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Abstract. Accurate estimation of the state parameters of vehicles during driving has always been
a focus of attention for researchers in the automotive industry. Traditional estimation methods
have the problem of larger errors. For this issue, a motion state estimation algorithm based on
whale optimization algorithm and support vector regression (WOA-SVR) that does not rely on
accuracy of the vehicle model and vehicle parameters was proposed for estimating the yaw rate
and side slip angle as well as longitudinal speed. Firstly, the dynamic characteristics of the vehicle
were analyzed and a two-layer SVR estimation structure was constructed. Then, Carsim was used
to collect data which was used to train SVR models on both sides of the estimation structure from
various operating conditions. The WOA algorithm was used to optimize the penalty factor and
kernel function parameter in the SVR algorithm to obtain the optimal algorithm parameters.
Finally, the feasibility of the WOA-SVR algorithm was verified through Matlab/Simlink
simulation and virtual experiments. The simulation results indicate that the root mean square error
(RMSE) of the yaw rate and side slip angle as well as longitudinal speed improves 67.8 %, 63.5 %,
69.9 % respectively. The verification results indicate that the WOA-SVR algorithm has good
estimation accuracy and robustness in vehicle state estimation.

Keywords: vehicle dynamics, vehicle state estimation, whale optimization algorithm, support
vector regression.

1. Introduction

With the development of the electrification and intelligence of automobiles, active control
systems and intelligent driving assistance systems are gradually being applied. A reasonable
approach is using low-cost sensors to obtain easily obtainable state information, such as
longitudinal acceleration, lateral acceleration, wheel speed, etc., and then obtain parameters
through estimation algorithms. Therefore, how to accurately and quickly obtain the driving states
has become a hot research topic. The purpose is to determine the state variables during the vehicle
driving process. It is not only a key technology for achieving active control of the vehicle chassis
but also an important prerequisite for optimizing control in autonomous driving and human-
machine co-driving problems. The longitudinal dynamics control of a vehicle includes: Traction
Control System, Antilock Brake System. The lateral dynamics control of automobiles includes
driving energy-saving control in autonomous driving and human-machine co-driving, and
optimized control of trajectory following, all of which rely on accurate estimation of vehicle status.
Some of these vehicle state variables cannot be directly measured and some of them require
expensive sensor equipment and strict installation arrangements for measurement, and some
measurement results require post-processing before they can be used, making many solutions
unable to be installed on mass-produced vehicles due to cost issues and only suitable for
configuration on research and development prototype vehicles. Therefore, mature and available
vehicle state estimation schemes should be within an acceptable cost range, equipped with
multiple direct or indirect measurement sensors, and achieve multi-source information fusion
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through vehicle state estimators to provide vehicle state data that meets the needs [1-3].

Ok et al. proposed a convolutional neural network estimator which could obtain the required
variables without using expensive sensors [4-6]. Zhu et al. designed a Luenberger observer to
provide data support for the active front wheel steering system in order to suppress internal and
external interference [7]. Xing et al. constructed an adaptive particle filter by introducing the latest
observation data, which had efficient estimation capability for nonlinear dynamic vehicle systems
[8]. Liu et al. used EKF as a basis to reduce the impact of noise on estimation results by adjusting
the noise covariance matrix in real-time [9]. Wan et al. designed an error minimization method
for UKF under unknown noise conditions. By real-time correction of noise, the robustness of the
algorithm was improved [10]. Xia et al. established a cubature Kalman filter (CKF) method and
verified the effectiveness of the estimation algorithm through real vehicle experiments [11]. The
above-mentioned research objects were mostly traditional automobiles, and the Kalman filter
estimation algorithm was based on the improvement of the algorithm on the basis of third-order
accuracy, which limited its accuracy improvement. Other estimation algorithms mainly fused
different algorithms, which were computationally complex and had high constraint levels on the
algorithm. They did not have high estimation accuracy for high-dimensional nonlinear models. It
can not only handle simple linear systems, but also complex multidimensional nonlinear systems
[12-14]. Liu et al. proposed a limited memory filter (LMF) that stores historical measurement data
of a certain memory length, calculates the conditional probability density function and its
parameters, namely the mean and covariance matrix, under nonlinear conditions overcoming the
divergence of the filter [15]. Liu et al. proposed an extended Kalman algorithm with limited
memory noise online estimation to address the statistical lag problem of gradient noise in new
residual sequences, which improved the filtering detection speed and computational accuracy to a
certain extent [16]. Lv et al. combined the minimum model error criterion with EK filtering to
propose a state estimation system that considered arbitrary nonlinear model errors and Gaussian
white noise. This system could effectively detect dynamic errors and use them for model updating
[17]. Park proposed a new adaptive random weighting filtering algorithm and established a
random weighting theory under limited memory conditions [18]. Simulation analysis indicated
that this algorithm could effectively suppress the influence of unknown statistical characteristics
of measurement noise.

