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Abstract. The acquisition of vehicle driving state parameters is the foundation for the active safety
of vehicles. However, due to the cost or parameters of sensors that cannot be directly measured,
accurate estimation of vehicle driving state parameters by low-cost estimators is crucial. In order
to solve this problem, a 3-DOF nonlinear vehicle dynamic model was established firstly.
Secondly, based on the principle of iterative maximum correntropy criterion (IMCC), the filtering
error was reduced by optimizing the minimum noise covariance matrix to ensure the convergence
and stability of long-term filtering. Combined with the adaptive iterative cubature Kalman filter
(AICKF) algorithm, the process and measurement of noise covariance were updated to improve
the accuracy and robustness of the estimation. Finally, the Carsim and Matlab/Simulink simulation
platforms were combined, and simulation experiments were conducted under two different
operating conditions, which were verified through real vehicle experiments. The results indicate
that compared to the cubature Kalman Filter (CKF) algorithm, the algorithm of iterative maximum
correntropy criterion of adaptive iterative cubature Kalman filter (IMCC-AICKF) has higher
estimation accuracy for yaw rate and side slip angle as well as longitudinal velocity.

Keywords: automotive engineering, cubature Kalman filter, iterative maximum correntropy
criterion, maximum correlation entropy, vehicle state estimation.

1. Introduction

The increasing number of vehicles in various countries around the world not only makes
people’s life more comfortable, but also increases the risk of traffic accidents. In order to reduce
the incidence and death toll of traffic accidents, an active safety technology for automobiles has
flourished since the 1990s. At present, the current estimation methods presume the application of
a model to estimate the vehicle driving status. And model parameters have a significant impact on
the estimation results. Fixed values are often used to estimate model parameters. The estimation
algorithm is mainly based on Kalman filtering and unscented Kalman filtering theory. Cubature
Kalman filtering (CKF) theory has been applied in driving state estimation due to its ability to
effectively solve nonlinear and divergence problems [1-3].

At present, the Kalman filter algorithm is widely used to design observers for estimating state
parameters such as vehicle speed [4]. In recent years, the improved Kalman filter algorithm has
been widely used in the state estimation for four-wheel motor vehicles. The extended Kalman
filter (EKF) theory can achieve state estimation of nonlinear systems in the entire vehicle, but this
method requires the calculation of complex Jacobian matrices and is affected by linearization
errors. Unscented Kalman filter (UKF) has been well applied in state estimation of four-wheel
drive vehicles. However, its accuracy in estimating vehicle parameters will significantly decrease
under strong nonlinear system conditions [5-7]. The idea of particle filter (PF) is to use a set of
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particles to represent probabilities and to extract random state particles from posterior probabilities
to express their distributions. However, this method may result in a loss of sample validity and
diversity during the resampling stage, leading to sample impoverishment. Many scholars used
particle swarm optimization particle filtering algorithm to achieve the vehicle state estimation,
leading to proper results. The Unscented Particle Filter (UPF) algorithm ensures good consistency
between the prior probability peak and the likelihood function peak, thereby reducing the particle
degradation. However, its computational accuracy is affected by system noise uncertainty and
lacks an adaptive adjustment mechanism [8-10].

Chen et al. used the cubature Kalman Filter (CKF) algorithm to calculate the posterior
probability density, and was currently the closest algorithm to the Bayesian filtering principle.
Compared with other commonly applied algorithms, this algorithm is calculated more quickly,
converged faster, and has higher convergence accuracy. Therefore, it had been widely used in
nonlinear systems [11, 12]. Wei et al. proposed an interactive multi-model cubature Kalman
filtering method that predefined multiple sets of estimation models and sets of statistical noise
characteristics, and used a model transition matrix to fuse the output results of multiple models to
maintain always the sub-model output with a small tracking error. This method improved the
estimation error caused by inaccurate noise statistics to a certain extent. Due to the dispersion of
onboard sensors in different locations of the vehicle, the measured signals belong to different
subsystems. The signal exchange between different physical components usually causes a strong
coupling between dynamic variables [13]. Dahal et al. proposed a novel Recurrent Neural
Network-based motion predictor [14]. Lin et al. proposed a new method for estimating road
adhesion coefficient by addressing the shortcomings of neural network models in road adhesion
coefficient estimation. Firstly, a dynamic analysis was conducted on the entire vehicle to clarify
the dynamic parameters related to the road adhesion coefficient, which were used as inputs for a
neural network model. Secondly, by simulating and collecting vehicle data under various
operating conditions, the dataset is completed. Finally, based on the Keras model, the
generalization ability of the model was improved by using filtering algorithms, k-fold cross-
validation, and Dropout regularization [15].

