prediction result of the ANN.
Datasets consisting of p samples, the overarching cost function is derived as
follows

p m
i _1 N )
Jo.wxy =353 (500 -5") (3.61)
m=1i=1
For the weights w;, and biases ;41? of the Ith layer, they can be obtained using the
gradient descent method.

wﬁj = wﬁj - aﬁf(w, b,x,y) (3.62)

i
b = bl — a2 Taw,b
i =b—a—Jw,b,x,y) (3.63)
ob,

where « is the learning rate.
The overall backpropagation learning algorithm can be summarized by the fol-
lowing steps: 1) first, the input is propagated forward through the network; 2)
second, the partial derivative of each neuron is calculated; 3) the weights and
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biases are updated using the gradient descent method from the last layer to the
first layer.

To ensure a high level of predictive accuracy in the ANN, ample training data
is imperative. We established a comprehensive simulation platform integrating
CarSim and Simulink. In Simulink, the FTEKF algorithm is implemented, and
noise interference is artificially introduced with known statistical characteristics.
The Kalman gain data collected in this controlled environment serves as the true
value, or ground truth, for the training data. We began by categorizing vehicle
operating conditions into regular and extreme scenarios, followed by systematic
data collection. Vehicle speed was sampled at intervals of 3 km/h within the range
of 0-120 km/h. White noise was added with a mean of zero and variance within
the range of [0.00001, 0.01]. This setup allowed us to simulate and collect input
data for the neural network and corresponding ground truth values for Kalman
gains under various conditions. Additionally, we collected data under conditions
of abrupt changes in noise to ensure the robustness of our model. Furthermore,
similar data collection was conducted under the influence of colored noise
interference to cover a broader spectrum of real-world scenarios. In addition
to simulation data, we also conducted real vehicle experiments to expand the
dataset and enhance its representativeness. The combination of simulated and
real-world data ensures that the ANN is exposed to a wide variety of conditions
and noise characteristics, improving its generalization capabilities. By the end of
the data collection phase, we had gathered a total of 35,600 samples. To facilitate
effective training and evaluation, we allocated 80% of the data for training, 10%
for testing, and the remaining 10% for validation. This comprehensive data col-
lection approach ensures that the ANN is well-trained and capable of accurately
predicting Kalman gains even under varied and challenging conditions. The joint
simulation platform and extensive real-world data collection provide a robust
foundation for developing a high-precision vehicle state estimation system.

3.4.3 Simulation and Experiment Tests

To assess the efficacy of FTEKFNet thoroughly, we embarked on a series of rigor-
ous simulation experiments. During these simulations, output values generated
by the CarSim software served as a baseline reference against which the estimates
produced by FTEKFNet were meticulously compared with those derived from
the recursive EKF (REKF) and the traditional EKF. These comparisons were
conducted across a variety of maneuvers, including DLC and J-turn tests, each
performed under controlled conditions to evaluate the algorithm’s performance
across different dynamic scenarios. The simulation phase provided a controlled
environment where the maneuver-specific outputs from CarSim facilitated a
direct comparison of the estimation accuracy among FTEKFNet, REKF, and EKF.
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This allowed us to analyze how well FTEKFNet adapted to the complexities of
vehicle dynamics compared to more conventional filtering methods. In addition
to simulation experiments, we expanded our evaluation by integrating offline
data collected from real-world vehicle tests conducted on dry asphalt roads. This
real-world data collection phase was crucial as it provided empirical insights into
how well FTEKFNet could generalize its performance beyond idealized simula-
tion scenarios. By capturing the nuances and variations inherent in real-world
driving conditions, such as road surface irregularities and environmental factors,
this dataset enabled a more comprehensive assessment of the algorithm’s robust-
ness and accuracy. This hybrid approach of combining simulated and real-world
data aimed to provide a holistic evaluation of FTEKFNet’s capabilities, high-
lighting its potential advantages over traditional methods in terms of accuracy,
adaptability, and robustness in varying operational conditions. In summary, the
combination of simulation experiments with real vehicle data collection allowed
us to comprehensively demonstrate the effectiveness of FTEKFNet. By leveraging
both controlled simulations and real-world driving data, we could validate its
performance across different test scenarios, affirming its potential as an advanced
vehicle state estimation technique capable of addressing the complexities of
modern driving environments.

3.4.3.1 The Double Lane Change Test

In the DLC test, we implemented a PID steering controller to autonomously steer
the vehicle through predefined maneuvers. The experiment commenced with
an initial velocity of 42 km/h, chosen to simulate real-world driving conditions.
Key metrics such as the front wheel steering angle and lateral acceleration
were recorded and visualized in Figs. 3.36 and 3.37, respectively, to evaluate
the performance of our proposed algorithm, FTEKFNet, in estimating vehicle
state under dynamic operational scenarios. Upon close inspection of Fig. 3.36,
it becomes evident that the steering angle curves exhibit deviations influenced
by the injected noise interference. These deviations illustrate the challenges
posed by noise in accurate state estimation, highlighting the need for advanced
filtering techniques like FTEKFNet to mitigate such effects effectively. Initially,
the noise matrices used in the experiment were predefined based on assumed
covariance values, which differed from the true covariance matrix of the noise
observed during testing. This discrepancy underscores the importance of adaptive
algorithms capable of adjusting to varying noise characteristics encountered in
real-world scenarios.

In Fig. 3.37, the red solid line represents the lateral acceleration curve with
introduced noise, while the blue line illustrates partial data loss. This data loss is
simulated by multiplying the lateral acceleration values by a uniformly distributed
random variable. As a result, at certain moments, the data abruptly drops to zero
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Lateral acceleration with data loss in the DLC test.

or becomes less than its original value, clearly indicating varying degrees of data
loss. This behavior is crucial to study as it mimics real-world scenarios where sen-
sor data might be intermittent or corrupted. Moving on to Fig. 3.38, the yaw rate
curve fed into the estimator is depicted. Similar to the lateral acceleration data, this
curve also exhibits variations under the influence of noise. The magnified view of
the yaw rate curve highlights these variations more clearly, showing irregularities
that disrupt the expected smoothness of the curve. These disruptions are indica-
tive of the noise’s impact on the yaw rate measurements, which in turn affects the
accuracy of the vehicle state estimation.

115



116 | 3 Ego-Vehicle State Estimation with Unknown Noise and Parameter Perturbations

12 T T T T T

Yaw rate (deg/s)

-12 1 1 1 1 i i 1

Tim e(s)

Figure 3.38 The yaw rate in the DLC test.

Figure 3.39 illustrates the estimation results for the sideslip angle using different
methods, providing a comprehensive comparison of their effectiveness. The red
solid line represents the vehicle state output from the CarSim software, which is
considered the reference value or ground truth. At the specific moment analyzed,
the vehicle is operating at a low speed with a small front wheel steering angle, plac-
ing it within a linear region. Consequently, the trend of the sideslip angle curve
closely follows the pattern of the front wheel steering angle, making deviations
easier to detect and analyze. The estimated curve produced by the EKF shows
noticeable deviations from the reference value. This deviation arises because
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Figure 3.39 The estimated sideslip angle in the DLC test.
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the EKF performs optimally only when the measured data and the statistical
properties of the noise are accurately obtained in real time. In practical scenarios,
obtaining real-time, precise noise characteristics can be challenging, leading to
inaccuracies in the EKF’s estimations. This limitation is particularly evident under
conditions of data loss or noise variability, where the EKF struggles to maintain
accuracy. In contrast, the FTEKF demonstrates superior estimation accuracy
compared to the EKF. FTEKF accounts for the impact of missing measurements,
a crucial factor that the EKF does not adequately address. By considering missing
data, FTEKF provides more reliable estimations. However, since the noise param-
eters in FTEKF are often arbitrarily assigned, it does not always achieve optimal
estimation performance. This arbitrary assignment can lead to suboptimal results,
particularly when the noise characteristics deviate significantly from the assumed
values. FTEKFNet, on the other hand, represents a significant advancement by
directly training to predict Kalman gains based on diverse data sets encompassing
different noise conditions and test scenarios. This approach eliminates the need
for error covariance computation during the estimation process, thereby avoiding
iterative loops affected by unknown noise biases. By bypassing these biases,
FTEKFNet enhances both the efficiency and accuracy of state estimation. More-
over, FTEKFNet effectively addresses the issue of state estimation in the presence
of data loss. During the model training phase, the effect of observation errors is
incorporated, enabling the network to learn and adapt to the uncertainties caused
by partial or complete data loss. This capability ensures that FTEKFNet maintains
high estimation accuracy even under challenging conditions where traditional
methods like EKF and REKF falter. The overall estimation performance of
FTEKFNet surpasses that of both REKF and EKF for several reasons. First,
its ability to adapt to varying noise conditions and data loss scenarios through
advanced training techniques ensures robust performance. Second, by eliminat-
ing the need for real-time noise parameter computation, FTEKFNet reduces the
computational load and potential for errors associated with traditional recursive
methods. Finally, the direct prediction of Kalman gains enhances the precision of
state updates, leading to more accurate and reliable vehicle state estimations.
Figure 3.40 illustrates the estimation results for vehicle speed, showcasing
the performance of different estimation methods. Among the methods tested,
FTEKFNet stands out as exhibiting the highest estimation performance. This
can be attributed to its advanced architecture, which effectively combines the
strengths of fault-tolerant filtering and deep learning techniques. To quantitatively
express the estimation errors and highlight the performance differences among
the methods, we use the root mean square error (RMSE) as a key metric. The
RMSE is a widely accepted measure of the differences between values predicted by
a model and the actual observed values, providing a clear indication of estimation
accuracy. Table 3.7 presents the RMSE values for the estimated vehicle speed
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Figure 3.40 The estimated vehicle velocity in the DLC test.

Table 3.7 RMSE of different methods in the

DLC test.
Symbol v, B
EKF 0.2311 0.1076
FTEKF 0.1567 0.0415
FTEKFNet 0.0854 0.0276

and sideslip angle across the different algorithms. Specifically, the RMSE for the
estimated vehicle speed using FTEKFNet is 0.0854, and the RMSE for the sideslip
angle is 0.0276. These figures are significantly lower compared to those obtained
using other methods, underscoring the superior performance of FTEKFNet. The
lower RMSE values indicate that FTEKFNet has a better capability to accurately
track the true vehicle state, minimizing deviations and errors in its estimations.

3.4.3.2 The J-Turn Test

The initial velocity for this experiment is set at 53 km/h. In Figs. 3.41 and 3.42,
the variations in the front wheel angle and lateral acceleration are presented.
Unlike the scenario depicted in Fig. 3.36, the front wheel steering angle in
this case reaches a certain peak value before gradually decreasing to zero. This
behavior is indicative of the vehicle’s dynamic response under the test conditions.
Furthermore, to assess the algorithm’s adaptability to noise changes during the
estimation process, we deliberately doubled the amplitude of the noise from
the third second onward. This increase in noise amplitude is clearly evident in
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Table 3.8 RMSE of different methods in the

J-turn test.
Symbol v, p
EKF 0.3821 0.1684
FTEKF 0.1308 0.0826
FTEKFNet 0.0572 0.0251
3
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Figure 3.41

The front wheel angle in the J-turn test.
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Lateral acceleration with data loss in the J-turn test.
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Figure 3.43 The yaw rate in the J-turn test.

Fig. 3.42. To simulate data partial loss, similar to the approach in Fig. 3.37, we
multiplied the uniformly distributed noise by the original data. From Fig. 3.42,
it is apparent that the lateral acceleration suddenly drops to zero at certain
points, signifying the moments of measurement data loss. A closer inspection of
the magnified sections reveals discrepancies between some data points and the
reference values, further indicating instances of partial data loss. In Fig. 3.43, the
yaw rate curve input to the estimator is depicted, with a zoomed-in view illus-
trating the significant changes in noise occurring at the 3-second mark. This plot
highlights how the noise amplitude variation impacts the yaw rate measurements.
The initial noise matrices were set based on assumed conditions but turned out
to deviate from the actual noise characteristics during the test. This deviation
underscores the importance of adaptive algorithms capable of handling varying
noise conditions. The purpose of this experiment is to validate the robustness and
adaptability of the proposed algorithm under dynamic noise conditions and data
loss scenarios. By increasing the noise amplitude and simulating partial data loss,
we aim to challenge the algorithm’s ability to maintain accurate state estimation.

Figures 3.44 and 3.45 illustrate the variations in the sideslip angle and the
estimated curve for vehicle speed, respectively. The coherence between the vari-
ation of the sideslip angle curve and the front wheel steering angle can be
attributed to the factors elucidated in the relevant description in Fig. 3.39. This
relationship indicates that the vehicle’s behavior in response to steering inputs
remains consistent, and the sideslip angle accurately reflects the vehicle’s lateral
dynamics. From the estimated curves of sideslip angle and vehicle speed, it can
be observed that despite changes in noise, FTEKFNet still exhibits the highest
estimation accuracy and closely matches the reference curves provided by the
CarSim software. The robustness of FTEKFNet is quantitatively confirmed by
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Figure 3.44 The estimated sideslip angle in the J-turn test.
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Figure 3.45 The estimated vehicle velocity in the J-turn test.

the RMSE values presented in Table 3.8. Specifically, the RMSE for the estimated
vehicle speed using FTEKFNet is 0.0572, while the RMSE for the sideslip angle
is 0.0251. These RMSE values are the lowest among the methods compared,
indicating that FTEKFNet consistently achieves the most accurate estimations.
This low RMSE highlights the algorithm’s capability to minimize estimation
errors, ensuring that the estimated values remain close to the actual vehicle
states. The robustness and accuracy of FTEKFNet can be further appreciated
by examining the performance under different noise conditions. The neural
network model within FTEKFNet was trained using a variety of noise scenarios,
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including white noise with different variances and colored noise, to ensure
that it could handle real-world uncertainties effectively. This extensive training
allows FTEKFNet to predict Kalman gains that adapt dynamically to the noise
characteristics present in the data, leading to more reliable state estimations. The
superior performance of FTEKFNet is primarily due to its neural network model,
which was trained to account for the influence of different noise levels and types
during the training phase. This comprehensive training enables the Kalman gain
predicted by the neural network model to exhibit strong robustness to changes
in noise. Consequently, FTEKFNet can maintain high estimation accuracy even
under varying noise conditions, which is a significant advantage over traditional
methods. Moreover, the performance of the algorithm under these challenging
conditions is critical for real-world applications where sensor noise and data loss
are common. The ability to double the noise amplitude and still achieve accurate
estimations demonstrates the algorithm’s robustness and practical applicability.
This experiment also emphasizes the need for advanced filtering techniques that
can dynamically adjust to changing conditions, a capability that is essential for
autonomous systems operating in unpredictable environments.

3.4.3.3 The Real Vehicle Test on the Dry Asphalt Road

The test scenario is depicted in Fig. 3.46. For safety reasons, all steering operations
during the actual vehicle tests were conducted using a steering robot. This
ensures precise and consistent steering inputs, which are crucial for obtaining
reliable data. Measurements derived from a differential GPS served as benchmark
values, providing high-accuracy reference points for comparing the estimation
outcomes produced by various algorithms, including FTEKFNet, REKF, and EKF.
In real-vehicle experiments, our primary focus was on evaluating the estimation
performance of FTEKFNet, particularly under the influence of colored noise.

Figure 3.46 The test vehicle on a dry asphalt road.
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Colored noise, which has a non-uniform frequency spectrum, is prevalent in
real-world conditions and poses a significant challenge for state estimation algo-
rithms. FTEKFNet is designed to address this challenge effectively by leveraging
its neural network model, which has been trained on a wide range of noise scenar-
ios. One of the significant advantages of our model is its flexibility regarding the
vehicle’s power source. The algorithm does not impose any specific requirements
on whether the vehicle is fuel-powered or electric. This versatility allows for the
collection of validation data from a diverse range of vehicles, thereby enhancing
the robustness and generalizability of the FTEKFNet algorithm. To ensure a
fair and accurate comparison of the estimation performance, it is essential to
obtain certain vehicle parameters in advance. These parameters include the mass
of the vehicle and the cornering stiffness of the tires. Accurate knowledge of
these parameters is crucial as they significantly influence the vehicle’s dynamic
behavior and, consequently, the performance of the state estimation algorithms.
By standardizing these parameters across different tests, we can ensure that the
comparisons between FTEKFNet and other algorithms like REKF and EKF are
valid and meaningful.

Figure 3.47 represents the spectral analysis of colored noise, with a particu-
lar focus on purple noise. Unlike white noise, which maintains consistent power
across all frequencies, purple noise exhibits a power spectrum that is proportional
to the square of the frequency. This characteristic implies that the power of purple
noise increases as the frequency increases. This behavior is significantly differ-
ent from that of white noise and presents unique challenges and considerations
for state estimation algorithms. In this analysis, we specifically selected purple
noise due to its distinct frequency-dependent power characteristics, which can
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Figure 3.47 The spectral analysis of colored noise.
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better simulate real-world scenarios where noise intensity varies with frequency.
The spectral analysis shown in Fig. 3.47 highlights how the energy distribution of
purple noise is skewed toward higher frequencies. This type of noise is relevant
in various practical applications, particularly in automotive environments where
different components and external factors can introduce frequency-specific distur-
bances. Understanding the impact of purple noise on vehicle state estimation is
crucial for developing robust algorithms that can handle such conditions. The ini-
tial velocity was set at 64.7 km/h, which is representative of typical urban driving
speeds. This speed setting provides a realistic context for evaluating the perfor-
mance of the state estimation algorithms under the influence of purple noise. The
choice of this specific speed ensures that the results are applicable to everyday driv-
ing scenarios, making the findings more relevant for practical implementation.

The curves of the front wheel steering angle, lateral acceleration, and yaw
rate, overlaid with colored noise interference, are illustrated in Figs. 3.48-3.50,
respectively. These figures present the same types of data as in the simulation
tests, providing a direct comparison of how different noise types affect the
measurements. The primary distinction here is the introduction of purple noise,
which has a significantly greater impact on the true values compared to Gaussian
white noise. In Fig. 3.48, the front wheel steering angle curve shows noticeable
deviations from the original angle due to the influence of purple noise. This type
of noise, with its frequency-dependent power increase, causes more pronounced
fluctuations, making it evident that the vehicle’s steering response is more
susceptible to high-frequency disturbances. The steering angle oscillations are
more erratic, indicating the challenges posed by colored noise in maintaining
precise control.

Front wheel angle (deg)

Time (s)

Figure 3.48 The front steering wheel angle in the real vehicle test.
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Figure 3.49 highlights the lateral acceleration curve. Here, the effect of pur-
ple noise is even more apparent. The curve exhibits abrupt changes, with the
acceleration suddenly dropping to zero or falling below the expected values at
certain points. This phenomenon indicates the occurrence of data loss, where the
measurements become unreliable or completely absent due to the interference.
Such interruptions in the data stream can severely impact the performance
of state estimation algorithms, highlighting the need for robust methods like
FTEKFNet that can handle these anomalies effectively. The yaw rate curve in
Fig. 3.50 also demonstrates the disruptive influence of purple noise. Similar to
the other parameters, the yaw rate experiences significant deviations from the
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——Data with loss ||

Lateral acceleration (m/s?)

Time (s)

Figure 3.49 Lateral acceleration with data loss in the real vehicle test.
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Figure 3.50 The yaw rate in the real vehicle test.
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original values. The curve’s erratic nature underlines the difficulty in maintaining
accurate state estimates when subjected to high-frequency noise. The magnified
sections of the graph clearly show how the noise affects the stability and accuracy
of the yaw rate measurements, further emphasizing the challenges in real-world
driving conditions. The impact of purple noise on these curves underscores
the limitations of traditional noise assumptions in vehicle state estimation.
While Gaussian white noise assumes a consistent power distribution across
frequencies, purple noise’s increasing power with frequency presents a more
complex scenario. This complexity necessitates advanced algorithms capable of
adapting to such conditions, ensuring reliable performance even under adverse
noise environments.

Figure 3.51 illustrates the estimated results of the sideslip angle using different
methods. In this scenario, the vehicle speed is relatively higher, and continuous
steering is performed, increasing the vehicle’s nonlinearity. As a result, there is
a corresponding decrease in the consistency between the sideslip angle curve and
the front wheel steering angle curve. The EKF, with its limited capability to handle
colored noise and inability to address data loss issues, shows significant deviations
from the reference values in its estimation curve. This limitation is evident in the
discrepancies observed, particularly during high-speed maneuvers where the vehi-
cle’s dynamics become more complex. The FTEKF, which considers the impact of
data loss, surpasses EKF in terms of estimation accuracy. However, when facing
colored noise interference, FTEKF’s accuracy diminishes. Despite its improve-
ments over EKF, FTEKF cannot fully mitigate the effects of colored noise, leading
to less accurate estimations compared to the FTEKFNet. The highest estimation

1.4 T T

0.8

=)
@
=
<@
g 02
2
3
i)
@ _04 —— Reference value |
— EKF
FTEKF
----- FTEKFNet
—1 1 1
0 2 4 6

Time (s)

Figure 3.51 The estimated sideslip angle in the real vehicle test.
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accuracy is achieved by FTEKFNet, as it can handle the effects of various factors
on estimation accuracy simultaneously. This robustness is due to the incorpora-
tion of a neural network trained to predict Kalman gains, effectively addressing
both noise variability and data loss.

Figure 3.52 illustrates the predicted results of vehicle speed using different
methods. Consistent with the estimation results for the sideslip angle, FTEKFNet
consistently achieves the most accurate estimation compared to the other two
methods. The vehicle speed estimation curve produced by FTEKFNet closely
matches the reference values, demonstrating its superior performance. This con-
sistency in high accuracy across different parameters highlights the effectiveness
of FTEKFNet in providing reliable vehicle state estimations. The results presented
in Table 3.9 further underscore the efficacy of the FTEKFNet algorithm. The
table shows significantly lower RMSE values for FTEKFNet compared to EKF
and FTEKF. These lower RMSE values indicate that FTEKFNet provides more
precise estimations of both sideslip angle and vehicle speed. The consistently
better performance of FTEKFNet under various noise interference conditions,
including Gaussian white noise, purple noise, and scenarios with data loss,
emphasizes its robustness and adaptability. FTEKFNet’s superior performance
can be attributed to its hybrid approach, which combines the strengths of both
physics-based and data-driven methods. By leveraging deep learning to predict
Kalman gains, FTEKFNet eliminates the need for error covariance computa-
tion, thereby avoiding iterative loops with unknown noise bias. This approach
allows FTEKFNet to maintain high estimation accuracy even when faced with
unpredictable noise and incomplete data. The incorporation of a data-driven
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Figure 3.52 The estimated vehicle velocity in the real vehicle test.
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Table 3.9 RMSE of different methods in the
real vehicle test.

Symbol v, p

EKF 0.4563 0.2259
FTEKF 0.2724 0.1366
FTEKFNet 0.0531 0.0929

approach significantly enhances the adaptability of the FTEKFNet algorithm.
The neural network model within FTEKFNet is trained on a diverse set of data,
including various noise conditions and test scenarios. This training enables
FTEKFNet to generalize well across different real-world conditions, ensuring
reliable performance. The ability to accurately predict Kalman gains in real-time,
based on the current noise characteristics and data availability, sets FTEKFNet
apart from traditional methods. In conclusion, the analysis of Figs. 3.51 and 3.52,
along with the results in Table 3.9, clearly demonstrates that FTEKFNet offers
the highest estimation accuracy among the tested methods. Its ability to handle
colored noise and data loss, combined with the robust performance across
different vehicle states, makes FTEKFNet a highly effective solution for vehicle
state estimation. The integration of data-driven techniques within the FTEKF
framework significantly enhances the algorithm’s adaptability and overall
performance, ensuring accurate and reliable estimations in various operating
conditions.

3.5 Summary and Future Research

In this chapter, a novel approach, FARCKEF, is introduced for the estimation of
sideslip angle and tire cornering stiffness. This method incorporates dynamic
updates of the vehicle mass parameter and process noise, aiming to enhance
estimation performance throughout the estimation process. Through comprehen-
sive simulation and experimental tests conducted under varied road conditions,
the estimation accuracy and robustness of the proposed FARCKF approach are
thoroughly evaluated and analyzed. Comparative assessments against existing
methods such as the CKF and RCKF demonstrate superior estimation accuracy
achieved by the FARCKF. Additionally, the FARCKF exhibits enhanced robust-
ness to variations in vehicle mass and tire-road friction coefficient, making it a
promising advancement in vehicle state estimation technology. Looking ahead,
there are several intriguing avenues for future research. First, in this study, we
assume sensor noise to follow Gaussian white noise characteristics, whereas
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practical scenarios may involve colored noise, which can significantly impact
estimation accuracy. Addressing this discrepancy will be crucial for enhancing the
applicability and reliability of the FARCKF in real-world settings. Furthermore,
the influence of road-bank angles on estimation accuracy has been omitted in this
current research. Exploring the effects of road-bank angles and integrating them
into the estimation framework could further refine the accuracy of sideslip angle
and tire cornering stiffness estimations. These future research directions aim to
extend the capabilities of the FARCKF method, ensuring its effectiveness across
diverse environmental and operational conditions in automotive applications.

Furthermore, a hybrid estimation algorithm, FTEKFNet, is introduced for
the simultaneous estimation of vehicle velocity and sideslip angle, leveraging
a fusion of physical modeling and data-driven approaches. This innovative
approach incorporates a neural network to directly predict Kalman gains, thereby
enhancing robustness against uncertainties associated with Gaussian noise and
improving the algorithm’s capability to handle colored noise. By integrating
features related to data loss in the input data of the ANN, FTEKFNet effectively
addresses challenges in vehicle state estimation under conditions of incomplete
or unreliable data. Comparative evaluations against traditional EKF and FTEKF
methods reveal that FTEKFNet achieves significantly enhanced estimation
accuracy and adaptability across diverse operational conditions. Experimental
validations, including simulations and preliminary real-vehicle tests under
controlled conditions, substantiate the efficacy of FTEKFNet. However, further
extensive testing across a broader spectrum of vehicle models and real-world
environments is necessary to validate its universal applicability. Moreover, the
current approach assumes precise knowledge of vehicle model parameters,
which may not always be available in practical scenarios. Future enhancements
will focus on integrating real-time parameter identification methods into the
FTEKFNet framework, aiming to enhance algorithmic accuracy and adaptability
by dynamically adjusting model parameters based on real-time data inputs. In
summary, FTEKFNet represents a promising advancement in vehicle state esti-
mation technology, offering robust performance in the face of noise uncertainties
and data irregularities. Continued research and development efforts will refine
its capabilities and broaden its applicability in various automotive engineering
applications.
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4

State Estimation of the Preceding Vehicle with Data Loss
and Parameter Perturbations

4.1 Introduction

To optimize planning and decision-making in autonomous vehicles and thereby
enhance road safety, accurate knowledge of the motion state of PVs is crucial.
Current methodologies typically rely on specialized sensors mounted on the ego
vehicle for estimating PVs’ states. However, with advancements in information
technology, there is a growing interest in using V2V communication for PVs’ state
estimation. This approach offers potential benefits but raises significant challenges
that need addressing. One primary challenge is reducing the communication rate
while ensuring accurate PVs’ state estimation within the constraints of limited
communication bandwidth. V2V communication must efficiently transmit and
receive data without compromising the fidelity of state estimates. Moreover, wire-
less communication is susceptible to data packet loss, which can stem from various
factors, including cyberattacks or network congestion. Packet loss disrupts the
transmission of key sensor data, directly impacting the accuracy of vehicle state
estimation algorithms.

Additionally, uncertainties in system dynamics and imprecise vehicle model
parameters pose substantial obstacles to accurate state estimation. Factors such as
unknown variations in road conditions, unpredictable weather impacts, or vehicle
wear and tear can all affect system dynamics, complicating state estimation and
control processes. Inaccurate vehicle model parameters, such as erroneous mass
estimates or uncertain tire-road friction coefficients, further degrade the perfor-
mance of state estimation algorithms. While considerable research has focused on
state estimation for connected vehicles, few studies comprehensively address the
simultaneous challenges posed by model parameter uncertainties and packet loss.
This gap highlights a critical need for robust methodologies capable of mitigating
these combined effects to ensure reliable vehicle state estimation under practi-
cal driving conditions. Furthermore, simulation studies and field experiments are
essential to validate the effectiveness of proposed methodologies under diverse
State Estimation of Multi-Agent Vehicle-Road Interaction Systems, First Edition.
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operating conditions. Addressing these challenges will not only advance the field
of autonomous driving but also contribute significantly to improving road safety
and traffic efficiency. By enhancing the accuracy and reliability of PVs’ state esti-
mation, intelligent connected vehicle systems can better anticipate and respond
to dynamic driving environments, ultimately reducing the incidence of accidents
and optimizing transportation logistics.

4.2 Related Works

Over the past few decades, there has been a growing research focus on ADAS and
AVs due to their potential to significantly enhance road safety [1-3]. ADAS fea-
tures like adaptive cruise control and emergency collision avoidance systems rely
on real-time perception of the longitudinal motion of PVs to operate effectively.
Additionally, the lateral motion state of PVs is crucial for AV control scenarios,
such as when a PV performs a sudden lane change in front of the AV. In such situ-
ations, the AV must quickly assess the relative distance, vehicle velocity, and yaw
rate of the PV to decide whether to brake or change lanes to avoid a collision. How-
ever, accurately measuring the lateral motion state of PVs poses a significant chal-
lenge for advanced sensors [4]. While some sophisticated lidar-like sensors can
capture PVs’ state information, their high cost prevents widespread adoption in
mass-produced vehicles. Consequently, extensive research efforts have been dedi-
cated to developing accurate methods for estimating PVs’ motion states in recent
years. These studies aim to leverage existing sensor data and advanced algorithms
to reliably infer critical PV dynamics without the need for prohibitively expensive
hardware. The pursuit of effective PV motion state estimation is driven by the need
to enhance the operational safety and decision-making capabilities of AVs in com-
plex traffic scenarios. By improving the accuracy of these estimations, researchers
aim to enable AVSs to react swiftly and appropriately to dynamic changes in their
surroundings, thereby reducing the risk of accidents and optimizing traffic flow.
Predicting the longitudinal motion state of PVs using a car-following model is an
effective method. A car-following model is a foundational concept in transporta-
tion engineering and traffic flow theory, essential for simulating how vehicles
adjust their speed and position relative to PVs on roadways. These models, such
as Gipps’ model, Keller-Segel model, and the intelligent driver model, incorporate
factors like driver reaction times, safety distances, and vehicle dynamics to
predict how drivers respond to changes in traffic conditions. They are crucial for
optimizing traffic management strategies, enhancing road safety, and developing
ITS. Ongoing research focuses on refining these models to accommodate diverse
traffic environments, integrating with emerging technologies like autonomous
vehicles and connected infrastructure, and improving accuracy in predicting and
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managing traffic flow dynamics. In [5], the Gazis-Herman-Rothery model was
constructed, which used the motion function of the ego vehicle (EV) relative to
the PV to describe the acceleration change of the EV. Subsequently, a number of
similar models have been reported in [6, 7]. This category of approach usually
requires only the relative distance between the PV and the EV to be capable
of estimating the motion state of PVs. However, these models assume that the
vehicle moved along a straight line and that rotational motion is not considered.
Thus, some curvilinear models are used to compensate for this deficiency. It was
demonstrated in [8] that the constant turn rate and velocity (CTRV) model and
the constant turn rate and acceleration (CTRA) model have higher estimation
accuracy. The CTRV model and the CTRA model are both widely used in the
field of state estimation and motion prediction for vehicles. The CTRV model
assumes that the vehicle moves with a constant velocity and undergoes a constant
rate of turn, making it suitable for scenarios where the vehicle’s speed remains
relatively steady while it navigates curved paths. The state vector in the CTRV
model typically includes position, velocity, and heading angle.

On the other hand, the CTRA model extends the CTRV model by incorporating
a constant longitudinal acceleration. This model is more complex than the CTRV
model but allows for a more realistic representation of vehicle dynamics, especially
in scenarios where vehicles accelerate or decelerate while turning. The state vector
in the CTRA model includes position, velocity, heading angle, and possibly accel-
eration Both models are frequently employed in applications such as autonomous
driving, trajectory prediction, and sensor fusion. They serve as fundamental tools
for Kalman filtering and other estimation techniques, enabling accurate predic-
tion of vehicle trajectories and states under various driving conditions. The choice
between CTRV and CTRA models depends on the specific requirements of the
application, particularly the need to account for changes in velocity or accelera-
tion during maneuvers while maintaining computational efficiency and accuracy
in state estimation. Both CTRV and CTRA presume that the yaw rate and the lon-
gitudinal vehicle velocity are independent of each other. Nevertheless, the vehicle
velocity is usually highly coupled with the yaw rate, especially in high-speed driv-
ing situations.

To better represent the dynamic characteristics of the vehicle, a bicycle model
was used to predict the lateral state of the PV [4]. However, additional prediction
is needed for the longitudinal velocity in the bicycle model. Correspondingly,
[9, 10] proposed a combined bicycle model and car-following model or CTRV to
predict the motion state of the PV, respectively. These types of approaches usually
consider that longitudinal velocity and yaw rate are decoupled. In addition, the
proposed methods in [4, 9, 10] supposed the intrinsic parameters of the PV are
available in advance. Although modeling and information acquisition are essen-
tial in vehicle state estimation, the estimation accuracy is also directly related to
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the estimation algorithm. Among these algorithms, Kalman-based approaches
have been the mainstream research direction. EKF [11] and variable structure
EKF [12, 13] were developed to predict the vehicle state. In addition, fault-tolerant
EKF was also proposed to predict vehicle velocity and sideslip angle in the pres-
ence of missing data [14]. The UKF is a variant of the traditional Kalman filter
that addresses nonlinearities in system dynamics and measurement models more
effectively. Unlike the EKF, which linearizes the nonlinear functions through
first-order Taylor expansion, the UKF approximates the distribution of state
variables and their uncertainties using a set of carefully chosen sample points,
known as sigma points. These sigma points are propagated through the nonlinear
functions, capturing the mean and covariance of the transformed variables more
accurately than linearization. The key principle behind the UKF is to approximate
the probability distribution of the state variables using a minimal set of sigma
points, typically chosen to capture the mean and covariance of the distribution
accurately up to the second order. This approach avoids the potentially large errors
introduced by linearization in highly nonlinear systems, making it particularly
suitable for systems with non-Gaussian and highly nonlinear dynamics.

In practice, the UKF operates in two main steps: prediction and update. Dur-
ing the prediction step, sigma points are propagated through the state transition
function to estimate the predicted state and covariance. In the update step, these
predicted sigma points are mapped through the measurement function to obtain
the predicted measurement mean and covariance. These predicted values are then
combined with the actual measurements using Bayes’ rule to update the state esti-
mate and its uncertainty.

The advantages of the UKF include its ability to handle arbitrary nonlinearities
without requiring analytical derivatives, which simplifies the implementation
compared to EKF. Moreover, by using sigma points to represent the distribution,
the UKF preserves the Gaussian nature of the posterior distribution under
nonlinear transformations, ensuring robustness and accuracy in state estimation.
Applications of the UKF span various fields, including robotics, autonomous
navigation, aerospace, and biomedical engineering, where accurate estimation
of state variables from noisy and nonlinear measurements is critical. Its flexi-
bility and robustness make it a preferred choice in scenarios where traditional
linearization methods like EKF may fail to provide accurate results. Therefore,
UKEF [15, 16] and interactive multi-model UKF [17] algorithms were developed
to enhance the estimation accuracy.

