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Abstract 

This paper presents a novel neural-fuzzy-based adaptive sliding mode automatic steering control strategy to improve 
the driving performance of vision-based unmanned electric vehicles with time-varying and uncertain parameters. 
Primarily, the kinematic and dynamic models which accurately express the steering behaviors of vehicles are con-
structed, and in which the relationship between the look-ahead time and vehicle velocity is revealed. Then, in order 
to overcome the external disturbances, parametric uncertainties and time-varying features of vehicles, a neural-fuzzy-
based adaptive sliding mode automatic steering controller is proposed to supervise the lateral dynamic behavior of 
unmanned electric vehicles, which includes an equivalent control law and an adaptive variable structure control law. 
In this novel automatic steering control system of vehicles, a neural network system is utilized for approximating the 
switching control gain of variable structure control law, and a fuzzy inference system is presented to adjust the thick-
ness of boundary layer in real-time. The stability of closed-loop neural-fuzzy-based adaptive sliding mode automatic 
steering control system is proven using the Lyapunov theory. Finally, the results illustrate that the presented control 
scheme has the excellent properties in term of error convergence and robustness.
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1  Introduction
Unmanned electric vehicles have attracted considerable 
research interests due to its strong power to sufficiently 
handle these severe problems of traffic congestion and 
safety. Automatic steering control is devoted to rapidly 
follow the planned path of automated vehicles, which is 
regarded as the fundamental issue in the design of auto-
mated vehicle systems.

Because automated distributed electric vehicle is a 
typical nonlinear and time varying system, which possess 
the properties of parametric uncertainties and strong 
coupling [1], the research of automatic steering control 

system is reviewed as an extremely challenging work. 
Besides, the inevitable external disturbances under the 
driving conditions greatly enhance the difficulty of the 
vehicle automatic steering control. Furthermore, the 
large steady-state errors for automatic steering control 
of unmanned electric vehicles can be easily caused by the 
large or changing curvature of the reference trajectory in 
the highway.

Recently, a lot of automatic steering control strategies 
are proposed for automated vehicles. A nested PID auto-
matic steering control system of vehicle is established in 
Ref. [2], and the results illustrate that this strategy has 
the strong robustness to the uncertain vehicle physi-
cal parameters. An intelligent automatic steering con-
trol system is presented for automated vehicles, and the 
parameters of this steering control system are regulated 
by a novel learning algorithm, the results manifest the 
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efficiency of this presented control method [3]. A gain 
scheduling feedback automatic steering control strategy 
is presented to ensure the stability of vehicles, in addi-
tion, the gains are adaptively adjusted via the fuzzy con-
trol technique [4]. An optimal steering control strategy is 
presented to enhance the driving property of automated 
vehicle [5], the effectiveness of this genetic optimized 
fuzzy steering system is proven. In the 2005 grand chal-
lenge organized by DARPA, a novel nonlinear automatic 
steering controller is developed for the robot “Stanley” 
[6]. A mixed H2/H∞ steering controller is proposed and 
installed in the autonomous snow blower [7]. A hierarchi-
cal structure that can emulate a human driver’s behavior 
is designed and the tracking performance of this con-
trol method is discussed in Ref. [8]. In order to acquire a 
time-invariant steering controller, the time-varying terms 
in the vehicle dynamic model are canceled out by the 
feedback linearization method [9], an H-infinity optimal 
automatic steering controller is designed for automated 
vehicles [10]. Besides, an automatic steering controller 
is presented for computing the expected wheel steer-
ing angle of automated vehicles via the model predictive 
technique [11–13], the computational complexity and the 
automatic steering performances of this proposed con-
trol scheme are discussed. A novel input/output hybrid 
steering assistance system is designed for helping the 
human avert unconscious lane departure [14].

Since the sliding mode control (SMC) method pos-
sesses the ability for overcoming the nonlinear behavior, 
external disturbance and model uncertainty of system, it 
was adopted to solve the problems of uncertainties and 
parametric variation of vehicles [15, 16], and the results 
manifest that the SMC method has good dynamic perfor-
mances at the cost of strong and discontinuous control 
signals. Nevertheless, because the chattering phenom-
enon can be caused for its fast switching on the con-
trol input [17], SMC method is hard to carry out on an 
unknown nonlinear dynamic system with uncertain 
parameters and has limited usage in practice. Integral 
SMC or SMC with continuous twisting algorithm is usu-
ally applied to reduce the chattering [17, 18]. But, the 
integral of initial deviation of integral SMC method can 
lengthen the adjusting time, and deteriorate the transient 
performance and the stability of system. SMC with con-
tinuous twisting algorithm is difficult to balance the anti-
disturbance capacity and chattering.

