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Abstract

Precise vehicle state and the surrounding traffic information are essential for decision-making and
dynamic control of intelligent connected vehicles. Tremendous research efforts have been devoted
to developing state estimation techniques. This work investigates the research progress in this field
over recent years. To be able to describe the state of multiple traffic elements uniformly, the concept
of a vehicle neighborhood system is proposed to describe the system composed of vehicles and
their surrounding traffic elements and to distinguish it from the traditional macroscopic traffic
research field. In this work, the vehicle neighborhood system consists of three main traffic elements:
the host vehicle, the preceding vehicle, and the road. Therefore, a review of state estimation methods
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1. Introduction

raffic accidents are one of the main causes of human
casualties [1]. Intelligent connected vehicles will
provide a new possibility for the automotive industry
to effectively solve safety and congestion problems due to their
functions of intelligent decision-making and collaborative
control. Some typical technologies include vehicle-road coor-
dination systems, advanced driver assistance systems (ADAS),
and the like. Some of the most representative technologies in
ADAS include stability control systems [2, 3], braking control
systems [4, 5, 6, 7], local path planning systems [8, 9], active
suspension control systems [10, 11, 12], and the like. The
prerequisite for these active safety systems to work effectively
is to obtain accurate vehicle state and tire-road friction coef-
ficient (TRFC) [1]. To describe these vehicle states and road
surface information in a unified way, this work refers to the
concept of “neighborhood system” in mathematics and calls
the set composed of the host vehicle, the preceding vehicle,
and the current road as the vehicle neighborhood system. As
shown in Figure 1. The corresponding variables, such as
vehicle sideslip angle, tire stiffness, and TRFC, constitute the
key state parameters in the vehicle neighborhood system.
To further explain the vehicle neighborhood system,
some definitions are first introduced.

* Definition 1. The domain of discourse is the set of
objects under discussion, which is predefined and does
not require the scope of the relevant variables to
be specified each time when further processed [13].

* Definition 2. Let X be a domain of discourse and x be an
object in X. A particular subset of X (which may not
contain x) is said to be a neighborhood of x [14].

* Definition 3. Let X be a domain of discourse and x be an
object in X. The set of all neighborhoods of x is called a
neighborhood system of object x. The union of all object
neighborhood systems in the X is called the
neighborhood system of X [14].

The local traffic environment usually mainly consists of
vehicles, roads, pedestrians, traffic signs, and other objects,
and the relevant objects belong to predefined. According to
Definition 1, it is known that the local traffic environment is
a domain of discourse. For the local traffic environment
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domain, the road is used as the object, and the surrounding
roads are also a subset of the domain. The current and
surrounding roads constitute a road neighborhood concerning
Definition 2. Similarly, the host vehicle and the surrounding
vehicles can form a vehicle neighborhood. Furthermore,
suppose that the current road is the coupling object of the
vehicle and only focuses on a certain road and the vehicles
driving on the road. In this case, all vehicle neighborhoods
will constitute a vehicle neighborhood system regarding
Definition 3. Such a novel concept can describe a vehicle-
centric generalized vehicle system, which can be distinguished
from the research object of the macroscopic transportation
system. In this article, we focus on the state estimation of the
host vehicle, the preceding vehicle, and the TRFC in the
vehicle neighborhood system.

However, current onboard low-cost sensors cannot
measure these states directly due to technical and cost reasons,
thus many estimator- or observer-based methods have been
proposed to obtain these states indirectly [15, 16]. From the
perspective of the vehicle neighborhood system, its state
mainly includes the dynamic state of the vehicle body and the
interaction between the tire and the road surface. Although
several comprehensive surveys on the vehicle state [17, 18, 19,
20, 21] and TRFC [22, 23, 24] have been reported, most of the
previous studies focused on a particular aspect and did not
provide a comprehensive review from a systemic perspective.
In previous studies, host vehicle and preceding vehicle state
estimation as well as TRFC identification are usually consid-
ered as two types of parameter identification problems.
However, in this study, we try to define a new concept to
describe a more macroscopic vehicle-road-coupled system.
This will provide a new perspective to researchers in this field.
Therefore, these different states or TRFC will become the
internal states of this macroscopic system. This article system-
atically reviews the research progress of state estimation of
the vehicle neighborhood system in recent years. It contains
an analysis of existing methods and describes their advantages
and disadvantages. Finally, future research directions are
further discussed. This work will help researchers or vehicle
engineers select appropriate estimation methods for intelligent
vehicle decision-making and control.

To provide some specifics of the analysis, the remainder
of the article is organized as follows. Section 2 presents the
state estimation of the host vehicle and the preceding vehicle.
The estimation of TRFC is shown in Section 3. The conclusion
and some promising prospects are discussed in Section 4.

