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Abstract

Multi-axle vehicles are commonly used for heavy-duty special operations, which easily
leads to high driving torque demands when adopting distributed electric drive configura-
tions. This study achieves the objective of reducing the driving torque of each in-wheel
motor while controlling the stability of multi-axle vehicles. Taking a five-axle distributed
drive test vehicle as the research object, a hierarchical control strategy integrating active
all-wheel steering and direct yaw moment control is proposed. The upper layer is imple-
mented based on model predictive control, with fuzzy control introduced to dynamically
adjust control weights; the lower layer accomplishes the allocation of targets calculated
by the upper layer through minimizing the objective function of tire load ratio. A linear
parameter varying (LPV) tire model is introduced into the vehicle model to improve the
calculation accuracy of tire lateral forces, and a neural network method is employed to
solve the real-time performance issue of the model predictive control (MPC) controller. The
proposed strategy is verified through a combination of simulation and real vehicle tests.
High-speed condition simulations demonstrate that the AWS/DYC strategy significantly
outperforms the ARS/DYC approach: compared to the active rear-wheel steering strategy,
while the sideslip angle is reduced by 90.98%, the peak driving torque is reduced by 30.78%.
Notably, tire slip angle analysis reveals that AWS/DYC maintains relatively uniform slip
angle distribution across axles with a maximum of 4.7°, entirely within the linear working
region, optimally balancing tire performance utilization with lateral stability while pre-
serving safety margin, whereas ARS/DYC causes slip angles to exceed 11.9° at the rear
axle, entering saturation. Low-speed real vehicle tests further confirm the engineering
applicability of the strategy. The proposed method is of significant importance for the
application of distributed drive configurations in the field of special vehicles.

Keywords: distributed drive vehicle; multi-axle vehicle; active all-wheel steering; direct
yaw moment control; neural network; yaw stability

1. Introduction

Multi-axle heavy-duty vehicles have been a research hotspot due to their poor
handling stability caused by factors such as a long body, high center of gravity, and
heavy mass [1-3]. The distributed drive chassis structure, with its high controllable degrees
of freedom, fast response speed, compact body structure, and high chassis drive-by-wire
integration, represents the optimal platform for implementing advanced vehicle dynamics
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control technologies [4,5]. Each wheel’s motor can provide both driving and braking forces,
effectively expanding the adaptive range of chassis control systems [6].

Existing research has made certain progress in the field of stability control for dis-
tributed electric drive vehicles. Control methods mainly include sliding mode control [7],
adaptive control [8], linear optimal control [9], robust control [10], and model predictive
control [11,12], along with control architectures primarily based on decentralized [13], cen-
tralized [14], and hierarchical [15,16] frameworks. Hierarchical control architecture features
mutual independence and functional decoupling between levels, separately considering
stability control requirements and torque allocation during design. It also exhibits good
robustness to local system failures and certain fault tolerance capabilities, while combining
the advantages of both decentralized and centralized architectures with clear structure,
facilitating system development and functional expansion [17]. Li et al. [18] proposed
a composite electronic torque power steering hierarchical control strategy for multi-axle
distributed drive vehicles based on dynamic modeling and analysis, enhancing steering
system flexibility and fault tolerance at low speeds while ensuring vehicle stability at high
speeds, reducing energy consumption to a certain extent. Shi et al. [19] adopted time-
varying model predictive control to track desired states based on the model characteristics
of distributed drive three-axle commercial vehicles, achieving steady-state drift path track-
ing under extreme conditions, expanding the vehicle’s controllable stability boundary and
reducing the peak torque of in-wheel motors. According to existing research, it is evident
that in multi-axle distributed electric drive vehicles, reducing the peak torque of in-wheel
motors not only improves vehicle stability margin but also has significant importance for
optimizing overall vehicle power consumption. Through reasonable torque distribution
strategies, controlling each wheel motor’s torque within the efficient operating range can
effectively reduce overall system energy consumption and heat dissipation burden. How-
ever, the aforementioned studies have not considered the nonlinear factors of multi-axle
distributed drive vehicles under actual operating conditions.