The boundary layer strategy is proposed to allevi-
ate the control discontinuity and reduce the chattering 
[19]. Nevertheless, the system dynamic property will be 
degraded via adding the thickness of boundary layer. To 
effectively reduce the model-based demand and wipe off 
the chattering phenomenon, the applications of artificial 
neural network or fuzzy theory are proposed to address 

the chattering reduction problem [20–22]. For example, 
an adaptive fuzzy SMC method is established for the 
remotely operated underwater vehicles [23]. To reduce 
the demand of particular model information and handle 
the chattering effect, a neural-based SMC control strat-
egy is proposed [24–26]. These applications have been 
verified as a powerful and efficient way for a nonlinear 
and uncertain system.

This paper focus on neural-fuzzy-based adaptive slid-
ing mode automatic steering control strategy for the 
uncertain vehicle dynamic system, which can effectively 
accomplish the automatic steering control behavior and 
improve the robust dynamic performance. In the pro-
posed automatic steering control system of unmanned 
electric vehicles, the control gain of proposed control 
scheme is regulated by the neural network technique to 
enhance the tracking performance, and the thickness of 
boundary layer is adaptively adjusted by the fuzzy theory 
to relieve the chattering phenomenon.

The main contributions of this work are summarized:

1)	 A neural-fuzzy-based adaptive sliding mode auto-
matic steering controller is constructed to overcome 
the uncertain parameters and external disturbances 
of vehicles, which can guarantee the vision-based 
unmanned electric vehicles follow the expected path 
in real-time.

2)	 In the proposed control system, the control gain of 
automatic steering control law is adaptively regulated 
by a radial basis function (RBF) neural network algo-
rithm, and the adaptive thickness of boundary layer 
is designed via a fuzzy inference, which follows the 
principles that when the absolute value of sliding 
surface tends toward zero, the thickness is decreased 
gradually.

3)	 Using the Lyapunov theorem, the stability of the 
closed-loop automatic steering control system is 
proven.

	 The remainder of this work is organized as follows. 
Section  2 shows an uncertain automatic steering 
dynamic model of vehicles. Section  3 presents a 
neural-fuzzy-based adaptive sliding mode automatic 
steering control law to deal with the time-varying 
and uncertain features of unmanned electric vehicles. 
Section  4 evaluates the property of the presented 
control strategy. Section 5 provides the conclusion.

2 � Problem Formulation
2.1 � Kinematic Model
The automatic steering kinematic model of vehicle is 
illustrated in Figure 1, yL denotes the lateral error, it is 
the distance between the vehicle lateral position and 
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the expected path at a specified look-ahead distance 
DL, εL denotes the angular error, it is defined as the 
error between the heading of vehicle and the tangen-
tial direction of the expected path at a specified look-
ahead distance DL. ρ represents the curvature of the 
expected path, vx and vy denote the longitudinal and 
lateral velocities of vehicle, respectively. r denotes the 
yaw rate of vehicle. The automatic steering error kin-
ematic model is given as [4–6]

In general, the assignment of control problem in Eq. 
(1) is to develop the automated steering controller to 
ensure the lateral and angular errors asymptotically 
converge to the equilibrium point.

The look-ahead distance DL is designed as a satura-
tion function, as follows [5, 6]:

where t1 is the look-ahead time. DLmin and DLmax rep-
resent the minimum and maximum values of DL, 
respectively, vmin and vmax represent the minimum and 
maximum longitudinal velocity values, respectively.

Figure 2 shows the mapping curve between the vehi-
cle longitudinal velocity and the look-ahead time [5, 
27]. It can be found that the look-ahead time grows 
with the increase of vehicle longitudinal velocity. In 
the low-velocity zone, the slope of increasement of 
look-ahead time is larger. However, in the high-velocity 
zone, the slope of increasement of look-ahead time is 

(1)
ẏL = vxεL − vy − rDL,

ε̇L = vxρ − r.

(2)DL=







DLmin, vx < vmin,
vx · t1, vmin ≤ vx ≤ vmax,
DLmax, vx > vmax,

smaller, and the look-ahead time remains unchanged 
when the velocity is increased to a certain value.

2.2 � Vehicle Dynamic Model
Based on the assumption that the roll, pitch and vertical 
motions of the unmanned electric vehicles are neglected 
and the longitudinal velocity vx is set as a constant, then, 
the decoupled lateral vehicle dynamics model can be 
deduced as [28]

where Iz is the yaw inertia of vehicle, m is the mass of the 
vehicle, lf represents the distance from the front axle to 
the mass centre of vehicle, lr represent the distance from 
the rear axle to the mass centre of vehicle. The front tire 
cornering stiffness is denoted as Cf and the rear tire cor-
nering stiffness is denoted as Cr, the front wheel steering 
angle is denoted as δf . Under the assumptions that the 
small slip angle is occurred [28], then, the front and rear 
lateral tire forces Fyf and Fyr are written as

In Eq. (4), the front and rear tire sideslip angles af and 
ar can be derived as

Combining Eq. (4) with Eqs. (3) and (5), the following 
dynamic model is derived as

(3)

{

Iz ṙ = lf Fyf − lrFyr ,

mv̇y = Fyf + Fyr ,

(4)Fyf = Cf af , Fyr = Crar .

