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Abstract: Accurate and reliable estimation information of sideslip angle is very important for
intelligent motion control and active safety control of an autonomous vehicle. To solve the problem
of sideslip angle estimation of an autonomous vehicle, a sideslip angle fusion estimation method
based on robust cubature Kalman filter and wheel-speed coupling relationship is proposed in this
paper. The vehicle dynamics model, tire model, and wheel speed coupling model are established
and discretized, and a robust cubature Kalman filter is designed for vehicle running state estimation
according to the discrete vehicle model. An adaptive measurement-update solution of the robust
cubature Kalman filter is presented to improve the robustness of estimation, and then, the wheel-speed
coupling relationship is introduced to the measurement update equation of the robust cubature
Kalman filter and an adaptive sideslip angle fusion estimation method is designed. The simulations
in the CarSim-Simulink co-simulation platform and the actual vehicle road test are carried out, and
the effectiveness of the proposed estimation method is validated by corresponding comparative
analysis results.

Keywords: electric vehicle; sideslip angle; Kalman filter; fusion estimation; redundant
measurement information

1. Introduction

With the development of the automobile industry, people have higher and higher requirements for
active safety and ride comfort of automobiles [1–3], and many advanced electronic control systems, such
as electronic stabilization system, anti-lock braking system, traction control system, and anti-skid drive
system, have been widely used in vehicles [4,5]. In these electronic control systems, accurate and reliable
vehicle driving state measurement signal is one of the necessary conditions for closed-loop feedback
control [6–8]. Over the past decade, the research on intelligent transportation and autonomous vehicles
has been paid close attention to by the whole industry and has made vigorous developments [9–12].
In the process of intelligent driving of a vehicle, the driving state of a vehicle, especially the vehicle
sideslip angle, is very important for vehicle motion control and is closely related to vehicle stability
control effect. However, the vehicle sideslip angle is not easily measured directly, and expensive
sensors are usually needed [13–15]. In this case, researchers in the automotive field tend to design
corresponding vehicle sideslip angle estimators based on the vehicle model to calculate the size of
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the sideslip angle dynamically, thus as to replace the corresponding vehicle-mounted sensors [16–19].
Martin et al. [20] proposed a modular vehicle side-slip angle estimation method using a Kalman filter
and applied it on a banked and low-friction road.

In recent years, remarkable progress has been made in the research of vehicle driving state
estimation [21–23], including the estimation method of vehicle sideslip angle. In the actual driving
process, vehicle parameters such as tire cornering stiffness are time-varying. These time-varying factors
will cause very obvious non-linear interference in the vehicle model [24,25], which may directly lead to
a large deviation or even failure of the designed estimator. Consequently, it is necessary to design a
robust observer with the parameter perturbation being considered in vehicle state estimation. Zhang et
al. [26] established a nonlinear vehicle dynamic model with the time-varying characteristics of vehicle
parameters being considered, and designed a novel vehicle sideslip angle estimation method using the
finite-frequency H∞ approach to improve the robustness of estimation results.

Vehicle in motion is a complex coupled driving system, and the coupling relationship and
interaction between the different subsystems will affect the accuracy of estimation results [27–29]. With
the deepening of research and the improvement of complexity, some researchers have begun to engage
in the fusion estimation method of vehicle driving state, using different-model-based observers to
iterate and compensate each other, using the preliminary estimation results to further approximate the
real vehicle driving state, thereby improving the reliability and adaptive adjustment ability of the whole
estimation system [30–33]. Li et al. [34,35] designed a series of fusion methods for vehicle sideslip
angle estimation, which fused the observer based on vehicle kinematics model and the observer based
on vehicle dynamics model and applied them to the iteration process of different Kalman filters, and
designed corresponding adaptive adjustment methods to coordinate the weights of different observers.
The simulation and experimental verification are carried out and the results show that the proposed
fusion method has high estimation accuracy. Boada et al. [36] presented a vehicle sideslip angle
estimation scheme on the basis of adaptive neuro-fuzzy inference system algorithm and unscented
Kalman filter, using a sensor information fusion method to improve the estimation accuracy.