With deeper research, handling and stability control technologies considering non-
linear factors and the coordination of various control variables have been successively
proposed. Reference [20] proposed an integrated controller including multiple stability
control objectives such as longitudinal, lateral, and roll based on the LPV-MPC structure
to improve the comprehensive stability performance of four-wheel in-wheel drive electric
vehicles, obtaining a linearized tire model through first-order Taylor expansion [21] of the
nonlinear tire model. This controller achieves good multi-objective comprehensive control
effects under conventional conditions, improving handling stability while suppressing tire
slip ratio. Li et al. [22-24] proposed a fast path-tracking strategy based on nonlinear model
predictive control (NMPC) and a multi-constraint fast solution algorithm combining the
projection gradient method and augmented Lagrangian method, considering multiple con-
straints including phase plane stability, anti-sideslip, anti-rollover, and tire wear mitigation,
improving the safety and stability of multi-axle distributed drive vehicles. To improve MPC
real-time performance, researchers have proposed methods based on supervised learning:
using input-output data generated by MPC to train neural networks (NNs) to achieve
fast approximation of control strategies. This method has been successfully validated in
benchmark chemical reactor models [25]. In the field of vehicle lateral stability control, re-
searchers have further combined nonlinear autoregressive with exogenous inputs (NARX)
neural networks with MPC, achieving control performance improvement, computation
time reduction, and enhanced real-time deployment capability through two integration
approaches [26]. However, the above research on multi-axle vehicles only utilized partial
wheels in active wheel steering control, not fully exploiting the multi-degrees-of-freedom
advantages of distributed drive vehicles.
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Based on these challenges, integrated control of all-wheel steering (AWS) and direct
yaw moment control (DYC) has emerged. All-wheel steering vehicles can independently
control each wheel angle through electrical signals and complete torque distribution, provid-
ing a new steering platform for vehicle intelligence [27], while also changing the traditional
single-input control mode of vehicles, making vehicle handling and stability control more
precise and stable [28]. Chu et al. [29] transformed traditional wheel angle control into in-
stantaneous center of rotation control, fully utilizing the advantages of all-wheel steering to
solve tracking problems under large curvature turning conditions. Jneid et al. [30] proposed
a regenerative braking torque vector control strategy considering both vehicle yaw rate
and sideslip angle to improve vehicle stability. Gerardo Amato et al. [31] proposed a highly
reconfigurable adaptive nonmodel control method for distributed drive electric vehicles.
By performing slip vector allocation given longitudinal force, yaw moment requirements,
and weight matrices, desired slip ratios are provided for each wheel, minimizing the total
slip vector norm and keeping tires within the linear region to improve vehicle safety and
stability. It can be seen that multi-objective integrated chassis control has become the
mainstream trend in distributed drive vehicle control. In the application of distributed
drive forms in heavy-duty vehicles, due to the large vehicle mass and body moment of
inertia, the power demand for in-wheel motors during stability control is much greater
than that of general passenger vehicles. To reduce the power requirements of in-wheel
motors in multi-axle distributed drive heavy-duty vehicles, fully leverage the advantages
of distributed drive configurations, and develop AWS/DYC coordinated control strategies
that can effectively reduce peak torque, it is crucial to design targeted integrated control
technology for all-wheel steering and yaw moment.

Based on this, this paper proposes a hierarchical stability control architecture for
multi-axle special vehicles that integrates multi-variable coordinated control with drive—
brake-steer decoupling control, employing DYC and AWS control methods. The upper
layer utilizes MPC'’s characteristics of coordinating multiple state and control variables to
reasonably adjust each control output, with a fuzzy controller dynamically adjusting MPC
control weights. An MPC-supervised neural network controller (NN-MPC) is obtained by
training neural networks using vehicle states and MPC control data as samples, improving
control real-time performance, while a PID controller is designed for speed control. The
lower-layer controller accomplishes precise allocation of control variables with the objective
of optimizing tire load utilization. Finally, the effectiveness of the proposed method is
verified on the Simulink/TruckSim co-simulation platform.

