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Recent Estimation Techniques of
Vehicle-Road-Pedestrian States for Traffic Safety:
Comprehensive Review and Future Perspectives

Cheng Tian, Chao Huang, Senior Member, IEEE, Yan Wang, Member, IEEE, Edward Chung,
Anh-Tu Nguyen, Senior Member, IEEE, Pak Kin Wong, Wei Ni, Fellow, IEEE, Abbas Jamalipour, Fellow, IEEE,
Kai Li, Senior Member, IEEE, and Hailong Huang, Senior Member, IEEE

Abstract—Accurate and real-time acquisition of vehicular sys-
tem dynamic states, road surface conditions, and motion states
of surrounding participants is crucial for the safety, passenger
comfort, and operational efficiency of autonomous vehicles (AVs)
and connected automated vehicles (CAVs). In recent years, a
significant amount of research has contributed to the field of
state estimation for vehicles, roads, and pedestrians. From the
systemwide perspective of intelligent transportation systems to
a focused view on ‘“vehicle-road-pedestrian”, this survey aims
to provide a comprehensive review and summary of recent
state estimation techniques for vehicle motion, road surface, and
pedestrian motion. A thorough analysis of the reviewed literature,
relevant datasets, evaluation metrics, and experimental platforms
in this field is also conducted. Finally, existing challenges and
future research directions about methods and performance eval-
uation are further discussed. This survey is expected to contribute
to the advancement of research in dynamic state estimation of
vehicle-road-pedestrian, thereby facilitating the development of
efficient and safe intelligent transportation systems.

Index Terms—Vehicle state estimation, road surface state
estimation, pedestrian motion state estimation, vehicle-road-
pedestrian, intelligent transportation systems.
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Common Abbreviations

ANN Artificial Neural Network
AVs Autonomous Vehicles

CAVs Connected and Automated Vehicles
CKF Cubature Kalman Filter

CNN Convolutional Neural Network
DNN Deep Neural Network

DoF Degree of Freedom

EKF Extended Kalman Filter
GNSS Global Navigation Satellite System
HIL Hardware in Loop

IMM Interactive Multiple Model
MU Inertial Measurement Unit
KF Kalman Filter

LSTM Long Short-Term Memory
MF Magic Formula tire model
ML Machine Learning

NN Neural Network

PF Particle Filter

RNN Recurrent Neural Network
TRFC Tire-Road Friction Coefficient
UKF Unscented Kalman Filter

V21 Vehicle to Infrastructure

V2N Vehicle to Network

v2v Vehicle to Vehicle

V2X Vehicle to Everything

I. INTRODUCTION

RAFFIC accidents continue to be a major global concern,

resulting in significant loss of life, injuries, and economic
damage. In recent years, the development of autonomous
vehicles (AVs) and connected and automated vehicles (CAVs)
has shown great potential for reducing human-related traffic
accidents. These techniques offer innovative solutions that
improve traffic safety and overall traffic efficiency [1].

AVs and CAVs are important paradigms and components
of future intelligent transportation systems (ITS) [2]. The
schematic diagram of intelligent transportation systems is
shown in Fig. 1. The key components of intelligent transporta-
tion systems are as follows:

Vehicles: The vehicles mainly include AVs, CAVs, human-
driven vehicles, and connected human-driven vehicles. The
coexistence of AVs and human-driven vehicles in a mixed
traffic mode is considered the most promising composition
model for the future of intelligent transportation systems [3].
Vulnerable Participants: Vulnerable participants (i.e., vulner-
able road users) primarily consist of pedestrians, cyclists, and
motorcycle riders [4]. Due to the significant variability in
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Fig. 1. Illustration of intelligent transportation systems.

pedestrian motion behavior, they are more prone to injuries.
Therefore, the relevant literature about the estimation of pedes-
trian motion states is selected to be reviewed in this survey.
Road Surface: Road surface state information usually includes
road friction, road bank, road slope, and road unevenness.
Considering that road friction and road unevenness can directly
affect the vehicle chassis stability and passenger comfort,
further reviews of the research on road friction and road un-
evenness pre-identification are needed. The estimation results
can be used for road surface condition monitoring and early
warning systems.

Roadside Infrastructure: Intelligent roadside infrastructure
units can detect traffic conditions in advance and have a
wider field of view compared to the ego-vehicle perspective
in occlusion situations. The perception sensors equipped on
the roadside infrastructure mainly include roadside lidar and
roadside cameras, which are mainly responsible for detecting
and sensing status information, such as the location, type,
speed, and heading angle of traffic participants. The roadside
cloud computing platform is responsible for sensing the area.
The data collected by the facilities is quickly analyzed and
calculated, and roadside facilities are coordinated to provide
auxiliary information to connected vehicles [5].
Communication Devices: Communication devices in intel-
ligent transportation systems include the global navigation
satellite system (GNSS), dedicated short-range communica-
tions (DSRC), and cellular networks. GNSS provides accurate
vehicle position and velocity, enabling high-precision time
synchronization for data transmission. DSRC facilitates V2X
low-latency communication, allowing real-time information
exchange between vehicles and infrastructure. The 5G cellular
network offers broader signal coverage and larger bandwidth
but introduces higher communication delays, making it suit-
able for services like vehicle navigation [6].

In autonomous driving systems, autonomous driving lev-
els are usually classified using the SAE international au-
tonomous driving level definition (SAE J3016), which di-
vides autonomous driving systems into six levels [1]. The
electronic stability program (ESP) that performs instantaneous
intervention in vehicle motion states belongs to LO (No
Driving Automation) and has made significant contributions
to vehicle driving safety, such as tracking control systems
(TCS) and anti-lock braking systems (ABS) [7]. Advanced
driver assistance systems (ADAS), which mainly fall under

the L1 (Driver Assistance) or L2 (Partial Driving Automa-
tion) levels of automation, serve as foundational technological
features for AVs. ADAS utilizes perception sensors to detect
the surrounding environment, assisting drivers in avoiding
traffic accidents or reducing driving fatigue. These systems
can even actively control the longitudinal and lateral mo-
tion of the vehicle to improve driving safety and comfort
[8], [9], such as adaptive cruise control (ACC), lane keep-
ing assist (LKA), and driver state monitoring system [10],
[11]. In addition to AV technologies, CAVs that integrate
Vehicle-to-Vehicle (V2V), Vehicle-to-Infrastructure (V2I), and
Vehicle-to-Everything (V2X) communications can emerge as
a promising technology. V2X technology enables real-time
sensor data communication between connected vehicles and
the data exchange between connected vehicles and roadside
infrastructure, which can reduce blind spots and uncertainties
in driving within complex traffic environments [6].
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Fig. 2. General architecture of a CAV system. OBU: on-board unit.

Scope: The general architecture of a CAV system is pre-
sented in Fig. 2. This survey focuses on recent estimation
techniques of vehicle sideslip angle, road surface states, and
motion states of surrounding vehicles and pedestrians. It is
particularly important in the sense that precise acquisition of
vehicle body states, tire-road interaction, and pedestrian state
information is vital for decision-making, motion planning,
and motion control systems in AVs and CAVs [12]. Typical
dynamic states of the vehicle body include longitudinal and
lateral velocity, yaw rate, vehicle rolling angle, vehicle pitch
angle, and the vehicle sideslip angle. Among these states,
the vehicle sideslip angle is relatively more important as a
comprehensive vehicle state, which consists of longitudinal ve-
locity and lateral velocity information. Since the longitudinal
velocity is much easier to estimate than the lateral velocity
[13], the estimation of vehicle sideslip angle and lateral
velocity receives strong attention in this survey. Road surface
state estimation is more concerned with the estimation of the
following states: tire-road forces, tire-road friction coefficient
(TRFC), road unevenness, road bank angle, and road slope
angle. It is worth noting that TRFC is defined as the ratio of
maximum tire friction force to tire normal force. TRFC is an
essential state to characterize the adhesion ability of the tire to
the road surface. Road unevenness mainly affects the vertical



dynamics of the chassis and reduces passenger comfort. Severe
road unevenness may even threaten the driving safety of AVs
and CAVs. In addition, compared with other road parameters
such as road bank and road slope, the time variability of TRFC
and road unevenness is stronger. Considering the cost and gen-
eralization, this survey does not discuss the research of TRFC
estimation based on intelligent tires. However, some industrial
solutions for tire force estimation available in the market
are briefly reviewed. The unpredictable motion behavior of
pedestrians further complicates the safe and efficient operation
of AVs and CAVs. Nonetheless, limitations in existing sensors
and cost factors make it challenging to directly measure key
states like vehicle sideslip angle, TRFC, road unevenness, and
pedestrian motion states [14], [15]. As a result, rapid and
robust estimation methods for the above key states received
significant attention in both academic and industrial fields.

Review Methodology: This paper used a strict systematic
literature sample method that involved sorting and screening
relevant articles published between 2019 and 2023. In addition,
before 2019, relevant articles were selected to provide back-
ground information or explain certain concepts. Specifically,
the search was initially focused on the publication years
between 2019 and 2023, and the keywords “vehicle sideslip
angle estimation”, “vehicle lateral velocity estimation”, “tire-
road forces estimation”, “tire-road friction estimation”, and
“road unevenness, road pothole detection” were separately
used to conduct searches in the IEEE Xplore database and
the Scopus database. It is important to note that searching
for “surrounding participant state estimation” directly in the
database would yield irrelevant literature results. To find
applicable literature on the topic of motion states of surround-
ing vehicles and pedestrians, this study used terms, such as
“preceding vehicle state estimation”, “multi-vehicle tracking”,
and “pedestrian tracking”. TABLE I shows the number of
references. After manually filtering the identified literature
using Prisma systematic review criteria [16], title, abstract,
and full-text assessments were performed. Additionally, lecture
notes, theses, book chapters, reports, non-English literature,
and low-representative works were removed. Finally, 190
references were reviewed in depth.

