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Abstract
Reliable estimation of longitudinal force and sideslip angle is essential for vehicle stability and active safety
control. This paper presents a novel longitudinal force and sideslip angle estimation method for four-wheel
independent-drive electric vehicles in which the cascaded multi-Kalman filters are applied. Also, a modified
tire model is proposed to improve the accuracy and reliability of sideslip angle estimation. In the design
of longitudinal force observer, considering that the longitudinal force is the unknown input of the electric
driving wheel model, an expanded electric driving wheel model is presented and the longitudinal force
is obtained by a strong tracking filter. Based on the longitudinal force observer, taking into consideration
uncertain interferences of the vehicle dynamic model, a sideslip angle estimation method is designed using
the robust Kalman filter and a novel modified tire model is proposed to correct the original tire model
using the estimation results of longitudinal tire forces. Simulations and experiments were carried out, and
effectiveness of the proposed estimation method was verified.
Keywords: distributed drive electric vehicle, Kalman filter, error compensation, sideslip angle.
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1. Introduction

As a potential means of future transportation with accurate and independent torque manoeu-
vrability [1–5], the four-wheel independent-drive electric vehicles (4WID-EVs), a promising
activation pattern of electric vehicles with higher freedom in vehicle dynamic control, have at-
tracted the attention of both industrial and academic communities for the last decades. The stable
performance of vehicle dynamics control depends on the precise and credible vehicle state mea-
surements [6–10]. Recently, the increasing requirements and developing technologies on vehicle
stability and active safety motivate the growth of intelligent transportation and autonomous ve-
hicles. The auxiliary driving and self-driving, with an advantage of vehicle autonomous security
and reduced mobility cost, has attracted the attention and considerate efforts of researchers and
companies [11–14]. The estimation of longitudinal force and sideslip angle is also important to
the vehicle path-following and lateral stability control. Considering the longitudinal force and
sideslip angle are difficult and costly to be measured by the on-board vehicle sensors, the design
of estimators for longitudinal force and sideslip angle estimation is essential.
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The existing studies present different forms of observer designs for vehicle state estimation,
and the algorithms used for observer design in prior papers can adopt a Kalman-filter-based
method [15–19], a nonlinear-observer-based method [20–24], an optimal estimation method [25–
29], an information fusion estimation method [17, 19, 29–33], a robust estimation method [34–37]
et al. The Kalman filter is widely used in vehicle state estimation and recently, on the basis of
characteristics of the objects to be estimated, researchers approach to designing the vehicle state
estimators applying a fusion of Kalman filter with another advanced estimation theory. Nam
proposed a novel sideslip angle estimation method using a combination of recursive least squares
and Kalman filter, in which the recursive least squares was designed with assistance of a forgetting
factor [21]. Liu presented a vehicle state estimation strategy on the basis of the extended Kalman
filter and the minimum model error theory, where the minimum model error theory was used
to reduce the estimation error caused by model nonlinearity [23]. In most prior approaches, the
longitudinal force is usually estimated for a traditional internal-combustion-engine vehicle; the
longitudinal force observer designs for EVs, especially for 4WID-EVs are still relatively difficult
to encounter. In [37], the longitudinal force estimation was obtained by integrating the rotational
dynamics differential equation of driving wheel or using the current multiplied by a constant. If
we apply the measurements of current, speed, and voltage for the longitudinal force estimation, we
can make full use of the electric driving characteristics of 4WID-EVs. Lots of vehicle dynamics
control systems need to monitor the sideslip angle dynamically, so in a variety of works the
sideslip angle estimation have been researched extensively. Due to the importance of sideslip
angle, the design process of sideslip angle estimator is focused on the enhancement of estimation
performance and accuracy. Ma analysed the transfer function frequency with the consideration
of steering wheel torque and steering wheel angle and presented a novel steering torque-based
sideslip angle estimation method [22]. Jin established a nonlinear vehicle dynamics model, a
linear tire model and a nonlinear tire model, and then proposed an interacting multiple-model
filter-based estimator, in which updating of the model probability was considered [24].

In this paper, a design of a novel strong-tracking filter-based (STF) longitudinal force observer
(LFO) for 4WID-EVs is presented and – based on the LFO design – a sideslip angle estimation

Table 1. Terms and abbreviations.