Different from existing research, the innovations of this paper are as follows:

1. A control-oriented linear parameter varying (LPV) tire model is introduced, improving
the specificity of control algorithm research for multi-axle distributed special vehicles
in practical application scenarios, especially under nonlinear conditions.

2. A hierarchical stability control architecture for multi-axle special vehicles integrat-
ing multi-variable coordinated control with drive-brake-steer decoupling control is
proposed, significantly improving control precision.

3. The proposed neural network controller based on model predictive control effec-
tively improves the real-time performance of handling stability control for multi-axle
distributed heavy-duty vehicles.

The remainder of this paper is organized as follows: In Section 2, the vehicle’s TruckSim
model and 3-DOF model are established, and the model accuracy is verified. Section 3
designs the hierarchical stability controller. Section 4 conducts high-speed simulation
verification and real vehicle verification. Section 5 concludes this paper and outlines future
research work.
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2. Dynamics Model of Multi-Axle Distributed Drive Vehicle

The establishment of vehicle dynamics models is the foundation for vehicle motion
analysis and subsequent control strategy research. Addressing the structure and control
requirements of the five-axle distributed drive test platform, this section establishes two
dynamics models that are complementary in terms of fidelity and control applications: a
high-fidelity vehicle model is constructed based on TruckSim, with its accuracy verified
through real vehicle data; a three-degrees-of-freedom simplified model focusing on longitu-
dinal, lateral, and yaw motions is derived to meet the real-time performance and analytical
requirements of control algorithms. On this basis, a TruckSim/Simulink co-simulation
environment is established, achieving a development closed-loop from simplified model
algorithm design to high-fidelity model verification, enhancing development efficiency
while ensuring theoretical rigor and laying the foundation for real vehicle testing.

2.1. TruckSim Vehicle Model

The research object of this paper is a distributed drive carrier test platform, which
adopts a five-axle ten-wheel configuration. Compared with traditional multi-axle vehicles,
the most significant features of this experimental platform are that it uses lithium-ion
power battery packs as the energy system, with each wheel equipped with independent
in-wheel motors and steering actuators, achieving complete decoupling control of driving,
braking, and steering, specifically designed for algorithm development and verification of
distributed drive configuration vehicles. The overall configuration of the test platform is
shown in Figure 1.

Figure 1. Distributed drive carrier experimental platform.

The main parameters of the platform are shown in Table 1:

Table 1. Main parameters of the vehicle model.

Parameter Value Unit Parameter Value Unit

Mass 1450.00 kg Height of center of gravity 0.57 m

Length 5.60 m Distance from CG to axle 1 2 m

Width 1.79 m Distance from axle 2 to axle 1 1 m

Height 2.20 m Distance from axle 3 to axle 1 2 m

Moment of inertia around x-axis 990.50 kg - m? Distance from axle 4 to axle 1 3 m

Moment of inertia around y-axis 4136.40 kg - m? Distance from axle 5 to axle 1 4 m
Moment of inertia around z-axis 3857.20 kg - m?

Based on the main parameters of this platform, a high-fidelity vehicle model is estab-
lished in TruckSim, with the power connections between the engine, transmission, and
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differentials of each axle disconnected. Torque is directly applied to each wheel to simulate
the working state of in-wheel motors. The established TruckSim model is shown in Figure 2.

Figure 2. TruckSim model of the distributed drive carrier experimental platform.

To verify the accuracy and credibility of the TruckSim dynamics model, real vehicle
road tests and simulation tests are conducted, respectively. The model and real vehicle are
controlled to operate under the same speed and conditions. By comparing the consistency
of key motion state parameters between them, it ensures that the model can accurately
reflect the dynamic response characteristics of the actual vehicle. This platform integrates
multiple sets of high-precision sensors, specifically including steering wheel angle sensors,
vehicle body attitude sensors (capable of collecting signals such as yaw rate and lateral
acceleration), pedal force sensors, sensors to measure tire steering angle, and tire vertical
force sensors. Data from each sensor is transmitted in real time to the onboard data recorder
via CAN bus protocol and then collected and stored by the host computer through a
USB interface, ensuring the integrity and synchronization of test data. The connection
architecture diagram of the test equipment is shown in Figure 3.

