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ABSTRACT A two-layer model predictive control (MPC) algorithm with curvature adaptive is introduced
and adopted in path tracking, especially for high-speed autonomous driving. Whether the vehicle can stably
reach a safe driving speed in advance is the main consideration of rollover and speed-overshoot avoidance,
especially when the trajectory with large curvatures. Thus, the outer layer of the proposed controller, which
is built based on the vehicle kinematic model, generates an optimal vehicle velocity. And, the inner layer
controller that is established according to the vehicle dynamics provides an optimal front wheel angle
obtained combined with the optimal tracking trajectory generated by the path planner. The cross-track error,
which is considered an important judging criterion of tracking and obstacle avoidance, is chosen here to
validate the control performance. With the MATLAB/Simulink-Carmaker platform for modeling, the two-
layer MPC has good performance in a continuous curve, simple obstacle avoidance, and complex obstacle
avoidance scenarios. Notably, when the average driving speed reaches 108km/h, the cross-track error can be
controlled within 0.21m when employing the proposed MPC method. In contrast, the conventional MPC
method yields a cross-track error exceeding 3.4m, while an LQR-based strategy results in a maximum
error of 0.64m. The proposed two-layer MPC algorithm with curvature adaptivity significantly enhances
path-tracking performance, particularly for high-speed autonomous driving. By effectively controlling the
cross-track error and considering various driving scenarios, it successfully ensures safe and stable driving
speeds, thereby mitigating the risks associated with rollover and speed overshoot.

INDEX TERMS Path tracking, two-layer MPC, curvature adaptive, path planning, high-speed, energy-
saving, obstacle avoidance.

I. INTRODUCTION
Autonomous driving, which technologies are classified into
three categories: environment awareness, decision planning,
and path tracking, plays an important role in reducing traffic
congestion and improving driving safety. Among them, path
tracking is the most closely integrated with the characteristics
of the vehicle itself and is crucial to the final execution.
At present, algorithms that are commonly used in path
tracking are proportional-integral-derivative (PID) control,
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pure tracking control, linear quadratic regulator (LQR)
control, pre-sight control, MPC, etc. Numerous scholars
used PID controllers to achieve trajectory-tracking control
of intelligent vehicles. Zhao et al [1] designed an adaptive-
PID controller for vehicle trajectory tracking and had better
performance even with 72km/h, however, its pertinence was
relatively strong as only suitable for the s trajectory tracking.
As one of the pure path tracking control, the Pure-Pursuit
(PP) method is also widely used, especially in the field of
mobile robotics and vehicle control. To improve the tracking
accuracy, Wang et al [2] used the improved pure tracking
method with the selection of optimal look-ahead distance to
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solve the lateral or steering angle control problem caused
by the Salp swarm-based control algorithm in autonomous
driving, while this method only applied in lower driving
speed. Horváth et al. [3] proposed a method that through
selecting multiple-target to handle the dynamic change of
the look-ahead distance and then overcome the weakness of
the PP strategy. By using the geometric relationship between
the vehicle and the path, the look-ahead distance could be
chosen far away [4], and this method largely decreased the
cross-track error. Based on the above works about the PP-
based control method, it can be concluded that the pure
tracking control method guarantees the vehicle tracking
on the reference trajectory when driving at low speed,
but it fails at high speed, especially with high curvature.
Dealing with the high-speed and high-curvature situation,
a ground lateral tracking control strategy that combined
the PP and the Stanley tracking methods was put forward
by Cibooglu et al. [5]. It had better cutting-corner behavior
when the driving speed increased, nevertheless, the control
performance became less advantageous when the speed
reached 80 km/h. Numerical training that is used in machines
can be used to model vehicle dynamics [6]. To improve
its high-speed and high-curvature adaptability, an improved
PP control that involved the deep learning method of road
detection was utilized by Seo et al. [7]. Nevertheless, this
method only improved the effectiveness of tracking and
only had high stability with the HD map provided in
advance. As LQR contains the state feedback ability, it can
linearize a complex nonlinear model and provide an optimal
control value, and can be used to deal with the constrained
issues in autonomous driving. A constrained iterative LQR
algorithm was proposed by Chen [8] to efficiently deal
with the issues of the nonlinear pathing tracking system
and non-convex constraints. However, the effectiveness of
this LQR method largely depended on the definition of the
initial trajectory. Therefore, the MPC algorithm based on
the prediction information and constraints becomes widely
utilized due to its ability to offer the optimal control sequence.
Wang et al. [9] achieved lateral control of the vehicle at
high speed with good results by using an MPC strategy.
Besides, with the fuzzy control algorithm added, the proposed
MPC method could adaptively adjust the weight of the
cost function. To improve the controllability and stability
of the limitation of the vehicle dynamics, especially for
the nonlinearity of the tire model, an MPC method with a
prediction horizon was proposed by Li et al. [10], which had
a good nonlinear control effect and could reduce the amount
of calculation.