2. State Estimation of the
Host Vehicle and the
Preceding Vehicle

Vehicle state estimation usually includes vehicle body dynamic
state estimation and model parameters identification. As
shown in Figure 2, some typical states such as longitudinal
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and lateral speeds, tire forces, tire cornering stiftness, sideslip
angle, the height of the center of gravity and vertical load, and
the like. Accurate state information is essential for ADAS [25,
26, 27]. However, onboard sensors fail to directly obtain the
theses information. Therefore, estimating these vehicle states
using only onboard sensors is a hot topic of current research.

2.1. The Vehicle Dynamic
Model

Observers-based, Kalman-based, and machine learning-based
are commonly used methods to solve this problem. These
different categories are shown in Figure 3. The first two
approaches usually estimate vehicle states based on longitu-
dinal or lateral dynamics models. The longitudinal model (see
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m The longitudinal dynamics model.
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Figure 4) [28] depicts the vehicle dynamics response under
the condition of braking and driving maneuvers.

F, =(T, —Joo, IR Eq. (1)

E, =(T,-Jo,)/R Eq. (2)

ma, =(F, +FX,)—%CDpAv§ ~-mgf.,  Eq.()
= % Eq. (4)

, = % Eq. (5)

where F,; F,, are front longitudinal tire force and rear longi-
tudinal tire force, a and b are distances from the center of
gravity (COG) to the front axle and rear axle, m is the vehicle
mass, Tyand T, are front and rear track driving torques, v, is
the longitudinal vehicle velocity, ] is a moment of inertia, / is
the height of COG, Cp is the air drag influence coefficient the
wheel rotational speed, p is the air density, A is the windward
area, Cp is the air drag influence coeflicient the wheel rota-
tional speed, f,,; is the rolling resistance coefficient, R is the
wheel radius, F. F,, are vertical forces at front and rear wheels,
a, is the longitudinal acceleration, and wj w, are front tire
speed and rear tire speed.

In contrast to the longitudinal model, the classic lateral
dynamics model is a single-track model [29] (see Figure 5). In
addition, the multi-degree-of-freedom model [30] and the roll
dynamics model [31] are also common models.

f= F, cos6+F,

—r Eq. (6)
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m The lateral dynamics model.
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where F,; F, are front lateral tire force and rear lateral tire
force. Lyand L, are distances from the COG to the front axle
and rear axle, 3 is the sideslip angle, § is the front-wheel angle,
asis the front-wheel sideslip angle, «, are rear wheel sideslip
angle, and a, is the lateral acceleration.

Based on the earlier discussed vehicle model, it is essential
to obtain tire force in real-time. Therefore, some tire model is
proposed to collect tire forces information, such as the Magic
Formula model [32], the Unitire tire model [33], the Brush tire
model [34], and so on. A combined longitudinal and lateral
brushed tire model is used to describe the dynamic charac-
teristic of tires. Some specific equations are as follows

Eq. (10)

1 1 . 9
fz'_ .fi2+ .fi3’ if fz’S?’:ui Fz,i
E = 3ll’ti8Fz,i 27(!119 )2 PZ!
u,.SFZJ else
Eq. (11)
2 t 2
f=lc| 2| o) 2% Eq. (12)
1+s, "\ 1+,

where ui is TRFC, C,, C,, F, , are the tire longitudinal, lateral
stiffness coeflicients, vertical tire forces, s;, ; are the longitu-
dinal slip ratio, wheel sideslip angle, i = 1, 2, 3, 4, which corre-
spond to the left-front, right-front, left-rear, and right-rear
wheels, respectively.