Terms Abbreviations

Four-wheel independent drive electric vehicles 4WID-EVs

Extended Kalman filter EKF

Strong tracking filter STF

Robust Kalman filter RKF

Longitudinal force observer LFO

Electric driving wheel model EDWM

3-degree-of-freedom 3-DOF

Double Lane Changes DLC

Rapid prototyping platform RPP

Global position system GPS

Inertial measurement unit IMU

Root mean square RMS

Root-mean-square error ERMS
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method using the robust Kalman filter (RKF) is proposed. The vehicle dynamics model and
electric driving wheel model (EDWM) are established. In the design of LFO, considering the
EDWM is an uncertain system with unknown input, an extended model is presented and then the
LFO is designed based on STF. On the basis of the designed LFO, considering the uncertainty
of vehicle model, the RKF is studied and applied to the estimation of sideslip angle. Moreover,
with the longitudinal forces being able to be obtained by LFO and the original tire model, the
information redundancy of longitudinal forces was used to improve the accuracy and real-time
tracking ability by error iteration. And the revised longitudinal force is further used to correct
the lateral tire forces of the original tire model. The paper’s main contribution includes: firstly,
introducing the electric driving characteristic of 4WID-EV into the longitudinal force estimation
by constructing the EDWM, secondly, using the multiple Kalman filters to design a sideslip angle
observer and a modified tire model that help to improve the estimation accuracy and adaptability
in multiple working conditions.

The terms and abbreviations used in this paper are listed in Table 1. The rest of this paper
is organized as follows. The vehicle model is presented is Section 2. The design of vehicle
state observers are included in Section 3. The simulation results are provided in Section 4. The
experimental verifications are presented in Section 5, followed by the conclusive remarks.

2. Vehicle dynamics model

2.1. 3-degree-of-freedom vehicle model

A schematic diagram of the 3-DOF vehicle model in the longitudinal, lateral, and yaw
directions is shown in Fig. 1. The origin of the dynamic coordinate system xoy 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 successive
numbers 1, 2, 3, and 4 of the wheels correspond to the front-left, the front-right, the rear-left and
the rear-right wheels, respectively. The dynamic equations of the 3-DOF vehicle model can be
expressed as:

v̇x = γvy +
1
m

[
(Fx1 + Fx2) cos δ −

(
Fy1 + Fy2

)
sin δ + Fx3 + Fx4

]
, (1)

v̇y = −γvx +
1
m

[
(Fx1 + Fx2) sin δ +

(
Fy1 + Fy2

)
cos δ + Fy3 + Fy4

]
, (2)

γ̇ =
1
Iz

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

(
Fy1 + Fy2

)
l f cos δ

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

where vx and vy are the longitudinal and lateral vehicle speeds, respectively. γ is the yaw rate, m
is the vehicle mass, δ represents 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 axles,
respectively. bf and br are the half treads of the front wheels and rear wheels, respectively.
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Fig. 1. A vehicle dynamics model.

2.2. Tire model

The following semi-empirical magic formula of tire model is used in order to estimate the
longitudinal and lateral tire forces which can be computed as:

Fx,y = D sin
{
C arctan[Bα − E(Bα − arctan(Bα))]

}
, (4)

where B is the stiffness factor, C is the curve shape factor, D is the peak factor, E is the curve
curvature factor, α is the wheel sideslip angle. The tire model parameters: B, C, D, E, are related
to the tire vertical load. The vertical load of each tire can be calculated as:



Fz1 = lr

(
mg

2l
+

mayh
2bf l

)
− maxh

2l

Fz2 = lr

(
mg

2l
−

mayh
2bf l

)
− maxh

2l

Fz3 = l f

(
mg

2
+

mayh
2br l

)
+

maxh
2l

Fz4 = l f

(
mg

2
−

mayh
2br l

)
+

maxh
2l

, (5)

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
obtained by: 

α1 = δ − arctan
vy + l f γ

vx + bf γ/2

α2 = δ − arctan
vy + l f γ

vx − bf γ/2

α3 = − arctan
vy − lrγ

vx + brγ/2

α4 = − arctan
vy − lrγ

vx − brγ/2

. (6)
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2.3. Electric-driven wheel model

