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Abstract
This paper presents a novel sideslip angle estimator based on the pseudo-multi-sensor fusion method. The
kinematics-based and dynamics-based sideslip angle estimators are designed for sideslip angle estimation.
Also, considering the influence of ill-conditioned matrix and model uncertainty, a novel sideslip angle esti-
mator is proposed based on the wheel speed coupling relationship using a modified recursive least squares
algorithm. In order to integrate the advantages of above three sideslip angle estimators, drawing lessons
from the multisensory information fusion technology, a novel thinking of sideslip angle estimator design is
presented through information fusion of pseudo-multi-sensors. Simulations and experiments were carried
out, and effectiveness of the proposed estimation method was verified.
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1. Introduction

Advanced active safety control systems have been widely used for ground vehicles to pre-
vent fatal accidents and guarantee safety [1–3]. An active safety system, of which the antilock
brake system, the electronic stability program, the traction control system, as well as the adap-
tive cruise control and collision warning are examples, is significant to vehicle stability control
during complicated conditions and severe manoeuvres. The sideslip angle of ground vehicles is
defined as the angle between the vehicle longitudinal axis and the vehicle velocity vector. Lots of
vehicle motion control systems need to monitor the sideslip angle dynamically, that is to say, the
stable performance of vehicle motion control is dependent on precise and credible sideslip angle
information [4–7]. Recently, the auxiliary driving and self-driving, with the advantage of vehicle
autonomous security and reduced mobility cost, have attracted interest and become the object of
considerable efforts from both researchers and companies [8–10], the estimation of sideslip angle
being also important to the vehicle path-following and lateral stability control. However, since
the sideslip angle estimation is hard and costly to achieve by sensors that a vehicle is equipped
with, an appropriate design of sideslip angle estimator is essential.
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During the past decade, lots of researchers have been engaged in the field of sideslip angle
estimation, achieving some great results. The algorithms applied to sideslip angle observer de-
sign in prior studies can be classified as the Kalman-filter-based method [11–18], the nonlinear-
observer-based method [19–24], the optimal estimation method [25–27], the information fusion
estimation method [27–32], the robust estimation method [34–36] et al. The Kalman filter and
the corresponding improved filter are widely used in the research on sideslip angle estimation.
Doumiati established a nonlinear vehicle model and compared the performance of extended
Kalman filter (EKF) and unscented Kalman filter (UKF) in sideslip angle estimation [11]. With
the deepening of research and its complexity, based on the characteristics of the objects to be es-
timated, the researchers tend to design sideslip angle estimators as a combination of the Kalman
filter and another advanced estimation theory. Boada proposed a novel sideslip angle estimation
method with the integrated adaptive neuro-fuzzy inference system and an UKF algorithm [15].
Liu presented a vehicle state estimation strategy based on a combination of the minimum model
error criterion and EKF to improve the estimation accuracy [18]. It can be found that most ap-
proaches aim to obtain an enhancement of the estimation performance, and some of them are also
concerned with reduction of the estimation cost. In order to achieve a reliable and accurate esti-
mation, some papers estimate the sideslip angle by a data fusion method using the redundancy of
measurements, or through the means of a multi-mode iteration filter. Li studied a combined esti-
mator including different forms of vehicle-model-based observers to estimate the sideslip angle,
utilizing the redundant information of the global positioning system and an inertial measurement
unit to ensure the estimation accuracy [32].

In this paper, a novel sideslip angle estimation method is presented. Based on the kinematic
and dynamic equations, the kinematics-based and dynamics-based sideslip angle estimators were
designed. Moreover, a novel form of sideslip angle estimator is proposed based on the wheel
speed coupling relationship. Considering the influence of ill-conditioned matrix and model un-
certainty, an improved recursive least squares (RLS) estimation algorithm is presented to achieve
the unbiased estimation. Regarding the three forms of sideslip angle estimator design, drawing
lessons from the multi-sensor fusion technology, a pseudo-multi-sensor fusion estimation method
is proposed to estimate the sideslip angle, in which the estimations of three above-mentioned es-
timators are regarded as pseudo-measurements.

