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Abstract: To enhance the path tracking capability and driving stability of intelligent vehicles, a
controller is designed that synergizes active front wheel steering (AFS) and direct yaw moment (DYC),
specifically tailored for distributed-drive electric vehicles. To address the challenge of determining
the weight matrix in the linear quadratic regulator (LQR) algorithm during the path tracking design
for intelligent vehicles on conventional roads, a genetic algorithm (GA)-optimized LQR path tracking
controller is introduced. The 2-degree-of-freedom vehicle dynamics error model and the desired path
information are established. The genetic algorithm optimization strategy, utilizing the vehicle’s lateral
error, heading error, and output front wheel steering angle as the objective functions, is employed to
optimally determine the weight matrices Q and R. Subsequently, the optimal front wheel steering
angle control (AFS) output of the vehicle is calculated. Under extreme operating conditions, to
enhance vehicle dynamics stability, while ensuring effective path tracking, the active yaw moment
is crafted using the sliding mode control with a hyperbolic tangent convergence law function.
The control weights of the sliding mode surface related to the center-of-mass lateral declination are
adjusted based on the theory of the center-of-mass lateral declination phase diagram, and the vehicle’s
target yaw moment is calculated. Validation is conducted through Matlab/Simulink and Carsim
co-simulation. The results demonstrate that the genetic algorithm-optimized LQR path tracking
controller enhances vehicle tracking accuracy and exhibits improved robustness under conventional
road conditions. In extreme working conditions, the designed path tracking and stability cooperative
controller (AFS+DYC) is implemented to enhance the vehicle’s path tracking effect, while ensuring
its driving stability.

Keywords: intelligent vehicles; genetic algorithm; path tracking; direct yaw moment; cooperative control

1. Introduction

The continuous advancement of smart car technology presents solutions to ongo-
ing challenges such as traffic congestion, energy limitations, and traffic safety [1]. The
integration of environment sensing, decision-making, planning, and motion control in
intelligent driving vehicles has been a prominent research focus in recent years within the
automotive field [2]. Among these components, vehicle motion control poses a critical
challenge in achieving intelligent driving, encompassing both lateral path tracking control
and longitudinal vehicle control. Under normal operating conditions, the aforementioned
controllers demonstrate effective path tracking. However, under extreme conditions such
as high speed and low adhesion roads, the vehicle is prone to slipping and instability,
posing a safety concern for vehicle operation. This paper explores a distributed intelligent
vehicle equipped with four-wheel independent drive motors, serving as a platform for
stability systems like direct yaw torque control. It synergistically integrates with the DYC
controller based on the path tracking front wheel steering control (AFS) to enhance the
safety and stability of the vehicle. Hence, there is significant research value in synthesizing
path tracking accuracy and synergistic control of vehicle stability for distributed-drive
electric vehicles [3].
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Path tracking control involves tracking the desired path in the lateral direction of
the vehicle, requiring attributes such as good timeliness and robustness. Commonly
used vehicle path tracking methods include PID control [4], sliding mode control [5],
fuzzy control [6], model predictive control [7], and linear quadratic optimal control [8].
PID control is extensively employed in engineering; however, parameter determination
is a time-intensive process. Model predictive control demands the establishment of a
precise system model, incorporating calculations that consider vehicle dynamics constraints.
While it offers better control accuracy, the increased calculation time diminishes real-time
performance [9]. Gao L [10] designed a lateral motion controller for an intelligent vehicle
using linear-quadratic optimal control (LQR) theory and designed a feed-forward controller
to eliminate the lateral error of the vehicle, but did not accurately describe the controller
parameter settings. Based on the vehicle error dynamics model, the path tracking controller
is designed. The genetic algorithm (GA) is used to optimize the controller parameters
to improve the vehicle’s path tracking ability. The optimization algorithm and linear
quadratic controller were combined to design the path tracking controller for the vehicle in
this paper. Vehicle active steering exhibits robust operational stability in regular working
conditions. However, under extreme working conditions, the lateral force of tires gradually
reaches saturation as the wheel angle increases, leading to vehicle instability. Research
scholars Zhang L [11] and Nie Y [12] proposed that, based on active steering, the lack of
lateral tire force is compensated by the longitudinal force of the wheels, thereby enhancing
vehicle stability under extreme operating conditions. Chen T [13] designed a sliding mode
controller that considers both path tracking and stability control. They proposed a tire force
optimization allocation scheme to achieve desired path tracking on good road surfaces
but did not investigate stability control on icy road surfaces. Zhao S [14] suggested the
coordinated control of active front wheel steering and DYC to harmonize the functions of
active steering and electric stability control. Utilizing vehicle phase plane theory facilitates
seamless switching between controllers, improving the driving state and stability of the
vehicle. Liang Y [15] addressed the challenge of potential destabilization in high-speed,
lateral vehicle control by proposing an integrated control system of active steering and DYC.
This system is based on driver operation characteristics and vehicle phase plane theory.
Under conditions involving a large turning angle and high-speed obstacle avoidance,
stable vehicle control is achieved, albeit at a reasonable sacrifice of the operational stability
performance, to enhance overall driving performance.