A diagram of EDWM is shown in Fig. 2. The 4WID-EV is actuated by four in-wheel motors,
and the electromechanical coupling driving wheel composed of a motor and a tire can be con-
sidered as an independent information module, so the concept of the EDMW is introduced to the
longitudinal force estimation process and the current, speed and voltage are used to estimate the
longitudinal force. The rotational dynamic equation of EDWM is as follows:

J1ω̇ j = TLj − Fx jr, (7)

where ω j represents the rotational speed of the jth wheel, J1 denotes the inertia moment, r
represents the effective rolling radius of EDWM, TLj stands for the load torque of in-wheel motor.
The balance equation of torque in the output shaft of EDWM is shown as:

J2ω̇ j + bω j = Kt i j − TLj , (8)

where J2 is the rotational inertia of in-wheel motor rotor, b is the damping coefficient, Kt is the
motor torque constant, i j is the bus current. The dynamic voltage balance equation of equivalent
circuit in in-wheel motor has the form:

u j = Ri j + Li̇ j + Kaω j . (9)

where u j is the bus voltage of in-wheel motor, R is the equivalent resistance of winding, L is the
equivalent inductance of winding, Ka is the inverse electromotive force coefficient.

Fig. 2. A diagram of electric driving wheel model.

3. Observer design

3.1. Design of longitudinal force observer

By substituting (7) into (8) and combining it with (9), the EDWM is written as:


i̇ j = −

R
L

i j −
Ka

L
ω j +

1
L

u j

ω̇ j =
Kt

J
i j −

b
J
ω j −

r
J

Fx j

, (10)

where J = J1 + J2. The EDWM in equation can be expressed as:{
ẋ = Ax + Bu + Dd + Ew1

yw = Cx + Fw2
, (11)
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where x, u, d and y are the state vector, the known input vector, the unknown input vector
and the measurement vector, respectively. w1 and w2 are uncorrelated zero mean white noise
sequences. The known input and unknown input represent the voltage and longitudinal force,

respectively. And, x = [i jω j]T , A =


−R

L
−Ka

L
Kt

J
− b

J


, B =


1
L
0

 , D =


0

− r
J

 , C =
[ 1 0

0 1

]
,

E = F =
[ 1

1

]
.

Compared with the common Kalman filter, the strong-tracking filter (STF) introduces the
fading factor into the prediction error covariance matrix, so it has a stronger real-time tracking
ability of system state. The nonlinear state space equation is defined as:{

ẋ(t) = f (x(t), u(t)) + �w(t)
y(t) = h(x(t), u(t)) + v(t)

, (12)

where w(t) and v(t) are the process noise and the measurement noise in accordance with Gauss
distribution, respectively. The corresponding algorithm of STF is presented as follows:
1) Calculate the matrices of residual error and mean square error:


r (k + 1) = Y (k + 1) − H (k + 1) X̂ (k + 1)

V0(k + 1) =


r (1)rT (1), k = 0

ρV0(k) + r (k + 1)rT (k + 1)
ρ + 1

, k ≥ 1

, (13)

where 0 ≤ ρ ≤ 1 is the forgetting factor, choose ρ = 0.95.
2) Calculate the suboptimal fading factor:

λ(k + 1) =
{
λ0, λ0 ≥ 1
1, λ0 ≤ 1

, (14)

where:


λ0 =

tr[Nk+1]
tr[Mk+1]

Nk+1 = Vk+1 − Hk+1�kQk�T
k

HT
k+1 − βRk+1

Mk+1 = Hk+1�k+1/kPk/k�k/kHT
k+1

. Here, β ≥ 1 is the softening factor.

3) Calculate the matrices of prediction covariance matrix and gain:
Pk+1/k = λk+1�k+1/kPk/k�T

k+1/k + �kQk+1�T
k

KK+1 = Pk+1/kHT
k+1

[
Hk+1Pk+1/kHT

k+1 + RK+1
]−1 . (15)

4) Calculate the matrix of state estimation covariance and the estimation of state vector:
Pk+1/k+1 =

(
I − Kk+1HT

k+1
)
Pk+1/k

X̂k+1/k+1 = X̂k+1/k + Kk+1rk+1
. (16)

The data flow chart of STF is shown in Fig. 3. Owing to the existence of unknown input in
system (11), we construct the Markoff process as follows:

Ḟx j

F̈x j

 =
[

0 1
0 0

] [
Ḟx j

F̈x j

]
+ noise. (17)
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Fig. 3. A data flowchart of STF.

