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Exact sideslip angle estimation is significant to the dynamics control of four-wheel independent drive electric vehicles. It is costly
and difficult-to-popularize to equip vehicular sensors for real-time sideslip angle measurement; therefore, the reliable sideslip angle
estimation method is investigated in this paper. The electric driving wheel model is proposed and applied to the longitudinal force
estimation. Considering that electric driving wheel model is a nonlinear model with unknown input, an unknown input estimation
method is proposed to facilitate the longitudinal force observer design, in which the adaptive high-order sliding mode observer is
designed to achieve the state estimation, the analytic formula of longitudinal force is obtained by decoupling electric driving wheel
model, and the longitudinal force estimator is designed by recurrence estimation method. With the designed virtual longitudinal
force sensor, an adaptive attenuated Kalman filtering is proposed to estimate the vehicle running state, in which the time-varying
attenuation factor is applied to weaken the past data to the current filter and the covariance of process noise and measurement
noise can be adjusted adaptively. Finally, simulations and experiments are conducted and the effectiveness of proposed estimation
method is validated.

1. Introduction

Electric vehicles have been extensively recognized as promis-
ing vehicle architectures with several advantages like high
capacity usage ratio, more simplified transmission struc-
ture and environmental friendly characteristics [1, 2]. Four-
wheel independent drive electric vehicles (FWID-EVs), in
virtue of precise and flexible torque control, have been
admitted feasible and effective to improve vehicle stability.
Many advanced active safety control systems have been
widely used for ground vehicles to prevent fatal accidents
and guarantee safety [3, 4]. Active safety system, of which
the antilock brake system, the electronic stability program,
the traction control system, and adaptive cruise control,

collision warning are examples, is significant to vehicle
stability control during complicated conditions and severe
maneuvers. The sideslip angle of ground vehicles is defined
as the angle between the vehicle longitudinal axis and the
vehicle velocity vector. Lots of vehiclemotion 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
[5–9]. Recently, the auxiliary driving and self-driving, with
the advantage of vehicle autonomous security and reduced
mobility cost, has attracted views and considerate efforts from
both researchers and companies [10–12], and the estimation
of sideslip angle is also important to the vehicle path-
following and lateral stability control [13, 14]. However,
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the sideslip angle is hard and costly to obtain directly by
vehicular sensors. Based on this consideration, it is essential
to research the design of accurate and stable sideslip angle
observer.

With the development and deepening of relevant research
in vehicle running states estimation, many universities and
automobile enterprises have made full research on this issue,
achieving some great research results. The estimation means
used for vehicle running states estimation in prior studies
includes Kalman-filter-based method [15–22], nonlinear-
estimator-basedmethod [23–28], error iterationmethod [29–
31], redundancy measurement amalgamation method [32–
37], and antijamming estimation [38]. Jin proposed a lateral
tire forces and sideslip angle estimation method based on
unscented Kalman filter with the consideration of the nonlin-
ear tire model and using the interacting multiple model filter
estimation method to improve the estimation accuracy [16].
Cheng designed a novel vehicle sideslip angle fusion estima-
tionmethod using the adaptive square-root cubature Kalman
filter, in which a weight coefficient was introduced to improve
the adaptive ability of the designed Kalman filter [17]. With
the research of vehicle state estimation methods tending
to meet the practical needs of engineering applications,
people gradually tend to select the corresponding estimation
algorithms according to the causes of the estimation errors
of the research objects to obtain better estimation results. To
guarantee the yaw-stability and roll-stability control of vehi-
cle, Nam presented a sideslip angle and roll angle estimation
method using the extended Kalman filter, with the lateral tire
force being directly measured by equipped vehicular sensors
[33]. In addition, some researchers recently begin to study
the robust sideslip angle observer design and achieve many
great research results [39, 40], in which the uncertainty of
vehicle dynamic system caused by parameter perturbation
is considered and used for parametric vehicle uncertainty
modelling. Zhang established an uncertain linear parameter
varying vehicle model with consideration of the variation
of longitudinal velocity and proposed a gain-scheduling
observer for sideslip angle estimation [40]. The electric driv-
ingwheelmodel (EDWM), consisting of in-wheelmotors and
wheels, is not only an independent control unit, but also an
independent information unit.Themeasurements of current,
voltage, and wheel speed of EDWM are easily to be obtained
by low-cost sensors. If we apply this feature to vehicle state
estimationmethod, it will help to make full use of the electric
driving advantage of FWID-EVs, improve the estimation
accuracy, and reduce the estimation cost. In [6, 41], the
electric-drive characteristic of in-wheel motor drive electric
vehicle is introduced into the estimation of longitudinal tire
force. In the above research literatures, the longitudinal force
is estimated by designing the unknown input observer, and
the system states are used as the measurements directly.
Compared with above research literatures, in this paper, a
sliding mode observer is designed in advance to estimate
the system state, and the system state estimation results are
then used as the virtual measurements in the longitudinal
force estimation.Thus, the estimation accuracy can be further
improved. Moreover, an adaptive attenuated Kalman filter
(AAKF) is studied for vehicle running state estimation.

In this work,motivated by above analysis, a running states
estimation method of autonomous four-wheel independent
drive electric vehicle by virtual longitudinal force sensors
(VLFS) is presented. Making full use of the electric driving
characteristics of FWID-EV, the EDWM is proposed and
introduced to the longitudinal force estimation. Considering
the EDWM is a nonlinear model with unknown input, an
unknown input estimation method is proposed to facilitate
the longitudinal force observer design. The designed longi-
tudinal force observer is seen as a VLFS and used to provide
the pseudo-measurement input to the vehicle running state
estimation. The AAKF is proposed to estimate the vehicle
running state, in which the time-varying attenuation factor
is applied to weaken the past data to the current filter and the
covariance of process noise and measurement noise can be
adjusted adaptively.

The rest of this paper is organized as follows. The vehicle
dynamicsmodel is presented in Section 2.The vehicle sideslip
angle estimation method is designed in Section 3. The sim-
ulation results are provided in Section 4. The experimental
results are shown in Section 5, followed by the conclusive
remarks.