C Power Supply

Steering Wheel
Angle Sensor

D
m"_

CAN
Vehicle Body
Attitude Sensor
CAN
CAN
B
Pedal Force Wheel Steering Vertical
Sensor Angle Sensor Force Sensor

Figure 3. Connection architecture diagram of the experimental equipment.

Model validation tests are mainly completed through the trajectory reconstruction
method. First, real vehicle dynamic performance tests are conducted on a predetermined
test site, recording complete operational data of the vehicle under various complex con-
ditions such as typical steering, acceleration, and braking. Subsequently, representative
segments with significant dynamic responses are selected from the collected data, from
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which detailed road profile information is extracted, covering longitudinal slope, lateral
superelevation, and three-dimensional spatial coordinates. The road profile information
and vehicle speed information are imported into TruckSim to ensure strict consistency
between the simulated vehicle and real vehicle tests in terms of longitudinal motion input.
The test comparison results are shown in Figures 4-7. The yaw rate is directly measured by
the IMU inertial measurement unit, and the sideslip angle is calculated from data measured
by the onboard GPS and IMU:

—ouN siny — vgcosyP
UN COS P — Vg siny

B = 1)
where vy = vgps cos ¢ and vr = vgpg sin ¢ are the northward and eastward velocities of
the vehicle in the geographic coordinate system, respectively; vgps is the ground speed
measured by the onboard GPS; ¢ is the heading angle measured by the onboard GPS; and
1 is the yaw angle measured by the IMU.
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Figure 4. Comparison of motion trajectories.

o0
(=}

— RealVehicle
—— TruckSim

15 20 25 30 35 40 45 50
Time/s

~
(=}

(=N
(=}

B
=

Longitudinal Speed/(km/h)
(98] W
(=] =1

3]
[=}

—_
(=}

Figure 5. Comparison of longitudinal velocity.

Figures 4 and 5 show the driving trajectory and vehicle speed comparisons between
real vehicle tests and the TruckSim simulation model under the same input conditions,
respectively. From the comparison results, the maximum relative error of lateral position
is 5.8%, and the maximum relative error of longitudinal vehicle speed is 6.5%, indicating
that the simulation model reproduces well the path-tracking behavior of the real vehicle,
providing a foundation for subsequent dynamics state comparisons.

Figures 5-7 present time-domain response comparisons of three important dynamics
parameters: longitudinal vehicle speed, yaw rate, and sideslip angle. It can be seen that
the longitudinal vehicle speed variation trends between the simulation and real vehicle
are basically consistent, with main fluctuation amplitudes and phases also relatively well
matched. In terms of yaw dynamics, due to factors such as the inability to perfectly
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align real vehicle sensor installation positions with the center of mass, test environment
fluctuations, and driver operation differences, there are certain discrepancies between
the yaw rate and sideslip angle curves output by TruckSim and the measured results.
However, the overall variation trends are consistent, with average relative errors below 9%,
mainly originating from sensor measurement noise, tire model parameter errors, and road
adhesion coefficient errors, which are within acceptable ranges. The model reflects well
the yaw motion characteristics of the real vehicle, with both the peak errors and phase lag
of the yaw rate within reasonable engineering ranges. As a key indicator for evaluating
vehicle stability, the simulated values of sideslip angle match well with the experimental
data, particularly evident during transient response phases.

RealVehicle
TruckSim

0.1

o
o
S

Yaw Rate/(rad/s)
(=]

-0.05

25 30 35 40 45 50
Time/s

Figure 6. Comparison of yaw rate.
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Figure 7. Comparison of sideslip angle at the center of gravity.