(5)
αf = δf − tan−1

(

vy + lf ϕ̇

vx

)

,

αr = − tan−1

(

vy − lr ϕ̇

vx

)

.

Figure 1  Kinematics model of automated electric vehicle

Figure 2  Mapping between the velocity and look-ahead time
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with

In Eq. (6), Cf and Cr are constantly varying because of 
the variations of the vehicle states and the road condi-
tions, which is represented as

where �f  represents the deviation magnitude of front tire 
cornering stiffness, and �r represents the deviation mag-
nitude of rear tire cornering stiffness.�f  and �r denote the 
time-varying coefficients, they are satisfied as 

∣

∣�f

∣

∣ ≤ 1 
and |�r | ≤ 1 , respectively. C0f  denotes the nominal value 
of Cf , C0r denotes the nominal values of Cr . In this paper, 
the deviation magnitudes of tire cornering stiffness are 
given as �f = �r = 0.6.

Combining Eqs. (1), (6) and (7), the second derivative 
of relative position errors yL and εL is derived as

with

A =

[

0 A1

A2 A3

]

 , E =

[

E1 E2
0 E3

]

 , B =

[

B1

B2

]

 , d =

[

d1
d2

]

,

and

where υ=[yL εL]T represents the state vectors, u=δf rep-
resents the control input, d(t) represents the external dis-
turbance, ΔA, ΔB and ΔE are the uncertain terms of A, B 
and E.

Assumption 1  The external disturbances and para-
metric uncertainties in the automatic steering dynamic 
model of unmanned electric vehicles (8) are bounded as 
ΔAl≤|ΔA|≤ΔAh, ΔBl≤|ΔB|≤ΔBh and ΔEl≤|ΔE|≤ΔEh.

(6)

{

v̇y = a11vy + a12r + b11δf ,

ṙ = a21vy + a22r + b21δf ,

a11 =
−(Cr + Cf )

mvx
, a12 =

(lrCr − Cf lf )

mvx
− vx.

a21 =
(lrCr − lf Cf )

Izvx
, a22 =

−(l2f Cf + l2r Cr)

Izvx
.

b11 =
Cf

m
, b21 =

lf Cf

Iz
.

(7)Cf = C0f (1+�f �f ), Cr = C0r(1+�r�r),

(8)
ϋ = (A+�A)υ̇ + (E +�E)υ + (B +�B)u+ d(t),

A1 = (vx − a11DL + a12 − a21D
2
L + a22DL),

A2 = a21, A3 = (a22 − a21DL),

E1 = (a11 + a21DL), E2 = (−a11vx − a21vxDL),

E3 = −a21vx, B1 = (−b11 − b21DL), B2 = −b21,

d1 = (a11DL − a12 + a21D
2
L − a22DL)vxρ,

d2 = (a21DL − a22)vxρ + vxρ̇,

In Eq. (8), vx and 1/vx are time varying, they are varied 
within [vxmin, vxmax] and [1/vxmin, 1/vxmax], respectively. 
vxmin represent the minimum value of longitudinal veloc-
ity, and vxmax represent the maximum value of longitudi-
nal velocity. In this paper, the time-varying parameters vx 
and 1/vx are obtained as [1, 29]

where θ̂i and θ̃i denotes the coordinates of vertices, which 
are given as

In Eq. (9),ρ̂i and ρ̃i are the weighting factors, they are 
expressed as

The state-space model in Eq. (8) can be approximated 
as

with

The designed state-space model (14) can describe the 
parametric uncertainties, external disturbances and 
time-varying features of unmanned electric vehicles.

3 � Neural‑Fuzzy‑based Adaptive Sliding Mode 
Automatic Steering Control Strategy

The mission of automatic steering control system is 
to ensure that the unmanned electric vehicles accu-
rately track the expected road in a continuous and 
slippy way, while improving the stability of vehicles [1, 
30]. However, unmanned electric vehicles possess the 

(9)vx =

2
∑

i=1

ρ̂i(t)θ̂i , 1/vx =

2
∑

i=1

ρ̃i(t)θ̃i,

(10)θ̂1 = vxmin, θ̂2 = vxmax,

(11)θ̃1 = 1
/

vxmax, θ̃2 = 1
/

vxmin.