The Kalman filter and many of its improved algorithms are widely used in the research literatures
of vehicle driving state estimation and many researchers have studied it extensively, which has
been proved to be effective and dependable in practice [37–40]. Nam et al. [41] developed a novel
sideslip angle and roll angle estimation method with lateral tire force being obtained by vehicular
sensors directly, in which the recursive least squares and Kalman filter is applied to track the vehicle
running states. Observing the existing research, we can find that the longitudinal acceleration, lateral
acceleration, and yaw rate of the vehicle collected by a inertial navigation unit are usually used as the
updated inputs of the measurement equation in vehicle driving state filtering estimation. However,
once the state information measured by a single device or sensor fails or is disturbed by unknown
external factors, it is easy to cause large deviations in the estimation results. Wheel speed coupling
relationship is closely related to vehicle driving state, and wheel speed sensor price is relatively low,
wheel speed information is relatively easy to obtain. If it is applied to vehicle state filtering estimation,
the reliability of the whole estimation system can be improved by using redundancy of measurement
information, which has great research value and space.

In this paper, a sideslip angle fusion estimation method of an autonomous vehicle is proposed
based on robust cubature Kalman filter (RCKF) and wheel-speed coupling relationship. The
three-degree-of-freedom vehicle model, tire model, and wheel-speed coupling model are established.
The discretization form of a vehicle model is given, and a RCKF is designed based on the discrete vehicle
model. Moreover, an adaptive measurement-update solution is presented to improve the robustness of
estimation results. Then, a sideslip angle fusion estimation method is designed by reconstructing the
measurement update equation using the wheel-speed coupling relationship, thus as to improve the
accuracy and reliability of estimation results by using redundancy of measurement information.

The remainder of this paper is organized as follows. The vehicle model is presented in the
Section 2. The vehicle sideslip angle fusion estimation method is designed in the Section 3. The
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simulation results are provided in the Section 4. The experimental verifications are shown in the
Section 5, followed by the concluding remarks.

2. Vehicle Model

2.1. Three-Degree-of-Freedom Vehicle Dynamics Model

By fixing the origin of the dynamic coordinate system xoy on the autonomous vehicle and coinciding
with the mass center of the vehicle, a three-degree-of-freedom vehicle model in the longitudinal, lateral,
and yaw directions was established. The x axis and y axis represents the longitudinal and lateral
axes respectively, and the x axis is positive in front and the y axis is positive in left. The angles and
moments in the plane of all the coordinate systems are positive in the counterclockwise direction, and
all vector components are positive in the same direction as the coordinate axis. It is considered that the
mechanical properties of each tire are the same. The vertical motion of suspension and vehicle, the
pitching motion of the automobile around the y axis, and the roll motion around the x axis are not
considered in this paper. The three-degree-of-freedom vehicle dynamics model is shown in Figure 1,
and the vehicle dynamics equation can be expressed as:

.
vx = γvy +

1
m
[(Fx1 + Fx2) cos δ−

(
Fy1 + Fy2

)
sin δ+ Fx3 + Fx4], (1)

.
vy = −γvx +

1
m
[(Fx1 + Fx2) sin δ+

(
Fy1 + Fy2

)
cos δ+ Fy3 + Fy4], (2)

.
γ = 1

Iz
[(Fx1 + Fx2)l f sin δ− (Fy3 + Fy4)lr +

(
Fy1 + Fy2

)
l f cos δ

+(Fy1 − Fy2)b f sin δ− (Fx1 − Fx2)b f cos δ− (Fx3 − Fx4)br]
, (3)

where vx is the longitudinal vehicle speed, vy is the lateral vehicle speed, γ is the yaw rate, m represents
the vehicle mass, δ represents the steering angle of the front wheels, Iz stands for the moment of inertia.
Fxj and Fyj (j = 1,2,3,4) are the longitudinal and lateral forces of the jth tire, respectively. lf and lr are the
distances from the vehicle gravity center to the front and rear axle, respectively. bf and br are the half
treads of the front wheels and rear wheels, respectively.
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Figure 1. Three-degree-of-freedom vehicle dynamics model.