Expanding the system state by longitudinal force and its differential we obtain the expanded
system state as xe =

[
i j ω j Fx j Ḟx j

]T
=

[
xe1 xe2 xe3 xe4

]T . On the basis of the above
mentioned STF, the estimator for longitudinal force estimation can be designed, the state space
equation and the measurement equation of STF are expressed as follows, respectively.



ẋe1 = −
R
L

xe1 −
Ka

L
xe2 +

1
L

u

ẋe2 =
Kt

J
xe1 −

b
J

xe3 −
r
J

xe3

ẋe3 = xe4

ẋe4 = 0

, (18)

ye =
[
i j ω j

]T . (19)

For a four-wheel independent-drive electric vehicle, each electric-driven wheel is an indepen-
dent information unit. Therefore, we can respectively design four STFs corresponding to the four
EDWMs, and the longitudinal forces can be estimated by the measurements of current, wheel
speed and bus voltage, where STF1, STF2, STF3 and STF4 are applied to estimate Fx1, Fx2, Fx3
and Fx4, respectively.
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3.2. Sideslip angle estimation by cascaded multi-Kalman filters and modified tire model

Taking the unknown interferences into account, the vehicle states and parameters are time-
varying in complex driving conditions. Under these circumstances, even small model errors
will lead to the deviations of estimated values with the accumulation of time. In (1), (2), (3),
considering the uncertainty of vehicle model, and assuming that the additional nonlinear factors
are bounded, the discretization form of vehicle system model can be written as:{

x(k + 1) = (A + ∆A) x(k) + Bu(k) + Dw(k)
y(k) = (H + ∆H) x(k) + v(k)

, (20)

where and represent the unknown disturbance of state transition matrix and measurement matrix
caused by system uncertainty.

Defining the uncertainty as ∆ and ∆ < ∆0, ∆, w and v are unrelated:

E(v) = E(w) = 0, var(v) = R, var(w) = P. (21)

According to (21), it can be deduced that:

z = H x + Hw + ∆x + ∆w + v. (22)

According to (22), it can be found that:

var(z) = var(H x) + var(Hw) + var(∆x) + var(∆w) + var(v), (23)

where var(H x)=0, var(Hw)=HPHT, var(∆w)<∆0P∆T
0 , var(∆x)<( |∆x |)×( |∆x |)=xT

(
∆T

0 ×∆T
0

)
x.

Thus, it can be obtained that:

sup var(z) = HPHT + xT
(
∆
T
0 × ∆

T
0

)
x + ∆0P∆

T
0 + R. (24)

So, the rationality and feasibility of robust Kalman filter is satisfied. With regard to the system
in (20), the steps of robust Kalman filter (RKF) can be presented as following.
1) The one-step prediction information of system status is:

x(k |k − 1) = Ax(k − 1). (25)

The information matrix of x(k) is:

I
[
x(k |k−1) |x(k)

]
x(k |k−1) = P−1(k |k−1)

=
[
(A + ∆A0)P(k−1)(A + ∆A0)T + xT (k−1)

(
∆
T
A0 × ∆

T
A0

)
x(k−1) + BQ(k−1)BT

]−1. (26)

2) The information matrix of measurement z(k) is expressed as:

I
[
z(k) |x(k)

]
= HT

[
xT (k − 1)

(
∆
T
H0 × ∆

T
H0

)
x(k − 1) + R(k)

]−1
H . (27)

3) With the fusion of one-step prediction information and measurement of x(k), the optimal
estimation of x(k) and its information matrix is given by:

x(k) = P(k)
{
P−1(k |k−1)

}
x(k |k−1)

+ HT
[
xT (k−1)

(
∆
T
H0 × ∆

T
H0

)
x(k−1) + R(k)

]−1
z(k)

}
no left bracket, (28)

P−1(k) = P−1(k |k − 1) + HT
[
xT (k − 1)

(
∆
T
H0 × ∆

T
H0

)
x(k − 1) + R(k)

]−1
H . (29)
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A data flowchart of robust Kalman filter is shown in Fig. 4.

Fig. 4. A data flowchart of RKF.