In the process of autonomous driving, the path tracking and
lateral tracking error of MPC on normal roads is very small,
however, there also have some issues during the control of
the conventional MPC controller. The lateral tracking error
of traditionalMPC becomes larger when facing complex road
conditions and curvature changes in the tracking path, which
results in the risk of collision with surrounding obstacles.
Road curvature has an important effect on the steering
characteristics and formal stability of an unmanned vehicle

for path tracking, which is directly related to the accuracy
of the dynamic model. Normally, the vehicle can be passed
directly at high speed when the curvature is small. However,
considering safety and comfort driving when the curvature
becomes larger, especially at a high speed, the vehicle
needs to slow down in advance to reduce the out-of-control
situation caused by insufficient lateral support. To better
deal with the disturbances caused by the uncertainties of
vehicle model parameters, modeling errors, etc, and increase
the control accuracy of path tracking, some other control
methods are considered and blended into the MPC strategy.
In [11], a gain scheduling path-tracking controller with MPC
and H∞ was built in the LPV system, which could well
suppress parameter uncertainty, modeling error, and external
interference. Although it had enough robustness to resist the
influence of speed-varying and tire stiffness changing, the
performance of velocity over 80 km/h was not considered.
An improved MPC and hybrid PID control theory was
put forward to increase the vehicle’s driving stability by
Peicheng et al. [12], in which the constraints on the side
deviation of the front wheel were added to the traditional
MPC, and the relaxation factor was added. However, the
test analysis only contained low-speed scenarios, and the
effect of the road on the controller was not considered,
and the parameters of the PID control should be adjusted
depending on the real situations. To ensure path-tracking
accuracy and enhance control stability at the same time,
the MPC upper controller was established by Zhai et al. [13]
after the kinematic preview model was built, which could
track the lateral deviation, course angle deviation, sideslip
angle, and yaw angle velocity. The MPC with adaptive
preview characteristics was proposed in [14] based on lateral
error and target curvature, and its control performance
was supplemented by longitudinal vehicle speed auxiliary
constraints. Whereas the lateral error was larger than 0.5m
when the driving speed equaled 30m/s, and the influence of
road curvature on the controller was not involved. A motion
MPC method based on yaw velocity was proposed to solve
the disturbance of upcoming road curvature at different
speeds by Tang et al. [15]. However, this method lack of
controller performance analysis under the large curvature,
and the slip angle compensator should be manually adjusted
according to the actual performance.

All in all, two essential considerations should be
involved when designing the improved MPC controller for
autonomous vehicle driving:

1). The path curvature, which also increases the risk of
collision and affects the driving speed, should be considered
during the MPC controller design.

2). Computing resources are very precious in the real-
time computing system, and the traditional MPC has a fixed
prediction time domain. When the prediction time domain is
relatively small, a large control deviation may occur which is
mainly due to the situation that the road information cannot
be taken into account in advance.

Combined with the above considerations, the two-layer
MPC with curvature adaptive strategy is given to deal
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with high-speed autonomous driving. The vehicle under the
control of this MPC controller can slow down in advance
during bending and accelerate in time after completing
the bending, which means that it can maximize tracking
efficiency and reduce vehicle energy consumption under the
condition of ensuring safety, and the lateral tracking error is
ensured within a set range during the whole control. Themain
novelty of this work is summarized below:

1). The upper-level path planning considers vehicle
dynamics, which can avoid all obstacles and largely improve
driving safety by constraining and minimizing the curvature
of the generated path.

2). The outer MPC makes trajectory predictions based
on vehicle kinematics. When the predicted trajectory is
quite different from the actual trajectory (e.g. entering a
curve), it decelerates in advance to reduce the tracking error
caused by inaccurate modeling caused by high speed. After
completing the corner, accelerate in advance to improve the
tracking efficiency while ensuring the tracking error. Besides,
an acceleration change constraint is added to limit the amount
of speed change, which avoids the energy loss caused by rapid
acceleration or deceleration.

3). Dynamically adjusting the prediction time domain in
the MPC design according to the speed and road curvature
has been put forward, which keeps the lateral deviation within
a reasonable range and reduces the amount of calculation.