Taking the distributed intelligent vehicle as the research object, this paper designs the
LQR path tracking controller, optimized based on a genetic algorithm for vehicle lateral
path tracking. Additionally, pre-scanning control is introduced to enhance the vehicle’s path
tracking effectiveness. To ensure the vehicle’s path tracking ability and to simultaneously
enhance vehicle stability, this paper designs an active traverse moment controller. The
sliding mode controller, based on a hyperbolic tangent function, is employed to track the
desired traverse angular velocity. Concurrently, the control weights of the sliding mode
surface of the vehicle’s sideslip angle are adjusted based on the theory of the vehicle’s
sideslip angle phase diagram, aiming to achieve a balance between path tracking accuracy
and dynamic stability. Ultimately, the effectiveness of the designed controller is verified
through a comprehensive simulation involving Matlab/Simulink and Carsim.

2. Vehicle Path Error Model

The establishment of a reference model of vehicle motion is the basis for the determi-
nation of the path tracking controller, based on a physical system to establish the vehicle
two-degree-of-freedom dynamics and vehicle tracking error dynamics models.

2.1. Two-Degree-of-Freedom Vehicle Model

In order to enhance the accuracy of vehicle path tracking and streamline the vehicle
model, a single-track, linear 2-degree-of-freedom vehicle model, encompassing lateral
and transverse motions, was established, as depicted in Figure 1. The rear wheels of the
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vehicle model do not undergo steering, and the impact of suspension effects on the vehicle
is disregarded.

Figure 1. Monorail vehicle dynamics model.

The differential equations of motion for the vehicle are derived from Newton’s second law:
·

vy =
K f +Kr

mvx
vy + (

aK f −bKr
mvx

− vx)ωr −
K f
m δ f

·
ωr =

aK f −bKr
Iz

vy +
a2K f +b2Kr

Izvx
ωr −

aK f
Iz

δ f

(1)

In the formula: vx and vy are the longitudinal and lateral velocities of the vehicle,
respectively; ωr is the transverse angular velocity of the vehicle; δ f is the front wheel
angle of the vehicle; Iz is the moment of inertia of the vehicle; Iz = 1536.7 (kN · m2);
a, b is the distance from the center of mass of the vehicle to the front and rear axes,
a = 1.015 m, b = 1.895 m; vehicle mass is m = 1412 kg; vehicle front wheel side deflection
stiffness is K f = −145, 000 (kN·rad−1); and vehicle rear wheel side deflection stiffness is
Kr = −84, 400 (kN·rad−1).

2.2. Vehicle Path Tracking Error Dynamics Modeling

In the control of vehicle path tracking, the tracking error model stands out as a
frequently employed vehicle motion model. By projecting the vehicle’s coordinate points
from geodetic coordinates to the natural coordinate system, an error dynamics model is
established with the vehicle’s lateral error and heading error as state variables [16], as
illustrated in Figure 2, where the lateral distance deviation ed refers to the shortest straight
line distance from the vehicle center of mass position to the desired path. θ refers to the
heading angle of the vehicle, and θr refers to the heading angle of the vehicle projection
point H on the reference path. Considering the small lateral deviation of the center of mass
of the vehicle, the heading angle of the vehicle θ is replaced by the vehicle traverse angle φ.
Vehicle heading deviation means the difference between the actual vehicle yaw angle and
the desired heading angle eφ = φ − θr.

The lateral error value of the vehicle is:

ed = (y − yr) cos φ − (x − xr) sin φ (2)

where x, y are the transverse and longitudinal coordinates of the vehicle; xr, yr are the
transverse and longitudinal coordinates of the reference path; and φ is the actual traverse
angle of the vehicle.

Assuming the vehicle is moving at a constant speed with a large turning radius R, the
theoretical values for the rate of change of the vehicle’s heading angle and its acceleration are:

·
φ =

vx

R
;

vx
2

R
= vx

·
θr (3)

where θr is the desired heading angle and R is the vehicle turning radius.
The heading error and lateral error rates are calculated as follows.
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Figure 2. Error model of vehicle dynamics.

{
eφ = φ − θr
·

ed =
·
y + vx(

·
φ −

·
θr)

(4)

Under the conventional road, the change of the vehicle’s heading angular velocity is

small, ignoring the effect of
·

θr, substituting Equation (4) into Equation (1) to obtain
··
ed,

··
eφ,

and writing err in the form of state-space equations:

·
err = Aerr + Bu + C

·
θr (5)

Among them: err =
(

ed
·

ed eφ
·

eφ

)T
and u = δ f

A =


0 1 0 0

0
K f +Kr

mvx
−K f +Kr

m
aK f −bKr

mvx
0 0 0 1

0
aK f −bKr

Izvx
− aK f −bKr

Iz

a2K f +b2Kr
Izvx

, B =


0

−K f
m
0

aK f
Iz

, C =


0

aK f −bKr
mvx

− vx

0
a2K f +b2Kr

Izvx

.