The rest of this paper is organized as follows. The three different forms of sideslip angle
estimators are presented is Section 2. The sideslip angle estimation with the information fusion
method is described in Section 3. The simulation results are provided in Section 4. The experi-
mental verifications are presented in Section 5, followed by the conclusive remarks.

2. Different forms of sideslip angle estimator design

2.1. Kinematics-based estimator

The longitudinal acceleration and lateral acceleration are computed as:{
ax = v̇x − vyγ +w1

ay = v̇y + vxγ +w2
, (1)

where ax is the longitudinal acceleration; ay is the lateral acceleration; vx is the longitudinal
vehicle speed, vy is the lateral vehicle speed; γ is the yaw rate; w1 and w2 are the corresponding
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Gaussian white noise. Based on (1), the integral observer for longitudinal and lateral vehicle
speed estimation is designed as:


vx =

∫
(ax + vyγ)dt

vy =
∫
(ay − vxγ)dt

. (2)

Based on (2), the kinematics-based estimator is designed; utilizing the estimation, the sideslip
angle is calculated as:

β = vy/vx . (3)

2.2. Dynamics-based estimator

In this section, a schematic diagram of the 3 degree of freedom vehicle model in the longi-
tudinal, lateral, and yaw directions is shown in Fig. 1. The origin of dynamic coordinate system
x0y fixed on the vehicle coincides with the vehicle gravity centre, the x axis is the longitudinal
axis of the vehicle (the forward direction is positive), the y axis is the lateral axis of the vehicle
(the right-to-left direction is positive). The pitch, roll, vertical motions and the suspension system
of the vehicle are ignored. It is assumed that the mechanical properties of each tire are the same.
The serial numbers 1, 2, 3, and 4 of the wheels are respectively corresponding to the front-left,
the front-right, the rear-left and the rear-right wheel. The lateral velocity, yaw rate and sideslip
dynamic equations of a four-wheel vehicle model can be expressed as:

v̇x = rvy +
1
m
[(Fx1 +Fx2)cosδ − (Fy1 +Fy2)sinδ +Fx3 +Fx4]

v̇y = −γvx +
1
m
[(Fx1 +Fx2)sinδ +(Fy1 +Fy2)cosδ +Fy3 +Fy4]

γ̇ =
1
Iz

[
(Fx1 +Fx2)l f sinδ − (Fy3 +Fy4)lr +(Fy1 +Fy2)l f cosδ +(Fy1 −Fy2)b f sinδ

−(Fx1 −Fx2)b f cosδ − (Fx3 −Fx4)br
]

, (4)

where vx is the longitudinal vehicle speed; vy is the lateral vehicle speed; m represents the vehicle
mass; δ is the steering angle of the front wheels; Iz stands for the moment of inertia. Fx j and Fy j
( j = 1,2,3,4) are the longitudinal and lateral forces of the jth tire, respectively. l f and lr are the
distances from the vehicle gravity centre to the front and rear axle, respectively. b f and br are the
half treads of the front wheels and rear wheels, respectively.

A longitudinal force observer is proposed and applied to obtain the longitudinal force, and
further details can be found in [4]. The semi-empirical magic formula of a tire model is used in
order to estimate the lateral tire force. The lateral tire force can be calculated as:

Fy = Dsin{C arctan[Bα −E(Bα − arctan(Bα))]} , (5)

where B is a stiffness factor; C is a curve shape factor; D is a peak factor; E is a curve curvature
factor; α is the wheel side slip angle. The tire model parameters: B, C, D, E, are related to the
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Fig. 1. A 3 degree of freedom vehicle model.

tire vertical load. The vertical load of each tire can be calculated 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
2