4). Finally, through using the co-simulation MATLAB
/Simulink-CarMaker software, the Hardware-in-The-Loop
(HIL) simulation experiment is carried out to verify the con-
trol performance of the proposed two-level MPC controller.

The rest of this paper is arranged as follows: the
mathematical model of the vehicle is described in Section II,
which is the base of MPC establishment. Details of the
proposed two-layer MPC method are given in Section III.
After modeling in the co-simulation platform, the results
shown in Section IV verify that the proposed control method
has good control performance.

II. MATHEMATICAL MODELS OF THE VEHICLE
A two-layer MPC controller is described in Fig.1, in which
control values are obtained based on the kinematic and
dynamic vehicle models, and limitations of the data-driven or
experience control can be omitted due to no need for tuning
or training parameters. In other words, the establishment of
the vehicle model described in this section is the base of
controller design, and its parameter definitions are given in
Tab. 1.

A. KINEMATIC MODEL
The vehicle kinematic model [16], which contains changes in
the position and velocity of objects in space over time, can be
used in the path planning application and make the planned
path feasible during driving. As the model constraints need
to express the real physical limitations of the control object,
thus how to simplify the vehicle model reasonably is one of
the issues to be considered in MPC-based trajectory tracking
design. A bicyclemodel shown in Figure.2 is well-established

FIGURE 1. The proposed control strategy.

TABLE 1. Definitions of the parameters.

and widely used in the kinematics model analysis and is also
used in the MPC design here [17].

FIGURE 2. The bicycle model.

Assuming that the vehicle moves in a straight line or a
circle around at any time, the steering kinematics model can
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be obtained. (Pxf ,Pyf ) and (Pxr ,Pyr ) are the coordinates in
the inertial coordinate system XOY of the front and rear axles
of the vehicle, respectively. r is the steering radius of the
rear wheel, Mf /Mr is the center of the vehicle’s front /rear
axle, and P is the instantaneous rotation center of the vehicle.
δf remains unchanged during the steering process, that is, the
instantaneous turning radius of the vehicle is the same as the
road curvature radius. The kinematics equation is given in (1),
and r and δf can be obtained by equation (2).

ẋ = vr ∗ cosϕ
ẏ = vr ∗ sinϕ

ϕ̇ = vr ∗
tanδf
la + lb

(1)

{
r = vr/ω
δf = tan−1((la + lb)/r)

(2)

FIGURE 3. Vehicle dynamic model.

B. DYNAMIC MODEL
The dynamic model [18], which describes the vehicle state,
is very important for the MPC controller design, especially
for the path-tracking control. Some idealized hypotheses
are considered during the model establishment, such as, the
vehicle is driving on a flat road; the suspension system and
the vehicle are rigid; the vertical and horizontal coupling
relation of the tire is ignored; the monorail model is used to
describe the vehicle motion without considering the transfer
of load from left to right; the vehicle speed changes slowly
and the load transfer of front and rear axles are ignored.
Applying Newton’s Second Law to longitudinal, lateral, and
yaw degrees of freedom, the vehicle dynamic model in the
local body-fixed coordinate system xoy shown in Fig.3 can
be constructed,

mẍ = mẏϕ̇ + 2Fxf + 2Fxr
mÿ = −mẋϕ̇ + 2Fyf + 2Fyr
Izϕ̈ = 2laFyf − 2lbFyr

(3)

where, Fxf /Fxr and Fyf /Fyr are the total force of the front
and rear tires in the x and y directions.

Fxf = FLf cosδf − FCf sinδf
Fxr = FLrcosδr − FCrsinδr
Fyf = FLf sinδf + FCf cosδf
Fyr = FLrsinδr + FCrcosδr

(4)

Combined equations (3) and (4), the mathematical
dynamic model can be obtained in (5),

mẍ = mẏϕ̇ + 2(FLf cosδf − FCf sinδf ) + 2FLr
mÿ = −mẋϕ̇ + 2(FLf sinδf + FCf cosδf ) + 2FCr
Izϕ̈ = 2la(FLf sinδf + FCf cosδf ) − 2lbFCr

(5)

Due to the nonlinear characteristics of the tire force, the
Pacejka tire model [19], [20] is adopted to help estimate the
vehicle velocity. When the cornering angle and slip ratio of
the tire is small, the linearized and simplified formulas of
longitudinal force FLf ,FLr and lateral force FCf ,FCr in the
tire model are given in (6),

FLf = CLf sf
FCf = CCf αf
FLr = CLrsr
FCr = CCrαr

(6)

where, CLf , CLr are longitudinal stiffness, CCf , CCr are
lateral stiffness, sf , sr are indicate tire slip ratio, αf , αr are
side slip ratio. During the calculation process of the tire force,
the small angular velocity theory is used in that cosθ ≈ 1,
sinθ ≈ θ, tanθ ≈ θ .