2. Vehicle Dynamics Model

2.1. 3-DOF Vehicle Model. Vehicle dynamic behavior model-
ing is the basis of vehicle state observer design. In this paper,
the pitch, roll motion, and mechanical characteristics of four
driving wheels are neglected, and only the degree of freedom
of vehicle in longitudinal and lateral directions and yaw
directions are considered to establish the vehicle dynamic
relationship. The force analysis of the vehicle is shown in
Figure 1. The center of mass of the vehicle is regarded as the
origin of the driving coordinate system.The x-axis is directed
to the driving direction of the vehicle, the y-axis is directed
to the left of the driver, and the yaw direction is directed
counterclockwise around the origin of the coordinate system.
The numbers 1, 2, 3, and 4 of the wheel represent the front-
left, the front-right, the rear-left, and the rear-right wheel,
respectively. The dynamic equations of the 3-DOF vehicle
model can be written as

V̇𝑥 = 𝛾V𝑦 + 1𝑚 [(𝐹𝑥1 + 𝐹𝑥2) cos 𝛿 − (𝐹𝑦1 + 𝐹𝑦2) sin 𝛿
+ 𝐹𝑥3 + 𝐹𝑥4] (1)

V̇𝑦 = −𝛾V𝑥 + 1𝑚 [(𝐹𝑥1 + 𝐹𝑥2) sin 𝛿 + (𝐹𝑦1 + 𝐹𝑦2) cos 𝛿
+ 𝐹𝑦3 + 𝐹𝑦4] (2)

̇𝛾 = 1𝐼𝑧 [(𝐹𝑥1 + 𝐹𝑥2) 𝑙𝑓 sin 𝛿 − (𝐹𝑦3 + 𝐹𝑦4) 𝑙𝑟+ (𝐹𝑦1 + 𝐹𝑦2) 𝑙𝑓 cos 𝛿 + (𝐹𝑦1 − 𝐹𝑦2) 𝑏𝑓 sin 𝛿− (𝐹𝑥1 − 𝐹𝑥2) 𝑏𝑓 cos 𝛿 − (𝐹𝑥3 − 𝐹𝑥4) 𝑏𝑟]
(3)

where V𝑥 and V𝑦 represent the longitudinal and lateral vehicle
speed, respectively. 𝛾 represents the yaw rate, 𝛽 represents
the vehicle sideslip angle, 𝑚 is the vehicle mass, 𝛿 represents
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Figure 1: Vehicle dynamics model.
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Figure 2: Electric driving wheel model.

the front-wheel steering angle, 𝐼𝑧 stands for the moment of
inertia. 𝐹𝑥𝑗 and 𝐹𝑦𝑗 (𝑗 = 1, 2, 3, 4) are the longitudinal tire
force and lateral tire forces, respectively. 𝑙𝑓 and 𝑙𝑟 denote the
front-axle distance and the rear-axle distance, respectively.𝑏𝑓 and 𝑏𝑟 denote the front-half wheelbase and rear-half
wheelbase, respectively.

2.2. EDWM. The diagrammatic sketch of EDWM is shown
in Figure 2. The FWID-EV is actuated by four in-wheel
motors, and the electromechanical coupling driving wheel
composed a motor and a tire can be considered 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 state equation of EDWM
is expressed as

𝐽1�̇�𝑗 = 𝑇𝐿𝑗 − 𝐹𝑥𝑗𝑟 (4)

where 𝜔𝑗 represents the wheel rotational speed, 𝐽1 denotes
the inertia moment, 𝑟 represents the effective rolling radius
of EDWM, and 𝑇𝐿𝑗 stands for the motor load torque. The
output-axis torque dynamics equation of EDWM is shown as

𝐽2�̇�𝑗 + 𝑏𝜔𝑗 = 𝐾𝑡𝑖𝑗 − 𝑇𝐿𝑗 (5)

where 𝐽2 is the motor-rotor rotation inertia, 𝑏 represents the
damping coefficient, 𝐾t is the torque constant of in-wheel

motor, and 𝑖𝑗 denotes the line current. The equivalent-circuit
voltage equation of EDWM is given by

𝑢𝑗 = 𝑅𝑖𝑗 + 𝐿 ̇𝑖𝑗 + 𝐾𝑎𝜔𝑗 (6)

where 𝑢𝑗 denotes the line voltage of in-wheel motor, 𝑅
denotes the equivalent resistance, 𝐿 denotes the equivalent
inductance, and 𝐾𝑎 denotes the back electromotive force
coefficient.

2.3. Tire Model. Accurate tire force model is the basis of
vehicle driving state estimation. The tire model of magic
formula is computed as𝐹𝑥,𝑦 = 𝐷 sin {𝐶 arctan [𝐵𝛼 − 𝐸 (𝐵𝛼 − arctan (𝐵𝛼))]} . (7)

where 𝐵 denotes the stiffness factor, 𝐶 denotes the curve-
shape factor, 𝐷 denotes the peak factor, and 𝐸 denotes the
curve curvature factor, 𝛼 denotes the sideslip angle of each
wheel. The 𝐵, 𝐶, 𝐷, 𝐸 in (7) vary with the change of the tire
vertical tire, and the tire vertical force is obtained as

𝐹𝑧1 = 𝑙𝑟 (𝑚𝑔2𝑙 + 𝑚𝑎𝑦ℎ2𝑏𝑓𝑙 ) − 𝑚𝑎𝑥ℎ2𝑙
𝐹𝑧2 = 𝑙𝑟 (𝑚𝑔2𝑙 − 𝑚𝑎𝑦ℎ2𝑏𝑓𝑙 ) − 𝑚𝑎𝑥ℎ2𝑙
𝐹𝑧3 = 𝑙𝑓 (𝑚𝑔2 + 𝑚𝑎𝑦ℎ2𝑏𝑟𝑙 ) + 𝑚𝑎𝑥ℎ2𝑙
𝐹𝑧4 = 𝑙𝑓 (𝑚𝑔2 − 𝑚𝑎𝑦ℎ2𝑏𝑟𝑙 ) + 𝑚𝑎𝑥ℎ2𝑙 .