Therefore, this article proposes a vehicle motion state estimation algorithm based on
WOA-SVR. By analyzing the basic dynamic characteristics of the vehicle itself, an SVR algorithm
structure is designed to achieve the estimation of the vehicle motion state. Then, Carsim/Simulink
is used to collect data from various operating conditions and train the SVR model. During the
model training process, the WOA algorithm is used to optimize the penalty factor and kernel
function parameter in the SVR relaxation variables. Finally, the feasibility of the WOA-SVR
algorithm is verified through simulation and virtual experiment.

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

It is assumed that the influence of the steering transmission mechanism on the two front wheel
steering angles is ignored; The vehicle is in planar motion; The pitch and roll motion and their
coupling as well as the influence of suspension are ignored; The bouncing between the body and
chassis is ignored; The influence of wheel camber angle and return torque on the vehicle dynamic
performance is ignored. 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 Egs. (1-4) [19]:

_ a2k1 + b2k2 (l)r + ak1 - bk2

. aky
Wy = -

s, (1)

B

I, u I, I,
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u = a, + vx, (3)
ak, — bk, ki +ky kg
a, = — w, + — [3—%(5. 4)
The side slip angle of the center of mass is:
v
B = arctan (Z) (5)

2.2. Tire model

The brush tire model and the magic formula tire model can accurately describe the nonlinear
relationship between the longitudinal and lateral forces of the tire and the side slip angle, slip ratio,
tire vertical load, and road adhesion coefficient. Under normal driving conditions of a vehicle,
when the tire side slip angle is small, the lateral force of the tire is linearly related to the side slip
angle, and the lateral force of the tire can be linearized as [19]:
{I;yf B szf' ©

yr rtr

where ¢; and ¢, are the lateral stiffness values of the front and rear tires. ar and a,. are the front
and rear slip angles:

Edown — (f{iown’ géiown’ . _glown . (7)

Fig. 1. 3-DOF vehicle model

3. WOA-SVR method
3.1. Support vector regression (SVR) algorithm

If there are m circular dots distributed in a two-dimensional plane, then the given dataset T is
[20-21]:

T = {(x(l)’ y(l)), (x(z), y(z))’ e (x(m)’y(m)’ )} (8)

The sample points in dataset T are fitted onto hyperplane h(x®) = ¢(x®)8® + b, where
@ (x®) is the data point on the plane; 8 = (8, 0@, ..., 1) is the model parameter vector; b is
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the bias. The sample points farthest from the hyperplane are called support vectors. The geometric
interval d between the support vectors and the hyperplane h(x®) is:

d=y®- (p(x®)6® +b)- ”9” ©)

It is assumed that there are n support vectors. The relaxation variables are added to maximize
the interval. And the objective function becomes:

Sl + cZ(f-“p +gfowm),

gbfup fdownz
YO = p(x )00~ b < g7+ o)
S.t. (p(x(l))g(l) +b— y(l) < éidown te
g7 =0, &ovmzo,

where &P and gdownare the up and low bound vectors of the relaxation variables;
EuP = (&7, 8T, &P); gdown = (gfown gdown ... gdown). ¢ is the penalty coefficient; € is
the tolerance of losses.

The penalty coefficient cc > 0 is used to control the balance between the interval and the
relaxation variable penalties. Then the quadratic programming problem is transformed into a
convex optimization problem. The Lagrange function is constructed as follows:

L(Q(i) b, Eup down Aup Adownjﬂl 'ML own)

= —||e||2 + cz(fup + glowmy 4 Z e Z down gdown

i=1
n

+ Zlijown [(p(x(i))g(i) +b— y(i) _ étidown _ 8)],

i=1

SPoadown P pdoWn are the Lagrange variables.