2.2. Tire Model

In this paper, a semi-empirical magic formula tire model was used to characterize the tire force of
the autonomous vehicle. The magic formula can be expressed as follows:

Y(X) = D sin
{
Carctan[B(X + sh) − E(B(X + sh) − arctan(B(X + sh))]

}
+ sv, (4)

where Y(X) represents the longitudinal or lateral tire force, X is the tire slip rate s or tire sideslip angle
α, B is the stiffness factor, C is the curve shape factor, D is the peak factor, E is the curve curvature
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factor, sh and sv are the horizontal and vertical offsets, respectively. The tire model parameters B, C, D,
and E are all related to the vertical load of the tire. The vertical load of each tire is expressed as:

Fz1 = lr(
mg
2l +

mayh
2b f l ) −

maxh
2l

Fz2 = lr(
mg
2l −

mayh
2b f l ) −

maxh
2l

Fz3 = l f (
mg
2l +

mayh
2brl ) +

maxh
2l

Fz4 = l f (
mg
2l −

mayh
2brl ) +

maxh
2l

, (5)

where Fz1, Fz2, Fz3, Fz4 represents vertical load of each corresponding tire, respectively. h is the height
of vehicle mass center, g is the acceleration of gravity. The sideslip angle of each tire can be written as:

α1 = δ− arctan
vy+l fγ

vx+b fγ/2

α2 = δ− arctan
vy+l fγ

vx−b fγ/2

α3 = −arctan
vy−lrγ

vx+brγ/2

α4 = −arctan
vy−lrγ

vx−brγ/2

. (6)

The tire slip rate can be obtained as:

s j = sgn
(
n jr− vnj

)max
(
vnj, n jr

)
−min

(
vnj, n jr

)
max

(
vnj, n jr

) , (7)

where sj represents the tire slip rate of jth tire, nj represents the wheel rotating speed of jth tire, vnj
represents the wheel linear velocity of jth tire, r represents the effective wheel radius. The coupling
relationship of the four-wheel speed can be expressed as:

n1 = [(vx + b fγ) cos δ+ (vy + l fγ) sin δ]/r
n2 = [(vx − b fγ) cos δ+ (vy + l fγ) sin δ]/r

n3 = (vx + brγ)/r
n4 = (vx − brγ)/r

. (8)

3. Vehicle Sideslip Angle Fusion Estimation Method

3.1. Robust Cubature Kalman Filter for Vehicle Running State Estimation

The vehicle dynamic model in Equations (1)–(3) can be expressed as the following discrete state
space equation: {

xk+1 = f (xk, uk) + wk
yk = h(xk) + vk

, (9)

where xk represents the state space vector of discrete system, yk+1 represents the measurement vector
of the discrete system, f (·) represents the state transfer function of discrete system, h(·) represents the
measurement function of the discrete system, wk and vk represents the uncorrelated Gauss white noise.
The system noise variance matrix Q and measurement noise variance matrix R can be computed as
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E
(
wkwT

k

)
= ζkQ and E

(
vkvT

k

)
= ζkR, where ζk is the Kronecker function. The discretization results of

Equations (1)–(3) can be expressed as


vx,k+1
vy,k+1
γk+1

 =



vx,k +
{
γkvy,k +

1
m

[(
Fx1,k + Fx2,k

)
cos δk−(

Fy1,k + Fy2,k
)

sin δk + Fx3,k + Fx4,k
]}
·T + wk

vy,k +
{
−γkvx,k +

1
m

[(
Fx1,k + Fx2,k

)
sin δk+(

Fy1,k + Fy2,k
)