As shown in Fig. 3, approximately 89% of the publications
were published in journals and 11% in conference proceedings.
Additionally, the publications considered in this paper were

PIERIN 10%
PP 13%

2R 16%
2022 pran

28%

Journal

89%
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TABLE I

NUMBER OF REFERENCES FOUND AT THE INITIAL STAGE
Keywords IEEE Xplore  Scopus
“vehicle sideslip angle estimation” 236 239
“vehicle lateral velocity estimation” 258 205
“tire-road friction estimation” 54 132
“road unevenness, road pothole detection” 320 785
“tire-road forces estimation” 62 98
“preceding vehicle state estimation” 30 32
“multi-vehicle tracking” 113 178
“pedestrian tracking” 1909 1799

TABLE 11
COMPARISION OF THIS SURVEY WITH OTHER RELATED SURVEYS

ENGINEERING, MULTIDISCIPLINARY
COMPUTER SCIENCE, INFORMATION SYSTEMS
GEOSCIENCES, MULTIDISCIPLINARY
TRANSPORTATION SCIENCE & TECHNOLOGY
COMPUTER SCIENCE, ARTIFICIAL..
AUTOMATION & CONTROL SYSTEMS

INSTRUMENTS & INSTRUMENTATION
ENGINEERING, ELECTRICAL & ELECTRONIC
ENGINEERING, MECHANICAL

Survey Year Ego Road STPS V2X Met. Test Cit.* Ref. Future scope
(171 2018 v/ X X X X X 141 97 CRWV

(141 2019 X v X X X X 79 139 MUN
(s 2019 v v X X X X 117 131 oM

(9] 2021 X X v X vV X 930 214 M

(s;] 2021 X X v X VvV X 8 147 R

4] 202 X X Vv Vv X X 47 360 MV

o] 2022 X v X X X X 52 117 MV

(3] 2023 v X X vV X X 2 2 ™M

Ri] 2023 v vV VX X X 5 201 CRV
Ours / v v Vv VvV V V | 230 M/FPREN

! Ego: Ego-vehicle state; Road: Road Surface; Test: Test Platform; STPS:
surrounding traffic participant states; Met.: metrics; Ref.: total cited refer-
ences; v applicable; X not applicable. In “Future scope”, C: coupling
dynamics; F: fault-tolerant; M: multisensor-based; P: public datasets; R:
robust and real-time; E: effective test platform; V: V2X-based.

2 Cit.: Citation (source: Google Scholar), *Date: 8-Mar-2024

categorized based on the Journal Citation Reports (JCR) cate-
gory of Web of Science. The top THREE categories, in terms
of percentage, are as follows: “ENGINEERING, MECHANI-
CAL” (27.88%), “ENGINEERING, ELECTRICAL & ELEC-
TRONIC” (25.45%), “INSTRUMENTS & INSTRUMENTA-
TION” (14.55%). This paper offers a more comprehensive
summary of recent state estimation techniques for vehicle-
road-pedestrian of ITS, addressing aspects not fully covered
in existing surveys. Details of the specific comparisons are
presented in TABLE II.

Contributions: The overall framework of this survey is

ENGINEERING, CIVIL

0.00% 20.00% 25.00% 30.00%

(b)

5.00% 10.00% 15.00%

Fig. 3. Distribution of the reviewed references. (a) The type of the reviewed references. (b) JCR category of reviewed references.
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shown in Fig. 4. In this study, we offer a general perspective
on ITS and focus on a specific perspective of “vehicle-road-
pedestrian” triad. The contributions of this paper can be
summarized as follows:

1) Recent typical and state-of-the-art dynamic state estima-
tion methods for vehicle-road-pedestrian are thoroughly re-
viewed. The applicability, pros, and cons of various approaches
are analyzed in detail.

2) Unlike the previous surveys [17], [14], [18], [4], [20],
[13], [21], evaluation metrics and experiment platforms for the
typical estimation methods are comprehensively summarized.

3) Existing research gaps and challenges are identified,
including model uncertainty caused by tire wear or highly
dynamic nonlinear conditions, performance degradation due
to signal dropout or cyberattacks, and lack of public datasets
and effective test platforms.

4) Future research directions are also outlined, such as
multi-sensor fusion, fault-tolerance, and effective evaluation.

The paper is organized as follows: Section II introduces
typical vehicle and tire models for state estimation algorithms.
Sections III, IV, and V comprehensively review recent state
estimation methods for vehicle sideslip angle, road surface
states, and motion states of surrounding vehicles and pedestri-
ans, respectively. Section VI summarizes datasets, evaluation
metrics, and experimental platforms related to dynamic state
estimation. Section VII discusses current challenges and future
directions, and Section VIII concludes the key findings.

II. VEHICLE SYSTEM MODELS

The modeling of the vehicle and the tire-road forces is
crucial for developing estimation algorithms that reconstruct
essential information about the ego-vehicle and its interaction
with the roads. The vehicle and tire-road models commonly
used in ITS are summarized in TABLE III and TABLE 1V,
respectively.

A. Vehicle Models

As shown in Fig. 5a, the single-track vehicle model, also
known as the bicycle model, is considered by merging the left
and right wheels into a single wheel. The single-track vehicle

(@ (b)

Schematic diagram of common vehicle models. (a) Single-track
vehicle model. (b) Double-track vehicle model.

Fig. 5.

model can be further classified into kinematic and dynamic
models.

The kinematic single-track model is established on the
assumption of no tire slip angle, and it is only applicable for
low speeds (less than 5 m/s). This model is only valid when
the lateral acceleration can be approximately disregarded. Con-
sequently, the model performance may significantly degrade
during high-speed cornering, and it fails to investigate the load
transfer between wheels due to the lack of consideration for
tire forces.

Due to the tire slip angle that occurs at high vehicle speeds,
the kinematic model becomes inadequate. The dynamic single-
track model takes into account dynamic elements such as mass,
inertia, force, and moment, thereby providing an accurate
depiction of vehicular motion [1]. Depending on whether
the longitudinal degree of freedom (DoF) is considered, the
dynamic single-track model can be further divided into the
2-DoF dynamic model and the 3-DoF dynamic model, both
of which include the lateral and yaw motion of the vehicle.
It is worth noting that the dynamic single-track model can
not only consider the complete planar motion of the rigid
body (longitudinal, lateral, and yaw motion) but also can
incorporate load transfer between the front and rear axles. It
can effectively combine longitudinal dynamics and tire models
in most scenarios. However, it cannot account for the lateral
load transfer during high-speed cornering.

As shown in Fig. 5b, the dynamic double-track model
includes 7 degrees of freedom such as longitudinal motion,
lateral motion, yaw motion of the vehicle on the plane, and the
rotation of the four wheels. Compared to the dynamic single-
track model, the dynamic double-track model provides a more
accurate description of vehicle motion by considering both
longitudinal and lateral load transfer. It also takes into account
the longitudinal tire forces, lateral tire forces, and normal tire
forces of all four wheels simultaneously. However, it requires
higher computational resources.

B. Tire Models

A tire dynamics model is a dynamics model that describes
the steady-state motion of the tire. Currently, the tire steady-
state model can be divided into empirical models, theoreti-
cal models, and semi-empirical models. When designing an
estimation algorithm, it is crucial to select an appropriate
tire model considering the applicable working conditions and
tuning complexity. The illustration of the regions of tire
characteristics is shown in Fig. 6.



TABLE III
SUMMARY OF COMMON VEHICLE MODELS FOR STATE ESTIMATION METHODS OF VEHICLE-ROAD-PEDESTRIAN

Disadvantages

Scenarios

Vehicle models ~ Motion states ~ Advantages

Kinematic (X,Y),¥,v; Low computational burden

single-track

Dynamic Vg, Uy, T 1) Considering the longitudinal,

single-track lateral and yaw motion; 2) Capable
of combining longitudinal dynam-
ics and tire models; 3) Considering
longitudinal load transfer

Dynamic Vg, Vy, T 1) Capable of considering both lon-

double-track gitudinal and lateral load transfer;
2) Capable of describing the vehi-

cle body attitude on uneven roads

1) Not considering the impact
of tire forces on the vehicle
body; 2) Degradation during
high-speed cornering

Not considering changes in tire
normal force due to lateral
load transfer

1) Available in scenarios with low speed
(< 5 m/s) and almost no lateral accelera-
tion; 2) Capable of being used in vehicle
sideslip angle estimation at low speeds and
simplified modeling of surrounding vehicle
motion states

Suitable for estimating vehicle speed,
sideslip angle, tire-road friction, and tire-
road forces based on the dynamics of dif-

High computational burden

ferent axles

Accurately estimate vehicle states by con-
sidering 3-DoF tire forces of each tire, es-
pecially for 4WD/4WS platforms

1 (X,Y) is the coordinates of the vehicle in the ground coordinate system; v, and v, are the longitudinal and lateral velocities, respectively; 1 is the

heading angle; r is the yaw rate.

TABLE IV
SUMMARY OF COMMON TIRE MODELS FOR STATE ESTIMATION METHODS OF VEHICLE-ROAD-PEDESTRIAN

Tire models  Tire dynamics  T.C. M.A. C.S. Scenarios

Linear Py, Fy 1 + X 1) Available in the linear region of tire characteristics; 2) Effectively being used when slip ratio or
tire slip angle is small

Burckhardt Fy, Fy 3 ++ X 1) Available in the linear region and weak nonlinear region of tire characteristics; 2) Model
parameters vary significantly under different road surface conditions

Dugoff Fy, Fy 1 ++ v 1) Available in the linear region and weak nonlinear region of tire characteristics; 2) Not applicable
for describing maximum tire force in the strong nonlinear region of tire characteristics

Brush Fy, Fy, M, 1 +++ v/ Available in most scenarios except the saturated region of tire characteristics

MF Fy, Fy, M, 9 - Applicable for estimation methods that require high model accuracy

I'T.C.: tuning complexity that is denoted by the number of model parameters to be fitted for pure slip (not considering the effect of the vehicle speed
on tire dynamics); M.A.: model accuracy; C.S.: combined slip; F., Fy, M, represent the tire longitudinal force, lateral force, and self-aligning torque,
respectively; “+”: low; “++”: moderate-low; “+++": moderate-high; “++++": high.

The linear tire model is the simplest theoretical tire model.
When the longitudinal slip ratio or tire slip angle is within
a certain small range, it can be assumed that the tire force
has a linear relationship with the tire longitudinal slip ratio
or the tire slip angle. The Burckhardt model, which is an
empirical tire model, can be used to describe both longitudinal
and lateral friction characteristics of tires. However, the model
generalization is poor due to significant changes in model

o
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Fig. 6. Illustration of the regions of tire characteristics. “a, b, ¢ indicate linear
region, nonlinear region, and saturated region, respectively (middle friction).

fitting parameters under different road adhesion conditions.
The Dugoff model has a simple structure and can use a few
parameters to describe the longitudinal slip and lateral slip
characteristics of the tire. In addition, the Bursh tire model
is also theoretical and is mostly used to describe the lateral
friction characteristics of tires [14]. The representative semi-
empirical tire model is the Magic Formula (MF). It fits the
tire experimental data in the form of a trigonometric function.
However, the parameter tuning complexity of the MF tire
model is high.

In vehicle modeling, considering the complexity of the mod-
els, the most commonly used one is the dynamic single-track
model, which satisfies the requirements of most scenarios.
To further improve model accuracy in high-speed cornering,
the dynamic double-track model is more suitable. As for tire
models, the Brush tire model is commonly used for lateral
conditions. Additionally, the MF model is more applicable in
scenarios that require more precise tire forces.