Recently, The CKF is an advanced variant of the traditional Kalman filter
designed to handle nonlinear state estimation problems more accurately. Unlike
the EKF, which linearizes nonlinear functions using first-order Taylor expansion,
the CKF approximates the integral of a nonlinear function using numerical
integration techniques, specifically the cubature rule. In the CKF, the state
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and covariance estimates are propagated through the nonlinear functions by
evaluating the weighted sum of function evaluations at carefully chosen cubature
points within the state space. These cubature points are symmetrically distributed
around the mean of the Gaussian distribution representing the state estimate,
ensuring accurate representation of the nonlinear transformations without the
limitations of linearization. The main advantage of the CKF lies in its ability to
provide more accurate estimates of state variables in highly nonlinear systems
compared to EKF, which can suffer from divergence or poor performance in
such scenarios. By approximating the integral of the nonlinear function using
numerical methods, the CKF preserves the Gaussian nature of the posterior
distribution, maintaining robustness and stability in state estimation. In practice,
the CKF operates similarly to the traditional Kalman filter with two main steps:
prediction and update. During the prediction step, the cubature points are
propagated through the state transition function to estimate the predicted state
and covariance. In the update step, these predicted cubature points are mapped
through the measurement function to obtain the predicted measurement mean
and covariance, which are then used to update the state estimate based on actual
measurements. Applications of the CKF are found in various fields such as
robotics, navigation, finance, and signal processing, where accurate estimation
of nonlinear systems from noisy measurements is crucial. Its ability to handle
nonlinearities effectively while maintaining computational efficiency makes it a
preferred choice in scenarios where traditional linearization-based methods like
EKF may not perform optimally. The CKF was also used for state estimation [18].
Robust CKF [19] and extended square root CKF [20] are representative methods
for estimating vehicle state.

A V2V system is integral to modern automotive technology, enabling direct
communication between vehicles via dedicated short-range communication
or cellular vehicle-to-everything technologies. This system consists of onboard
sensors like radar and cameras for real-time data collection, communication
modules for broadcasting vehicle status and receiving updates from nearby
vehicles, and sophisticated data processing algorithms for information fusion and
decision-making. V2V systems enhance safety by providing timely alerts about
nearby vehicles’ movements and potential hazards, improve traffic efficiency
through cooperative driving strategies like adaptive cruise control and cooperative
merging, support autonomous vehicles in navigating complex traffic scenarios,
facilitate emergency vehicle prioritization, and promote scalability and interoper-
ability across different vehicle types and manufacturers. Overall, V2V technology
plays a pivotal role in advancing road safety, traffic management, and future
mobility solutions. As V2V communication has become an indispensable applica-
tion in ITS [21], it becomes possible to exchange some intrinsic parameters such
as mass and cornering stiffness between vehicles. This also means that the PV
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can transmit its motion state directly to the EV through V2V communication. In
recent studies, researchers have explored the potential of V2V communication in
various applications. Zhou et al. [22] hypothesized that longitudinal speed data of
a PV could be acquired through V2V communication, leading to the development
of a lateral state estimator. Similarly, Wei et al. [23] utilized V2V communication
to derive the state of PVs and designed an EV tracking control system. However,
a significant limitation arises from the EV’s inability to consistently receive
real-time motion states of the PV within the sampling interval. Consequently,
relying solely on V2V communication for transmitting comprehensive motion
information of the PV proves unreliable in practice. This challenge underscores
the need for robust solutions to ensure accurate and timely data exchange in
dynamic traffic environments.

Although many exciting research outcomes have been made in vehicle state
estimation, existing research on state estimation of PVs based on V2V commu-
nication requires periodic transmission of sensor data from the PV to the EV.
Unfortunately, the periodic transmission may take up more network bandwidth
than required. How to balance the estimation accuracy of PVs state and commu-
nication rate in the connected vehicle environment has rarely been considered.
Previous research work considering limited in-vehicle network resources using
event-triggered methods in vehicle control is a useful reference [24]. In addition,
traditional studies on lateral state estimation of PVs assume that the longitudinal
velocity of the PV is known or design an additional estimator to predict the
longitudinal velocity. This results in the dynamical coupling characteristics of
the vehicle not being fully considered. On the other hand, the ECKF [25] has
been shown to have higher filtering accuracy and better numerical stability
than the CKF. The use of better-performing filters is also an effective means
to improve the estimation accuracy of PVs state. In addition to the challenges
posed by nonlinearities, another critical issue in wireless communication is the
occurrence of data packet loss. This phenomenon can significantly impact the
reliability and efficiency of data transmission. Data packets may be lost due to
various factors, including network congestion, signal interference, hardware
malfunction, or deliberate cyberattacks [26]. Cyberattacks, in particular, pose
a serious threat by targeting communication channels to disrupt data flow or
compromise information integrity. Mitigating these risks requires robust protocols
and security measures to ensure the continuity and integrity of wireless data
transmission, especially in sensitive applications such as autonomous systems,
real-time monitoring, and secure data exchange environments. Addressing these
challenges is essential for enhancing the resilience and performance of wireless
communication networks in diverse operational contexts. Once some key sensor
data is lost, it will inevitably affect the estimation accuracy of the vehicle state.
Furthermore, unknown system dynamics usually has a direct impact on system
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state estimation and control [27]. Therefore, the imprecise model parameters
of the vehicle, such as the vehicle mass, can directly reduce the estimation
performance of the vehicle state. Although many research efforts are devoted
to the state estimation of connected vehicles, these studies seldom consider the
effect of model parameters perturbation and packet loss simultaneously.

4.3 Event-Triggered State Estimation for Connected
Vehicles with Data Loss

In this section, an event-triggered estimation framework by fusing an event-
triggered mechanism with an ECKF based on a 3-DOF model is proposed for
state estimation of the PVs. The 3-DOF vehicle model is a simplified repre-
sentation used in vehicle dynamics to analyze and predict vehicle behavior by
focusing on three primary components: longitudinal, lateral, and yaw motions.
This model operates under assumptions such as planar motion, small angle
approximations, and simplified tire behavior. It is particularly suitable for normal
driving conditions, control system design, simulations, and autonomous vehicle
algorithms. The 3-DOF model offers several advantages, including simplicity,
computational efficiency, and the ability to provide valuable insights into vehicle
behavior, making it a practical and widely used tool in automotive engineering
for vehicle design, control systems, and autonomous driving technologies. The
event-triggered mechanism is employed to determine the optimal moments
for transmitting acceleration information from PVs to the EV. This mechanism
addresses the limitation of the conventional ECKF, which assumes continuous
and uninterrupted transmission of measurement data. By incorporating the
event-triggered mechanism into the ECKF framework, an enhanced model
known as the ETECKF is developed. The ETECKF is designed to perform state
estimation of PVs more efficiently, by predicting their longitudinal and lateral
states using the transmitted acceleration data and the 3-DOF model. To validate
the effectiveness of the ETECKF, a comprehensive set of simulations and exper-
iments are conducted, demonstrating its capability to improve state estimation
accuracy and reliability under conditions where data transmission is not con-
tinuous. This approach enhances the robustness of the state estimation process,
making it more suitable for real-world applications where communication
interruptions are common.

The overall framework, as illustrated in Figure 4.1, consists of four key mod-
ules: acquisition of onboard sensor data, event-triggered mechanism, sensor data
update, and the ETECKF algorithm. First, the acquisition module collects longi-
tudinal and lateral acceleration data through the controller area network (CAN)
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Figure 4.1 The event-triggered scheme for the PV state estimation.
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bus. This raw sensor data provides the foundational information needed for fur-
ther processing. Next, the event-triggered mechanism dynamically evaluates the
incoming acceleration data and outputs a binary signal (0 or 1). This mechanism
determines whether the current acceleration data should be used for updating
based on predefined criteria, ensuring that only significant changes in acceleration
are transmitted to the EV. In the sensor data update module, the raw accelera-
tion data is adjusted according to the output of the event-triggered mechanism.
When the output mechanism is 1, indicating a significant change, the current
acceleration data is updated. If the output is 0, the previous value is retained,
preventing unnecessary updates and reducing data transmission load. Finally, the
updated acceleration data is fed into the ETECKF algorithm, which incorporates
the 3-DOF model. This enhanced algorithm predicts the longitudinal and lateral
states of the PVs based on the processed acceleration data. The integration of the
event-triggered mechanism with the ETECKF algorithm ensures accurate and reli-
able state estimation of PVs, even in scenarios with intermittent data transmission.
This structured approach, combining real-time data acquisition, dynamic event
triggering, and advanced state estimation, provides a robust solution for maintain-
ing accurate vehicle state information in real-world conditions.

4.3.1 Vehicle Model and Problem Statement

Considering real-time computing requirements and estimator design issues, a
3-DOF model (see Figure 4.2) is employed to describe the coupled dynamics
characteristics of the PV.

The DOF model can be given in
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ak, —bk,  k.+k Kk
ay= ——Lr+—Lp- 5 (4.4)

]
mv, m

v, =, tan(f) (4.5)

where a and b are distances from the center of gravity to front axle and rear axle,
m is vehicle mass, a, and a, are longitudinal acceleration and lateral acceleration,
6 is angle of front wheel, I is the inertia moment about the vehicle vertical axis,
F);and F,, are lateral forces of front axle and rear axle, F,, and F, are longitudinal
forces of front axle and rear axle, kf and k, are the front and rear axle cornering
stiffnesses, r is yaw rate, f is sideslip angle, and v, and v, are longitudinal velocity
and lateral velocity.

We estimate the longitudinal velocity, lateral velocity, and yaw rate of the PV
based on the longitudinal and lateral acceleration of the PV obtained from V2V
communication. To estimate vehicle state using discrete sensor data, Eq. (4.1-4.4)
can be transformed into discrete-time state-space models.
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where k is the sampling instant, x;, is the state variables, u,, is the control input, z; is
the measurement output, and f and I" are the process and measurement functions,
respectively. At is the sampling interval, v, is the system process noise, Q, is its
covariance, ¢, is the system measurement noise, R, is its covariance, and v, and
¢ are uncorrelated with each other. The initial sate x, is also independent of all
noise signals.

Event-triggered data communication mechanisms can reduce data transmission
while ensuring system performance [28]. Figure 4.3 presents an event-triggered
mechanism for state estimation of PVs.
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Figure 4.3 The event-triggered mechanism.

We use a variable y, to model measurement transmission. The y, can be
expressed as

1 lf (Zk - Zk_l)T (Zk - Zk—l) >y
= 4.9
T {0 otherwise (4.9)
Zk =9+ A= Yk)zk—l (4.10)

where Z,_, represents the measurement previously transmitted by the sensor
before time instant k, z, is the current measurement output, g, is the current
transmitted measurement at time instant k, and y is the event-triggered threshold.
Let y, be an indicator of whether the measurement data is transmitted. When
7 = 1, the sensor data z, of the PV is transmitted to the state estimator. And,
7, = 0 means there is no data transmission.

4.3.2 Methodology

In this section, the ETECKF is derived to estimate the PV state under V2V com-
munication. Some necessary lemmas are introduced first.

Lemma 4.1 [29] For any two vectors x, y € R", and ¢ > 0, one has

T +yxT < oxx? + o7y (4.11)

Lemma 4.2 [30] For any three matrices F, B, H € R"*", if B, H are symmetric
positive-definite, and H — FBFT > 0, then

B'-FTH'F>0 (4.12)

Lemma 4.3 [31] For astochastic process V(&) and real numbersv,v,n > 0,and
0< 7 <1 such that

%n&knz < V(&) < %u&knz (4.13)
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and

ElVi1 G 1 51 < A =D)ViE) + 1 (4.14)
are fulfilled. Then the stochastic process is exponentially bounded in the mean
square, i.e., we have

k-1

E[IgI?] -0 + 13- (4.15)

—11

Ellg]1°] <

ICICI

For k> 0.

Theorem 4.1 For the system described by Eq. (4.6) with an event-triggered
mechanism, if there is no data packet loss and the following conditions

Blvl = 0, Blg =0, E[ng’] =0,

E [vkv ] Q&2 E [gkng] =Ry, (4.16)
‘Qk—j = l(k —j), Qk_j =0 (k #])

E [vexg] =0, E[gog] =0

are fulfilled, then the estimation error covariance P;H is represented as

Pl:+1 PI:+1 - 7/k+1Kk+1Pzz,k+1 w1 T (1 = V1) [(1 +0,)
X (I = M1 Bi1 Cir) Py k+1 a- Mk+1ﬁk+1ck+1)T + (1 +0,)

XM R ML+ (1407 + 05" ) M wM] | - P (4.17)
and the filter gain M, _ , is given by
My = A +0DP,, Ciy By [+ 0B CenPryy
— — -1
XCL B, + A+ o) Ry + (1407 +037 )y (4.18)

where ()T is matrix transpose, o, and o, are positive scalars, f;  ; is an unknown
diagonal matrix representing the error incurred in neglecting the higher-order
terms, 2, _ ; is the Kronecker delta function, C, ,, is a Jacobian matrix, ()1
the inverse of a matrix, I is the identity matrix, K, ., and M, , are the estima-
tor gains, and P, , and P, ; are the prior state estimation error covariance and
+1 2Z.k+1

predicted measurement covariance, respectively.

Proof: Similar to [32], the recursive filter with event-triggered data communica-
tion is expressed as follows

oF o ~— =
Xeyr = X T Ve K (Zk+1 - Zk+1) + (1 =y )My (Zk - Zk+1) (4.19)
where 7~ 2 = r ( X1 Ui +1) X is a posteriori estimate of at time k+1, X k+1 is

a priori estimate of at time k+1, and the state variables € | =x.,, —%/,, and
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€11 = X1 — X, represent the system posterior and prior state estimation errors,

respectively.
If y, ., = 1, the estimator gain matrix K, _ ; is the same as ECKF.

Kip1 = P P (4.20)
Plt+1 PI;+1 Kk+1Pzz,k+1Kk+1 (4.21)

If y; .1 =0, Eq. (4.19) is given by
&\I:ﬂ = SC\I:+1 + M, (zk+1 - /Z:H) + M 1@ — Zir) (4.22)

Linearizing f(x;, u,) by performing first-order Taylor series expansion for )’EI‘: .

fOgw) = f (2;: ”k) + o Acel

of (X, Uy)
Ak = #kk Xk:%:r (423)
o, = diag(alvk, Uy pes e “n,k)
€ = MAe! + (4.24)

where «; is an unknown diagonal matrix representing the higher-order terms.
Linearizing I'(x; ., u; ;) by performing first-order Taylor series expansion
forx X

POy Upp) =T x}?.,_l’ uk+1> + B Ck+le];+1

Ck+1 O 1, Upes1) e (425)
0Xpp1 X1 =Xy g

Br1 = diag(By jp1s Brjesrs -+ s Prjer)
Subtracting Eq. (4.22) from Eq. (4.6), the estimation error ezﬂ is given by
e;+1 = ek+1 Mk+1 (Zk+1 /Z:_H) _Mk+1(zk —Zk+1) (4.26)

Based on Eq. (4.25), the estimation error e;;rl is arranged as

k+1 = (I = Myyy Bies Crpn)eiyy = My S = My @ = Zi4) (4.27)
According to Eq. (4.27), P, | can be expressed as
+ + \T
Pk+1 E|e [ k+1 (ek+1) ]

=I- Mk+1ﬁk+lck+1)P1;+1 a- Mk+1ﬂk+1ck+1)T + My,
X Rk+1MkT+1 + M E {(Zk = Zey1) @ — Zk+1)T} MkT+1 - Qi
- zk+1 - (Zk+1)T + lI‘k+1 - (Qk+1)T + (q"k+1)T (4'28)

where Zk+1 = - Mk+1ﬁk+lck+l)E {e;+1ng+1 } MkT+1 and Qk+1 = - Mk+1
P CenE { €5,y @ = 2" P M,

Vi = M E {€k+1(zk - Zk+1)T} MkT+1'
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Because e, and ¢, are mutually independent, Z, | ; is equal to zero. Based on
Theorem 4.1 and the event-trigger mechanism Eq. (4.11), we can derive the fol-
lowing inequalities:
= Q- (Qk+1)T <o - Mk+1ﬂk+1Ck+1)P,;+1
X - Mk+1ﬂk+1ck+1)T + O'l_le+1l//MkT+1

Wi + (\Pk+1)T < °'2Mk+1Rk+1MT + Gz_le+1‘l’MT

k+1 k+1 (4'29)

where o, and o, are positive numbers. Substituting Eq. (4.29) into (4.28), the upper
bound 1_3;1 for P},  is obtained

_+ o
Prp=0+o0)d - Mk+1ﬂk+1ck+1)Pk+1 a- Mk+1ﬁk+lck+1)T

+ A+ )M Ry ML+ (1+ 07" +071) My wM,|

k+1 k+1 (4'30)

Based on Egs. (4.21) and (4.30), the upper bound of covariance IND;H is expressed
as
P;:rﬂ =P - 7k+1Kk+1Pzz,k+1KkT+1 + @ = Yer1) [(1 +0y)
x (I - Mk+1ﬂk+1ck+1)Pl;+l (- Mk+1ﬂk+1ck+1)T +(1+0,)

XM R M+ (1407 + 05" ) My wM,/, | — P

k+1 k+1] (4.31)

Take the partial derivative of f’: with respect to M, . ;, and let the derivative
+1 +1

be 0:
o(P:,)
k+1
- - (4.32)
aka+1
Then the optimal filter gain M, , , is expressed as
Mk+1 =1+ 61)Pl€+1 Cg+1ﬂg+1 [(1 + 61)ﬂk+lck+1PI;+1
- - -1
XCpo By + A+ 0)R + (1407 +05") w] (4.33)

This completes the proof. The entire iterative process of the ETECKF algorithm
is given in Algorithm 4.1.

Next, we will analyze the stochastic boundedness of the ETECKF. To facilitate
the analysis, the error expression is simplified based on the method reported in
[33], namely,

g1 _/Z;H = i1 Cr @iy + Sk (4.34)
Similarly, the following covariance can be derived by
P = “kAkPZ“T‘Z“k +Q
Pt = Py Con P (4.35)
Pzz,k+1 = ﬂk+1ck+1p;:+1c;z+1ﬂk+1 + Rin
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Algorithm 4.1 The ETECKF Algorithm
Step 1: Set %, = E(x,)I1, = E[(x, — X)X, — %,)7]
The embedded cubature points §; and the weights ¢, are, respectively, given by

_ 1 N _ 1 . n
¢i_1_2_p2 i=1; d’i_ZTlpz i=1,2,...2"+1
9,=[0], i=1; 191.=ei=[eye(n),—eye(n)]\/iol, i=23,...2n+1
P S+={ei+ej,i,j=1’2’-“n9i;éj}7 Sl_= {ei_ej’i’j=1’2""n’i¢j}
§i+=[sz+’_sl+]*pl’ gi—=[sl—,_sl—]\/5p1’ 19i=§i+’ i=2n+2,...4n+1
9,=5;, i=4n+2,..6n+1, 9,=e¢p, i=6n+2,..8n+1
9 TPy i=8n+2,...10n+1, I;=5;p, i=10n+2,..2"-10n-1

Step 2: Time update

Singular value decomposition of P;": P" = U, VkT
Compute the Cubature Points: y;; = S,9/%;
Propagate the Cubature Points: X7, | = f(x;4. Uy)
Estimate the predicted state X, and P,

T & s— T
k+1 Zd)l ik+1° k+1 Z¢l 1k+1 1k+1) k+1(xk+1) +Qk

Step 3: Measurement update:

Singular value decomposition of P : P, = Up1 SV, k+1
Compute the Cubature Points: y;;,; = Sp19; + %,
Propagate the Cubature Points: Z, | = h(¥; 1. Ugi1)

Estimate the predicted measurement 2,; , the innovation covariance matrix

P~ ., and the cross-covariance matrix P
2Z.k+1 +1

A o) T A
L1 = Z ¢l 1k+1 zzk+1 Z (l)l 1k+1(Z k+1) Zk+1(zk+1) + Rk+1’
2n

5= (5= T
xz k+1 Z bixi k+1(Zz k+1) xk+1(zk+1)

i=1
Compute the value of y, ., using Eq. (4.9) and the filter gain matrices K, or
M, through Egs. (4.20) and (4.18).
Estimate the updated state fc]:rl and P;H through Egs. (4.19) and (4.17).
Step 4: Repeat steps 1-3 for the next sample.
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Theorem 4.2 For the system described by Eq. (4. 6) with an event-triggered
mechanism, If there exist real constants f [y h, b, B, B, a, @ # 0 and p, pg; q,r,
7> 0 such that the following inequalities are satisfied for k > 0.

-2

gl <Q <ql, rI<R <7, fII<AAT<fI,

4 _ A

EZISC,{CI?SI’LI, aZIS(xka <@l (4.36)
-2 —

g%gﬁkﬁ,{gﬂl, pPI<P_ <pl, 6<5<56.

Then the prior state estimation error e;.

+1 18 exponentially bounded in the mean
square.

Proof: Based on the assumption that pI <P, < pI, which can be derived by
B T
Theorem 4.5 in [30]. By defining the Lyapunov function V., (el;rl) = (egﬂ)

-1
<P}:+1> € We have
1 _ 1 - 12
p” k+1” < Vin ( k+1) < é||ek+l H (4.37)
According to Eq. (4.19), the unified form of e;H is derived as

e2+1 = €1~ Ve K (Zk+1 - /ZIH) =1 =Y 1)Mp (Zk —/ZIH) (4.38)
Combining Egs. (4.25) and (4.38), then

+ - _
ek+1 =€~ 7k+1Kk+1 (ﬁk+1 Ck+1ek+1 + gk+1)

~ (1= Vs )Mjety [Bras Cimn€ieyy + Siert = @ = 20) (4.39)
Combining Egs. (4.24), (4.34), and (4.39) to obtain
€ = H1k+H2k+H3k+Vk
[l = D\l,ke = Al = 1K B Cp = (1 = y)M i Cile

[Ly= /Hz,kgk = A [=r K — (1 = v )M ]g,
[Lix = [x@on — 20 = A = rdMy (2 = Zy)

Taking the conditional expectation for Eq. (4.40), we have

E{Vk+1 (€es1) |e,: } =E <H H H+vk> 1) _1

1k 2,k 3k

T
-1 _
Pe,y) H e T
1k 1k

(4.40)

x<1!k+12;[+H+vk))e;

3k

(4.41)
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M = Myt Hog t g+ Hyy

o= B{ T (Pr) Thae+ T ()

x L+ 00" (P, ) 00 )e;}
Vo= E{ T () T+ T (Ps) Tl } (442)
= BT () T+ T (Ps) e }
=0 e )l

According to Eq. (4.35), then
i q D+ AT
P, = qAPIAla + Q= ( 1+ —=— | g AP Ala, (4.43)
i

Define Ny = [I -y, Ky f,Cy — (1 =y )M B Cl, X = NP N[

Based on Theorem 4.2 in [30] and combining Egs. (4.20), (4 21), (4.30), and
(4.35), the upper bound of 13; at time k satisfies T’; > Y- Thus, Eq. (4.43) can
be rewritten as

q
P, > (1 + ) [ AN P, [ AN, 1T (4.44)
P
According to Lemma 4.2, it is obtained that

r 8 -1 q 1
[ AN, ] (Pk+1> [ AN < (1= —=— ) (P)

! (4.45)
~T
Hl,k(P[;.l) Hlk = [akAka]T( N 1) [ AN
d T -1 T
E{ Pry) Hlek } <a-oe{(¢)" ()™ ()"}
<A-7E{V, ()} (4.46)

IS}

. It can be clearly seen that 0 < 7 < 1.

where 1 = —;
o’f

"u \
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Both sides of y; are scalars, and we can take trace on the terms of the right-hand
side of u, without changing its value.
1 T T T —
My < ;E {”’ <H2,k Hz,k> +tr <H3,k H3,k> + (vkvk) ek}
lply 7 E ==\2 T —2_2—25 T
> af (k+mytr(glg) +a’f ms +tr(vv)

o — 2
] = @F e+ mpn, +@f m'e +qn,) (4.47)

IA

(1+61)pcﬂ
(1+¢71)czﬁ *p+(L+oy)r+(1+07 +031)8
pep
P p+r

§|

=1

L

Using Lemma 4.1, tr(FH) = tr(HF), and computing the trace of u,, ps;, and
My x> We have

Hyy < i {0'3tr (HskH3k> + oy tV(HmHm)}
) 1 p o (4.48)
:;< Ef m 5+6_1(Zf (1+kCﬁ+mCﬂ)2 )
/43kS {%”‘(HskHM)""’ 1fF(H2ksz)}
) 1 (4.49)
1 (o 4 oy T o P,
T —
Mgy < iE {O'str (Hs,k H3,k> + o5t (vlka)}
g Le 1 (4.50)
=7 <o-5(xf mé+o; gnv>
where o3, 0,4, 05, n, and n, are positive scalars. Now, we define
-1\ = _2_2_2_
n_(1+62 )an, + (L +o;+o,+o)a f ms
P
2 — -2 - —
1+0;)@f (k+mPrn, +o;'@f (1+ ke +mep)’p
N (1+o;!)a'f ctoyaf P (4.51)
P
According to Egs. (4.46) and (4.51), we have
E{ Vi (60) e | < 0= 0B (Vi ()} + (452)

Therefore, based on Lemma 4.3, € is bounded in the mean square sense.
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4.3.3 Simulation and Experiment Tests

To verify the effectiveness of the ETECKF algorithm, a comprehensive validation
process is undertaken, encompassing both simulation and real vehicle experi-
ments. The superiority of the ETECKF algorithm is demonstrated by comparing
its estimation results with those obtained from the conventional CKF and the
standard ECKF. In the simulation tests, the CarSim software is utilized and
installed on two separate computers to create a realistic testing environment.
These computers simulate two distinct vehicle models: one representing the PV
and the other representing the EV. Data exchange between the two computers is
facilitated through a network cable, employing the user datagram protocol (UDP)
module in SIMULINK software to ensure efficient and real-time communication.
CarSim software generates detailed and accurate vehicle models, providing a
robust platform for evaluating the performance of the ETECKF algorithm. The
simulation setup allows for controlled testing conditions, enabling a thorough
comparison of the ETECKF, CKF, and ECKF algorithms under various scenarios.
By generating two vehicle models on separate computers, the setup mimics
real-world interactions between PVs and EVs, ensuring the results are both
relevant and applicable.

Additionally, real vehicle experiments are conducted to validate the simulation
results and further demonstrate the practical applicability of the ETECKF algo-
rithm. These experiments involve equipping actual vehicles with the necessary
sensors and communication modules to implement the ETECKF framework. By
comparing the estimation accuracy and reliability across different algorithms, the
experiments underscore the advantages of the ETECKF in real driving conditions.
Through this rigorous validation process, the effectiveness and superiority of the
ETECKEF algorithm are clearly illustrated, showcasing its potential to enhance
vehicle state estimation in both simulated and real-world environments.

4.3.3.1 Simulation Results
The trajectory of the PV in the simulation test (ST) is shown in Figure 4.4. The
vehicle state values from CarSim are defined as reference values (RVs).

The parameters utilized in the CKF, ECKF, and ETECKF are the same. The com-

N
munication rate y is calculated as [30], i.e. y = z%r Y 7;- According to this formula,
k_

the communication rate is 0.96% when y = 0.0001_.1Different methods to estimate
the motion state of the PV are depicted in Figs. 4.5-4.7. The root mean square
errors (RMSE) estimated by different methods are listed in Table 4.2.

In Figure 4.5, the longitudinal velocity curve estimated using the conventional
CKF shows a noticeable deviation from the RV, indicating less accuracy. In
contrast, the longitudinal velocity predicted by the ECKF closely aligns with the
RV, demonstrating superior estimation performance. The ETECKF also performs
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Figure 4.4 The trajectory of the PV in the ST.
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Figure 4.5 The curve of longitudinal velocity in the ST.

well, with its estimation closely matching that of the ECKF. Similarly, the lateral
velocity and yaw rate estimation results depicted in Figs. 4.6 and 4.7 reinforce
these findings. Both the ECKF and ETECKEF algorithms outperform the CKF in
these aspects, providing more accurate and reliable estimates. Table 4.1 further
quantifies these results, clearly showing that among the three methods, the
ECKF has the smallest estimation error, highlighting its superiority in terms of
accuracy. Although the ETECKF experiences a slight degradation in performance
due to the intermittent transfer of measurement data, its estimation accuracy
remains within acceptable limits. Remarkably, even with 99.04% of the accelera-
tion data not being transmitted, the ETECKF maintains satisfactory estimation
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Figure 4.6 The curve of lateral velocity in the ST.

30 T

'—Reference vaIL'Je ----ECKF
- - CKF e ETECKF

r (deg/s)

50 100 150 200
Time (s)

Figure 4.7 The curve of yaw rate in the ST.

performance. This demonstrates the robustness and reliability of the ETECKF
algorithm, even under conditions of significant data loss. Overall, these results
underscore the effectiveness of the ECKF and ETECKF algorithms in providing
accurate vehicle state estimations, with the ECKF leading slightly in performance
due to its continuous data transmission capabilities.

Figure 4.8 illustrates the variation of y,. Figures 4.9 and 4.10 provide a com-
parative analysis of the acceleration profiles used as inputs for the ETECKF
algorithm versus the original acceleration profiles. A closer examination of the
enlarged sections within these figures reveals that the acceleration signals fed
into the ETECKF remain constant over certain time intervals. This constancy
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Table 4.1 RMSE of ETECKF estimation under y = 0.0001.

Symbol r v v

X y
CKF 14.9423 0.4558 2.7099
ECKF 0.5702 0.2617 2.3655
ETECKF 1.6468 0.2992 2.6837
1.2 T T T

Tk

0 50 100 150 200
Time (s)

Figure 4.8 Event-triggered times in the ST.

indicates periods during which no new acceleration data is received, reflecting
the event-triggered nature of the ETECKF algorithm. Specifically, during these
intervals, the algorithm relies on previously received data to maintain state esti-
mation, rather than incorporating new measurements. This behavior illustrates
the algorithm’s efficiency in managing data transmission, reducing the frequency
of updates without compromising the overall estimation accuracy. By only
triggering updates when significant changes in acceleration occur, the ETECKF
minimizes unnecessary data transmission, thereby optimizing computational and
communication resources. These findings underscore the ETECKF’s capability
to maintain accurate state estimation despite intermittent data inputs. The
periods of constant acceleration input demonstrate the algorithm’s robustness
in handling scenarios where continuous data transmission is not feasible. This
characteristic is particularly valuable in real-world applications where communi-
cation constraints or data loss might otherwise hinder performance. Overall, the
comparison in Figs. 4.9 and 4.10 highlights the effective implementation of the
event-triggered mechanism within the ETECKF, ensuring reliable and efficient
vehicle state estimation.
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Figure 4.9 Comparison between the original longitudinal acceleration signal and the
signal input to the ETECKF algorithm in the ST.
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Figure 4.10 Comparison between the original lateral acceleration signal and the signal
input to the ETECKF algorithm in the ST.

4.3.3.2 Real Vehicle Test Results

In areal vehicle test (RVT), an ARRIZO 5e equipped with an integrated navigation
system (INS750D) is utilized as the PV, while a Chery eQ1 serves as the EV. These
two vehicles, depicted in Figure 4.11, are employed to assess the effectiveness of
the proposed method. The relevant sensor data is sampled at a high frequency of
100 Hz to ensure precise and detailed data collection. Data transmission between
the two vehicles is facilitated through a wireless local area network using the UDP,
which ensures efficient and reliable communication. The computer configura-
tion for running the ETECKF algorithm and the MATLAB application is robust,
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Figure 4.11 The two test vehicles.

featuring an AMD Ryzen 7 5800HS CPU and 16.0 GB of memory, as shown in
Figure 4.12. This setup enables real-time processing and analysis, providing a suit-
able environment for evaluating the performance of the ETECKF algorithm under
practical conditions. The use of high-frequency data sampling and advanced com-
putational resources ensures that the test can accurately reflect the dynamics and
interactions between the PV and EV, thereby validating the proposed method’s
applicability and effectiveness in real-world scenarios.

In the real vehicle experiments, the driver conducts lane-changing maneuvers to
evaluate and verify the effectiveness of the ETECKF. Throughout these tests, the
parameters used in the conventional CKF, the ECKF, and the ETECKF remain
consistent to ensure a fair comparison. By maintaining the same parameter set-
tings across all three algorithms, the experiments can accurately assess the per-
formance improvements and robustness of the ETECKF in handling real-world
dynamic driving scenarios, particularly during complex maneuvers such as lane
changes. This rigorous testing process underscores the reliability and practical
applicability of the ETECKF algorithm in enhancing vehicle state estimation and
control. The communication rate y is 37.55% when y = 0.00012. Different methods
to estimate the motion state of the PV are depicted in Figs. 4.13-4.15. The RMSE
estimated by different methods is listed in Table 4.2.

Consistent with the findings from simulation tests, both the ECKF and the
ETECKF demonstrate superior estimation performance compared to the con-
ventional CKF. Table 4.2 clearly illustrates that the ECKF exhibits the smallest
estimation error among the three methods, highlighting its precision in vehicle
state estimation. Although the performance of the ETECKF shows a slight degra-
dation due to intermittent data transmission, its estimation accuracy remains
within acceptable limits. Even with 62.45% of the measurement data not being
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Figure 4.12 The app is used to configure the vehicle model and prediction algorithm
parameters and to monitor the estimated results of the PV state.
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Figure 4.13 The curve of longitudinal velocity in the RVT.
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Table 4.2 RMSE of ETECKF estimation under y = 0.00012.

Symbol r vV, v,

CKF 0.3641 4.3191 0.0398
ECKF 0.1438 0.0574 0.0129
ETECKF 0.2470 0.1203 0.0171
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transmitted, the ETECKF maintains satisfactory performance and consistently
outperforms the CKF in real-world conditions. During the RVTs, it is observed
that the estimated values of both ETECKF and CKF initially exhibit significant
fluctuations. This behavior is attributed to several factors, including the inherent
characteristics of the algorithms, the selection of parameters, and the dynamic
updating of measurement data. These fluctuations stabilize over time as the
algorithms adapt and refine their estimates based on continuous sensor inputs
and data updates.

Figure 4.16 illustrates the variation of y, in the estimation process. Figures 4.17
and 4.18 present a detailed comparison of the acceleration profiles utilized as
inputs for the ETECKF algorithm against the original acceleration profiles.
Upon closer inspection of the enlarged sections within these figures, it becomes
evident that the acceleration signal fed into the ETECKF remains unchanged
over certain time intervals. This constancy indicates periods during which no
new acceleration data is received, underscoring the event-triggered nature of
the ETECKF algorithm. The consistent input signal illustrates the algorithm’s
capability to maintain state estimation without continuous updates, leveraging
previously acquired data until significant changes in acceleration are detected.
This approach optimizes computational resources and minimizes unnecessary
data transmission, aligning with the algorithm’s efficiency in managing commu-
nication bandwidth and processing requirements. These observations highlight
the robustness of the ETECKF in handling scenarios where data transmission may
be intermittent or limited. By effectively utilizing available data and triggering
updates only when necessary, the ETECKF ensures reliable and accurate vehicle
state estimation under varying real-world conditions.
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Figure 4.16 Event-triggered times in the RVT.