(8)

where 𝐹𝑧1, 𝐹𝑧2, 𝐹𝑧3, and 𝐹𝑧4 are the vertical tire forces, ℎ
denotes the gravity-center height to the horizontal plane,
and 𝑔 is the gravity acceleration. The wheel sideslip angle is
written as

𝛼1 = 𝛿 − arctan
V𝑦 + 𝑙𝑓𝛾

V𝑥 + 𝑏𝑓𝛾/2
𝛼2 = 𝛿 − arctan

V𝑦 + 𝑙𝑓𝛾
V𝑥 − 𝑏𝑓𝛾/2

𝛼3 = − arctan V𝑦 − 𝑙𝑟𝛾
V𝑥 + 𝑏𝑟𝛾/2

𝛼4 = − arctan V𝑦 − 𝑙𝑟𝛾
V𝑥 − 𝑏𝑟𝛾/2 .

(9)

3. Vehicle Sideslip Angle Estimation Method

3.1. �e Design of VLFS. Substituting formula (4) into for-
mula (5) and coupling it with formula (6), we can obtain the
EDWM as follows:

∙𝑖𝑗 = −𝑅𝐿 𝑖𝑗 − 𝐾𝑎𝐿 𝜔𝑗 + 1𝐿𝑢𝑗
∙𝜔𝑗 = 𝐾𝑡𝐽 𝑖𝑗 − 𝑏𝐽𝜔𝑗 − 𝑟𝐽𝐹𝑥𝑗

(10)
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where 𝐽 = 𝐽1 + 𝐽2. The EDWM in formula (9) can be written
as

�̇�𝑓 = 𝐴𝑓𝑥𝑓 + 𝐵𝑓𝑢𝑓 + 𝐷𝑓𝑑𝑓
𝑦𝑓 = 𝐶𝑓𝑥𝑓 (11)

where 𝑥𝑓 is the system state, 𝑢𝑓 is the system input, 𝑑𝑓 is the
system unknown input, and 𝑦𝑓 is the system measurement
output, respectively. The physical meaning of known input is
motor voltage, and the physical meaning of unknown input
is longitudinal tire force. And,

𝑥𝑓 = [𝑖𝑗 𝜔𝑗]𝑇 ,
𝐴𝑓 = [[[

−𝑅𝐿 −𝐾𝑎𝐿𝐾𝑡𝐽 −𝑏𝐽
]]]
,

𝐵𝑓 = [[
1𝐿0]] ,

𝐷𝑓 = [[
0
−𝑟𝐽]] ,

𝐶𝑓 = [1 00 1] .

(12)

The virtual longitudinal force sensor is actually an artifi-
cially designed longitudinal force observer, and the estimated
value of longitudinal force observer is regarded as the pseudo-
measurement of longitudinal force sensor and used as the
input of the sideslip angle estimation in next section. The
four-wheel independent drive electric vehicle is actuated
by four in-wheel motors, and each in-wheel motor can be
supervised separately. The single EDWM is not only an inde-
pendent control unit, but also an independent information
unit.We canmake full use of the electric-drive characteristics
of four-wheel independent drive electric vehicle and use the
current sensor, revolution speed sensor, and voltage sensor to
estimate the longitudinal force, which helps to reduce the cost
of virtual longitudinal force sensor.

As we can see, in formula (11), the longitudinal force is the
unknown input of EDWM, and the measurements of current
sensor and revolution speed sensor are easy to be disturbed by
noise.Therefore, before estimating the longitudinal forces, we
need to designmodel-state observer. A slidingmode observer
is designed to achieve the accurate estimation of model states

̇̂𝑥𝑓 = 𝐴𝑓𝑥𝑓 + 𝐵𝑓𝑢𝑓 + 𝐻(𝑦𝑓 − 𝑦𝑓) + 𝜆
𝑦𝑓 = 𝐶𝑓𝑥𝑓 (13)

where matrix 𝐻 is the observer gain and 𝜆 is the switching
term of sliding mode observer. In consideration of the
influences of switching term, the chattering phenomena
are unavoidable in sliding mode observer. To reduce the

influences chattering phenomena and improve the estimation
accuracy, the boundary layer of sliding mode is applied to
design the switching term

𝜆 = {{{{{{{
−𝜇 𝑒𝑦𝑒𝑦 ,

𝑒𝑦 > 𝜉1
−𝜇𝑒𝑦𝜉1 , 𝑒𝑦 ≤ 𝜉1 (14)

where 𝑒𝑦 = 𝑦𝑓 − 𝑦𝑓 represents the measurement error, 𝜉1
represents the boundary layer thickness of sliding mode
observer, and 𝜇 represents the gain matrix of the switching
term.

In order to prove the convergence of model-state
observer, the Lyapunov function is designed as 𝑉 = (1/2)𝑒𝑇𝑥𝑒𝑥, where 𝑒𝑥 = 𝑥𝑓 − 𝑥𝑓 represents the model state
error. The differential formula of Lyapunov function can be
computed as

�̇� = 𝑒𝑇𝑥 (𝐴𝑓𝑥𝑓 − 𝐴𝑓𝑥𝑓 − 𝐻𝐶𝑓𝑒𝑥 + 𝜆 − 𝐷𝑓𝑑𝑓)
= 𝑒𝑇𝑥 (Δ𝑓 − 𝐻𝐶𝑓𝑒𝑥 + 𝜆 − 𝐷𝑓𝑑𝑓)
≤ − ‖𝐻‖ 𝐶𝑓 𝑒𝑥2 − ‖𝑒‖ (𝜇 − 𝐷𝑓𝑑𝑓 − Δ𝑓)

(15)

where Δ𝑓 = 𝐴𝑓𝑥𝑓 − 𝐴𝑓𝑥𝑓. It can be found that the
smoothness of the estimated results of the designed sliding
mode observer is positively related to the width of the
boundary layer. The larger the width of the boundary layer
is, the less chattering is. But, the boundary layer will cause
the sliding mode deviating from the steady state at the same
time. As one can see in formula (15), to promote the existence
of sliding mode and the asymptotic stability of sliding mode
observer simultaneously, the gain matrix 𝜇 is designed to
make the condition ‖𝜇‖ > ‖𝐷𝑓𝑑𝑓‖ + ‖Δ𝑓‖ satisfied and the
inequality �̇�1 < 0 hold.