In the process of RKF design, the longitudinal forces estimated by LFOs are regarded as the
pseudo-measurements obtained by virtual sensors and used as inputs of robust Kalman filter. And
the input variable is expressed as uk =

[
δ Fx1 Fx2 Fx3 Fx4 Fy1 Fy2 Fy3 Fy4

]T , the state
variable is given by xk =

[
vx vy γ

]T , and the measurement is denoted as yk =
[
ax ay

]T , where
ax and ay represent the longitudinal acceleration and lateral acceleration of vehicle, respectively,
and can be computed as: {

ax = v̇x − γvy
ay = v̇y + γvx

. (30)

In the RKF design, it is known that the lateral tire forces are obtained from the tire model.
Moreover, the longitudinal forces also can be achieved from the tire model. So it can be noticed that
the longitudinal force information has a redundancy considering the longitudinal forces estimated
by LFOs, so we can utilize the redundancy of longitudinal forces to correct and compensate the
tire model. The LFO is proposed on the basis of electromechanical coupling characteristics, so
LFO is considered to have a quick response ability and a real-time tracking ability. The tire model
is accurate but complex, so it can be used to obtain the longitudinal force estimation if the time
delay can be ignored. That is to say, both tire model and the designed LFO have their advantage
and applicability in longitudinal force estimation.

Here, for the convenience of expression, the longitudinal forces estimated by LFOs are denoted
as Fx1L , Fx2L , Fx3L , Fx4L , the longitudinal forces computed by the tire model are denoted as
Fx1M , Fx2M , Fx3M , Fx4M , the longitudinal forces computed by the modified tire model are
denoted as Fx1, Fx2, Fx3, Fx4, the notation of lateral tire force is the same as that of longitudinal
force. Through analysis, it can be found that the longitudinal force obtained by LFO indicates that
the tire is in good contact with the road and the longitudinal slip of tire is non-existent. Therefore,
if the longitudinal slip is obvious, the estimation accuracy of LFO will reduce. It is affirmative
that the timely calculation ability of the tire model is weaker than that of LFO. That is to say, as
for the real-time estimation ability, the vehicle speed is the most significant factor influencing the
tire model; the larger vehicle speed is, the more obvious is the estimation error of the tire model.

The modified tire model is presented, in which a fuzzy controller is designed to coordinate
the calculation results of LFOs and those of the tire model. The longitudinal slip rate of each tire
can be calculated by λ j =

ω jr − vx
vx

( j = 1, 2, 3, 4), so that the composite longitudinal tire slip
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λ0 = |λ1 |+ |λ2 |+ |λ3 |+ |λ4 | is used to characterize the slip degree of tire. In the fuzzy controller,
the inputs are vehicle speed vx and longitudinal tire slip λ0, and the output is the fuzzy weight k f

used to balance LFO and the tire model, in which the vx and λ0 symbolize the confidence level of
LFO and tire model, respectively. Thus, the optimal longitudinal force estimation of the modified
tire model can be written as Fx j = k f Fx jL + (1 − k f )Fx jM . The membership functions of the
inputs and output in the fuzzy controller are shown in Fig. 5, whereas the fuzzy control rules
are listed in Table 2. With the dependable longitudinal force information, the error between Fx j

and Fx jM can be applied to reflect the deviation from the original tire model and, furthermore,
it can be used to correct the lateral tire forces of the original tire model. Therefore, based on the
experience from the design principle of PID controller, the optimal lateral force of the modified
tire model can be obtained by:

Fy j = Fy jM + kP
(
Fx j − Fx jM

)
+ kI

∫ (
Fx j − Fx jM

)
dt . (31)

where kP and kI are the proportional and integral coefficients, respectively.

Fig. 5. Degree of membership functions of vx , λ0, and k f .

Table 2. Fuzzy control rules.

km
�0

T S M L H

vx

T T S M M L
S T S M L L
M S S M L H
L H M L H H
H M L L H H
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The calculated optimal longitudinal forces and lateral forces of the modified tire model are
used as the inputs of RKF. In addition, vx estimated by RKF is used to compute λ0 and used
as the input of fuzzy controller as a feedback. Thus, the overall estimation system forms a
closed-loop feedback and iteration observer, the adaptive adjustment ability and anti-interference
ability are enhanced, and the vehicle state estimation results are more accurate and reliable. At
last, the vehicle sideslip angle is obtained by the estimation results of RKF and computed as
β = arctan(vy/vx ). The overall sideslip angle estimation strategy using cascaded multi-Kalman
filters and the tire model modified in this paper is shown in Fig. 6.