III. EGO-VEHICLE SIDESLIP ANGLE ESTIMATION

As an indicator for evaluating vehicle stability, the vehicle
sideslip angle, which is defined as the angle between the ve-
locity vector and the longitudinal axis of the vehicle coordinate
system, cannot be directly acquired by in-vehicle sensors of



mass-produced vehicles. The vehicle sideslip angle can only be
measured directly by expensive equipments, such as Kistler S-
Motion based on the optical flow over ground or high-precision
dual-antenna global navigation satellite system (GNSS). Fur-
thermore, compared with the in-vehicle sensors, the measuring
rate of the GNSS measurement is lower, and it cannot meet
the needs of vehicle motion control under extreme driving
conditions. Therefore, real-time and accurate estimation of the
vehicle sideslip angle is still a hot research topic [13]. Based
on the definition, the vehicle sideslip angle can be obtained
by calculating the arctan of the lateral velocity divided by
the longitudinal velocity. Generally, the longitudinal velocity
of the vehicle can be calculated from the wheel speed of the
non-driving wheel. The lateral velocity of the vehicle can be
derived by integrating the lateral acceleration output by the
IMU. However, the drift and fixed bias error of the gyroscope
in the IMU can lead to serious integration errors. In light of
this, we mainly focus on the state estimation related to the
vehicle sideslip angle and vehicle lateral velocity. Recently,
the mainstream methods for the estimation of vehicle sideslip
angle can be divided into model-based methods and data-
driven methods. The detailed classification of the ego-vehicle
sideslip angle estimation methods is presented in Fig. 7.

Ego-vehicle Sideslip
Angle Estimation

|
In-vehicle sensors- GNSS-enhanced Pure data-driven Hybrid data-driven
only Approach Approach Approach Approach

Kalman filter-based Kalman filter-based ANN-based ANN+UKF
Observer-based Observer-based Classifier-based LSTM+EKF/UKF
Other filter-based Other filter-based Deep NN-based

Fuzzy observer+ANN

Fig. 7. Classification of ego-vehicle sideslip angle estimation methods. In-
vehicle sensors: steering wheel angle sensor, wheel speed sensor, inertial
measurement unit, etc. GNSS: global navigation satellite system.

A. Model-based Methods for Sideslip Angle Estimation

Generally, low-cost in-vehicle sensors related to vehicle
active safety systems mainly include the steering wheel angle
sensor, wheel speed sensor, and IMU. Based on the sen-
sor configuration of the existing methods, the model-based
methods can be further classified into in-vehicle sensors-only
approaches and GNSS-enhanced approaches.

1) In-vehicle Sensors-only Approach: Since in-vehicle
sensors-only methods have the advantages of low cost, simple
deployment, and strong interpretability, in-vehicle sensors-
only methods occupy a dominant position in existing vehicle
sideslip angle estimation methods, especially the Kalman
filter-based methods. The summary of the in-vehicle sensors-
only methods is shown in TABLE V. The illustration of
Kalman filter (KF)-based methods is shown in Fig. 8.

The KF is a recursive state estimation method that can up-
date the optimal state estimation through the system model and
the measured value in a noisy environment. However, in highly
dynamic and nonlinear operating conditions, the performance
of the methods based on standard KF may degrade. Therefore,
many researchers proposed several variations of KF to improve

EKF UKF CKF
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Fig. 8. Illustration of EKF, UKF, and CKF.

its applicability in nonlinear operating conditions. Considering
that the measurement noise is time-varying, the adaptive KF
was proposed by online updating the noise covariance [22],
[23].

In order to further address the limitations of the traditional
KF-based methods, the Extended Kalman Filter (EKF) at-
tracted wide attention. The EKF is an extension of the KF that
linearizes nonlinear functions by approximating them using
the Taylor series expansion. This enables the computation of
the state estimation and variance of the system through the
inclusion of first-order terms. Based on the assumption of
small tire slip angle under small lateral tire force excitation,
some scholars adopted the EKF based on the single-track
vehicle model and linear tire model to estimate the sideslip
angle [24], [25]. In order to further improve the performance of
the standard EKF, complex nonlinear tire models and vehicle
models were employed to design EKF-based vehicle sideslip
angle estimators, such as the Magic Formula, the dynamic
double-track model [26], and multibody vehicle dynamics
model [28]. Considering the sensor data loss, Wang et al. [26]
proposed a fault-tolerant EKF based on the statistical charac-
teristics of the packet loss. A similar study was also reported in
[27], [29]. Since standard EKF and KF similarly assume that
the noise satisfies the Gaussian assumption, traditional EKF
performs poorly in time-varying noise environments. In [30],
the maximum correntropy criterion was introduced into EKF
to improve the estimator performance in non-Gaussian noise
situations.

When the tire forces are in the nonlinear region under cer-
tain extreme driving conditions, using a first-order linearized
EKF may lead to some issues, such as the possibility of
estimation divergence when faced with large initial errors and
the susceptibility to significant errors caused by linearization.
Compared to EKF, the unscented Kalman filter (UKF) utilizes
unscented transformations to directly perform nonlinear filter-
ing, thus avoiding local linearization and improving the esti-
mation accuracy of the vehicle sideslip angle under nonlinear
conditions. To enhance the performance of the estimators in a
time-varying system structure, the strong tracking theory was
introduced into the UKF [31]. Other adaptive UKF methods



were also intensively reported in recent years [32], [33].

The cubature Kalman filter (CKF) is founded on the third-
order spherical-radial volume criterion, whereas the UKF algo-
rithm is not. It utilizes a set of volume points to approximate
the state mean and covariance of the nonlinear system with
additive Gaussian white noise. CKF reduces the computational
burden and ensures the positive definiteness of the prediction
matrix. In [34], [36], [35], the adaptive CKF estimator was
proposed to dynamically update the process noise parameters.
Considering the influence of road inclinations, Liu et al. [37]
introduced a strong tracking theory into the CKF. It is worth
noting that the tuning complexity of CKF-based methods is
smaller than that of UKF-based methods [45]. In addition
to the nonlinear KF-based methods, observer-based methods
were also adopted in the estimation of vehicle sideslip angle
[38], [39], [40], [41], [42], [43], [44].

2) GNSS-enhanced Approach: With the continuous devel-
opment of intelligent transportation systems, the application
of more sensors has provided new opportunities for research
in vehicle state estimation, such as cameras, LiDAR, and
GNSS [58]. The measurements from GNSS are robust to the
high dynamic changes of the tire-road and vehicle dynamics
models. It is worth discussing recent estimation methods based
on the fusion of GNSS and other onboard sensors. Generally,
GNSS can directly provide accurate vehicle position and speed
information when GNSS signals are available. However, the
update frequency of GNSS is relatively low, and its signals

are easily obstructed by buildings. To compensate for this
deficiency, GNSS signals are introduced into kinematics-based
estimation algorithms. Typically, the drift and stochastic errors
of the IMU are modeled in the estimation algorithm based
on the fusion of GNSS and IMU signals. Since the value of
the heading angle error is comparable to the vehicle sideslip
estimation error, Xia et al. [48] established the observability
index for the estimator and designed a hybrid feedback strategy
to correct the heading angle error of the inertial navigation
system. A simplified vehicle roll model was constructed to
alleviate the impact of vehicle roll motion on the lateral
acceleration measured by the IMU. Then an event-triggered
KF was designed to eliminate cumulative errors in vehicle
sideslip angle estimation [50]. Other similar kinematics-based
studies with the fusion of GNSS and IMU information in
recent years can also be found in [46], [47], [49], [51].

The knowledge of the tire-road dynamics is not required in
kinematics-based estimation methods. However, the integra-
tion errors caused by biases and misalignment in the measure-
ments of IMU can have a negative impact on kinematics-based
estimation methods. Therefore, integrating vehicle kinematics
and dynamics models to estimate the vehicle sideslip angle
with the assistance of GNSS is currently one of the research
hotspots. Considering the model uncertainty under nonlinear
conditions, a longitudinal velocity error compensation model
was established based on a low-cost GNSS. Then a robust slid-
ing mode observer was designed to estimate the lateral velocity

TABLE V
SUMMARY OF MODEL-BASED EGO-VEHICLE SIDESLIP ANGLE ESTIMATION METHODS USING LOW-COST IN-VEHICLE SENSORS ONLY

Type Vehicle system model Methodology T.C. O.A. S.A. Experiments Metrics Year  Ref.
KF-based 2-DoF single-track+Linear Adaptive KF + X X SIM/ONR AE/RMSE/CVT 2019 [22]
7-DoF double-track+MF Dual difference KF + v X SIM AE 2023 [23]
EKF-based 2-DoF single-track+Linear Adaptive EKF + X v/ SIM/ONR RMSE 2019 [24]
3-DoF single-track+Linear Fusion-based EKF + X X SIM/ONR RMSE 2020 [25]
7-DoF double-track+MF Fault-tolerant EKF + X X SIM/ONR RMSE 2021  [26]
7-DoF double-track+MF Fault-tolerant EKF TS X v SIM RMSE 2022 [27]
Multibody model+MF Adaptive EKF + X X SIM/ONR AE 2023 [28]
3-DoF single-track+Linear Fault-tolerant EKF + X X SIM/ONR RMSE 2023 [29]
3-DoF single-track+Linear MCC-based EKF s X X SIM RMSE 2023 [30]
UKF-based 7-DoF double-track+MF IMM-based STUKF +++ X X SIM/ONR MAE/CVT 2020 [31]
7-DoF double-track+MF Adaptive UKF +++ X X SIM/ONR RMSE 2022 [32]
7-DoF double-track+HRSI Adaptive UKF +++ X X SIM RMSE/CPT 2022 [33]
CKF-based 2-DoF single-track+Linear Adaptive CKF ++ X X SIM/ONR RMSE/MAE 2022 [34]
7-DoF double-track+MF Adaptive SRCKF + X X SIM/ONR RMSE/MAE 2022 [35]
3-axle single-track+Linear/MF  Adaptive CKF =+ X X SIMHIL RMSE 2023 [36]
7-DoF double-track+MF ST-SRCKF =+ X SIM/HIL MAE/RMSE 2023 [37]
Observer-based  7-DoF double-track+MF MHE +++ v X SIM AE/RMSE/CVT 2019  [38]
3-DoF single-track+Linear LPV UI observer +++ X v HIL MAE/RMSE 2019 [39]
2-DoF single-track+Linear Interconnect observers  +++ X v HIL AE 2021 [40]
2-DoF single-track+MF Fuzzy UI observer +++ X v HIL MAE/RMSE 2021 [41]
2-DoF single-track+Linear ET T-S observer ++ X v SIM AE 2022 [42]
2-DoF single-track+Dugoff Switch T-S observer +++ X v ONR ME/RMSE 2022 [43]
2-DoF single-track+Linear ET Hoo observer X v SIM/ONR RMSE 2023  [44]

I Common low-cost in-vehicle sensors: steering wheel angle sensor, wheel speed sensor, and IMU, etc.