+
mayh
2brl

)
+

maxh
2l

Fz4 = l f

(
mg
2

−
mayh
2brl

)
+

maxh
2l

, (6)

where Fz1, Fz2, Fz3, and Fz4 are the vertical loads of corresponding tires; h is the height of the
centre of gravity; g is the acceleration of gravity. The sideslip angle of each wheel can be ob-
tained by: 

α1 = δ − arctan
vy + l f γ
vx +b f γ

α2 = δ − arctan
vy + l f γ
vx −b f γ

α3 =−arctan
vy − lrγ
vx +brγ

α4 =−arctan
vy − lrγ
vx −brγ

. (7)

The extended Kalman filter (EKF) is widely used to estimate the vehicle state. According
to the 3 degree of freedom vehicle model and tire model, the generalized nonlinear state space
equation can be expressed as: {

ẋv(t) = f (xv(t), uv(t))+w(t)
yv(t) = h(xv(t), uv(t))+ v(t)

, (8)

where w(t) and v(t) represent the process noise and measurement noise. The steps of EKF are
given by:
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1. The forecasting process.
Calculate the forecast value:

x̂k+1/k = x̂k/k + f
(
x̂k/k)T + f (x̂k/k

)
T 2/2. (9)

Calculate the variance of prediction error:

Pk+1/k = φkPk/kφT
k +Qk], , (10)

where A(xk/k) =
∂ f (x)

∂x

∣∣∣∣
x=x̂k/k

, φk = I +A
(
x̂k/k
)

T .

2. The trimming process.
Calculate the matrix of Kalman gain:

Kk+1 = Pk+1/kHT
k+1(Hk+1Pk+1/kHT

k +Rk+1)
−1. (11)

Update the state estimation

x̂k+1/k+1 = x̂k+1/k +Kk+1
[
yk+1 −h(x̂k+1/k)

]
. (12)

Update the error covariance

Pk+1/k+1 = (I −Kk+1Hk+1)Pk+1/k , (13)

where H = ∂h(x)/∂x|x=x̂(k/k). Based on (4), the Kalman filter is devised for the estimation
of longitudinal vehicle speed, lateral vehicle speed and yaw rate, where the input variable is
uv = [δ Fx1 Fx2 Fx3 Fx4 Fy1 Fy2 Fy3 Fy4]

T , the state variable is xv(t) = [vx vy γ]T , the
measurement input is yv = [ax ay]

T . Then, the vehicle sideslip angle can be obtained by (3),
similarly.

2.3. Wheel speed coupling relationship-based estimator

The rotational speed of four wheels can be expressed as:
n1 =

[
(vx + γb f )cosδ +(vy + γl f )sinδ

]
/r

n2 =
[
(vx − γb f )cosδ +(vy + γl f )sinδ

]
/r

n3 = (vx + γbr)/r

n4 = (vx − γbr)/r

, (14)

where n1, n2, n3, and n4 represent the speeds of corresponding wheels, respectively. r is the
effective wheel radius. The observation equation of wheel speed coupling relationship system is
written as:

Y = Hξ +V, (15)
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where Y is the observation vector; ξ is the state to be estimated; H is the measurement matrix,
V is the zero mean white noise sequence. The corresponding vector and matrix are represented as:

Y = [n1 n2 n3 n4]
T , H =



cosδ
r

sinδ
r

b f cosδ + l f sinδ
r

cosδ
r

sinδ
r

−b f cosδ + l f sinδ
r

1
r

0
br

r
1
r

0 −br

r


, ξ = [vx vy γ]T .

The principle of RLS estimation is to provide the estimation of ξ ensuring the minimum
observation error of quadratic function.