It should be noted that the vehicle yaw rate and sideslip angle signals are relatively
noisy. In the control strategy design discussed below, a first-order low-pass filter is used to
process these signals to obtain reference signals suitable for control.

Overall, the established TruckSim model can accurately reproduce the dynamic be-
havior of the real vehicle under both steady-state and transient conditions, with good
consistency between model outputs and real vehicle test data. The results indicate that this
simulation model is effective and reliable and can be used for subsequent control strategy
development and verification.

2.2. Three-Degrees-of-Freedom Vehicle Model

To study the yaw stability of five-axle distributed drive vehicles, a three-degrees-of-
freedom vehicle dynamics model containing longitudinal, lateral, and yaw motions is
established, neglecting the effects of steering system stiffness and delay, the suspension
system, and air resistance on the vehicle, as shown in Figure 8.
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Figure 8. Three-degrees-of-freedom model of five-axle vehicle.

In the figure, oxy is the body-fixed coordinate system, with point o located at the
vehicle’s center of mass, the x-axis pointing toward the vehicle’s longitudinal forward
direction, and the y-axis pointing toward the vehicle’s lateral left side. v is the actual
velocity at the vehicle’s center of mass; v, and v, are the component velocities of the actual
velocity along the x-axis (longitudinal) and y-axis (lateral); 6;(i = 1,2, 3,4, 5) represents the
steering angles of wheels from axle one to five; a; represents the sideslip angles of wheels
from axle one to five, where it is assumed that wheels on the same axle have equal steering
angles and sideslip angles; and [; represents the distances from axles one to five to the
vehicle’s center of mass. Since the vehicle’s center of mass is between the second and third
axles, for convenience in subsequent formula derivation, I; and I, are defined as positive
values, while I3, l4, and 5 are negative values. w is the vehicle width; Fyil and Fy;, are the
lateral forces of the left and right wheels of axles one to five, respectively; F,;; and F,;, are
the longitudinal forces of the left and right wheels of axles one to five, respectively; w; is
the yaw rate of the vehicle around its center of mass; and f is the sideslip angle.

The vehicle longitudinal dynamics equation is

Mo

l
—

m(vy — vyw;z) = )_ (Fyi-cosd; — Fy; - siné;) ()

1
The vehicle lateral dynamics equation is
. 5
mox(B+w;) = Y (Fyj - sind; + Fy; - cos 6;) 3)
i=1

The vehicle yaw dynamics equation is

. w2 .
Lw, = 5 El (Fyiy - cosd; + Fyiy - sin ;)
w 2 .
—E . igl (FXi/l - COS 51' + Pyi,l - SIn 51) (4)
5
+Y - (Fyi -cosd; + Fy; - sin 5i)
i=1
where F,; = F,;; + F; , is the combined longitudinal force of the left and right wheels on
the i-th axle; F,; = F;; + F;, is the combined lateral force of the left and right wheels on

the i-th axle; m is the total vehicle mass; I is the vehicle’s yaw moment of inertia; and w,
and f are the vehicle yaw rate and sideslip angle, respectively.
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When the vehicle’s forward velocity v, along the x-axis remains constant, the vehicle
has only two degrees of freedom: lateral motion along the y-axis and yaw motion around
the z-axis. Combined with the simplifying assumptions in this section, the actual vehicle
is simplified into a two-degrees-of-freedom vehicle model supported on the ground by
tires with lateral elasticity and having lateral and yaw motions. Equations (3) and (4)
can be simplified into two-degrees-of-freedom dynamics equations characterizing vehicle
lateral-yaw motion:
m(vy + w;vy) = Yo Fyi 5)