161



162 | 4 State Estimation of the Preceding Vehicle with Data Loss and Parameter Perturbations

2.1 T r T T T
—Sensor signal 0.2
— Input signal of the ETECKF
14} ny 1
. -0.4
R 6 6.5 7
£ 07} E
>
©
0 _
0.7 L L L 1 1
0 2 4 6 8 10 12
Time (s)

Figure 4.17 Comparison between the original longitudinal acceleration signal and the
signal input to the ETECKF algorithm in the RVT.
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Figure 4.18 Comparison between the original lateral acceleration signal and the signal
input to the ETECKF algorithm in the RVT.

4.4 Motion State Estimation of PVs with Unknown
Model Parameters

In this section, we introduce an innovative event-triggered estimation framework
tailored to address challenges such as packet loss and model parameter pertur-
bations in predicting the state of PVs. The framework is designed to enhance the
reliability and accuracy of state prediction in dynamic vehicular environments.
The core of the proposed framework begins with deploying an event-triggered
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communication rule, which governs when the PV transmits its sensor data
to the host vehicle (HV). This rule optimizes data transmission by sending
updates only when significant changes in the PV’s state occur, thereby conserving
communication bandwidth and reducing computational load. Following this, an
event-triggered cubature Kalman filter (ETCKF) is developed to perform the state
estimation of the PV. Unlike traditional continuous-update filters, the ETCKF
updates its estimates based on event-triggered rules, ensuring that computation
occurs only when necessary data updates are received. This adaptive approach
not only improves computational efficiency but also maintains accurate state
estimation despite intermittent data availability. To further bolster the robustness
of the ETCKF against uncertainties like model parameter variations, a strong
tracking algorithm is integrated. This enhancement transforms the ETCKF into a
strong tracking ETCKF (STETCKF). The STETCKF dynamically adjusts its esti-
mation process to accommodate varying model parameters, thereby enhancing its
ability to track the PV’s state accurately over time. The theoretical convergence of
the STETCKEF is rigorously analyzed and proven, demonstrating its stability and
reliability in real-world applications. Experimental validation further substanti-
ates the effectiveness of the framework, conducted under controlled conditions
to assess its performance in scenarios involving realistic levels of packet loss and
model perturbations.

The entire estimation framework (as depicted in Figure 4.19) comprises five
essential components, each playing a critical role in ensuring accurate and reliable
state prediction for PVs in dynamic driving scenarios. These components include
the CAN bus data collection module, event triggering mechanism, data loss simu-
lation module, vehicle dynamics model, and STETCKEF. To initiate the estimation
process, the CAN bus data collection module acquires vital sensor information
such as lateral acceleration and longitudinal velocity from the PV. These measure-
ments serve as foundational data inputs for subsequent estimation procedures.
The event-triggering mechanism operates next, evaluating the collected sensor
data to determine the necessity of transmitting current sensor readings to the HV.
This mechanism optimizes communication bandwidth by triggering data updates
only when significant changes in the PV’s state are detected, thereby enhancing
efficiency and reducing unnecessary data transmission.

Subsequently, the data loss simulation module introduces controlled variability
by applying a random variable following a Bernoulli distribution (ranging between
0and 1) to the sensor data transmitted by the event trigger module. This simulation
mimics real-world conditions of packet loss, ensuring the robustness of the esti-
mation framework against communication interruptions. Finally, the STETCKF
algorithm performs real-time state estimation of the PV based on the processed
sensor data and the vehicle dynamics model. This advanced filtering technique
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adjusts dynamically to accommodate uncertainties in model parameters, enhanc-
ing its capability to provide accurate and stable predictions of the PV’s state over
time. By integrating these components cohesively, the estimation framework not
only addresses challenges like intermittent data transmission and model uncer-
tainties but also validates its effectiveness through experimental validation. This
approach ensures that the framework remains reliable and adaptable in diverse
operational environments, offering significant advancements in vehicle state esti-
mation technology for modern automotive applications.

4.4.1 Vehicle Model and Problem Statement

In this work, we choose the single-track model (see Figure 4.20) as the PV dynam-
ics model. The single-track model, also known as the bicycle model, is a simpli-
fied representation of a vehicle’s dynamics, widely used in the study of vehicle
motion and control. This model reduces a four-wheeled vehicle to an equivalent
two-wheeled system, capturing the essential behavior of the vehicle while signifi-
cantly reducing computational complexity. In the single-track model, the vehicle’s
front and rear wheels are represented by single wheels located along the center-
line, hence the term “single-track.” This simplification allows for the effective
analysis of lateral and longitudinal dynamics, crucial for understanding the vehi-
cle’s stability and control mechanisms. The single-track model incorporates key
parameters such as the vehicle’s mass, moment of inertia, wheelbase, and the
positions of the center of gravity relative to the front and rear axles. These param-
eters help in formulating the equations of motion, which describe how the vehicle
responds to steering inputs, external forces, and moments. The model typically
includes equations for lateral dynamics (sideslip angle and yaw rate) and longitu-
dinal dynamics (forward velocity and acceleration). One of the primary applica-
tions of the single-track model is in the development and testing of ADAS and
autonomous driving algorithms. For instance, the model is used to design and
validate systems like electronic stability control, traction control, and automated
steering. Its relatively simple structure makes it suitable for real-time applications
where computational efficiency is critical. The equations are given by

Figure 4.20 The

single-track model. F, Y V
S :
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= LiFy L Fy
I,

‘ 4.53
_ Eythy ( )
y = m X
Yy
p = arctan [ — (4.54)
vX
Lk, — Lk ke +k k
a, = L A ‘p—Ls (4.55)
my m m

pe
where m is vehicle mass, I, is the inertia moment about the vehicle vertical axis,
6 is the angle of front wheel, F v and Fy, are lateral forces of front axle and rear
axle, r is yaw rate, Ly and L, are distances from the center of gravity to front axle
and rear axle, f is sideslip angle, v, and v, are longitudinal velocity and lateral
velocity, kf and k, are the front and rear tire cornering stiffnesses, and a, is lateral
acceleration.
The tire forces are given by

Fp = 2ksa (4.56)
F,, =2k.a, (4.57)

where a; and «, are the front and rear wheel sideslip angle and their calculation
formulas are given by

Lfr
af=5—ﬂ—— (4.58)
vX
Lr
a,=—f+— (4.59)

X

Rewrite the vehicle model into a state-space form, then we have

Xz =f(x1—l’ uT—l) +w._, (460)
z, =T, u)+v,
x, =[rv,a)", z,=[a])", u, =[5,v]"
LiFy~L,F,
rr rT_l + < I ) At
b |= FAF, (4.61)
af;‘[ vy,r—l + (% - r—lvx,r—1> At
ay,r—l
la,.1=10 0 1]x, (4.62)

Table 4.3 presents the meanings of the variables in the above equations.
wherew_ and v, are independent of each other. All noise signals are uncorrelated
with the initial state x,,.
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Table 4.3 The meanings of variables.

Symbol Variables

T Sampling instant

w, Process noise

x, State variables

f Process function

u, Control input

R, Covariance of measurement noise
zZ, Measurement output

At Sampling interval

Q, Covariance of process noise
v, Measurement noise

IT Measurement function

The observability of a system is an indicator of how effectively its internal states
can be calculated from knowing its inputs and outputs. We usually construct an
observable matrix, and if it is a full-rank matrix, then the system is locally observ-
able. Applying partial derivatives to the formulas in Section IIT A (4.4.1) and setting
v, #0. It can be easily deduced that the rank of this observation matrix is 3, there-
fore the system is locally observable.

Figure 4.21 illustrates an event-triggered communication rule, a crucial
mechanism for ensuring accurate vehicle state estimation while optimizing
communication efficiency. The design principle of this rule revolves around
assessing whether a significant change in the vehicle state has occurred by
comparing the current measurement data with historical measurement data.
This comparison helps determine the need for updating the vehicle’s predicted
state with fresh data. When the deviation between the current measurement and
the historical data is minimal, indicating that the vehicle state has not changed
drastically, the system deems it acceptable to use the historical measurement data
for estimating the present vehicle (PV) state. This approach leverages the stability
of the vehicle’s dynamics, reducing the need for frequent data transmission and
thus conserving communication bandwidth. By using historical data in such
scenarios, the system maintains a balance between accuracy and efficiency, ensur-
ing that minor fluctuations in the vehicle state do not trigger unnecessary data
updates. Conversely, when the deviation is substantial, indicating a significant
change in the vehicle state, the system recognizes the potential for considerable
errors if it continues to rely on outdated data. In such cases, the event-triggered
communication rule mandates the use of the latest measurement data to predict
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Figure 4.21 The event-triggered communication rule.

the PV state accurately. This timely update mechanism ensures that the vehicle’s
control systems and predictive models are based on the most current informa-
tion, thereby minimizing the risk of errors that could compromise safety and
performance. The event-triggered communication rule is particularly valuable
in scenarios where communication resources are limited, and it is essential
to optimize data transmission without sacrificing the accuracy of vehicle state
estimation. By dynamically adjusting the reliance on historical versus current
data based on the magnitude of state changes, this rule enhances the robustness
and reliability of the vehicle’s control systems. Furthermore, the implementation
of this rule requires sophisticated algorithms capable of real-time data analysis
and decision-making. These algorithms must efficiently process incoming data,
compare it with historical records, and determine the appropriate course of action
based on predefined thresholds for acceptable deviations. The continuous mon-
itoring and adaptive response facilitated by the event-triggered communication
rule play a critical role in ADAS and autonomous driving technologies, where
precise and reliable vehicle state estimation is paramount.

7. is an index of whether the sensor information of the PV is sent or not. The
specific equation of y, is as follows

1 if @z -2, )@ -%2,_1)>p
= T T 4.63
‘ {0 otherwise (4.63)
2. =72, +0-7r)Z,_, (4.64)

where p represents the event-triggered threshold, z, indicates that the HV receives
the sensor information from the PV at the current moment, z,_, represents that the
HYV received the sensor information from the PV at the last moment, z, indicates
the sensor information of the PV at the current moment, and if y, = 1, it means
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that the current sensor information of the PV will be sent to the HV for motion
state estimation and vice versa.

After the event-triggering mechanism has worked, the communication rate will
be reduced but there is still a possibility of losing the transmitted data. The momen-
tary arrival of the observation at the moment r can be described using the binary
random variable A, with the value 0 or 1. This description of packet loss is clas-
sic [34]. Furthermore, this expression is also commonly used for problems such
as vehicle localization [35] and platoon control [36] in connected vehicle environ-
ments where data loss is considered. The following equation describes the proba-
bility density distribution of observation noise v, with respect to 4,.

_(NO,R) A =1
PO [ 40) = {N(O,o-zl) A,=0

If 2, =0, it indicates that data will be lost. This case is considered as a limiting
case whose covariance is 6%I and ¢ — 0. When A_ = 1, it means that data will not
be missing. The variance of the estimator is R , I is an identity matrix. Additional
details can be found in [34].

(4.65)

Remark 4.1 The packet loss only occurs with y, = 1. When packet loss occurs,
i.e. 4, =0, the latest PV sensor data is sent to the HV, but the HV does not receive
the latest data, it can only predict the PV state based on the historical data. Using
a probabilistic formula to describe packet loss and embedding it into a filtering
algorithm for iterative updating can effectively suppress the effects of packet loss.

4.4.2 Methodology

After establishing the event-triggered communication mechanism, the sensor
information from the PV is transmitted to the HV only under specific conditions.
This selective communication strategy implies that our estimator must rely on
historical data to predict the PV state during periods when these conditions
are not met. In such instances, using the traditional CKF for state estimation
becomes problematic. The CKF operates under the assumption that sensor data
is always available in real-time, corresponding to a 100% communication rate,
typically achievable through uninterrupted wireless communication. When the
communication mechanism triggers the transmission of sensor data, the CKF can
be employed to estimate the PV state accurately. However, during intervals where
only historical measurement data is accessible, the CKF’s accuracy diminishes.
This is because the CKF’s derivation hinges on the continuous real-time availabil-
ity of measurement data. Without this, the estimator cannot maintain its expected
performance levels. To address this challenge, it becomes necessary to re-derive
the filtering algorithm to handle scenarios where real-time data is intermittently
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unavailable. This new filter must effectively mitigate the impact of reduced
real-time measurement data and packet loss on estimation accuracy. The goal is
to ensure that the estimation remains robust even when the communication rate
drops below 100%. The first step in deriving this new filter involves rewriting the
state update equation to account for data loss in a recursive form. By incorporating
data loss directly into the state update process, the new algorithm can adapt
to the varying availability of sensor data. This approach ensures that the filter
remains functional and accurate despite the interruptions in data transmission.
The next step involves developing the mathematical framework and proving the
effectiveness of the new filter. This entails deriving the necessary lemmas and
proofs to establish the theoretical foundation of the filter. By demonstrating that
the new algorithm can maintain high estimation accuracy even with sporadic
data updates, we can validate its suitability for the event-triggered communication
mechanism. In summary, transitioning from a traditional CKF to a newly derived
filtering algorithm that accounts for intermittent data availability is crucial. This
new filter must suppress the negative impacts of reduced real-time data and
packet loss, ensuring that the HV can accurately predict the PV state despite com-
munication challenges. The recursive state update equation and the subsequent
theoretical derivation and proof form the backbone of this innovative approach,
ultimately enhancing the robustness and reliability of vehicle state estimation in
an event-triggered communication environment. The derived lemma and proof
are as follows.

Theorem 4.3 For an event-triggered system considering data loss, if it can be
rewritten into the state space form described in Eq. (4.60), the estimation error
covariance H:+1 is shown as

Hr+l = l_[«:+1 - )”r+171+1M1+1sz,r+er+1 +1- y‘r+1) [(1 +a,)

X (I - NT+10T+1 CT+1)H1_'+1 (I - NT+19T+1 Cr+l)T + (1 + aZ)
XN, R oNL + (1+a7" +a3' )N pNE - T (4.66)

7+1 T +1

where C, | is a Jacobian matrix, a, and a, are positive scalars, II_, is the prior
error covariance, M, , ; and N ; are the estimator gains, 6, ; is an undetermined
diagonal matrix is introduced to model errors due to the first order linearization,
and I, ., represents the predicted measurement covariance.

Proof: The state update with data loss is as follows

oo e
X =Xt A VoMo (ZT+1 ZT+1)

+ 1A=y )N (7, -2,) (4.67)

A o ~r
whereZ, =T (X, .U, ). X

., represents a posterior estimate and X , is a priori
estimate.
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We define the posterior and prior estimation errors asx?,, andx_, ,, respectively,
and the calculation formulas are as follows
}:—H =Xep — 55:—+1 (4.68)
X =X — X, (4.69)
Ify, ., =1, the gain matrix M ; of CKF can be expressed as
- -1
Mr+1 = 1_Ixz,f+1 (HZZ,H-I) (4'70)
- T
l_[:L"—+l = l_[‘r+1 - MT+1HZ,Z,T+1M1+1 (471)
Ify, ., =0, the Eq. (4.67) is given by
5C\‘r'—+1 = 5C\r_+1 + NT+1(ZT - Z‘L'+1) + NT+1 (z‘r+l - /Z:+l) (472)
Expanding f(x,, u,) in the Taylor series, then we have
f(xr’ u‘r) =f (32:—’ u‘r) + aTATSC‘:-
of e, )
Ar= 00 = (4.73)
a, = diag(ay ,, @ .- @, )
%r_+1 = arAr%:— + w, (4.74)

where «, is an undetermined diagonal matrix that represents model errors due to
the first-order linearization and n is the dimension of the system state.

Expanding I'(x, , ;, 4, ,) in the Taylor series, then we have

A ~
POy Uy =T (8700 Uppt) + 0,0 Con X,y
_ Ol Uyy)
C—r+1 - 0X,.4 Xep1=X (475)

0,01 = diag(91,1+1’ 05415+ 0p001)

Subtracting Eqgs. (4.72) from (4.67), the X, | is given by
%:+l = z‘LT+1 - N‘H—l(ZT - Z‘r+1) - NT+1 (Zr+l - /Z:+1) (476)
Based on Eq. (4.75), the X | can be rewritten as
’f:+1 = (I - NT+191+1CT+1)’55‘;+1 - Nr+1vr+1 - NT+1(ZT - Zr+1) (4~77)
According to Eq. (4.77), IT!, | is given by
~t et \T
I, =E [x:r+1 (X5) ]
= (I - Nr+10r+lc‘r+1)H[:+1 (I - Nr+10r+lc‘r+1)T + N‘r+1
X RT+1N‘LT+1 + NT+1E {(ZT - ZT+1) (Zr - z‘L'+1)T} N‘Z+l - QT+1
- Z‘r+1 - (ZT+1)T + lP‘L'Jrl - (QT+1)T + (lPTJrl)T (478)
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where
Zep=U—=N.,0,,C)E {zr_ﬂvrTH} NTT+191+1 =U-N;10,.,C 1)
X E {%‘:-Fl (ZT - zr+1)T} NTT+1
lPﬂ:+1 = NT+1E {v‘r+1 (ZT - z1'+1)T} NZ—H
Z. ., isequalto zero because X, and v, are independent of each other. For further
derivation, the following lemma [32] is described.
For any two vectors x, y € R"”, and a > 0, one has
" +yx" < wx” +alyy" (4.79)
According to the above inequality, Q__ , and ¥__ ; can be rewritten as
- QT+1 - (QT+I)T < al(I - NT+10‘L'+1CT+1)H;+1
X (I - N‘r+19‘r+1 CT+I)T + aIlNT+1pNZ+1

T T -1 T
Yo+ <aoN RN, +a; N pN

(4.80)
Combining Egs. (4.80) and (4.78), the upper bound ﬁ;l for ITY | is given by

—+
M., =0+a)d -N,,6,,C DI, I-N,,6,,,C.)"

k+1
T 1, -1 T
+ @+ ay)N RNy + (1 ta,” +a, )N‘r+1er+1

(4.81)

Combining Egs. (4.71) and (4.81), the new upper bound of ﬁ;l can be rewritten
as

~+ _
oy =10, - ?’r+1Mr+1sz,r+1MrT+1 + A =740) [(1 +ay)

x{ - N1+101'+1 CT+1)H];+1 (I - N1+101'+1 C‘r+1)T + (1 + (12)
XN, R NI+ (1+a7" + 03" )N pNE - T (4.82)

7+1 T 41

Take the partial derivative of ﬁjﬂ with respect to N and let the derivative

be zero. Then the gain N_, ; can be rewritten as
Ny = +a)ll, €00, [ +a)0,,,ConIT,

xCT 07 +(1+a)R,, + (1+a;" +a3") o] (4.83)

T+1°

Equation (4.83) can only use historical measurement data for filtering iterations.
As long as our communication threshold p is set reasonably, its estimation accu-
racy can be guaranteed. Furthermore, taking into account the impact of packet
loss, the upper bound ﬁ;l is given by

~+

Moy =T = A Ve Mo g e My + (1= 7) [(1 +a,)
XU =N 10,1 Coo) T = N 10,1 C )" + (1 +ay)
XN, R oNL + (1+a7" + 03" )N pNE - T (4.84)

T+1 T T

This completes the proof.
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In the ETCKF algorithm, we address the effect of data loss but do not account for
the impact of model parameter perturbations on estimation accuracy. Studies have
shown that the strong tracking filter exhibits strong robustness to model parame-
ter perturbations [37]. This robustness is achieved through adaptive processing by
incorporating fading factors into the filtering process. The principle behind fading
factors is to purposefully increase the variance of the predicted state vector. This
is done by applying a matrix of fading factors to the predicted covariance matrix,
thereby enhancing the filter’s ability to track rapid changes in the system. The fad-
ing factors effectively allow the filter to “forget” older information at a controlled
rate, which helps in adapting to changes and uncertainties in model parameters.
By adjusting the fading factors online based on the a priori knowledge of the sys-
tem’s state model and relevant parameters, the filter maintains robustness against
model parameter perturbations. Given the advantages of the strong tracking fil-
ter, we propose to combine it with the ETCKF algorithm to form the STETCKEF.
This combined approach aims to enhance the robustness of the ETCKF algorithm
against model parameter perturbations, in addition to its existing capability to han-
dle data loss. The STETCKF algorithm integrates the fading factor mechanism of
the strong tracking filter with the event-triggered communication and state esti-
mation framework of the ETCKF. This integration involves modifying the covari-
ance prediction step of the ETCKF to include fading factors, which are adjusted
dynamically based on the observed system behavior and measurement data. The
online adjustment of fading factors ensures that the filter can adapt to changes
in the model parameters, thereby improving the overall estimation accuracy and
robustness.

Using a fading factor A, to update the IT

—.1» the specific equation is as follows

c
- T A AT
l_[‘r+1 = A‘r Z¢iXZ<1+1X:T+1 - xr+1x1+1 + Q‘r (485)
i=1

where A, = diag [go}, g2, - - - 9"]. See Table 4.2 for the meaning of other variables.

Y.d Y. d >1

k k%t k%t =

= =1,2,... 4,

: {1 Yd <1 K=L2Zen (4.86)
[N

4= N )
2 Y M,
k=1

N.=V,-R,-C,Q,_,CT (4.88)

M, =C,ATI;ATCT (4.89)
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(pl(plT =0
T
V.= "’Vl‘% r>1 (4.90)
=2, -2

where Y _ is a constant that is determined from a priori information about the state
of the system, d, is the undetermined parameter, and n is the dimensionality of the
state. y € [0, 1] is a forgetting factor, More details of the parameters can be found
in [38]. Table 4.4 describes the iterative process of STETCKF.

Table 4.4 The STETCKF algorithm.

Estimation Algorithm

Step 1: Set %) = E(x,) II; = E [(x, — X)(x, — X)7]
The embedded cubature points 9, and the weights ¢, are respectively given by

1 0)|-1 0

1 =[]0 ofl O 0
d’i:Z’ i =1/3 . , i=1,2,...c, ¢c=2n

0 1J{ 0 -1

Step 2: Time update:

Singular value decomposition of IT*: I} = U, S VT
Compute the Cubature Points: y;, = 5,9, + X}
Propagate the y, : X, = f(x,,.u,)

Estimate the X7, | and IT_, ,
2n
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Step 3: Measurement update:

Singular value decomposition of I ;: 11, = U_,;S,,, VL,

Compute the Cubature Points: ;. ,, =S, +119 +Xt,

Propagate the Xies1' Zi*f+1 =T (g Uryy)

Estimate the cross-covariance matrix IT_
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Compute y_ using Eq. (4.63) and the filter gain M ; and N__, are calculated by
Egs. (4.70) and (4. 83)
Update X" X7, and i through Egs. (4.67) and (4.83).

Step 4: At the next iteration loop, steps 1 to 3 will be repeated.
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This section will evaluate the performance of the STETCKF and will give

bounded conditions on covariance expectations.

Lemma4.4 For two matrices F, BER"*", assuming F, B are symmetric

positive-definite, then

(F+B'>F!-F!BF!

(4.91)

Theorem 4.4 For an event-triggered system considering data loss, if it can be
rewritten into the state space form described in Eq. (4.8), If there are real con-
stants f, f, b, h, B, B, ¢, a # 0,A > 1,1 < A, < Al and q, q, r, ¥ > 0 such that these

inequalities are met for 7 > 0.
—
2l <aal <TI, 01<007 <01
2

o

- -2
RI<CCT<hI, fI<AAT<fI
gl<Q,<ql, p<p<p, r<R <Vl

Ifi>1- 712,.2 for every = > 0, then

yAa'f

B[] <E[m) <&

Proof: For ease of analysis, the following covariates are simplified, then

+

l_[;+1 = ATaTATﬁTAZ"aT + QT
sz,r+1 = H;+1CZ+161+1
My = eT+1CT+1H;+1CZ+leT+1 + 4R + A - }”r+1)021

Combining Eqgs. (4.84) and (4.94), then
~+

H‘r+1 = l_[4:+1 - j’T+1y‘r+ll_l_ CT 9‘:+1 <0r+lcr+1H;+l

7+1 7741
-1 _
X CZ+107+1 + RT+1) 9T+1CT+1HT+1 + (1 - y1+1) [(1 + al)
X (I =N y10,,Co D U= N,y 0,,,C. )" + (1 +ay)

XNT+1RT+1NT + (1+a;1+az_1)N+1pNT H;+l]

7+1 T T+1

Combining Egs. (4.94) and (4.95), then
E [IT

7+1

| =B [A AT AL, + Q. — Ay, A2, ATI;CLO,

TT°°T T7T°°T

x (6,CI17CT0, +R,)0,C.I;ATa, + (1 — y)A,a,A,

x {a 11, = (1 + a,’TI;CT [(1 +a,)C,II;C] + (1 + a,)R,
+ (1+a +a") pl] " €T} Al

(4.92)

(4.93)

(4.94)

(4.95)

(4.96)
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We first define y = E[y,] as the average sensor communication rate and
A=E[4,]. Then based on Lemma 4.2, Eq. (4.96) can be rewritten as

E [ ,] <1 - Ap)A,a,AE[0;|Ala, +Q

7+1 Tt T
A, (2, A.C7'07'R.0;'C T Al a,)
+ A=A A {-E[I]+ C7 L+ ayR,
+ (1+a7' +ay") pI| C;T} Ala, (4.97)

Combining Egs. (4.92) and (4.97) to obtain

E[M},,] <r(1 - DA, AE[M;] Ala, (4.98)
— =2 —2__ — —
WA@TTH A=A @ [Q+a)r+ (1+a +a;')p] _
o2 + 7 +q|l
WA@F (=@ (A +a)F
>~ = yaajr —7)x 2
& =max 4 [y ]|.q + e 2
— =2
1-pAaf (1+at+a))p
+( A (1+a' +a')p 4.99)
h,2
Then Eq. (4.98) recursively proved
-1
E[I;] <€) [ya- NEF AV (4.100)
j=0
IfE [IT}] > 0, then
— =2
E[I;] < y(1 - HAaf E [I]]
- —2_ _ —
MA(EZfZ;) A-pAf a [(A+a)r+ (1+a +a7')p| _
+ +q|l
0*h* n
<y(1- A)K&Zfzgl + &I (4.101)
According to Egs. (4.100) and (4.101), then
7—1
~ — =2,
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j=0
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7-1

<&ya- DA VI + &1
j=0

<&y - VAT VI
=0

<&l (4.102)

_ T — =2
where & =&Y [y(1 — A)Aﬁzf VI.If A>1- %2,2 the filter will converge, and
j=0 rAa’f
Eq. (4.93) is satisfied.

This completes the proof.

Remark 4.2 The sensor communication rate y relies on the threshold p. The
desired tradeoff between communication rate and estimation performance can be
realized by appropriately adjusting p. In addition, it can be seen that STETCKF
will converge as long as there is a lower bound on the packet delivery rate 4, i.e. 4

is greater than 1 — ,;,2 This means that the packet loss rate is less than %,2
yATf yAGf

4.4.3 Simulation and Experiment Tests

Simulations and real vehicle experiments are conducted to validate the ETCKF
and STETCKEF algorithms. These experiments compare the estimation results of
the conventional CKF with those of the ETCKF and STETCKF to demonstrate
the superiority of the proposed algorithms. The CKF’s estimation results serve as
a benchmark, representing a scenario with a 100% communication rate. In con-
trast, the communication rate of the ETCKF and STETCKF is much lower due to
the event-triggered communication mechanism. This difference in communica-
tion rates is critical for evaluating the robustness and effectiveness of the proposed
algorithms under more realistic conditions where data transmission can be inter-
mittent and subject to loss. The CKF has already been shown to provide good esti-
mation accuracy in vehicle dynamics control. Therefore, if the estimation accuracy
of the ETCKF and STETCKF approaches that of the CKF under a 100% commu-
nication rate, even when the communication rate is reduced and data is lost, it
would effectively illustrate the robustness and efficacy of the STETCKF. To simu-
late packet loss, the primary vehicle sensor information transmitted through the
event-triggered communication mechanism is multiplied by a random variable
that follows a Bernoulli distribution between [0,1]. This processed data is then fed
to the ETCKF and STETCKF, mimicking real-world communication challenges.
Further verification of the strong tracking filtering effect involves intentionally
setting the vehicle mass parameter in both the ETCKF and STETCKF to deviate
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from its true value. This deliberate perturbation tests the algorithms’ ability to han-
dle inaccuracies in model parameters, showcasing the adaptive capabilities of the
strong tracking filter within the STETCKF framework. In the simulations, various
driving scenarios are modeled to reflect different operational conditions, such as
sudden maneuvers, changes in road friction, and varying speeds. These scenarios
help assess how well the ETCKF and STETCKF algorithms can maintain accurate
state estimation despite reduced communication rates and the presence of packet
loss. The real vehicle experiments further substantiate these findings by applying
the algorithms to actual vehicle data, ensuring that the simulations’ results are
transferable to real-world applications.

4.4.3.1 The Simulation Test

We set up a double-lane change scenario in CarSim, positioning two vehicles in a
front-and-rear configuration on the road. The vehicle in front is defined as the PV,
while the vehicle at the rear is defined as the HV. Communication between the two
vehicles is established using Simulink, creating a robust simulation environment
to test the proposed algorithms. The vehicle state from CarSim is determined as the
RV, serving as the benchmark against which we measure the performance of the
CKF, ETCKF, and STETCKEF filter algorithms. All three algorithms use identical
parameters to ensure a fair comparison. The packet loss rate is set at 38%, and the
initial longitudinal velocity of the vehicles is 50 km/h, reflecting realistic driving
conditions that include communication challenges. The computational setup for
executing the proposed algorithms involves a personal computer equipped with
an AMD 75800 CPU and 16.0 GB of RAM. The computation time for a single
cycle of the STETCKEF algorithm is 0.688 ms. This configuration is sufficient to
handle the computational demands of the algorithms, ensuring that the simula-
tions run smoothly and efficiently. Specifically, the computation time for a single
cycle of the STETCKF algorithm is 0.688 ms, highlighting the algorithm’s effi-
ciency and suitability for real-time applications. During the double-lane change
maneuver, the PV and HV navigate a predefined path, allowing us to observe the
performance of the state estimation algorithms under dynamic conditions. The
RVs provided by CarSim enable a precise assessment of how well each algorithm
can track the true vehicle states. This setup is crucial for evaluating the algorithms’
robustness and accuracy. The experiment focuses on comparing the estimation
accuracy of the CKF, ETCKF, and STETCKEF algorithms. The CKF operates under
the assumption of a 100% communication rate, serving as a baseline for compari-
son. The ETCKF and STETCKF, however, must cope with the 38% packet loss rate,
demonstrating their ability to function effectively under reduced communication
conditions. The STETCKF algorithm, in particular, incorporates strong tracking
filtering techniques to enhance its robustness against model parameter perturba-
tions. By introducing fading factors that dynamically adjust based on the observed
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data, the STETCKEF can adapt to changes in the vehicle’s state and environment.
As the vehicles execute the double-lane change maneuver, the algorithms contin-
uously estimate the PV state.

Figures 4.22 and 4.23 illustrate the variations in longitudinal velocity and lat-
eral acceleration, respectively. In these figures, the red solid line represents the
original sensor data from the PV, which we define as the RV. This data is cru-
cial for assessing the performance of our estimation algorithms. The sensor data
undergoes an event-triggered processing mechanism before being input into the
STETCKEF. For simplicity, only the ETCKF is depicted in these figures, shown by
the solid blue line, since both ETCKF and STETCKF share the same communi-
cation mechanism. In the magnified sections of these images, we observe that
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Figure 4.22 The longitudinal velocity curves in the case of DLC.
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Figure 4.23 The lateral acceleration curves in the case of DLC.
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the sensor signal remains constant for certain periods. This constancy indicates
that no new sensor data is being received during these times, a direct result of the
event-triggered mechanism, which only transmits data when significant changes
occur. This behavior is expected and showcases the algorithm’s ability to operate
efficiently by reducing unnecessary data transmissions. Furthermore, Figure 4.23
shows instances where the data abruptly drops to zero. These sudden drops occur
because real-time data is being sent, but packet loss leads to these zero values. This
phenomenon is critical for understanding the robustness of our algorithms under
conditions of data loss, as it simulates real-world scenarios where communication
may be intermittent or unreliable. In Figure 4.22, the starting point of the vertical
coordinate is set to 49 instead of zero. This adjustment is made to better reflect
the fluctuations in longitudinal velocity, making it easier to observe the variations
and performance of the ETCKF. Similar to the lateral acceleration, some points in
the longitudinal velocity data also drop abruptly to zero, indicating packet loss at
those moments. However, due to the adjusted starting point on the vertical axis,
these drops are not as immediately apparent. This special note is included to avoid
misunderstanding and to clarify the data presentation for readers. In conclusion,
Figs. 4.22 and 4.23 provide a detailed visualization of how the ETCKF processes
sensor data under the event-triggered mechanism. The constant periods in the
sensor signal highlight the efficiency of the communication mechanism, while
the zero values indicate packet loss scenarios. The special note about the verti-
cal coordinate adjustment in Figure 4.22 ensures clarity in understanding the data
representation. These figures collectively demonstrate the robustness and relia-
bility of the ETCKF algorithm in maintaining accurate state estimation amidst
communication challenges, underscoring its potential application in real-world
autonomous driving scenarios.

In Figure 4.24, the data value of 1 indicates that the PV sensor data is being
delivered to the HV at that specific time. Throughout the entire simulation pro-
cess, the data is transmitted 593 times, corresponding to a communication rate of
5.93%. This communication rate is calculated as the percentage of the transmitted
data relative to the total possible data points. The figure provides insight into
the frequency and timing of these transmissions during different phases of the
vehicle’s operation. From the figure, we observe that during the first 1.6 seconds,
the number of data transmissions from the PV is relatively low. However, as the
vehicle begins to execute a turning maneuver, the frequency of data transmissions
increases significantly. This increase in transmission frequency correlates with
the higher variability and dynamic changes in the vehicle’s state during the
turning maneuver. It is important to note that the dense areas in Figure 4.24 do
not represent continuous or 100% data transmission at those points. A closer
inspection, by zooming in on these areas, reveals that 0 and 1 values still appear
alternately, albeit more frequently. This pattern demonstrates that even during
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Figure 4.24 Event-triggered times in case of DLC.

periods of increased transmission, the event-triggered mechanism continues
to selectively transmit data based on the significance of state changes rather
than continuously streaming data. As the turning maneuver concludes, the
frequency of data transmissions decreases rapidly. There are even periods where
no data transmission occurs. This indicates that when the vehicle is in a stable
operating state with minimal fluctuations, the need for frequent data updates
diminishes. The event-triggered mechanism effectively reduces communication
overhead by limiting transmissions to periods of significant state changes, thereby
optimizing the use of communication resources. The raw sensor information
from the PV is used as input for the CKF. Meanwhile, the data transmitted via the
event-triggered mechanism, including the effects of packet loss, is input into the
ETCKF and STETCKEF. This setup allows for a direct comparison of how well each
algorithm performs under realistic conditions of intermittent data transmission
and packet loss. The comparison highlights the robustness and efficiency of
the ETCKF and STETCKEF algorithms in maintaining accurate state estimations
despite a reduced communication rate. By selectively transmitting data only when
significant changes occur, these algorithms can achieve reliable performance
while minimizing communication bandwidth requirements. The STETCKF, with
its additional strong tracking filtering, further enhances robustness by adapting
to model parameter perturbations, providing more accurate and resilient state
estimates even under challenging conditions.

The estimation results of different methods are displayed in Figs. 4.25-4.27. We
use the root mean square error (RMSE) to evaluate the estimation performance
of these methods, with the results detailed in Table 4.5. In Figure 4.25, the
CKF with a 100% communication rate shows an estimated curve that closely
follows the RV, indicating high accuracy under ideal conditions with no data loss.
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Figure 4.25 The lateral velocity in the case of DLC.
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Figure 4.26 The yaw rate in the case of DLC.