2 T.C.: tuning complexity; O.A.: observability analysis; S.A.: stability analysis; MCC: maximum correntropy criterion; ST: strong tracking; ET: event-
triggered; MHE: moving horizon estimator; LPV: linear parameter-varying; UIl: unknown input; SIM: simulation; HIL: hardware-in-loop; ONR: on-road
test; RMSE: root mean squared error; AE: absolute error; CPT: computation time; CVT: convergence time; MAE: mean absolute error; “+7: low; “++7:

moderate; “+++": high.



TABLE VI
SUMMARY OF MODEL-BASED EGO-VEHICLE SIDESLIP ANGLE
ESTIMATION METHODS WITH GNSS AUGMENTATION

Methodology VD. O.A. S.A. Metrics Year Ref.
Adaptive KF X X X MAE/RMSE 2020 [46]
SRCKF X X X  AE 2021 [47]
Adaptive KF X Vv X MAE/RMSE 2021 [48],

2021 [49]
ET-KF X X v/ MAE/RMSE 2022 [50]
Invariant EKF X X X  MAE 2023 [51]
Augmented KF vV X MAERMSE 2021 [52]
Sliding observer v/ X v RMSE 2021 [53]
IMM-EKF v v X MAERMSE 2022 [54]
MHE v X X AE 2022 [55]
Adaptive KF v X X MAERMSE 2022 [56]
Consensus KF v/ v v/ MAERMSE 2023 [57]

1'V.D.: considering vehicle dynamics; S.A.: stability analysis; O.A.:
observability analysis; Ref.: references

2 ET: event-triggered; MHE: moving horizon estimator; RMSE: root
mean squared error; AE: absolute error; MAE: mean absolute error.

of the vehicle [53]. Similar studies that benefit from the low-
cost GNSS can also be found in [54], [55]. Considering the
low estimation accuracy of kinematics-based methods with the
small lateral excitation, the heading angle error was introduced
into the vehicle velocity estimation to enhance its observability
[52], [56], [57]. The summary of GNSS-enhanced methods is
presented in TABLE VL

B. Data-driven Methods for Sideslip Angle Estimation

In recent years, neural network-based artificial intelligence
technologies have developed rapidly. Inspired by this, the data-
driven multi-source sensor method is used to estimate the ego-
vehicle sideslip angle. Data-driven methods can be pure or
hybrid, depending on whether model-based and data-driven
methods are combined.

1) Pure Data-driven Approach: As shown in Fig. 9, the
pure data-driven approach primarily employs an end-to-end
data fitting process to learn the nonlinear mapping rela-
tionship between input and output. Most methods rely on
vehicle dynamic information collected by in-vehicle sensors
to train artificial neural network (ANN)-based methods [59],
[60], time-delay neural network (TDNN)-based methods [61],
RNN-based methods [62].

ANN

Raw Data

Input Output

Fig. 9. Illustration of ANN-based approach for vehicle sideslip angle estima-
tion [59]. a; and a, are longitudinal and lateral acceleration, respectively;
d¢ is front wheel steering angle; \;; denotes the slip ratio of each wheel; 3
indicates vehicle sideslip angle.

2) Hybrid Data-driven Approach: Since pure data-driven
methods rely more on high-quality training data, model-based
methods are not affected by differences in individual vehicle
dynamic characteristics. However, under extreme driving con-
ditions with strong time-varying nonlinearity, the estimation
performance of model-based methods may decrease due to
the difficulty in establishing accurate physics models. Consid-
ering the powerful nonlinear fitting advantages of data-driven
methods, the combination of data-driven methods and model-
based methods received more and more attention. Based on the
vehicle kinematics model, some researchers combined ANN
and KF-based methods to estimate vehicle sideslip angle [63],
[64]. Similar studies combining observer-based methods with
ANNs were also conducted in [65], [66]. Moreover, a fusion
method based on long short-term memory neural network
(LSTM) and KF-based methods was proposed for vehicle
sideslip angle estimation [67], [68]. For vehicle lateral velocity
estimation, similar studies were also reported in [69], [70],
[71]. In addition, the estimation methods that embed physical
information into neural networks were also proposed to en-
hance interpretability and generalization capabilities [72], [73].
Considering that accurate vehicle modeling is time-consuming,
a KF-based method based on a digital twin vehicle model was
proposed and the Bayesian optimization was utilized to tune
the parameters of the estimator [74].

C. Recent Trends of Sideslip Angle Estimation in 4WD/4WS

With the advancement of electric vehicle technology, the
layout of four-wheel drive (4WD) electric vehicles equipped
with in-wheel motors has emerged as the new paradigm
in modern electric vehicle development. The wheel torque
of 4WD electric vehicles equipped with in-wheel motors is
measurable. It can be precisely controlled, thereby achieving
superior chassis control performance compared to traditional
front-wheel drive electric vehicles. However, since each wheel
can serve as a driving wheel, it is challenging to estimate
the longitudinal vehicle speed using the wheel speed of non-
driven wheels, as is done in conventional vehicles, particularly
when the slip ratio of the driven wheels is high. Therefore,
the above characteristics also bring new opportunities and
challenges to vehicle state estimation based on 4WD electric
vehicle platforms. In recent years, the following estimation
techniques of vehicle sideslip angle have been widely studied
on 4WD electric vehicle platforms, such as adaptive KF [23],
UKF [75], [76], CKF [35], particle filter [77], unknown input
observer [78], and TDNN [61]. In addition, for the four-wheel
steering (4WS) platform, unlike common vehicles with only
front-wheel steering, it is necessary to consider rear-wheel
steering in vehicle modeling. The following methods were
proposed for vehicle sideslip angle estimation of this platform,
such as UKF [79] and particle filter [80].

Given the diverse benefits of vehicle kinematics and dynam-
ics models in various scenarios, achieving accurate estimation
through model-based methods usually needs precise modeling.
Compared with model-based methods, data-driven methods,
which do not rely on precise physical models, are sensitive to
data quality and may lack generalization capabilities across



different mass-produced vehicles. Thus, the integration of
vehicle kinematics and dynamics with multisensor information
emerges as a promising direction for future research.

IV. ROAD SURFACE STATE ESTIMATION

Since the driving performance of the vehicle ultimately
depends on the interaction between the tire and the road sur-
face, the change in road surface states caused by weather and
other factors can directly affect the vehicle’s stability. Among
road surface states, the TRFC and road unevenness have
a significant impact on vehicle driving safety and occupant
comfort. Accurate pre-identification and timely acquisition of
these road surface states are crucial for both AVs and CAVs.

A. Tire-Road Friction Coefficient Estimation

The performance of vehicle active safety systems, which
aim to stabilize the vehicle through tire force control, heavily
relies on ensuring that the computed tire force command
remains within the friction limit. Thus, the knowledge of
TRFC is crucial to achieve accurate vehicle motion control.
Moreover, TRFC is also an important input for intelligent
vehicle decision-making and planning layers [81]. However,
in-vehicle sensors in mass-produced vehicles cannot directly
measure TRFC, and even advanced perception sensors (i.e.,
camera, radar, and LiDAR) of ITS still do not support direct
acquisition of TRFC. Therefore, TRFC estimation has been
extensively studied in recent years. As shown in Fig. 10, the
recent existing estimation methods can be roughly divided
into dynamics-based methods, learning-based methods, fusion-
based methods, and V2X-based methods.

Tire-Road Friction Coefficient Estimation
|

Roadside unit
-based

Cloud platform
-based

Classic ML-based Decision-level

fusion-based
Multi-level
fusion-based

Kalman filter-based

Observer-based

Otbher filter-based

RNN-based
CNN-based

Fig. 10. Classification of TRFC estimation methods. ML: machine learning;
RNN: recurrent neural network; CNN: convolutional neural network.

1) Dynamics Model-based Methods for TRFC Estimation:
The dynamics model-based methods mainly use the vehicle
dynamic response measured by in-vehicle sensors to estimate
TRFC. These methods are mainly designed based on the
principle that the slope of the tire force characteristic curve is
different under various TRFCs in the same slip ratio or tire slip
angle. Generally, the methods based on vehicle longitudinal
dynamics often require a vehicle to perform large acceleration
and deceleration operations to obtain sufficient longitudinal
tire force excitation [97]. On the other hand, the estimation
methods based on lateral dynamics require a relatively small
amount of lateral tire force excitation generated by the self-
aligning torque. In addition, lateral stability control is more
important than longitudinal stability control to prevent dan-
gerous conditions such as tail-throwing. For this reason, many
scholars designed nonlinear observers to estimate TRFC under

vehicle steering maneuvers by utilizing Brush tire model [82],
TMSimple tire model [83], HSRI tire model [84]. A similar
study for lateral excitation was also reported in [85].

In real driving conditions, it is common to perform accel-
eration and steering maneuvers simultaneously, which results
in tire-road dynamics often being involved in dynamic cou-
pling. The methods based on the pure lateral tire dynamics
may lead to unreasonable estimation results. Therefore, some
scholars proposed estimation methods for coupling excitation.
To overcome the potential drawbacks of the EKF, an adaptive
UKF algorithm for TRFC estimation received widespread
attention, such as in [86], [87], [88]. Considering the situation
of sensor signal loss, a fault-tolerant UKF was designed in
[89]. Recently, the more advanced CKF was adopted by
researchers for TRFC estimation. An adaptive square root CKF
was proposed for TRFC estimation, where the process noise
can be dynamically updated based on the lateral acceleration
[90]. Similar studies were also conducted in [91], [92], [93].
The particle filter (PF)-based methods, which utilized Monte
Carlo techniques to approximate the posterior distribution of
the state, were also employed for TRFC estimation [94],
[95]. Considering that the convergence speed of filter-based
estimation methods is limited by specific excitations, the
TRFC can be rapidly estimated by numerically inverting the
tire model that describes the relationship between tire forces
and grip margin [98], [99]. For instance, the model inversion-
based methods using the Brush tire model have been further
studied over the past few years [96], [100], [101]. Algebraic
computation is used to avoid the convergence requirements
of filter-based estimators and the excitation level requirements
of tire-road excitations. It is worth noting that this method
can only be used with simple tire models, such as the Brush
tire model, and the estimation accuracy is susceptible to tire
modeling accuracy. In order to facilitate the comparison of
various methods, the recent common estimation methods based
on vehicle dynamics are shown in TABLE VII.

2) Learning-based Methods for TRFC Estimation: With
the development of artificial intelligence techniques, learning-
based methods, represented by neural networks, were applied
to TRFC estimation. Similar to the pure data-driven approach
discussed in Section III, some researchers also explored the use
of vehicle dynamic information collected through in-vehicle
sensors to train neural networks for establishing nonlinear
mapping estimations of TRFC, such as TDNN [102], gated
recurrent units (GRU) [103], LSTM [104], ANN [108], and
fuzzy neural networks [109]. In addition, other classic machine
learning-based methods using in-vehicle sensors were also
reported, including online Bayesian inference [105], adaptive
Monte-Carlo Markov chain (MCMC) [106], and random forest
learning [107]. However, the performance of the above meth-
ods could be influenced by the accuracy of measured TRFC
in the training data.