2.2. The Observer-Based
Vehicle State Estimation

In recent years, several observers have been used to estimate
the vehicle state, including linear observer, nonlinear observer
sliding mode observer, and so on. State observer is a system
that provides an estimate of the internal state of a given real
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system, from measurements of the input and output of the
real system. For the linear observer, Stephant et al. [35]
proposed the Luenberger observer to estimate sideslip angle,
and real vehicle test results demonstrate that this observer has
high estimation accuracy. Zhang et al. [36] developed an
H-infinity observer to predict sideslip angle based on the
front-wheel angle information. In addition, the controller
output observer [37] was studied for estimating tire forces. A
similar observer [38] was used for estimating tire traction
forces. The advantage of the method is adaptive to model
parameter uncertainties. The linear observer-based method
usually works effectively in the case of a linear working area.
Furthermore, some nonlinear observers were proposed to
estimate vehicle state considering the nonlinear vehicle
dynamics. In addition, nonlinear state observers were widely
investigated with input state stability. Zhao et al. [39] made
use of a nonlinear observer to estimate vehicle velocity. Some
tests indicate that the performance of a nonlinear observer is
better than a linear observer [40]. Grip et al. [41] designed a
nonlinear observer for estimating sideslip angle. To improve
the adaptive of the nonlinear observer, the high-gain nonlinear
observer was proposed successively [42]. Moreover, Hashemi
et al. [43] made use of a nonlinear observer to identify the
road bank. Except for the above-mentioned observers, the
sliding mode observer (SMO) is the popular method. SMO
has been extensively applied to vehicle speed estimation due
to its efficient application in terms of computational efficiency
and its robustness to parameter variations and modeling
uncertainties. The SMO was proposed to estimate vehicle
velocity [44, 45], tire cornering stiffness [46], tire forces [47],
and sideslip angle [48]. To further enhance the estimation
performance of SMO, the second-order SMO [49], reduced-
order SMO [50], and higher-order SMO [51] were designed to
estimate vehicle state. In addition, some observers optimized
based on other methods have also been reported. For example,
Boada et al. [52] proposed an observer based on an adaptive
neuro-fuzzy inference system to estimate the sideslip angle.
The estimation performance of observer-based methods
usually deeply relies on the accuracy of vehicle models.
Unfortunately, accurate vehicle models are hard to obtain in
practice. Therefore, the observer-based approach has some
limitations in improving the estimation accuracy. An estima-
tion method that is model-based but also robust to model
mismatch is a better solution. Furthermore, Kalman filtering
and its modifications are usually able to obtain minimum
mean squared error estimates with Gaussian noise and are
robust to model mismatches. Thus, Kalman-based methods
are widely utilized for state estimation of vehicle systems.

2.3. The Kalman-Based
Vehicle State Estimation

The Kalman filter (KF) can find the optimal solution and
achieve fast convergence in noisy environments. Therefore, it
is widely used for parameter and state estimation. As early as
1999, Venhovens et al. [53] proposed to use the KF to estimate
vehicle state. Cho et al. [54] designed a random-walk KF to
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predict tire forces. Zhang et al. [55] proposed a Kalman-based
estimator to estimate sideslip angle. To improve the estimation
accuracy, some multi-sensor fusion methods based on KF
were used to predict vehicle state, such as GPS [56, 57] and
grade inertial sensor [58]. Usually, the earlier defined methods
based on linear models to estimate the vehicle state are effec-
tive when the vehicle is in a linear working condition. However,
when the vehicle enters the nonlinear working region, the
vehicle model and the tire itself have strong nonlinearity, and
the estimation accuracy based on the traditional KF is low, or
even the filter is diverging. Therefore, KF works best only in
problems that can be represented as linear systems. To address
this limitation several advanced techniques have been inves-
tigated and developed, such as an extended KF (EKF). Wenzel
etal. [59] first developed an EKF to estimate vehicle state and
model parameters. Furthermore, tire forces are also essential
for vehicle stability [60]. Baffet et al. [61] made use of EKF to
predict sideslip angle and tire forces considering the change
of TRFC. In addition, the dual EKF estimation method was
utilized to estimate vehicle state [62]. The typical dual EKF
framework is shown in Figure 6. Based on the three-degree-
of-freedom vehicle model, EKF was used to estimate the
vehicle state. Further, the Highway Safety Research Institute
(HSRI) tire model is used to estimate tire-road friction using
EKEF. The two EKFs establish real-time communication to
improve estimation accuracy.

To enhance the adaptability of the estimation algorithm,
interacting multiple model EKF (IMMEKF) was used to
predict vehicle state [63]. Furthermore, a variety of vehicle
dynamics models have been used in the study of estimating
sideslip angle based on the EKF. For example, the single-track
freedom (DOF) model [71], the four-DOF model [72], the
eight-DOF model [73], and the like. To improve the noise
adaptivity of the EKF, a fuzzy EKF is proposed to estimate the
vehicle states [74]. In addition, vehicle sensors will inevitably

m The EKF-based method.
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lose measurement data due to aging and other issues. In this
case, the fault-tolerant EKF is proposed for vehicle state esti-
mation [75, 76]. Moreover, the inertial parameters of the
vehicle will change during driving, and the extended
H-infinity KF is designed to suppress the impact of model
parameters perturbation on the estimation performance [77].
In addition, estimating mass and grade using EKF is also
another important research field [78]. Since the EKF is only a
first-order approximation of the nonlinear system, its estima-
tion accuracy will decrease under some strong nonlinear
conditions. In addition, when the filter is subjected to harsh
conditions, the linearization of the system may not be effec-
tive, resulting in divergence of the filter. The unscented KF
(UKF) is a filtering algorithm that avoids the linearization of
the EKF.