(12)

ρ̂1(t) =
vxmax − vx

vxmax − vxmin
, ρ̂2(t) =

vx − vxmin

vxmax − vxmin
,

(13)

ρ̃1(t) =
1/vxmax − 1/vx

1/vxmax − 1/vxmin
, ρ̃2(t) =

1/vx − 1/vxmin

1/vxmax − 1/vxmin
.

(14)

ϋ(t) =

4
∑

i=1

ρi(t)[(Ai +�Ai)υ̇(t)+ (Ei +�Ei)υ(t)

+ (B+�B)u(t)+ d(t)]

= (A(ρ)+�A(ρ))υ̇(t)+ (E(ρ)+�E(ρ))υ(t)

+ (B+�B)u(t)+ d(t),

(15)

ρ1 = ρ̂1ρ̃1, ρ2 = ρ̂1ρ̃2, ρ3 = ρ̂2ρ̃1, ρ4 = ρ̂2ρ̃2,

ρ =
[

ρ1 ρ2 ρ3 ρ4
]T
.
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properties of time-varying, external disturbances and 
parametric uncertainties, the proposed automatic steer-
ing control strategy should availably conquer these 
dynamic characteristics.

As shown in Figure  3, a neural fuzzy based adap-
tive sliding mode automatic steering control strategy of 
unmanned electric vehicles is proposed to supervise the 
lateral dynamics of vehicles. In this architecture, a new 
sliding surface is designed, then, the adaptive control gain 
(ACG) of variable structure control law is approximated 
via the neural network system, in real-time, and the vari-
able boundary layer (ABL) is introduced and adaptively 
regulating by the fuzzy theory. This novel adaptive slid-
ing mode controller can guarantee the stability of closed-
loop automatic steering control system of vehicles.

3.1 � Traditional SMC Controller
It is well known that the basic idea of SMC is to force 
its movement in the sliding mode surface, therefore, the 
construction of sliding surface is a crucial part of SMC 
to achieve the desired control specifications and perfor-
mances. A novel proportional-integral-differential sliding 
surface is designed as

where kp is the positive proportional gain matrix, ki is the 
positive integral gain matrix, and kd is the positive deriv-
ative gain matrix. e(t) = υ(t)− υd(t) denotes the track-
ing error, and υd(t)=0, s=[s1, s2].

The time derivative of the sliding surface (16) can be 
obtained as

(16)s(t) = kpe(t)+ ki

∫

e(t)dt + kd
d

dt
e(t),

(17)

ṡ(t) =kd ë(t)+ kpė(t)+ k ie(t)

=kd((A+�A)υ̇(t)+ (E +�E)υ + (B +�B)u+ d(t))

+ kpυ̇(t)+ k iυ(t)

=
(

kd(A+�A)+ kp

)

υ̇(t)+ (kd(E +�E)+ k i)υ(t)

+ kd(B +�B)u+ kdd(t)

Setting Eq. (17) to zero as

The external disturbance and uncertain terms is 
ignored, and the equivalent control law is derived as

Equivalent control term is invalid when the track-
ing errors are away from the sliding surface. Hence, to 
direct the system errors to the sliding surface, an addi-
tional variable structure control term can be designed 
as

where K(t) denotes the control gain, the sign function 
sign(·) can be written as

.
Combining Eqs. (19) and (20), hence, the total auto-

matic steering control law

Remark 1  The control gain K(t) is involved with the 
bound of parametric uncertainties, which is hard to be 
acquired precisely in practical use. Hence, the larger con-
trol gain will produce the grievous chattering and excite 
unstable system dynamics.

3.2 � NN‑based Adaptive Control Gain
The magnitude of external disturbances, parametric 
uncertainties and signal noises has a vital impact on the 
control gain K(t). For purpose of dealing with this prob-
lem, an adaptive control gain scheme using the neural 
network (NN) technique is proposed in this subsection. 
Specifically, the switching control gain K(t) of variable 
structure control term is estimated by a neural net-
work inference system to alleviate the chattering and 
enhance the dynamic property of the automatic steering 
controller.

Definition 1  Let S be a compact simply connected set 
of Rn. In general, for a continuous function f(x), there 
exists an adjustable weight vector R and a radial basis  

(18)ṡ(t)|u(t)=ueq(t) = 0.

(19)
ueq(t) = −(kdB)

−1((kdA+ kp)υ̇ + (kdE + ki)υ).

(20)ur(t) = −K (t)sign(s(t)),

(21)sign(s(t)) =







1, if s(t) > 0,

0, if s(t) = 0,

−1, if s (t) < 0.

(22)u = ueq + ur .