cos δk + Fy3,k + Fy4,k
]}
·T + wk

γk +
1
Iz

[(
Fx1,k + Fx2,k

)
l f sin δk − (Fy3,k + Fy4,k)lr+(

Fy1,k + Fy2,k
)
l f cos δk + (Fy1,k − Fy2,k)b f sin δk−

(Fx1,k − Fx2,k)b f cos δk − (Fx3,k − Fx4,k)br
]
·T + wk


, (10)

where T represents the iterative step size of filter.
The cubature Kalman filter (CKF) is a nonlinear filter method with fixed sampling type, which has

a higher estimation accuracy and real-time tracking ability. The traditional CKF algorithm is sensitive
to the noise deviating from the true probability distribution. When the assumed Gauss noise deviates,
the performance of the filter will be unstable or the estimation accuracy will be reduced. The Huber
technique is an optimal estimation method with mixed norm as a cost function. It is robust to noise
deviating from the assumed Gaussian distribution. The iteration steps of the robust CKF algorithm
can be expressed as

(a) Initialization.
x̂0 = E(x0)

P0 = E
(
(x0 − x̂0)(x0 − x̂0)

T
) , (11)

where x̂0 is the initial state vector, P0 is the error covariance matrix.
(b) Computation of sample points.

xi,k−1/k−1 = Sk−1/k−1ξi + x̂k−1/k−1, i = 1, 2, · · · , 2n, (12)

where i are the serial numbers of sample points, Sk−1/k−1 is obtained by Cholesky decomposing of
Pk−1/k−1 and satisfy the condition of Pk−1/k−1 = Sk−1/k−1ST

k−1/k−1, ξi represent the cubature points and
can be computed by

ξi =
√

3


1 0 0 −1 0 0
0 1 0 0 −1 0
0 0 1 0 0 −1

. (13)

(c) Time update.
Propagation of the cubature point.

x∗i,k/k−1 = f
(
xi,k−1/k−1

)
. (14)

Computation of the one-step predicted state.

x̂k/k−1 =
1
6

6∑
i=1

x∗i,k/k−1, (15)

Pk/k−1 =
1
6

6∑
i=1

x∗i,k/k−1x∗Ti,k/k−1 − x̂k/k−1x̂T
k/k−1 + Qk−1. (16)

(d) Measurement update.
Computation of Cholesky factorization.

Pk/k−1 = Sk/k−1ST
k/k−1. (17)
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Calculate the cubature points for the measurement update.

xi,k/k−1 = x̂k/k−1 + Sk/k−1ξi. (18)

Propagation of the cubature point.

yi,k/k−1 = h
(
xi,k/k−1

)
. (19)

The predicted result of the measurement is computed as

ŷk/k−1 =
1
6

6∑
i=1

yi,k/k−1. (20)

The covariance matrix Pyy,k/k−1 and cross-covariance matrix Pxy,k/k−1 can be expressed as

Pyy,k/k−1 =
1
6

6∑
i=1

yi,k/k−1yT
i,k/k−1 − ŷk/k−1 ŷT

k/k−1 + Rk−1, (21)

Pxy,k/k−1 =
1
6

6∑
i=1

xi,k/k−1yT
i,k/k−1 − x̂k/k−1 ŷT

k/k−1. (22)

The prediction error is given by
εk = xk − x̂k/k−1. (23)

where xk is the actual value of k-time state, x̂k/k−1 is the prediction value of k-time state. The
measurement equation can be expressed as

yk = ŷk/k−1 + Hkεk. (24)

where Hk is the filter gain matrix and can be computed as Hk =
(
(Pk/k−1)

−1Pxy,k/k−1

)T
.

3.2. Adaptive Measurement-Update Solution to Improve the Robustness of Estimation

The measurement update problem can be transformed into solving the following linear regression
problem: [

yk − h(x̂k/k−1) + Hkx̂k/k−1
x̂k/k−1

]
=

[
Hk
I

]
xk +

[
wk
−εk

]
, (25)

The state change matrix is selected as Tk =

[
Rk 0
0 Pk/k−1

]
, then, the linear regression problem

can be transformed as
y∗k = Mkxk + ζk, (26)

where y∗k = T−1/2
k

[
yk − h(x̂k/k−1) + Hkx̂k/k−1

x̂k/k−1

]
, Mk = T−1/2

k

[
Hk
I

]
, ζk = T−1/2

k

[
wk
−εk

]
.