However, when the communication rate drops to 5.93% and data loss occurs, the
ETCKF and STETCKF estimation results remain commendably close to the RV.
This demonstrates the robustness of these methods in handling communication
rates and intermittent data. Specifically, the real vehicle’s mass is 1270kg, but
in the ETCKF and STETCKF methods, the mass parameter is set to 1600 kg,
intentionally introducing a discrepancy to test the robustness of the algorithms.
The CKF maintains the correct mass parameter at 1270 kg. Figures 4.26 and 4.27
present the estimation results for yaw rate and sideslip angle, respectively. The
STETCKF’s estimated curves fit closely to the RVs, demonstrating its robust-
ness to model parameter perturbation. The STETCKF method exhibits better
estimation performance compared to the ETCKF, despite the incorrect mass
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Figure 4.27 The sideslip angle in the case of DLC.

Table 4.5 RMSE of different methods in the case of DLC.

Symbol r v, p

CKF 0.2286 0.0479 0.0554
ETCKF 0.2754 0.0655 0.0757
STETCKF 0.2464 0.0509 0.0588

parameter. This is because the STETCKF is specifically designed to be robust to
such perturbations, enabling it to maintain higher accuracy under challenging
conditions. In Table 4.5, the RMSE values for each method are listed. The CKF,
with no data loss and the correct model parameters, naturally achieves the
smallest RMSE, showcasing its high estimation accuracy under ideal conditions.
However, when data loss and model parameter perturbations are introduced, the
RMSE of STETCKEF, although increased relative to CKEF, is still significantly lower
than that of ETCKF. To further elaborate, the CKF’s close adherence to the RV
in Figure 4.25 underlines its efficiency when communication is uninterrupted.
Conversely, the event-triggered nature of the ETCKF and STETCKF means
they can effectively estimate states even with substantial data loss and lower
communication rates. The ETCKF and STETCKF’s ability to provide reliable
state estimates with just a 5.93% communication rate is particularly noteworthy,
as it suggests these methods can maintain performance in bandwidth-limited
environments. The yaw rate estimations and sideslip angle estimations show
that the STETCKEF, in particular, maintains a closer fit to the RV compared to
the ETCKF. The strong tracking capability of the STETCKF enables it to better
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adapt to the perturbations in model parameters, thereby providing more accurate
state estimates under these conditions. Overall, the figures and RMSE values
in Table 4.5 clearly illustrate the effectiveness and robustness of the STETCKF
method. Even with a substantial reduction in communication rate and intentional
discrepancies in model parameters, the STETCKF manages to achieve estimation
results that are close to those of the CKF under ideal conditions.

4.4.3.2 The Real Vehicle Test

Figure 4.28 depicts the RVT scenario, which is designed to assess the effective-
ness of our proposed algorithm under realistic conditions. In normal wireless
communication environments, data packet loss tends to occur sporadically. This
irregularity makes it challenging to systematically evaluate the robustness and
reliability of estimation algorithms in the presence of communication disruptions.
To address this challenge and provide a thorough validation of our algorithm,
we opted to collect vehicle driving data on real roads and subsequently conduct
offline tests. This approach allows us to simulate various levels of data packet
loss and communication interruptions in a controlled manner, ensuring a com-
prehensive evaluation of the algorithm’s performance. During these real-world
driving sessions, the vehicle’s sensor data was continuously recorded, capturing
essential parameters such as longitudinal velocity, lateral acceleration, yaw rate,
and sideslip angle. The collected data reflects the natural driving conditions
and the inherent variability in sensor measurements, thereby offering a realistic
basis for testing our algorithms. For vehicle data collection, we employ the
ASENSING P-Box INS 570, a high-precision inertial navigation system that
provides comprehensive data on vehicle dynamics. The collected data, initially
recorded under the northeast coordinate system, is subsequently transformed

Figure 4.28 The two
vehicles on the urban
highway.
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into vehicle state values under the vehicle coordinate system. This transformation
is accomplished using the heading angle to ensure accurate alignment of the
data with the vehicle’s orientation and movement. These converted data serve as
the ground truth values, also referred to as RVs, which are critical for validating
the accuracy of our estimation algorithms. In the real vehicle experiment, we
designed a specific test scenario to rigorously assess the performance of our
algorithms under challenging conditions. The test involves having the driver
perform a steering operation while accelerating, simulating a dynamic driving
scenario with significant changes in vehicle state. The initial vehicle velocity is
set at 11 km/h, providing a controlled starting condition for the experiment. To
ensure consistency between our simulation tests and real vehicle experiments, we
conduct the algorithm validation for offline experiments on a personal computer
with the same configuration used for simulation tests. The computer is equipped
with an AMD 75800 CPU and 16.0 GB of RAM, providing sufficient computational
power to handle the complex calculations required by our algorithms. By using
the same hardware setup, we maintain consistent individual cycle times across
both simulation and RVT conditions, ensuring that our performance metrics
are directly comparable. Once the data collection phase was completed, we
introduced controlled packet loss scenarios during offline testing. By simulating
different rates of data packet loss, we were able to rigorously test the resilience
and accuracy of the STETCKF algorithms. This method allowed us to observe
how well these algorithms maintain accurate state estimation despite intermittent
data availability. Offline testing provides several advantages. It allows us to repeat
the same scenarios multiple times with varying levels of packet loss, ensuring that
our results are consistent and reliable. Furthermore, by using real-world data, we
ensure that our findings are applicable to practical driving conditions, enhancing
the validity of our conclusions. Throughout the test, we intentionally induce a
high packet loss rate of 65%, representing a severe communication disruption
scenario. This high level of packet loss allows us to evaluate the robustness of our
estimation algorithms in maintaining accuracy despite substantial data loss. The
validation process involves running the ETCKF and STETCKEF algorithms on the
collected and transformed vehicle data. The results are then compared against
the RV to determine the estimation accuracy.

Figures 4.29 and 4.30 provide detailed depictions of the longitudinal velocity
and lateral acceleration, respectively. Upon close examination of these images,
particularly in the enlarged sections, we observe that the sensor signals remain
constant over certain periods. This constancy indicates intervals during which no
fresh sensor data is received, pointing to a temporary cessation of data transmis-
sion. Moreover, both figures reveal instances where the data values abruptly drop
to zero. This sudden drop occurs because real-time data packets, although trans-
mitted, are lost during these periods. Such occurrences are visually evident in the
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Figure 4.29 The longitudinal velocity curves in the real vehicle test.
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Figure 4.30 The lateral acceleration curves in the real vehicle test.

figures, where the signal flatlines at zero before resuming normal fluctuations.
These zero-value points highlight the moments of data packet loss, which mimic
real-world scenarios where wireless communication can be unreliable. Interest-
ingly, these patterns of data constancy and abrupt zero drops closely resemble the
curves observed in our simulation tests. In the simulations, we designed scenarios
with controlled data packet loss to evaluate the robustness and performance of our
estimation algorithms under intermittent data conditions. The similarity between
the RVT results and the simulation outcomes underscores the validity of our simu-
lation environment and its effectiveness in replicating real-world communication
challenges.
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The repeated constancy in sensor signals and the sudden drops to zero reflect
the event-triggered communication mechanism’s behavior. This mechanism pri-
oritizes data transmission based on significant changes in vehicle state, thereby
reducing the communication load during stable periods. However, it also means
that when data transmission does occur, there is a higher likelihood of packet
loss due to the increased data volume in those bursts. By comparing these RVT
results with the simulation test curves, we can assess how well the ETCKF and
STETCKEF algorithms handle such communication interruptions. The algorithms
are designed to maintain accurate state estimation even with substantial data loss,
and the figures illustrate their performance in real-world conditions. The longi-
tudinal velocity depicted in Figure 4.29 shows how the vehicle’s speed fluctuates
over time, with intervals of constant data and sudden drops mirroring the packet
loss events. Similarly, the lateral acceleration in Figure 4.30 reveals how the vehi-
cle’s side-to-side movements are captured by the sensors, with the same patterns
of data transmission gaps and packet loss.

In Figure 4.31, a comprehensive depiction of the test process reveals that data
transmission occurs 1062 times throughout the experiment, equating to a commu-
nication rate of 7.08%. Notably, the initial phase of the test shows a notably high
frequency of data transmission. This heightened frequency is primarily attributed
to the significant fluctuations in vehicle state observed during the early stages
of the experiment under these specific conditions. Similar to the observations in
Figure 4.24, the curve density in Figure 4.31 appears more pronounced during the
first 8 seconds of the test. This denser appearance results from the increased fre-
quency of event triggering during periods of heightened vehicle state variability.
It’s crucial to note that while the density implies frequent triggering, it does not
signify a constant 100% triggering rate at these points. By zooming into specific

Time (s)

Figure 4.31 Event-triggered times in the real vehicle test.
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Figure 4.33 The yaw rate in the real vehicle test.

sections of Figure 4.31, it becomes evident that the data points alternate between
0 and 1, highlighting the intermittent nature of event-triggered data transmis-
sion. Moving forward, Figs. 4.32, 4.33 present the estimation results of the PV
motion state obtained through various methods. These figures provide a visual
comparison of how different estimation algorithms perform under the test condi-
tions, offering insights into their respective accuracy and reliability. Additionally,
Table 4.6 presents the RMSE metrics for each method, quantifying their perfor-
mance in terms of estimation accuracy. The detailed analysis of Figure 4.31 and the
subsequent estimation results in Figs. 4.32, 4.33 serve to evaluate the effectiveness
of the ETCKF and STETCKF algorithms in real-world conditions with intermittent
data transmission. These algorithms are specifically designed to adapt to varying
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Table 4.6 RMSE of different methods in the
case of real vehicle tests.

Symbol r v, B

CKF 0.2383 0.0493 0.1166
ETCKF 0.2751 0.0611 0.1509
STETCKF 0.2593 0.0505 0.1204

communication rates and data losses, ensuring robust state estimation even under
challenging circumstances.

The real vehicle used in the experiment has a mass of 1790 kg, whereas for the
ETCKF and STETCKF methods, the mass parameter is set to 1490 kg. This dis-
crepancy in mass values between the real vehicle and the estimation algorithms
is noted for consistency in comparing their performance. Figure 4.32 illustrates
the estimation accuracy comparison between ETCKF and STETCKF. It is evident
that the STETCKF algorithm outperforms ETCKF in terms of estimation accu-
racy. Specifically, the estimation accuracy of STETCKF closely approaches that
of CKF. In Figs. 4.33 and 4.34, which depict the yaw rate and sideslip angle esti-
mation results, respectively, the curves generated by STETCKF closely align with
the reference curves, indicating robust performance in capturing these dynamic
vehicle parameters. In Table 4.6, the RMSE values further quantify the perfor-
mance differences among the estimation methods. The RMSE of STETCKEF, while
slightly higher than CKF due to the effects of model parameter adaptation and
occasional data loss, is consistently lower than that of ETCKF. This confirms the
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Figure 4.34 The sideslip angle in the real vehicle test.
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Table 4.7 RMSE of different methods in the
case of a double lane change.

Symbol r v, B

CKF 0.2146 0.0376 0.0632
ETCKF 0.2971 0.0742 0.0824
STETCKF 0.2275 0.0457 0.0684

Table 4.8 RMSE of different methods in the
case of continuous steering.

Symbol r v, B

CKF 0.2315 0.0411 0.1012
ETCKF 0.2634 0.0645 0.1433
STETCKF 0.2403 0.0489 0.1183

superior accuracy and reliability of STETCKF in handling communication inter-
ruptions and model parameter uncertainties. To broaden the demonstration of our
algorithm’s applicability, we evaluated its performance under different working
conditions. For instance, in a scenario involving a double lane change with an
initial speed of 40 km/h and a 20% packet loss rate, Table 4.7 presents the RMSE
values for each method. Similarly, under conditions of continuous steering at an
initial speed of 20 km/h and a 50% packet loss rate, Table 4.8 lists the correspond-
ing RMSE values. In Tables 4.7 and 4.8, the CKF consistently exhibits the smallest
RMSE compared to the ETCKF and STETCKF. Specifically, the RMSE values of
STETCKEF are consistently better than those of ETCKF in both Tables 4.7 and 4.8.
Despite occasional data loss and discrepancies in model parameters, STETCKF
demonstrates robust performance in accurately estimating the motion state of the
PV in both simulation and RVTs. These additional evaluations highlight the ver-
satility and robustness of the STETCKF algorithm across various dynamic driving
scenarios. By maintaining accurate state estimation despite fluctuations in com-
munication reliability and vehicle dynamics, STETCKF demonstrates its suitabil-
ity for real-world applications in autonomous driving and ADAS.

4.5 Summary and Future Research

In this chapter, we introduce an innovative event-triggered estimation framework
that integrates an event-triggered mechanism with an ECKF based on a 3-DOF
model. This framework is designed for state estimation of PVs in dynamic
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environments. Through extensive simulation and RVTs, our proposed prediction
approach demonstrates its ability to effectively manage the trade-off between
communication rate and estimation performance. The versatility of our method
extends beyond PV state estimation; it can also be adapted for predicting the states
of surrounding vehicles. This capability is crucial for enhancing the safety control
of intelligent connected vehicles, thereby making significant strides in vehicle
safety systems. While our experiments did not encounter data loss, we acknowl-
edge that packet loss is a common occurrence in wireless communication systems.
Our event-triggered mechanism proves effective in mitigating the impact of such
packet loss incidents. Nevertheless, addressing data loss to further enhance
estimation accuracy remains a critical area for future research. By focusing on
strategies to handle data loss, future iterations of our framework aim to bolster
estimation robustness and reliability under realistic wireless communication
conditions. This direction underscores our commitment to advancing the appli-
cability and resilience of our approach in real-world scenarios. Ultimately, our
research contributes to the ongoing evolution of intelligent vehicle technologies,
paving the way for safer and more efficient transportation systems.

Furthermore, we introduce an innovative event-triggered estimation scheme
tailored to predict the motion state of PVs within the context of vehicle-to-vehicle
communication, addressing the challenges posed by packet loss and uncertainties
in model parameters. This approach includes the development of the novel
STETCKF, which is validated for convergence through rigorous analysis of
estimated error covariance. Through a comprehensive series of experimental
tests, our findings consistently demonstrate that STETCKF achieves an optimal
balance between estimation accuracy and communication efficiency. It effectively
mitigates the detrimental effects of model parameter variations and data loss on
estimation precision. This capability is crucial for ensuring reliable and robust
state estimation in dynamic vehicular environments. One of the key advantages of
STETCKEF is its practical feasibility for deployment in real vehicles, characterized
by its low computational resource requirements. This allows for the provision of
real-time environmental information essential for informed decision-making in
intelligent vehicle systems. In our current study, we acknowledge the simplifica-
tions made in the vehicle model, which may lead to reduced estimation accuracy
under extreme operational conditions. Moving forward, our research agenda
includes enhancing the performance and adaptability of the proposed method.
This involves refining the vehicle model to better reflect real-world complexities
and optimizing the estimation algorithm to further strengthen its robustness
across diverse driving scenarios. In summary, our proposed event-triggered esti-
mation framework, embodied by STETCKEF, represents a significant step toward
achieving reliable and efficient motion state prediction for PVs. It underscores
our dedication to pushing the boundaries of vehicle intelligence and contributing
to the evolution of smart transportation systems worldwide.
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5

Tire-Road Friction Coefficient Estimation with Parameters
Mismatch and Data Loss

5.1 Introduction

Accurate knowledge of the TRFC is essential for optimizing driver maneuvers,
thereby enhancing the safety of intelligent vehicles. The TRFC plays a critical role
in determining how well a vehicle can adhere to the road surface, influencing
braking, acceleration, and cornering performance. This makes it a pivotal factor
in vehicle safety systems, especially for autonomous and semi-autonomous
driving technologies. Unfortunately, due to technological and cost constraints,
TRFC cannot be directly measured by in-vehicle sensors. The lack of direct mea-
surement capabilities poses a significant challenge for automotive engineers and
researchers striving to develop more sophisticated and safer vehicles. To tackle
this challenge, numerous researchers have proposed a variety of approaches
over time. These approaches range from empirical models based on extensive
road testing to advanced algorithms that infer TRFC from available sensor
data, such as wheel speed, acceleration, and steering angle. Despite significant
advancements in TRFC estimation, the impact of mass parameter mismatch in
vehicle models on estimation accuracy has rarely been explored. This oversight
can have profound implications, as the mass of the vehicle directly influences
its dynamic behavior. The mass of a vehicle directly influences its longitudinal,
lateral, and vertical dynamics. It affects how a vehicle accelerates, brakes, and
handles corners, all of which are critical for accurate TRFC estimation. Unlike
other vehicle parameters, the mass parameter can fluctuate widely due to the
loading and unloading of goods and passengers. This variability necessitates
careful consideration of the mass parameter’s influence on TRFC estimation.
For instance, a fully loaded vehicle behaves quite differently from an empty one,
and failing to account for this can lead to significant errors in TRFC estimation.
Additionally, many existing hybrid methods aim to enhance TRFC estimation
accuracy through the weighted summation of results from individual models.
However, each model independently updates its estimation based solely on its
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previous prediction, failing to fully leverage the benefits of multi-modal data
fusion. This independent operation means that the potential synergies between
different data sources and models are not fully exploited. Consequently, the
accuracy improvements achieved by these methods are often limited, especially
in complex driving scenarios that involve simultaneous braking and steering.
Complex driving scenarios, such as navigating sharp turns while braking or
accelerating on slippery surfaces, present significant challenges for TRFC esti-
mation. In such conditions, the vehicle’s dynamic behavior can change rapidly,
and accurate TRFC estimation becomes crucial for maintaining stability and
control. Existing methods often struggle in these scenarios because they do not
incorporate real-time adjustments for changes in vehicle mass and do not fully
integrate data from multiple sources. In conclusion, while significant progress
has been made in TRFC estimation, the challenge of mass parameter variability
remains largely unaddressed. A holistic approach that incorporates real-time
mass parameter adjustments and multi-modal data fusion holds the promise of
significantly enhancing TRFC estimation accuracy.

In addition, some parameters in these estimation algorithms are set in
advance, and their performance heavily relies on the experience and intuition
of the engineers and researchers who design them. This reliance on predefined
parameters can be problematic, especially considering the complexity and
variability of real-world driving conditions. As driving conditions change, the
weights assigned to different models within the estimation algorithm need to
be dynamically adjusted to maintain optimal performance. On the other hand,
it should be noted that most existing estimation approaches ignore the effect of
missing measurements on estimation accuracy. In reality, sensor data loss is a
common phenomenon. The signals from onboard sensors, such as wheel speed
sensors, accelerometers, and gyroscopes, are not always fully transmitted to the
estimator due to various reasons, such as electromagnetic interference, hardware
malfunctions, or connectivity issues. When sensor data is missing or corrupted,
the accuracy of TRFC estimation can be significantly compromised, leading to
potential safety risks. Most studies today focus on model-based identification
methods. These methods typically rely on a well-defined mathematical repre-
sentation of the vehicle dynamics and require prior knowledge of precise noise
statistical characteristics to achieve optimal estimation results. Model-based
approaches, while robust in certain controlled environments, can struggle when
faced with the unpredictable nature of real-world driving. They often assume
that the noise characteristics are stationary and well-known, which is rarely
the case in practice. Data-driven methods, on the other hand, are still in their
early stages. These approaches leverage large datasets and machine learning
algorithms to infer TRFC from sensor data. However, significant challenges
exist in both data collection and the generalization capability of these models.
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Collecting comprehensive and high-quality data that captures the full range of
possible driving conditions is a monumental task. Moreover, ensuring that the
models trained on this data can generalize well to unseen conditions is another
major hurdle. Data-driven methods often require vast amounts of labeled data
to train accurately, and even then, they might not perform well in scenarios that
differ from the training data. Furthermore, both model-based and data-driven
approaches require real-time access to accurate sensor data. Real-time data
processing is critical for making timely and accurate TRFC estimations, which
are necessary for immediate decision-making in intelligent vehicle systems.
Any delay or inaccuracy in data transmission can lead to suboptimal performance
or even failure of the estimation algorithm. This need for real-time, accurate
data further complicates the development of reliable TRFC estimation systems.
In summary, while existing TRFC estimation methods have made significant
strides, there is still much work to be done to improve their robustness and
accuracy under varying and unpredictable real-world conditions. Developing
adaptive, data-resilient algorithms and enhancing the generalization capabilities
of data-driven models are crucial steps toward achieving more reliable TRFC
estimation, ultimately leading to safer and more efficient intelligent vehicle
systems.

In this chapter, an integrated scheme for TRFC estimation is proposed by
combining strong tracking UKF and interactive multiple model UKF. Real-time
experiments are implemented on a mass-produced vehicle to demonstrate the
feasibility and effectiveness of the proposed method. Next, a fault-tolerant estima-
tion scheme is proposed to estimate TRFC in the case of missing measurements.
Experiments with different working conditions are performed to demonstrate
the validity of the fault-tolerant estimation framework. Finally, a model-based
learning approach, incorporating ETCKF EKFNet, is proposed for identifying
TRFC. Multiple virtual experiment results demonstrate that the estimation
performance of the model-based learning framework outperforms conventional
EKF and UKF.

5.2 Related Works

Traffic accidents usually result in a large number of casualties and economic losses
[1]. The development of ITS and intelligent vehicle technology can effectively
reduce traffic accidents [2, 3]. Several advanced navigation [4], vehicle chassis
control [5-8], and platoon control [9, 10] techniques have been proposed to
enhance vehicle safety. These innovations aim to provide better control and coor-
dination of vehicles on the road, thereby improving overall traffic safety. In recent
years, the distributed drive electric vehicle (DDEV) has become a hot research
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topic. It has more control degrees of freedom than conventional electric vehicles,
which makes the vehicle stability control system more applicable and reduces the
risk of instability [11]. As tires are the only components connecting the vehicle
to the ground, motion control or stability control of vehicles ultimately translates
into the control of motor torque and braking torque. The TRFC directly limits
the maximum tire forces available for the vehicle. Furthermore, many advanced
driver assistance systems or high-level autonomous vehicles require dynamic
adjustments to longitudinal and lateral control to enhance vehicle safety based
on TRFC. For example, path tracking [12], active collision avoidance [13], and
electronic stability control systems [14]. However, one significant challenge is
that in-vehicle sensors do not directly measure TRFC. To address this, there are
two popular methods for obtaining TRFC: direct measurement with specialized
sensors and estimation using low-cost sensors. The former method, usually
referred to as an off-board sensor-based approach, involves using external sensors
to directly measure the TRFC. These sensors can provide highly accurate data
but are often expensive and impractical for widespread use in consumer vehicles.
The latter method, known as a model-based approach, relies on in-vehicle sensors
to estimate TRFC. This approach is more cost-effective and practical for mass
adoption. It uses data from various low-cost sensors, such as wheel speed sensors,
accelerometers, and gyroscopes, combined with mathematical models to infer
the TRFC. While this method is more accessible, it faces challenges in accuracy
and reliability, especially under varying and unpredictable driving conditions.
Both methods have their advantages and limitations. Off-board sensor-based
approaches offer high accuracy but are not feasible for all vehicles due to their
high cost and complexity. Model-based methods, on the other hand, provide a
more economical solution but require sophisticated algorithms to handle the
inherent uncertainties and variabilities in sensor data. In conclusion, while
significant progress has been made in vehicle safety technology, accurately
estimating TRFC remains a critical challenge. Both off-board sensor-based and
model-based approaches offer viable solutions, each with its own set of trade-offs.
Continued research and development in this area are essential for advancing
intelligent vehicle technologies and ultimately reducing traffic accidents and
their associated costs.

These off-board sensors typically include advanced cameras [15], accelerome-
ters [16], and magnetometers [17], among others. Leng et al. [18] designed a visual
fusion method to identify the TRFC, integrating data from multiple cameras to
enhance the accuracy of their estimations. Similarly, Yu et al. [19] utilized image
data to identify TRFC using a backpropagation neural network, demonstrating
the potential of machine learning in processing visual information for this
purpose. However, these vision-based approaches have a strong dependence on
environmental visibility. Factors such as poor lighting, fog, rain, or snow can
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significantly impair the performance of camera-based systems, limiting their
reliability in various driving conditions. Recognizing this limitation, researchers
have proposed several methods based on mechanical response to estimate
TREFC. For instance, Zou et al. [16] presented a methodology to determine TRFC
by utilizing tire vibration. Their approach involves analyzing the vibrations
transmitted through the tire as it interacts with the road surface, offering a more
direct measure of the frictional forces at play. This method provides a robust
alternative to vision-based systems, especially in conditions where visibility is
compromised. Furthermore, the concept of the intelligent tire, equipped with
advanced sensors, has been explored as another means to identify TRFC [20].
Intelligent tires incorporate sensors such as accelerometers, strain gauges, and
pressure sensors within the tire structure itself. These sensors can capture
real-time data on tire deformation, vibration, and other mechanical responses,
providing valuable insights into the tire-road interaction. The data collected
from intelligent tires can be processed using advanced algorithms to estimate
TRFC with high accuracy. This approach not only enhances the robustness of
TRFC estimation under various driving conditions but also enables continuous
monitoring of tire performance and health. The integration of intelligent tires into
modern vehicles represents a significant advancement in vehicle safety systems,
offering a more comprehensive understanding of tire-road dynamics.

These off-board sensors usually include advanced cameras [15], accelerom-
eters [16], magnetometers [17], etc. Leng et al. [18] designed a visual fusion
method to identify TRFC. Yu et al. [19] identified TRFC based on image data
using a backpropagation neural network. These vision-based approaches have a
strong dependence on environmental visibility. To address the problem, several
approaches on the basis of mechanical response have been proposed successively.
Zou et al. [16] presented a methodology to determine the TRFC utilizing tire
vibration. Furthermore, the intelligent tire with advanced sensors was also used
to identify TRFC [20]. In summary, while vision-based methods for TRFC esti-
mation have shown promise, their dependence on environmental visibility poses
a significant challenge. Mechanical response-based approaches, such as those
utilizing tire vibration and intelligent tire technology, offer viable alternatives
that can operate effectively regardless of visibility conditions. By combining
data from various sensors and employing advanced processing techniques, these
methods can provide more reliable and accurate TRFC estimations, ultimately
contributing to safer and more efficient intelligent transportation systems.

However, the frequent impact and harsh conditions experienced by sensors
within tires make them susceptible to damage. The constant interaction with the
road surface, exposure to extreme temperatures, and mechanical stress can lead
to sensor malfunction or failure. Consequently, the durability and longevity of
these sensors are significant concerns. These challenges, along with technical
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and cost constraints, limit the extensive application of off-board sensor-based
approaches in everyday vehicles. Moreover, off-board sensor-based methods
primarily detect the type of road surface but often fall short of providing accu-
rate, real-time TRFC values. These methods might identify whether the road
is dry, wet, icy, or covered with gravel, but they struggle to quantify the exact
friction coefficient. This limitation reduces their effectiveness in applications
that require precise TRFC data for optimal vehicle control and safety. To address
these shortcomings, model-based estimation methods have gained increasing
attention. Unlike off-board sensor-based approaches, model-based methods do
not rely on external sensors embedded in tires. Instead, they combine vehicle
dynamics models and tire models with sophisticated estimation algorithms to
infer the TRFC. This approach leverages data from existing vehicle sensors, such
as wheel speed sensors, accelerometers, and gyroscopes, to estimate the friction
coefficient. Model-based estimation methods typically involve creating detailed
mathematical representations of the vehicle and tire behavior. These models
account for various factors, including tire deformation, vehicle speed, steering
angle, and acceleration. By inputting sensor data into these models, the system
can estimate the TRFC based on the observed vehicle dynamics. This process
often involves complex algorithms, such as KFs, particle filters, or machine
learning techniques, to refine the estimates and account for uncertainties in
the data.

This class of methods is usually divided into three categories: longitudinal
dynamics-based, lateral dynamics-based, and fusion estimation. These categories
reflect the different aspects of vehicle dynamics that are leveraged to estimate
the TRFC. Below are some of the major research efforts and advancements
in each category. For straight driving conditions, the longitudinal dynamic
model is typically used for estimating TRFC [21]. This model focuses on the
forces and movements along the direction of travel. Rajamani et al. [22] intro-
duced an approach that employs the longitudinal slip slope to estimate TRFC,
enhancing the performance of the method by fusing information from the GPS.
This integration of GPS data helps to refine the accuracy of the estimation by
providing additional context about the vehicle’s speed and trajectory. Another
popular research direction involves identifying TRFC based on longitudinal
tire force information. For instance, Xia et al. [23] designed a holistic estimator
based on the Burckhardt tire model to predict TRFC. This model incorporates
various parameters that characterize the tire-road interaction, allowing for a
comprehensive estimation of friction. Similarly, Sharifzadeh et al. [24] used RLS
to identify TRFC according to tire slip information. Although RLS is a powerful
tool, it typically has only one degree of freedom to modify the adaptation of the
algorithm, which can limit its flexibility and accuracy. To address this limitation,
many scholars have turned to Kalman filtering techniques to estimate TRFC.
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KFs provide a robust framework for integrating multiple sources of information
and handling uncertainties in the data. Krisztian et al. [25] developed an EKF
to predict TRFC, which allows for more accurate and adaptive estimations by
considering the nonlinearities in the vehicle dynamics. Additionally, Castillo
et al. [26] developed an identification methodology that integrates fuzzy logic
and Kalman filtering, combining the strengths of both approaches to improve
estimation accuracy. A similar estimation method that leverages these advanced
filtering techniques was also reported in [27]. Lateral dynamics-based methods
focus on the forces and movements perpendicular to the direction of travel. These
methods are particularly useful for estimating TRFC during cornering and other
maneuvers where lateral forces play a significant role. By analyzing the lateral
slip and tire force information, researchers can develop models that accurately
estimate TRFC under various driving conditions.

For cornering driving conditions, the lateral dynamic state of the vehicle is
critical for accurate TRFC estimation. This dynamic state is first obtained using
state-of-the-art estimation algorithms or sensors, which capture the lateral forces
and movements experienced by the vehicle during cornering. Once this lateral
dynamic data is acquired, various estimation methods are employed to predict the
TRFC. One approach involves using an analytical model based on the aligning
torque signal to identify TRFC [28]. This model leverages the torque generated by
the lateral forces acting on the tires to estimate the friction coefficient, providing
valuable insights into the tire-road interaction during cornering. Hu et al. [29]
developed an EKF based on lateral vehicle dynamics to estimate TRFC. The
EKF is well-suited for handling the nonlinearities in vehicle dynamics, making
it an effective tool for this application. A similar EKF-based estimator was also
reported successively [30], demonstrating the robustness and reliability of EKF
in TRFC estimation. The UKF offers even higher estimation accuracy compared
to the EKF. This filter method captures the statistical properties of the system
more accurately by using a deterministic sampling technique. Consequently, the
UKF has been applied to further improve the estimation accuracy of TRFC [29],
making it a preferred choice in scenarios requiring high precision. In addition
to Kalman-based methods, particle filters have been designed to estimate TRFC,
particularly in situations where the noise is non-Gaussian [31, 32]. Particle
filters can handle complex, non-linear, and non-Gaussian problems by using a
set of random samples (particles) to represent the posterior distribution of the
estimated parameters. This makes them highly versatile and capable of providing
accurate TRFC estimates under a wide range of conditions. However, the practical
application of particle filters poses significant challenges. The computational time
required for particle filters is considerable, making real-time implementation
difficult. Additionally, particle filters suffer from the degeneracy problem, where
after several iterations, a large portion of the particles may have negligible
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weights, leading to a loss of diversity in the sample set. This issue can degrade the
estimation accuracy and reliability [33]. To mitigate these challenges, researchers
are exploring various strategies to optimize the performance of particle filters.
Techniques such as resampling and parallel computing are being investigated
to reduce computation time and prevent degeneracy. Despite these challenges,
particle filters remain a promising approach for TRFC estimation, especially in
scenarios where traditional Kalman-based methods may fall short. In conclusion,
estimating TRFC for cornering driving conditions involves leveraging lateral
dynamic data through advanced estimation algorithms and sensors. Analytical
models based on aligning torque, EKF, and UKF methods provide robust solu-
tions for TRFC estimation. Particle filters offer additional capabilities in handling
non-Gaussian noise, although their practical application requires overcoming
significant computational challenges. Continued research and development in
these areas are essential for improving the accuracy and reliability of TRFC
estimation, ultimately enhancing vehicle safety and performance in intelligent
transportation systems.

Nevertheless, the above studies primarily considered either vehicle longitudinal
or lateral dynamics in isolation, which can result in a significant underestimation
of the TRFC [34]. To address this limitation and improve estimation accu-
racy, some hybrid estimation methods have been proposed that integrate both
longitudinal and lateral dynamics. Choi et al. [34] introduced an approach to
estimate TRFC based on a coupled longitudinal and lateral tire model using
a linearized RLS method. This method effectively combines the two dynamic
aspects, providing a more comprehensive understanding of tire-road interaction
and improving the reliability of TRFC estimation. Ren et al. [35] designed a hybrid
estimator that leverages the UKF to identify TRFC. By integrating longitudinal
and lateral dynamics, this hybrid approach utilizes the strengths of UKF in
handling nonlinearities and uncertainties in vehicle dynamics, resulting in more
accurate TRFC estimates. Li et al. [36] presented a signal fusion method to
obtain TRFC. This method combines signals from various sensors and integrates
information from both longitudinal and lateral dynamics, enhancing the overall
accuracy and robustness of the TRFC estimation. Chen et al. [37] utilized a MSE
weighted fusion approach to observe TRFC by leveraging longitudinal and lateral
tire forces. This technique weights the contributions of different sensor inputs
based on their estimated accuracy, resulting in a more precise and reliable TRFC
estimation. Similarly, another method for estimating TRFC using tire forces was
described in [38], demonstrating the importance of integrating multiple sources of
dynamic information for accurate TRFC estimation. Zareian et al. [39] proposed
using a multilayer perceptron neural network to predict TRFC. This neural
network model incorporates tire forces, vehicle velocity, and yaw rate as inputs,
providing a data-driven approach to TRFC estimation that can capture complex
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relationships between these variables. Chen et al. [40] introduced a frequency
domain data fusion method to estimate TRFC, based on information from the
steering and drive systems. This method analyzes the frequency characteristics
of the sensor data, offering a novel perspective on integrating longitudinal and
lateral dynamics for TRFC estimation.

Recently, with the continuous enhancement of deep learning algorithms,
data-driven methods have been increasingly employed for TRFC estimation.
These methods offer the advantage of bypassing the need for complex vehicle or
tire models, instead relying on the power of neural networks and other machine
learning techniques to derive insights directly from data. Mirmohammad Sadeghi
et al. [41] demonstrated this approach by collecting four distinct features and
building a multilayer neural network to estimate TRFC. Their method showed
that, with appropriate feature selection and network architecture, it is possible
to achieve accurate TRFC predictions without delving into the intricacies of
physical modeling. Expanding on this concept, a spatial-temporal convolutional
neural network (ST-CNN) was proposed to predict TRFC [42]. This approach
leverages the ability of convolutional neural networks to process spatial data
and their temporal extensions to capture the dynamic changes over time.
By analyzing patterns in both space and time, the ST-CNN can provide more
robust and accurate TRFC estimates. However, the complexity of such network
structures can significantly increase computational costs, posing challenges for
real-time applications. Despite these advancements, data-driven approaches face
several challenges. One of the main issues is the interpretability of the models.
Unlike traditional methods grounded in physical laws and vehicle dynamics,
neural networks often operate as “black boxes,” making it difficult to understand
how they arrive at their predictions. This lack of transparency can be a barrier to
their acceptance and trustworthiness, particularly in safety-critical applications
such as vehicle control systems.