Sliding
surface

FL-ABLNN-ACG

Adaptive variable
structure control

Equivalent
control

Automated
electric
vehicle

Figure 3  Neural-fuzzy-based adaptive sliding mode automatic 
steering control architecture
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Gaussian vector φ(x) such that f (x)− RTφ(x) has a NN 
functional reconstruction error vector ε(x).

The optimal weight vector R∗ is given as

Neural network system has well function approxi-
mation capability and fault-tolerance capability at the 
same time [31, 32]. In this section, to acquire an excel-
lent approximation to the unknown and variable con-
trol gain, the control gain K(t) is directly depended on 
a RBF neural network algorithm, as follows

Ŵ =
[

ŵ1, · · · , ŵm

]T is the adjustable weight vector of 
RBF, H(s) = [h1(s), · · · , hm(s)]

T is the Gaussian func-
tion, which can be in the form as

where ci and bi are the parameters of the Gaussian 
function.

The desired control gain K ∗(t) is given as

where ε′ is the approximation error, W ∗(t) is a constant 
ideal weight matrix, and there exists a position constant 
η which satisfies

In order to guarantee the asymptotical stability of 
s(t) → 0 as t → ∞ , for the controlled system in Eq. 
(14), an adaptive control law of parameter Ŵ  can be 
obtained as

where r is the positive constant, and the weight estima-
tion errors is W̃ = Ŵ −W ∗.

Remark 2  It is interesting to note that the finite nodes 
of RBF neural network can lead to a small modeling error 
ε′ , but, an RBF neural network can be found such that 
∥

∥ε′
∥

∥ ≤ εN  , where �·� is the Euclidean norm of a vector,εN  
denotes a positive constant.

Remark 3  It is well known that the adaptive law may 
cause drift of the tunable parameters in the case of the 
presence of measurement errors. In order to deal with 

(23)R∗ = arg min

{

sup
x∈S

∣

∣

∣
f (x)− RTφ(x)

∣

∣

∣

}

.

(24)K̂ (t) =

m
∑

i=1

ŵihi(s) = Ŵ
T
H(s),

(25)hi(s) = exp

(

−
�s − ci�

bi

)

, i = 1, 2, · · · ,m,

(26)K ∗(t) = W ∗TH(s)+ ε′,

(27)K ∗(t) = η.

(28)˙̂
W = rkdBsH(s),

this drawback, the adaptive law could be updated as σ 
modification technique [33].

3.3 � FL‑based Adaptive Boundary Layer
To further relieve the chattering phenomenon and 
enhance the dynamic performance, a boundary layer 
is designed in the variable structure control term, as 
follows

The function sat(·) represents the actuator saturation. 
It is interesting to note that the chattering phenomenon 
can be alleviated, however, the unreasonable saturated 
parameter vector Δ=[Δ1, Δ2] can damage the dynamic 
performance and robustness.

In order to deal with the above problems and achieve 
the better tracking performance, the adaptive adjusting 
strategies of thickness of boundary layer are attract-
ing more attention [34, 35]. Here, an adaptive variable 
boundary layer is designed by the fuzzy logic approach. 
The input variable is the absolute value of sliding sur-
face |si| , and the output variable is the thickness Δi. 
The membership functions of the linguistic terms very 
small (VS), small (S), medium (M), large (L), very large 
(VL) are assigned to the input variable |si| , and the lin-
guistic terms very narrow (VN), narrow (N), medium 
(M), wide (W), very wide (VW) are assigned to the 
output variable Δi. As illustrated in Figure 4, the input 
and output variables are fuzzified by the triangular and 
trapezoidal membership functions.

(29)ur = K̂ (t)sat
( s

�

)

.

LMS

2 2.51.51 3

is

0.5 3.5

VS VL

(a) Membership functions of input ( is )

WMN

2 2.51.51 3 3.5

VN VW

0.5

Δi

(b) Membership functions of output (Δi)
Figure 4  Membership functions
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Fuzzy partitions with triangular membership func-
tions could produce entropy equalization, triangular 
membership functions are employed to give an error-
free reconstruction in this paper.

When the system states are going to be outside the 
boundary layer, for realizing the fast convergence to the 
sliding surface, the thickness of boundary layer should 
be narrowed. When the system states are within the 
boundary layer, in order to alleviate the chattering and 
avoid overshoot, the thickness of boundary layer should 
be widened. Based on these principles, the linguistic 
fuzzy rules are expressed as the following procedure:

R1: if |si|  is very large then |�i| is very narrow
R2: if |si|  is large then |�i| is narrow
R3: if |si|  is medium then |�i| is medium
R4: if |si|  is small then |�i| is wide
R5: if |si|  is very small then |�i| is very wide
The fuzzy rules is designed in accordance with 

the principle that the thickness of boundary layer is 
decreased gradually when the vehicle lateral control 
system tends toward steady state. In the first rule R1, 
if the absolute value of sliding surface |si| is very large, 
then the thickness |�i| of boundary layer is very nar-
row. Fuzzy rule R1 narrows the thickness of boundary 
layer to accomplish the goal of achieving the sliding 
surface rapidly. In the second rule R2, if the absolute 
value of sliding surface |si| is large, then the thickness 
|�i| of boundary layer is narrow. In the third rule R3, if 
the absolute value of sliding surface |si| is medium, then 
the thickness |�i| of boundary layer is medium. In the 
fourth rule R4, if the absolute value of sliding surface 
|si| is small, then the thickness |�i| of boundary layer is 
wide. In the fifth rule R5, if the absolute value of slid-
ing surface |si| is very small, then the thickness |�i| of 
boundary layer is very wide. Fuzzy rule R5 broadens the 
thickness to accomplish the goal of alleviating the chat-
tering phenomena.

Remark 4  The presented adaptive boundary layer 
approach follows the principles that when the absolute 
value of sliding surface |s| tends to zero, the thickness is 
decreased gradually.

3.4 � Stability Analysis

Lemma 1 [36]  If a scalar function V (x, t) satisfies the 
following conditions

(i) V (x, t) is lower bounded.

(ii) V̇ (x, t) is negative semi-definite.

(iii) V̇ (x, t) is uniformly continuous in time.

Then, V̇ (x, t) → 0 as t → ∞.

Lemma 2 [36]  (Barbalat) If the differentiable function 
f (t) has a finite limit as t → ∞, and if f is uniformly con-
tinuous, then f (t) → 0 as t → ∞.

Lemma 3 [36]  If the vector function f (x, t) has continu-
ous and bounded first partial derivatives with respect to x 
and t, for all x in a ball Br and for all t ≥ 0, then the equi-
librium point at the origin is exponentially stable, if and 
only if, there exists a function V (x, t) and strictly positive 
constants a1, a2, a3, a4 such that ∀x ∈ Br,∀t ≥ 0:

Theorem  1  For the steering system Eq. (14) of auto-
mated electric vehicles, if the automatic steering controller 
is established as Eq. (22) with Eqs. (19) and (29), and the 
weight adaptive control law is given as Eq. (28), then the 
tracking errors will converge to zero.

Proof  The Lyapunov function candidate is considered 
as [34]

Owing to the fact that W̃ = Ŵ −W ∗ , then, the deriva-
tive of Eq. (31) can be obtained as

Rewriting Eq. (14), yields

where Lr = �Aυ̇ +�Eυ +�Bu+ d(t). Based on the 
Assumption 1, it is interesting to note that the distur-
bance Lr is bounded.

Substituting Eq. (33) into the function sṡ , then

(30)

a1�x�
2 ≤ V (x, t) ≤ a2�x�

2,

V̇ ≤ −a3�x�
2,

∥

∥

∥

∥

∂V

∂x

∥

∥

∥

∥

≤ a4�x�.

(31)V (t) =
1

2
s2 +

1

2r
W̃

T
W̃ .

(32)V̇ (t) = sṡ +
1

r
W̃

T ˙̂
W .

(33)

ϋ = Aυ̇ + Eυ + Bu+�Aυ̇ +�Eυ +�Bu+ d(t)

= Aυ̇ + Eυ + Bu+ Lr ,

(34)

sṡ = s
(

kd ë(t)+ kpė(t)+ kie(t)
)

= s(kd(A+�A)υ̇(t)+ kd(E +�E)υ(t))

+ s(kd(B +�B)u+ kdd(t))+ s
(

kpυ̇(t)+ kiυ(t)
)

= s
(

kdAυ̇(t)+ kdEυ(t)+ kdBu+ kpυ̇(t)+ kiυ(t)
)

+ skdLr .
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Substituting the equivalent control law Eq. (19) and 
variable structure control term Eqs. (29) to (34), as 
follows:

then,

Selecting Bη > Lr , it can be found that

Thus, the proposed control scheme can ensure the 
asymptotic stability of the closed-loop automatic steering 
control system.

4 � Performance Verification
In order to validate the feasibility of the presented adap-
tive sliding mode control (ASMC) strategy in the afore-
mentioned section, a series of simulation and experiment 
tests are implemented. In addition, the presented AMSC 
automatic steering control scheme is contrasted with the 
MPC controller [11, 12] and the linear quadratic regu-
lar (LQR) controller. Main parameter values of vehicle 
model is show in Table 1.