The measurement update problem of robust CKF equates to solving the minimum value of the
following cost function:

J(xk) =
m∑

i=1

ρ
(
ζk,i

)
, (27)

where ζk,i is the ith component of ζk and ζk = Mkx̂k/k−1 − yk, m is the dimension of ζk, and ρ
(
ζk,i

)
can

be denoted as

ρ
(
ζk,i

)
=

 1
2ζ

2
k,i,

∣∣∣ζk,i
∣∣∣ < η

η
∣∣∣ζk,i

∣∣∣− 1
2η

2,
∣∣∣ζk,i

∣∣∣ ≥ η , (28)



World Electric Vehicle Journal 2019, 10, 34 7 of 16

where η is the adjusting parameter. The function ρ
(
ζk,i

)
is composed of 1-norm and 2-norm. When

the adjusting parameter η approaches to 0, the function ρ
(
ζk,i

)
approaches to the minimum of 1-norm.

When the adjusting parameter η approaches to infinity, the function ρ
(
ζk,i

)
approaches to the minimum

of 2-norm. The application of function ρ
(
ζk,i

)
helps to enhance the robustness of estimation results.

Solving the extreme value problem of cost function in Equation (27), we have

m∑
i=1

ρ′
(
ζk,i

)∂ζk,i

∂x
= 0. (29)

Denoting the function ψ
(
ζk,i

)
as ψ

(
ζk,i

)
=

ρ′(ζk,i)
ζk,i

and denoting the matrix Ψ
(
ζk,i

)
as Ψ

(
ζk,i

)
=

diag
[
ψ
(
ζk,i

)]
, and substituting the equation ζk,i = (Mkx̂k/k−1 − yk)i into Equation (29), we have

MT
k Ψ(Mkxk − yk) = 0, (30)

The iterative solution of Equation (30) is calculated as

xk,c+1 =
(
MT

k ΨcMk
)−1

MT
k Ψcyk, (31)

where c is the iteration times. According to Equation (31), the measurement update x̂k of RCKF can be
obtained. And then, the error covariance matrix in filter estimation is given by

Pk =
(
MT

k ΨMk
)−1

. (32)

3.3. Sideslip Angle Fusion Estimation Method Using Redundant Measurement Information

According to the nonlinear vehicle dynamics model in Equation (10), the vehicle running state can
be estimated using the presented RCKF algorithm in the above chapter, in which the system state of

RCKF is xk+1 =
[

vx,k+1 vy,k+1 γk+1

]T
. In the existing literature regarding the filtering estimation

method of the vehicle running state, the longitudinal and lateral vehicle acceleration is often selected as
the actual measurement update input quantity of the designed filter, and the longitudinal and lateral
vehicle acceleration can be expressed as {

ax =
.
vx − vyγ

ay =
.
vy + vxγ

. (33)

where ax and ay represents the longitudinal vehicle acceleration and lateral vehicle acceleration,
respectively. In the tire model, the longitudinal vehicle acceleration and lateral vehicle acceleration
are also closely related to the calculation results of tire forces. Once the sensor used to collect
longitudinal and lateral vehicle acceleration has unpredictable deviation, it is easy to cause self-cycling
and accumulation of estimation error, which makes the estimation results of filter gradually deviate
from the actual values. To avoid this problem, the four-wheel rotational speed in Equation (8) is
introduced and applied to the process of measurement-update iteration. According to Equation (8),
one can find that the wheel-speed measurements will have a direct impact on the estimated results.
Therefore, if the tire slips longitudinally, the estimation accuracy will be greatly reduced. According to
this consideration, a reverse compensation method based on the tire slip rate is proposed to suppress
the influence of tire slip on estimation results. The wheel-speed coupling relationship used as the
measurement update equation can be rewritten as