Fig. 6. The overall sideslip angle estimation strategy using cascaded multi-Kalman filters
and the modified tire model.

4. Simulation results

In order to test effectiveness of the presented STF-based LFO and the RKF-based sideslip angle
estimator presented in this paper, there were executed simulations using a high-fidelity CarSim-
Simulink joint simulation platform. The CarSim software was used to provide the whole vehicle
model; the LFOs and sideslip angle estimator were simulated in Matlab/Simulink. For further
verification, the EKF-based LFO and EKF-based sideslip angle estimator were compared in the
simulations with the STF-based LFO and the RKF-based sideslip angle estimator, respectively.
The corresponding parameters of vehicle and in-wheel motors are listed in Table 3.
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Table 3. 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

Iz Moment of inertia 1000 kg·m2

R Equivalent resistance of winding 0.688 Ω

Ka Inverse electromotive force coefficient 0.06 Nm/A

Kt Motor torque constant 11.43 Nm/A

J Sum of inertia moment of wheel and motor 7.143 kg·m2

b Damping coefficient 0.643 Nm·sec/rad

L Equivalent inductance of winding 0.125 H

4.1. S-turn manoeuvre

In this section, simulation of an S-turn manoeuvre is presented, in which the road friction
coefficient is set to 0.8, the vehicle speed is maintained at a constant of 10 m/s, and the sine
steering wheel angle is shown in Fig. 7. The LFOs are respectively designed for EDWM 1, 2, 3,
4, and in Fig. 8 their longitudinal force estimation results are compared. As shown in Fig. 8, both
EKF-based LFO and STF-based LFO can estimate the longitudinal force accurately. In the local
enlarged insets, it can be found that the estimation effect of STF is better than that of EKF. In
the process of hand-steered wheel self-returning, the steering angle of hand wheel changes faster;
there appears a fluctuation in the estimation results of longitudinal force. However, regarding the
order of magnitude of longitudinal force, the fluctuation is relatively small, which indicates that
the designed LFO can maintain good estimation performance when the state of the vehicle changes
dramatically. As shown in Fig. 9 and Fig. 10, both EKF-based estimator and STF-based estimator
can track the variation trend of vehicle state, but there exists an obvious deviation of the estimation
results obtained by the EKF-based estimator. The deviation is caused by the uncertainty of vehicle
model, and the RKF has a better stability for an unknown uncertainty. Moreover, the proposed
sideslip angle estimation method using cascaded multi-Kalman filters and the modified tire model

Fig. 7. Sine steering wheel angle.
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Fig. 8. Estimation of longitudinal forces in S-turn manoeuvre.

a) Longitudinal vehicle speed.

b) Lateral vehicle speed.

c) Yaw rate.

Fig. 9. Estimation of longitudinal vehicle speed, lateral vehicle speed and yaw rate in S-turn manoeuvre.
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Fig. 10. Estimation of sideslip angle in S-turn manoeuvre.

has a high estimation accuracy and the estimation result is satisfactory. In order to further show
the proposed estimation method’s accuracy, the root-mean-square (RMS) error ERMS between
the real vehicle state and the estimated value is used for the quantitative evaluation and can be
computed by the following equation:

ERMS =

√√√
1

Ns

Ns∑
i=1

(xi − x0i)2, (32)

where Ns is the number of samples, x1 and x0i denote the estimated and measured vehicle state
at the ith sample. Comparison of ERMS values of vehicle state estimation in S-turn simulation is
shown in Table 4. Notice that the presented method for longitudinal force, yaw rate and sideslip
angle estimation improves the accuracy and reliability compared with the common estimation
method.

Table 4. Comparison of ERMS in S-turn manoeuvre.