3. Vehicle Transverse Longitudinal Controller Design

The vehicle lateral and longitudinal controller frames are shown in Figure 3. In the
context of lateral vehicle control, the active front wheel steering path tracking controller
employs an optimization approach that integrates the linear quadratic (LQR) path tracking
control algorithm and the genetic algorithm (GA) to determine the optimal parameters
of the path tracking controller. Leveraging the vehicle lateral dynamics error model, the
GA-LQR path tracking controller is formulated with the objective function serving as the
optimization goal, aiming to enhance the path tracking capability of the individually front
wheel steering (AFS) vehicle.

For the longitudinal control of the vehicle, a PID speed-tracking controller is employed
to ensure adherence to the desired vehicle speed, generating the requisite drive torque for
effective speed tracking. In the realm of vehicle stability control, the AFS-derived front
wheel angle feeds into both the ideal vehicle model and the phase plane coordination
layer to ascertain the vehicle stability domain value accurately. This coordination involves
assigning a weight share for center-of-mass lateral deflection control within the direct
transverse torque controller, facilitating the calculation of the target transverse torque for
the distributed-drive vehicle. Subsequently, the lower-layer torque distribution controller
tracks the driving force output from the upper layer controller, taking into consideration
both the direct transverse moment and speed calculations. Additionally, considering the
road adhesion coefficient condition, the optimization objective is to optimally distribute
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the four-wheel torque, with the minimum tire loading rate guiding this optimization. This
optimized four-wheel torque is differentially distributed and ultimately conveyed from the
motor model to the Carsim vehicle, forming a closed loop system.

Figure 3. Vehicle transverse and longitudinal control flowchart.

3.1. Vehicle Longitudinal Controller

To ensure the consistent tracking of the upper desired speed by the vehicle, mitigating
the impact of other control system effects, a longitudinal vehicle speed controller is crafted
employing the PID control principle. The control rate of the PID vehicle speed controller is:

Tpid = Kpev(t) + Ki

∫ t

0
ev(t)+Kd

dev(t)
dt

(6)

where ev is the deviation value between the ideal speed and the actual speed and Tpid is the
total wheel torque output from the speed controller. Kp, Ki, and Kd are the proportional,
integral, and differential terms of the PID controller parameters, respectively.

The motor torque, Tpid, derived by the PID speed-tracking controller is distributed to
the four motor models using an equal distribution:

Tij =
1
4

Tpid ij = 11, 12, 21, 22 (7)

where T11, T12, T21, T22 is the torque output value of the four motors.
The conventional powertrain of the Carsim vehicle undergoes substitution with a

model of the motor system, wherein the motor is responsible for supplying the wheel
drive torque. When concentrating exclusively on the interplay between the targeted torque
and the actual torque derived from the motor, the motor model can be streamlined into
a second-order transfer function, offering a representation of its dynamic torque output
response. This torque transfer function is articulated as follows:

G(s) =
Td
T∗

d
=

1
2ζ2s2 + 2ζs + 1

(8)

where T∗
d is the target torque obtained by the controller, Td is the output torque of the hub

motor, and ζ is the motor system time constant, which can usually be obtained empirically.
s is the transfer function value.
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3.2. Design of Vehicle Lateral Controller

Linear quadratic optimal control theory (LQR) is widely used in models where the
controlled object is a state space. Path tracking controllers are designed based on the vehicle
error dynamics model, and the control system performance metrics J for:

J =
1
2

∫ ∞

0
[err

T(t)Qerr(t) + uT Ru]dt (9)

where Q is the vehicle error weight matrix and R is the control quantity weight matrix.
In order to find the minimum value of the performance index function J, the variational

method is utilized to solve the quadratic optimization problem, constructing the quadratic
form in the general form of:

H = −1
2
[err

T(t)Qerr(t) + uT(t)Ru(t)] + λT [Aerr(t) + Bu(t)] (10)

The Hamiltonian function is derived from H, and the optimal control signal of the
controller is solved at its value 0:

u∗(t) = R−1BTλ(t) = R−1BT P(t)err(t) (11)

where P(t) is obtained by solving the following Riccati equation:

PA + AT P − PBR−1BPT + Q = 0 (12)

The optimal control rate feedback matrix of the LQR controller is K = R−1BT P, and
the computed optimal front wheel angle control law is:

δ f (k) = −Kerr(k) (13)

where K = [K1, K2, K3, K4], A, B values are only related to the vehicle parameters.

3.3. Design of Pre-Sighting Points for Path Tracking Control

Intelligent vehicles exhibit superior path tracking effects at low speeds. However, at
higher speeds, vehicle stability diminishes due to the limited vehicle control time. In this
study, pre-aiming time is introduced in addition to path tracking control. This enables the
vehicle to make advanced predictions regarding path changes, thereby mitigating the large
front wheel angle calculations and jitter phenomena associated with the limited control
time. The pre-scan time is not a fixed value; rather, it needs to be increased proportionally
as the speed of the vehicle increases. The trajectory of the vehicle after the specified time is
illustrated in Figure 4.