vCf = (ẏ+ laϕ̇)cosδf − ẋsinδf
vLf = (ẏ+ laϕ̇)sinδf + ẋcosδf
vCr = lbϕ̇ − ẏ

vLr = ẋ

(7)

such,
αf =

ẏ+ laϕ̇
ẋ

− δf

αr =
lbϕ̇ − ẏ

ẋ

(8)



mẍ = mẏϕ̇ + 2
[
CLf sf + CCf (δf −

ẏ+ laϕ̇
ẋ

)δf + CLrsr

]
mÿ = −mẋϕ̇ + 2

[
CLf sf δf + CCf (

ẏ+ laϕ̇
ẋ

− δf )

+CCr
lbϕ̇ − ẏ

ẋ

]
Izϕ̈ = 2la

[
CLf sf δf + CCf (

ẏ+ laϕ̇
ẋ

− δf )
]

−2lbCCr
lbϕ̇ − ẏ

ẋ
(9)

Inserting (6)-(8) to (5), the vehicle dynamic model can
be finally calculated in (9). Equation (10) describes the
vehicle motion relationship between xoy and XOY . The
nonlinear continuous equations (9) and (10) are considered
the mathematical base to build the discrete model of the inner
controller mentioned in Section III-D.{

Ẋ = ẋ cos ϕ − ẏ sin ϕ
Ẏ = ẋ sin ϕ − ẏ cos ϕ

(10)
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III. CONTROL ALGORITHM
A. DEFINITION OF THE PATH PLANNING
It is necessary to verify the performance of the proposed
MPC controller, the driving environment should be built
with some static and dynamic obstacles. The path planner,
which is used to generate the optimal reference trajectory,
is designed against these obstacles and with fully energy-
saving considerations. A rough path generation algorithm is
described in Tab 2.

TABLE 2. Rough path profile.

Based on the A∗ algorithm [21], [22], the cost of each
point can be calculated, then its final state is obtained by
considering the obstacle situations. After connecting these
points, a rough path (r0→r1 → r2→ · · · →ri) is generated
in Fig.4(a). The kinematic model constraint is highly required
to improve the driving conditions during the path planning
process, as the vehicle cannot drive directly along the rough
path. A smooth trajectory is generated by connecting these
points {x0, x1, . . . ,xi} in a quintic polynomial way shown in
Fig. 4(b).

And the cost function, which is used to constrain the
vehicle trace profile, is put forward in (11).

J =

∑n−1

i=0
(xi − ri)2 +

∑n−1

i=1
((xi − xi−1)− (xi+1 − xi))2

+

∑n

i=1
(xi − xi−1)2 (11)

where,
∑n−1

i=0 (xi − ri)2 should be kept in a reasonably small
range, the second item works for smoothing the path, and,
the third one is the cost principle of energy consumption.
The calculation time and load can be reduced by ignoring the
consideration of the speed cost, as the speed control is done
in the outer layer of the proposed MPC controller. Under the
constraint of the cost function and with several iterations, the
smooth trajectory (x0→x1 → x2→ · · · →xi) can be finally
updated and generated in Fig.4b.

FIGURE 4. The generated path.

B. THE OUTER RING OF THE PROPOSED MPC
According to the kinematic model analysis mentioned in
section II-A, the state update equation can be obtained,

xt+1 = xt + ẋt ∗ cos(ϕt ) ∗ dt
yt+1 = yt + ẋt ∗ sin(ϕt ) ∗ dt
ϕt+1 = ϕt +

ẋt
la
δt ∗ dt

ẋt+1 = ẋt + at ∗ dt

(12)

The error calculation is given in (13), in which the cross-
track error cte shown in Fig.1 is the distance between the cen-
ter of the road and the vehicle’s position, and the orientation
error eψ describes the distance between the desired orien-
tation and the values that the vehicle’s orientation plus the
change in orientation caused by the movement. Besides, f (xt )
is the cubic polynomial curve fitting equation of the reference
trajectory. eψ t+1 = ψt +

ẋt
la
δt ∗ dt − tan−1(f ′(xt ))

ctet+1 = f (xt ) − yt + ẋt ∗ sin(eψ t ) ∗ dt
(13)

Equation (14) gives the cost function of the outer layer
MPC controller, in which the energy consumption is also
taken into account.