To this end, UKF is also utilized for the state estimation
of vehicles. Antonov et al. [79] proposed a UKF-based
approach to estimate vehicle velocity with low-cost onboard
sensors. Heidfeld et al. [80] developed a hybrid UKF to predict
vehicle state. Furthermore, variable structure UKF [81] and
weight fusion UKF [82] were presented to improve estimation
performance. In addition, a variety of vehicle dynamics
models have been used for estimating vehicle state based on
the UKF. For example, the nine-DOF model [83], double-track
vehicle model [84, 85], kinematics model [86], three-DOF
model [87, 88], seven-DOF model [89, 90], and the like. In
addition, some improved UKFs have been designed to enhance
estimation accuracy. Strano et al. [91] considered the state
constraints in the estimation process and designed a
constrained UKF to estimate vehicle state. Zhang et al. [92]
proposed an adaptive double-layer UKF to predict sideslip
angle. To enhance the adaptive estimation algorithm, inter-
acting multiple model UKF (IMMUKEF) was used to predict
vehicle state [93], and the framework is shown in Figure 7.

The IMMUKE consists of two vehicle dynamics models
based on a linear tire model and a nonlinear tire model. The
UKEF is used to estimate the vehicle state based on the two
different vehicle models separately. Finally, the two estimation
results are fused to improve the estimation accuracy. UKF
can effectively improve the estimation accuracy of the vehicle
state, but its stability needs to be improved when facing some
high-dimensional nonlinear systems. The cubature KF (CKF)
is based on the numerical integration of a Gaussian filter and
uses a three-degree spherical-radial cube rule to numerically
compute the Gaussian-weighted integral. It is a derivative-free
nonlinear filtering algorithm that improves over UKF in terms
of estimation accuracy, numerical stability, and computational
cost. Compared with the UKF, the cubature KF (CKF) [94] is
a more effective filtering method and has been widely used
for high-accuracy estimation of vehicle state. A standard CKF
is employed to predict vehicle state [95].

Chen et al. [96] designed an adaptive square-root CKF to
estimate vehicle state. The parameters of the square-root CKF
can be adaptively adjusted according to the motion state of
the vehicle. Song et al. [101] proposed an extended square-root
CKF to combine measurements from different sensors to cope
with the problem of vehicle state estimation in limit condi-
tions. The estimation framework is shown in Figure 8. First,
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the longitudinal velocity of the vehicle is estimated based on
the onboard sensors. Then, a neural network is used to obtain
the longitudinal velocity based on GPS. Finally, the CKF is
used to estimate the vehicle state.

Similar studies have also been reported in [102, 103, 104].
To cope with the challenge of unknown noise in the estimation
process, a robust CKF is proposed to improve estimation
accuracy [100, 105, 107]. In addition, to improve the nonlinear
fit of CKF, high-order CKF is used to predict the vehicle state
[106]. Fuzzy logic [99] and multilayer perceptron [97] are also
proven to enhance the estimation performance of CKF. Other
scholars improve the estimation accuracy of vehicle state from
the perspective of model adaptation. Hou et al. [98] designed
an interactive multi-model CKF to fuse the estimation results
of multiple vehicle models to improve the estimation accuracy.
Table 1 presents a summary of Kalman-based methods for
vehicle state estimation.

2.4. The Machine Learning-
Based Vehicle State
Estimation

In addition, state prediction based on machine learning has
also proven to be an effective estimation method in recent
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years. Machine learning-based methods usually involve
collecting a certain amount of vehicle input and output data.
The model is trained based on a large number of samples and
then deployed to the vehicle for state prediction [108]. The
advantage of the machine learning-based approach is that it
does not take into account the accuracy of the model and does
not concern whether the vehicle is operating under nonlinear
conditions. Artificial neural network (NN) is a common
prediction method. Saadeddin et al. [109] developed a NN
inference system to estimate vehicle velocity. Gwak et al. [110]
designed a NN to estimate vehicle state. A similar study was
also reported in [111]. Estimating the sideslip angle using NN
was one of the effective methods. Melzi et al. [112] considered
the dynamic characteristics of different pavements and
designed NN to predict sideslip angle. Vargas et al. [113] devel-
oped a fusion method that combined the NN with KF to
estimate roll angle. To further enhance the estimation perfor-
mance of the NN-based method, multilayered perceptron NN
[114] and progressive NN [115] were proposed successively. In
addition, a general recurrent NN (GRNN) [116] was designed
to optimize the training samples. Furthermore, a recurrent
NN state estimation scheme is developed to estimate sideslip
angles in real time [117]. Li et al. [118] proposed a brain-
inspired ontology perception system based on deep learning
to predict sideslip angle. Furthermore, backpropagation NNs
[119, 120] and classification artificial NNs [121] are also used
for sideslip angle estimation. In addition, the long-short-term
memory network (LSTM) [122] is gaining attention because
it can take advantage of the time series correlation of data to
optimize estimation performance. An LSTM-based multilayer
network estimator is presented to predict the sideslip angle,
and experimental results show that the method has high esti-
mation accuracy [123]. However, the machine learning-based
methods depend heavily on the integrality data set. Hence,
the estimation performance of the algorithm can be directly
affected when the data is limited.