Figure 4. Pre-aiming for vehicle path tracking.
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The pre- aiming control incorporates the predicted path information into discrete path
points for subsequent update calculations. The computed path information is represented
by the following equation:

xpre = x + vx∆t cos φ − vy∆t sin φ
ypre = y + vy∆t cos φ + vx∆t sin φ

φpre = φ +
·
φ∆t

·
φpre =

·
φ

(14)

where xpre and ypre represent the horizontal and vertical coordinates of the pre-sighting
point, φpre is the transverse angle of the pre-sighting point, and ∆t is the pre-sighting time.

3.4. Genetic Optimization Algorithm

The efficacy of the LQR path tracking controller is intricately linked to the Q,R weight-
ing matrix, where an elevated Q value enhances vehicle path tracking accuracy, and a
heightened R value mitigates control loss. Traditionally, these two weighting matrix values
undergo manual adjustments and trials, a time-consuming process lacking theoretical
support. This paper addresses this challenge by employing a genetic optimization algo-
rithm to ascertain the optimal controller weighting matrix value for achieving the most
effective path tracking. The genetic algorithm [17] replicates the evolutionary processes
observed in nature. The optimization process encompasses initialization, coding, fitness
function calculation, selection, crossover, mutation, and termination condition assessment,
ultimately producing results aligned with the optimization goal, as depicted in Figure 5.

Figure 5. Flowchart of the genetic algorithm.

The genetic algorithm randomly generates the initial population under specified
constraints. Each individual in the population is assigned values for the coefficients q1~q5
of the Q and R matrices. The controller computes the optimal feedback gain matrix and
the front wheel angle of the vehicle, then it executes the path tracking model to obtain
the fitness value. The algorithm terminates when the fitness value satisfies the specified
termination condition. Otherwise, genetic manipulation continues to generate a new
population generation, and the process repeats until convergence. The algorithm iteratively
solves for the optimal Q and R values. The genetic algorithm parameters are configured
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with a population size of 100, a maximum number of iterations set to 15, 10 individuals
per generation, a crossover probability of 0.4, and individual values within the range of
1–100. The fitness function of the genetic algorithm is crafted to minimize lateral and
heading errors while keeping control energy consumption relatively low. Consequently,
the performance index function comprises three terms, and the fitness function J [18] is
formulated as:

J = ω1∆ed + ω2∆eφ + ω3∆δ f (15)

where ω1, ω2, ω3 are the weight coefficients of the occupancy fitness functions of ∆ed, ∆eφ, ∆δ f ,
where a larger weight coefficient indicates a higher control importance and is the unit of
uniform variable, and ∆ed, ∆eφ, ∆δ f are the root mean square values of lateral error, heading
error, and the front wheel turning angle of the vehicle, respectively.

4. Direct Yaw Torque Controller

A four-wheel drive electric vehicle can generate an active transverse moment using the
drive/brake torque difference between the left and right sided wheels, which can be used
for vehicle stability enhancement based on path tracking for intelligent vehicles. In order
to avoid the risk of the destabilization of the vehicle under extreme operating conditions,
the center of mass lateral deflection angle is introduced in the sliding mode surface. By
fitting the vehicle tire side deflection force, the phase diagram of the center of mass side
deflection angle is drawn based on the phase plane theory, and the instability of the vehicle
in different working conditions is calculated. Based on the hyperbolic tangent function of
the sliding mode control design of the active transverse moment, the control weights of
the center of mass side deflection angle in the sliding mode surface of the active transverse
moment are adjusted by the degree of instability of the vehicle, to ensure that the vehicle
path tracking and stability have a better control effect.

4.1. Vehicle Stability Judgment

The nonlinear characteristics of a vehicle are primarily influenced by its tires. At
small tire lateral deflection angles, the lateral deflection force is linear. As the tire lateral
deflection angle increases, the upward trend of the lateral deflection force gradually slows
down. During this phase, the lateral deflection stiffness value of the tire experiences a
steep decrease.

Tires primarily operate in the nonlinear region during the driving process. To model
the nonlinear tire data [19] the lateral force data for a 215/R17 tire are fitted using the Magic
Tire formula:

Fy = Dy sin
{

Cyarctan
[
Bya − Ey(Bya − arctan(Bya))

]}
(16)

where considering the road surface µ adhesion coefficient on the tire model parameters,
Dy = µFz; Cy = (5/4 − µ/4)Cy; By = (2 − µ)By; Dy is the peak factor; Cy is the shape
factor; By is the stiffness factor; and Ey is the curvature factor. Where Fzr is the front and
rear wheel vertical loads in the road conditions µ = 1, the tire lateral force under different
vertical loads for data fitting. The fitting results are shown in Figure 6, where By = 5.263;
Cy = 2.839; and Ey = 1.228.

The phase plane method is used to determine the stability of the vehicle under different
state parameters. Because the β − ωr phase plane is affected by wheel angle and speed, it
is difficult to judge the stability domain of the vehicle. This paper adopts the method of

the β −
·
β phase plane, which can accurately judge both the stable and unstable working

conditions of the vehicle. Based on Equation (1) to establish the whole vehicle model
equation, the second-order autonomous system of the vehicle is as follows:{ ·

β = f1(β, wr)
·

ωr = f2(β, wr)
(17)
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Figure 6. Fitting of tire cornering force.