Theobserverswith good performance are required to deal
with unpredictable interference factors. The actual driving
conditions of vehicles are complex, and there are always
some unavoidable disturbances and environmental factors
that will weaken the estimation performance of the designed
observer. Accordingly, the maximum value of ‖𝐷𝑓𝑑𝑓‖ is
almost unpredictable and varies with time.With that inmind,
in order to achieve appropriate 𝜇 to reduce the estimation
error, for the sake of conservatism, the value of 𝜇 should be
as large as possible. But oversized 𝜇 is very likely to cause
unnecessary chattering in the estimation results. To alleviate
this contradiction, a compromising and adaptive way must
be chosen. An iterative algorithm for switching gain matrix
is proposed, which adjusts the switching gain matrix in real
time according to the change of model unknown input, and
the switching gain matrix is designed as

𝜇i,𝑘+1 (𝑡)
= 𝜇i,𝑘 (𝑡) + 𝐾𝑖 𝑒𝑦𝑖,𝑘 (𝑡) − 𝜉0
× sgn {(𝑒𝑦𝑖,𝑘 (𝑡) − 𝜉0) × (𝑒𝑦𝑖,𝑘−1 (𝑡) − 𝜉0)}

(16)
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where 𝑖 = 1, 2, 3, 0 < ‖𝜉0‖ ≤ 𝜉1 and 𝐾𝑖 represents the gain
of 𝜇𝑖 and can be applied to adjust the convergence speed of
switching gain. By analyzing formula (16), one can see that if
the observer goes beyond the sliding mode boundary layer,
the calculation result of sign function is 1, and the gain of
switching term will increase. If the observer is within the
sliding mode boundary layer, the calculation result of sign
function is -1, and the gain of switching term will decrease.

As mentioned earlier, the longitudinal force is the
unknown input of EDWM. By observing the EDWM, we can
see that the lower part of matrix 𝐵𝑓 and the upper part of
matrix𝐷𝑓 are zero.Therefore, in order to facilitate the design
of longitudinal force observer, the EDWM in formula (11) is
decoupled and the subsystem model can be expressed as

�̇�1𝑓 = 𝐴1𝑓𝑥𝑓 + 𝐵1𝑓𝑢𝑓 (17)

�̇�2𝑓 = 𝐴2𝑓𝑥𝑓 + 𝐷2𝑓𝑑𝑓 (18)

where formula (17) is longitudinal-force-free. According
to formula (17) and formula (18), the analytic formula of
longitudinal force is deduced as

𝑑𝑓 = 𝐷−12𝑓 (�̇�2𝑓 − 𝐴2𝑓𝑥𝑓) = 𝐷−12𝑓 ( ̇̂𝑥2𝑓 − 𝐴2𝑓𝑥𝑓) (19)

where 𝑥𝑓 has been calculated by the slidingmode observer in
(13).

With the system states of EDWM being obtained by the
observer in formula (13), the longitudinal force estimation
method can be developed, and then the longitudinal force
estimation results can be used to as the inputs of sideslip
angle estimator in further detail below. The idea of time-
delay estimation method is applied to longitudinal force
estimation. A small enough time step is defined as 𝑇 and
assumed as the iteration cycle of longitudinal force estimation
system. Thus, the longitudinal force estimation method can
be presented as

𝑑𝑓 (𝑡) = 𝐷−12𝑓 ( ̇̂𝑥2𝑓 (𝑡) − 𝐴2𝑓𝑥𝑓 (𝑡))
= 𝐷−12𝑓 (𝑥2𝑓 (𝑡) − 𝑥2𝑓 (𝑡 − 𝑇)𝑇 − 𝐴2𝑓𝑥𝑓 (𝑡))
= −𝐽𝑟 (𝑥2𝑓 (𝑡) − 𝑥2𝑓 (𝑡 − 𝑇)𝑇 − 𝐴2𝑓𝑥𝑓 (𝑡))

(20)

3.2. Vehicle Sideslip Angle Estimation Based on Adaptive
Kalman Filter Algorithm. According to formulas (1), (2), and
(3), the 3-DOF vehicle dynamic model can be expressed as
the following nonlinear discrete state space equation:

𝑥𝑘+1 = 𝐴𝑘𝑥𝑘 + 𝐵𝑘𝑢𝑘 + 𝑤𝑘𝑦𝑘 = 𝐶𝑘𝑥𝑘 + V𝑘
(21)

where 𝑥𝑘+1 is the discrete system state vector and 𝑦𝑘+1
represents the discrete system output vector. 𝐴𝑘+1, 𝐵𝑘+1,𝐶𝑘+1 represent the state transition matrix, input matrix, and
measurement matrix, respectively. 𝑤𝑘 and V𝑘 represent the
uncorrelated white noise vectors of zero mean, 𝑤𝑘 is the

system noise with the covariance matrix of 𝑄𝑘, and V𝑘 is the
measurement noise with the covariance matrix of 𝑅𝑘.

The extended Kalman filter (EKF) is very easy to see in
the literatures of vehicle driving state estimation and has been
proved to be effective in practical applications. According to
state space equation in formula (21), the recursive steps of
EKF can be written as follows.

Step 1 (state information estimation). First, the predictive
value under a fixed step length is calculated:

𝑥𝑘+1/𝑘 = 𝐴𝑘𝑥𝑘 + 𝐵𝑘𝑢𝑘 (22)

Then, the prediction error variance with the step length is
obtained:

𝑃𝑘+1/𝑘 = Φ𝑘𝑃𝑘/𝑘Φ𝑇𝑘 + 𝑄𝑘 (23)

where 𝑃𝑘 is the covariance matrix of system state error, 𝑄𝑘
is the covariance matrix of process noise, Φ𝑘 = 𝐼 + 𝐴𝑘𝑇, 𝑇
represents the iteration cycle of adaptive Kalman filter, and is
equal to the iteration cycle of LFO.