The CKF algorithm uses the spherical-radial cubature rule, which has the advantages of higher
stability and applicability to higher dimensional nonlinear filtering problems. But the estimation
accuracy is poor. To address this issue, the adaptive iterative cubature Kalman filter (AICKF)
algorithm has been proposed. This algorithm corrects process noise and measurement noise,
improves the estimation accuracy, and reduces unnecessary calculations. At the same time, the
algorithm performs well in estimating under Gaussian noise interference, but cannot handle non-
Gaussian distribution measurement noise well because it is derived based on the minimum mean
square error (MMSE) criterion and has limited adaptability.

In order to improve further the estimation performance, this paper applies the improved
algorithm of iterative maximum correntropy criterion of adaptive iterative cubature Kalman filter
(IMCC-AICKF) (with weighted least squares) for the vehicle state estimation. This algorithm
combines the maximum correlation entropy and weighted least squares and combines the
advantages of AICKF algorithm to improve the estimation accuracy through multiple iterations of
the state updating process. In addition, this algorithm also has reference significance for state
estimation problems under non-Gaussian noise in other fields.

2. Mathematical model of vehicle state estimation problem
2.1. 3-DOF vehicle model

The vehicle state estimation model is established based on a 3-DOF vehicle model.
The dynamic equation of the 3-DOF vehicle model is as follows [16]:
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The side slip angle of the center of mass is:
v
[ = arctan (Z) %)
Fig. 1. 3-DOF vehicle model
2.2. Tire model
The lateral forces of front and rear wheels can be expressed as [16]:
F,r =cra
yf Fefr
6
{Fyr =y, ©)

where ¢y and ¢, are the lateral stiffness of the front and rear tires. af and a,- are the front and rear
slip angles:

OF, s 0
Cf A =
aaf F =
(7)
dF,,
Cr = aa, a, =0.
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3. Adaptive iterative cubature Kalman filter algorithm based on improved maximum
correlation entropy

3.1. Maximum correlation entropy criterion

For any two random variables X and Y, the maximum correlation entropy can be defined as
[17]:

V(1) = E1G, (X = V)] = [[ Gyx = 9y ), )
Xy

where E[-] is the expectation operator; Fy y (x, y) is the joint probability density function; G,[-] is
the kernel function that satisfies the Mercer theorem and has a kernel width of . Due to the infinite
approximation ability of Gaussian kernel function on nonlinear models, the article adopts the
Gaussian kernel function which is expressed as:

_llx=y11?
Gy(x—y)=e 202 . )

3.2. Improved maximum correlation entropy cubature Kalman filter

Compared to the traditional maximum correlation entropy, the paper combines MCC and WLS
and incorporates them into the CKF algorithm to form an improved maximum correlation entropy
cubature Kalman filter (IMCC-CKF), which has good convergence, high accuracy, and stability.
On the one hand, the MCC criterion is used to handle non-Gaussian noise, and the high-order
information of non-Gaussian noise is characterized by introducing Gaussian kernel functions; On
the other hand, WLS plays a corrective role in the model by introducing the measurement noise
covariance matrix and prior error covariance matrix into the maximum correlation entropy
criterion to modify the cost function, further improving the estimation accuracy of vehicle states.

The IMCC-CKF algorithm includes two steps: time update and measurement update. The
specific implementation steps are as follows.

Before the algorithm iteration begins, a series of parameters need to be initialized, so the initial
state values X, and initial values P, of the error covariance matrix are defined.

Step 1. Time update: The cubature points are generated from state estimation values Xj,_; and
error covariance matrix estimation values Py _:

Sk-1 = chol(Py_,),
{ 1) (10)

Xplq = Sp-1G + Ry,
where chol(-) is the Cholesky decomposition; S;_; is obtained by the Cholesky decomposition
of Py_q; x,({lzl is the ith cubature point at time k — 1, i = 1,2, ---,2n; {; is the cubature point set
which is expressed as:

(= {\/ﬁ[a]i, i=12,,n, 1)

—n[8];, i=n+1n+2,-2n,

where [8]; is the ith cubature point which is expressed as [§]; = [I, —I,]; I, is the n X n
Identity matrix.