Setting the vehicle speed at 120 km/h, the road surface adhesion coefficient at 0.7, and
the front wheel turning angle at 0◦, the different initial values of (β(0), ωr(0)) are set in a

certain range for Equation (16), and, according to the theory of the phase plane, the β −
·
β

phase plane diagram of the vehicle is plotted as shown in Figure 7.

Figure 7. Mass center side slip angle phase plane.

On the phase plane image of the vehicle’s center of mass side deviation angle, the dou-
ble straight line method is used to divide the stable boundary of the vehicle,
two symmetrical straight lines divide the vehicle into stable and unstable regions, and,

through β −
·
β, the phase diagram is able to judge the vehicle’s steady state in different

road attachment coefficients and speeds, and the expression for the stable region in which
the vehicle is located is: ∣∣∣∣ ·β + B1β

∣∣∣∣ ≤ B2 (18)

where B1 is the slope of the boundary line, B2 is the intercept of the boundary line and B1
and B2 are affected by the phase plane.
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After plotting the phase diagram of the vehicle center of mass lateral deflection angle
at different speeds and different road surface attachment coefficients, some of the data are
shown in Table 1 below.

Table 1. Stable boundaries of the phase plane under different working conditions.

VX(km/h) µ B1 B2

60 0.2 3.96 0.39
60 0.4 −6.10 0.70
60 0.6 6.71 0.75
90 0.4 4.76 0.55
90 0.6 5.93 0.70
90 0.8 6.76 0.84

120 0.6 5.60 0.62
120 0.8 6.17 0.70
120 1.0 7.51 0.94

From the data in Table 1, it can be seen that the curvature and intercept of the stabilizing
boundary of the vehicle gradually increase with the increase in the road surface attachment
coefficient. When the road surface attachment coefficient is small, the stabilization region
of the vehicle is small and prone to instability. Different vehicle speeds are also added to
the considered range and the obtained stability boundary range is plotted as shown in
Figure 8.

Figure 8. Effect of speed and pavement attachment coefficient on intercept and slope.

Taking the data from Table 1 and fitting the data by a polynomial, the boundary
equations of the phase plane stability domain for a vehicle speed of 120km/h with a
pavement attachment coefficient of u = 0.3 are obtained as:{

B1 = −3.555µ2 + 10.69µ + 0.247
B2 = −0.178µ2 + 1.07µ + 0.024

(19)

When the state point (β,
·

β) of the vehicle satisfies
∣∣∣∣ ·β + B1β

∣∣∣∣ ≤ B2, the vehicle is in

the stable region; however, when it does not satisfy this, the vehicle is in the region of
instability at this time. The distance from the state point to the boundary of the stabilized
region is called the degree of destabilization ρ, and the formula for calculating the degree
of destabilization of the phase plane is as follows:

ρ =

∣∣∣∣ 1
B2

·
β + β

B1

B2

∣∣∣∣ (20)
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4.2. Direct Yaw Torque Controller

The direct traverse moment control has a more obvious effect on the control of the
vehicle’s traverse angular velocity, and also has some effect on the center of mass side
deflection angle. The sliding mode variable structure control system is used to design
the target yaw moment control system; the vehicle parameter uptake and the external
disturbance of the vehicle have less influence on the controller, and the control system has
good robustness. In order to balance the relationship between path tracking and stability,
both the vehicle’s center of mass lateral deflection angle and the pendulum angular velocity
are considered in the sliding mode surface [20].

The sliding mode surface is defined as follows:

s = ωr − ωrd − ρ(β − βd) (21)

The exponential convergence law is chosen:

·
s = −εsgn(s)− ks ε > 0, k > 0 (22)

where k and ε are convergence law parameters greater than 0.
In order to solve the problems of vibration caused by the controller parameter ingestion

and the frequent switching of the sliding mode surface due to the change of vehicle driving
conditions, the hyperbolic tangent function tanh(s) is used instead of the sgn(s) function,
which reduces the frequent vibration of the traditional sliding mode control.

Derivation of Equation (21) for the sliding mode surface yields the following:

·
s =

·
ωr −

·
ωr − ρ(

·
β −

·
βd) (23)

Substituting Equation (1) into the joint solution of Equation (23) yields the additional
transverse moment affecting the vehicle’s transverse angular velocity, as follows:

∆Mwr = I(−εtanh − ks +
·

ωrd)− (ak f − bkr)β −
a2k f + b2kr

v
wr + ak f δ f + Iρ

·
β (24)

In the active transverse moment stability control, when the vehicle’s center of mass
lateral deflection angle increases, at this time, the DYC system should increase the controller
weights of the center of mass lateral deflection angle to ensure the vehicle’s stable driving
and improve the vehicle’s attitude and path tracking ability. The phase diagram instability
degree ρ affected by vehicle speed, road surface adhesion coefficient, and vehicle speed can
respond well to the state of the vehicle and can assign the weights of the center of mass
lateral eccentricity in the DYC system.