ni = [·] − sgn(si)
ni

τ|si |
(i = 1, 2, 3, 4), (34)
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where [·] represents the original wheel-speed coupling relationship in Equation (8), τ represents the
regulatory factor greater than 1, and τ is chosen as 1.2 in this paper. Then, the modified measurement
equation with compensation effect can be expressed as

n1 = [(vx + b fγ) cos δ+ (vy + l fγ) sin δ]/r− sgn(s1)
n1
τ|s1 |

n2 = [(vx − b fγ) cos δ+ (vy + l fγ) sin δ]/r− sgn(s2)
n2
τ|s2 |

n3 = (vx + brγ)/r− sgn(s3)
n3
τ|s3 |

n4 = (vx − brγ)/r− sgn(s4)
n3
τ|s4 |

. (35)

Using the RCKF algorithm in the above section, the vehicle running state observer can be designed.

The measurement vector of RCKF is yk =
[

ax,k ay,k n1,k n2,k n3,k n4,k
]T

. It can be found that
both the longitudinal and lateral acceleration can be used to estimate vehicle driving state, by adding
the measurement information, the redundancy of measurement information is improved, and the
redundancy of measurement information is conducive to improving the reliability and robustness of
estimation results. Finally, the vehicle sideslip angle can be computed as

β = arctan
(
vy/vx

)
. (36)

4. Simulation Results

In order to verify the performance of the proposed sideslip angle fusion estimation method of
intelligent vehicle using RCKF and wheel-speed coupling relationship, a co-simulation model was built
based on CarSim and Simulink software, and the simulation tests were carried out. The simulation
results of EKF and RCKF were compared and analyzed. The simulation parameters in the simulation
tests are shown in Table 1.

Table 1. Vehicle parameters.

Symbol Parameters Value and Units

m Vehicle mass 800 kg
r Effective radius of wheel 0.245 m
lf Distances from vehicle gravity center to the front axle 0.795 m
lr Distances from vehicle gravity center to the rear axle 0.975 m

bf, br Half treads of the front(rear) wheels 0.775 m
Cf Equivalent cornering stiffness of front wheel 60,000 N/rad
Cr Equivalent cornering stiffness of rear wheel 40,000 N/rad
Iz Moment of inertia 1000 kg·m2

4.1. Case Study 1: Double Lane Changes Maneuver

The simulation conditions of the double lane change maneuver is shown in Figure 2, in which
the vehicle speed was 25 m·s−1, the road adhesion coefficient was 1.0, the iterative step sizes of

extend Kalman filter (EKF) and RCKF were 0.01 s, the initial state value was x0 =
[

25 0 0
]T

,
the error covariance matrix was P = eye(3) × 103, the measurement noise covariance matrix was
Q = eye(4) × 103. The simulation results are shown in Figure 3, in which Figure 3a–d represents the
comparison results of the longitudinal vehicle speed, lateral vehicle speed, yaw rate, and vehicle
sideslip angle, respectively. In the overall trend of estimation, both EKF and RCKF can track the
vehicle running state well. However, according to Figure 3a,b,d and the local enlargement maps of
Figure 3c, the estimation accuracy of RCKF is significantly higher than that of EKF at the peak of
vehicle running state.
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Figure 2. Double lane changes maneuver.
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Figure 3. Comparison of estimation effects in double lane changes maneuver: (a) Longitudinal vehicle
speed; (b) lateral vehicle speed; (c) yaw rate; (d) sideslip angle.