ERMS
Observer

EKF STF/RKF
Longitudinal force Fx1 0.3854 0.1321
Longitudinal force Fx2 0.3014 0.1066
Longitudinal force Fx3 0.3773 0.1346
Longitudinal force Fx4 0.3111 0.1152
Longitudinal vehicle speed 0.2572 0.1248
Lateral vehicle speed 0.1892 0.0791
Yaw rate 0.0525 0.0219
Sideslip angle 0.1029 0.0304

4.2. Double Lane Changes manoeuvre

In this case, simulation of a Double Lane Changes (DLC) manoeuvre, as shown in Fig. 11,
is carried out. In the simulation, the road friction coefficient is set to 1.0. The vehicle speed
is maintained at a constant of 25 m/s. Fig. 12 presents comparison of the longitudinal force
estimation results. Like the estimation results of S-turn manoeuvre simulation, the estimation
results of EKF-based and STF-based estimators are satisfactory, but the STF has a more accurate
following ability. As it is shown in Fig. 13 and Fig. 14, with the influence of model uncertainty, the
RKF-based estimator has better performance in dealing with uncertainty interference compared
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Fig. 11. DLC manoeuvre.

Fig. 12. Estimation of longitudinal forces in DLC manoeuvre.

with EKF, however, the estimation results of EKF-based estimator have some deviations when the
steering angle of hand wheel is relatively large. And the presented modified tire model contributes
to improvement of the sideslip angle estimation accuracy. Analogously to the processing method
in S-turn simulation, the ERMS values of DLC simulation are calculated and listed is Table 5.
Thus, effectiveness of the proposed estimation method is verified.

Table 5. Comparison of ER M S in DLC manoeuvre.

ERMS
Observer

EKF STF/RKF
Longitudinal force Fx1 0.7384 0.3055
Longitudinal force Fx2 0.7736 0.3267
Longitudinal force Fx3 0.7601 0.3123
Longitudinal force Fx4 0.7465 0.3259
Longitudinal vehicle speed 0.3346 0.2815
Lateral vehicle speed 0.2013 0.1176
Yaw rate 0.1725 0.0615
Sideslip angle 0.1304 0.0767
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a) Longitudinal vehicle speed.

b) Lateral vehicle speed.

c) Yaw rate.

Fig. 13. Estimation of longitudinal vehicle speed, lateral vehicle speed and yaw rate in DLC manoeuvre.

Fig. 14. Estimation of sideslip angle in DLC manoeuvre.

5. Experimental results

5.1. Experimental vehicle

In this section, there is presented an experiment for practical validation of the proposed
estimation method performance. Considering that the sensors for longitudinal force measurements
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are still unavailable on board our four-wheel independent-drive electric vehicle, the verification
of LFO is achieved by an experiment on a chassis dynamometer bench. The RKF-based estimator
is validated by the experimental data of road test, in which the longitudinal forces estimated by
LFOs are used as the credible pseudo-measurements of RKF.

The vehicle for bench test and road test is a four-wheel independent-drive electric vehicle
which is refitted from a single-motor drive electric vehicle and actuated by four in-wheel motors,
and the mass, rated power, maximum torque and maximum speed of each in-wheel motor are
18.6 kg, 3 KW, 150 Nm and 750 r/min, respectively. The vehicle power source is a lithium iron
phosphate battery pack with 72 V voltage output and 140 Ah battery rated capacity, and the
vehicle control system is powered by a 12 V power supply transformed by a DC/DC converter.
The whole vehicle control system is built on a rapid prototyping platform (RPP), which is used
for development of a model-based control system. The signals measured with the sensors RPP
is equipped with, are utilized as the control input of RPP. At the same time, the RPP is used
to automatically design a control algorithm for electromechanical actuators and to implement
it simultaneously into a target microprocessor. The control network framework of the modified
four-wheel independent-drive electric vehicle is shown in Fig. 15.

Fig. 15. The control network framework of the experimental 4WID-EV.

Figure 16 shows the overall-vehicle signal transmission system based on RPP. All control
signals and sensor signals are transferred by a CAN bus. The data from the vehicle sensors and
corresponding vehicle control signals are acquired in the form of analogue quantity and frequency
quantity. Then, the PWM output channel is used to interpret the control signals for each in-wheel
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motor controller through real-time analysis and processing of the sensor data. Considering that
the control signals of in-wheel motor controllers are analogue, the D/A converters are designed
and used to achieve an extra transformation of control signals in order to make them compatible
with those of motor controllers, so that the I/O matching between the motor controller and RPP
is achieved. Using the CAN bus of RPP, the sensor signals and control signals are recorded by
CAN tools of Vehicle SPY 3.