(35)

V̇ = s
(

kdAυ̇(t)+ kdEυ(t)+ kdBu+ kpυ̇(t)+ kiυ(t)
)

+ skdLr +
1

r
W̃

T ˙̂
W

= s
(

kdAυ̇(t)
)

+ kdEυ(t)+ kpυ̇(t)+ kiυ(t))

+ s(kdB(−(kdB)
−1((kdA+ kp)υ̇(t)

+ (kdE + ki)υ(t))− K̂ r(t)sat(s
/

�)))

+ skdLr +
1

r
W̃

T ˙̂
W ,

(36)

V̇ ≤ skdB(−K̂ (t)+ K
∗(t)− K

∗(t))+ skdLr +
1

r
W̃

T ˙̂
W

≤ skdB(−W̃
T
H(s)+ ε′ − η)+ skdLr +

1

r
W̃

T
(rskdBH(s))

≤ skdB(ε
′ − η)+ skdLr

≤ −kdBη|s| + kdLr |s| + |s|kdBε
′
.

(37)V̇ <0.

4.1 � Simulation Test
Firstly, a Matlab-Adams co-simulation test of 
unmanned electric vehicles driving on the icy road is 
carried out, the adhesion coefficient of road is set as 
0.2, the external disturbance and parametric uncer-
tainty are obvious in this severe operation conditions. 
A quasi-straight line is applied as a desired path to 
verify the feasibility of this ASMC automatic steering 
control approach. The longitudinal velocity of vehicle 
is given as 90 km/h, the initial value of lateral error is 
assumed as 0.3 m and the initial value of angular error 
is assumed as −3°.

The compared steady-state response results of vehicle 
states are demonstrated in Figure  5. Figure  5(a) dem-
onstrates the dynamic response of lateral error, it can 
be found that the overshoot of lateral error with the 
ASMC control scheme is smaller than the LQR control 
method and the MPC control method. The regulation 

Table 1  Main parameter values of vehicle model

Parameter Value

Vehicle mass m (kg) 1800

Yaw inertia of vehicle Iz (kg·m2) 2500

Distance from the front axle to the mass centre lf (m) 1.03

Distance from the rear axle to the mass centre lr (m) 1.49

Nominal cornering stiffness of front tires C0f (kN/rad) 40

Nominal cornering stiffness of rear tires C0r (kN/rad) 40 Figure 5  Vehicle states in simulation test
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time of lateral error with the ASMC controller is 2 s, 
but the regulation times with the MPC and LQR con-
trol methods are 4 s and 6 s, respectively. Figure  5(b) 
illustrates the dynamic response of angular error, it can 
be found that the overshoots of angular error regulated 
by the presented ASMC control strategy is closed to 
zero. Figure  5(c) shows the results of lateral velocity, 
It is interesting to note that the presented ASMC con-
trol scheme has the smaller oscillatory behavior, and 
the regulation time is quicker than the LQR controller 
and the MPC controller. Figure 5 demonstrates that the 
presented ASMC approach has the excellent automatic 
steering property under the abominable circumstances.

4.2 � Experimental Test
As shown in Figure 6, the prototype automated electric 
vehicle has the three-layer system architecture and pos-
sess the basic functions of environments apperceiving, 
dynamic decision making and planning, action control 
and execution [37–39]. The vision system can detect 
and extract the characteristics of reference path with 
less than 20 ms/frame processing time. The sampling 
period of control system for automated electric vehicle 
is 100 Hz, and the information of vehicle’s attitude and 
position are acquired by the wheel encoders and GPS 
receivers.

In addition, the numerical indicators like the integral 
of absolute errors (IAE) and the integral of time per 
absolute errors (ITAE) are computed to evaluate the 
control performance, as follows:

where e1(t) = yL and e2(t) = εL.
Two practical trials are implemented so as to investi-

gate the dynamic property of the presented ASMC con-
trol strategy, and the variation of road shape is considered 
for different operation conditions. The profiles of desired 
road of experimental test I is illustrated in Figure 7, and 
the vehicle velocity is given as 25 km/h. The initial lateral 
and angular errors are 0.3 m and −2.9º, respectively.

Figure  8 demonstrates the vehicle states regulated 
by three controllers in the first experimental test. Fig-
ure 8(a) shows the compared dynamic response of lateral 
errors, it can be found that the lateral errors adjusted by 
the presented ASMC control method, the MPC control 
method and LQR control method are within ± 0.3  m, 
± 0.5 m and ± 0.7 m. Figure 8(b) illustrates the dynamic 
response of angular errors, and it demonstrates that all 
the control approaches can limit the angular error within 
± 5°, but, contrasted to the MPC steering controller and 
the LQR steering controller, the oscillation and overshoot 
of angular error adjusted by the presented ASMC steer-
ing control scheme is smaller than two other controllers. 
Figure 8(c) displays the dynamic response of lateral veloc-
ity, it is interesting to note that the stability and riding 
comfort of automated electric vehicle regulated by the 
proposed ASMC steering control strategy is better than 
the MPC steering control method. Figure  8(d) displays 
the control input of front steer angle, it manifests that 
the magnitudes of the steering angles produced by all the 
control approaches are basically the same, but the pro-
posed ASMC control approach has the smooth control 
input. Since the discontinuity of proposed ASMC control 

(38)



































IIAE(ei(t)) =

T
�

0

|ei(t)|dt,

IITAE(ei(t)) =

T
�

0

t · ei(t)dt,

i = 1, 2,

Figure 6  Prototype automated electric vehicle
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Figure 7  Desired trajectory in experimental test I
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method, which can prouce the slight chattering phenom-
enon, as shown in Figure 8(b‒d), but they are within an 
acceptable range.