4.3. Lower Torque Distribution

Based on the target transverse moment calculated from the upper level, the ∆M is
assigned to the vehicle hub motor through torque to enhance the stability of the vehicle.
The lateral and longitudinal tire forces are limited by the attachment ellipse, and with
the optimization objective of minimizing the utilization of tires [21], the optimal torque
distribution is used. The tire utilization is as follows:

J =
4

∑
i=1

Fxi
2

(uFzi)
2 (25)

To optimize the four-wheel longitudinal forces while ensuring the tracking of the
vehicle speed, the constraints satisfy the following equations:{

Fx = Fx1 + Fx2 + Fx3 + Fx4

∆M =
B f
2 (Fx2 − Fx1) +

Br
2 (Fx4 − Fx3)

(26)
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The above optimization problem with constraints is organized as follows, using the
standard form of dynamic optimization:

minJ = 1
2 (u − ud)

T H(u − ud)
s.t.Bu = V; umin ≤ u ≤ umax

(27)

The value of torque enforcement after optimal distribution of tires on the vehicle is
as follows:

Txi = FxiB f , i = 1, 2, 3, 4 (28)

The total driving torque of the tracked vehicle calculated by the upper driver model is
distributed equally among the four wheels, and the target yaw torque is distributed by the
differential drive of the left and right wheels.

5. Road Simulation Analysis

In order to verify the effectiveness of the vehicle path tracking and stability cooperative
control system, this paper adopts Matlab/Simulink and Carsim for joint simulation and
selects the C-class vehicle as the simulation model. The tracking accuracy of the vehicle-
designed path tracking controller is verified in the double-shift line condition at different
speeds. Under the extreme working conditions of high-speed continuous lane changing
and low-speed U-shape lane changing, the path tracking and stability cooperative control
system designed in this paper is verified to ensure the vehicle path tracking effect and
improve the stability of the vehicle at the same time.

5.1. Simulation Analysis of Double-Shifted Path Tracking

The common double shift roadway change condition is used. The reference heading
angles and roadway turns for the double shift roadway are calculated as follows:

θr = arctan
{

y′r[xr(t)]
}

; kr =
y′′

r [xr(t)]

(1 + y′r[xr(t)]
2)

3/2 (29)

where kr is the reference path curvature and θr is the reference heading angle.
The path tracking simulation verification of the path tracking front wheel steering

(AFS) controller weight matrix parameters before optimization and after optimization of
the genetic algorithm is performed for the dual-shift line under the dual-shift line condition
with a vehicle speed of 60 km/h, respectively, and the simulation results are shown in
Figures 9–12.

Figure 9. Genetic algorithm fitness values.

Figure 9 shows an image of the fitness function calculated by the genetic algorithm.
The fitness function of the genetic algorithm gradually decreases from 18.93 to 3.77, and
the optimization is terminated after the genetic generations to 15, when the fitness value
is minimum and the initial parameters of the designed controller, Q and R matrices are
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Q = diag [1, 1, 1, 1] and R = 80. After genetic optimization, the weights matrices are
Q = diag [19.21, 1.22, 55.50, 1.01] and R = 99.40.

Figure 10 illustrates the vehicles’ path comparison, highlighting the superior path
tracking accuracy of the GA_LQR-controlled vehicle over the initial LQR-controlled vehicle,
attributed to the optimization of controller parameters. The enhanced tracking effect of
GA_LQR is evident at both 95 m and 145 m in the figure. Figure 11 presents a comparison
of the vehicles’ lateral errors, revealing a greater reduction in lateral error for the GA_LQR-
controlled vehicle compared to the LQR-controlled vehicle. The maximum lateral error
decreases from 0.0784 m to 0.0105 m, marking an 86.6% decrease, and the root mean square
lateral error is reduced by 91.2%. The optimized GA_LQR controller enhances the vehicle’s
path tracking accuracy. Figure 12 compares the heading errors of the vehicles, indicating a
reduction in the heading error for the GA_LQR-controlled vehicle compared to the LQR-
controlled vehicle. The maximum heading error decreases from 0.0635 rad to 0.048 rad,
representing a 17.7% reduction, and the root mean square heading error is reduced by
18.4%. The optimized GA_LQR vehicle exhibits a smaller heading error, signifying an
improved heading angle tracking ability. The evaluation indexes for double-shifted line
path tracking are presented in Table 2.

Figure 10. Vehicle path tracking map.

Figure 11. Vehicle lateral error map.
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Figure 12. Vehicle heading error map.

Table 2. Evaluation indicators for double-shift path tracking.

Evaluation Index LQR GA_LQR Optimal Results

|ed| maximum value 0.0784 0.0105 86.6%
ed root mean square 0.0238 0.0021 91.2%

|ephi| maximum value 0.0583 0.0480 17.7%
ephi root mean square 0.0179 0.0146 18.4%

To assess the robustness of the PID speed tracking controller and GA_LQR path
tracking controller proposed in this study, vehicle tests are conducted at varying speeds,
namely 36 km/h, 72 km/h, and 108 km/h. The effectiveness of both speed and path
tracking is evaluated under double-shift line conditions, with the results presented in
Figures 13 and 14.

Figure 13. Longitudinal Speed Tracking.
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Figure 14. Path tracking at different speeds.