2.5. State Estimation of the
Preceding Vehicle

Apart from obtaining the host vehicle state, ADAS usually
needs to obtain the state of the preceding vehicle. For example,
the adaptive cruise control system needs to get the preceding
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TABLE 1 Summary of Kalman-based methods.
Number Models Methodology References
1. Simplified wheel dynamics model KF [54]
2. Three-DOF model KF [55]
3. GPS KF [56, 57]
4. Grade inertial sensor/GPS KF [58]
5. Four-wheel vehicle model Dual EKF [59]
6. Single-track vehicle model EKF [60, 64, 65, 66, 67, 68, 69, 70]
7. Five-DOF model Dual EKF [61]
8. Three-DOF model Dual EKF [62]
9. Single-track vehicle model IMMEKF [63]
10. Seven-DOF model EKF [71]
. Four-DOF model EKF [72]
12. Eight-DOF model EKF [73]
13. Three-DOF model Fuzzy EKF [74]
14. Four-wheel vehicle model Fault-tolerant EKF [75, 761
15. Three-DOF model Extended H-infinity Kalman filter [77]
16. Kinematic model EKF [78]
17 Double-track vehicle model UKF [79, 80, 84, 85]
18 Double-track vehicle model Variable structure UKF [81]
19 Double-track vehicle model Weight fusion UKF [82]
20 Nine-DOF model UKF [83]
21. Kinematics model UKF [86]
22. Seven-DOF model UKF [89, 90]
23. Three-DOF model UKF [87, 88]
24. Seven-DOF model Adaptive UKF [92]
25. Single-track vehicle model Constrained UKF [91]
26. Seven-DOF model IMM UKF [93]
27. Four-wheel vehicle model Square-root CKF [96]
28. Sensor-based model CKF [97]
29. Seven-DOF model Interacting multiple model cubature [98]
Kalman
30. Three-DOF model Fuzzy CKF [99]
3. Three-DOF model Robust CKF [100]
32. Three-DOF model Square-root CKF [101, 102]
33. Seven-DOF model Square-root CKF [103,104]
34, Longitudinal dynamic model Robust embedded cubature Kalman [105]
35. Three-DOF model High-order CKF [106]
36. Three-DOF model CKF [95]
37. Single-track vehicle model Adaptive robust CKF [107]

vehicle state to achieve better vehicle following. However, the
preceding vehicle state is usually difficult to measure directly
via the in-vehicle sensors of the host vehicle [124]. Therefore,
it is a common method to use in-vehicle sensors of the host
vehicle to obtain some motion information about the
preceding vehicle and combine it with a complex vehicle
model to estimate the preceding vehicle state.

For estimating the longitudinal motion state, such as the
velocity, the vehicle following model and its improvements
[125, 126, 127, 128] are among the popular models. These
methods usually require only the relative distance between

the host vehicle and the preceding vehicle to estimate the
preceding vehicle state. This type of model is usually capable
of precisely describing the straight-line motion of a vehicle,
but the accuracy decreases in the case of curves. Therefore,
some curvilinear models are reported to fill the gap. For
example, the constant turn rate and velocity model and the
constant turn rate and acceleration (CTRA) model [129]. The
earlier described two models assume that the vehicle velocity
and yaw rate are unrelated. However, the vehicle velocity is
usually highly coupled with the yaw rate, especially in the case
of high velocity. To this end, some combined model is used to
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estimate the preceding vehicle state. Wang et al. [124] proposed
a combined model-based estimation scheme. Unlike conven-
tional models, the new model is constructed on the basis of
the host vehicle and the preceding vehicle, as well as the road
constraints. Accordingly, Liu et al. [130] proposed an inte-
grated longitudinal and lateral state estimation algorithm,
which exploited the coupled nonlinear properties of vehicle
dynamics to enhance the accuracy of state estimation of the
preceding vehicle. Furthermore, a CTRA model, a bicycle
model, and a UKF are used to predict the motion state of the
preceding vehicle [131]. Typically, these methods assume that
some model-inherent parameters of the preceding vehicle are
known. Unfortunately, these parameters are often difficult to
measure with host vehicle sensors.

Vehicle-to-vehicle (V2V) makes it possible to exchange
intrinsic parameters between vehicles [132]. As a result, the
host vehicle is able to receive the preceding vehicle state
directly through V2V communication, but the host vehicle
cannot receive the preceding vehicle state during the sampling
interval. Thus, it is impossible to directly use V2V communi-
cation to obtain the preceding vehicle state, and an additional
estimator needs to be designed. Zhou et al. [133] utilized V2V
communication to receive sensor data from the preceding
vehicle and proposed a vehicle state estimation method.
Schinke et al. [134] designed an estimation framework to
predict the state of a lead and following vehicle simultaneously
in a V2V communication environment.