J =

∑N

t=1
(wcte||ctet ||2 + weϕ ||eϕt ||

2
+ wv||vt − vtarget ||2)

+

∑N−1

t=1
(wδ||ϕt ||2 + wa||at ||2)

+

∑N−1

t=2
(wrateδ ||δt − δt−1||

2
+ wrateδa ||at − at−1||

2)

(14)

During the path-tracking process, there have dynamic con-
straints which are considered as the limitation of acceleration
a∈ [amin, amax]. Moreover, the initial state of the vehicle is
defined as X = (x, y, ϕ, ẋ, cte, eϕ). After that, the real-time
vehicle speed can be calculated with the help of the first value
generated by the IPOPT optimizer [23]: ẋopt = ẋ + aopt∗dt ,
which generating algorithm is given in Tab. 3:
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TABLE 3. Rough path profile.

C. ADAPTIVE FUZZY CONTROL
To strike a balance between enhancing the real-time comput-
ing performance of the main control unit and maintaining
tracking accuracy, the addition of the fuzzy logic control
(FLC) method [24], [25] is implemented. The FLC method
is utilized to enhance the system’s robustness performance
while generating optimal Np and Nc.
Four linguistic variables: zo (zero), pb (positive big), pm

(positive middle), ps (positive small) are selected to form the
fuzzy rules. Fig.5 describes the rule table and map of the
proposed adaptive fuzzy controller, in which 1θ represents
the error between the current heading and the reference
angles.

D. THE INNER RING OF THE PROPOSED MPC
Define the state variable vector as S = [ẋ, ẏ, ϕ, ϕ̇,X ,Y ]T ,
the output variable as O = [ϕ,Y ]T , and the control variable
as u = δf , thus, the discrete equation can be yielded as (15),
as shown at the bottom of the next page. where the system
matrices A, B, and C are given below based on equations (9)
and (10).
Then the linearization model can be yielded in (16) [26],{

S(k+1) = AkS(k) + Bku(k)
O(k+1) = CS(k)

(16)

Here, Ak = I + TA, Bk = TB and T is the sampling time.
Considering the mechanical limitation, 1δf should be taken
into account in the control state. Therefore, a new state S̃(k)
is put forward combined with the current state variable S(k)
and the previous control variable u(k−1). Thus, the updated
state equation is shown in (17),{

S̃(k+1) =Ãk S̃(k) + B̃k1u(k)
Õ(k) = C̃k S̃(k)

(17)

FIGURE 5. Fuzzy rules: (a) table of Np (b) table of Nc (c) map of Np (d)
map of Nc.

where,

Ãk =

[
Ak
0m∗n

Bk
Im

]
B̃k =

[
Bk
Im

]
C̃k = [Ck 0]

m and n are respectively expressed as the dimension of the
state matrix and control matrix. For the prediction horizons,
the state equations can be written as follow:



S̃ (k + 1 | k) = Ãk S̃(k) + B̃k1u(k)
S̃ (k + 2 | k) = Ãk+1Ãk S̃ (k)+ Ãk B̃k1u (k)
+B̃k+11u (k + 1)
...

S̃ (k + Nc | k) = f (k,Nc − 1, 0) S̃ (k)+ f (k,Nc − 2, 0)
+B̃k1u (k)+ . . .+ B̃k+Nc−11u (k + Nc − 1)
...

S̃
(
k + Np | k

)
= f

(
k,Np − 1, 0

)
S̃ (k)+ f

(
k,Np − 2, 0

)
+̃Bk1u (k)+ . . .+ f

(
k,Np − Nc,Nc

)
+B̃k+Nc−11u (k + Nc − 1)
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where, f (k,N , j) =
∏N

i=j Ãk+i. Then, the output variables can
be expressed as,

Õ (k) =


Õ (k + 1 | k)
Õ (k + 2 | k)

...

Õ
(
k + Np | k

)
 = C̃k


S̃ (k + 1 | k)
S̃ (k + 2 | k)

...

S̃
(
k + Np | k

)


As mentioned before, the new state equation is obtained
while 1δf is considered the control variable,

Õ(k) =FS̃(k) + M1u(k) (18)

Here,

F =


C̃k Ãk
C̃k Ã2k
...

C̃k Ã
Np
k

 ,

M =



C̃k B̃k . . . 0
...

. . .
...

C̃k Ã
Nc−1
k B̃k . . . C̃k B̃k
...

...
...

C̃k Ã
Np−1
k B̃k . . . C̃k Ã

Np−Nc−1
k B̃k


,

1u (k) =


1u(k|k)
1u(k+1|k)

...

1u(k + Nc|k)



To let the control system calculate the control quantity
that can track the desired trajectory as soon as possible, the
below cost function is given in (19), the first item reflects
the system’s ability to follow the reference trajectory, and
the second item is the requirement for the steady change of
control quantity.