J =V TV =
[
Hξ̂ −Y

]T [
Hξ̂ −Y

]
= min . (16)

In accordance with, the estimation of ξ is expressed as:

ξ̂ = [HT H]−1HTY, (17)

where a matrix M = HT H is called the information matrix.
In (14), theoretically, n1, n2, n3, and n4 show the ideal wheel speeds; it is impossible for

an actual wheel speed to be precisely equal to the ideal wheel speed. Moreover, if matrix H is
an ill-conditioned matrix, a little variation may cause a large deviation to the solution of RLS.
Assuming there is a disturbance in (15), it can be expressed as:

Y +∆Y = (H +∆H) · (ξ +∆ξ ). (18)

Unfolding and simplifying (18), we have:

∆Y = H ·∆ξ +∆H ·ξ +∆H ·∆ξ . (19)

The sensitivity of RLS solution to an ill-conditioned matrix is represented by:

∆ξ =−H−1 ·∆H ·ξ −H−1 ·∆H ·∆ξ +H−1 ·∆Y. (20)

Computing the norm of (20), according to the characteristics of the norm, we have:

∥∆ξ∥ ≤ ∥H−1∥ · (∥∆H∥ · ∥ξ∥+∥∆H∥ · ∥∆ξ∥+∥∆Y∥) . (21)

It is reorganized as:(
1−∥H−1∥ · ∥∆H∥

) ∥∆ξ∥
∥ξ∥

≤ ∥H−1∥ ·
(
∥H∥ · ∥∆Y∥
∥H∥ · ∥ξ∥

+∥∆H∥
)
. (22)

Defining C = ∥H−1∥ · ∥H∥, we have:

∥∆ξ∥
∥ξ∥

≤ C

1−C
∥∆H∥
∥H∥

(
∥∆H∥
∥H∥

+
∥∆Y∥
∥Y∥

)
. (23)

It can be concluded that the greater C is, the more impressibleis.

504



Metrol. Meas. Syst.,Vol. 25 (2018), No. 3, pp. 499–516.

According to the above-presented analysis, if we simultaneously enlarge the eigenvalue of
ill-conditioned matrix H, the matrix C will have a certain extent of decrease, which contributes
to the stability of RLS estimation.

Consequently, the ridge estimation method is used to suppress the influence of the ill-condi-
tioned matrix in the estimation. The ridge estimation algorithm is essentially an improved RLS
algorithm. Defining the eigenvalue increment of an ill-conditioned matrix H as K1, and according
to (17), the ridge estimation results can be expressed as:

ξ̂ =
[
HT H +K1I

]−1
HTY, (24)

where I is the identity matrix. Thus, the ridge estimation method used for the vehicle state esti-
mation can be written as:

ξ̂ (k) = ξ̂ (k−1)+K2 (Y (k)−H(k)ξ (k−1))

K2(k) =
P(k−1)H(k)

ρI +(HT (k)H(k)+ k1I)T P(k−1)(HT (k)H(k)+ k1I)

P(k) =
1
ρ
(
I −K2(k)HT (k)

)
P(k−1)

, (25)

where K2(k) and P(k) are the Kalman gain matrix and the covariance matrix, respectively, ρ
is a forgetting factor used to balance the fast tracking ability and anti-jamming capability of the
ridge estimation method. Then, according to (3), the sideslip angle estimation based on the wheel
speed coupling relationship is obtained.

3. Sideslip angle estimation through information fusion

3.1. Novel thinking of pseudo-multi-sensor fusion method

Three forms of sideslip angle estimator are presented in Section 2. The kinematics-based
estimator can obtain the sideslip angle estimation with less computational complexity, but the in-
tegral operation will result in the accumulation of noise and error. The dynamics-based estimator
has a higher estimation accuracy and anti-interference performance. However, due to the prereq-
uisite of nonlinear tire model, the amount of calculation is relatively larger and when the vehicle
state changes rapidly, there will be some hysteresis in the estimation results. The wheel speed
coupling relationship-based estimator is free from the influence of nonlinearity and saturation
characteristics of the tire force, but its estimations are impressible with the variations and fluctu-
ations of the wheel speed. Each one of the three estimators has its advantages and shortcomings,
so they are applicable to different situations, thus an effective information fusion method will
improve the accuracy and performance of estimation.