Fig. 16. The overall-vehicle signal transmission system based on RPP.

5.2. Test on chassis dynamometer bench

Figure 17 shows the chassis dynamometer bench for vehicle test. The vehicle for test was
a four-wheel independent-drive electric vehicle which was refitted from a single-motor drive
electric vehicle and actuated by four in-wheel motors. The whole vehicle control system was
built on a rapid prototyping platform. The current, speed and voltage values of in-wheel motors
were measured with corresponding sensors and recorded by the host computer via the CAN bus.
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The longitudinal forces were recorded by the data acquisition system of chassis dynamometer.
Here, the experimental data of front-right electric-driven wheel were chosen to verify the designed
LFO, and the estimation results are shown in Fig. 18. As we can see, in the process of vehicle
acceleration, the STF-based LFO has higher estimation accuracy. When the vehicle tends to travel
at a uniform speed, the estimation results of STF-based LFO tend to converge faster. It indicates
that the real-time estimation ability of the STF-based LFO is better than that of the EKF-based
estimator, and the estimation performance in practice is verified.

Fig. 17. A vehicle test on a chassis dynamometer bench.

Fig. 18. Estimation of longitudinal forces.

5.3. Road test

Figure 19a shows a photo of the vehicle road test. As shown in Fig. 19b, the road test is
implemented in the form of a slalom trajectory, in which 10 traffic piles are placed as obstacles,
and the distance between every two adjacent piles is 30 meters. The vehicle speed cruising is well
regulated by a designed speed controller in RPP. Fig. 19c and Fig. 19d show the measurement
results of steering wheel angle and vehicle speed in the road test, respectively. The front wheel
steering angle was transformed from the measured hand-steered wheel angle. The longitudinal
vehicle speed and sideslip angle were measured by a high-precision difference global position
system (GPS), and the yaw rate was obtained from an inertial measurement unit (IMU). Fig. 20
and Fig. 21 present the estimation results of EKF-based and RKF-based estimators. Through
comparative analyses, it can be found that the real-time tracking ability and estimation accuracy of
the proposed estimation method is superior to those obtained with common EKF-based methods.
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Although the error of experimental results is slightly larger than that of simulation results, the
error is still within the allowable range. Comparison of ERMS values in the chassis dynamometer
bench test and the road test is shown in Table 6, and the feasibility in practice of the estimation
method proposed in this paper is further validated.

a) The experimental vehicle.

b) Experimental trajectory.

c) Steering wheel angle.

d) Vehicle speed.

Fig. 19. The road test.

204



Metrol. Meas. Syst.,Vol. 26 (2019), No. 1, pp. 185–208.

a) Longitudinal vehicle speed.

b) Lateral vehicle speed.

c) Yaw rate.

Fig. 20. Estimation of longitudinal vehicle speed, lateral vehicle speed and yaw rate in the road test.

Fig. 21. Estimation of sideslip angle in the road test.
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Table 6. Comparison of ER M S in the experiment.

ERMS
Observer

EKF STF/RKF

Longitudinal force 1.1044 0.6976

Longitudinal vehicle speed 0.1764 0.1002

Lateral vehicle speed 0.1388 0.0893

Yaw rate 0.1107 0.0723

Sideslip angle 0.1121 0.0814

6. Conclusion

This paper presents a novel STF-based LFO and an RKF-based sideslip angle estimator for
4WID-EVs with a modified tire model being applied to improve the accuracy of sideslip angle
estimation. Owing to the longitudinal force that is the unknown input of EDWM, we expanded
the system of EDWM and structured the differential equation of longitudinal force, and then
designed the LFO based on STF. Considering the model uncertainty, the sideslip angle estimation
was achieved with the design of RKF. Moreover, a novel modified tire model was proposed to
enhance the reliability and accuracy of the estimation system by iteration of information and
fusion of the multi-Kalman filters. Simulations of S-turn and DLC manoeuvres were carried out,
the simulation results verified effectiveness of the presented LFO, and it can be deduced that
the RKF-based sideslip angle estimator improves the accuracy and reliability of estimation with
the variation of tire cornering stiffness. For further validation, a test on a chassis dynamometer
bench and a road test were performed, and performance of the proposed estimation method was
validated.
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