Step 2 (a priori estimation correction). First, the feedback
gain matrix of state estimation is further calculated based on
the previously predicted variance.

𝐾𝑘+1 = 𝑃𝑘+1/𝑘𝐶𝑇𝑘+1 (𝐶𝑘+1𝑃𝑘+1/𝑘𝐶𝑇𝑘+1 + 𝑅𝑘+1)−1 (24)

where 𝐾𝑘+1 is the feedback gain matrix. Then, according to
the feedback gain matrix, the state filter estimation value
under the current time is calculated.

𝑥𝑘+1/𝑘+1 = 𝑥𝑘+1/𝑘 + 𝐾𝑘+1 [𝑦𝑘+1 − 𝐶𝑘+1𝑥𝑘+1/𝑘] (25)

Finally, the variance of the filtering estimation error at the
next moment is calculated again, and the next iteration
estimation is carried out.

𝑃𝑘+1/𝑘+1 = (𝐼 − 𝐾𝑘+1𝐶𝑘+1) 𝑃𝑘+1/𝑘 (26)

However, the actual driving conditions of vehicles are
relatively complicated and the vehicle estimation results are
easily influenced by environmental factors. The EKF has the
disadvantages of large error and slow convergence under
these circumstances. In order to solve this problem, the
AAKF is proposed to estimate the vehicle running state. The
algorithm uses time-varying attenuation factor to weaken
the influence of past data to the current filter state, so as to
improve the robustness and accuracy of the filter. Moreover,
the algorithm can adjust the covariance of process noise and
measurement noise adaptively, which helps to improve the
accuracy and convergence speed of the filter. The data flow
chart of AAKF is shown in Figure 3, and the recursive steps
of AAKF can be written as follows.

Step 1 (initial conditions).

𝑥0/0 = 𝐸 (𝑥0) ,
𝑃0/0 = 𝐸 [(𝑥 − 𝑥0) (𝑥 − 𝑥0)𝑇] (27)
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Figure 3: Data flow chart of AAKF.

Step 2 (forward calculations of state variables and error
covariance).

𝑥𝑘+1/𝑘 = 𝐴𝑘𝑥𝑘 + 𝐵𝑘𝑢𝑘 (28)

𝑃𝑘+1/𝑘 = Φ𝑘𝜆𝑃𝑘/𝑘Φ𝑇𝑘 + 𝑄𝑘 (29)
where 𝜆 is the attenuation factor. In Step 2, in order to
improve the robustness and accuracy of filter, the attenuation
factor is applied. When the state estimation measurement is
updated, theKalman gain is adjusted by the attenuation factor
to reduce the weight of the past data, so as to realize the
function of weakening the influence of the past data on the
current filter value.

Step 3 (update of Kalman gain).

𝐾𝑘+1 = 𝑃𝑘+1/𝑘𝐶𝑇𝑘+1 (𝐶𝑘+1𝑃𝑘+1/𝑘𝐶𝑇𝑘+1 + 𝑅𝑘+1)−1 (30)

Step 4 (measurement updates of state estimation and error
covariance).

𝑥𝑘+1 = 𝑥𝑘+1/𝑘 + 𝐾𝑘+1 [𝑦𝑘+1 − 𝐶𝑘+1𝑥𝑘+1/𝑘] (31)

𝑃𝑘+1 = (𝐼 − 𝐾𝑘+1𝐶𝑘+1) 𝑃𝑘+1/𝑘 (32)

Step 5 (updates of measurement noise and system noise).

𝑄𝑘+1 = 𝑄𝑘 + 1𝐿𝑄 (𝑄 − 𝑄𝑘) (33)

𝑅𝑘+1 = 𝑅𝑘 + 1𝐿𝑅 (�̃� − 𝑅𝑘) (34)

where𝑄 =𝐾𝑘+1(𝑦𝑘+1−𝐶𝑘+1𝑥𝑘+1/𝑘)(𝑦𝑘+1−𝐶𝑘+1𝑥𝑘+1/𝑘)𝑇𝐾𝑇𝑘+1−𝑃𝑘+1 + 𝐴𝑘+1𝑃𝑘𝐴𝑇𝑘+1, �̃� = (𝑦𝑘+1 − 𝐶𝑘+1𝑥𝑘+1/𝑘)(𝑦𝑘+1 −𝐶𝑘+1𝑥𝑘+1/𝑘)𝑇 − 𝐶𝑘+1𝑃𝑘𝐶𝑇𝑘+1 and 𝐿𝑄 and 𝐿𝑅 represent the
adjustment window value of system noise and measurement
noise, respectively. Therefore, the time-varying attenuation
factor is used to suppress the memory length of filter to
make full use of the current observation data and reduce the
influence of old measurements. When 𝜆0 ≤ 1, the adaptive
Kalman filter is equivalent to the conventional Kalman filter.
When 𝜆0 > 1, the error covariance matrix with adaptive
fading factor is larger than that without fading factor. One
can see that, by adaptively adjusting the covariance of process
noise and measurement noise, the filter can better adapt to
the change of noise statistical characteristics and improve the
accuracy, convergence speed, and adaptability of the filter.
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Step 6 (updates of attenuation factor).

𝜆 = {{{
𝜆0, if 𝜆0 ≥ 11, if 𝜆0 < 1 (35)

where 𝜆0 = 𝑡𝑟𝑁𝑘/𝑡𝑟𝑀𝑘, 𝑁𝑘 = 𝐸((𝑦𝑘 − 𝐶𝑘𝑥𝑘/𝑘−1)(𝑦𝑘 −𝐶𝑘𝑥𝑘/𝑘−1)𝑇)−𝐶𝑘𝐵𝑘𝑄𝑘𝐵𝑇𝑘𝐶𝑇𝑘 −𝑅𝑘,𝑀𝑘 = 𝐶𝑘𝐴𝑘𝑃𝑘𝐴𝑇𝑘𝐶𝑇𝑘 . When
themodel is accurate, the output residual sequence of Kalman
filter is not self-correlated Gauss white noise sequence, so it
is required that the residual sequence at different times be
orthogonal to each other. As we can see in formula (35), the
adaptive adjustment of attenuation factor can be realized.