With the development of vehicle intelligence, an increasing
number of intelligent vehicles are equipped with environ-
mental perception sensors such as cameras and LiDAR. In
recent years, there has been a significant improvement in the
multisensor information processing capabilities of intelligent
vehicles due to the enhanced computational power of on-



TABLE VII
SUMMARY OF DYNAMICS MODEL-BASED TRFC ESTIMATION METHODS

Type Vehicle system model Methodology T.C. S.A. M.E. Experiments Metrics Year  Ref.
Observer-based  2-DoF single-track+Brush Nonlinear observer i+ V X ONR AE/CVT 2019  [82]
2-DoF single-track+TMSimple Nonlinear observer v X SIM/ONR AE 2019 [83]

3-DoF single-track+HSRI MHE ++ X X SIM AE 2020 [84]

UKF-based 2-DoF single-track+Brush Cascade UKF +++ X X SIM AE/CVT 2020  [85]
7-DoF double-track+MF IMM-based STUKF  +++ X X SIM/ONR MAE/CVT 2020 [31]

Multibody model+TMeasy Adaptive UKF ++ X X SIM RMSE/CVT 2021  [86]

3-DoF single-track+Brush Adaptive UKF +++ X v SIM/ONR ME/CVT 2022 [87]

3-DoF single-track+Brush IMM-based STUKF  +++ X v/ ONR RMSE 2022 [88]

7-DoF double-track+Brush ET-FTUKF +++ X v SIM/HIL RMSE 2023 [89]

CKF-based 7-DoF double-track+MF Adaptive SRCKF + X X SIM/ONR AE 2022 [90]
7-DoF double-track+Dugoff STCKF —+ X v SIM/ONR RMSE 2023 [91]

7-DoF double-track+Dugoff ST-SRCKF + X v SIM/ONR RMSE/CVT 2023  [92]

7-DoF double-track+Dugoff SRCKF + X X SIM/ONR AE/CVT 2023 [93]

PF-based 7-DoF double-track+MF Particle filter +++ X X HIL RMSE/CVT 2022  [94]
7-DoF double-track+Burckhardt  Particle filter ++ X X SIM MAE/RMSE 2022  [95]

Inversion-based =~ Modified Brush Model inversion ++ X v ONR AE/CVT 2020  [96]

I T.C.: tuning complexity; S.A.: stability analysis; M.E.: considering modeling errors.
2 ET: event-triggered; MHE: moving horizon estimator; SIM: simulation; HIL: hardware-in-loop; ONR: on-road test; RMSE: root mean squared error;
AE: absolute error; MAE: mean absolute error; CPT: computation time; CVT: convergence time; “++”: moderate; “+++": high.

board controllers. Cameras are widely used perception sensors
in intelligent vehicles. For this reason, many researchers
conducted studies on TRFC estimation using cameras, such
as prior knowledge-based VGGNet [110], modified ResNet
[111], ShuffleNet based on improved Dempster-Shafer evi-
dence theory [112], [113], [114], multi-task distillation at-
tention network [115], and MobileNet-v2 [116]. Due to the
inability of camera-based methods to operate in nighttime
environments, some researchers applied support vector ma-
chine (SVM) and CNN models based on the principle that the

TABLE VIII
SUMMARY OF LEARNING-BASED TRFC ESTIMATION METHODS

Type Methodology G.C. Night C.B. Year Ref.
IVS-based TDNN + v 4+ 2019 [102]
GRU + vV ++ 2020 [103]
LSTM + vV 4+ 2021 [104]
Bayesian inference  + v ++ 2021 [105]
Adaptive MCMC ~ + v o4+ 2022 [106]
Random forest + v + 2022  [107]
ANN + v ++ 2023 [108],
2023 [109]
Camera-based  KE-VGGNet oy X +++ 2020 [110]
ResNet + X 4+ 2020 [111]
DS-ShuffleNet +++ X ++ 2021 [112],
2022 [113],
2023 [114]
MDAN ++ X 4+ 2022 [115]
MobileNet-v2 + X 4+ 2022 [l16]
LiDAR-based  VGGNet +++ Ve 2022 [117]
SVM +++ v 44+ 2023 [118]

1 G.C.: generalization capability; C.B.: computational burden; IVS: in-
vehicle sensors; KE: knowledge-embedded; AFNN: asymmetric fuzzy
neural network; DS: Dempster-Shafer evidence theory; MDAN: multi-
task distillation attention network; “+”: low;“++: moderate; “+++": high.

laser reflection intensity varies with different road textures to
establish a mapping relationship between reflection intensity
and TRFC, thereby achieving TRFC estimation [117], [118].
In order to facilitate the comparison of various methods,
the summary of the above recent learning-based estimation
methods is shown in TABLE VIII.

3) Fusion Algorithm-based Methods for TRFC Estimation:
Dynamics model-based methods and learning-based methods
have their advantages in different working conditions. Data
acquired by traditional in-vehicle sensors is often accompa-
nied by signal noise and external disturbances, and visual
perception sensor data is susceptible to interference from
the external environment. Therefore, the TRFC estimation
methods based on a single information source have certain
limitations. Based on the multi-source information fusion
theory [81], some scholars combined the strengths of these
two approaches to designing TRFC estimation methods based
on the fusion of vehicle dynamics and machine vision. Multi-
source information fusion can generally be divided into three
levels of fusion: data-level fusion, feature-level fusion, and
decision-level fusion. For the decision-level fusion, Leng et
al. [119] first proposed a dynamic and visual fusion estimator.
Building upon this, Tian et al. [120] further considered model
uncertainty and introduced the improved Dempster-Shafer
evidence theory to enhance estimation accuracy.

Since the multi-level fusion method has better estimation
accuracy and robustness, multi-level fusion estimation meth-
ods were initially explored in recent years [121], [122], [123].
In order to avoid unreasonable fusion estimation results, a fu-
sion estimation framework based on multi-source information
assessment was proposed in [81].

4) V2X-based Methods for TRFC Estimation: In recent
years, the development of V2X technology enabled the sharing
of TRFC estimation results in the time and spatial dimen-
sions of intelligent transportation systems. This allows for



the advance sharing of predicted TRFC with the moving
vehicles and timely notification to traffic management author-
ities to restrict traffic flow density on corresponding slippery
road sections, thereby further enhancing road traffic safety
[126]. Based on the roadside unit, a machine learning-based
regression classifier was proposed in [125] to estimate the
current TRFC range of the road and send recommended speed
limits to the connected vehicles. Based on a vehicle-road
network cloud system, Li et al. [127] proposed a deep learning
model combining CNN and LSTM for TRFC estimation. A
similar study was also reported in [128]. Considering that V2X
technology enables long-range perception, the road friction
map based on intelligent transportation systems received more
and more attention from researchers [129], [130], [124]. The
road friction map at intersections can issue warnings about
slippery road conditions to other connected vehicles, which
can better ensure the operational efficiency and safety of ITS.
The illustration of V2X-based TRFC estimation methods is
presented in Fig. 11.

5) Tire Normal Force Estimation: The variation in tire
normal force directly impacts tire dynamics and consequently
affects the peak tire friction force. According to the definition
of TRFC, tire normal force also plays a significant role in the
estimation of TRFC. Typically, considering the load transfer
effect during vehicle operation, the tire vertical load on the left
front wheel on a horizontal road can be expressed as follows:

mgl, 7 magh - mayl-h

F.p =
D 2 byl

(D

where m denotes the vehicle mass, [ is the wheelbase, [, is
the distance between the rear axle and the vehicle center of
gravity, by denotes the track width of the front wheels, and h
represents the vehicle center of gravity height.

Although the tire normal force estimation can be performed
using (1), the TRFC estimation can benefit from a more
accurate estimation of tire normal forces. In real driving
conditions, the vehicle mass and the vehicle center of gravity
height may deviate from their nominal values, leading to
errors in the estimation of tire normal force. Generally, the
vehicle mass can be estimated based on longitudinal dynamics
using the recursive least squares algorithm, and various other
estimation methods have been extensively studied in recent
years [131]. Therefore, in what follows, we focus on the
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Fig. 11. Illustration V2X-based TRFC estimation methods [124], [125], where
az and ay are longitudinal and lateral acceleration of the vehicle body,
respectively; 7 denotes the yaw rate of the vehicle body; é; denotes front
wheel steering angle.

estimation of the vehicle center of gravity height and the online
estimation of tire normal force.

Based on dynamic models, some researchers have exten-
sively studied the estimation of the vehicle center of gravity
height, employing methods such as observer-based approaches
[132] and KF-based methods [87], [133]. These dynamics-
based methods typically require specific excitations to satisfy
the conditions of system observability. However, this can
negatively impact passenger comfort and vehicle stability.
Therefore, Xu et al. [134] proposed a method that does not
require dynamic excitation. This approach utilizes roadside
sensors to capture images of the vehicle, the vehicle’s basic di-
mensional parameters, and vehicle mass. An improved YOLO
algorithm is then used to identify the vehicle type, followed
by a regressor to predict the vehicle center of gravity height.

Moreover, some scholars considered the suspension dynam-
ics to improve the estimation accuracy of the tire normal force.
Based on the vertical acceleration signal of the IMU, the effect
of vehicle roll dynamics was integrated into the basic load
transfer model to obtain more accurate estimation results [71].
Similar studies were also proposed based on the more complex
suspension model [135], [136]. In addition, considering the
influence of road inclinations, the tire normal fore estimation
was further explored [37], [137]

6) Recent Trends of TRFC Estimation in 4WD/4WS: Since
the accurate wheel torque information and wheel speed of
4WD electric vehicles are known, tire forces and TRFC can be
estimated based on the single-wheel dynamics and tire models.
Therefore, in recent years, similar to ego-vehicle sideslip angle
estimation, the TRFC and tire-road force estimation research
has also benefited from this feature of 4WD electric vehicles,
including dynamics model-based methods [76], [80], [84],
[90], [91], [92], [93], [94], [136], NN-based methods [109],
and fusion-based methods [81], [119], [120], [121].

B. Road Unevenness Pre-identification

As one of the key road surface states, uneven roads will
significantly affect vehicle vertical motion states and occupant
comfort. Road unevenness can be categorized into different
levels based on the profile power spectral density. Among
them, some responses with short wavelengths caused by short
road cracks can be filtered by tires. However, serious road
defects (e.g., road bumps, potholes, obstacles, etc.) can tran-
siently impact vehicles and easily affect vehicle driving safety.
Road unevenness estimation methods can be mainly divided
into dynamic response-based and preview-based methods. The
performance of dynamic response-based methods is limited
by the excitation from the road surface. As a result, it cannot
preview the unevenness of the road ahead [138]. Therefore,
this subsection will briefly review the recent preview-based
road unevenness estimation methods for vehicle safety control.