The cubature point x,il(,?_l propagated by the nonlinear state function f(+) is:

s = F(x2))- (12)
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The prior state value X ,_1 is expressed as:
2 o (13)
Xilke-1 = 5~ 2 Xgjg—1-

[ 2n /2 k-1

The prior error covariance matrix Py, _; is expressed as:

P —izznx*(” O g 2T +Q (14)
Hlie=1 = 5 2 Xelke=1%klie-1 klk—1Xk|k—1 k-1-

Step 2. Measurement update: Cubature point sampling again through Xy, and Py,_4:

® (15)

{Sklk—l = chol(Pyjk—1),
= Skik-1G; + Rijk—1-

Xkik—1

The expressions of the transform value and predicted measurement value of the cubature point
are as follows:

® _ ®
Zyjk-1 = h(xkllk—l ) (16)
2n
1 .
Zrik-1 = 5 Zz(c?k—v (17)
i=1

where z,((ilgc_l is the quadratic propagation of the nonlinear measurement function h(-) on the

cubature point.
The covariance matrix of the predicted measurement error is equal to:

P —izzn z® 2O ka2l +R (18)
zz,klk—1 — 2ni=1 klk—1%k|k—1 klk—-1%k|k—1 k—1-

The covariance matrix P, 1 of the predicted measurement error is equal to:

2n
1 . o A
Przkik-1 = ﬂz xiﬁl_l zl((ll)k—l — Ryei—12Zh r-1- (19)
=1

The pseudo measurement matrix Hy, is obtained as follows:
H, = P~ Pqi (20)
xzklk—1Fklk—1"
Then the measurement function can be approximated as:

dh
Zp ~ h(Ryp-1) + v lep=tiees Xk = Riek—1) + Vi = Zipg—1 + He(X — Rpge—1) + 5. (21)
k

Combining WLS with Gaussian kernel involves adding relevant weight matrices R;* and
Py k1 to the Gaussian kernel function. The cost function of the Gaussian kernel function based
on the weight matrix is:

Imce(Xi) = Gy (”Xk - ﬁk|k—1”§plzl}c_l)> + G, (”Zk — Zygi—1 — Hye (% — ﬁklk—1)||2R’—(1): (22)
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where ||||3 = (-1)TA(") is the weighted squared Mahalanobis distance of vector A. The Gaussian
kernels with squared Mahalanobis distance are redefined as:
I (23)
Go(II-17) = e 202
The optimal estimation of X, obtained by maximizing the objective function is:

Ry = argmax/ycc(Xy). (24)
Xk

In response to the difficulty in obtaining analytical solutions for the optimization problem
mentioned above, the iterative Gaussian-Newton method based on gradient descent is used to
solve the above equation, and the state vector equation at time k is obtained as follows:

’A‘;(tuc = Rplk-1 T K;'ct (Zk - Hk(f‘;ﬁk—l) - lTlIict(f‘klk—l - ’A‘;.ctll_cl))' (25)
where:

H;} = (P).‘;ty‘k)TP,;li__'l, B (26)
Ry = (Pyy)” — Hic Py (O, @7
Ri¢ = [LE(HOTREAY + LiPgL_, 17 LEHDT RO, (28)
Lf = G, (”Zk - Hkxk”R,;l) =i (29)

it — _3 .
Ly =G, (”Xk Xklk—1||pk-|}(_1> xp=2it1 (30)

The covariance matrix P of state estimation error is calculated as:
Pit = (1 - REA Py, (1~ READT + RERE R &
The state vector x and covariance matrix P after j iterations are calculated are as follows:

R, = &1, (32)
P, =P, (33)

Gaussian kernel plays an important role in any entropy filtering algorithm. In Egs. (29)-(30),
the smaller the values of o are, the smaller the gain K& will be. Under Gaussian noise, the filtering
performance may decrease or even diverge. In real-world applications, the Gradient descent
optimization method which firstly initializes ¢ as the global median distance and then use
backpropagation or Bayesian optimization to adjust ¢ is used to determine o. At the same time,
the weights L and L"qt are used to adjust the gain K¥, and there is no need to invert the diagonal
matrix containing error indices, effectively avoiding the numerical problem of algorithm failure
caused by encountering large observation errors.

Due to the varying optimal kernel sizes in different noise environments, it is necessary to
improve the adaptive method for kernel size. Appropriate kernel size is crucial for improving
robustness and performance.