From Figure 13, it can be seen that the PID speed tracking controller designed for the
longitudinal direction of the vehicle is able to track the upper desired speed better whether
it is at low, medium, or high speeds and the maximum speed error is not more than 1 km/h.
The longitudinal speed controller has a better speed tracking ability at different speeds.
The designed GA_LQR path tracking controller has better tracking ability at low speeds.
At a medium speed of 72 km/h and a high speed of 108 km/h, due to the fast speed of
the vehicle changing lanes, in order to ensure that the vehicle can be well tracked on the
path, it is necessary to increase the pre-aiming control on the basis of the path tracking
control of the vehicle. At the speeds of 72 km/h and 108 km/h, this paper adopts the
pre-aiming time of 0.2 s and 0.4 s, respectively, to ensure that the vehicle can make advance
judgment on the path change and control the front wheel angle. Figure 14, depicting
the vehicle path diagram, demonstrates that, after incorporating GA_LQR control with
pre-scanning, the vehicle effectively tracks the desired path across low, medium, and high
speeds. Consequently, the vehicle path tracking controller and speed controller developed
in this paper exhibit robust performance across different speeds.

5.2. Simulation Analysis of Continuous Lane Change Path Tracking

In the simulation test where the vehicle is subjected to continuous lane changing, the
road equations for continuous lane changing are as follows:

Y(X) =
c

2π

{
π +

2π

d
(X − d

2
) + sin

[
2π

d
(X − d

2
)

]}
(30)

where c is the value of 50 m for the transverse displacement of the changeover and d is the
value of 3.5 m for the longitudinal displacement of the changeover.

Under the conditions of a vehicle speed of 120 km/h, a pavement adhesion coefficient
of 0.7, and a pre-sighting time of 0.3s, a simulation is conducted to assess continuous
lane-changing scenarios. The considered control strategies include AFS control, AFS+DYC
synergistic control, and the path tracking and stability controller (Controller 1) adopted
from reference [22], each executed independently. The Controller 1 system utilizes the
conventional path tracking method involving single-point pre-scanning and considers the
center of mass side deflection angle, along with the active transverse moment composition
of the transverse angular velocity sliding mode surface. The results of these control
simulations are presented in Figure 15.
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Figure 15. Simulation results of continuous lane changing conditions.

Figure 15a,b depict the travel paths and lateral errors of the vehicle under high-speed
continuous lane changing conditions. All three controllers successfully track the desired
paths. However, the AFS control and Controller 1 exhibit larger path fluctuations at
170 m and 110 m, whereas the designed AFS+DYC controller demonstrates the smallest
path offset, closely aligning with the desired paths. The peak lateral error of Controller 1
reaches a maximum of 0.56 m, and the vehicle’s path tracking deteriorates under continuous
lane changing conditions with faster speed, due to the reliance on single-point pre-scanning
control. The path tracking controller optimized with parameters (AFS) designed in this
paper exhibits a slight improvement in tracking effect compared to Controller 1, with the
peak lateral error of the vehicle being 0.50 m. The peak lateral error of AFS+DYC control
is 0.35, representing a 37.5% reduction compared to AFS control. This results in the best
path tracking effect, and the introduction of direct swinging torque control on the basis
of AFS control enhances the vehicle’s lateral path tracking during high-speed continuous
lane changing. In Figure 15c, the heading error of the vehicle is depicted, and the AFS-
controlled vehicle exhibits the largest peak heading error, reaching 0.11 rad. Compared
with AFS path tracking control, Controller 1 incorporates active transverse moment control
based on path tracking control, resulting in a slight reduction in peak heading deviation
to 0.10 rad, a reduction of 9%. The AFS+DYC-controlled vehicle, influenced by the active
transverse moment and adjusting the control weight for vehicle stability based on the
center of mass side deviation angle, achieves a reduced peak heading error of 0.06 rad,
which is 40% lower than AFS control. The AFS+DYC controller enhances the vehicle’s
ability to track the heading angle under high-speed lane changing conditions. Figure 15d
illustrates the vehicle’s sideslip angle, with the AFS-controlled vehicle reaching a peak
vehicle’s sideslip angle of 4.85◦ attributed to high speed and continuous lane changing.
At this point, the vehicle approaches an unstable state, requiring intervention for stability
control. With the intervention of the direct swing moment, Controller 1 reduces the peak
vehicle’s sideslip angle deviation of the vehicle to 3.55◦, representing a 9% reduction.
The AFS+DYC control, as designed in this paper, achieves further suppression of the
vehicle’s center of mass lateral deflection through coordinated weight allocation of the
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DYC controller. The peak of the vehicle’s sideslip angle is minimized to 2.63◦, reflecting
a 45.5% reduction compared to the peak value of the AFS control, resulting in enhanced
vehicle driving stability. Figure 15e illustrates the direct transverse moment computed
by the vehicle’s DYC system, which serves to enhance vehicle stability at high speeds,
while ensuring effective path tracking. In comparison to the fixed parameter calculation
of the active transverse moment by Controller 1, the AFS+DYC controller computes a
direct transverse moment, taking into account the instability of the vehicle, and achieves a
balanced coordination of path tracking and stability. This results in a further improvement
in vehicle stability and path tracking capability. The active traverse moment is ultimately
output through the differential distribution of torque among the four wheels. Figure 15f
illustrates the front wheel steering angle of the vehicle tracking the desired path. The front
wheel steering is increased by the AFS+DYC control, but the front wheel steering angles
remain within the stable range, ensuring the vehicle can track the desired path. The stability
evaluation indexes for continuous lane changing are shown in Table 3 below.