5.3 TRFC Estimation with Mass Parameter Mismatch
Under Complex Driving Scenarios

In this section, a novel integrated estimation scheme that combines the STUKF
with the IMM-UKF is proposed. The primary objective of this scheme is to
enhance the accuracy of TRFC estimation, particularly in scenarios involving
vehicle mass parameter mismatch. The STUKF is employed to effectively estimate
longitudinal and lateral axle forces, accounting for variations in vehicle mass
parameters. By utilizing different axle force information, the scheme applies the
UKEF to determine both longitudinal and lateral TRFC. This approach leverages
the UKF’s capability to handle nonlinearities and uncertainties in the estimation
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process, thereby improving the precision of TRFC estimates. Furthermore, to
further enhance estimation accuracy, the scheme incorporates an interactive
multiple model (IMM) approach. This method dynamically selects and fuses mul-
tiple TRFC estimates derived from different models or conditions. By adapting to
varying driving conditions and sensor inputs in real-time, the IMM-UKF ensures
robust TRFC estimation across a range of scenarios. Overall, the proposed scheme
integrates advanced filtering techniques (STUKF and IMM-UKF) to achieve more
accurate and reliable TRFC estimation, crucial for enhancing vehicle dynamics
control and safety in intelligent transportation systems.

The overall architecture is shown in Fig. 5.1. It has four main modules,
which are measurements with noise, vehicle and tire models, vehicle axle forces
estimation, and TRFC estimation. Sensor data acquired via the CAN bus includes
essential parameters such as yaw rate, steering wheel angle, longitudinal accel-
eration, and lateral acceleration. Additionally, the front wheel angle information
is determined through a lookup table based on the steering wheel angle data,
enhancing the accuracy of vehicle dynamics modeling. In the context of the
proposed scheme, the STUKF assumes a pivotal role in estimating vehicle axle
forces. By leveraging the vehicle dynamics model and sensor measurements, the
STUKF aims to mitigate the impact of mass parameter variations on estimation
accuracy. This approach ensures that the estimated axle forces reflect the true
dynamics of the vehicle under varying operational conditions. Simultaneously,
the IMMUKF dynamically identifies TRFC by integrating longitudinal and lateral
axle forces information. This adaptive approach allows the IMMUKEF to select
and fuse TRFC estimates from multiple models or conditions in real-time. By
adjusting to changes in driving conditions and sensor inputs, the IMMUKF
enhances the robustness and accuracy of TRFC estimation, crucial for optimiz-
ing vehicle control systems and enhancing safety in intelligent transportation
environments. Overall, the integration of advanced filtering techniques (STUKF
and IMMUKF) within the architecture facilitates a comprehensive approach to
vehicle dynamics estimation. This not only improves the accuracy of axle force
and TRFC estimation but also enhances the overall performance and reliability of
intelligent vehicle systems in dynamic and challenging driving scenarios.

5.3.1 Vehicle Model and Problem Statement

Considering real-time computing requirements and estimator design issues, a
bicycle model (see Fig. 5.2) is used to describe the vehicle’s dynamic character-
istics. The vehicle bicycle model is a simplified representation used in vehicle
dynamics to predict and analyze the lateral motion of vehicles during maneuvers
such as cornering. It conceptualizes a vehicle as a point mass with two main
reference points: the center of gravity and a point on the ground where lateral
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Figure 5.1 The integrated scheme for TRFC estimation.
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T 4 ¢4 Figure 5.2 The bicycle model.
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forces act, typically located at the center of the rear axle. This model operates
in a 2D plane, separating longitudinal and lateral motions for ease of analysis.
Key variables include longitudinal velocity, lateral velocity, yaw rate, and sideslip
angle, which describe the vehicle’s state. Equations derived from rotational
dynamics and tire mechanics govern the lateral dynamics, relating lateral forces
to yaw rate and sideslip angle. The model is instrumental in understanding
vehicle handling characteristics like understeer and oversteer, essential for
developing stability control systems. While the bicycle model simplifies vehicle
dynamics, it does not capture all complexities, such as tire dynamics and road
surface interactions, leading to its supplementation by more advanced multi-body
vehicle models in practical applications. Despite its limitations, the vehicle
bicycle model remains pivotal in optimizing vehicle control algorithms and
advancing technologies in automotive safety and autonomous driving. To obtain
a tractable estimation problem using in-vehicle sensors, a number of assumptions
are adopted. The steering angles of the front right wheel and the left wheel are
the same. The left and right wheels have the same stiffness. The effect of air
resistance is neglected. Since the estimated TRFC needs to utilize only axial force
information rather than individual tire force information, the transfer of elastic
loads is also omitted. Furthermore, this study focuses on the rear-wheel-drive
condition, and the front axle longitudinal force is ignored relative to the rear axle
longitudinal force. The dynamic equations of this vehicle model are described as

follows:
F L.cosé—L,F
P i Rk s (5.1)
IZ
F, —F, siné
a, = RO g (5.2)
m
F coso+F,
= ¥ - yr (5.3)
The normal forces in the front and rear axles are expressed as follows:
mgL, — ma_h
Fy = mgh, — Mma,n (5.4)
Li+L,
mgL. + ma, h
T (5.5)

@ Li+L,
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where L; and L, are distances from the center of gravity to the front axle and rear
axle; m is vehicle mass; a, and a, are longitudinal acceleration and lateral acceler-
ation; 6 is angle of front wheel; I, is the inertia moment about the vehicle vertical
axis; F)r and F, are lateral forces of front axle and rear axle; F,; and F,, are lon-
gitudinal forces of front axle and rear axle; r is yaw rate; R is sideslip angle; and h
is height of the center of gravity.

In this work, we use the combined longitudinal and lateral brushed tire model
to calculate the tire forces, which are expressed as follows:

c (=
*\1+s

F,;= fFi (5.6)
i
6, ()
F,; = —TlFi (5.7)
L
fim R 3, i f, < 3uF,,
F={" 3uF;"  272F. T (5.8)
uF,; else
2 2
S; tan a;
=4/C ——) +c? . 5.9
i \/"<1+si> T\ 1+s (59)

where y is TRFC; C, and Cy is the tire longitudinal and lateral stiffness coefficients;
F,; is vertical tire forces, its value is half of the vertical force of the corresponding
axle; where i = 1, 2, 3, 4, which correspond to the left-front, right-front, left-rear,
and right-rear wheels, respectively. s; is the longitudinal slip ratio and «; is the
wheel sideslip angle.

5.3.2 Methodology

To estimate axle forces using discrete measurements, the vehicle model, i.e.,
egs. (5.1)—(5.3) can be converted to a discrete-time state-space model.

X, =f(X,1, 0, 1) +W, 4 (5.10)
z, = hx,,u,)+v,
— T
X, = [Fxr,n’ Fyﬁn’ wa]
— T — 51T
z, =[r,a.,.a,,] u=I[5]
The state-space model can be calculated as
Fxr,n Fxr,n—l
Fyen | = | Fypn (5.11)
F, F,

yrin yrin—1
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r, Fy—1 + [Fyp,1Lycos 6 — L,F.yry,,_l]At/IZ
ax,n = ax,n—l + [Fxr,n—l - Fyf,n—l s 6]At/m (5.12)
a,, ay 1+ [Fyp,_c0osé + Fy,, 1 ]1At/m

where z is the measurement vector, x is the state vector, u is the input vector, f(-)
is the state transition function, h(-) is the output function, v is process noise, w is
measurement noise, and At is sampling interval. Most of the existing research
works on vehicle axle force estimation have ignored the effect of model parameter
perturbations, which may decrease estimation accuracy. To address this problem,
we use STUKEF to predict vehicle axle forces. The STUKF is an advanced variant
of the UKF designed to improve state estimation accuracy in scenarios where sig-
nificant nonlinearities and uncertainties are present. It addresses the limitations
of the standard UKF by dynamically adjusting the filtering process to better track
states in the face of model uncertainties and measurement noise. The STUKF
builds upon the foundation of the UKF, which is itself an extension of the
traditional KF tailored for nonlinear systems. Unlike the EKF, which linearizes
nonlinear functions through Taylor series expansion, the UKF approximates the
probability distribution of states using a set of carefully chosen sigma points.
This approach avoids the linearization errors associated with EKF, making it
more suitable for highly nonlinear systems. The core principle of the STUKF
lies in its ability to adaptively adjust the sigma points used in the prediction and
update stages of the UKF. By dynamically updating the spread and distribution
of sigma points based on the evolving covariance matrix of the state estimate, the
STUKF enhances its resilience to model uncertainties and measurement noise.
This adaptive mechanism ensures that the filter can accurately track the true
state of the system even under challenging conditions. In summary, the STUKF
represents a significant advancement in nonlinear state estimation, offering
robust performance in complex systems characterized by nonlinear dynamics and
uncertain measurements. Its adaptive sigma point selection mechanism ensures
accurate and reliable state estimation, making it a valuable tool in various fields,
including aerospace, robotics, and autonomous systems. The iterative steps of the
STUKEF are as follows.

1) Initialization:
The initial mean of x and its covariance matrix P

%, = E(Xp) (5.13)
Py = E [(x) — %)X, — %)'] (5.14)

2) Time Update
The weight ¢, ¢}, and sigma sampling points 1:;7 _, are given by

>

n—1

0
n
T =%, +Vn+a(\P), i=12..n (5.15)
1= X —Vn+a(yP,), i=n+l..2n

Mo po
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o= A (n+A),¢2=A/(n+ ) +1+f—a? (5.16)
¢, =dL=2/Qn+2), i=12,..2n '
where n is the dimension of x, the specific formulas for 4, , and « can be found
in [43].

The propagated sigma points can be calculated by
= (w0 (517)

The prior state X, ,_; and corresponding state covariance matrix P, _, are
updated using egs. (5.18) and (5.19), respectively.

2n
X i x(0)
Ryt = demr” /‘n_l (5.18)
i=0
2n T
— ) & (1)
Pyper = Z(ﬁlc (Tn/n—l _Xn/n—1> ( -1~ f7/'1—1> + Q- (5.19)
i=0

where Q is the covariance matrix of the process noise.
3) Measurement Update
The new sigma points 7, are given by

0 _
= n/rl 1
=%+ Vn+i(yP,, ), i=12..n (5.20)

T, =%, - Vn+ A(‘/Pn/n—l)i i=n+1,...2n
The propagated sigma points can be calculated by

(1) @

Z0  =h ( n) (5.21)

The estimated output 2, ,_, and its covariance matrix P, are updated using
egs. (5.22) and (5.23), respectively.

2n
2y = Z¢in27;§2_1 (5.22)
i=0
2n
= Y b2y, —2 z\) "iR (5.23)
= 2% \2 -1~ Zomn-1 ) \Zypp—1 T Zy/y 7 .
i=0

where R is the covariance matrix of the measurement noise.

The covariance matrix P, , between X, , , and 2, , , is given by

2n
T
— i [0 5 (i) ~
n = Zd)lc <Tr1/n—1 - rl/n—1> <Zy,/n—1 - Zr;/r,—l) (5.24)
i=0
The gain matrix w, can be calculated using eq. (5.25), and the posterior state X,

and its covariance matrix P, can be calculated using egs. (5.26 and 5.27).

w,=P_ P, (5.25)

Xz 2N
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X, =%,,,.1twW,(2,—2,, ) (5.26)

T
P, =P, -w,P,w, (5.27)

In the above UKEF, the effect of the model parameter perturbations on the predic-
tion of vehicle axle forces is not considered. The strong tracking algorithm has
robustness against model parameter uncertainties [44]. The core principle of STA
involves two main components: adaptation of the filter gain and adjustment of the
covariance matrix during the filtering process. These adaptations are guided by the
current estimation error covariance, ensuring that the filter can accurately track
system states even in the presence of significant uncertainties and measurement
noise. By dynamically adjusting these parameters, STA maintains robustness and
stability across a wide range of operating conditions. The STA is a robust estima-
tion technique used primarily in nonlinear and non-Gaussian environments to
improve the performance of filters such as the KF and its variants. Unlike tra-
ditional KF approaches that assume Gaussian noise and linear dynamics, STA
adapts dynamically to varying conditions, enhancing the accuracy and reliabil-
ity of state estimation in complex systems. Therefore, the STUKF is presented on
the basis of the combination of a strong tracking algorithm and UKF.

Thus, a fading factor ¢, is employed to dynamically adjust the prior state
covariance with the following equation.

2n T
- i (0 . %) 5
Pyjp1 = an(plc (Tn/n—l - Xn/n—1> (Tn/n—l - Xn/n—l) +Q (5.28)
i=0
T 1 2
where 6, = diag [Q,.Q}.- - Q)]
Yd Yd >1
951:{ T t=1,2,...n (5.29)
1 Yd, <1
N,=V,-R,-B,Q, B, (5.30)
M,=B,A,P,, A B} (5.31)
tr[N, ]
= il (5.32)

e
M,
t=1

A= 6f(X,,,u,,)’ B — oh(x,,u,)

5.33
g 0x, n 0x, ( )
007 .= 0
V, =140V, +0,0! . (5.34)
1+p -

where Y, is a constant that is determined based on the system state prior infor-
mation, if there is a large change in the system state then a larger Y, needs to
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be selected; p € [0, 1] is the forgetting factor. d, is the undetermined parameter.
The reasonable selection of the above parameters helps to improve the stability of
the STFUKEF.

To demonstrate the validity of the IMM-UKEF, we need at least two different esti-
mation models. Therefore, we only use the vehicle rear axle forces to identify TRFC
in this study. After obtaining vehicle rear axle forces, we estimate TRFC based on
longitudinal and lateral rear axle forces, respectively. Two discrete-time state-space
models are given by

r=f(_)+J
1 UL (5.35)
{Yz =h(T,)+6,
f (rilv—l) = I‘}Hh (Fflv) = Iw:11Fxr
r=f(r,)+7;
1 ) Sl (5.36)
{Yi =h(r}) +6;
f(05) =T,k (T;) =TGR,

n-yr

where Ji] and 9; are the process noise and measurement noise, Yf7 is measurement
vector; I‘f1 is the state vector, where i = 1, 2, which correspond to the longitudinal
dynamics model and the lateral dynamics model.

We use two UKFs to estimate the longitudinal and lateral TRFCs, respectively,
and the iterative process of UKF is the same as eqgs. (5.13)-(5.27). The TRFC
estimation based on the longitudinal dynamics model has good results in vehicle
acceleration or deceleration maneuvers, but it is not suitable for vehicle steering
conditions. Similarly, the TRFC identification based on the lateral dynamics
model has some limitations in vehicle acceleration or deceleration conditions.
It is a trend to integrate information from different models because there is no
perfect vehicle dynamics model suitable for all driving conditions [45]. Therefore,
an integrated method based on UKF and IMM methods is proposed to estimate
TRFC. The IMM approach represents a sophisticated method in state estimation,
tailored to handle the complexities of dynamic systems with nonlinear behaviors,
variable operating modes, and uncertainties. Unlike traditional single-model
approaches such as the KF, which struggle with diverse and changing system
dynamics, IMM leverages a collection of distinct models, each representing
different hypotheses about system behavior. These models are dynamically
selected based on real-time measurements and predictions, allowing the estima-
tor to adaptively switch between them to accurately track the system’s evolving
state. At the heart of IMM is the probabilistic weighting of models, where each
model’s likelihood is continuously updated according to its agreement with
observed data. This adaptive model selection ensures robust performance across
various conditions, mitigating the impact of uncertainties and noise inherent in
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real-world environments. Moreover, IMM incorporates an interaction mechanism
that enables models to exchange information, facilitating collaborative estimation
and further enhancing accuracy. IMM finds wide application in fields such as
aerospace, autonomous vehicles, robotics, and finance, where systems exhibit
complex dynamics and operational variability. In aerospace, for instance, IMM
is utilized to predict aircraft trajectory amidst changing flight conditions and
sensor inaccuracies. In autonomous vehicles, it aids in precise localization and
motion planning by dynamically adjusting to diverse driving scenarios. Similarly,
in robotics and finance, IMM improves the estimation of complex system states,
supporting decision-making processes under uncertain and dynamic conditions.
The versatility and robustness of IMM make it a cornerstone of modern estima-
tion theory, offering superior performance compared to single-model methods in
capturing the true underlying state of dynamic systems. By integrating diverse
models and adapting dynamically to changing environments, IMM ensures
reliable and accurate state estimation critical for advancing technology and
enhancing safety across various domains.

The probability of each UKF estimation model can be dynamically adjusted
based on the information on the prediction variance of each model. Figure 5.3
shows the overall process of the IMM-UKF method, which is composed of three
modules: interaction and mixing probability calculation, UKF, and combination
and model probability update.

f‘;_l and f’;—1 are the mean and covariance of estimation results based on lon-
gitudinal or lateral dynamics models at time n — 1. §, _, is the weight coefficient

Alk ~j
vector for different estimation models at time n — 1. I',_; and P;*_l are the mean
and covariance estimation results after the interaction and mixing probability
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calculation. &, is the weight coefficient vector after the interaction and mixing

probability calculation. f; and 13; are the mean and covariance estimation results
using the UKF method. f‘,,, f’n, and §,1 are mean, covariance, and the weight of the
final estimation results, respectively. The IMM-UKF method combines the longi-
tudinal dynamics-based estimation model (M*') and the lateral dynamics-based
estimation model (M?). Therefore, this system is a discrete set that is composed of
two models. The system can be expressed as

M = {M',M?)} (5.37)

In this study, we assume that the system is a first-order Markov chain system and
its transition matrix P is time-invariant. The transition matrix P is given by

_ pll...plj

P=|... ... ... (5.38)
Pii Dy

pij=p(M{1 |Mj1_1) i=1,2 =12 (5.39)

where p;; is the transition probability from the estimation model i to the estimation
model j.

1) Interacting and Mixing
The estimation results of each model from the previous step are combined with
the mixing weight. The mixing weight fi,li] and mixing probabilities p; can be
expressed as

ilj 1

&= ;pijéf,_l (5.40)
J
2

= ZPijff,_l (5.41)
i=1

where é‘fl_l is the probability of the model i.
The mixing mean and covariance for each model i are given by

r,_ = ZEUF (5.42)

A;*l-za B+ (Er - ) (B -0 ] (543)

2) Prediction
Based on the mixing mean and covariance, the UKF of each model i predicts

and updates the model mean f‘; and covariance 13;. The likelihood of the
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prediction for each model i at time # is given by
1 T y—=1
e [-5 () (2) ]
A, = (5.44)
|27

The innovation sequence y/,i, and innovation covariance 7:,"1 of the UKF can be
expressed as

v, =Y, —h(T}) (5.45)
i if, i\T
Ty = E [wn(wn) ] (5.46)
The probability of each model i at time # is
i_ 1,

& = ;A,,pl- (5.47)

2
p= ZA;pi (5.48)

i=1

3) Combination
The final predicted mean I', and covariance f’,, can be calculated as

N}

ET (5.49)

n-n

i /\. Py /\. Py T
P, +(F,-1,)(F,-T,) ] (5.50)

5.3.3 Experiment Tests

A C-class vehicle equipped with a six-axis wheel force transducer was utilized
to evaluate the efficacy of the proposed method under controlled conditions.
The relevant measurement data was sampled at a frequency of 100 Hz. Tests were
conducted on two distinct surfaces: dry asphalt and ice-snow roads, each
characterized by different friction coefficients. The dry asphalt surface exhib-
ited coefficients ranging between 0.7 and 0.8, whereas the ice-snow surface
had coefficients ranging from 0.1 to 0.2 [46]. During the tests, lane change
maneuvers served as the control inputs. These maneuvers were executed by an
experienced driver to ensure consistency and accuracy in vehicle response. To
simulate realistic conditions, the vehicle mass parameter used in the estimation
method was set 10% higher than the nominal value. This adjustment aimed
to evaluate the robustness and accuracy of the STUKF under varying mass
conditions. Real-world vehicle tests were conducted under these controlled
parameters to validate the effectiveness and performance of the STUKF method
in accurately estimating TRFCs across different road surfaces and maneuvering
scenarios.
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5.3.3.1 The Test on the Dry Asphalt Road

The first test of the experiment involved steering maneuvers while the vehicle
speed slowly changed. For the axial force estimation, the parameters utilized in the
STUKEF are selected as follows: Q = diag[40,4, 4],a =0.5,=2,Y =1, p =0.93,
R = diag[0.06, 0.06, 0.06]. In addition, the vehicle mass parameter is 1972.3 kg,
more than 10% of its true value. The FWSA, LA, and LV are shown in Fig. 5.4.
The estimation results of vehicle axle forces are presented in Figs. 5.5, 5.6, and 5.7.
The RMSE estimated by different methods are listed in Table 5.1.
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Figure 5.4 The change of FWSA, LA, and LV on dry asphalt roads.
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Figure 5.5 The rear axle longitudinal force on dry asphalt road.
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Figure 5.6 The front axle lateral force on dry asphalt road.
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Figure 5.7 The rear axle lateral force on dry asphalt road.

Reference values of vehicle axial forces are obtained using a six-axis wheel force
transducer. The effectiveness of the STUKF algorithm in estimating vehicle axle
forces surpasses that of the UKF, as demonstrated in empirical testing. Particularly
notable is STUKF’s ability to enhance estimation accuracy even in scenarios where
the vehicle mass parameter deviates from its nominal value. To assess the robust-
ness of the STUKF algorithm, we introduced mass parameter perturbations within
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Table 5.1 RMSE of vehicle axle forces.

RMSE F, Fys F,
UKF 1223.4 931.6 343.4
STUKF 244.8 448.2 295.7

a specified range, set at no more than 20% of its true value, which is [0.8m, 1.2m].
This range was chosen to simulate real-world conditions where vehicle mass might
vary due to factors like cargo load or passenger occupancy. To thoroughly evalu-
ate its performance, we conducted 100 offline tests using real vehicle test data,
the results of which are depicted in Fig. 5.8. Figure 5.8(a) illustrates the distri-
bution of mass perturbation values across the 100 experiments, demonstrating a
randomly selected range of deviations. Figure 5.8(b)—-(d) show the RMSE of the
estimated axial forces relative to the reference values for both STUKF and UKF
across these experiments. These figures provide a comparative view of how each
method performs under varying mass perturbation conditions. From the analysis
of these results, it is evident that STUKF consistently achieves superior estima-
tion accuracy compared to UKF across all experiments. Moreover, STUKF exhibits
robustness in the face of different mass parameter perturbations, maintaining sta-
ble and accurate estimations under varied conditions. This robust performance
underscores the algorithm’s capability to adapt and provide reliable estimates of
vehicle axle forces despite uncertainties in vehicle mass. In conclusion, the empir-
ical findings validate the effectiveness and robustness of the STUKF algorithm
in real-world applications. By outperforming UKF and demonstrating resilience
to mass parameter variations, STUKF proves to be a promising advancement in
state estimation techniques for enhancing vehicle dynamics and safety systems.
Future research may explore further applications and refinements of STUKF to
address additional complexities in dynamic vehicle environments.

Figure 5.9 shows the results of identifying the TRFC based on the axial force
obtained from STUKF estimation. The effectiveness of TRFC estimation is
demonstrated by comparing IMM-UKF with the MSE weighted fusion method
[37] and each single-model-based UKF. The parameters utilized in the IMM-UKF
are selected as follows: Q =172, R = 500, P= [0.99,0.01;0.01,0.99]. The remaining
IMM-UKF unlisted parameters are the same as those in the UKF algorithm used
for axial force estimation. The parameters used in this study for the comparative
fusion method (MSE) are the same as in [37], except for p,, _,,, = 0.003. The other
parameters of the MSE-weighted fusion method and the meaning of all the param-
eters of the method can be found in [37]. The legend text “UKF-lon” indicates
that the prediction of TRFC using UKF is based on the longitudinal dynamics
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Figure 5.8 The STUKF estimated performance test when the mass parameter is
mismatched. (a) Mass parameters perturbation. (b) RMSE of rear axle longitudinal force.
(c) RMSE of front axle lateral force. (d) RMSE of rear axle lateral force.

model, while “UKF-lat ” relies on a lateral dynamics model. The aquamarine blue
and brownish-yellow solid lines represent the maximum and minimum values
of TRFC for dry asphalt roads, respectively. Figure 5.10 depicts the variation of
the longitudinal and lateral model probabilities in the two-hybrid estimation
methods. The legend text “IMM-lon” indicates the probability change of the lon-
gitudinal model in the IMMUKF method. Other legends have similar meanings
in Fig. 5.10.

In Fig. 5.9, the lateral dynamics model-based UKF can track to the TRFC mini-
mum in about 0.42 seconds. Then there is an overshoot in the interval [0.92, 1],
which is related to the sharp change in FWSA. The longitudinal dynamics
model-based UKF does not track to the TRFC minimum until 2.22 seconds. This
is because the LV changes less in the interval [0, 2.1] before it starts to accelerate.
It can be clearly seen that the trend of the MSE estimation curve is consistent with
the change in estimation results based on the longitudinal and lateral models.
The MSE identification results are obtained by direct weighting based on the
probabilities in Fig. 5.10 and the estimated outputs of the longitudinal and lateral
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Figure 5.9 The TRFC estimation on dry asphalt road.
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Figure 5.10 The model probability in the two-hybrid estimation methods.

models in Fig. 5.9. The prediction curve based on the IMMUKF method does
not fluctuate with the output of each model, which is especially evident in the
interval [4-10]. The probability of each model can be dynamically adjusted based
on the information of the predicted covariance in the IMM-UKF. The IMM-UKF
can integrate the advantages of a single model-based estimation algorithm so that
it has the best estimation accuracy among all estimation methods. It is important
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to note that the change in the IMMUKEF prediction curve in Fig. 5.9 cannot be
analyzed simply based on the change in model probabilities in the IMMUKF in
Fig. 5.10. The input of each model at the next moment in IMMUKEF is the fusion
of all outputs of all models at the previous moment. The predicted results of each
model in IMMUKEF differ significantly from the estimates based on longitudinal
or lateral dynamics models in the ST.

5.3.3.2 The Test on the Ice-Snow Road

The other test of the experiment involved steering maneuvers while the vehi-
cle speed drops rapidly. For the axial force estimation, the Q utilized in the
STUKF is selected as Q = diag[5,0.5,0.5]. The remaining parameters are not
listed in STUKF, and the mass parameters are the same as in the dry asphalt
road test conditions. In the test conditions on dry asphalt roads, all parameters
not specified for adjustment in STUKF remain consistent. These conditions
include the FWSA, LA, and LV, which are graphically depicted in Fig. 5.11.
Figures 5.12, 5.13, and 5.14 illustrate the detailed estimation results, showing
how the STUKF algorithm adjusts and compensates for changes in the vehicle
dynamics more effectively than the UKF. The visual representation of the data
in these figures provides clear evidence of the STUKF’s superior tracking and
estimation capabilities. Table 5.2 further supports these findings by listing the
RMSE values for each estimation method. The lower RMSE values associated
with the STUKF indicate a smaller deviation from the true values, confirming
the algorithm’s higher accuracy. This quantitative data, combined with the visual

10 T T T T T

— LV (m/s)
— LA (m/s?)
----FWSA (deg)

Driving condition

Figure 5.11 The change of FWSA, LA, and LV on ice-snow roads.
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Figure 5.12 The rear axle longitudinal force on ice-snow road.
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Figure 5.13 The front axle lateral force on ice-snow road.

analysis from the figures, provides a comprehensive validation of the STUKF’s
performance. The effectiveness of the STUKF in improving estimation precision
across dynamic and varied operational scenarios is particularly important for
applications in advanced vehicle control systems. Accurate estimation of axle
forces is crucial for maintaining vehicle stability, enhancing safety, and improving
overall performance. The STUKF’s robust performance under varying conditions
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Figure 5.14 The rear axle lateral force on ice-snow road.

Table 5.2 RMSE of vehicle axle forces.

RMSE F, Fys F,
UKF 201.9 325.1 136.8
STUKF 142.3 216.3 77.1

makes it an ideal choice for these applications. Moreover, the STUKF’s ability to
handle parameter mismatches and dynamic changes effectively suggests that it
can be reliably used in real-world conditions where such variations are common.
This adaptability not only enhances the accuracy of the estimations but also
contributes to the overall reliability and robustness of the vehicle’s control system.

Similar to the offline tests conducted for the first test condition, 100 offline
tests were employed to verify the robustness of the STUKF. The results of these
extensive tests are illustrated in Fig. 5.15. In Fig. 5.15(a), the change in mass
perturbation values over 100 experiments is presented. These perturbation
values were randomly selected for each experiment to ensure a comprehensive
evaluation of the filter’s robustness under varying conditions. This random-
ness simulates real-world scenarios where the mass parameter can fluctuate
due to various factors, testing the adaptability and reliability of the STUKF.
Figure 5.15(b)—(d) depict the variation of the RMSE of the axial force estimated
using different methods relative to the reference value across the 100 experiments.
These figures compare the performance of the STUKF with that of the UKF and
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Figure 5.15 The STUKF estimated performance test when the mass parameter is
mismatched. (a) Mass parameters perturbation. (b) RMSE of rear axle longitudinal force.
(c) RMSE of front axle lateral force. (d) RMSE of rear axle lateral force.

other estimation methods. The RMSE is a critical metric as it quantifies the
deviation of the estimated values from the true values, providing a clear mea-
sure of estimation accuracy. The results demonstrate that the estimation accuracy
of the STUKF consistently surpasses that of the UKF. The STUKF not only pro-
vides more precise estimates but also exhibits remarkable robustness to different
mass parameter perturbations. This robustness is crucial in practical applications
where the mass of the vehicle can change due to varying loads and other dynamic
factors. The superior performance of the STUKEF is attributed to its strong
tracking capabilities, which allow it to adapt to sudden changes and maintain
high estimation accuracy. The strong tracking algorithm embedded within the
STUKF enhances its ability to handle model parameter perturbations, ensuring
that the filter remains reliable under a wide range of conditions. These extensive
offline tests underscore the effectiveness of the STUKF in maintaining robust
and accurate state estimation even when faced with significant parameter varia-
tions. The consistent performance across 100 experiments highlights the filter’s
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capability to adapt to different scenarios, making it a reliable choice for real-world
applications in vehicle dynamics and control systems. In conclusion, the results
presented in Fig. 5.15 clearly indicate that the STUKF outperforms the UKF and
other estimation methods in terms of estimation accuracy and robustness to mass
parameter perturbations. The STUKF’s ability to provide reliable estimates under
varying conditions makes it a valuable tool for enhancing the performance and
safety of vehicle state estimation systems. These findings validate the robustness
and superiority of the STUKF, confirming its potential for broad application in
the automotive industry, where precise and reliable state estimation is critical.
Figure 5.16 shows the results of identifying the TRFC based on the axial force
obtained from STUKF estimation. The parameters used in IMM-UKF and MSE
are the same as in the first test condition except for P= [0.936,0.064; 0.064,0.936].
Figure 5.17 illustrates the variations in the probabilities of the longitudinal and
lateral models within the two hybrid estimation methods being evaluated.
Consistent with the first test conditions, the IMM-UKF continues to demonstrate
the highest estimation accuracy. A notable deviation from the first test condition,
however, is observed in the tracking behavior of the longitudinal dynamics-based
model UKF. In Fig. 5.16, this model reaches the TRFC minimum before the
lateral dynamics-based model UKF. This early tracking is attributed to the rapid
decrease in LV at the beginning of the test, which influences the dynamics and
priority of the longitudinal model. The trend observed in the MSE estimation
curve is in harmony with the changes in the estimation results derived from
both the longitudinal and lateral models. Specifically, the accuracy of the MSE is
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Figure 5.16 The TRFC estimation on ice-snow road.
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Figure 5.17 The model probability on ice-snow road.

significantly impacted by the estimated output of individual models. When using
a single model, any deviations or inaccuracies directly translate to the MSE,
affecting its overall performance. In contrast, the prediction curve based on the
IMM-UKF method exhibits remarkable stability, particularly in the interval from
[1-10]. Unlike the single-model approach, the IMM-UKF method does not show
fluctuations corresponding to the output of individual models. This stability
is achieved because the IMM-UKF can dynamically adjust the probability of
each model based on the predicted covariance information. By leveraging the
covariance data, the IMM-UKF effectively balances and integrates the con-
tributions of both longitudinal and lateral models, optimizing the estimation
process. The dynamic adjustment capability of the IMM-UKF method allows it to
seamlessly integrate the strengths of single model-based estimation algorithms.
This integration results in superior estimation accuracy across all tested methods.
The ability to adapt to changing model probabilities and adjust based on real-time
data ensures that the IMM-UKF provides the most accurate and reliable state
estimation. The proposed estimation framework, particularly the IMM-UKF
method, demonstrates the best performance across various working conditions.
This versatility highlights not only the high estimation accuracy but also the
strong adaptability of the method. It confirms that the IMM-UKF can maintain
robust performance even when faced with diverse and dynamic operational
scenarios. These results underscore the efficacy of the IMM-UKF in handling
complex state estimation tasks in vehicle dynamics. The method’s robustness is
particularly evident in its ability to manage rapid changes in longitudinal velocity
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and adjust the model probabilities accordingly. This adaptability is crucial
for applications in real-world vehicular systems where conditions can change
rapidly and unpredictably. The comprehensive evaluation and comparison of the
IMM-UKF, UKF, and MSE methods provide clear evidence of the superiority of
the IMM-UKEF. Its dynamic probability adjustment mechanism and integration of
multiple model outputs lead to consistently accurate and stable state estimations.
This makes it an ideal choice for advanced vehicular state estimation and control
systems. In summary, the IMM-UKF method excels in providing precise and
reliable state estimations under varying conditions. Its ability to dynamically
integrate multiple models and adjust based on real-time data ensures optimal
performance, making it a highly effective tool for modern vehicle state estimation
applications. The experimental results confirm the method’s high estimation
accuracy and adaptability, showcasing its potential for broad application in the
automotive industry.

5.4 A Fault-Tolerant Scheme for Multi-model
Ensemble Estimation of Tire—Road Friction Coefficient
with Missing Measurements

In this section, we introduce a fault-tolerant estimation framework designed
to accurately estimate the TRFC. This framework integrates an FTUKF with
an event-driven fusion method to enhance estimation performance, especially
under challenging conditions such as sensor signal loss. First, we develop two
separate FTUKFs, each tailored for specific tasks: one for estimating longitudinal
tire forces and the other for lateral tire forces. These FTUKFs are engineered to
maintain robust performance even when there is a loss of sensor signals, ensuring
that the estimation process remains reliable and accurate despite potential data
interruptions. Once the longitudinal and lateral tire forces are estimated using
the respective FTUKFs, the next step involves calculating the longitudinal and
lateral TRFCs based on this tire force information. This step is crucial as it
provides the foundational data required for accurate TRFC estimation, reflecting
the tire-road interaction dynamics under varying conditions. To further refine
the TRFC estimation, we introduce an event-driven multi-model integrated
method. This innovative approach is designed to handle varying degrees of data
loss effectively. By dynamically adjusting to the extent of data loss, the method
performs a weighted fusion of the longitudinal and lateral TRFCs. The weighted
fusion process is critical as it combines the strengths of both longitudinal and
lateral estimations, enhancing the overall accuracy and reliability of the TRFC
estimation. The event-driven aspect of the fusion method ensures that the system
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responds promptly to changes in data availability, optimizing the use of available
information. This dynamic response mechanism is key to maintaining high
estimation performance in real-time applications, where conditions can change
rapidly and unpredictably.