Table  2 exhibits the error performance indexes of the 
three different control systems under the experimen-
tal test I, Table 2 shows that the values of IAE and ITAE 
controlled by proposed method is much smaller than the 
other two methods.

To further exhibit the tracking capability of the pre-
sented ASMC steering control strategy, the automatic 
steering maneuver of automated electric vehicle under 
the bad operation condition with the larger curvature 
is carried out. Figure  9 illustrates the desired path with 
maximum curvature of 0.014. Figure 10 shows the varied 
velocity regulated by the longitudinal controller [35], and 
the initial velocity is 36 km/h. Besides, the initial lateral 
and angular errors are −0.4 m and 3.5º.

The transient responses of automatic steering control-
ler in experiment test II are exhibited in Figure 11. Fig-
ure 11(a) shows the maximum lateral displacement error 
managed by all the control approaches are occurred in 
the sector of largest curvature, the lateral errors can be 
restricted within ± 0.2 m, ± 0.6 m and ± 1 m by the pro-
posed ASMC method, the MPC control method and the 
LQR method. It is important to note that, the ASMC 

Figure 8  Vehicle states in experimental test I

Table 2  Error performance indexes in experimental test I

Controller IIAE (yL) IITAE (yL) IIAE (εL) IITAE (εL)

ASMC 2.3 27.1 29.5 121

MPC 3.8 32.5 35.5 143

LQR 5.7 40.6 42.8 161

70m

100m

0 100 200 300 400

Path

Distance(m)

Figure 9  Desired trajectory in experimental test II

Figure 10  Longitudinal velocity in experimental test II
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automatic steering control strategy improve the preci-
sion of lateral error greater than MPC controller and the 
LQR controller. Figure 11(b) demonstrates the response 
results of angular error, it illustrated that the presented 
ASMC control approach can limit the angular error 
within ± 2.8°, but the MPC controller and LQR controller 
merely guarantee the steady-state angular error bounded 
in ± 3° and ± 6°, the presented control strategy has the 

advantages of higher accuracy than the other two control 
approaches. Figure  11(c) depicts the dynamic responses 
of lateral velocity, it is clear that all the approaches can 
ensure the lateral velocity be bounded within ± 0.2 m/s, 
however, the LQR control strategy has larger overshoot 
and oscillation than the ASMC control approach and 
the MPC control approach. Figure  11(d) demonstrates 
the corresponding front steering angle, it indicates that 
the chattering issue can be well handled by using the 
ASMC control strategy. The experimental results prove 
that the proposed automatic steering control strategy 
can well enhance the transient following performance of 
automated electric vehicle under the condition of varied 
velocity.

Table 3 shows the error performance indexes under the 
experimental test II, it can be observed that, the improve-
ment in tracking accuracy of automatic steering control 
system can be achieved under the different road condi-
tions by using the proposed control strategy.

5 � Conclusions

1)	 The uncertain and time-varying model which accu-
rately express the steering dynamic behaviors of 
unmanned electric vehicles are established, and in 
which the relationship between the look-ahead time 
and vehicle longitudinal velocity is revealed.

2)	 A neural-fuzzy-based adaptive sliding mode auto-
matic steering control strategy of unmanned electric 
vehicles is presented to overcome the external distur-
bances and parametric uncertainties, which consists 
of an equivalent control law and a variable structure 
control law.

3)	 To effectively eliminate the chattering phenomenon, 
the control gains of variable structure control law is 
adaptively adjusted via the neural network technique, 
and the thickness of boundary layer is regulated by 
the fuzzy theory.

4)	 The stability of the closed-loop automatic steering 
control system is analyzed and proven. Furthermore, 
the results illustrate that the presented control strat-
egy can effectively improve the trajectory following 
performances of automated electric vehicle.

Figure 11  Response results of system states in experimental test II

Table 3  Error performance indexes in experimental test II

Controller IIAE (yL) IITAE (yL) IIAE (εL) IITAE (εL)

ASMC 2.1 26.4 28.4 119

MPC 5.9 38.2 36.3 154

LQR 9.8 59.5 49.9 175
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