J = [Õ(k) − Õref (K )]T · Q · [Õ(k) − Õref (K )] +1u(k)T

· R ·1u(k) + ρϵ2 (19)

There have several constraints during the whole control,
such as the control δfmin (k) ≤δf (k) ≤ δfmax (k), the increment
1δfmin (k) ≤ 1δf (k) ≤ 1δfmax (k), the output Õmin(k) ≤ Õ(k)
≤ Õmax(k). Due to the complexity of the dynamic model
and the situation that multiple constraints exist at the same
time, the relaxation factor ϵ is added to avoid the failure to
obtain the optimal solution within a specified time in the
actual execution process. Q and R are the weight matrix, and
ρ is the weight coefficient.

IV. RESULTS
To verify the effectiveness of the proposed control
method, simulation verification with two different scenarios
and among various vehicle speeds is carried out in
MATLAB/Simulink-Car maker platform shown in Fig.6,
in which BYD-Qin is chosen as the vehicle model, and the
dry road condition is utilized during the test. Considering
that there may be some deviation in the data collection, and
also exist the time delay during the data transmission, some
Gaussian noise is added in the simulation environment. The
parameters used in this simulation model are given in Tab. 4.

{
Ṡ = AS + Bu
O = CS

A =



2CCf δf Ea
m(ẋ)2

ϕ̇ −
2CCf δf
mẋ 0 ẏ−

2CCf laδf
mẋ 0 0

Ea
2CCf −2CCr

mẋ 0 −ẋ +
El
mẋ 0 0

0 0 0 1 0 0

Eb
El
Izẋ

0
2(CCf l2a−CCr l

2
b )

Izẋ
0 0

cosϕ −sinϕ − ẋsinϕ −ẏcosψ 0 0 0
sinϕ cosϕ ẋcosϕ − ẏsinϕ 0 0 0


Ea = −ϕ̇ −

2CCf (ẏ+ laϕ̇) + 2CCr (lbϕ̇ − ẏ)
m(ẋ)2

Eb =

2lbCCr (lbϕ̇ − ẏ) − 2lf CCf (ẏ+ laϕ̇)

Iz(ẋ)2

El = 2(CCf la + CCr lb)

B =



2CCf
m (2δf −

ẏ+laϕ̇
ẋ )

2(CLf sf −CCf )
m
0

2la(CLf sf −CCf )
Iz
0
0


,C =

[
0
0

0
0

1
0

0
0

0
0

0
1

]
(15)
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TABLE 4. Parameters of the simulation model.

FIGURE 6. Experimental platform.

Due to the energy consumption of the cost functions
mentioned in the path planner and outer-layer MPC design,
the reference path can be treated as the optimal energy-
saving path against these scenarios. Moreover, cte is chosen
to test the control performance in this Section, as it is
proportional to both the energy consumption and obstacle
collision risk. During the whole HIL test, four driving speeds
are used, 30km/h is the maximum speed allowed by the
campus, 54km/h is the general driving speed in the city, and
72km/h(20m/s), 108km/h(30m/s) are selected to represent
the highway speeds.

FIGURE 7. Path tracking at a fixed speed.

A. ADAPTIVE CURVATURE PERFORMANCE
A continuous sinusoidal curve without obstacles is used
to verify the adaptive ability of the proposed algorithm.
As shown in Fig.7, when the vehicle speed is 54km/h, the
maximum cte amplitudes generated by the traditional MPC
controller and the LQR-based controller are almost equal, and
the convergence state is superior. However, the performance
of the conventional MPC control degrades rapidly when the
vehicle speed is increased, and the maximum cte value in
Fig.7 is already over 3m. In contrast, the maximum cte value
remains around 0.2m under the LQR control. Themain reason
for this phenomenon is that the modeling error that existed in
the conventional MPC controller will inevitably be amplified
in the high-speed scenario. When the initial path curvature
is small, the path can be accurately tracked, whereas, the
cte rapidly increases as the curvature becomes large, which
causes system oscillation and out of control.

FIGURE 8. Path tracking with a curvature adaptive control.