Since model-based preview estimation algorithms [139],
[140] may lack robustness to unconsidered road roughness
conditions, data-driven algorithms have recently received more
attention. Existing data-driven preview-based estimation meth-
ods for intelligent vehicles can be mainly divided into image-
based methods and point cloud-based methods [141]. Image-
based preview estimation methods have been extensively



studied in recent years, including object detection-based ap-
proaches [142], [143], [144] and semantic segmentation-based
approaches [145], [146].

However, the performance of onboard cameras is susceptible
to lighting conditions, and the captured images can suffer
from motion blur due to high vehicle speed. Consequently,
point cloud-based data-driven unevenness estimation methods
can emerge as promising solutions. Compared to image-
based methods, they can better distinguish between road
potholes and cracks. For instance, Zhao et al. [147] proposed
a hierarchical road surface unevenness perception framework
based on PointNet++. This framework segments the point
clouds corresponding to irregular road areas and outputs the
geometric dimensions of road bumps or potholes from the
segmented point clouds, allowing the vehicle control system
to make appropriate adjustments.

Compared to the demands of road maintenance, road un-
evenness estimation for the safety and comfort control of au-
tonomous vehicles focuses on severe road defects and requires
higher real-time performance and accuracy. Additionally, al-
gorithms based on multi-frame fused point cloud data impose
higher demands on the real-time processing capabilities of
the system. There remains considerable potential for the de-
velopment of methods that fuse visual and point cloud data.
Details on other road defect detection methods aimed at road
maintenance can be found in [141].

C. Recent Industrial Solutions for Tire-Road State Estimation

Since most of the methods reviewed above rely on various
sensors installed on the vehicle, they are more or less limited
by the accuracy of the sensor measurements. Therefore, the
industry has also been committed to developing products
that directly measure tire states in recent years. The current
industrial products developed for the market can be mainly
divided into smart tires and load sensing bearings [18].

Smart tires are typically embedded with various sensors that
monitor the internal and external states of the tire. The tire
manufacturer Pirelli Tyre S.p.A. developed a smart tire system
called Cyber™ Tire, which can measure the normal force and
longitudinal force of the tire, as well as detect hydroplaning.
Currently, the McLaren Artura hybrid supercar is equipped
with Pirelli’s Cyber™ tire technology [148]. In addition,
another leading company in the tire industry, the Goodyear
Tire and Rubber Company, has collaborated with the Dutch
research institute TNO to apply its SightLine™ intelligent
tire technologies in ABS [149]. Furthermore, other renowned
automotive manufacturers and component suppliers are also
actively developing intelligent tires, such as Continental AG,
Hyundai Motor, etc [150].

Another notable example is the load sensing bearings
introduced by the Swedish bearing manufacturer SKF. In
addition to the original function of the bearing, the sensing
bearings can also measure tire forces through the strain on
the bearing. Unlike smart tires, which are prone to tire wear,
bearings have a longer service life. Moreover, the load sensing
bearings benefit from their installation position, which allows
for more accurate measurements. This sensing bearing was

further applied in the estimation of TRFC and vehicle sideslip
angle [151], [152]. However, due to cost factors and additional
measurement noises, the potential for widespread application
of smart tires and load sensing bearings deserves further
exploration.

Similar to the characteristics of model-based ego-vehicle
sideslip angle estimation methods, dynamics model-based
methods are influenced by the accuracy of physical model
modeling. Moreover, the performance of the vehicle dy-
namic model exhibits strong time-varying characteristics under
highly nonlinear conditions. Inaccurate modeling can result
from factors such as tire wear and actuator wear, and the
estimation accuracy is also susceptible to longitudinal and lat-
eral dynamic excitations of the vehicle. Additionally, learning-
based methods based on perception sensors are susceptible to
environmental factors, such as poor lighting conditions, heavy
snow, and thick fog, which can impair the normal functioning
of the perception sensors. However, learning-based methods
based on perception sensors can achieve estimation without
the need for dynamic excitations. On the other hand, V2X-
based and fusion-based methods are still in their early stages.
Therefore, fusion methods that incorporate V2X technology
and other multi-sensor information should receive more at-
tention in the future, and the distribution map of TRFC will
become important state information for ITS.

V. SURROUNDING VEHICLE AND PEDESTRIAN STATE
ESTIMATION

The mixed traffic mode of traditional human-driven vehi-
cles, connected vehicles, and vulnerable participants is con-
sidered to be the most promising mode of future intelligent
transportation systems [3]. Thus, accurate information on the
motion states of other traffic participants is as important as
ego-vehicle system states and road surface states. Since the
multi-object tracking provides the current and previous motion
state estimates of surrounding traffic participants, it can serve
as an important input for the subsequent trajectory prediction
module. Therefore, it is a key component of the autonomous
driving technology. Multi-object tracking is a hot research
topic in the field of computer vision. It involves detecting
targets in individual frames and identifying the same object in
subsequent frames. Multi-object tracking algorithms typically
include object localization, feature extraction, data association,
and tracking management [15].

Surrounding Vehicle and Pedestrian State Estimation
|

Motion model-based
Interaction model-based
Other filter-based

Traditional NN-
based

Transformer-based

Kalman filter-based
Other filter-based

Fig. 12. Classification of surrounding vehicle and pedestrian state estimation
methods.

According to the defined scope in Section I, this section
highlights object localization module research. In particular,
object localization involves tracking an object’s location and



potential direction or speed over time. Fig. 12 summarizes the
motion state estimation methods for surrounding vehicles and
pedestrians.

A. Surrounding Vehicle State Estimation

For the surrounding vehicles, the motion states mainly
include vehicle position, longitudinal speed, lateral speed,
and yaw rate. In summary, the multi-object tracking task
can be decoupled into object detection and data association.
Since the detection-free tracking paradigm cannot handle new
tracking targets, most existing research adopts the detection-
based tracking paradigm [19].

1) Physics model-based Methods for Surrounding Vehicle
State Estimation: Based on whether the interaction between
traffic participants is considered, the physics model-based
methods can be further categorized into motion model-based
approaches and interaction model-based approaches [19].

The motion model-based approach mainly establishes a
mathematical model for the observation object to predict the
position of the target in future frames. The motion models
are mainly divided into linear and nonlinear motion models.
In recent years, the estimation methods based on the constant
velocity model were extensively studied [156], [153], [161].
The methods based on the constant velocity model assume
that the target moves linearly, which is acceptable at very
short occlusion periods. Some researchers further explored the
methods based on the nonlinear motion models [154].

The lateral motion states of the surrounding vehicle are also
crucial to the planning and control system of the host vehicle
[169]. A full understanding of the lateral motion behavior of

TABLE IX
SUMMARY OF PHYSICS MODEL-BASED SURROUNDING VEHICLE STATE
ESTIMATION METHODS

Model Methodology T.C. S.A. L.S. Year Ref.
cv Correlation filter + X X 2022 [153]
VKM Adaptive KF + X X 2023 [154]
CV+CTRA Nonlinear observer +++ v/ v/ 2019 [155]
Ccv IMM-KF + X V2019 [156]
VKM Nonlinear observer +++ v/ V1 2020 [157],
2023  [158]
CTRA Adaptive KF TS X Vi 2021 [159]
VDM MHE +++ X/t 2021 [160]
CV Nonlinear observer — +++ v /2022 [161]
NCA+CTRPV  IMM-EKF + X vV 20123 [162]
VKM MHE +++ X V2023 [163]
IDM+MOBIL  Particle filter +++ X V2019 [164]
IDM+MOBIL  UKF +++ X V2019 [165]
Potential force  Particle filter ++ X vV 2020 [166]
Graph model Interactive KF +++ X /2000 [167],
2022 [168]

I'T.C.: tuning complexity; S.A.: stability analysis; L.S.: vehicle lateral
states; t: including yaw rate or yaw angle.

2 VKM: vehicle kinematics model; VDM: vehicle dynamics model; CV:
constant velocity model; CTRPV: constant turn rate and constant polar
velocity model; CTRA: constant turn rate and constant acceleration model;
NCA: nearly constant acceleration model; IMM: interacting mutiple
model; MHE: moving horizon estimator; IDM: car-following model;
MOBIL: lane-changing model; “+”: low;*++”: moderate; “+++": high.

the surrounding vehicle is conducive to further promoting the
traffic safety of intelligent transportation systems. In recent
years, most researchers tended to conduct lateral modeling
first and then design estimation algorithms, such as IMM-
based KF [156], UKF [159], and IMM-based EKF [162]. In
addition, nonlinear observers were also designed to estimate
lateral motion states of surrounding vehicles [155], [157],
[160], [161], [158], [163]. It is worth noting that the yaw rate
and yaw angle of the surrounding vehicles can be estimated
by the proposed methods in [157], [160], [159], [158].

Considering that when tracking multiple vehicles, the mo-
tion behaviors of multiple vehicles can affect each other, the
interaction model-based approach mainly uses modeling to
describe the interactive relationship of the tracking target.
To solve the problems caused by conventional multi-vehicle
tracking algorithms assuming that vehicles move indepen-
dently of each other, more and more researchers introduced
the interaction models between traffic participants into the
estimation methods, such as IDM and MOBIL model [164],
[165], potential force model [166], and interaction graph
model [167], [168]. Although the interaction model improves
the estimation performance of the algorithm in the case of
large occlusions, the time-consuming of the algorithm requires
further attention. The detail of the above methods is presented
in TABLE IX.

2) Traditional NN-based Methods for Surrounding Vehicle
State Estimation: With the development of artificial intelli-
gence technology, more and more scholars are applying deep
neural networks to describe the nonlinear motion state of
the surrounding vehicles. Optical flow can be defined as the
movement of an object between consecutive frames of a video
sequence as a result of the relative motion between the object
and the camera. Some researchers designed neural networks
based on the optical flow characteristics in the appearance fea-
tures to describe the motion correlation of the tracked vehicle
[170], [171], [172]. In order to better enable the network to
learn feature similarities between targets, high-order matching
feature similarity measures were also introduced in [173]. Due
to the powerful nonlinear modeling capability of deep neural
networks (DNNs), some researchers constructed DNNs to
directly describe the nonlinear motion states of target vehicles,
such as multi ANNs [174] and MotionNet [175]. However,
the performance of traditional NN-based methods is easily
affected by the quality of training data, and the robustness
of the algorithm under environmental interference cannot be
guaranteed.

3) V2X-based Methods for Surrounding Vehicle State Es-
timation: Existing autonomous vehicles are equipped with
advanced perception sensors. However, the on-board per-
ception sensors cannot reliably perceive in adverse weather
conditions or when the perception sensors fail. In recent years,
the development of V2X communication technology further
improved the accuracy of surrounding vehicle state estimation.