In addition, many V2V communication systems transmit
information periodically, which is typical of time-triggered
systems. However, the periodic transmission might consume
more network bandwidth, while event-triggered systems [135]
are able to reduce the transmission of information while
ensuring estimation performance. To this end, Wang et al.
[136] first proposed an event-triggered framework for the state
estimation of the preceding vehicle. The event-triggered
scheme is shown in Figure 9. It will decide whether to send
sensor information from the preceding vehicle to the host
vehicle based on a specific threshold to achieve a balance
between estimation accuracy and communication cost. Their
test results show that the proposed method can effectively
balance the communication rate and estimation accuracy.

Further, interactive multi-model event-triggered UKF
considering the advantages of different models is also
presented for state estimation of the preceding vehicle [137].
The earlier discussed studies fully considered the advantages
of V2V communication but ignored the effect of data loss. To
address this issue, Lv et al. [138] designed an event-triggered

m The event-triggered scheme.
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Ego vehicle

CKEF considering data loss to estimate the preceding vehicle
state in a connected vehicle environment. Simulation test
results show that by properly adjusting the threshold, an ideal
trade-off between transmission rate and estimation accuracy
can be achieved, and the influence of packet loss is signifi-
cantly reduced. Therefore, using V2V communication to
predict the motion state of the preceding vehicle is the current
mainstream research direction.

3. Estimation of Tire-Road
Friction Coefficient

In the vehicle neighborhood system, in addition to obtaining
the vehicle state, we also need to get the TRFC. Studies have
shown that traffic accidents are more likely to occur on roads
with low friction coefficients. The magnitude of the longitu-
dinal and lateral tire forces is related to the TRFC. Hence, the
TRFC can indirectly affect vehicle stability [139]. However,
the TRFC cannot be measured directly by onboard sensors.
Thus, some estimation methods need to be utilized to solve
the problem. Existing studies on TRFC estimation are mainly
on the basis of data-based and model-based approaches. The
variation of road texture affects the magnitude of TRFC [140]
and different road textures are shown in Figure 10.

For this reason, researchers used cameras to acquire a
lot of road images and estimate TRFC using a data-based
approach. Holzmann et al. [141] made use of camera pictures
to estimate the TRFC. Du et al. [142] presented a knowledge-
based deep NN to predict TRFC based on road texture
pictures. Leng et al. [143] proposed a fusion strategy to
identify TREC. Yu et al. [144] used a backpropagation NN to
predict the TRFC. This kind of method has good estimation
performance in high visibility environments, but their esti-
mation accuracy may be decreased in a night driving envi-
ronment. To address the problem, several approaches on the
basis of mechanical response have been proposed succes-
sively. Singh et al. [145] presented a methodology to deter-
mine the TRFC utilizing tire vibration. Furthermore, the
intelligent tire with advanced sensors was also used to
identify TRFC [146, 147, 148]. Several other sensors are also
used to estimate TRFC, such as ultrasonic sensors [149], laser
profilometers [150], wireless piezoelectric tire sensors [151],
and magnetometers [152].

m The different road textures.
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TABLE 2 Summary of longitudinal dynamics-based methods.

Number Models

1 Magic formula model

2 Magic formula model

3 Magic formula model

4 LuGre dynamic model

5 Pseudostatic LuGre model
6 Burckhardt model

7 Burckhardt model

8 Modified Burckhardt tire model
9 Magic formula model

10 Single-wheel model

n Six DOF vehicle model

12 Four-wheel vehicle model

In recent years, other data-driven approaches have been
proposed. It is also a common method to use a NN to describe
vehicle dynamic behavior, and then use a genetic algorithm
to optimize the NN to identify TRFC. Zhang et al. [153] estab-
lished a mapping method to predict TRFC by a regressive NN.
Ribeiro et al. [154] used a time-delay NN to predict the TRFC.
Furthermore, other NNs have also been reported, such as
LSTM NN [155], gated recurrent unit network [156], deep
neural network [157], and the like. In general, data-driven
approaches are gaining more and more attention as the
computing power of onboard processors increases. However,
the estimation accuracy of such methods depends on the
completeness of the dataset. Meanwhile, this data-driven
approach needs to first obtain vehicle operating data before
identifying TRFC. However, if the method is transplanted to
another vehicle, the original identification method may fail.
Therefore, this data-driven method is currently difficult to
be deployed on vehicle chassis control systems.