The results of each parameter can be obtained by taking partial derivatives of parameter 8,
b, ¢, ‘P gdown and making each partial derivative equal to 0. Eq. (12) can be obtained by inputting
the results of each parameter into Eq. (11):

where 4;

L(Q(i) b, fup fdown Aup Adown“ul "ul own)

—9T9 + CZ &P — Z,u:‘pg“p Zlupga(x(l))e(‘) + Zlupb + Elupy(z)
z Aupfup Z lupg + CZ Sdown Z ‘udownfldown + z Adownq)(x(l))e(l)
(12)
+ z Adownb z Adowny(L) Z Adownsdown Z Adown
— Zy(i)(/llim _ Atiiown) _ SZ(A;W + A?own)
i=1 i=1
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— _Z(Aul’ Adown)(p(x) Z(Aup Adown)((p(X))T
Z[y(l)(lup 24own) _ g(21P 4 pdown)]

By minimizing the value of ¢; [P gdown

model parameter 8 can be derived:

corresponding to Eq. (12), the optimal value of the

0" =) (1 - 2P, (13)
i=1

The KKT condition for SVR is:

AP GO - M0 —b -7 — &) = 0,

A?own(q,(x(i))g(i) +bh— y(l') - fid"W” —&) =0,

yD — (D)W —p— &P —c <0,

L)W + p—y® —gdown _ ¢ <, (14)
(c— Az_iown)fdown =0, (c Adown)fdown =0

fupfdown =0, Elup >0, Eidown >0,

0< AP, AdWn <, upAfoWt = 0.

According to the KKT condition of SVR, multiple b can be obtained by b = y® —
@(x®)8 — &, and the average of multiple b values can be used as the final result:

n

1 .
b _—§b (15)

i=1

The final SVR hyperplane can be obtained by substituting 8* and b* into the hyperplane
expression:

y(l) = (p(x(l))g*(l) + b*

Z(A"” 2o p (1) (p ()T - —Z(y@ +e)

__le(’l =2 [0 () ()"

3.2. Selection of kernel function

(16)

When the dataset is not linearly separable in the original features, a kernel function ®(-) is
introduced in the support vector machine, and then performing dataset classification in the
high-dimensional space. The kernel function is used to solve the calculation of sample distance
||<IJ(xL-) — d?(xj) || after mapping which is expressed as:
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”(D(xl) - CD(XJ)HZ = k(xl-,xl-) - Zk(xi, x]) + k(x],x]) (17)

The commonly used Gaussian kernel function is:

292

2
k(xl-, xj) = exp (— M), (18)

where g is the kernel function parameter.
3.3. WOA optimization algorithm

The distance and position vector between individuals in the WOA algorithm are [22]:

D=|C-X"(t) - X
{X(t+1)=X*(t)—A-D, (19)

where t is the current iteration count; D is the distance vector between the current whale and the
random whale; X (t) is the position vector; X*(t) is the position vector of the currently obtained
best solution; AandC are the coefficients, A = 2a(t)r;(t), C = 2r,(t). During the entire iteration
process, the convergence factor a linearly decreases from 2 to 0; r; and 7, are random vectors in

[0, 1.

’ Setting algorithm parameters ‘

!

’ Initialization of individuals in whale populations

—P{ Calculating individual fitness value ‘

Ye
@ ’ Outputting optimal parameters C and G

No

End
’ Update parameters 4 and C ‘
l Generating random number P ‘
Ye
P<0.5
No <w
Ye No
' v
Updating location through bubble net Randomly searching for food

Updating the optimal location

predation behavior updating locations

| |

Fig. 2. Processing of WOA optimizing the SVR parameters

There are two main mechanisms for whale predation in the WOA algorithm: encirclement
predation and bubble net predation. The position updating formula is as follows:

X*(t)—AD, p <05,

D’ exp(BL) cos(2rL) + X*(t), p > 0.5. (20)

X(t+1)={
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When |A| = 1, the search individual will swim towards the random whale to obtain the optimal
solution:
D"=C- Xrand ) - X(t);
(21)
X(t+1) = Xrgna(t) —A-D,

where D" is the distance vector between the current search individual and the random individual;
Xrana(t) is the current position of the random individual.

The processing of WOA optimizing the SVR parameters is shown in Fig. 2. And the structure
diagram of WOA-SVR state estimation is shown in Fig. 3.

Vehicle model

] \
a. . . .. . .
- pf;lct::s?fg —%>Tramm Model of WOA-SVR Estlmanon: Longitudinal velocity

Y

Yyvy

> A A

, o Filterir}g Training Model of WOA-SVR Estimation . YavY rate
processing Side slip angle

q, Y

Fig. 3. Structure diagram of WOA-SVR state estimation
4. Numerical simulation and experimental verification
4.1. Numerical simulation

To verify the performance of the proposed algorithm, a certain type of vehicle is verified by a
simulation test in the CarSim software.