In the design process of AAKF, the input variables of the
AAKF can be expressed as

𝑢 = [𝛿 𝐹𝑥1 𝐹𝑥2 𝐹𝑥3 𝐹𝑥4 𝐹𝑦1 𝐹𝑦2 𝐹𝑦3 𝐹𝑦4]𝑇 (36)

The system state of AAKF is

𝑥 = [V𝑥 V𝑦 𝛾]𝑇 (37)

And the measurement output of AAKF is

𝑦 = [𝑎𝑥 𝑎𝑦]𝑇 (38)

where 𝑎𝑥 and 𝑎𝑦 represent the longitudinal acceleration and
lateral acceleration of vehicle, respectively, and satisfy the
following formulas:

𝑎𝑥 = V̇𝑥 − 𝛾V𝑦
𝑎𝑦 = V̇𝑦 + 𝛾V𝑥 (39)

The global vehicle driving state estimation strategy is
shown in Figure 4. Aswe can see in Figure 4, four longitudinal
force observers are designed for four electric driving wheels
of vehicle, and the previously designed longitudinal force
observers can be regarded as the VLFSs at this time. The
measurements of current, wheel speed, and voltage sensors
are used as the inputs of VLFSs to compute the longitudinal
forces. The steering angle of front wheel, longitudinal and
lateral acceleration of vehicle measured by vehicular sensors,
the estimated longitudinal tire forces, and the lateral tire force
obtained by tire model are used as the input of designed
AAKF to estimate the longitudinal speed, lateral speed, and
yaw rate of vehicle. And then, the vehicle sideslip angle
estimation can be achieved by following formula.

𝛽 = arctan(V𝑦
V𝑥
) (40)

4. Simulation Results

In this section, to assess the effectiveness of the proposed
vehicle running state estimation method in this work, the
simulations are carried out on a high-fidelity CarSim-
Simulink joint simulation platform. The CarSim is profes-
sional simulation software specially for vehicle dynamics and

is used to offer the whole vehicle dynamic model in simula-
tion, and the estimations of longitudinal force, longitudinal
vehicle speed, lateral vehicle speed, yaw rate, and sideslip
angle are achieved inMatlab/Simulink software.TheCarSim-
Simulink joint simulation model is shown in Figure 5. The
parameters of vehiclemodel, tiremodel, and in-wheelmotors
model are listed in Table 1. In order to demonstrate the
superiority of the proposed estimation method in this paper,
in the verification process of longitudinal force estimation
method, a common-used unknown input observer is applied
to compare with the designed VLFS. In addition, the EKF is
used to estimate vehicle running states and compare with the
designed AAKF.

In case study 1, theDouble LaneChanges (DLC)manoeu-
vre, as shown in Figure 6, is actualized to verify the proposed
estimation method. In this simulation, the road friction
coefficient is set to be 0.6, and the vehicle speedmaintains at a
constant of 20m/s.The comparison of estimated longitudinal
force and actual longitudinal force is shown in Figure 7, in
which the estimation results of proposed longitudinal force
observer, the estimation results of common unknown input
observer, and the actual longitudinal force in CarSim are
denoted as “VLFS,” “UIO,” and “CarSim,” respectively. In
Figure 7, it can be seen that the designed VLFS can pre-
cisely estimate the longitudinal force in real-time against the
changes in actual driving conditions.However, the estimation
accuracy and dynamic tracking capability of UIO is lower
than VLFS. From Figures 7(a)–7(d), the partial enlarged
drawings of 1s-3s, 3s-5s, 5s-7s, and 7s-9s are displayed, in
which we can see that the estimation errors of UIO are
larger and the estimation results of UIO in Figures 7(b)–7(d)
have a certain degree of time lag. The estimated results of
longitudinal vehicle speed, lateral vehicle speed, yaw rate, and
vehicle sideslip angle are shown in Figure 8. On the whole,
the estimation results of EKF and AAKF are satisfactory with
relatively high estimation accuracy. From the partial enlarged
drawing we can see that the estimation effect of AAKF is
obviously better than that of EKF. For example, in Figure 8(a),
the estimated longitudinal vehicle speed of AAKF has smaller
fluctuation compared with that of EKF. And according to
Figures 8(b), 8(c), and 8(d), one can see that, at the vertex of
the curve fluctuation, the deviation of EKF estimation results
is relatively serious, which indicates that the AAKF method
has better real-time tracking ability and estimation accuracy
when the vehicle driving state changes sharply or the vehicle
driving conditions are complex.

In order to quantitatively reflect the estimation perfor-
mance of the proposed estimation method, the peak of
relative error (PRE) and the error of root mean square
(ERMS) between actual value and estimated value are used
for comparative evaluation and can be computed by the
following formulas:

𝑃𝑅𝐸 (𝑥) = 𝑥𝑘/𝑝 − 𝑥𝐶𝑎𝑟𝑆𝑖𝑚/𝑝 (41)

𝐸𝑅𝑀𝑆 (𝑥) = √ 1𝑁
𝑁∑
𝑘=1

(𝑥𝑘 − 𝑥𝐶𝑎𝑟𝑆𝑖𝑚)2 (42)
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Table 1: Parameters of vehicle model, tire model, and in-wheel motors.