3.3. Improved algorithm of maximum correlation entropy for adaptive iterative cubature
Kalman filter

The application of a covariance matrix of fixed process and measurement noise can lead to
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estimation errors and make it difficult to meet practical needs. Therefore, based on the IMCC-CKF
algorithm, adaptive and iterative methods are further adopted to improve the accuracy of the
algorithm. The role of WLS is to minimize the estimated variance by adjusting the weighting
matrix. The combination of these two will result in constructing a new objective function.
Meanwhile, the AICKF can adjust the filter gain and covariance matrix in real-time based on the
current measurement situation.

In order to better adapt to external dynamic interference, the article further improves the
accuracy and stability of the algorithm by adaptively adjusting the covariance matrices of process
and measurement noise.

In this algorithm, the information from the observed residual sequence is applied to adaptively
update the noise covariance matrix, instead of using a fixed noise covariance matrix for recursive
estimation to improve the estimation accuracy of the algorithm. The specific calculation method
is as follows:

The residual of the relevant output observation vector is calculated as:

Vi =2y — iklk—l- (34)

The residual covariance matrix of the relevant output observation vector is calculated as:

k
1
B = 2 ei(e)". (35)
j=

k-M+1

The covariance matrix of the process noise at time k + 1 is updated as follows:
Qi+1 = KL E (KD (36)
The covariance matrix of the observation noise at time k + 1 is updated as follows:

2n

Rit1 = Ep + Z wci[z}(;ﬁ(_l - 2k|k—1][zl(cl|)1(_1 = Ze—1]" (37)
i=0

By combining the improved maximum correlation entropy cubature Kalman filter with
iterative optimization and adaptive adjustment, the accuracy can be improved while maintaining
the algorithm efficiency.

4. Numerical simulation and experimental verification

This article uses the IMCC-AICKF method to filter and estimate the yaw rate and side slip
angle as well as the longitudinal velocity. A Carsim and Matlab/Simulink joint simulation
platform is established for simulation, and the results are compared and analyzed with traditional
cubature Kalman filter simulation.

4.1. Numerical simulation
4.1.1. Double-lane change condition

The simulation results of the yaw rate and side slip angle as well as longitudinal velocity of
the vehicle under the double-lane change condition are shown in Fig. 2.

From Figs. 2(a)-(b), it can be seen that compared to the traditional CKF algorithm, the filter
estimation values of the IMCC-AICKF algorithm can better approach the reference values. And
the deviation at the peaks and valleys of the curve is relatively small, and it has a significant noise
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suppression effect. From Fig. 2(c), it can be seen that under the double-lane change condition, the
longitudinal velocity estimation value of the IMCC-AICKF algorithm finally converge to the
reference value and is significantly closer to the reference value than the traditional CKF algorithm
that leads to a faster convergence speed and higher computational efficiency. In the case of
unknown noise conditions, the IMCC-AICKF algorithm has a stronger noise suppression effect
and better stability and robustness. From Fig. 2(d)-(e), it can be seen that the error of side slip
angle of the IMCC-AICKEF algorithm is smaller than that of the CKF algorithm indicating the
higher estimation accuracy of the proposed algorithm. This is because the proposed method uses
the MCC algorithm to process measurement noise. And the values of adaptive factors are
determined from different measurement environments, and the covariance matrix of the observed
noise is adjusted online through the adaptive factors, thereby completing the estimation of the
state and real-time update of the covariance. The IMCC-AICKF algorithm can effectively
suppress non-Gaussian noise and ultimately exhibit relatively high convergence accuracy,

demonstrating the advantages of the IMCC-AICKEF algorithm in dealing with non-Gaussian noise
problems.

15 0.5,

Reference / Reference

10 IMCC-AICKF IMCC-AICKF
~ CKF < CKF
" 3 0
[ [
$ g
s 5=
g 0 ”m
= g-o,s
E
10 -1
0 2 4 6 8 10 12 0 2 4 6 8 10 12
Time/s Time/s
a) b)
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oA [
; 5 005
E18.1 3
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2 18 o
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~
o
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o
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Fig. 2. Simulation results under double-lane change condition: a) yaw rate; b) side slip angle;
¢) longitudinal velocity; d) error of side slip angle; ¢) mean of absolute error of side slip angle

4.1.2. Serpentine condition

The simulation results of the yaw rate and side slip angle as well as longitudinal velocity of
the vehicle under the serpentine condition are shown in Fig. 3.