Model-based estimation methods usually identify TRFC
based on the dynamic response of the vehicle. For the same
slip rate, the slope of the curve is different for different TRFCs.
Thus, according to this physical phenomenon, we can estimate
TRFC. Gustafsson et al. [158] first developed a new method
to identify TRFC utilizing the longitudinal slip slope.
Similarly, some research supplied more experimental data to
demonstrate the efficiency of the algorithm [159, 160, 161].
Furthermore, Rajamani et al. [162, 163] further enhance the
applicability of the type of method using GPS signals.
Although the earlier estimation method requires few sensors
and the prediction accuracy is within acceptable limits, its
robustness is an issue that needs to be addressed. Therefore,
estimating TRFC using tire force is another research direction.
The state observer and RLS are two commonly available
methods. Various model-based estimation methods have been
proposed, such as LuGre dynamic model [164, 165, 166], the
Burckhardt model [167, 168, 169, 170], the Magic Formula
model [171], the single-wheel model [172], and the six-DOF
vehicle model [173]. These parameters of tire models usually
need to be identified dynamically to improve the model’s
accuracy [174].
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Methodology References
Kalman filter [158, 159]
Reduced-order observer [160, 161]
RLS [162, 163]
State observer [164, 165]
Sliding mode observer [166]
Nonlinear curve fitting technique [167, 168]
Sliding mode observer [169]
Nonlinear estimator [170]
Improved nonlinear observer [171]

RLS [172]

RLS [173]
Fuzzy logic and Kalman filter [175]

In addition, Castillo et al. [175] developed a fuzzy logic
system to estimate the TRFC. Based on the real-time informa-
tion on motor torque and speed of four-wheel electric vehicles,
Xiaetal. [170] designed a TRFC estimation algorithm by using
the Lyapunov stability theory. This longitudinal dynamics-
based approach allows the TRFC to be estimated directly from
onboard sensor information and different estimation method
is shown in Table 2. The downside is that longitudinal
dynamics-based estimation methods usually require larger
excitation, while lateral dynamics-based methods also have
high estimation accuracy when the excitation is relatively
small. Yamazaki et al. [176] made use of lateral acceleration
information to estimate TRFC. To improve the adaptive of
the estimation method, cornering stiffness coefficient [177],
yaw rate [178], and aligning torque [179] were also used for
TRFC estimation. To make full use of the information from
multiple sensors, a fusion estimation method is proposed to
estimate the TRFC [180, 181]. Jin et al. [182] proposed a
method combining machine vision and vehicle dynamics to
predict TRFC. Furthermore, Shao et al. [183] proposed an
adaptive observer to estimate TRFC using steering torque
information. Other observers are also commonly used in
methods, such as extended Luenberger observer [184], online
gradient descent algorithm [185], nonlinear observer [186,
187], high-order SMO [188], and the like. Considering the
measurement noise of the sensor, the EKF [189] and UKF [190]
are used for the identification of the TRFC. In addition, the
particle filter is also used to identify TRFC [191]. The different
estimation method is shown in Table 3.

The aforementioned research is only based on longitu-
dinal or lateral vehicle models, which may lead to serious
estimation errors. For this reason, some scholars have
proposed hybrid estimation methods. The hybrid estimation
framework is shown in Figure 11. The hybrid estimation
approaches optimize the estimation results by dynamically
adjusting the weights of different estimation algorithms,
which greatly improves the estimation accuracy. Specifically,
this hybrid estimation method usually designs some integra-
tion algorithms for the weighted fusion of longitudinal and
lateral TRFCs to improve the estimation accuracy.
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TABLE 3 Summary of lateral dynamics-based methods.
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Number Models Methodology References
1 Brush model Analytical model [176]

2 Single-track vehicle model Analytical model [177,178]

3 Hypothetical brush model Direct model inversion [179]

4 Seven-DOF vehicle model The multi-sensor signal fusion method [180, 181, 182]
5 Single-track vehicle model Nonlinear adaptive observer [183]

6 Random-walk model Extended Luenberger observer [184]

7 Seven-DOF vehicle model Online gradient descent algorithm [185]

8 Single-track vehicle model Nonlinear observer [186, 187]

9 Single-track vehicle model High-order sliding mode differentiator [188]

10 Three-DOF vehicle model EKF [189]

n Single-track vehicle model UKF [190]

12 Single-track vehicle model Particle filter [191]

Ren et al. [192] designed a hybrid estimator considering
longitudinal, lateral, and yaw motions to improve estimation
accuracy. Feng et al. [193] proposed a moving sliding window
estimation strategy. The estimation algorithm can fully
consider the constraints of the estimator under the actual
physical conditions without relying on the initial estimation
information. However, the estimation performance of the time
domain-based fusion method will degrade under small accel-
eration conditions. Therefore, a frequency domain-based is
proposed to estimate TRFC [194].