Table 3. Continuous lane changing simulation evaluation index data.

Evaluation Index AFS Controller 1 Compare AFS Results AFS+DYC Compare AFS Results

Lateral error |ed| 0.50 0.56 −0.12% 0.35 37.5%
Heading error |ephi| 0.11 0.10 9% 0.06 40%

Sideslip angle |β| 4.85 3.55 26.8% 2.63 45.5%

5.3. Low-Speed Turnaround Path Tracking Simulation Analysis

In order to further verify the controller designed in this paper, the low-speed turnaround
condition is selected, and the vehicle is driven at a speed of 20 km/h on the ice and snow
road, with the road adhesion coefficient µ = 0.3 and the simulation results are shown in
Figure 16.

Figure 16. Simulation results of low-speed turning conditions.
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Figure 16a,b illustrate the vehicle’s traveling paths and lateral errors during the
turnaround on the wet road. All three controllers effectively track the upper desired
turnaround path. It is evident that the path tracking accuracy of the AFS+DYC cooperative
control surpasses that of both Controller 1 and the AFS-controlled vehicle. Controller 1
and AFS+DYC exhibit peak lateral errors of 0.083 m and 0.046 m, respectively, represent-
ing reductions of 51.8% and 62.6% compared to the AFS control. The AFS+DYC control
demonstrates superior path tracking and closely aligns with the desired path, enhancing
vehicle tracking on icy, snowy, and slippery road surfaces.

In Figure 16c, the vehicle’s heading error is presented, with the AFS vehicle reaching a
peak deviation of 0.155 rad. Controller 1 and AFS+DYC exhibit peak deviations of 0.151 rad
and 0.145 rad, respectively, indicating marginal reductions of 4% and 6.5% compared to
AFS. The direct traverse moment control enhances the vehicle’s heading angle tracking
ability. The incorporation of stability control, based on AFS path tracking, has effectively
mitigated both lateral and heading errors in the vehicle.

Figure 16d displays the vehicle sideslip angle, with the peak angle reaching 4.94◦ for
the AFS-controlled vehicle. During this period, the vehicle approaches an unstable state,
and its body attitude becomes precarious, necessitating additional controls for stability.
Controller 1 and the AFS+DYC-controlled vehicle experience additional sway moments,
resulting in a reduction in the peak center of mass lateral deflection angle to 4.88◦ and 4.54◦,
respectively. This reduction represents a 7.5% and 8.0% improvement compared to the
AFS-controlled vehicle. The AFS+DYC-controlled vehicle provides the best suppression
of vehicle sideslip angle control, which improves the stability and path tracking ability of
the vehicle when traveling in a U-turn on a low adhesion road. In Figure 16e, the direct
traversing moment demanded by the vehicle DYC system is illustrated. Subsequently, the
additional traversing moment is utilized to implement stability control through optimal
torque distribution among the four wheels via motor output torque. Figure 16f displays the
front wheel turning angle as the vehicle tracks the desired path, with AFS+DYC requiring
a minimal turning angle, contributing to improved operational stability. The stability
evaluation indexes under U-turn conditions are presented in Table 4 below.

Table 4. U-shaped path simulation evaluation index data.

Evaluation Index AFS Controller 1 Compare AFS Results AFS+DYC Compare AFS Results

Lateral error |ed| 0.123 0.083 51.8% 0.046 62.6%
Heading error |ephi| 0.155 0.151 4% 0.145 6.5%

Sideslip angle |β| 4.94 4.88 7.5% 4.54 8.0%

6. Conclusions

To enhance intelligent vehicle path tracking while ensuring stability, a cooperative
controller for both vehicle path tracking and stability is proposed. For vehicle path tracking,
a vehicle error dynamics model is established, and a laterally designed path tracking
LQR controller with pre-scanning is employed. To address uncertainties in controller
parameters, a genetic algorithm is utilized to design a fitness function and optimize the
weight matrix. This approach enhances the vehicle’s path tracking ability and ensures
accurate path tracking, especially on conventional roads.

To enhance vehicle stability based on vehicle path tracking, the process begins by
fitting the vehicle tire side deflection force. Subsequently, the phase plane of the vehicle
center of mass side deflection angle is plotted, and the double straight line method is
employed to delineate the stability region. A three-dimensional boundary map of the
vehicle stability domain is then generated, and the degree of vehicle instability is calculated
under various working conditions. And based on the hyperbolic tangent function of the
sliding mode control design of the active transverse moment, through the vehicle instability
degree of the active transverse moment of the sliding mode surface of the center of mass
side deflection, the control weights are adjusted to improve the driving stability of the
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vehicle. In scenarios involving high-speed continuous lane changes and low-speed turns on
low-adhesion roads, the proposed approach ensures effective vehicle path tracking while
concurrently enhancing vehicle stability.
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