The multi-sensor fusion technology synthesizes the measured information from every sensor
on the basis of some optimal fusion criteria to achieve the best fusion estimation. However, the
vehicle sideslip angle is hard to measure, and it is costly and unpractical to equip a vehicle with
multiple sensors for the estimation of only one vehicle state. Drawing lessons from the technical
features of multi-sensor fusion technology, we propose a novel fusion estimation method and
apply it to the sideslip angle estimation. In Section 2, three forms of sideslip angle estimators are
presented based on different vehicle model and characteristic relationships. Here, every above
estimator is regarded as a sensor and every estimated sideslip angle is regarded as a pseudo-
measurement. The matrix weighted linear least variance optimal fusion algorithm is used to
synthesize the estimated information and obtain the optimal sideslip angle estimation; we call
this thinking of estimation as the pseudo-multi-sensor fusion method.
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3.2. Observer design

A schematic diagram of the sideslip angle observer design is shown in Fig. 2. The yaw
rate and sideslip angle estimation results of kinematics-based estimator, dynamics-based es-
timator and wheel speed coupling relationship-based estimator are marked as x1 = (γ1,β1)

T ,
x2 = (γ2,β2)

T , x3 = (γ3,β3)
T , respectively. Actually, in x1, the estimation of yaw rate is the real

yaw rate; we regard it as the estimated value and use it to expand x1. We regard the above-
mentioned estimations as the measurements of sensors 1, 2, 3, and the real and optimally esti-
mated vehicle states are denoted as x and x0, respectively. Generally, we have:

E[xi] = E[x] (i = 0, 1, 2, 3). (26)

The key problem of optimal estimation is achieving a weighted matrix Wi to satisfy the fol-
lowing condition:

x0 =
3

∑
i=1

Wixi (i = 1, 2, 3). (27)

Fig. 2. A schematic diagram of the observer design.
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Considering the unbiasedness of estimation, the constraint condition of (27) is
3
∑

i=1
Wi = I2×2,

where I2×2 denotes the identity matrix. The estimation errors between estimators 1, 2, 3 and the
optimal fusion estimator can be written as ∆xi = x0 − xi; we have:

∆x0 =
3

∑
i=1

Wi∆xi (i = 1, 2, 3). (28)

Solving (27) aims to solving the problem:

J = E[∆xT
0 ∆x0] = tr E[∆x0∆xT

0 ] = min . (29)

Defining W = [W1 W2 W3] and P =

 P11 P12 P13
P21 P22 P23
P31 P32 P33

, (29) is transformed to:

J = trWPW T = min, (30)

where Pii =E[∆xi∆xT
i ] is the variance matrix of the estimation error, Pi j =E[∆xi∆xT

j ] is the covari-
ance matrix of the estimation error. The corresponding constraint condition of (30) is Wλ = I2×2
and λ = [I2×2 I2×2 I2×2]

T . The problem is transformed into solving the minimization perfor-
mance index of matrix W .

Using the Lagrange multiplier approach, an auxiliary function is created:

F = J+ tr
2

∑
i=1

µi(Wλ − I)λi , (31)

where µi = [µi1 ui2], λi = [0 · · · 0 1 0 · · · 0]T , and in λi, the element of ith row is 1, the rest
elements are 0. Defining ∂F/∂W = 0, applying the matrix trace differential formula, we obtain:

2WP+
n

∑
i=1

µT
i (λλi)

T = 0. (32)

Defining Λ = [µ1 µ2]
T = 2UT , we have:

n

∑
i=1

µT
i (λλi)

T = ΛT λ T . (33)

Combining (32) and (33), we have:

PW T +λUT = 0. (34)

According to ∂F/∂ µi = 0, it can be deduced as:

λ T
i (Wλ − I)T = 0. (35)

Merging (34) and (35), the matrix equation is given by:[
P λ

λ T 0

][
W T

UT

]
=

[
0

I2×2

]
. (36)
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Calculating the inverse matrix of the partitioned matrix in (36), we obtain:[
W T