To solve this problem, the speed constraint is added in
the proposed MPC method to control the speed within a
reasonable range to ensure that each curvature segment
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and the controller based on the dynamic model are in the
controllable range, to ensure that the system is always in the
controllable range. As shown in Fig.8, when the curvature
adaptive is added, both the LQR-based and the proposed
MPC-based controllers are improved in terms of cte. For
the 30km/h scenario, the maximum cte of traditional LQR
is about 0.1m, while this value can be controlled within
0.035m under the method proposed here, which is 1/3 of
the traditional method. If the system deviation is set within
0.05m, it can be considered as zero deviation. Also, for
the 54km/h scenario, the maximum cte under LQR and our
method are 0.1961m and 0.0728m, respectively. In general,
there are complex driving situations on campus or urban
roads, such as multiple vehicles, roadblocks, bicycles, and
pedestrians. Since the tracking deviation of the system is very
small, the safety of the entire automatic driving process can
be guaranteed only by ensuring the safety of the planned path.

When the average speed increases from 72km/h to
108km/h, the maximum cte of the vehicle under LQR control
increases from 0.2813m to 0.5093m, while the controller
proposed in this paper only increases from 0.0922m to
0.1630m.

FIGURE 9. The cte against the vehicle speed for scenario one (a) RMS (b)
Maximum.

Quantitation results of the cte among various vehicle
speeds are summarized in Fig.9. For the lower driving speed,
such as 30km/h and 54km/h, both the conventional MPC-
based and the proposed MPC-based controllers have smaller

cte compared with the LQR-based controller. However, the
controllers with curvature adaptive appear better performance
at high speeds, and the proposed MPC controller has the
smallest value of cte with all vehicle speeds, that is to say,
the vehicle under the control of the proposed method with the
safest driving and the least energy consumption. Especially,
with the proposed two-level MPC method, the RMS value of
the cte for all these speeds can be controlled within 0.05m.
Even if the maximum cte in 108km/h reaches 0.16m, the
RMS and maximum values of cte are less than 0.1m when
the driving speed is not exceeding 72km/h. In general, the
smaller the driving speed, the smaller the cte will be, that is
when the average driving speed does not exceed 72km/h, cte
can be controlled within a reasonable range to meet the needs
of automatic driving.

B. CONTINUOUS OBSTACLE AVOIDANCE
Using the continuous obstacle condition to test the path plan-
ning and obstacle avoidance ability of the control methods
during the path tracking. Define the simple scenario with
a single static/dynamic obstacle, and several static/dynamic
obstacles in the complex scenario. As shown in Fig.8 and
Fig. 9, the conventional MPC method has poor robustness at
high speed, such only the LQR-based and proposed MPC-
based controllers are tested with the obstacle situation. And,
54km/h and 108km/h are used as low and high speeds
respectively in the test. In Fig.10, when faced with a
simple tracking scenario, the maximum value of cte for the
proposed MPC method is much smaller than the LQR-based
method: 54km/h(0.067m ≪ 0.323m), 108km/h(0.112m ≪

0.523m). Also, for a complex tracking scenario, the con-
troller put forward in this paper has better performance
than the LQR-based controller: 54km/h(0.069m≪ 0.215m),
108km/h(0.206m≪ 0.646m).

In the control process, the obstacle will be detected in
real-time whether there is a danger of collision with the
vehicle in the future, the detection period is 10ms. When
there is a collision risk, the path will be planned in real-time
according to the surrounding environment, and the planning
time is controlled within 100ms, to ensure that the tracking
process can deal with the situation of multiple obstacles in
the surrounding environment. Quantitative results details of
cte(RMS) are given in Fig.11, which show the superiority of
a two-layer MPC method in tracking accuracy and energy
consumption aspects. Whether the vehicle speed is 54km/h
or 108km/h, the maximum value of cte under the control
of the proposed MPC method can be ensured within 0.21m,
however, it rises from 0.21m to 0.7m with control of LQR,
especially in the vicinity of large path curvature for tracking.
As mentioned in Section III-A, a constraint that the lateral
distance of the vehicle with distance barriers is larger than 1/2
of the body is added in the path planning algorithm due to the
consideration of vehicle traffic and safety. When the driving
speed is 108km/h, the maximum cte of the method proposed
here can be controlled within 0.21m, while the maximum cte
that based on the LQR method reaches 0.65m> 3 × 0.21m.
In other words, the maximum deviation of the superimposed
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FIGURE 10. Path tracking with different kinds of obstacles.

TABLE 5. Quantities of the computational performance.

object obstacle detection error is close to half the width of the
vehicle, however, under the controller proposed in this paper,
the value can be controlled within the range of 1/4 of the
vehicle body.

FIGURE 11. Quantitative results of cte (a) RMS (b) Maximum.

FIGURE 12. Computational performance in 108km/h.