Symbol Parameters Value and units𝑚 Vehicle mass 710 kg𝑟 Effective radius of wheel 0.245m𝑙𝑓 Distances from vehicle gravity center to the front axle 0.795m𝑙𝑟 Distances from vehicle gravity center to the rear axle 0.975m𝑏𝑓, 𝑏𝑟 Half treads of the front(rear) wheels 0.775m𝐶𝑓 Equivalent cornering stiffness of front wheel 60000N/rad𝐶𝑟 Equivalent cornering stiffness of rear wheel 40000N/rad𝐼𝑧 Moment of inertia 1000 kg⋅m2𝑅 Equivalent resistance of winding 0.688Ω𝐾𝑎 Inverse electromotive force coefficient 0.06Nm/A𝐾𝑡 Motor torque constant 11.43Nm/A𝐽 Sum of inertia moment of wheel and motor 7.143 kg⋅m2𝑏 Damping coefficient 0.643Nm⋅sec/rad𝐿 Equivalent inductance of winding 0.125H

where𝑁 is the number of samples, 𝑥𝑘 is the estimated vehicle
running states of UIO, VLFS, EKF, and AAKF at the 𝑘th
sample, 𝑥𝐶𝑎𝑟𝑆𝑖𝑚 represents the actual vehicle running states
obtained by CarSim software at the kth sample, 𝑥𝑘/𝑝 is the
peak value of 𝑥𝑘, and 𝑥𝐶𝑎𝑟𝑆𝑖𝑚/𝑝 is the peak value of 𝑥𝐶𝑎𝑟𝑆𝑖𝑚.
The comparison of PRE between UIO and VLFS and the
comparison of PRE between EKF and AAKF are shown in
Table 2. The comparison of ERMS between UIO and VLFS
and the comparison of PRE between EKF and AAKF are
shown in Table 3. According to Table 2, it can be found
that the PRE of UIO is about three times as large as the
PRE of VLFS, which means that the maximum estimation
error of VLFS is much less than the maximum estimation
error of UIO, and the estimation accuracy of VLFS is quite
acceptable. In addition, the PRE of AAKF is also obviously
less that of EKF, and the accuracy of AAKF is also proved.
In Table 3, one can see that the ERMS of VLFS is less than
that of UIO, and the ERMS of AAKF is less than that of EKF,
which indicates that the designed estimation method has
better overall estimation effect, the estimation error of VLFS
and AAKF fluctuates less, and the estimation performance of
VLFS and AAKF is more stable as a whole.

In case study 2, the fishhook simulation manoeuvre
is implemented for further verification in intense driving
conditions. In fishhook manoeuvre, the vehicle speed is
15m/s, the road friction coefficient is set to be 1.0, and the
steering wheel angle is shown in Figure 9. The longitudinal
force estimation results are shown in Figure 10. It can be
found that the chattering phenomena in VLFS are alleviated
compared with UIO when the steering wheel angle is large
during 3s to 5s. When the steering wheel angle is constant at
-90 deg, the estimation results of VLFS is more accurate than
UIO.The vehicle running state estimation results in fishhook
manoeuvre are shown in Figure 11. As shown in Figure 11, the
same as case study 2, the estimation performance of AAKF
is also satisfactory and better than UIO. In Table 4, we can
see that the PRE of UIO is greater than 10 and the PRE of
VLFS is about 3. Furthermore, the PRE of EKF is also larger
than AAKF. In Table 5, the ERMS of UIO and EKF are also

larger than VLFS and AAKF, which proves that the proposed
estimation method can still maintain reliable estimation
performance under more complex driving condition.

5. Experimental Results

The experimental test is implemented for further validation
about the designed observer in this section.The autonomous
four-wheel independent drive electric vehicle used in exper-
iment was converted from a centralized drive vehicle. The
modified experimental vehicle is actuated by four in-wheel
motors and the rated power, maximum torque, and maxi-
mum speed of each in-wheel motor is 3 KW, 150Nm, and
750 r/min, respectively. The vehicle power source is a lithium
iron phosphate battery pack with 72V voltage output, and
the vehicle control system is powered by 12V power supply
transformed by DC/DC converter. A rapid prototyping plat-
form (RPP) is chosen as vehicle control unit, which is used
for themodel-based control systemdevelopment.The control
system and sensor network of experimental vehicle are shown
in Figure 12. Using the CAN bus of RPP, all control signals
and sensor signals are recorded by CAN tools of Vehicle
SPY3. The front wheel steering angle was transformed from
themeasured hand steering wheel angle.The vehicle running
states were measured by high-precision difference GPS and
inertial measurement unit.

Owning to the fact that the sensor for longitudinal force
measurement is still unavailable on our experimental vehicle,
the verification of VLFS was executed by the experimental
data of chassis dynamometer bench test. The logical block
diagram of bench test and the scene of vehicle test on chassis
dynamometer bench are shown in Figure 13. The principle
of chassis dynamometer is to simulate the road virtually via
drum. All kinds of resistance encountered by automobiles
in normal uniform speed are simulated by loading device.
When the vehicle accelerates and glides, the resistance is
simulated by the moment of inertia of the flywheel set.
The torque and power of the chassis dynamometer and the
longitudinal force of the vehicle are measured by a force
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Figure 6: Simulation condition in DLC manoeuvre. (a) Planned trajectory, (b) G-G diagram.
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Figure 7: Estimation results of longitudinal force in DLCmanoeuvre. (a) Longitudinal force of front-left wheel: 𝐹𝑥1, (b) longitudinal force of
front-right wheel: 𝐹𝑥2, (c) longitudinal force of rear-left wheel: 𝐹𝑥3, and (d) longitudinal force of rear-right wheel: 𝐹𝑥4.
sensor mounted on a force arm connecting the stator and
the dynamometer housing. The measurements of currents,
speeds, and voltages of in-wheel motors were obtained by
corresponding vehicle-mounted sensors and recorded by the
host computer through CAN bus. The longitudinal forces
were recorded by the data acquisition system of chassis

dynamometer. The experimental data of front-right electric
driving wheel is used to verify the designed VLFS in this
paper, and the estimation result is shown in Figure 14. It
can be found that the proposed VLFS can track the actual
longitudinal force in real time, and the estimation accuracy
of VLFS is satisfactory. Relatively speaking, the estimation of
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Figure 8: Estimation results of vehicle running states in DLC manoeuvre. (a) Longitudinal vehicle speed, (b) lateral vehicle speed, (c) yaw
rate, and (d) vehicle sideslip angle.
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Figure 9: Simulation condition in fishhook manoeuvre. (a) Steering wheel angle, (b) G-G diagram.