Most of the existing cooperative vehicle tracking algorithms
assume that the self-positioning information of the host vehicle
and other connected vehicles is accurate. However, in dense
urban environments, the positioning information provided by
GPS may not be reliable. For this reason, some methods



considering the time-varying noise uncertainty of relative
positioning were proposed in [176], [177]. Due to the better
adaptability of roadside LiDAR compared to visual sensors in
highly occluded scenes, a correlation method based on a search
process and micro-motion model was designed in [178].

Considering the importance of lateral states such as lateral
velocity and yaw rate in accurately describing the motion state
of surrounding vehicles, the visual perception system of the
host vehicle can provide the lateral offset and heading angle
of the preceding vehicle. The traditional in-vehicle sensors in
the preceding vehicle can measure the steering angle and yaw
rate, and then transmit them to the host vehicle through V2V
communication. However, the low communication transmis-
sion rate of V2V could affect the accuracy of the obtained
state variables. To address this issue, various methods were
proposed to conduct preliminary explorations on this, such as
the information matrix filter [179] and cascaded KF [180].
To further address the negative impact of communication
delay and data loss on the estimation method in the V2X
environment, an event-triggered CKF algorithm was proposed
to balance prediction accuracy and transmission rate, reducing
the impact of data packet loss on estimation accuracy [181].
Similar studies were conducted in [182], [183].

B. Surrounding Pedestrian State Estimation

In heterogeneous traffic, pedestrians and cyclists are vulner-
able. Accurate estimation of the state of pedestrians and cy-
clists is crucial for the traffic safety of intelligent transportation
systems. This is another challenging research topic. Cyclists
and pedestrians use crosswalks at intersections, sidewalks, or
non-motorized lanes on nearby roads. However, some pedestri-
ans and cyclists break traffic laws and act unexpectedly, which
can cause accidents. It is necessary to estimate their motion
states because intelligent transportation system perception
sensors might fail to directly measure such dangerous actions.
Depending on whether a physical motion model of the object is
established, mainstream pedestrian tracking object localization
methods can be divided into physics model-based and deep
learning-based approaches.

In the physical model-based methods, similarly to the sur-
rounding vehicles, the filter-based methods were also widely
used for pedestrian localization, such as KF-based methods
[184], [185], [186], [187], EKF-based methods [188], UKF-
based methods [189], [190], particle filter-based methods
[191], [192], [193], [194]. In addition, to further improve the
robustness of the algorithm, the pedestrian social force model
[195] and IMM theory [196] were also applied to the design
of pedestrian tracking algorithms. To address performance
degradation in specific scenarios, scholars advocated a fusion
approach leveraging multiple sensors, such as radar with
monocular cameras [197], [198] and cameras with LiDAR
[199], capitalizing on their strengths in accuracy.

One of the challenges in tracking problems is noise or
occlusion. Physics model-based methods are often sensitive to
measurement noise and lose track when the target is occluded
for a while. To address these issues, deep learning techniques
were also widely applied to the estimation of motion states

for surrounding pedestrians. Considering traffic safety, human
drivers prioritize their attention on nearby targets, meaning
that closer vulnerable road users should receive more atten-
tion. Therefore, some researchers considered adding attention
mechanisms into network designs, such as the dual-attention
network [200], HRNet with the polarized self-attention [201],
one-stage network with coordinate attention mechanism [202].

C. Emerging State Estimation Methods for Surrounding Vehi-
cles and Pedestrians

Due to the effectiveness of Transformer-based methods in
handling long sequences and large-scale data in the field of
natural language processing, this emerging technology has
also garnered significant attention in multi-object tracking.
Compared with traditional NNs, Transformers leverage the
self-attention mechanism to focus computational power or
gradient updates on crucial components to easily capture
global dependencies [203].

A semantic segmentation network was integrated into the
Transformer architecture to extract the foreground from input
images, enabling the Transformer to focus more attention on
the foreground and thereby enhance performance [204]. A
tracking architecture called TransCenter was introduced in
[205], utilizing dense representations within a Transformer
framework. This proposed approach is capable of maintaining
high tracking accuracy even in highly crowded and dense
environments. To alleviate the issue of target occlusion en-
countered by vision-based methods, an auto-regressive graph
Transformer [206] was proposed to achieve more robust track-
ing results. To simultaneously capture the spatial-temporal
information of targets, similar studies were also reported in
[207], [208], [209].

Based on LiDAR point cloud data, Ding et al. [210]
designed a graph-based 3D multi-object tracking framework
built upon the Transformer architecture, and proposed a novel
autoregressive forward propagation and sequential mini-batch
optimization training strategy to enhance model generalization.
To recover objects missed by detectors, multiple trajectory
hypotheses were generated [211], which can propagate the
historical trajectory information of objects to the current frame.
Moreover, anchor points extracted from the scene point cloud
were used as object queries to balance accuracy and efficiency
[212]. The integration of multi-modal sensor information with
the Transformer architecture has also proved to be an effective
method to enhance performance [213].

Hybrid methods that combine deep learning techniques
with traditional physical models are generally considered to
improve the interpretability of the framework and introduce
physical constraints, thereby enhancing the reliability of track-
ing results. A classical optical flow estimation method based
on the pyramidal Lucas-Kanade algorithm was effectively
embedded into a deep learning-based multi-object tracking
framework [214]. Li et al. [215] proposed a framework for
simultaneous object tracking and prediction, where a learning-
based prediction model served as an alternative to the tradi-
tional physical motion model. A kinematics model layer was
introduced to enhance the physical feasibility of the learning-
based motion model.



Physics model-based methods are sensitive to sensor noise
and often rely on assumptions of constant velocity and con-
stant acceleration. As a result, they may not perform well in
estimating the motion states of pedestrians in scenarios with
sudden behavior changes or dense occlusions. In compari-
son, deep learning-based methods can handle abrupt intention
changes in pedestrian motion state estimation. However, they
are susceptible to the quality of training data and may produce
unreasonable estimation results. The deployment issue on edge
computing platforms with limited computing power still needs
further consideration. Therefore, considering that the existing
research on physics-informed hybrid methods is still very
limited, the state estimation of surrounding traffic participants
combining physical models and deep learning techniques is
still worthy of further exploration.

VI. PERFORMANCE EVALUATION

Due to the site limitations and potential safety risks as-
sociated with direct real-vehicle testing, simulation platforms
greatly promote the development of state estimation algo-
rithms. Moreover, high-quality datasets are the important
driving forces to improve the performance of learning-based
estimation methods. This section summarizes the open-source
datasets and experiment platforms used in the literature.

A. Datasets

The accuracy and generalization of data-driven methods
depend on dataset size and quality. While the autonomous
driving community has many public datasets, this paper sum-
marizes those relevant to intelligent transportation system
dynamic state estimation, including publication year, sensor
configurations, data scale, and task-related details. TABLE X
summarizes related public datasets.

TABLE X
RELATED PUBLIC DATASETS FOR THE STATE ESTIMATION OF
VEHICLE-ROAD-PEDESTRIAN

Datasets Year Sensors  Scenarios  Frames RS SVP
KITTI 2012 C/L U/C/H 19,103 X v
MOT17 2017 C U 11235 X v
MOT20 2020 C U 13410 X v
NuScenes 2020 C/RIL U 40,157 X v
BDDIOOK 2020 C U 12¢7 Ve v
RoadSaW 2022 C/M U/H 72e4 Ve X
RSCD 2022 C U/C/H 103e4  Vrrx X
WRF 2022 C U/H 5,061 Vs X
RSRD 2023 C/L u/C 16,000 v X

' RS: road surface; SVP: surrounding vehicles and pedestrians; In “Sen-
sors”, C: camera, R: radar, L: LiDAR, M: mobile advanced road weather
information sensor; In “Scenarios”, U: urban, C: countryside, H: highway.

2 *including snowylicy road surface; **including the annotation of road
surface condition; ***including both of the above.

Existing famous public datasets for autonomous driving,
such as the KITTI [216], BDD100OK [217], MOT17/MOT20
[218], and NuScenes [219] datasets, primarily focus on the
road traffic participants and do not specifically address the
estimation of road surface states. However, the information

about road surface states is crucial for the traffic safety of intel-
ligent transportation systems. Consequently, some researchers
developed relevant datasets to address this gap, such as WRF
[115], RoadSaW [116], RSCD [114], and RSRD [147], [220]
for road unevenness perception of autonomous driving.

B. Metrics

This subsection summarizes the evaluation metrics related to
the state estimation methods. Since the evaluation metrics for
object tracking are used to evaluate the overall performance of
the tracking algorithms, they are not within the scope discussed
in this paper. The comparison of summarized evaluation met-
rics for estimation accuracy is listed in TABLE XI.

TABLE XI
COMPARISON OF EVALUATION METRICS FOR ESTIMATION ACCURACY

Metrics S.0. Applicable scenarios

RMSE +++ 1) Available in most estimation algorithms; 2) Applicable
for situations where the large error of estimation results
need to be sensitively reflected

MAE ++ Applicable for measuring overall estimated performance
that requires disregarding large estimation errors

CA + Applicable in classification algorithms (e.g., learning-

based estimation methods)

1'S.0.: sensitivity to outliers; RMSE: root mean squared error; MAE:
mean absolute error; CA: Top-1 classification accuracy; “+”: low; “++7
moderate; “+++: high.

1) Root Mean Squared Error: Root mean squared error
(RMSE) is a common metric used to quantify the discrepancy
between estimated values and reference values. The calculation
formula for RMSE [24] is as follow:

RMSE = i%}:(é@)—amf@027 )
t=1

where n is the total number of samples within a certain period,
the estimation result § (t) at time ¢, and 6,.. s (t) is the reference
true value at time .

2) Mean Absolute Error: Mean absolute error (MAE) [51]
measures the average absolute error between the estimated
value and the actual value:

1 =14
MAE = =3 |0(6) = 0y ()] 3)
PIUCRLC

3) Top-1 Classification Accuracy: Top-1 classification ac-
curacy [114] is a widely used evaluation metric in ma-
chine learning, particularly for image classification tasks. The
model’s top-ranked prediction should be the same as the true
label for a sample. If the model predicts the correct class as the
top choice, it is counted as a correct prediction. Top-1 accuracy
is determined by dividing the number of correct predictions
by the total number of samples in the test dataset.

4) Convergence Time: The convergence time of an esti-
mation algorithm is one of the crucial metrics for evaluating
algorithm performance [31]. It measures the time required for
an estimation algorithm to reach the convergence state from
the beginning of its execution. A slower convergence time may
lead to the algorithm’s inability to meet real-time requirements
or cause significant computational delays in practice.



5) Computation Time: Due to the limitations of the on-
board computing platform, shorter calculation time means that
the algorithm can release computing resources faster for other
algorithm modules [33]. In addition, the decision-making and
planning system of autonomous vehicles uses state estimation
results to achieve safe and efficient driving, thereby improving
the system’s adaptability to dynamic environmental changes.