From Figs. 3(a)-(b), it can be seen that at the peaks and valleys of the curve, compared to the
traditional CKF algorithm, the IMCC-AICKEF algorithm can better approach the reference value,
with relatively small deviations and strong suppression of noise fluctuations. From Fig. 3(c), it
can be seen that under the serpentine condition, the longitudinal velocity estimation value of the
IMCC-AICKF algorithm finally converge to the reference value and is significantly closer to the
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reference value than the traditional CKF algorithm that indicates at a faster convergence speed
and higher computational efficiency. In the case of unknown noise conditions, the IMCC-AICKF
algorithm has a stronger noise suppression effect and better stability and robustness. From
Fig. 3(d)-(e), it can be seen that the error of side slip angle of the IMCC-AICKF algorithm is
smaller than that of the CKF algorithm demonstrating the higher estimation accuracy of the
proposed algorithm. On the one hand, the MCC criterion is used to handle non-Gaussian noise,
and the high-order information of non-Gaussian noise is characterized by introducing Gaussian
kernel functions. On the other hand, the WLS plays a corrective role in the model by introducing
the measurement noise covariance matrix and prior error covariance matrix into the maximum
correlation entropy criterion to modify the cost function, further improving the accuracy of vehicle
state estimation. Meanwhile, the IMCC-AICKF algorithm combines adaptive factors with an
improved maximum correlation entropy criterion, enhancing the adaptability of the algorithm.

10 04 ;
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Reference 02 IMCC-AICK
s IMCC-AICKF e CKF
7 ; >
5 CKF %0
g H
Z, 502
H
= 3
“ 04
'50 5 ) 10 5 0% 5 10 s
Time/s Time/s
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=23 c o
'.'({I %‘;n
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T 22 2
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£ e g AT
2215 ILMK(FL'AKK' % 0.05 IMCC-AICKF
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:
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o
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Mean of absolute error of side slip angle/(°)

IMCC-AICKF CKF

e)
Fig. 3. Simulation results under serpentine condition: a) yaw rate; b) side slip angle; c) longitudinal
velocity; d) error of side slip angle; €) mean of absolute error of side slip angle

4.2. Sensitivity analysis

A sensitivity analysis demonstrating the algorithm performance under varying noise levels and
different road conditions was made.

The root mean square error (RMSE) under varying noise levels and different road conditions
are shown in Table 1 and Table 2. The expressions of the indicators are as follows:

2
Zg=1 (xklk - xactual(k)) (38)
N )

RMSE (x) =

where Xy, and Xxg¢1yq1 (k) are the estimated and the real value at time k respectively.
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Table 1 is the RMSE of the estimated parameters (Side slip angle) for two algorithms under
different road conditions.

From Table 1, it can be seen that the RMSE value of the estimation parameters of IMCC-
AICKEF is smaller than that of the CKF algorithm. This indicates that the IMCC-AICKF algorithm
can effectively suppress non-Gaussian noise interference and has high estimation accuracy. This
is mainly because the CKF algorithm is based on the MSE criterion, which is more sensitive to
larger outliers in non-Gaussian noise environments. The IMCC-AICKEF algorithm is based on the
MC criterion, which can capture high-order statistics in non-Gaussian distributions. Appropriate
kernel width parameters, if selected, can effectively suppress outliers in non-Gaussian noise and
achieve high estimation accuracy. The RMSE of both algorithms under the slalom road condition
is greater than that under the double-lane change road condition, due to the significant curvature
variation of the slalom road. At the same time, the IMCC-AICKF algorithm can quickly converge
to the actual value under different operating conditions, and its accuracy is still higher than CKF,
which verifies that the IMCC-AICKF algorithm can estimate the vehicle state with higher
accuracy under different operating conditions, reflecting the effectiveness and robustness of the
algorithm.

Table 2 is the RMSE of the estimation parameters (Side slip angle) of two algorithms under
different initial values of the covariance matrix of measurement noise.