The overall framework is illustrated in Fig. 5.18, comprising four main compo-
nents: sensor signals with data loss, the longitudinal TRFC estimation module,
the lateral TRFC estimation module, and the event-driven fusion module. First, in
the longitudinal TRFC estimation module, an FTUKF is employed to estimate
longitudinal tire forces. This estimator is specifically designed to handle in-vehicle
sensor signals that may experience data loss, ensuring robust performance despite
potential signal interruptions. Following this, an FTUKF-based longitudinal
TRFC estimator is developed, which leverages the relationship between tire
forces and the TRFC to provide accurate estimates of the longitudinal TRFC.
The lateral TRFC estimation module operates in a similar manner. It begins with
an FTUKF-based estimator for lateral tire forces, also built to cope with sensor
signal loss. This estimator then feeds into a lateral TRFC estimator, constructed
on the same principles as the longitudinal estimator, to derive the lateral TRFC
values. Once the longitudinal and lateral TRFCs are obtained, they are processed
by the event-driven fusion module. This module performs a weighted fusion
of the longitudinal and lateral TRFCs to enhance overall estimation accuracy.
Central to this module is an event-triggered mechanism and an RLS-based
weight update algorithm. The event-triggered mechanism assesses the degree
of data loss to determine whether a weight update is necessary. If the event is
triggered, indicating significant data loss, the latest model weights are applied to
update the TRFC estimation. Conversely, if the event is not triggered, the module
retains the previous weights, maintaining stability in the estimation process.
The integration of these components within the framework ensures a resilient
and accurate estimation of TRFC, even under conditions of sensor signal loss.
The FTUKF estimators for both longitudinal and lateral forces provide robust
initial estimates, which are then refined through the event-driven fusion process.
This approach not only mitigates the impact of data loss but also dynamically
adapts to changing conditions, ensuring the reliability and precision of the TRFC
estimates. This comprehensive framework, with its robust handling of sensor
data loss and dynamic fusion of TRFC estimates, is designed to enhance vehicle
control systems. By ensuring accurate and reliable TRFC estimation, it contributes
to improved vehicle stability and safety, particularly in dynamic and variable
driving conditions. The advanced use of FTUKF and event-driven mechanisms
within this framework demonstrates significant potential for broad application
in the automotive industry, offering a sophisticated solution for real-time vehicle
dynamics estimation.
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5.4.1 Vehicle Model and Problem Statement

The four-wheel vehicle model (see Fig. 5.19) is employed to depict the dynamic
characteristics of the vehicle. The four-wheel vehicle dynamic model is a crucial
tool in automotive engineering, designed to predict and analyze vehicle behavior
under various driving conditions. Originating from the principles of physics
and mechanics, it models the interactions between the vehicle’s components
and external forces. Key assumptions include a rigid body structure, constant
mass, simplified suspension systems, and accurate tire-road interaction models.
The theoretical framework is grounded in Newton’s laws of motion, kinematic
equations, and control systems that simulate driver inputs and vehicle responses.
This dynamic model is extensively used in design optimization, allowing engi-
neers to test and refine vehicle parameters such as suspension geometry, weight
distribution, and tire characteristics before physical prototyping. It is vital in safety
testing, simulating crash scenarios, and vehicle responses to ensure compliance
with safety standards. Additionally, it supports the development and testing
of advanced driver assistance systems (ADAS), such as adaptive cruise control
and lane-keeping assistance, and is integral to autonomous vehicle technology,
predicting and controlling vehicle behavior in real-time for safe navigation. The
model also facilitates performance analysis under varying conditions, helping
to fine-tune vehicles for optimal performance. Furthermore, it enables virtual
prototyping, reducing the time and cost associated with building physical pro-
totypes. Overall, the four-wheel vehicle dynamic model plays an essential role
in advancing vehicle safety, performance, and innovation in the automotive
industry. Some specific equations are as follows.

Ve =a,+1, (5.51)
Uy =@y, =1y (5.52)
a, = [(Fy +Fp)co86 + F,3 + Fyy — (F; + F,) sin 6]/m (5.53)
a, = [(Fy, + Fp)siné + Fy3 + Fy + (F); + Fp)cosél/m (5.54)

i = {al(F,, + Fy)siné + (F,, + F,,)cos 8] — b(F,; + F,,)} /I,  (5.55)
Jo, =Ty -T,—-RF,; i=1,23,4 (5.56)

where F,; and F, are longitudinal tire forces and lateral tire forces, i = 1, 2, 3, 4,
which correspond to the left-front, right-front, left-rear, and right-rear wheels,
respectively. a and b are distances from the center of gravity to the front axle
and rear axle; r and m are the yaw rate, vehicle mass; Tf and T, are front track
width and rear track width; 6 is the front wheel angle; I, is the inertia moment
about the vehicle vertical axis; v,, V), and f are the longitudinal vehicle velocity,
lateral vehicle velocity, and sideslip angle; T';, Ty;, and J; are the braking torque,
driving torque, and moment of inertia; w; is the wheel rotational speed; and
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b y 4 a ‘ Figure 5.19 The four-wheel
‘ model.

R; is the wheel radius. A combined longitudinal and lateral brushed tire model
is used to describe the dynamic characteristics of tires. The brushed tire model is
a fundamental concept in vehicle dynamics, used to simulate and analyze the
interaction between a tire and the road surface. Originating from simplified phys-
ical and mathematical principles, this model assumes that the tire is represented
by a series of bristles or brushes that deform under load, capturing the essential
characteristics of tire behavior. The primary assumptions include a linear elastic
response of the bristles and a constant contact patch length. The theoretical
framework is based on the balance of forces and moments within the contact
patch, allowing for the calculation of longitudinal and lateral forces as well as
aligning moments. These forces and moments are crucial for understanding tire
grip, handling, and overall vehicle stability. The brushed tire model is extensively
applied in various automotive simulations, from basic handling analysis to
advanced vehicle dynamics studies. It is particularly useful in the development
and tuning of suspension systems, traction control systems, and stability control
algorithms. By providing insights into how tires react under different conditions,
the brushed tire model helps engineers optimize tire and vehicle performance,
improve safety, and enhance the driving experience. Despite its simplicity, this
model offers a valuable approximation for many practical applications, making it
a staple in both academic research and industry practice. Some specific equations
are as follows:

c (-
\1+s

F = TFI- (5.57)
<tan a[->
G
Foo__ Nt/ o (5.58)
i = f; i .

27(u!)' 2, (5.59)
HF,; else
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where a, and a, are longitudinal acceleration and lateral acceleration; h is the
height of the center of gravity; ;4;9 is TRFC, for longitudinal tire forces computa-
tion: uf =y, for lateral tire forces computation: u = 4); C,, C,, and F_; are the
tire longitudinal, lateral stiffness coefficients, vertical tire forces; s; and «; are the
longitudinal slip ratio, wheel sideslip angle; i = 1, 2, 3, 4, it has the same physical

meaning as the vehicle model.

5.4.2 Methodology

1) Longitudinal Tire Forces Estimation:

For tire forces estimation in case of missing measurements, based on eq.5.6, the

discrete-time recursive model is given by

x‘r+1 =f5xr’ u‘r) + W‘r
z, =ML h(x,,u,)+¢,

F,

x2°

x, = [F, F

x1°

U, = [Tar, Tap Tazs Taus Tors Tos Thao Tb4]T

T, _ T
30 Fras 01, 03, 03, 041 2, = [0y, 0,, 03, 0]

(5.70)
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where y_ is a process noise and its covariance is Q,, ¢, is a measurement noise
and its covariance is £2_, f is the state transition function, z is the sampling
instant, x_ is the state vector, h is the measurement output function. The pro-
cess noise and the measurement noise are uncorrelated with each other. z, is
the measurement vector with data loss, u,_ is the input vector. In this study,
we use the Bernoulli distribution to describe the phenomenon of data loss.

I, = diag {¢},&2,...&"}, where £!(i = 1,2 - - n) are n independent Bernoulli

random variables. They are not related to all noise signals. diag{} is a diagonal
matrix.

2) Lateral Tire Forces Estimation:

For estimating lateral tire forces, the recursive model is the same as (5-70).
Based on the eqs.(5.51)-(5.55) we have z, = [a,, a,, T, u, = [Fy, Fryy Fis
Fy, 6]", an x, =[F,},F,,F,3,F,,,1,v,,v,]7. To perform state estimation
using discrete measurements, these nonlinear equations need to be expressed
in a discrete matrix form.

In the estimation process of longitudinal tire forces, the driving torque,
braking torque, and wheel rotational speed signals can be subject to random
losses. This means that during data collection and signal processing, these
critical inputs might intermittently be unavailable. Similarly, when estimat-
ing lateral tire forces, signals such as longitudinal acceleration, front wheel
angle, lateral acceleration, and yaw rate can also experience random data loss.
To accurately model and address this data loss phenomenon, we employ the
Bernoulli distribution, which provides a probabilistic framework for predicting
the occurrence of signal dropouts. To mitigate the impact of these missing
measurements on tire force estimation, we design an FTUKF. The FTUKF is
specifically tailored to handle the random loss of measurement data. In this
approach, the data loss only affects the measurement update step of the FTUKF,
where the filter adjusts its estimates based on the new incoming data. When
measurement data is unavailable, the filter relies on its prediction step, which
remains unchanged from the standard UKF. The UKF is a powerful estimation
algorithm that extends the capabilities of the KF to handle nonlinear systems
with non-Gaussian noise distributions. It addresses limitations of the KF, which
assumes linear dynamics and Gaussian noise, by employing a deterministic
sampling approach to approximate the state distribution more accurately.
The UKF was first introduced by Jeffrey Uhlmann in 1997 as an alternative to
the EKF, which linearizes nonlinear functions using Taylor series expansion.
Unlike the EKF, which can suffer from inaccuracies in highly nonlinear systems,
the UKF operates by computing a set of carefully chosen sample points (sigma
points) around the current mean and propagating these through the nonlinear
functions of the system. This deterministic sampling approach captures the
true distribution of the state variables and their uncertainties more accurately,
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even under conditions where the system dynamics are significantly nonlinear.
The UKF excels in estimating states of nonlinear systems where traditional
linearization methods like the EKF may fail due to inaccuracies. By capturing the
true distribution of state variables through sigma points, the UKF provides more
accurate state estimates compared to linearized filters, especially in scenarios
with significant nonlinearities. It can handle non-Gaussian noise distributions
better than linearized filters, making it suitable for real-world applications where
noise characteristics are complex and dynamic. Compared to particle filters
that use Monte Carlo sampling, the UKF achieves comparable accuracy with
fewer computational resources, making it feasible for real-time applications. Its
deterministic sampling approach and straightforward implementation make the
UKF adaptable across various domains, from automotive systems to aerospace
and robotics, enhancing the reliability and performance of estimation tasks in
complex and dynamic environments. In automotive applications, UKF finds
extensive use in sensor fusion: Combining data from multiple sensors (e.g., GPS,
IMU, radar) to estimate vehicle position, velocity, and orientation accurately.
Vehicle Dynamics: Tracking and predicting vehicle states such as acceleration,
steering angle, and tire forces under varying road conditions. ADAS: Enhancing
the performance of systems that monitor surroundings, predict collisions, and
assist in adaptive cruise control. In summary, the UKF represents a significant
advancement in estimation theory, offering robust solutions for nonlinear
state estimation problems across diverse application domains. Its ability to
accurately model and propagate uncertainties through deterministic sampling
sets it apart as a valuable tool in modern control and estimation engineering
practices.

In the time update step, where the filter projects the current state estimate into
the future, it continues to operate normally, unaffected by the data loss. This design
ensures that the FTUKF maintains robust performance even in the presence of
intermittent signal losses, providing reliable tire force estimations. By accommo-
dating missing measurements during the update step and maintaining a consis-
tent time update step, the FTUKF effectively balances the need for accuracy and
resilience, making it a powerful tool in automotive dynamics and control systems.
This approach enhances the reliability of tire force estimations, crucial for vehicle
stability and safety systems, especially in environments where sensor data might
be prone to interruptions.

The iterative steps of the FTUKF can be expressed as

1) Initialization
The initial mean x and covariance matrix P are given by
X, = E(xp) (5.71)
Py = E [(Xg — &)ty — %) ] (5.72)

233



234 | 5 Tire-Road Friction Coefficient Estimation with Parameters Mismatch and Data Loss

2) Time Update A
The weight ¢, ¢;,, and sigma sampling points ¢?_, can be expressed as

@O =A/(n+ 1), ¢l =A/(n+ ) +1+0—a? (5.73)
Gy =dl=2/C@n+2), j=12--2n '
68—1:)@—1

61_1:‘27—14— Vn+/1<\/PT—1>j j:1’2’”.n (574)

Gi_l =X,_,- \/n+/1<\/PT_1>j j=n+1,---2n

where n is the dimension of system states, A = a?(n + #) — n is a scaling param-
eter, Z is a secondary scaling parameter, « is a small positive value, 6 is used to
incorporate prior knowledge of the distribution of state.

The propagated sigma points are given by

N =f (ohuy) (5.75)

The prior state X, ,,_, and covariance matrix P, _, are updated by

T/t —
2n

a~ i s (j)

xr/r—l = z(ﬁinNT/jr_l (576)

T
*( j) % (
T/T 1= Zd)J ( T/jr 1 r/‘r—l) (NT/JT 1 r/‘r—l) + Qr—l (577)

In our experiments, the process noise is assumed to obey a Gaussian distribu-
tion, reflecting the random variability inherent in the system dynamics. This
assumption allows us to model the process noise with a normal distribution,
characterized by its mean and variance, which provides a realistic repre-
sentation of the uncertainties and disturbances that can affect the vehicle’s
performance. To simulate the uncertainty in the model, we artificially set
certain parameters to fluctuate within predefined ranges. These parameters
include critical aspects of the vehicle’s dynamics, such as the position of the
center of gravity and the rotational inertia. By allowing these parameters to
vary, we can account for the natural variations and potential inaccuracies in
the vehicle’s physical properties, which might arise due to manufacturing
tolerances, changes in load distribution, or other factors. Furthermore, we
assume that the effects of these fluctuating parameters are independent of
each other. This assumption simplifies the modeling process and allows
us to independently analyze the impact of each parameter on the vehicle’s
behavior.
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3) Measurement Update
The new sigma points o are as follows.

&0
O ‘r/‘r 1

ol =%y + Vnt+ (VP o), j=12n (5.78)
o] =%, —Vn+ A(./PT/T__l)j j=n+1,---2n

The overall iterative steps in the time updating process of the FTUKF are the
same as in the traditional UKF. The difference is that due to data loss, we have

the extra matrix I, when embedding individual sigma points into Eq. (5.70) to
predict the measured variables, then we have the following equation

—

z20 =1k (o?.u,) (5.79)

The estimated measurement Z, /c—1 1s obtained by a weighted average of the
predicted values of 2n + 1 sigma points.

2n

2n
Zejeer = QbmZi) =T, Y\, ( v, ) (5.80)
=0

Jj=0

where TI, is an expectation of I, .
For the covariance matrix P, the following formula can be derived

2n

=T, Yl (o u )T (o, ) ~ LU -T2, 20, + 2,

Jj=0
(5.81)

where I is a unit matrix.

The cross-covariance matrix P,, . can be expressed as

2n
4 . ) T
Pae =MLY 0 (XD =% ) (h(ePu,) = 2,.01) (5.82)
i=0

The gain matrix K, covariance matrix P_, and the posterior state X, can be calcu-
lated by

K, =P, P,; (5.83)
X =%, +K(Z, - Z, Jee1) (5.84)

T4 2T NT

P,=P,, ,—-KP_K (5.85)
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5.4.2.1 TRFC Estimation

After obtaining tire forces, we can use the brushed tire model to identify the TRFC.
The state-space model is the same as Eq. (5.70). Although much of the input infor-
mation during TRFC estimation can be obtained from the tire force estimation
module, some of the input information comes directly from the onboard sensor.
Specifically, the information of v,, vy, I, W; in Egs. (5.66)-(5.69) has been directly
obtained in tire force estimation. However, a,, a,, é are still from on-board sen-
sors and there is a possibility of data loss. Therefore, we continue to use FTUFK
to estimate TRFC considering the effect of data loss.

1) Longitudinal TRFC Estimation:
Based on the longitudinal tire model, we have

T
x, = [k ikt ay, Z, =[Fy, Fy, Fus, Foya, ]

x12+ x2> & x3> + x4> ¥x

2) Lateral TRFC Estimation:
Based on the lateral tire model, we have

S 2 N T _
X, = [ iy 0 0y 0] Zo = [Fyy, Fyo, Fis, Fyyoa]7
For the specific iterative steps, it is the same as eqs. (5.71)—(5.85).

5.4.2.2 Event-Driven Multi-model Fusion Method

The single-vehicle model often struggles to adapt to all driving conditions, and the
inherent non-linearity of the vehicle system further reduces the accuracy of these
models. To address this issue, the multi-model fusion method has been developed,
which fuses the outputs of individual models to enhance estimation accuracy.
However, determining the optimal weight or validity function for each model in
multi-model fusion methods remains a significant challenge. A commonly used
approach to calculate the validity function involves deploying a Gaussian function
based on bias, which helps in adjusting the influence of each model according
to its performance. In this study, we propose a weight-updating strategy based on
the RLS principle. RLS is a widely used adaptive algorithm in signal processing
and estimation theory, particularly effective in scenarios where data is processed
sequentially over time. The RLS algorithm is designed to estimate the parameters
of a linear system in real-time, based on incoming data samples. It belongs to
the family of adaptive filtering techniques, which continuously update parameter
estimates as new data becomes available. The core principle of RLS is to minimize
the weighted sum of squared errors between observed data and the predicted
values using a recursive formulation. RLS employs a weighted least squares
criterion to update parameter estimates iteratively. It calculates the optimal
parameter values by minimizing the sum of squared prediction errors, weighted
by the covariance matrix of the input data. Unlike batch methods that process all
data at once, RLS updates parameters sequentially as new data points arrive. It
maintains and updates estimates of the system parameters and their covariance
matrices efficiently over time. The efficiency
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Inversion Lemma, which simplifies the computation of inverse matrices during
each update step, reducing computational complexity compared to direct matrix
inversion methods. RLS adapts dynamically to changes in the system parameters,
making it suitable for applications where parameters vary over time. By updat-
ing parameters incrementally, RLS requires less memory and computational
resources compared to batch estimation methods. RLS typically converges faster
than other adaptive algorithms, providing accurate parameter estimates quickly
after initialization. In summary, RLS is a powerful algorithm in signal processing
and estimation, offering real-time adaptability, efficiency, and fast convergence.
Its applications span across diverse fields, from system identification to adaptive
control and signal processing, where dynamic parameter estimation is crucial for
enhancing performance and accuracy in complex systems.

The proposed method dynamically adjusts the weights assigned to each model
in the fusion process, ensuring that the most accurate models have the greatest
influence on the final output. The RLS approach continuously refines the weight
estimates by minimizing the sum of the squares of the errors, thereby improving
the reliability and precision of the multi-model system. For a multi-model sys-
tem, the optimal output is obtained by combining the individual model outputs
in a weighted manner, where the weights are updated recursively according to
the RLS principle. This strategy ensures that the system can adapt to changing
driving conditions and maintain high accuracy by leveraging the strengths of mul-
tiple models. By continuously refining the weights based on real-time data, the
proposed method enhances the overall performance of the vehicle model, mak-
ing it more robust and reliable across various scenarios. This approach not only
addresses the limitations of single-vehicle models but also provides a systematic
and effective solution for multi-model fusion, paving the way for more advanced
and accurate automotive systems.

For a multi-model system, the optimal output y_ is given by

N ok
_1 @
AT — Zk_l e (586)

2115:1 Wy

where j}’; represents k™ model output at t = 7, N is the number of submodules,
and w, is the weight of k™ model. Furthermore, the normalized validity formulas
are given by

k of
A = 7 (5.87)
The following matrix is constructed
R
H=|: : ... : (5.88)
AN R Al I
y=0 990" (5.89)

A=[141 AZAI;J]T
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If we have y = HA, then each model has the optimal validity function. To obtain
the optimal validity function, we define the following cost function

J=(y-HAT(y-HA) (5.91)
We perform a partial derivative operation on the trace of J, then we have

% =-y'H-y"H +2ATH'H (5.92)
Then let the Eq. (5.92) equal zero, the optimal validity function A is given by

A=HTH)'H'y =Ly (5.93)

L is the pseudo-inverse of H. The L exists as long as = > N and H is a full rank
matrix.

For nonlinear vehicle systems, their input and output are time-series signals.
We write the validity function in recursive form. Meanwhile, real on-board
measurement signals usually contain measurement noise, thus  can be
expressed by

y.=HA_ +¢, (5.94)
A =A_ +K (9,-HA_) (5.95)
where H, = [} 2 37] " and K. represents the optimal gain matrix.
To compute K, we define the update error €, then
€ = A- Ar =A- Ar—l - Kr(j\)r - Ijlﬂ:[;ﬂ:—l)
= 87—1 - Krﬁ‘r(A - A‘r—l) - Krgr
=(I-KH)e, ,-K( (5.96)

Since €, and ¢, are uncorrelated with each other, based on (Eq. 5.94), we have the
error covariance matrix B,

B, =E (e.e])
=E {[(I - Krﬁf)s‘r—l - KTCT][(I - KTﬁT)ST—l - KTCT]T}
=1-KH)B_,I-KH) +K QK (5.97)

where E represents math exception.
Take the partial derivative of B, with respect to K, we have

OB, ) .
< =20-KH)B_, <—HT ) +2K.Q, (5.98)

Let the partial derivative be zero, we have
oy B -1
K, = BT_IH,T<HTBT_1HTT + Q) (5.99)

The fusion weights for longitudinal TRFC and lateral TRFC are updated by
longitudinal and lateral acceleration. Since there is data loss in the acceleration
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signal, we design an event-triggered mechanism to control whether the fusion
weights are updated or not. The equation of y is as follows

T
. ~k o~k ok ok
, - {o if (3 -55) (9 -95) >0 (5.100)

1 otherwise

where p represents the event-triggered threshold, §* , is received acceleration
signal at the last moment. ¥ = la,,.a,.]" indicates acceleration signal at the
current moment. y_ is an indicator of whether the fusion weights are updated or
not. If y, =1, it means that the updated weights of each sub-model are fused with
the output of each current sub-model to obtain TRFC. Otherwise, the weights of
each sub-model from the last time will be used. Therefore, the fused TRFC u; of
each wheel can be expressed as

A=Al [ W], i=1,2,3,4 (5.101)

Since there are only two submodules, A is a (1 x 2) matrix. The iteration process
of the event-driven fusion approach is shown in Algorithm 5.1.

Algorithm 5.1 Pseudocode of the fusion method

Initialize: Set the initial value of AO, B,. ﬁ?
1: fort < 0to T do
2: Ify =1

3 for the validity function update process do
4 Calculate the measurement value of $, via (5.94)
5 Compute optimal gain K, by (5.99)
6: Update the validity function A using (5.95)
7 Update estimation error covariance B_ by (5.97)
8 end for
9 Elsey, =0
10: for for the validity function update process do
11 A =A_,
12: end for
13: Update the fused TRFC of each wheel by (5.101)
14: end for

5.4.3 Simulation and Experiment Tests

To validate the effectiveness of the fault-tolerant estimation framework, a com-
plex joint simulation platform based on CarSim and Simulink is constructed
(see Fig. 5.20).
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Figure 5.20 The joint simulation platform.
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Table 5.3 Parameters of the vehicle model and the value
of event-triggered method.

Symbol Value Symbol Value

m 1410kg I 1536.7 kg-m?
a 1.015m b 1.895m

h 0.54m T, 1.675m

T, 1.675m p le-6

The CarSim software integrates a high-fidelity vehicle model renowned for its
realistic dynamic response, making it an ideal source for reference values (RV) of
tire forces and TRFC. In our experimental setup, acceleration, deceleration, and
steering commands for the vehicle are generated using Simulink, which interfaces
seamlessly with CarSim. Within Simulink, we implement algorithms for estimat-
ing tire forces and TRFC using an FTUKF and an event-driven fusion method.
To simulate real-world conditions accurately, we introduce data loss into the mea-
surement signals. Initially, Gaussian noise is added to the sensor signals retrieved
from CarSim. These signals are subsequently subjected to a Bernoulli distribution
module, which introduces random data loss, mimicking the intermittent nature
of sensor failures in practical scenarios. To validate the robustness and applica-
bility of our estimation framework, rigorous verification tests are conducted on
challenging terrains such as ice roads and opposite roads. Although the vehicle
dynamics model in CarSim is comprehensive and includes a wide array of param-
eters, not all are detailed in Table 5.3. Notably, parameters related to the suspension
system are omitted since they do not directly impact the calculation of vertical
tire forces. This approach ensures that our estimation algorithms perform reliably
under varying conditions, providing accurate assessments of tire forces and TRFC
despite potential sensor data disruptions. By leveraging CarSim’s advanced vehicle
model and integrating sophisticated estimation techniques in Simulink, we aim
to enhance the reliability and effectiveness of automotive control systems across
diverse operational environments.

5.4.3.1 The Simulation Test

The Test on the Ice Road A steering maneuver with deceleration on ice roads
is carried out. The TRFC is 0.2. For the longitudinal tire force estimation,
the parameters utilized in the UKF/FTUKF are selected as follows: Q =
diag[20, 20, 20,20,1,1,1,1],a =0.5,0 =2, =1, R = diag[1, 1,1, 1] - 100. For the
lateral tire force estimation, the parameters utilized in the UKF/FTUKF are
selected as follows: Q = diag[500, 500, 500 500, 1, 1, 1], R = diag[20, 20, 20].
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The rest of the algorithm parameters are the same as the longitudinal tire force
estimation algorithm. The front wheel angle, longitudinal acceleration, and
lateral acceleration are depicted in Figs. 5.21-5.23. The sampling frequency of
the relevant measurement data is 100 Hz. This frequency determines how often
data points are recorded from the physical system under observation. To simulate
potential data loss, the original data is multiplied by the output of a binomial

Front wheel angle (deg)

— data with missing measurement
—raw data

0 2 4 6 8 10 12
Time (s)

|
(]

Figure 5.21 The front wheel angle on the ice road.
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Figure 5.22 The longitudinal acceleration on the ice road.
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Figure 5.23 The lateral acceleration on the ice road.

Bernoulli distribution. This approach mimics scenarios where data points may
not be captured due to various factors in data acquisition processes. In the current
setup, the probability of experiencing data loss stands at 30%. Visualizing the
impact of this simulated data loss, the raw measurement signal is represented
by a red solid line, while the blue solid line depicts the measurement signal
with simulated data loss. Notably, the blue line intermittently drops to zero at
specific instances, indicating periods where the measurement signal is absent
due to simulated data loss. In practical applications, such as evaluating the TRFC
on icy roads, the reliability of measurement signals becomes crucial. Ice roads
typically offer limited traction, making vehicle maneuvers like acceleration,
deceleration, or steering prone to pushing tires into nonlinear operating regions.
Despite potential variations in vertical tire force due to load transfers during
these maneuvers, the effect on estimating the TRFC remains relatively minor.
Understanding these dynamics is essential for refining measurement techniques
and ensuring accurate assessments of parameters like TRFC under variable road
conditions. By addressing simulated data loss and its implications, researchers can
enhance the robustness of their analytical methods in challenging environments,
such as those posed by icy road surfaces.

Figure 5.24(a)—(d) describe the estimated longitudinal tire forces from different
algorithms. The blue dashed curve indicates the RV. The green solid curve repre-
sents the estimated value from the UKF. The red dash-dot curve is the estimation
results of the FTUKF. We can see that FTUKF fits more closely with the RV. The
estimated curve of UKF is far from the RV because it lacks the ability to deal with

243



244

5 Tire-Road Friction Coefficient Estimation with Parameters Mismatch and Data Loss

12

— 0 —
< <
8 —200 8
Rel Rel
‘@ —400 g
) 5
=2 =2
S —600F —— UKF v S 600 ——yUKF
c c
S —-=-FTUKF S —-=-FTUKF
~ _800 : : . ~ 800 : :
0 3 6 9 12 0 3 6
Time (s) Time (s)
(a) (b)
— 0 — 0
< <
g -100 8 —-100
2 _200 2 _200
®© ©
< <
5 -300 T -800f _ _ gy
2 -400 V 2 _400 f —— UKF
S —-—-FTUKF S —-—-FTUKF
-500 -500
0 3 6 9 12 0 3 6
Time (s) Time (s)

(© (d)

Figure 5.24 The longitudinal tire forces of four wheels on the ice road.

Table 5.4 RMSE of longitudinal tire forces estimation on the ice road.

Symbol F., F,, Fs F,,
UKF 81.84 81.43 37.85 37.52
FTUKF 42.87 42.66 22.21 21.89

data loss. Table 5.4 displays the estimated RMSE obtained from various methods.
It can be seen that the RMSEs of FTUKF are smaller than those of UKF. This
means the FTUKF has higher estimation accuracy than the UKF. The FTUKF has
better estimation performance due to data loss being considered in the modeling
process and the related covariance formula being updated. Figure 5.24(a)-(d)
present comparisons of estimated longitudinal tire forces generated by different
algorithms, each offering insights into their respective performance characteris-
tics. The blue dashed curve signifies the RV against which the other estimates
are evaluated. Notably, the solid green curve depicts estimates derived from
the UKF, while the dash-dot red curve illustrates results obtained using the



5.4 A Fault-Tolerant Scheme for Multi-model Ensemble Estimation

1000 1000
€ 500 £ 500
[0] [0]
8 I S
£ 0 1 £ 0
g 1 g
& 500 ' & 500
L _ _
5 ——UKF 5
Yo —-—-FTUKF oo —-—-FTUKF
~1000 ~1000
0 3 6 9 12 0 3 6 9 12
Time (s) Time (s)
(a) (b)
600 600
£ 300 £ 300
(0] [0]
© ©
20 2 0
S S
& 300 ! T TR & 300
@ — . @ —
= 1y Vet UKF S ;
- —-—-FTUKF —-—-FTUKF
-600 -600
0 3 6 9 12 0 3 6 9 12
Time (s) Time (s)

(c) (d)

Figure 5.25 The lateral tire forces of four wheels on the ice road.

FTUKF. A discernible observation is that the FTUKF aligns more closely with
the RV compared to the UKF. The discrepancy between the UKF and the RV can
be attributed to the UKF’s inherent limitation in handling data loss scenarios
effectively. This deficiency impacts its ability to maintain accuracy in estimation
tasks under conditions where data points are intermittently missing or corrupted.
In contrast, the FTUKF incorporates mechanisms specifically designed to account
for data loss during the modeling process. This includes updates to the covariance
formula associated with the estimation, thereby enhancing its robustness and
alignment with actual RV values. Figure 5.25(a)-(d) illustrate the estimated
lateral tire forces from different approaches. We can see that FTUKF fits more
closely to the RV. The estimated curve of UKF is far from the RV. These results
show that it is effective to enhance estimation accuracy using FTUKF in the case
of data loss. Table 5.5 displays the RMSEs obtained from various methods. The
RMSEs of FTUKF are lower than that of UKF. This means the FTUKF has higher
estimation accuracy than the UKF.

Further insights into the comparative performance of these algorithms are
provided in Table 5.4, which summarizes the RMSE derived from their respective
estimations. The RMSE values serve as quantitative indicators of estimation
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Table 5.5 RMSE of lateral tire forces estimation on

the ice road.
Symbol Fy1 Fy2 Fy3 Fy4
UKF 284.15 282.56 122.63 122.97

FTUKF 251.63 249.71 72.10 68.41

accuracy, with smaller values indicating closer alignment with the true RV.
As observed, the RMSEs associated with the FTUKF are consistently lower than
those of the UKF. This disparity underscores the superior estimation accuracy
achieved by the FTUKF methodology compared to its UKF counterpart. The
enhanced performance of the FTUKF can be attributed to its comprehensive
approach to modeling, which integrates considerations for data loss into the esti-
mation framework. By dynamically adjusting the covariance formula in response
to potential data disruptions, the FTUKF mitigates the adverse effects of missing
or corrupted data on estimation outcomes. This proactive adaptation ensures
that the estimated longitudinal tire forces closely match actual values, thereby
bolstering the reliability and applicability of the algorithm in practical scenarios.

Figure 5.26(a)—-(d) depict the estimated TRFC from different algorithms. The
blue dashed curve indicates the RV. For the longitudinal and lateral TRFCs
estimation, the parameters utilized in the FTUKF are selected as follows:
Q = diag[0.001, 0.001,0.001, 0.001, 1], R = diag[5, 5, 5, 5, 0.2]. The remaining
algorithm parameters remain consistent with those used in the tire force esti-
mation algorithm. Employing the FTUKEF, the green solid curve illustrates the
estimated longitudinal tire force values. Conversely, the pink dashed curve
represents estimates derived from the FTUKF using lateral tire force information.
Additionally, the red dash-dot curve portrays results obtained through the
event-driven MMEM. In analyzing these estimations, it becomes evident that
the longitudinal tire force-based FTUKF method promptly begins tracking the
RV from the outset of measurement. In contrast, the FTUKF approach based on
lateral tire force information exhibits a delay, only commencing its alignment
with the RV after approximately 1.1 seconds of observation. Meanwhile, the
MMEM estimation curves demonstrate a convergence toward the RV over time,
showcasing the method’s ability to refine its estimates effectively. Table 5.6 pro-
vides a quantitative summary of estimation performance across these methods,
detailing their respective RMSEs. Notably, the MMEM stands out with the highest
estimation accuracy, characterized by RMSE values of 0.025, 0.025, 0.023, and
0.024 across different evaluation metrics. The effectiveness of these methods
hinges on their ability to adaptively track and predict tire forces under varying
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Figure 5.26 The TRFCs of four wheels on the ice road.

Table 5.6 RMSE of TRFC estimation on the ice road.

Symbol H FZ H H

Longitudinal 0.061 0.060 0.056 0.254
Lateral 0.099 0.105 0.104 0.109
MMEM 0.025 0.025 0.023 0.024

conditions. The FTUKF excels in promptly aligning its longitudinal tire force
estimates with the RV, leveraging its tailored modeling approach. In contrast,
while the FTUKF, based on lateral tire force information, introduces a delay in
convergence, it ultimately achieves alignment with the RV, demonstrating its
versatility across different input modalities. The MMEM, characterized by its
event-driven multi-model ensemble approach, exhibits robust performance by
consistently minimizing estimation errors and achieving close alignment with
the RV. This methodological strength is underscored by its ability to integrate
diverse model outputs dynamically, enhancing overall estimation accuracy.

247



248 | 5 Tire-Road Friction Coefficient Estimation with Parameters Mismatch and Data Loss

12 T T T T T

0.8

Yk

I

(o))
T

0.4

0 2 4 6 8 10 12
Time (s)

Figure 5.27 The event-triggered times on the ice road.

Figure 5.27 depicts the event-triggered times of the MMEM. We can see that
the frequency of y, = 0 increases between [1.5s, 8.3 s]. At other times, y, is almost
always equal to one. Therefore, the proposed event-triggered mechanism can
respond to the driving conditions well. When the data loss is serious, the weights
of the last moment are used to update TRFC. Otherwise, the updated weights
will be used. This dynamic update strategy can significantly reduce the impact of
data loss.