Furthermore, using recursive least squares [195] to
predict TRFC dynamically based on longitudinal and lateral
tire forces is another common method. To further improve
the estimation performance, Qi et al. [196] designed an EKF
method to estimate TRFC based on tire forces. In order to
decrease the impact of old sensor data on the estimation
accuracy in the EKF, a limited memory adaptive EKF [197]
is presented to solve this issue. Furthermore, a UKF has also
been utilized for TRFC estimation in recent years.
Subsequently, Wang et al. [198] proposed a strong tracking
UKEF to identify TRFC. Similar studies have been reported
in [199]. The more advanced CKF has also received the atten-
tion of relevant scholars in recent years. Yin et al. [200]
proposed a new adaptive CKF to estimate TRFC. Experimental
results show that the estimation performance of the proposed
method is better than that of the traditional CKF. Particle

m The hybrid estimation method.

Hybrid estimation method
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filtering has also been shown to be an effective method [201].
Each of these estimation methods has different innovations
in terms of vehicle dynamics models or estimation algo-
rithms. To make it clearer for the reader to understand the
discrepancies between the different methods, some details
are presented in Table 4.

4. Summary and
Perspectives

In this article, we review and compare the state-of-the-art
methods for state estimation of the vehicle neighborhood
system. The latest estimation methods for different traffic
elements are systematically evaluated and summarized in
three broad aspects. Although many valuable research results
have been achieved, the problem of state estimation of the
vehicle neighborhood system is still challenging. The measure-
ment performance and noise statistics of onboard sensors are
time-varying due to aging or other driving environments such
as high temperatures. Most current estimation methods
assume that the noise follows a Gaussian distribution but the
noise of vehicle sensors in real driving environments may not
satisfy the Gaussian distribution. How to evaluate the perfor-
mance of onboard sensors online and design estimation
methods under non-Gaussian distribution is an urgent
problem to be solved. Especially for autonomous vehicles,
their driving decisions completely rely on correct sensor infor-
mation, and wrong or low-quality measurement information
may lead to wrong decisions or even traffic accidents. Some
non-Gaussian noise filtering algorithms can be employed to
estimate the vehicle neighborhood state such as particle
filtering or some advanced Kalman combined with machine
learning algorithms.

State estimation of vehicle neighborhood systems requires
consideration of the effects of severe coupling problems. The
mechanical interaction between the various physical compo-
nents of the vehicle body and the mechanical response of the

© Chen Lv
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TABLE 4 Summary of hybrid estimation methods.

Models

Three-DOF model
Three-DOF model

Active front steering model
Sensor-based model
Four-DOF model
Three-DOF model

Brush tire model
Four-wheel model
Three-DOF model

Number

O 0 N O Ul N N N —

tires to the road causes the state variables of the system to
be strongly coupled. In addition, the signals measured by the
sensors on board belong to different subsystems. Therefore,
additional state and parameter information is usually required
in advance to estimate the system state. Considering this
coupling problem, designing a distributed modular estimation
architecture is an effective approach to address this type
of problem.

The model-based estimation method can be applied to
normal driving conditions, but it may lead to a decrease in
estimation accuracy in some extreme conditions. In addition,
the simplification of mathematical modeling inevitably
reduces the accuracy of the vehicle dynamic model. The data-
based prediction method can get rid of the dependence on the
model but requires the data set to be as comprehensive as
possible, and its generalization performance needs to
be improved. How to make full use of the advantages of the
two types of methods and design a reasonable fusion strategy
to improve the state estimation of the vehicle neighborhood
system is also an interesting research direction. Based on the
above problem, designing a multi-model fusion algorithm
based on probability distribution is a promising solution.

In addition to improving the accuracy of state estimation,
the real-time performance of the algorithm is essential for
decision-making. The control cycle of a typical onboard elec-
tronic control unit is about 20 ms, which imposes specific
real-time requirements on the vehicle dynamic state estima-
tion. Furthermore, the computational performance of onboard
controllers is usually much lower than that of computer
processors. Considering the above-mentioned issues, using a
simple structured nonlinear observer, and deploying Field-
Programmable Gate Array is an effective solution.

The current traffic state information may not be good
enough for autonomous vehicles to obtain real-time decisions,
since future traffic information is also critical for them. Most
of the existing research methods are only able to estimate the
state of the system at the current moment. How to use machine
learning methods to achieve online prediction of the vehicle’s
motion state and TRFC in the future, which will greatly
increase the fault tolerance and rationality of autonomous
vehicle decision-making. Obtaining road traffic information
ahead using V2X and designing advanced filtering algorithms
that take into account the time series of information is the
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Methodology References
Hybrid estimator [192]
Moving sliding window method [193]
Frequency domain method [194]
Recursive least squares [195]

EKF [196]
Adaptive EKF [197]
Strong tracking UKF [198, 199]
Adaptive CKF [200]
Particle filtering [201]

key to solving this type of problem. Accordingly, this will
be the mainstream research direction of the state prediction
problem for vehicle neighborhood systems.
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