UT

]
=

[
P λ

λ T 0

]−1 [ 0
I2×2

]
=

[
P−1λ (λ T P−1λ )−1

−(λ T P−1λ )−1

]
. (37)

Thus, the weight matrix is obtained as:

W =
(
λ T P−1λ

)−1 λ T P−1. (38)

Finally, the optimal estimation results can be obtained as:

x0 =W1x1 +W2x2 +W3x3 . (39)

4. Simulation results

To validate the effectiveness of the fusion estimation method proposed in this paper, simu-
lations were carried out on a high-fidelity CarSim-Simulink joint simulation platform. CarSim
was used to provide the whole vehicle model; the estimators were obtained in Matlab/Simulink.
The vehicle parameters are listed in Table 1. For simplification, the kinematics-based estimator,
dynamics-based estimator, wheel speed coupling relationship-based estimator and information
fusion estimator are abbreviated as KBE, DBE, WBE and IFE, respectively.

Table 1. Parameters of vehicle.

Symbol Parameters Value and units

m Vehicle mass 710 kg

r Effective radius of wheel 0.245 m

l f 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

b f , br Half treads of the front(rear) wheels 0.775 m

C f Equivalent cornering stiffness of front wheel 60000 N/rad

Cr Equivalent cornering stiffness of rear wheel 40000 N/rad

4.1. J-turn manoeuvre

In the simulation of J-turn manoeuvre, the road adhesion coefficient was set to 0.4, the ve-
hicle speed was maintained at a constant of 10 m/s, and the steering wheel angle is shown in
Fig. 3. Fig. 4 shows the estimation results of vehicle speed, vehicle lateral speed, yaw rate and
sideslip angle, respectively. It can be found that WBE, DBE and KBE can estimate the vehicle
speed precisely. But the lateral vehicle speed is better estimated by KBE and DBE than by WBE,
the reason is that, since in the turning manoeuvre the rotational speeds of left and right wheels
change rapidly, a slight disturbance will lead to an estimation error of the lateral vehicle speed.
Moreover, the estimation results of KEB are obviously affected by noise. By contrast, the per-
formance of DBE is relatively satisfactory in the tracking ability and noise immunity, but there
is some delay in obtaining its estimation results. In the estimation of sideslip angle, the estima-
tion result of IFE is more accurate than those obtained by other three estimators. As shown in
Fig. 5, the weight coefficients of three estimators are time-varying, and when the sideslip angle
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Fig. 4. Simulation results obtained in the J-turn manoeuvre.
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is increasing, the weight coefficient of DBE is being reduced, whereas the weight coefficient of
WBE is being increased accordingly. Due to the existence of noise, the expectation and variance
of estimation error in KBE have a relatively severe fluctuation, so the weight coefficient of KBE
is relatively low. It indicates that the proposed pseudo-multi-sensor fusion method improves the
overall estimation performance.

4.2. Sine-turn manoeuvre

The sine-turn manoeuvre, as shown in Fig. 6, was carried out for further validation. In the
simulation, the road adhesion coefficient was set to 0.8. The vehicle speed was maintained at
a constant of 20 m/s. As shown in Fig. 7, same as in the case of the simulation results of J-turn
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Fig. 6. The steering wheel angle.
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Fig. 7. Simulation results obtained in the sine-turn manoeuvre.
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manoeuvre, the proposed IFE method exhibits a high estimation accuracy and a better estimation
effect compared with the other three estimators. As shown in Fig. 8, the weight coefficients of
three estimators are allocated in real time to obtain the optimal sideslip angle estimation, and the
proposed fusion method performance achieved in simulation is satisfactory.
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Fig. 8. Weight coefficients of three estimators in the sine-turn manoeuvre.