The Test on the Opposite Road A continuous steering maneuver is initiated on
opposite roads, prompting a significant shift in the TRFC from 0.85 to 0.2. This
transition is pivotal in understanding the dynamic changes in vehicle behavior
under varying road conditions. Figures 5.28-5.30 provide detailed visualizations
of the front wheel angle, longitudinal acceleration, and lateral acceleration
throughout this maneuver. Initially, as the vehicle operates on a high friction
coefficient road during the first 4 seconds, observable changes in both front wheel
angle and lateral acceleration exhibit a synchronous pattern. These dynamics
reflect the vehicle’s stable interaction with the road surface, characterized
by predictable responses to steering inputs and changes in lateral dynamics.
Subsequently, the vehicle transitions to a low-friction-coefficient road in the
subsequent 4 seconds, marking its entry into a nonlinear operating zone. Here,
the reduced road friction challenges the vehicle’s traction capabilities, influencing
its stability and handling characteristics. This shift introduces unpredictable
variations in vehicle behavior, necessitating adaptive responses to maintain
control and stability during steering maneuvers. These observations underscore
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Figure 5.28 The front wheel angle on the opposite road.
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Figure 5.29 The longitudinal acceleration on the opposite road.

the critical role of TRFC in governing vehicle dynamics, particularly in diverse
road conditions where friction coefficients vary significantly.

Figure 5.31(a)-(d) describe the estimated longitudinal tire force from different
methods. For the longitudinal tire force estimation, the parameters utilized in the
UKF/FTUKF are Q = diag[500,500,500 500,1, 1, 1, 1] and the other parameters,
and they are the same as on ice roads. Upon comparison, it is evident that the
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Table 5.7 RMSE of longitudinal tire forces estimation on the opposite road.

Symbol Fy F,, F,s F,
UKF 291.73 299.06 137.54 154.58
FTUKF 155.44 176.21 122.32 136.26
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Figure 5.32 The lateral tire forces of four wheels on the opposite road.

FTUKEF closely aligns with the reference value (RV), indicating superior accuracy
in estimation. Conversely, the UKF exhibits considerable deviation from the RV
in its estimated curve. In scenarios where significant longitudinal deceleration
occurs, adjustments are made by setting a larger Q matrix. This modification
aims to facilitate rapid tracking of the RV by the estimated curve. However, the
consequence of increasing Q is an elevated level of fluctuation in the estimated
curve. Hence, striking a balance and selecting an appropriate Q matrix becomes
crucial to achieving accurate and stable estimation outcomes. Table 5.7 presents a
comprehensive overview by detailing the RMSE obtained from various estimation
methods. Comparing these metrics reveals that the RMSE values associated with
FTUKEF are consistently smaller than those of UKF. This disparity underscores
FTUKF’s enhanced capability for precise estimation, demonstrating its superior-
ity in accuracy over UKF. The effectiveness of FTUKF in minimizing estimation

251



252

5 Tire-Road Friction Coefficient Estimation with Parameters Mismatch and Data Loss

Table 5.8 RMSE of lateral tire forces estimation on the opposite road.

Symbol F F F F

y1 y2 y3 v4
UKF 636.14 626.63 323.75 325.57
FTUKF 397.90 389.95 162.97 172.10

errors can be attributed to its refined tuning and adaptive filtering mechanisms.
By optimizing parameter settings and adapting dynamically to changing con-
ditions, FTUKF mitigates inaccuracies associated with data fluctuations and
variations in system dynamics. This robust performance makes FTUKF a
preferred choice for applications demanding reliable and precise estimation of
critical parameters such as longitudinal deceleration. Figure 5.32(a)—(d) illustrate
the estimated lateral tire force from different approaches. The estimated curve
of UKF is far from the RV. Table 5.8 displays the RMSE obtained from various
methods. The results indicated that the RMSE value of FTUKF is lower than that
of UKF.

Figure 5.33(a)-(d) depict the estimated TRFCs from different algorithms.
Different from the first working condition, the lateral tire force-based estimation
approach also quickly tracks the RV at first. This is because the steering maneuver
is applied immediately at the beginning of the simulation. Table 5.9 displays the
RMSEs obtained from various methods. The MMEM has a higher estimation
accuracy than that of other methods. Figure 5.34 depicts the event-triggered times
of the MMEM. Different from the first condition, we can see that the alternating
occurrence is equal to 0 or 1. This is because a continuous steering maneuver is
performed on the vehicle in this test. In summary, these findings emphasize the
importance of advanced estimation techniques, such as FTUKF and MMEM, in
enhancing the accuracy and responsiveness of tire force and TRFC estimations.
By leveraging adaptive filtering strategies and multi-model approaches, these
methods mitigate the limitations observed in traditional UKF-based approaches,
thereby improving overall performance and reliability in dynamic operational
scenarios.

5.4.3.2 The Hardware-in-the-Loop Test

To further verify the reliability of the algorithm, we performed hardware-in-the-
loop testing, and the whole system is shown in Fig. 5.35. The vehicle dynamics
model and the proposed algorithms are run in the dSPACE device. The dSPACE
device is a sophisticated hardware platform widely utilized in automotive and
aerospace industries for rapid control prototyping, hardware-in-the-loop (HIL)
simulation, and testing of embedded systems. This versatile tool plays a crucial
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Figure 5.33 The TRFCs of four wheels on the opposite road.

Table 5.9 RMSE of TRFC estimation on the opposite road.

Symbol A i W Ha

Longitudinal 0.135 0.128 0.120 0.144
Lateral 0.197 0.213 0.261 0.261
MMEM 0.119 0.117 0.111 0.133

role in developing and validating complex electronic control units (ECUs) and
software algorithms that govern vehicle dynamics, powertrain performance, and
flight control systems. At its core, the dSPACE device integrates powerful real-time
processors, input/output (I/0) modules, and comprehensive software tools tai-
lored to facilitate efficient development and testing cycles. It serves as a bridge
between virtual simulation environments and physical prototypes, enabling engi-
neers to validate ECU functionalities under realistic operating conditions before
deployment. Central to the dSPACE platform is its high-performance processor
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capable of executing complex control algorithms in real-time. This capability
ensures that simulations closely emulate actual system behaviors, facilitating
accurate performance evaluation and optimization. The dSPACE devices are
equipped with versatile I/O modules that interface with sensors, actuators,
and vehicle networks. These modules facilitate bidirectional communication
between the ECU under test and the simulated environment or physical test
setup, enabling seamless integration and data exchange. The dSPACE software
environment provides a comprehensive suite of tools for model-based devel-
opment, simulation setup, and test automation. Engineers can design control
algorithms using industry-standard modeling languages like MATLAB/Simulink
and seamlessly deploy them onto the dSPACE platform for real-time execution.
One of the primary uses of dSPACE devices is in rapid control prototyping,
where engineers iteratively develop and refine control strategies in a simulated
environment. HIL simulation extends this capability by interfacing the ECU with
virtual models of the vehicle or aircraft systems, allowing for comprehensive vali-
dation of ECU responses to various operational scenarios. Testing and Validation:
Beyond development, dSPACE devices are instrumental in the validation phase
of ECU development. Engineers can conduct systematic tests to verify the func-
tionality, performance, and safety of embedded software and control algorithms
before deployment in production vehicles or aircraft. The versatility of dASPACE
devices spans across automotive applications such as powertrain control, chassis
dynamics, and ADAS. In aerospace, they are used for flight control development,
avionics testing, and simulation of mission-critical systems. The dSPACE devices
support seamless integration with existing development workflows and tools,
offering compatibility with industry standards and protocols. This facilitates
collaborative development efforts and enhances interoperability across different
stages of the product lifecycle. In conclusion, the dSPACE device stands as a
cornerstone in modern engineering practices, enabling efficient development,
validation, and testing of embedded systems in the automotive and aerospace
industries. Its robust hardware capabilities, coupled with advanced software tools,
empower engineers to innovate and deliver safe, reliable, and high-performance
electronic control solutions for next-generation vehicles and aircraft.

In the conducted experiment, the driver actively engages in real-time vehicle
control using a driving simulator equipped with dynamic driving scenario
animations. This setup allows for immediate validation of the output curves
generated by the estimation algorithm, assessing its operational efficacy
under varying conditions. Specifically, human maneuvers are employed to
simulate vehicle movements on asphalt roads, providing a practical test bed
for evaluating the performance of a fault-tolerant estimation framework.
During these tests, the TRFC is maintained at 0.85, mirroring parameters
previously established for ice road conditions. This consistency ensures a
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comparative evaluation across different road surfaces. The experimental setup
captures and analyzes key dynamics, including front wheel angle, longitudinal
acceleration, and lateral acceleration, presented in Figs. 5.36-5.38. These figures
serve to visually depict how the vehicle responds to driver inputs and varying road
conditions. They provide insights into the stability, handling characteristics, and
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Figure 5.36 The front wheel angle on the asphalt road.
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Figure 5.37 The longitudinal acceleration on the asphalt road.



5.4 A Fault-Tolerant Scheme for Multi-model Ensemble Estimation

2 T T T T

—— data with missing measurement
—raw data

Lateral acceleration (m/s?)

_1 1 1 1 1
0 5 10 15 20 25

Time (s)

Figure 5.38 The lateral acceleration on the asphalt road.

overall performance of the fault-tolerant estimation framework under realistic
driving scenarios. By correlating observed data with algorithm outputs in real
time, engineers can effectively gauge the accuracy and reliability of the estimation
framework in dynamically adapting to changes in TRFC and other driving
parameters. Such experiments are crucial for validating the robustness of algo-
rithms designed to enhance vehicle control systems, ensuring they can effectively
operate under diverse and challenging real-world conditions. The integration of
driving simulators and advanced estimation algorithms represents a significant
step toward developing safer, more responsive automotive technologies capable
of adapting to unpredictable road environments.

Due to the inherent variability in human operation compared to machine
control, significant fluctuations can occur in acceleration and steering wheel
angle curves during the driving simulation. These fluctuations reflect the dynamic
nature of human driving behaviors and underscore the challenges in maintaining
consistent vehicle control inputs. Figure 5.39(a)-(d) provide detailed represen-
tations of estimated longitudinal tire forces derived from different estimation
methods. Notably, the FTUKF exhibits a closer alignment with the reference
value (RV) compared to other methods. In contrast, the UKF shows noticeable
deviation from the RV, primarily attributed to its limitations in handling data
loss effectively. A quantitative assessment of estimation accuracy is presented in
Table 5.10, where RMSEs obtained from various methods are detailed. These met-
rics demonstrate that the RMSE values associated with FTUKF are consistently
lower than those of UKF, indicating superior estimation accuracy. This superiority
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Figure 5.39 The longitudinal tire forces of four wheels on the asphalt road.

Table 5.10 RMSE of longitudinal tire forces estimation on the
asphalt road.

Symbol F., F,, Fos F,,
UKF 117.53 117.50 107.56 107.47
FTUKF 68.21 68.23 57.64 57.62

underscores FTUKF’s capability to mitigate the impact of data fluctuations and
uncertainties inherent in human-driven scenarios, thereby enhancing reliability
in estimating longitudinal tire forces. Such findings highlight the critical role
of advanced estimation algorithms, like FTUKEF, in improving the performance
and robustness of vehicle control systems under real-world driving conditions.
By integrating adaptive filtering strategies and optimizing parameter settings,
FTUKF ensures more precise and responsive estimation of key vehicle dynamics,
contributing to safer and more efficient automotive technologies.

Figure 5.40(a)-(d) provide graphical representations of estimated lateral tire
forces generated by different methodologies. Notably, the UKF shows significant
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Figure 5.40 The lateral tire forces of four wheels on the asphalt road.

Table 5.11 RMSE of lateral tire forces estimation on the
asphalt road.

Symbol F Fy Fys Fys
UKF 95.28 99.67 58.35 58.73
FTUKF 73.89 75.38 45.48 46.50

deviation from the RV, indicating challenges in accurately estimating lateral forces
under varying conditions. This disparity underscores the need for advanced esti-
mation techniques to improve alignment with actual measurements. Table 5.11
presents a quantitative analysis of estimation accuracy, detailing the RMSE
obtained from each method. Comparisons reveal that the RMSE values associated
with the FTUKF are consistently lower than those of the UKF, highlighting
FTUKF’s superior performance in accurately estimating lateral tire forces. Mov-
ing to Fig. 5.41(a)-(d), these graphs illustrate the estimated TRFC derived from
different algorithms across varied driving conditions. Unlike previous conditions,
where both longitudinal and lateral force-based estimations quickly tracked
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Figure 5.41 The TRFCs of four wheels on the asphalt road.

the RV, the initial 4 seconds show minimal longitudinal and lateral excitations.
Consequently, the estimation curves for TRFC based on these forces do not
immediately converge to the RV during this period. Subsequently, the longitu-
dinal tire force-based estimation method begins to closely track the RV after 4
seconds, reflecting the initiation of significant vehicle dynamics. In contrast, the
lateral tire force-based method shows delayed tracking, aligning with the RV
only after 12 seconds due to the commencement of larger steering maneuvers.
The MMEM emerges as a dynamic approach capable of adjusting weights between
longitudinal and lateral models based on corresponding errors, thereby refining
TRFC estimation accuracy. This adaptive strategy enables MMEM’s estimation
curves to converge effectively toward the RV over time, demonstrating its robust
performance in integrating multiple model outputs for enhanced accuracy.

Table 5.12 provides a comprehensive overview of the RMSE obtained from
various estimation methods, highlighting the superior accuracy of the MMEM
compared to alternative approaches. The data underscores MMEM’s capability
to achieve more precise estimations across different operational conditions.
Figure 5.42 illustrates the event-triggered occurrences documented by MMEM
during testing. These events, marked by increased frequency during vehicle
acceleration, steering maneuvers, or deceleration, demonstrate the efficacy of
the proposed event-driven mechanism in responding dynamically to changing
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Table 5.12 RMSE of TRFC estimation on the asphalt road.

Symbol H " e H,
Longitudinal 0.3505 0.3519 0.3102 0.3156
Lateral 0.5292 0.5372 0.6144 0.6153
MMEM 0.3255 0.3215 0.3042 0.3021
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Time (s)

Figure 5.42 The event-triggered times on the asphalt road.

driving conditions. This responsiveness ensures that the estimation framework
can adjust promptly to fluctuations in vehicle dynamics, thereby minimizing
the impact of data loss and enhancing overall reliability. The dynamic update
strategy employed by MMEM proves pivotal in reducing the potential effects of
data loss on estimation accuracy. By adapting weights and model outputs based
on real-time conditions, MMEM optimizes its estimation process, ensuring robust
performance across diverse road surfaces and driving scenarios. The successful
tracking of the RV across all three distinct road types further underscores the
adaptability and effectiveness of the proposed estimation method. This capability
highlights MMEM’s robustness in accommodating varying environmental fac-
tors and vehicle behaviors, reinforcing its suitability for applications requiring
accurate and reliable estimation of critical parameters like TRFC. In conclusion,
MMEM stands out as a robust solution for enhancing estimation accuracy in
dynamic automotive environments. Its event-driven approach, coupled with
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adaptive modeling techniques, ensures that the estimation framework remains
responsive and effective under challenging conditions, ultimately contributing to
safer and more efficient vehicle operations.

5.5 Fundamental Estimation for Tire-Road Friction
Coefficient: A Model-Based Learning Framework

In this section, we propose a novel estimation scheme for TRFC that combines
model-based and data-driven approaches, specifically designed to handle sce-
narios with unknown measurement noise and data loss. The proposed scheme
involves several key components and steps to ensure accurate and robust TRFC
estimation. First, an event-triggered mechanism is developed to detect and assess
instances of measurement data loss. This mechanism continuously monitors the
incoming sensor data and identifies moments when data is either missing or
unreliable. Once a data loss event is detected, the system responds accordingly to
mitigate its impact on the overall estimation process. To process the sensor data,
the event-triggered mechanism is integrated with the CKF, resulting in an ETCKF.
The ETCKEF leverages the robustness of the CKF in handling nonlinearities and
combines it with the event-triggered approach to enhance its resilience against
data loss. This combination ensures that the sensor data is processed accurately
and reliably, even under challenging conditions. Next, the processed sensor data
is input into a nonlinear tire model. This model is used to compute normalized
tire forces, which are essential for understanding the interaction between the
tires and the road surface. The nonlinear tire model accounts for various dynamic
factors affecting tire performance, providing a more precise representation of the
actual forces at play. The final step involves the use of an EKFNet to estimate
the TRFC. The EKFNet is an advanced hybrid system composed of an EKF and
a multi-layer neural network. The EKF component leverages a vehicle model to
track the system’s state and dynamics accurately. Meanwhile, the neural network
component is trained to learn complex patterns and relationships from the tire
force data and other relevant inputs. By combining the strengths of the EKF
and the neural network, the EKFNet effectively estimates the TRFC. The EKF
provides a robust framework for state estimation and noise reduction, while
the neural network enhances the system’s ability to capture nonlinearities and
intricate dependencies that might be challenging to model explicitly. Together,
they offer a comprehensive solution that improves estimation accuracy and
robustness. In summary, this section outlines a sophisticated TRFC estimation
scheme that integrates model-based and data-driven methodologies to address
the challenges of unknown measurement noise and data loss. The proposed
approach employs an event-triggered mechanism for data loss detection, an
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ETCKF for sensor data processing, a nonlinear tire model for force computation,
and an EKFNet for final TRFC estimation. This innovative combination ensures
that the estimation process is both accurate and resilient, providing reliable TRFC
estimates under diverse and challenging conditions.

The overall estimation architecture is comprehensively illustrated in Fig. 5.43.
This architecture is designed to handle the complexities of obtaining and process-
ing signals from vehicles traveling on the road, where measurement noise and
data loss are common challenges. These signals are derived from various vehi-
cle subsystems, such as the steering and braking systems, and are transmitted via
the vehicle’s communication bus. However, these signals often suffer from noise
interference and incomplete data due to factors like electromagnetic interference.
The first step in this architecture involves normalizing the acquired measurement
signals, which typically have different units. Normalization ensures that the data
is standardized and comparable across different signal types. Once the data is nor-
malized, an event-triggered rule is applied to assess the extent of data loss. This rule
helps determine whether the measurement signals are complete or if some data
points are missing. In the event of data loss, the architecture employs only the time
update step from the CKF to perform the necessary computations. This approach
allows the system to continue processing and updating estimates even when com-
plete data is not available. Conversely, when no data loss occurs, the standard
CKF is utilized for data filtering, ensuring that the most accurate and reliable esti-
mates are obtained from the available signals. The integration of the CKF with
the event-triggered rule forms what is known as the ETCKF. The data processed
by the ETCKF is then input into the Dugoff tire model. This model is used to
compute the normalized longitudinal and lateral tire forces, which are critical
for understanding the interaction between the vehicle tires and the road surface.
The Dugoff tire model accounts for various dynamic factors and provides a pre-
cise representation of tire forces under different driving conditions. Following the
computation of tire forces, the EKFNet comes into play. The EKFNet is a sophis-
ticated hybrid system that combines the strengths of an EKF and a multi-layer
neural network. It performs real-time estimation of the TRFC based on the tire
force information and the vehicle model. The EKF component tracks the system’s
state and dynamics, reducing noise and improving estimation accuracy. Mean-
while, the neural network component captures complex, nonlinear relationships
within the data, enhancing the overall robustness of the estimation process.

5.5.1 Vehicle Model and Problem Statement

As shown in Fig. 5.44, the four-wheel vehicle model is employed. The impact of
air resistance and the suspension system is disregarded. The front wheels share
identical steering angles, while the rear wheels do not have steering capabilities.
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Figure 5.43 The fundamental estimation scheme.
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Figure 5.44 The four-wheel b y a
model. ;

Additionally, the center of vehicle gravity is presumed to coincide with the origin
of the coordinate system. The relevant equations for the four-wheel vehicle model
are as follows.

a, = [(Fy + Fp)cos6 + F3 + Fyy — (F; + Fy)sinél/m (5.102)
a, = [(Fy; + Fy,)8iné + Fyz + Fy + (F); + Fp)cosé]/m (5.103)

I, = al(Fy + Fy,)siné + (Fy; + F),) cos 8] — b(F; + F,)
T,

- ?f(F X
where f, v,, v, denote the sideslip angle, longitudinal vehicle velocity, and lateral
vehicle velocity, m is the vehicle mass, the parameters a and b denote the distance
from the center of gravity to the front axle and rear axle, r is the yaw rate, § is
the front wheel angle, Tf andT, represent front track width and rear track width,
w; is the wheel rotational speed, i = 1, 2, 3, 4, which correspond to the left-front,
right-front, left-rear, and right-rear wheels, respectively. R; is the wheel radius, F,;,
Fyi are longitudinal tire forces, and lateral tire forces, I . isthe inertia moment about
the vehicle vertical axis.

The correlation between tire motion and forces is delineated by the Dugoff tire
model. The Dugoff tire model is a widely used analytical tool in vehicle dynamics
and tire behavior analysis. It provides a comprehensive representation of the
relationship between tire forces and slip ratios under varying load conditions.
Developed by Harry Dugoff in the 1960s, this model offers a significant improve-
ment over simpler linear models by incorporating the nonlinear behavior of tires,
which is critical for accurate simulations of vehicle performance, especially under
extreme driving conditions. In the Dugoff tire model, the tire-road interaction
is characterized by two primary components: longitudinal and lateral forces.
These forces are influenced by factors such as slip ratios, slip angles, normal load,
and road-tire friction coefficients. The model uses a set of equations to describe
how these forces change as a function of the slip ratios and angles, providing a
more realistic depiction of tire behavior compared to basic linear models. One of

T, T
f .
1 —F,)cosé + 0 (Fyy — F)p)siné — —2’ (Fs—Fu)  (5.104)
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the key features of the Dugoff model is its ability to account for the effects of
combined slip. This means it can simultaneously consider both longitudinal slip
(such as during acceleration or braking) and lateral slip (such as during corner-
ing), which is essential for accurately modeling scenarios where these conditions
occur together. The model does this by introducing a dimensionless parameter
that scales the forces based on the combined slip conditions, effectively capturing
the complex interactions between the tire and the road surface. The equations of
the Dugoff model start with the calculation of the slip ratios and angles, which are
then used to determine the combined slip parameter. The longitudinal and lateral
forces are then computed using these parameters, normal load, and the friction
coefficient. The model typically assumes a parabolic relationship between these
forces and the slip conditions, reflecting the nonlinear nature of tire behavior.
This approach allows for a more precise estimation of the forces that the tires can
generate, which is crucial for accurate vehicle dynamic simulations. Applications
of the Dugoff tire model are extensive in the fields of automotive engineering and
research. It is particularly valuable in the design and testing of vehicle control
systems such as ABS, ESC, and TCS. By providing a detailed and realistic represen-
tation of tire behavior, the Dugoff model helps engineers predict how vehicles will
respond to various driving inputs and conditions, leading to the development of
safer and more reliable automotive systems. Moreover, the Dugoff model is often
used in combination with other vehicle models in simulation environments to
enhance the accuracy of the overall vehicle dynamics simulation. This integration
is critical for tasks such as vehicle design optimization, performance testing, and
safety analysis. The model’s ability to handle nonlinearities and combined slip
conditions makes it an indispensable tool in the toolkit of automotive engineers
and researchers. In conclusion, the Dugoff tire model stands out for its detailed
and accurate representation of tire-road interactions, particularly under com-
bined slip conditions. Its application in vehicle dynamics modeling and control
system design is essential for developing advanced automotive technologies that
ensure better handling, safety, and performance of vehicles under a wide range
of driving scenarios. By capturing the nonlinear nature of tire forces, the Dugoff
model contributes significantly to the field of automotive engineering, driving
advancements in vehicle safety and performance.
The specific equations are as follows:

S.
Fy; = wFy, = miFyiCy; (ﬁ)f (L) (5.105)
L
F,.=uF° = uF,.C,. tana; @) (5.106)
i iy it Zipi 1+si .

_fL2-L), L<1
f@) = {1 o1 (5.107)
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1-s
L= (5.108)
24/Css? + Cy(tan )
mgb mash  mah p
F,, = - - . 5.109
@17 2a+b) 2a+b) T, a+b ( )
mgb mah  mah p
F,,= - + . 5.110
27 2a+b) 2a+b) T, a+b ( )
mga mah  mah
F = + — . 5.111
7 2a+b)  2a+b) T. a+b ( )
mga mah  mah
Fo : 5112
z4 2(a+b)+2(a+b)+ T, a+b ( )
Vv, — Rw;
s, = sgn(v, — Ray—x il (5.113)
max (Rw;, v,)
v, +ar
a, =6 —arctan | ————— (5.114)
v, — Tpr/2
v, +ar
a, =6 —arctan | ————— (5.115)
v+ Tpr/2
v, — br
ay = —arctan [ ———— (5.116)
v, —T,r/2
v, —br
a, = —arctan [ ————— (5.117)
v+ T,r/2

5.5.2 Methodology

The overall scheme, as illustrated in Fig. 5.45, begins with the calculation of
normalized longitudinal and lateral forces, which are essential for accurate
vehicle dynamics analysis. To achieve this, egs. (5.105)-(5.117) require various
types of onboard sensor information, such as acceleration, yaw rate, and other
relevant data. However, it is important to note that these sensor data are typically
subject to measurement noise and may also be prone to data loss due to factors
like electromagnetic interference or sensor malfunctions. Directly inputting
noisy and potentially incomplete data into the filtering process can significantly
degrade the performance of the filter, potentially leading to erroneous estimations
or even divergence of the filtering process. To address these challenges, a robust
switching rule is devised within the scheme. This switching rule operates as
follows: In the event of data loss, only the time update equation of the filtering
process is employed. The time update equation allows the filter to continue
updating its state estimates based on the model’s predictions without relying

267



268

5 Tire-Road Friction Coefficient Estimation with Parameters Mismatch and Data Loss
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Figure 5.45 The ETCKF scheme.

on the incomplete measurement data. This helps maintain the stability and
continuity of the estimation process. When no data loss is detected, the complete
filtering computation process is executed, utilizing both the time update and
measurement update equations. This ensures that the filter fully leverages the
available measurement data to correct and refine its state estimates. For the foun-
dational filter within this scheme, the CKF is chosen due to its superior ability
to accurately capture nonlinear relationships. The CKF employs a deterministic
sampling approach, which involves selecting a set of sigma points around the
mean state. These sigma points are then propagated through the nonlinear system
equations, capturing the effects of nonlinearity more effectively than traditional
linearization methods like the EKF. The CKF’s deterministic sampling approach
ensures that the nonlinearities inherent in vehicle dynamics are more accurately
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represented, leading to more reliable state estimations. This is particularly
crucial for applications involving complex vehicle maneuvers and varying road
conditions, where linear approximations may fall short.

5.5.2.1 Event-Triggering Scheduler
To process the data, we first establish the state-space model as follows.

{X‘r+l = f(Xr’ u‘r) + Wr (5 118)
Z‘r+1 = h(X‘H—l’ u‘r+1) + V‘L’+1

. T
X= [vxa vyv ra ra axy aya a)ly a)Zy 0)3, 0)4, 6]

where f(-) denotes state transition function, z is the measurement vector, u is the
input vector, h(-) denotes measurement transition function, x represents the state
vector. As direct data processing is conducted here, the state transition function,
when discretized, is represented by an identity matrix. w process noise, and v mea-
surement noise.

We establish the following event-triggering rules.

y, = {1 if(ZT _.Zr—l)T (ZT - Zr—l) >y (5.119)
0 otherwise
Based on the description of the state-space equations, we can infer that the sensor
signals in the vector z are identical to those in the vector x. However, the signals in
the vector z are augmented by the addition of measurement noise. z, is the normal-
ized measurement vector at time 7, z__, represents the normalized measurement
vector before time 7, y is the event-triggered threshold. Let y_ be the indicator for
event triggering. When y, = 1, it indicates a severe data loss situation. During this
period, only the CKF’s time update process is utilized for data processing, and the
measurement update process is excluded from the iterative loop to mitigate the
impact of data loss. When y, = 0, normal CKF filtering is applied to measurement
signals with noise. The CKF is an advanced state estimation algorithm designed
to handle nonlinear systems more effectively than traditional filters like the KF
and EKF. Unlike the EKF, which linearizes nonlinear systems using first-order
Taylor series expansions, the CKF employs a deterministic sampling approach
based on cubature integration to accurately approximate the Gaussian weighted
integrals in Bayesian filtering. This method ensures a precise representation of
state and measurement distributions by selecting symmetrically placed cubature
points around the mean state estimate, capturing the second-order moments of the
state distribution. The CKF operates through initialization, cubature point selec-
tion, time update (prediction), and measurement update (correction) steps, pro-
viding more accurate estimates for nonlinear systems by propagating uncertainties
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through nonlinear functions. Its ability to handle significant nonlinearities and
Gaussian noise assumptions makes it particularly useful in aerospace, automotive
systems, robotics, and sensor fusion applications. The CKF offers higher accuracy
and robustness in state estimation, reducing the risk of divergence under nonlin-
ear conditions, and achieves efficiency comparable to particle filters with fewer
computational resources, making it suitable for real-time applications.

D

2)

The procedural steps of the CKF are given by

Initialization:
%, = E(%,) (5.120)
P, = E[(X, — %)X, — &y)"] (5.121)

In the egs. (5.120, 5.121), E symbolizes the mathematical expectation and P
denotes the covariance matrix.

The calculation of cubature sampling points, denoted as &;, and corresponding
weights, denoted as ¢;, can be determined through the following procedure:

1] (o)[-1 0
1 d|{o] o]l o oll .
t’i=a§i=\/; Aol L ]| e vedd=n
o] (1)lo -1

(5.122)

In this context, d signifies the count of cubature points, and the dimension of
X is denoted as n.

Time Update:

Singular value decomposition of P__;,, _;

P_,=U [3 g] AT (5.123)

where S is a diagonal matrix. Subsequently, the covariance matrix, denoted as
P._,,._,, can be expressed as
T
Pr—l/r—l = Ur—l/r—lsr—l/r—lAr—l/r—l (5124)
Compute the cubature points
0] &
Xrl—l/-r—l =S, 18+ X 10 (5.125)

where X _,,,_, is the state prediction. xii)_l Jo-1 is the cubature point of X, _; ;.
Update the propagated cubature points

00 =f <x(,111 /T_l,uH) (5.126)
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Update the P, _ is as follows
c
2 (1)
X‘r/‘rfl = Zwixr—ll/r—l
i=1

c
_ #(1) #()T N T
Pr/r—l - Zf xr/r 1X1/T 1 Xr/r—lxr/r—l + Qr—l
i=1

where Q represents the covariance matrix of w.
3) Measurement Update
Singular value decomposition of P, _,

Pr/‘r—l = UT/T—IST/T—IAT

T/t-1
Compute the cubature points

(i) N
xr/r 1= T/T—léi + Xr/e-1

Update the propagated cubature points

(D) _ 0]
ZT/T—I =h <X1—l/1—_1’ur>

(5.127)

(5.128)

(5.129)

(5.130)

(5.131)

The predicted measurement vector Z,,,_;, the innovation covariance matrix

P and the cross-covariance matrix P

2z, 7/t —1° X2Z,7/T —

U]
r/‘r 1= Zwlzr 1/7-1
(D) (l)T 5T
zz T/t-1 Zbﬂtz‘r/‘r 1%c/7-1 — T/T—lz‘r/‘r—l +Rr

_ (i) ()T s AT
szyr/f_l - Zw XT/T 1Z1-/r 1 Xr/r—lzr/r—l
i=1

where R is the covariance matrix of v.
Update the gain matrix W and the state X,
W, = P!

T x2,7/1-1"% zz,7 /r-1

ﬁr/r = )A(r/‘r—l + Wr(zr - 24:/1'—1)

5.5.2.2 TRFC Estimation

, are given by

(5.132)

(5.133)

(5.134)

(5.135)

(5.136)

The overall framework of TRFC is illustrated in Fig. 5.46. Initially, sensor data
from the ETCKF is input into the Dugoff tire model for computation to obtain nor-
malized longitudinal and lateral tire forces. Based on these tire force data, TRFC

estimation is performed using EKFNet.

271



272 | 5 Tire-Road Friction Coefficient Estimation with Parameters Mismatch and Data Loss

Sensors data form event-triggered CKF
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Figure 5.46 The TRFC estimation scheme.
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The TRFC can be considered constant over a brief time interval. By utilizing the

connection between F. 0 and F

Xl’

the discrete mathematlcal model can be derlved usmg eqs (5.102-5.104).

{Xfff — AXTRFC + WTRFC
TRFC _ o TRFC TRFC
ZT+1 CXT+1 + V‘H—l
XEC = [y, g pgomg]”s 20 = lag, ay, 1"
1 + T, 0, 0, 0
0 1+T 0 0
A= ) + 1, )
0, 0, 1+T, ©
0, 0, 0, 1+T
Ci» G G Gy
C=1Cy, Cp, Gy Cy
|G, Can Cas Gy

Cp = (ch’lcosé —Folsiné)
Cp, = (F cosé — F) sm5> /m

Cis= x73/m
Cy=F,/m

Cy = (ch’lsiné +F;’lcosﬁ) /m

Cpy = (FO,sins + FY, cos5 ) /m

— 0
Cy = Fy,3/m
— 0
C,y = Fy,4/m
C.. = a(Fg1 sm&+F}‘i’1 cos&)—%(F)‘i1 cos&—FQ‘ sm&)
31 A
o
Co = a(Fjl2 sin6+F§_2 c056>+7j<ng cos&—F;)_2 sin&)
1L = 7
Z
- IR0 ~bF,,
C = 2 x3
33 I,
_Ipo _pp
C,, = 2 x4 4
34

I

Z

L

and F0 and F,,; as defined in egs (5.105, 5.106),

(5.137)

(5.138)

(5.139)

(5.140)

Next, EKFNet will be utilized to estimate the TRFC. EKFNet is an innovative
combination of neural networks and the traditional EKF, designed to enhance
the estimation process. The neural network component of EKFNet is employed
to directly predict the Kalman gain, which significantly mitigates interference
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from unknown measurement noise. This approach is particularly advantageous
because, while the ETCKF is used to process sensor information, traditional
CKF relies heavily on prior knowledge of the statistical characteristics of noise.
However, the noise characteristics of onboard sensors are not static; they change
over time due to factors such as sensor aging and varying operational conditions.
Moreover, the diversity of the sensors used in vehicle systems introduces varied
noise characteristics, which complicates the estimation process. For instance,
the calculation of the slip ratio involves wheel speed data obtained from wheel
speed sensors, the yaw rate is derived from a gyroscope, and the front wheel
steering angle signal is acquired from the steering wheel angle sensor. Each of
these sensors has different noise profiles and levels of accuracy. This variability
necessitates a robust method for handling noise uncertainties during TRFC
estimation.