In order to further quantitatively reflect the improvement effect of RCKF on estimation accuracy,
the average error (AE) and root mean square error (RMSE) of the estimation results were used to
represent the estimation effect of the proposed method (the same below). The computational formulas
of AE and RMSE can be given by

AE =
1
n

n∑
i=1

(xi,EKF − xi,CarSim) or AE =
1
n

n∑
i=1

(xi,RCKF − xi,CarSim), (37)

RMSE(x) =

√√
1
n

n∑
i=1

(xi,EKF − xi,CarSim)
2 or RMSE(x) =

√√
1
n

n∑
i=1

(xi,RCKF − xi,CarSim)
2, (38)

where n is the sampling constant, xi represents the actual and estimated vehicle running states at the
ith sampling time. The quantitative comparative analysis of the estimated results in the double lane
change maneuver is shown in Table 2. As shown in Table 2, both the AE and RMSE of EKF are smaller
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than that of RCKF, indicating that RCKF improves the accuracy and stability of the overall estimation
results. By evaluating the effect in improving estimation accuracy according to AE, one can find that,
compared with EKF, the accuracy of RCKF in estimating longitudinal vehicle speed, lateral vehicle
speed, yaw rate, and sideslip angle is improved by 0.21%, 15.83%, 4.37%, and 16.11%, respectively.
Taking its average value as the overall estimation accuracy improvement ratio, the overall estimation
accuracy is improved by 9.13%.

Table 2. Quantitative analysis of estimation effects in double lane changes maneuver.

Vehicle State
AE RMSE

EKF ACKF EKF ACKF

vx 0.1837 0.1294 0.1962 0.1308
vy 0.0506 0.0219 0.1329 0.0973
γ 0.0168 0.0121 0.1034 0.0965
β 0.1213 0.0464 0.1377 0.1011

4.2. Case Study 2: Fishhook Maneuver

In order to further verify the estimation effect of the proposed method under complex conditions,
the simulation of fishhook working conditions under low adhesion road conditions was carried out. In
the simulation, the steering wheel angle is shown in Figure 4. The simulation conditions were specified
as follows: The road adhesion coefficient was 0.6, the iterative step sizes of EKF and RCKF were 0.01 s,

the initial state value was x0 =
[

10 0 0
]T

, the error covariance matrix is P = eye(3) × 103, the
measurement noise covariance matrix was Q = eye(4) × 103.
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Figure 4. Fishhook maneuver.

The simulation results are shown in Figure 5, in which Figure 5a–d represents the comparison
results of the longitudinal vehicle speed, lateral vehicle speed, yaw rate, and vehicle sideslip angle,
respectively. According to the local enlargement diagram in Figure 5a,c, it can be found that the results
of RCKF in longitudinal vehicle speed and yaw rate estimation are better than that of EKF. From
Figure 5b,d, it can be seen that compared with EKF, RCKF improves the estimation accuracy of lateral
vehicle speed and sideslip angle obviously. Compared with the actual vehicle state output by CarSim,
the estimation result of RCKF has some lag, which is mainly due to the larger amount of calculation
of RCKF. Moreover, compared with the magnitude of lateral vehicle speed and sideslip angle, the
estimation error caused by this delay is very small and within the allowable range. The simulation
results in Figure 5 show that the proposed RCKF-based wheel-speed-coupling estimation method can
still maintain accurate estimation performance in the case of drastic changes in vehicle driving state and
severe driving conditions, and the anti-interference and reliability of the proposed method are verified.
The values of AE and RMSE in the fishhook maneuver can be calculated out by Equations (37) and
(38), similarly, and the calculation results are shown in Table 3. It can be found that the AE and RMSE
of RCKF are smaller than that of EKF in the fishhook maneuver. Compared with EKF, the accuracy of
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RCKF in estimating longitudinal vehicle speed, lateral vehicle speed, yaw rate, and sideslip angle is
improved by 0.53%, 14.69%, 4.06%, and 14.85%, respectively, and the overall estimation accuracy is
improved by 8.53%. Thus, the estimation effect of the proposed method is further verified.
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Figure 5. Comparison of estimation effects in fishhook maneuver: (a) Longitudinal vehicle speed; (b)
lateral vehicle speed; (c) yaw rate; (d) sideslip angle.

Table 3. Quantitative analysis of estimation effects in the fishhook maneuver.