The comparison of computational performance between
the normal MPC that had a constant prediction horizon
and the control method proposed in this paper with the
adaptive prediction horizon for various speeds and scenarios
is given. The processor used in this control is the 11th
Gen Intel(R) Core(TM) i7-11700 @ 2.50GHz 2.50 GHz.
Quantity details of the computational performance are given
in Tab.5, and details of the performance are shown in
Fig. 12 for the driving speed at 108km/h. Its obvious that
the calculation time of the whole control system can be
stabilized within 25ms, and the control frequency is greater
than 40Hz, which fully meets the requirements of automatic
driving for real-time vehicle control. As the speed increases
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and the complexity of the scene increases, the computation
time increases, regardless of the maximum value or the
RMS, and the time of the constant prediction horizon is
longer than that of the adaptive prediction horizon. For
the RMS time, the adaptive prediction horizon decreases
relative to the constant prediction horizon, in which the
maximum reduction is 41.8% (simple scenario, 30km/h)
and the minimum reduction is 16.9% (simple scenario,
108km/h). Based on the above analysis, it can be concluded
that the adaptive prediction horizon has a relatively large
improvement (> 16.9%) in the calculation time compared
with the constant prediction horizon, which greatly improves
the safety of automatic driving.

FIGURE 13. A testing path built in Car maker.

C. ANALYSIS OF THE ENERGY CONSUMPTION
The close-road testing environment with four straights and
four corners is built in CarMaker and shown in Fig. 13,
in which the black arrow marks the starting point of the
driving test and the total path is 5km. Through using the
energy system that exists in Car maker, the quantities of
energy consumption in vehicles can be obtained, and the
initial energy is set as 70%. If the curvature is not considered
in the control process, the tracking error will become larger
with the increase of the driving speed, which will easily
lead to the vehicle running out of the corner. Therefore, only
54km/h is selected to view the energy consumption (case 1)
of the control process without curvature consideration. After
the vehicle has completed a circle of the path, the energy
displayed by the system is 68.2%, such the actual energy
consumption is 1.8%.

Normally, the electric vehicles with high speed, the power
consumption capacity will be greatly improved. To better
show the energy-saving performance, 108km/h (case 2)
is chosen for the vehicle after the curvature control is
added. Also for one circle path, the battery capacity change
rate is reduced from 70% to 68.3%, and the actual
energy consumption is 1.7%, which is 0.1% less energy
consumption than the normal speed. Meanwhile, with the
same path tracking period, the driving time of case 1 takes
twice as long as in the case.

V. CONCLUSION
An improved two-layer MPCmethod is proposed here to deal
with path tracking in the presence of obstacles, especially
facing multiple curvatures and high-speed driving. On the
premise of energy saving and obstacle avoidance, the path
planner based on the improved A∗ algorithm is built to
generate an optimal reference path. According to this path,
a series of verification tests are done among different kinds
of control strategies. After comparing with the conventional
MPC-based and LQR-based controllers, the proposed one has
superior tracking accuracy and lower energy consumption
mainly shown through quantitative values of the cross-track
error. Moreover, the proposed controller that adopts a two-
layer design with an optimal prediction domain largely
reduced the computing load.

Key contributions of this design are summarized below:
1. The conventional process of autonomous driving is path

planning, speed planning, and path tracking. The method
proposed here can simplify this process and eliminate
the intermediate speed planning, which reduces the steps
required for actual deployment and improves the operability
of the system.

2. The dynamic prediction time domain function is added
to the path-tracking design. Compared with the fixed time
domain method, the calculation cycle is shortened by about
20%. For autonomous driving, the shorter processing cycle
means that more tasks can be processed simultaneously, and
the impact of changes in the surrounding environment can be
processed faster, improving the system’s safety.

3. Of course, the MPC method proposed in this paper
is not only applicable to the high speed 108km/h, but it
also plays a better role in the campus driving speed like
30km/h. In the lower speed scenarios, combinedwith the path
planning algorithm proposed in this paper, zero-deviation
path tracking can be realized to improve the safety of
automatic driving. In the high-speed scenarios (e.g. 108km/h)
the maximum cte is kept within 0.21m, while the target
point is reached faster with the same energy consumption
or less (CarMaker/Simulink simulation test), which largely
improves the traffic efficiency of the vehicles.

Nevertheless, the external disturbance caused by the
different friction coefficients of the road surface, and the
internal disturbance caused by the load change of the vehicle
are not taken into account during the design of the two-level
MPC method. Future work will focus on the introduction of
the extended state observer to estimate the total disturbance
of the system and compensate for it at the control end to
improve the stability of the control system. In addition, the
actual autonomous vehicle will be ready during the project,
and thus, the control method will also be applied to the actual
vehicle, and there will be more scenarios to be tested.
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