By integrating neural networks with the EKF, EKFNet leverages the strength
of neural networks in capturing complex, nonlinear relationships and adapting
to changing noise characteristics. The neural network’s ability to predict the
Kalman gain dynamically ensures that the filter can adapt to the current noise
environment, providing more accurate and reliable TRFC estimates. This dynamic
adaptation is crucial because, as previously mentioned, traditional CKF methods
require fixed statistical models for noise, which may not accurately reflect the
real-time conditions of onboard sensors. The inclusion of the neural network
allows EKFNet to learn from the data and adjust its parameters accordingly,
offering a significant improvement over static models. This adaptability makes
EKFNet particularly effective in dealing with the diverse and time-varying
noise profiles encountered in real-world applications. Consequently, EKFNet
can maintain high estimation accuracy even when sensor noise characteristics
deviate from the expected norms due to factors like sensor aging or operational
stress. The EKF iteration process for TRFC estimation is as follows:

Time Update:
The prior state prediction
XfTﬁ{(i“ _ AXTTI_%fI(;“_l (5.141)

The error covariance prediction

PIRC = APIRE AT+ Q™ (5.142)
Measurement Update:

Compute Kalman gain

KTRFC — pTRFCCT (CPTRFCCT " RTRFC>_1 (5.143)

T|r—1 T|lt—1
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Update the posterior state

TRFC _ | TRFC TRFC (, TRFC TRFC
XT|T - X‘l,'l‘[—l + KT (ZT - CXT|T_1> (5144)
Update the error covariance
TRFC _ TRFC TRFC
PIYC = (I-K;*°C) PITT (5.145)

Represent the iterative process described above using a flowchart, and replace
the Kalman gain calculation part with a neural network prediction module. The
framework is shown in Fig. 5.47.

The EKFNet integrates the EKF with deep neural networks to achieve precise
estimation of the TRFC, particularly in scenarios where the statistical characteris-
tics of measurement noise are unknown. This innovative approach leverages the
strengths of both EKF and neural networks to enhance estimation accuracy and
robustness. By examining the EKFNet architecture, it becomes clear that the key
to effective system state updates lies in the accurate computation of the Kalman
gain. Traditional EXF relies on predefined statistical models to compute this gain,
which can be a limitation when dealing with unpredictable or changing noise
characteristics. To address this challenge, EKFNet removes the module in EKF
responsible for computing the Kalman gain. Instead, it utilizes a deep neural net-
work model to directly predict the optimal Kalman gain by providing it with appro-
priate inputs. This design choice allows EKFNet to dynamically adjust to varying
noise conditions and improve its estimation performance. The deep neural net-
work model is trained to recognize patterns and correlations in the input data that
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Figure 5.47 The scheme of EKFNet.
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affect the Kalman gain, enabling it to make real-time predictions that enhance
the filter’s accuracy. The entire EKFNet framework consists of two main mod-
ules: the system state update and the Kalman gain prediction. The system state
update section, depicted in the light green box in the accompanying diagram, fol-
lows the traditional EKF methodology to update the state estimates based on the
predicted Kalman gain. This involves the propagation of the state and covariance
matrices through the system model, ensuring that the state estimates reflect the
latest measurements and system dynamics. The Kalman gain prediction section
is primarily implemented by a deep neural network model, which replaces the
conventional Kalman gain computation process. This neural network is trained
using historical data to learn the complex relationships between the measurement
inputs and the optimal Kalman gain. By continuously adapting to new data, the
neural network can account for changes in measurement noise characteristics that
may occur due to sensor aging, environmental factors, or other sources of variabil-
ity. The integration of these two modules within EKFNet results in a robust and
flexible estimation framework that can handle a wide range of operating condi-
tions. The deep neural network’s ability to predict the Kalman gain in real-time
ensures that the system state updates are always based on the most accurate and
current information available. This dynamic approach significantly improves the
filter’s performance compared to traditional EKF, particularly in environments
with unknown or changing noise characteristics.

In the system state update module, the process begins by using the state values
from the previous time step, denoted as xTTfflf_l, to obtain a prior estimation, xfﬁf f,
through the use of eq. (5.141). Subsequently, the prediction of the measurement
variable is obtained using C and xfﬁi <. Finally, the ultimate estimate is derived
by iteratively looping through the process, incorporating the deviations between
the actual and predicted measurement vectors, along with the Kalman gain KRFC
and XTTﬁP: <. In the Kalman gain prediction section, we opt for a multi-layer neural
network to forecast real-time Kalman gains. Based on the traditional EKF gain
calculation formula, it is known that accurate gain computation relies on the
statistical characteristics of the observed variables and state variables. Therefore,
when selecting the input features for the neural network, it is advisable to include
information about both the observed variable z'*FC and the state variable xfffﬁ_l.
Furthermore, taking the discrete difference of these variables over unit time
can effectively capture the variations in noise. Therefore, inputs of the network
primarily consist of three variables.

a) The forward update error: A% = x[ " c— X b
TRFC _ , TRFC

b) The observation error: Az = z] z.N
¢) The innovation error: Az = z!RFC — C xTRFC

T T|r—-1"
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It can be observed that the multi-layer neural network takes Az, AX, and AZ
as inputs. Subsequently, it generates corresponding filtering gains through an
activation function. Since the estimated state is four-dimensional and three
measurement signals, the Kalman gain is a 4 X 3 matrix consisting of 12 elements.
The performance function consists of the deviation between the predicted value
of the multilayer neural network and the ground truth of the Kalman gains, and
we use a backpropagation algorithm to optimize this function. In addition, we
use the gradient descent method to update the weights and bias. After iterative
training with a substantial amount of data, the model is eventually developed to
directly predict Kalman gains. This study employs a multi-layer neural network
structured with two hidden layers. To ensure a high level of predictive accuracy
in the multi-layer neural network, ample training data is imperative. To achieve
this, we established a joint simulation platform using CarSim and Simulink.
In Simulink, the EKF algorithm is implemented, and noise interference is
artificially introduced, with the statistical characteristics of the noise known in
advance. This allows us to create a controlled environment where the Kalman
gain data collected serves as the ideal value, effectively acting as the true value
for the training data. The vehicle operates at different speeds on various surfaces
such as asphalt, gravel, and ice and snow. During these simulations, white noise
with a mean of zero and a variance within the range of [0.0001, 0.01] is added to
emulate realistic measurement noise. By conducting these simulations, we collect
extensive input data for the neural network as well as ground truth values for the
Kalman gains under a variety of conditions. In total, we amassed 26,000 samples.
To ensure a robust model development process, this dataset was strategically
divided into three parts: 80% was allocated for training the neural network, 10%
was reserved for rigorous testing, and the remaining 10% was designated for
validation purposes. This meticulous division ensures that the model is effectively
trained, rigorously assessed, and unbiasedly validated. During the training phase,
the neural network learns to predict the Kalman gain based on the input data,
adjusting its weights and biases to minimize the error between its predictions and
the true Kalman gain values. The testing phase involves evaluating the trained
model on a separate subset of data to assess its performance and ensure it general-
izes well to unseen data. Finally, the validation phase provides an additional layer
of evaluation, ensuring that the model’s performance is consistent and reliable
across different datasets.

By incorporating a diverse range of driving conditions and noise character-
istics, the training data encompasses a wide spectrum of scenarios that the
neural network might encounter in real-world applications. This comprehensive
approach ensures that the model can adapt to various operating environments

277



278

5 Tire-Road Friction Coefficient Estimation with Parameters Mismatch and Data Loss

and maintain high predictive accuracy. Moreover, the joint simulation platform’s
ability to introduce controlled noise interference allows us to fine-tune the neural
network’s performance, ensuring that it remains robust even in the presence of
unpredictable measurement noise. This aspect is particularly crucial for real-time
applications where sensor noise can vary significantly due to factors such as
sensor aging, environmental changes, and operational stress.

5.5.3 Simulation Tests

The validity of the model-based learning estimation method is verified by utilizing
integrated simulation platforms comprising CarSim and Simulink. In this setup, a
high-fidelity vehicle model is incorporated into CarSim, providing a more realistic
dynamic response. Consequently, sensor signals and the TRFC from CarSim
serve as RV. Vehicle acceleration, deceleration, and steering commands are set
via Simulink, where both the ETCKF and EKFNet are executed. To emulate
real-world conditions, Gaussian noise is added to the sensor signals, which are
then multiplied by a Bernoulli distribution to generate sensor signals with data
dropout. This process ensures that the simulation accounts for noise and data loss,
providing a robust environment for testing the estimation methods. Verification
tests were conducted on various road surfaces, including high-adhesion road
surfaces (HARS), middle-adhesion road surfaces (MARS), and opposite road
surfaces (ORS), to assess the applicability of the model-based learning method.
These tests demonstrate the method’s effectiveness across different driving
conditions. Additionally, to validate the generalization capability of EKFNet,
experiments were performed on both DDEV and FV. In the latest version of
CarSim software, models for components such as batteries and motors have been
integrated. This integration simplifies the experimental setup for DDEV, as it
eliminates the need for additional modeling work. By leveraging these integrated
models, the simulations can more accurately reflect the behavior of electric vehi-
cles under various conditions. The use of CarSim and Simulink together creates
a comprehensive simulation environment where high-fidelity vehicle dynamics
from CarSim provide realistic reference values, while Simulink facilitates the
implementation and testing of the estimation algorithms. The incorporation of
Gaussian noise and data dropout in the sensor signals ensures that the algorithms
are tested under realistic and challenging conditions, further validating their
robustness and reliability. In summary, the integration of CarSim and Simulink
provides a powerful platform for validating the model-based learning estimation
method. The high-fidelity vehicle model in CarSim delivers realistic dynamic
responses, while Simulink facilitates the execution of ETCKF and EKFNet. The
addition of noise and data dropout in the sensor signals ensures rigorous testing
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conditions, and the comprehensive verification tests across different road surfaces
and vehicle types demonstrate the method’s robustness and applicability.

5.5.3.1 The Effectiveness of ETCKF

According to eq. (5.118), it is evident that there are 11 sensor signals involved in
the estimation process, each susceptible to noise interference and potential data
loss. To manage these challenges effectively, we have designed the ETCKF for
processing the sensor data in this study. The ETCKF incorporates a sophisticated
mechanism to assess the occurrence of data loss and selectively updates the state
estimates based on the reliability of the incoming sensor data. In our method-
ology, determining the threshold for event triggering is crucial for the ETCKF’s
operation. Through extensive software-in-the-loop experiments and iterative
debugging, we have determined this threshold to be 0.0013. This value represents
the criterion at which the ETCKF initiates a decision process regarding the valid-
ity of incoming sensor data. When the measured noise or dropout exceeds this
threshold, the ETCKF triggers an event to mitigate the impact of unreliable data
on the estimation process. By setting a well-calibrated threshold through rigorous
experimentation, we ensure that the ETCKF operates optimally in real-world
scenarios where sensor signals are prone to variations and uncertainties. This
approach enhances the robustness and reliability of the estimation framework,
allowing it to adapt dynamically to changing environmental conditions and
sensor performance characteristics. The specific matrix parameters for process
noise and measurement noise in ETCKF are as follows: Q = eye(11) - 0.02,
R = diag[1,1,1,1,1,1,1,1,1,1,1] - 10.

The longitudinal acceleration data, depicted in Fig. 5.48, provides a compara-
tive analysis of estimation methods under varying conditions. The red solid line
represents the RV, which serves as the ideal signal. In contrast, the green solid
line illustrates the sensor signals affected by added noise and occasional data loss
events. These events are indicated by abrupt transitions to zero in the green solid
line, highlighting periods where data reliability is compromised. In this study, two
estimation methods are evaluated: the EKF and the ETCKF. The results of these
estimations are visually presented in Fig. 5.48. The magenta dashed line repre-
sents the output of the EKF, while the blue dashed line with dots corresponds to
the estimation results obtained using ETCKF. A noticeable observation is that the
EKF estimation curve exhibits minor fluctuations at several instances, indicative
of its sensitivity to noisy and intermittently lost data. In contrast, the ETCKF esti-
mation curve aligns more closely with the RV, demonstrating its ability to mitigate
the effects of data loss and maintain smoother estimation outputs.

Further insights into vehicle dynamics are provided by Figs. 5.49-5.51, which
depict longitudinal velocity, lateral acceleration, and lateral velocity, respectively.
Comparing the curves generated by EKF and ETCKF, it becomes evident that the
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Figure 5.48 The longitudinal acceleration.

20 . . i .
—— RV with data loss —RV e EKF --—-ETCKF
I TR VT TR W T
o | i it
£ HE iy
£ :
o
[0
>
a ‘
c
;E ‘
2
©
c
(o)
|
B 11
2 4 6 8 10
Time (s)

Figure 5.49 The longitudinal velocity.

ETCKF outputs are not only smoother but also closer to the RV. This smoother
behavior indicates that ETCKF effectively filters out noise and adapts its estima-
tion process based on the reliability of incoming sensor data, thereby enhancing
the accuracy of state estimation. These results underscore the advantages of
employing ETCKF in scenarios where sensor signals are prone to noise and
occasional data loss. By integrating an event-triggered mechanism, ETCKF
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Figure 5.52 The front wheel angle.

optimizes the utilization of available data, ensuring robust and reliable estimation
of vehicle dynamics even under challenging operational conditions.

The front wheel steering angle is visually represented in Fig. 5.52, where
instances of data loss are evident as abrupt transitions to zero occur intermit-
tently along the curve. This phenomenon underscores the challenges posed
by unreliable sensor data in dynamic environments. In Fig. 5.53, the yaw rate
curve illustrates how changes in the front wheel steering angle influence vehicle
dynamics. The trend in yaw rate corresponds closely to variations in the steering
angle, highlighting their interdependent relationship. Figure 5.54 introduces the
yaw acceleration curve, where the performance of the ETCKF is prominently
displayed. The ETCKF maintains superior performance by accurately capturing
the dynamic changes in yaw acceleration despite occasional data loss events.
Wheel speed variation is analyzed in Fig. 5.55, focusing on the curve of the left
front wheel. Although similar trends are observed across all four wheels, the left
front wheel serves as a representative example here. Notably, during periods of
data loss, the vehicle speed fluctuation curve exhibits significant variability in
the case of EKF. In contrast, the ETCKF curve demonstrates smoother behavior
with minor fluctuations, closely tracking the RV throughout the simulation.
These observations underscore the robustness and reliability of ETCKF in han-
dling noisy sensor signals and intermittent data loss scenarios. By leveraging an
event-triggered mechanism, ETCKF optimizes the utilization of available data,
thereby enhancing the accuracy of TRFC estimation and ensuring consistent
performance across various dynamic driving conditions.
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5.5.3.2 The TRFC Estimation Using the DDEV

To validate the effectiveness of EKFNet, we established an initial testing scenario
in the CarSim software featuring a dual-lane setup. The vehicle configuration
includes four in-wheel motors, each powered by dedicated battery packs, as
depicted in Fig. 5.56. This setup aims to simulate realistic driving conditions
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Figure 5.56 The double lane change test.

where electric propulsion systems are utilized to drive the vehicle. The dual-lane
testing scenario allows us to assess how EKFNet performs under dynamic driving
conditions, particularly focusing on its ability to estimate vehicle dynamics and
TRFC accurately. By integrating four in-wheel motors and battery packs into
the simulation, we replicate the operational environment of electric vehicles,
emphasizing the integration and interaction between propulsion systems and
vehicle dynamics. This setup is essential for evaluating EKFNet’s capability
to handle complex dynamics and variations in sensor data while maintaining
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robust estimation performance. The simulated scenario provides a controlled
environment to validate the model’s accuracy and reliability under different driv-
ing maneuvers and environmental conditions encountered on dual-lane roads.
Through this validation process, we aim to demonstrate how EKFNet enhances
the estimation accuracy of TRFC and other critical vehicle parameters, leveraging
both the vehicle dynamics model in CarSim and the advanced data processing
capabilities of EKFNet. This approach ensures that the estimation method is
well-suited for real-world applications where electric propulsion systems play a
crucial role in vehicle performance and energy efficiency.

The DLC Test on Opposite Roads Conducting consecutive steering maneuvers on
opposite roads, the vehicle undergoes transitions from a HARS to a MARS dur-
ing the estimation process, leading to a change in the TRFC from 0.85 to 0.5.
The front wheel angle data is illustrated in Fig. 5.57, depicting the vehicle’s path
over HARS for the initial 3.91 seconds before transitioning to MARS. Throughout
this period, the vehicle maintains a constant speed of 60 km/h. To assess the effec-
tiveness of EKFNet, we conducted comparative analyses with both EKF and UKF.
The estimation results generated by these algorithms are presented in Figs. 5.58
and 5.59. To ensure a fair comparison, measurement noise was randomly intro-
duced, with its characteristics deliberately deviating from the true value. This con-
trolled approach allows for a rigorous evaluation of each algorithm’s performance
under realistic conditions, considering the variability and uncertainty inherent in
sensor measurements. By comparing the outputs of EKFNet, EKF, and UKF, we
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Figure 5.57 The front wheel angle on ORS.
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aim to demonstrate the advantages of EKFNet in accurately estimating TRFC and
other critical vehicle parameters across diverse road surfaces and driving condi-
tions. The comparative analysis highlights EKFNet’s ability to leverage advanced
data processing techniques and model-based learning to achieve robust estimation
performance, ensuring reliable operation in dynamic environments where accu-
rate real-time vehicle dynamics estimation is essential.

In this context, “front TRFC” denotes the average estimation results derived
from the left front wheel and the right front wheel, while “rear TRFC” represents
the average estimation results from the left rear wheel and the right rear wheel.
The true values of TRFC are depicted by the red solid line in the graphs, serving
as a RV. The magenta solid line represents the estimation results obtained from
the UKF, the green solid line corresponds to the EKF estimation, and the blue
dashed line illustrates the results from the EKFNet. Figure 5.58 shows the
comparison of these estimation methods. As steering maneuvers commence, all
algorithms begin converging toward the RV. Notably, EKFNet exhibits the least
amount of fluctuation and eventually aligns closely with the TRFC value of 0.85.
However, during the transition of TRFC from 0.8 to 0.5, all estimation curves
exhibit overshooting, with EKFNet showing minimized fluctuations compared
to the other methods. Eventually, the EKFNet estimation curve stabilizes quickly
at 0.5, demonstrating its robust performance under changing TRFC conditions
compared to EKF and UKF, which deviate more from the RV. Moreover, UKF
demonstrates superior estimation performance over EKF due to its enhanced
nonlinear approximation capability, which does not necessitate the computation
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of the Jacobian matrix. EKFNet further improves upon these methods by
employing neural networks to predict the Kalman gain directly, thereby avoiding
the accuracy reduction associated with Jacobian matrix computations. Extensive
training with diverse noise conditions enables the neural network in EKFNet
to accurately predict the Kalman gain, contributing to its superior estimation
accuracy compared to UKF.

Figure 5.59 illustrates a lag in the TRFC mutation time compared to Fig. 5.58,
attributed to the front wheels making contact with the road surface before the rear
wheels during steering maneuvers. EKFNet consistently demonstrates the highest
estimation accuracy among the different methods evaluated, showcasing its capa-
bility to effectively handle dynamic changes in TRFC and provide reliable estima-
tions under varied driving conditions. These findings underscore the effectiveness
of EKFNet in enhancing TRFC estimation accuracy, leveraging advanced data pro-
cessing techniques and model-based learning to achieve reliable performance in
real-world scenarios where precise vehicle dynamics estimation is critical.

The Acceleration Maneuver on a High-Adhesion Road 1n the test scenario, the TRFC is
set to 0.7, and the vehicle initiates an acceleration maneuver from an initial speed
of 20km/h. As depicted in Fig. 5.60, the vehicle speed progressively increases
throughout the simulation. Notably, instances of data loss cause significant
fluctuations in the vehicle speed estimation curves, particularly noticeable in the
EKF curve. In contrast, the ETCKF curve demonstrates minimal fluctuations and
closely follows the RV.
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Detailed results of various estimation algorithms are presented in Figs. 5.61
and 5.62, showcasing their performance under dynamic conditions and in the
presence of data uncertainties. These figures highlight how ETCKF outperforms
EKF by maintaining more stable and accurate estimation of vehicle speed despite
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Figure 5.62 The rear TRFC on HARS.

challenges such as noise and data loss. The comparative analysis underscores the
robustness of ETCKF in real-time applications where precise vehicle dynamics
estimation is crucial for effective control and monitoring. In the test, TRFC is set to
0.7, and the initial speed is 20 km/h with an acceleration maneuver. As shown in
Fig. 5.60, the vehicle speed is continuously increasing. It is evident that with data
loss, the vehicle speed fluctuation is much more pronounced in the EKF curve,
whereas the ETCKF curve exhibits minor fluctuations and closely tracks the RV.
The results of different estimation algorithms are shown in Figs. 5.61 and 5.62.

In Figs. 5.61 and 5.62, as acceleration maneuvers commence at the start of
the simulation, all three algorithms show rapid initial convergence toward
the RV. Initially, their convergence speeds appear comparable, indicating
effective adaptation to the changing dynamics of the vehicle. However, a
notable divergence occurs after approximately 2 seconds in the estimation
curves of the EKF and UKF. This divergence is attributed to inaccuracies
stemming from imprecise noise statistics used as inputs, which affect their
ability to accurately track the RV. In contrast, EKFNet consistently demon-
strates superior estimation performance throughout the simulation period.
By leveraging advanced neural network-based techniques, EKFNet mitigates
the impact of noise uncertainties, enabling it to maintain closer alignment
with the RV compared to traditional filtering methods like EKF and UKF.
This resilience is crucial in dynamic environments where precise estima-
tion of parameters such as TRFC is essential for safe and efficient vehicle
operation.
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The Deceleration Maneuver on a Low-Adhesion Road Verification tests were
performed on LARS to evaluate the performance of different estimation algo-
rithms. In this test scenario, the TRFC was set to 0.2, and the vehicle initiated a
deceleration maneuver from an initial speed of 60 km/h. As shown in Fig. 5.63,
the vehicle speed decreases steadily throughout the simulation. The curve repre-
senting the vehicle speed after processing by the ETCKF appears smoother and
maintains closer alignment with the RV compared to other estimation algorithms.
This indicates ETCKF’s ability to effectively mitigate the effects of noise and
data loss, thereby providing more accurate estimation of vehicle dynamics under
challenging road conditions like LARS. Figure 5.64 and 5.65 present detailed
results of different estimation algorithms, offering insights into their respective
performances in capturing the dynamic changes in vehicle speed during deceler-
ation on low-adhesion surfaces. These figures highlight ETCKF’s robustness and
superior estimation accuracy, reinforcing its suitability for real-time applications
where reliable vehicle dynamics estimation is crucial for safety and performance.
We conducted verification tests on LARS. During the test, TRFC is configured to
0.2, and the initial speed is 60 km/h for a deceleration maneuver. As illustrated in
Fig. 5.63, the vehicle speed steadily decreases. The speed curve is smoother and
closer to the RV after processing by ETCKF. The outcomes of various estimation
algorithms are depicted in Figs. 5.64 and 5.65.

In Figs. 5.64 and 5.65, the initial significant braking input prompts all three
algorithms to rapidly converge toward the RV at the start of the simulation. As
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Figure 5.63 The longitudinal velocity on LARS.
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Figure 5.65 The rear TRFC on LARS.

the vehicle begins its descent, overshooting behavior is observed in all three
algorithms, with the EKF exhibiting the highest amplitude of deviation and
EKFNet showing the least. Following this initial overshoot, all algorithms
gradually converge back toward the RV. However, after approximately 1 second
into the simulation, noticeable deviations start to appear in the estimated values
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of EKF and UKF, while the estimation curve of EKFNet remains consistently
aligned with the RV. This performance disparity highlights EKFNet’s robustness
in maintaining accurate estimation of vehicle dynamics, even in the presence of
dynamic braking maneuvers and varying road conditions. By leveraging advanced
neural network techniques to optimize the estimation process, EKFNet effectively
mitigates the impact of noise and data uncertainties, ensuring more reliable and
precise results compared to traditional filtering methods like EKF and UKF.

5.5.3.3 The TRFC Estimation Using the FV

To validate the algorithm’s generalization further, we transitioned to an FV for
testing, as depicted in Fig. 5.66. The test involved consecutive steering maneu-
vers, during which TRFC transitioned from 0.5 to 0.8. Figure 5.67 illustrates the
front wheel angle throughout the test. The curve of the front wheel angle appears
smoother and closely aligned with the RV after processing by ETCKF. During
the initial 5 seconds of the test, the vehicle operated on a MARS, followed by a
transition to a HARS. Throughout this period, the vehicle maintained a constant
speed of 54 km/h. This experimental setup aims to assess the algorithm’s ability to
adapt and accurately estimate TRFC under varying road conditions and dynamic
maneuvers.

Estimation results for various algorithms are presented in Figs. 5.68 and 5.69.
Randomly generated measurement noise with identical covariance in both EKF
and UKF deviates from the true value. In Fig. 5.68, it is evident that as steering
maneuvers initiate, all three algorithms quickly converge toward the RV. Notably,
EKFNet demonstrates the smallest fluctuation and eventually aligns perfectly
with the true value of 0.5. As TRFC transitions from 0.5 to 0.8, the EKFNet
estimation curve stabilizes rapidly at 0.8, contrasting with other estimation

Figure 5.66 The test using the FV.
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Figure 5.67 The front wheel angle of the FV.
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Figure 5.68 The front TRFC estimation using the FV.

algorithms that deviate from the RV. Figure 5.69 shows similar outcomes, with
EKFNet exhibiting the highest estimation accuracy throughout the transition
period. The performance of EKF and UKF, characterized by fluctuations and
deviations from the RV, underscores the superior accuracy and robustness of
EKFNet in tracking TRFC under dynamic driving conditions.
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Figure 5.69 The rear TRFC estimation using the FV.

From the simulation results, it is evident that deploying the proposed algorithm
on both DDEV and FV enables accurate estimation of TRFC. This success is
attributed to several factors. First, employing a generalized vehicle model helps
mitigate the influence of specific powertrain configurations on the overall vehicle
dynamics modeling. This approach ensures that the estimation framework
remains robust and adaptable across different vehicle types and configurations.
Second, by collecting data from both DDEV and FV platforms, the applicability
of EKFNet is significantly enhanced. This data-driven approach allows the algo-
rithm to learn from a diverse range of driving conditions and scenarios, thereby
improving its ability to generalize and perform reliably under various real-world
situations. These combined strengths of the model and algorithm underscore the
high generalizability and effectiveness of the proposed estimation framework.
By addressing vehicle-specific nuances while leveraging comprehensive data
integration, EKFNet proves capable of achieving accurate TRFC estimation in
diverse operational contexts, enhancing its utility for practical implementation in
vehicle dynamics and control systems.

5.6 Summary and Future Research
In this chapter, a novel hybrid estimation approach was proposed by integrating

STUKF and IMM-UKF. Real-time experiments have demonstrated that the
proposed identification approach exhibits superior estimation accuracy and
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adaptability compared to existing methods across a variety of driving scenarios.
STUKF enhances the adaptive capability of the hybrid estimator to effectively
handle significant parameter perturbations encountered in dynamic driving
environments. Meanwhile, IMM-UKF leverages the interactive combination of
results from different estimators to significantly enhance the overall accuracy
of the hybrid estimator. The application potential of this work extends to the
dynamics control systems of intelligent vehicles, promising substantial advance-
ments in vehicle safety. Future research directions include exploring the fusion of
vehicle dynamics-based approaches with sensing approaches to further improve
estimation accuracy. Additionally, while some algorithm parameters are currently
set manually, future efforts will focus on implementing adaptive parameter
adjustments within the algorithm to enhance its robustness and performance
in real-world applications. These advancements aim to continually refine and
optimize the proposed hybrid estimation framework for enhanced practical utility
and effectiveness in intelligent vehicle systems.

Furthermore, a novel fault-tolerant estimation framework was proposed to
estimate TRFC. With the consideration of missing measurements, an FTUKF
was employed to predict longitudinal and lateral TRFCs, respectively. To further
enhance estimation accuracy, an event-driven multi-model fusion algorithm was
designed to dynamically adjust the weight of different models. Different tests are
carried out to verify the effectiveness of the fault-tolerant estimation scheme.
The results indicate that the designed method has high accuracy and strong
adaptability under various roads. Furthermore, the process noise and measure-
ment noise of the system are usually unknown. Therefore, considering the effect
of noise uncertainty to improve the estimation performance is a direction for
future research. In addition, the current research work has not yet been validated
in real vehicles due to expensive equipment and experimental site constraints as
well as some safety considerations. In the future, we will perform more validation
using real vehicle data where some test equipment is available.

Finally, a model-based learning estimation scheme is proposed to effectively
identify TRFC under challenging conditions of unknown measurement noise and
data loss. The framework begins with the introduction of an ETCKF to handle
missing measurement signals, ensuring robust data processing. Following this,
the EKFNet algorithm is deployed to estimate TRFC, leveraging a combination of
EKF principles and neural network predictions. Virtual tests conducted with both
electric and fuel vehicles validate the efficacy of the proposed approach across
diverse driving scenarios, encompassing scenarios involving acceleration, deceler-
ation, and steering maneuvers. These tests underscore the method’s adaptability
and accuracy in estimating TRFC under dynamic and varied road conditions. It
is important to highlight that our estimation framework is based on a two-axle
vehicle model, making it particularly suitable for conventional passenger cars.
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However, deploying this method directly for TRFC estimation in specialized
vehicles like multi-axle trailers presents challenges due to their distinct dynamics
and sensor configurations. Furthermore, the absence of an experimental field
and complete equipment has precluded real vehicle experiments thus far. Future
validation efforts will prioritize conducting experiments in real vehicle settings,
pending the availability of appropriate conditions and equipment. This step is
crucial to affirming the practical applicability and reliability of the proposed
estimation framework in real-world driving environments.
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6

Conclusions and Recommendations

In the field of intelligent transportation systems, it is crucial to understand and
master advanced estimation techniques for MVRIS. Through these techniques,
researchers and engineers can effectively estimate the state parameters of both
vehicles and roads. By utilizing accurate information, they can make efficient deci-
sions, thereby enhancing vehicle safety and comfort.

This book systematically introduces the latest research work of the authors in

this field, which can be summarized as follows:

1

2)

3)

A novel approach named AFTEKF has been developed for the estimation of
vehicle states. This inventive method demonstrates its effectiveness in allevi-
ating the impact of partial sensor data loss, parameter perturbations, and state
mutations on estimation accuracy. The AFTEKF method dynamically adjusts
the filter parameters in response to changes in the system and environment,
ensuring robust state estimation even in the presence of uncertainties and
disruptions.

A novel approach, FARCKEF, is introduced for the estimation of sideslip angle
and tire cornering stiffness. This method incorporates dynamic updates of the
vehicle mass parameter and process noise, aiming to enhance estimation per-
formance throughout the estimation process. By continuously adapting to the
changing conditions of the vehicle and road, FARCKF provides more accurate
and reliable estimates, which are crucial for maintaining vehicle stability and
safety.

A hybrid estimation algorithm, FTEKFNet, is introduced for the simul-
taneous estimation of vehicle velocity and sideslip angle, leveraging a
fusion of physical modeling and data-driven approaches. This innovative
approach incorporates a neural network to directly predict Kalman gains,
thereby enhancing robustness against uncertainties associated with Gaussian
noise and improving the algorithm’s capability to handle colored noise.
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4)

5)

6)

7)

8)

The integration of neural networks with traditional estimation methods allows
for more precise and adaptive state estimation.

An innovative event-triggered estimation framework integrates an event-
triggered mechanism with an ECKF based on a 3-DOF model. This framework
is designed for state estimation of PVs in dynamic environments. This
method effectively manages the trade-off between communication rate and
estimation performance. By triggering updates only when necessary, the
framework reduces communication overhead while maintaining high estima-
tion accuracy, making it suitable for real-time applications in connected and
autonomous vehicles.

An ETCKEF is designed for the host vehicle to estimate the motion state of the
preceding vehicle. To further improve the robustness of the algorithm against
perturbation of model parameters, a strong tracking algorithm is utilized to
optimize the ETCKF to form an STETCKF. The proposed estimation scheme
still achieves high accuracy even under low communication rates and model
parameter perturbations.

A novel hybrid estimation approach for TRFC estimation is proposed by
integrating the STUKF and the IMM-UKF. STUKF enhances the adaptive
capability of the hybrid estimator to effectively handle significant parameter
perturbations encountered in dynamic driving environments. Meanwhile,
IMM-UKF leverages the interactive combination of results from different
estimators to significantly enhance the overall accuracy of the hybrid estima-
tor. This approach ensures reliable and precise estimation of TRFC, which is
critical for vehicle traction control and safety.

A novel fault-tolerant estimation framework is proposed to estimate TRFC.
Considering the challenges of missing measurements, an FTUKF is employed
to predict longitudinal and lateral TRFCs, respectively. To further enhance
estimation accuracy, an event-driven multimodel fusion algorithm is designed
to dynamically adjust the weight of different models. This comprehen-
sive approach ensures robust and accurate TRFC estimation, essential for
maintaining vehicle stability and control under various driving conditions.

A model-based learning estimation scheme is proposed to effectively identify
TRFC under challenging conditions of unknown measurement noise and data
loss. The framework begins with the introduction of an ETCKF to handle miss-
ing measurement signals, ensuring robust data processing. Following this, the
EKFNet algorithm is deployed to estimate TRFC, leveraging a combination of
EKF principles and neural network predictions. This hybrid approach com-
bines the strengths of model-based and data-driven techniques, providing a
robust solution for TRFC estimation in real-world conditions.



6 Conclusions and Recommendations

The contributions summarized in this book highlight the significant advance-
ments made by the authors in the field of nonlinear system state estimation for
intelligent vehicles. Through the development of novel algorithms and frame-
works such as AFTEKF, FARCKF, FTEKFNet, and various event-triggered and
hybrid estimation methods, the authors address critical challenges in vehicle state
estimation. These innovative approaches improve the accuracy, reliability, and
robustness of state estimation, which are essential for the safety, performance,
and comfort of intelligent vehicles. Researchers and engineers in the field will
find these contributions invaluable for advancing the state of the art in vehicle
estimation technology.

For professionals and researchers engaged in vehicle engineering, autonomous
driving technology, and intelligent transportation systems, this book is an essential
reference. Here are several reasons why:

Comprehensive Structure: The book is systematically structured, progress-
ing from fundamental concepts to advanced techniques, making it suitable for
readers at different levels. Each chapter has clear objectives and content lay-
out, allowing readers to gradually deepen their understanding and mastery of
the related knowledge.

High Practicality: Beyond theoretical discussions, the book provides
numerous practical case studies and algorithm implementations, facilitating
readers’ application in real-world work. The examples are based on actual
vehicle systems, with detailed explanations of the problem background, model
construction, algorithm selection, implementation process, and experimental
result analysis.

Cutting-Edge Technology: Covering the latest estimation technologies, the
book helps readers stay abreast of industry developments. With the evolution
of autonomous driving technology, the demand for vehicle-road interaction
system estimation is continually changing and increasing. The book particu-
larly focuses on recent research findings and technological advancements in
the field, such as the application of machine learning in estimation and sensor
fusion technology.

Interdisciplinary Application: The book is suitable for research and study in
multiple disciplines, including vehicle engineering, control theory, computer
science, and more. Vehicle-road interaction system estimation is a multidis-
ciplinary field that involves control theory, signal processing, computer sci-
ence, and vehicle engineering. The book provides detailed explanations of each
technique’s theoretical basis and application methods, benefiting readers from
diverse backgrounds.
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6 Conclusions and Recommendations

In conclusion, vehicle-road interaction system estimation is a complex and
crucial discipline, with increasingly widespread and significant applications in
modern vehicle engineering and autonomous driving technology. This book
provides readers with a high-quality reference through comprehensive theoret-
ical introductions, rich and practical case analyses, cutting-edge technological
discussions, and multidisciplinary applicability. Whether you are a beginner or
an experienced professional, you will find this book immensely beneficial. By
reading and studying this book, readers can not only enhance their theoretical
understanding of vehicle-road interaction system estimation but also gain
valuable practical experience, laying a solid foundation for future research and
application in the field.
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