C. Experiment Platform

During the development and validation phases of estimation
algorithms, researchers commonly utilize experimental plat-
forms to evaluate performance. By simulating diverse driving
scenarios and conditions, they can assess an algorithm’s accu-
racy, stability, and overall effectiveness. This process ensures
that the algorithm is well-prepared for real-world deployment
and widespread application.

1) Simulation Platform: Experiments based on real vehicles
usually have potential safety risks. The simulation experiment
is one of the most important methods to verify algorithm
performance. It can verify the performance of algorithms in
as many scenarios as possible in a safe and low-cost manner.
The summary of related simulation experiment platforms is
shown in TABLE XII. As for the vehicle dynamics simu-
lation platform, CarSim [34] is a physics-based simulation
software platform used for simulating and evaluating vehicle
dynamics and driving characteristics. Additionally, CarSim
can simulate various driving scenarios, road conditions, and
environmental factors, including wet and slippery surfaces,
cornering maneuvers, and emergency braking. TruckSim [37]
is a widely used tool in the field of truck engineering and
development. Regarding the construction and simulation of
common traffic scenarios, there are several common platforms
for generating realistic traffic flows, such as PTV-VISSIM
[130], AIMSUN [124], and SUMO [221]. It is worth noting
that the following software can be co-simulated with CarSim
or TruckSim, such as PreScan [87], MSC VTD [222], CARLA
[223], and MATLAB Automated Driving Toolbox [161].

TABLE XII
SIMULATION EXPERIMENT PLATFORMS FOR THE STATE ESTIMATION
OF VEHICLE-ROAD-PEDESTRIAN

Software Year TSC VDC O.S. GRR References
CarSim 1990 X +++ X+ [34], [181]
TruckSim 1990 X  +++ X 4 [37]
PTV-VISSIM 1992 +++ X X 44+ [130]
AIMSUN 1997 +++ X X e+ [124]
PreScan 2004  ++ ++ X +++ [87]
DYNA4 2010 + + X o+t [125]
SUMO 2011 +++ XV o+ [221]
MSC VTD 2017  ++ ++ X +++ [222]
CARLA 2017 ++ X V' o+ [223]
MATLAB ADT 2017 + + ) S— [161]

I TSC: traffic scene configuration; VDC: vehicle dynamics configu-
ration; O.S.: open-source; GRR: graphics rendering requirements;
MATLAB ADT: MATLAB automated driving toolbox; MSC VTD:
MSC Virtual Test Drive; “+7: low;“++”: moderate; “+++: high.

TABLE XIII
PHYSICAL EXPERIMENT PLATFORM FOR THE STATE ESTIMATION OF
VEHICLE-ROAD-PEDESTRIAN

State Type IVS PS. ECU GPU V2X GT Ref.
EVSA ONR v X v X X DGPS [34]
ONR v X v X X  SMotion [52]
. v X v X X TruckSim  [37]
TRFC ONR v X v X X Transducer [88]
H v X v X X  CaSim [94]
ONR X camera X Vv X EV [114]
ONR X LDAR X VX  Griptester [117]
ONR v Camera v/ Vv X Pendulum [I21]
Ssvps ONR X LDAR v vV X GNSS [159]
ONR X LDAR X VvV X GNss [161]
ONR v X v X V' GNsS [181]

L' TVS: in-vehicle sensors; P.S.: perception sensors; ECU: electronic control
unit; GPU: graphics processing unit; GT: ground truth; DGPS: differential
GPS; E.V.: empirical value.

2 EVSA: ego-vehicle sideslip angle; SVPS: surrounding vehicle and pedes-
trian states; HIL: hardware-in-loop; ONR: on-road test.

2) Physical Platform: In the simulation experiment, the
noise disturbance in the simulation environment is relatively
small compared with the real world, and the robustness of
the algorithm cannot be further evaluated. In order to better
evaluate the performance of the estimation algorithm when
applied in real-world environments, physical experimental
verification is essential. The summary of physical experiment
platforms is shown in TABLE XIII. The schematic diagram
of the physical experiment platforms is presented in Fig. 13.

As shown in Fig. 13, the hardware components of a
hardware-in-loop (HIL) testing platform are mainly as follows:
1) an ECU that executes the onboard estimation algorithm; 2)
a host computer that can configure precise vehicle models and
perform data logging and calibration via the CAN software; 3)
a slave computer that mainly runs the compiled high-fidelity
vehicle model from the host computer and exports real-time
vehicle response signals to the ECU; 4) an in-loop actuator
that generates actuator signals.

The test platform for on-road tests (ONR) mainly consists
of the following components: 1) A test vehicle with high-
precision measuring instruments provides vehicle response
signals and reference values of estimated states. 2) Perception
sensors can capture information about surrounding traffic
participants and the road surface. 3) An onboard computer
with GPUs is responsible for real-time data processing from
perception sensors. 4) A rapid control prototyping (RCP)
serves as an ECU that executes onboard estimation algorithms.
Compared to a standard onboard ECU, the main advantage of
RCP is to adjust model parameters in real-time during testing
without recompiling and downloading the code.

VII. CHALLENGES AND FUTURE PERSPECTIVES

From the review of the literature, the existing dynamic state
estimation methods for vehicle-road-pedestrian primarily focus
on physics model-based and learning-based approaches. While
significant progress has been made in these areas, there are still
several challenges that need to be addressed. The following is
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Fig. 13. Schematic diagram of typical physical experiment platforms. (a) Hardware-in-loop test platform [37]; (b) On-road test platform [88].

a summary of the challenges and research directions for future light variations makes LiDAR-based state estimation methods

studies as shown in Fig. 14. essential for expanding the application scenarios of estimation
algorithms. Therefore, investigating multimodal state estima-
.NOHE‘;E:;;';?;“ Sameme e tion methods considering complex environmental factors is
®Ti ® In-vehicle sensors necessa
ire &actualtor wear ® Camera ry.

° L“(;Egiltyio':’s“““e” ® LiDAR 3) Fault-Tolerant State Estimation Considering Signal
Scone fe Dropout and Cyberattacks: With the rapid development of

Future Scope for . .
State Estimation of V.2X technology, the host vehicle cz}n not only comml.lmca.lte
Vehicle-Road-Pedestrian with other vehicles (V2V) but also interact with roadside in-
V2X Evaluation frastructure (V2I). Roadside units can share information about

® Signal dropout
® Transmission delay
® Cyber attacks

® Public datasets road conditions or the motion states of surrounding traffic
® Accelerated testing .. . . . .
participants with the host vehicle based on historical data.
They can also obtain the key state information of vehicle-road-
pedestrian regarding the current driving conditions through
communication with other vehicles. However, the estimation
1) Robust State Estimation with Model Uncertainty: State accuracy of V2X-based methods may be limited by the pre-
estimation for vehicle-road-pedestrian needs to address signif-  cision and measurement performance of certain sensors. On
icant system coupling issues. In particular, when tire models the one hand, some sensors may experience failures due to
and vehicle dynamic models are subjected to highly nonlinear aging or extreme weather conditions. Some researchers have
and complex excitation conditions, the model parameters ex- already explored estimation methods that take into account
hibit strong nonlinear and time-varying characteristics, leading communication delays or signal dropout [26], [27], [29],
to slow convergence of the estimator. Taking TRFC estima- [89], as well as asynchronously sampled measurements [224].
tion as an example, dynamics model-based state estimation Nevertheless, there is still a need for further research. On the
methods heavily rely on the accuracy of tire modeling. As other hand, traditional communication devices are vulnerable
the vehicle mileage increases, the tire may inevitably experi- to cyberattacks. The above problems may seriously degrade the
ence wear, resulting in changes to the tire model parameters estimation performance of normal V2X-based state estimation
and affecting the estimation accuracy of algorithms that are methods [225], [226]. Therefore, it is necessary to consider
based on the original tire model parameter. Additionally, designing fault-tolerant state estimation methods considering
most existing estimation methods assume ideal Gaussian noise  signal dropout and cyberattacks.
distributions for modeling, but in real-world environments, 4) Effective Public Evaluation Platform: Although there
sensor noise often exhibits non-Gaussian characteristics. It is  are large-scale image datasets available for road surface condi-
also worth studying the impact of unpredictable interactions tion classification, there is still a lack of an effective evaluation
between traffic participants on the robustness of the estimation  platform for existing estimation methods. The main function
algorithm. Hence, designing distributed robust state estimation  of this platform should be to use a small number of test
algorithms considering model parameter uncertainty and noise  maneuvers to reflect the performance of the algorithm in most
variability is an exploratory direction. working conditions to achieve accelerated testing [227]. This
2) Multimodal State Estimation with Environmental In- lack can make it difficult to evaluate and compare various
terference: Existing state estimation methods often rely on  estimation methods. Consequently, it is necessary to establish
idealized assumptions regarding normal weather conditions. ap effective public evaluation platform.
The non-ideal environmental conditions, such as building
occlusions, poor lighting, and adverse weather conditions like
rain or snow, can severely impact the normal functioning of
environmental perception sensors. With an increasing number In this survey, based on the systemwide perspective of ITS,
of intelligent vehicles equipped with LiDAR, the robustness a specific perspective of “vehicle-road-pedestrian” is adopted
of LiDAR point cloud information against environmental to comprehensively review the state estimation methods for

Fig. 14. Tllustration of future research directions.

VIII. CONCLUSION



the above traffic elements in recent years. It is shown that the
majority of the existing state estimation methods for “vehicle-
road-pedestrian” focus on either physics models or machine
learning. Physics model-based estimation methods offer ad-
vantages, such as easy deployment and low computational
burden but are susceptible to modeling accuracy and sensor
noise. Machine learning-based estimation methods can handle
nonlinear mappings for complex conditions but are sensitive
to external environmental factors and the quality of training
data. Therefore, fault-tolerant estimation methods that leverage
multi-source sensor information and integrate V2X technology
are promising research directions. Additionally, this survey
provides a detailed summary of relevant datasets, evaluation
metrics, and experimental platforms in this field. However, it
is noted that the challenges for the performance evaluation
remain, including the limited availability of public datasets,
and a lack of effective evaluation scenarios and testing plat-
forms. Due to the length limit, we excluded a detailed review
of vehicle mass estimation, road slope estimation, and TRFC
estimation based on intelligent tire sensors. The summary of
recent trends in tire-road interaction estimation based on intel-
ligent tires can be found in [228]. In addition, a detailed review
of the trajectory prediction of surrounding traffic participants
in downstream tasks of the state estimation is also beyond
the scope of this survey. The relevant emerging technologies
mainly include Transformer, generative adversarial networks
(GANSs), and variational autoencoders (VAEs) [229], [230].
The generator of GANs learns from historical trajectories to
generate future trajectories, while the discriminator evaluates
the realism of the generated trajectories.

Despite the valuable research progress achieved in this field,
various challenges still exist. It is expected that this survey
can facilitate the application and deployment of the mentioned
research in ITS and promote further advancement in future
research directions discussed in this survey.
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