UIO has a certain degree of delay, and the fluctuation of UIO
is also larger.

Figure 15 shows the experimental vehicle and experimen-
tal scene.The experiment was executed in the form of serpen-
tine trajectory, in which 10 traffic piles are placed as the obsta-
cle, and the vehicle speed cruising is regulated by a designed
speed controller in RPP. In vehicle driving state estimation

verification, the previously validated VLFS is considered as a
longitudinal force sensor. Figure 16 expresses the comparison
results of vehicle running states in experiment. It can be found
that, compared with EKF, the presented AAKF follows the
measured longitudinal vehicle speed, lateral vehicle speed,
yaw rate, and sideslip angle more accurately and duly. The
comparison of PRE and ERMS is shown in Tables 6 and 7,
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Figure 10: Estimation results of longitudinal force in fishhook manoeuvre. (a) Longitudinal force of front-left wheel: 𝐹𝑥1, (b) longitudinal
force of front-right wheel: 𝐹𝑥2, (c) longitudinal force of rear-left wheel: 𝐹𝑥3, and (d) longitudinal force of rear-right wheel: 𝐹𝑥4.

respectively. The same as the simulation results, the PRE and
ERMS of UIO or EKF are larger than those of VLFS or AAKF.
Notice that the application of VLFS and AAKF guarantees
the estimation accuracy and improves the reliability, and the
vehicle application effect of VLFS and AAKF in this paper is
verified.

6. Conclusion

This work presents a novel running states estimation method
of autonomous four-wheel independent drive electric vehicle
by virtual longitudinal force sensors. The 3-DOF vehicle
model, EDWM, and tire model are established. Considering
that the EDWM is a nonlinear vehicle model with unknown
input, an adaptive high-order sliding mode observer is
designed to estimate the state quantity and EDMW, the ana-
lytic formula of longitudinal force is obtained by decoupling
EDWM, and the longitudinal force estimator is developed
by recurrence estimation method. The designed longitudinal
force estimator is regarded as a VLFS, and the estimation
result is used as the virtual measurement. Then, the AAKF
is proposed and applied to vehicle running states estimation.

A high-fidelity CarSim-Simulink joint simulation platform
was applied to verify the proposed estimation method and
the two case studies like DLC manoeuvre in low adhesion
road and fishhook manoeuvre in high adhesion road are
actualized. The simulation results show that, compared with
UIO and EKF, the proposed VLFS and AAKF can obtain
reliable vehicle running state estimation results ensuring
higher estimation accuracy and real-time tracking ability.The
chassis dynamometer bench test and road test are carried out,
and the estimation effect in practical engineering application
of proposed estimation method is further verified.
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Figure 11: Estimation results of vehicle running states in fishhook manoeuvre. (a) Longitudinal vehicle speed, (b) lateral vehicle speed, (c)
yaw rate, and (d) vehicle sideslip angle.

Table 2: Comparisons of PRE in DLC manoeuvre.

PRE 𝐹𝑥1 𝐹𝑥2 𝐹𝑥3 𝐹𝑥4 V𝑥 V𝑦 𝛾 𝛽
UIO/EKF 5.4122 5.7783 7.2367 7.4441 0.7304 0.0839 0.0344 0.1345
VLFS/AAKF 1.7692 1.8906 2.1909 2.0156 0.3158 0.0213 0.0062 0.0311

Table 3: Comparisons of ERMS in DLC manoeuvre.

ERMS 𝐹𝑥1 𝐹𝑥2 𝐹𝑥3 𝐹𝑥4 V𝑥 V𝑦 𝛾 𝛽
UIO/EKF 0.3907 0.3452 0.3114 0.3355 0.2984 0.2969 0.1831 0.2756
VLFS/AAKF 0.2984 0.2656 0.2564 0.2001 0.1602 0.1078 0.0829 0.0993

Table 4: Comparisons of PRE in fishhook manoeuvre.

PRE 𝐹𝑥1 𝐹𝑥2 𝐹𝑥3 𝐹𝑥4 V𝑥 V𝑦 𝛾 𝛽
UIO/EKF 15.8028 10.3296 11.1304 10.0974 0.1741 0.0792 0.0984 0.3167
VLFS/AAKF 2.9978 3.2393 3.1512 3.2920 0.0829 0.0223 0.0325 0.0926

Table 5: Comparisons of ERMS in fishhook manoeuvre.

ERMS 𝐹𝑥1 𝐹𝑥2 𝐹𝑥3 𝐹𝑥4 V𝑥 V𝑦 𝛾 𝛽
UIO/EKF 0.9069 0.9052 0.8966 0.9117 0.3822 0.1801 0.1126 0.2073
VLFS/AAKF 0.6418 0.6203 0.6278 0.6296 0.1905 0.1297 0.0878 0.1413
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Figure 14: Estimation results of longitudinal force in experiment.
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Figure 15: Road test. (a) Experimental scene, (b) G-G diagram.

Table 6: Comparisons of PRE in experiment.

PRE 𝐹𝑥 V𝑥 V𝑦 𝛾 𝛽
UIO/EKF 372.3298 0.5776 0.0323 0.0259 0.2083
VLFS/AAKF 57.4533 0.2927 0.0113 0.0104 0.0351

Table 7: Comparisons of ERMS in experiment.

ERMS 𝐹𝑥 V𝑥 V𝑦 𝛾 𝛽
UIO/EKF 0.8009 0.2074 0.2122 0.1866 0.2088
VLFS/AAKF 0.3672 0.1933 0.1736 0.1601 0.1892
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Figure 16: Estimation results of vehicle running states in experiment. (a) Longitudinal vehicle speed, (b) lateral vehicle speed, (c) yaw rate,
and (d) vehicle sideslip angle.
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