Vehicle State
AE RMSE

EKF ACKF EKF ACKF

vx 0.1507 0.1013 0.1752 0.1223
vy 0.0627 0.0201 0.1398 0.1090
γ 0.0514 0.0316 0.1085 0.0919
β 0.2811 0.0932 0.1453 0.0916

5. Experimental Verifications

In order to verify the real vehicle effect of the proposed estimation method, a modified intelligent
vehicle was used to execute the road test. The overall control system architecture, vehicle signal
transmission system, and vehicle refitting parameters of the refitted vehicle are described in detail in
Reference 5. The refitted vehicle and experimental trajectory in the road test are shown in Figure 6. In
Figure 6a, the vehicle speed cruising was regulated well by a speed controller, the front wheel steering
angle was transformed from the measured hand steering wheel angle, the longitudinal vehicle speed
and sideslip angle were measured by high-precision difference GPS, the yaw rate was obtained by
an inertial measurement unit (IMU), and the four-wheel rotation speeds were acquired by the wheel
speed sensor mounted on four wheels. All measurements of corresponding sensors were recorded by
the host computer through CAN bus using CAN tools of Vehicle SPY 3.
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Figure 6. Vehicle road test: (a) Refitted vehicle; (b) experimental trajectory.

In the experimental verification, the iterative step sizes of EKF and RCKF were 0.001 s, the initial

state value was x0 =
[

0 0 0
]T

, the error covariance matrix was P = eye(3)× 103, the measurement
noise covariance matrix was Q = eye(4) × 103. The collected vehicle running states are shown in
Figure 7, and the experimental verification results are shown in Figure 8 and Table 4. From Figure 8
and Table 4, it can be seen that RCKF can still maintain good estimation performance in practical
applications, and the estimation accuracy of RCKF is significantly improved compared with EKF. By
calculation, it can be found that, compared with EKF, the accuracy of RCKF in estimating longitudinal
vehicle speed, lateral vehicle speed, yaw rate, and sideslip angle is improved by 4.22%, 15.38%, 8.36%,
and 16.93%, respectively, and the overall estimation accuracy is improved by 11.22%.
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Figure 7. Measured running states of vehicle road test: (a) Longitudinal vehicle acceleration; (b) lateral
vehicle acceleration; (c) steering wheel angle; (d) four-wheel rotation speed.
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Figure 8. Comparison of estimation effects in road test: (a) Longitudinal vehicle speed; (b) lateral
vehicle speed; (c) yaw rate; (d) sideslip angle.

Table 4. Quantitative analysis of estimation effects in road test.

Vehicle State
AE RMSE

EKF ACKF EKF ACKF

vx 0.4776 0.1615 0.2078 0.1404
vy 0.0121 0.0029 0.1958 0.1299
γ 0.0155 0.0063 0.2295 0.1341
β 0.0612 0.0172 0.1891 0.1153

6. Conclusions

In this work, a sideslip angle estimation method of an autonomous vehicle based on a robust
cubature Kalman filter and wheel-speed coupling relationship is proposed, and the contributions
of this paper can be summarized as follows: 1) Aiming at the problem of estimating sideslip
angle of an intelligent vehicle, a three-degree-of-freedom vehicle dynamics model, tire model, and
wheel-speed coupling model are established, and a method for estimating the vehicle sideslip angle is
designed based on the robust cubature Kalman filter and wheel-speed coupling relationship; 2) an
adaptive measurement-update solution is developed to improve the robustness and self-adaptability of
estimation, and the wheel-speed coupling relationship is applied to the measurement update process
of filter to improve the reliability of the estimation results. The simulation test based on the CarSim
and Simulink co-simulation model and actual vehicle road test were carried out, and the estimation
results of EKF were used to compare with RCKF; 3) the simulation and experimental results show that
the proposed estimation method can achieve a more accurate vehicle state estimation result than EKF,
and has better reliability and real-time tracking capability. Compared with EKF, the overall estimation
accuracy in a real vehicle application is improved by 11.22%.
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