CarSim is a simulation software developed by the American company Mechanical Simulation
specifically for vehicle dynamics. Used by over 30 automobile manufacturers, 60 automobile parts
manufacturers, and more than 160 research institutions and universities worldwide, it has quickly
become a leader in the field of vehicle dynamics simulation software since its inception. Due to
its ability to realistically reproduce the response of vehicles to external inputs such as drivers, road
surfaces, and aerodynamics through 3D animation, CarSim has been widely used in simulation
tests of vehicle comfort, braking performance, and handling stability. Research has shown that the
algorithm of the Carsim has good predictive performance for vehicle dynamics and different
operating conditions, and has high reliability. CarSim software provides three different ways of
solvers for researchers to use, namely CarSim internal model solver, custom model solver
extended through C language interface, and custom model solver extended through
MATLAB/Simulink. Through the latter two solvers, users can easily expand the internal models
of CarSim and integrate user-defined models into vehicle model for dynamics simulation to verify
the accuracy of the user-defined models.

To verify the estimation accuracy of the WOA-SVR algorithm, the CKF is used as the
comparison object in this paper. The steering wheel angle is the input. The vehicle parameters in
the Carsim are as follows: I, = 2765 kg-m?, m = 1845kg; a = 1.40 m; b = 1.55 m.
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Fig. 4. Flow chart of co-simulation of Carsim and Matlab/Simulink
4.1.1. Double lane changing condition

The double lane changing condition is used in the simulation experiment with a speed of
80 km/h and a road adhesion coefficient of 0.85.

Fig. 5 is the simulation results under the double lane changing condition. It can be seen from
Figs. 5(a)-(b) that the estimated values of the CKF and the WOA-SVR algorithms are closer to
the reference values. And also, both algorithms have different degrees of divergence, and the
reason for this may be that the tires enter the nonlinear area when the vehicle is cornering at high
speed. The comparison between the constructed prediction method and other estimation method
shows that the WOA-SVR algorithm proposed in this paper is effective, feasible, and has higher
accuracy. Fig. 5(c) indicates that the proposed method has smaller errors compared to other
algorithm, indicating that it has good generalization ability and can achieve good vehicle motion
state prediction results, and has high practical value. This is because the estimation results are
optimized iteratively by utilizing the performance of the fast convergence and easy escape from
local optima of whale optimization algorithm obtaining the optimized results through simulation.
However, the computational cost of the algorithm is relatively high, and further optimization is
needed in practical applications.

. Side slip angle/(°)

Yaw rale/((‘?)vs‘] )

—Carsim
— WOA-SVR q — WOA-SVR

— Carsim

_ _CKF - -CKF
10 , . . , . 1 | I I | I
0 2 4 8 10 12 0 2 4 8 10 12
Time/s Time/s
a) b)
22.4
En nal ——Carsim S - |
g —WOA-SVR ,/
1 — —CKF .
8 22.35F _—"7 q
2 -
; /
£ 2230 / 1
£ . ST
Ed P e
§ 22.25¢ - —_— q
S P
. . . . .
0 2 4 6 8 10 12
Time/s
©)

Fig. 5. Simulation results: a) yaw rate, b) side slip angle, c) longitudinal speed

The computation cost is shown in Tables 1. From Tables 1 it can be seen that the WOA-SVR
algorithm does not have too high computation cost. We can adopt an elite retention strategy by
only conducting fine searches in the vicinity of the current optimal solution to reduce the
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computational complexity of global searches.

Table 1. Comparison of the computation cost under the double lane changing condition

Algorithms | Total times (s)
CKF 6.317
WOA-SVR 6.382

4.1.2. Serpentine condition

The serpentine condition is used in the simulation experiment with a speed of 65 km/h and a
road adhesion coefficient of 0.85.

Fig. 6 is the simulation result under the serpentine condition. It can be seen from Figs. 6(a)-(b)
that the estimated values of the WOA-SVR algorithm are closer to the actual values. And the
estimation accuracy of the WOA-SVR algorithm is always better than that of the CKF. Fig. 6(c)
indicates that the proposed method has smaller errors compared to other algorithm. This is because
the SVR is a machine learning method suitable for small sample and multi-dimensional data.
Compared to traditional estimation method, the SVR method has better performance in estimation,
good non-linear regression and generalization abilities, faster training speed. And the SVR model
performs well in small sample situations with strong generalization ability. It has a large number
of kernel functions to use and can flexibly solve regression problems.