5. Experimental results

In this section, a road test is executed for further validation of the proposed estimation method
in practice. Fig. 9 shows the scene of the road test, the experimental trajectory and the corre-
sponding steering wheel angle, respectively. As shown in Fig. 10, in the estimation results of
longitudinal vehicle speed and yaw rate, WBE, KBE and DBE can track the vehicle state with
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Fig. 9. The road test. The experimental vehicle (a); the experimental trajectory (b); the steering wheel angle (c).
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a certain precision, and the advantages and defects of WBE, KBE and DBE are same as the ones
obtained in the simulation. However, in the estimation results of lateral vehicle speed and sideslip
angle, WBE is unstable and has a lot of violent swings, but considering the magnitudes of lateral
vehicle speed and sideslip angle, the swings are acceptable. The estimation of KBE is relatively
steady, but it is not immune to noise. By comparison, we can draw the conclusion that WBE
is able to keep track of the variation trend but the estimation fluctuations are too large, KBE is
relatively desirable if the influence of noise is not considered, DBE is stable when the vehicle
manoeuvre and running condition is not very complicated, but the problem of time delay will af-
fect the estimation effect. The design of IFE being a fusion and coordination of three estimators
improves the estimation performance and is proved effective in practice.
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Fig. 10. Estimation results of the road test.

For further validation, the root-mean-square (RMS) error ERMS between the measurement
and estimation values is used for quantitative evaluation and can be computed with the following
equation:

ERMS =

√√√√ 1
Ns

Ns

∑
i=1

(x̂i − xi)
2 , (40)

where Ns is the number of samples; xi and x̂i denote the measured and estimated yaw rate and
sideslip angle for the ith sample. Comparison of ERMS for IFE and three different estimators
regarding the estimation results of longitudinal vehicle speed, lateral vehicle speed, yaw rate and
sideslip angle is shown in Table 2. It can be seen that ERMS of IFE is smaller than that of KBE,
DBE and WBE. Notice that the presented pseudo-multi-sensor fusion method guarantees the
estimation accuracy and synchronously improves the stability of estimation system. In the road
test, the vehicle speed and sideslip angle are relatively small, and the tires are still working in the
linear area. Due to the limitations of experimental conditions and experimental sites, the severe
experimental conditions for the tire nonlinear behaviour are unable to be obtained at present.
It can be inferred that, if a tire works in the strong nonlinear region, the fusion estimation method
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will reduce the weight coefficient of DBE to ensure the accuracy of estimation. Further tests and
verifications will be carried out when the conditions are ripe enough.
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Fig. 11. Weight coefficients of three estimators in the experiment.

Table 2. Comparison of ERMS.

ERMS
Method

KBE DBE WBE IFE

vx 0.8764 0.2564 0.1697 ×
vy 0.2013 0.1322 0.1752 ×
γ × 0.5471 0.2071 ×
β 0.6893 0.3346 0.3983 0.3217

6. Conclusion

This paper presents a novel sideslip angle estimator based on the proposed concept of pseudo-
multi-sensor information fusion estimation method. The vehicle kinematic relationship and dy-
namic model are established, and the corresponding vehicle sideslip angle estimators are de-
vised. In addition, a wheel speed coupling relationship-based sideslip angle estimator is designed
on the basis of an improved RLS algorithm, in which the cases of ill-conditioned matrix and
model uncertainty are considered. Then, drawing lessons from the multisensory information fu-
sion technology, we regard the estimations obtained by the above three estimators as pseudo-
measurements from sensors, and a pseudo-multi-sensor fusion estimation method is proposed to
estimate the sideslip angle, in which the advantages of all three estimators can be colligated and
applicable to different vehicle manoeuvres. Simulations of J-turn and DLC manoeuvres were
carried out, their results show that the three above-mentioned sideslip angle estimators exhibit
their own advantages and shortcomings, and the proposed pseudo-multi-sensor fusion estima-
tion method can achieve more reliable and accurate estimation of the sideslip angle. For further
validation, a road test was executed, and the proposed estimation method performance was ver-
ified. It needs to be further explained that, in the road test, the tires still work in the linear area
due to the limitations of experimental conditions and experimental sites. In order to completely
verify the fusion estimation method performance, further verifications will be carried out if the
experiment conditions are ripe enough.
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