Table 1. Analysis of estimation errors of states under different road conditions

Side sli | Double-lane change road Slalom road
16¢ TP A8 'IMCC-AICKF | CKF | IMCC-AICKF | CKF
RMSE 0.00132 0.00301 0.00156 0.00352

Table 2. Analysis of estimation errors of states under different initial conditions
of measurement noise covariance matrix

u Initial value of R
eye(3) X 0.01 | eye(3) X 2
IMCC-AICKF 0.001 0.003
RMSE CKF 0.002 0.081

Table 2 shows that when the initial value of the measurement noise covariance matrix is
R, = eye(3)x0.01, the estimation accuracy of IMCC-AICKEF for the side slip angle is improved by
50 % compared to CKF. When the initial value of the measurement noise covariance matrix is set
to R, = eye(3)x2, the estimation accuracy of the side slip angle after using the IMCC-AICKF is
improved by 96 % compared to CKF. This indicates that CKF is very sensitive to the initial value
of the covariance matrix of measurement noise, which is also the reason why it is difficult to
ensure the estimation accuracy of CKF in practical applications. The IMCC-AICKF algorithm
proposed in this paper not only improves the estimation accuracy but also has strong robustness.

In summary, the IMCC-AICKF proposed in this article has significant advantages in
estimation accuracy.

4.3. Experimental verification

A virtual test using the CarSim software is conducted to verify the feasibility of the simulated
results.

CarSim is a simulation software specifically developed for vehicle dynamics. This software
enjoys a high reputation both internationally and domestically, and is adopted by numerous
automobile manufacturers and component suppliers. The main user interface of CarSim software
consists of two modules: scalable graphical user interface (SGUI) and graphical data management
system. Its model runs 3-6 times faster in a computer simulation than in the real-time
measurements. In the database, parameters such as road environment information, driver model,
vehicle model, and aerodynamic response can be set. The CarSim simulation platform has the
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advantages of accuracy, convenience, good visualization, high cost-effectiveness and real-time
monitoring, and has good practicality for the study.
At the same time, this paper conducted real an experimental verification research for a vehicle.
The real experimental vehicle is shown in Fig. 4. The measurement devices are shown in Fig. 5.
The experimental results of the longitudinal velocity and yaw rate as well as side slip angle of
the vehicle under the double lane changing condition are shown in Fig. 6.

w
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3 z
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K Virtual test value > Virtual test value
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Time/s Time/s
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g

E=l

@ 0-

o
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w

2
40 1 2 4 5 6 7 8
Time/s
¢)

Fig. 6. Experimental results: a) longitudinal velocity; b) yaw rate; c) side slip angle

It can be seen that the results of the virtual test and the simulation value do not coincide. This
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is because the model in the virtual test ignored the nonlinearity of the steering and suspension
systems. And this explains the inconsistency between the virtual test value and the real vehicle
test value. And the model error increased by about 4.99 %, 3.92 % and 3.59 % for the longitudinal
velocity, yaw rate and side slip angle compared with the corresponding real vehicle test values.
However, compared to the traditional maximum correlation entropy studies, this paper combines
the MCC and WLS, and incorporates them into the CKF algorithm to form an improved maximum
correlation entropy volume Kalman filter to improve the robustness of the filtering algorithm in
measuring abnormal situations. And the Gaussian kernel function is used as the adjustment factor
for correlation entropy. The adaptive factors are selected according to different measurement
environments and the covariance matrix of observation noise is adjusted to achieve good
convergence, high accuracy, and stability. So, the trends of the curves of both the test values and
the simulation values are sufficient to illustrate the correctness of the proposed method.

5. Conclusions

Based on the advantages of AICKF algorithm and maximum correlation entropy as well as
weighted least squares theory, this article applies an improved maximum correlation entropy
adaptive iterative cubature Kalman Filter algorithm to estimate the vehicle state under
non-Gaussian noise. In order to verify the effectiveness and accuracy of the IMCC-AICKF
algorithm, simulation experiments are designed under two different operating conditions:
double-lane change condition and serpentine condition. The simulation results show that the
IMCC-AICKEF algorithm had better filtering estimation performance for yaw rate, side slip angle
and longitudinal velocity under both conditions. In the case of unknown noise conditions, the
IMCC-AICKF algorithm had stronger noise suppression effect, better stability, and robustness.
The virtual results showed that the proposed algorithm could better estimate states of vehicles and
had good robustness, improving the accuracy of the filtering algorithm and enhancing its
adaptability. The algorithm proposed in this article can improve the accuracy of vehicle state
estimation in non-Gaussian noise environments and has good robustness, providing effective
technical support for the practical application of intelligent vehicle state estimation.

The weight matrix of the weighted least squares part needs to be adaptively adjusted according
to the noise characteristics, and improper selection can lead to performance degradation.
Therefore, in the future, the adaptive adjustment method of the weight matrix in the weighted least
squares part need to be researched.
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