0 , . 0.5

— Carsim PN
N N

AL — WOA-SVR \
i

[
Side slip angle/(°)

Yaw rate/((°)‘s‘1)

=

a)
18.2.
Es —— Carsim )
2 182F  —WOA-SVR )/ 1
< -k -
g 18,15 - i
% -
E ) o T T T
£ 1saf , . R
K] 4 —
& ol _ __
218.05 5
-
18 , .

=
v
=
by

Time/s

<)

Fig. 6. Simulation results: a) yaw rate, b) side slip angle, c) longitudinal speed

The root mean square error (RMSE) and average absolute error (MAE)of the estimation value
relative to the virtual test value are given to verify the accuracy of the proposed algorithm which
are shown in Table 1.

Table 2 indicates that the WOA-SVR algorithm has significant advantages compared to the
traditional CKF algorithm under simulation verification conditions. The RMSE and MAE values
of traditional CKF is significantly higher than that of WOA-SVR algorithm demonstrating that
the WOA-SVR has a smaller estimation error and higher estimation accuracy.

4.2. Experimental verification

The Carsim software is used for a virtual vehicle test to verify the effectiveness of the proposed
algorithm.
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Table 2. RMSE and MAE indicators under the double lane changing condition
Evaluation index | State value CKF WOA-SVR
w, (deg/s) 0.9638 0.3102
RMSE B (deg) 0.1868 0.0682
u (km/h) 0.8463 0.2539
w, (deg/s) 0.0165 0.0142
MAE B (deg) 0.0022 0.0019
u (km/h) 0.6363 0.1911

At the same time, a real vehicle test is conducted to verify the effectiveness of the algorithm.
The real experiment vehicle and the measurement equipment’s are shown in Fig. 7 and Fig. 8
respectively.

Fig. 8. Measurement equipments

From Figs. 9(a)-(b) it can be seen that the WOA-SVR algorithm does not produce large errors
due to the sudden changes in the steering wheel while the CKF method has a large deviation
compared with the value from the actual vehicle experiment. This is because that by using the
WOA algorithm for optimizing the penalty function and kernel function parameters of SVR, the
algorithm is simple and can quickly escape the local optimal trap during training, with fast
convergence speed. The WOA-SVR method can be applied to estimate vehicle motion state
obtaining good estimation results with high accuracy and reliability as well as precision. Fig. 9(c)
shows the CKF algorithm generates a larger divergence after 5 s. This indicates that the
WOA-SVR algorithm has high robustness and accuracy.

5. Conclusions

This article proposes a vehicle motion state estimation algorithm based on WOA-SVR. By
analyzing the basic dynamic characteristics of the vehicle itself, an SVR algorithm structure is
designed to achieve machine learning estimation of the vehicle motion state. Then the Carsim
software is used to collect data from various driving conditions and train the SVR model. During
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the model training process, the WOA method is used to optimize the penalty factor and kernel
function parameter in the SVR relaxation variables. Finally, the feasibility of using the WOA-
SVR algorithm to estimate the vehicle state is verified through MATLAB simulation and virtual
vehicle experiments. The verification results show that the WOA-SVR algorithm has good
estimation accuracy and robustness to changes in vehicle speed, and can achieve accurate
estimation of vehicle motion states without relying on dynamic models.

—Real vehicle test value
20 N
— Carsim
—WOA-SVR N ]
— CKF

-1

Yaw rate/((°)-s™)
Side slip angle/(°)
=]

—Real vehicle test va]ue\
—Carsim

—WOA-SVR
— CKF

0 1 2 3 4 5 6 7 8 -5 1 5 ; . : 7 .

Time/s

b)

)
=
T
/
L

—Real vehicle test value
—Carsim
—WOA-SVR
— CKF
I ¢ I I 1 N
4
Time/s

©)
a) yaw rate, b) side slip angle, c) longitudinal speed

Longitudinal spccd/(km-h‘l)
8]
£

]
>

Fig. 9. Comparison of estimated and test values:

In the future, the factors of affecting the sensitivity, convergence speed, and convergence
accuracy of control parameters can be analyzed theoretically. And how to effectively balance the
local development ability and global exploration ability of algorithms should be researched to
provide theoretical support for the practical application of WOA-SVR. At the same time, how to
further improve the algorithm's efficiency is the future research direction.
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