Izwz = Z? Fyili

The accuracy of the vehicle dynamics model largely depends on the precision of
tire lateral force estimation. Particularly for multi-axle, heavy-duty vehicles performing
special tasks, although the number of wheels increases, the vertical force on each wheel
still reaches 5-10 times that of ordinary passenger cars. Under high-speed conditions,
tire lateral force characteristics easily enter the saturation region. In the field of vehicle
stability control, most scholars use linear tire models Fy = Cvauc to estimate tire lateral forces.
This model can calculate tire lateral forces well in regions with small tire sideslip angles
and simplifies the overall vehicle model, improving controller computational efficiency.
However, when the tire sideslip angle exceeds 5°, and the tire lateral force enters the
saturation region, the calculation error of the linear tire model increases rapidly, leading
to overall vehicle model mismatch. To improve the calculation accuracy of tire lateral
forces, H. Dahmani et al. [32] proposed the Takagi-Sugeno tire model, which is significantly
superior to the linear tire model in tire force calculation accuracy but still has obvious
limitations. Actual tire dynamics characteristics are influenced by the combined effects of
multiple factors including sideslip angle, slip ratio, road adhesion coefficient, and vertical
load, while this model only considers the effect of sideslip angle. When vehicle load transfer
occurs or road conditions change, the single-parameter Takagi-Sugeno model will produce
large prediction errors, affecting control accuracy.

To overcome the shortcomings of the above models, Shi et al. [33] made systematic
improvements based on the Takagi-Sugeno model and proposed a control-oriented lin-
ear parameter varying (LPV) tire model. This model represents tire cornering stiffness
as a multi-variable function of sideslip angle, slip ratio, road adhesion coefficient, and
vertical load, achieving an accurate description of tire characteristics under all operating
conditions through parameter scheduling. The LPV tire model retains the advantages of
linear structure convenient for controller design while accurately reflecting the nonlinear
characteristics and parameter time-varying features of tires, providing an ideal modeling
framework for high-performance vehicle stability control. Its expression is

F.
k= Fi(cylwyl + CyzwyZ)éy (6)
z0
where
i 1,0 <w,; <1 i
Wy = 1,0 <w,; <1,y = —L
o1 . v 00+ 0y
0= ———,i=1,2
y §—c 2b; (7)

(1+ 5)

_ N s K s [pis g MO
§y 1+K,(5x 1+K,(S 5y+(sx,5 },{

In Equations (6) and (7), a;, b;, ¢;, C,1, and Cy are parameters to be identified; « is the

slip ratio; F, is the vertical load; F; is the nominal load; y is the friction coefficient and
is the nominal friction coefficient.
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TruckSim 2019.0 incorporates a built-in parametric tabular tire model. This model
calculates tire lateral forces under arbitrary operating conditions through two-dimensional
interpolation of discrete lateral force and slip angle data at various vertical load levels.
The model accurately captures the nonlinear cornering characteristics and force saturation
behavior of tires under different loads. The software also provides a “Tire Tester” function
for testing tire lateral force outputs under different combinations of slip angle, road friction
coefficient, vertical load, and longitudinal slip ratio. The test vehicle is equipped with
“175/65 R14” tires, and tire characteristic parameters of the corresponding specification
from the TruckSim built-in tire database are employed in the simulation.

To accurately obtain the parameters of the LPV tire model, this paper designed system-
atic tire mechanical characteristic tests based on TruckSim tire experiments. The tire sideslip
angle ranges from —10° to 10° with an increment of 1°, the road adhesion coefficient ranges
from 0.6 to 1.0 with an increment of 0.2, the vertical load ranges from 500 N to 3000 N
with an increment of 500 N, and the longitudinal slip ratio ranges from —0.1 to 0.1 with an
increment of 0.05. These ranges can cover the working range of the studied vehicle.

Tire test data was obtained through batch simulation using TruckSim’s Batch Matrix
module, and the LPV tire model parameters were identified using the nonlinear least
squares method. The results are shown in Table 2.

Table 2. LPV tire model parameter identification results.

Symbol Value Symbol Value
a —559.1639 ap 0.20707
by —1196.0384 by —0.96037
1 0.35075 2 0.15964
Cn —704,546.5483 Cp2 —8.8127

The vehicle studied in this paper has a curb weight of 1450 kg and a rated payload
of 500 kg, with each tire bearing a vertical load of approximately 1900 N under normal
operating conditions. To verify the accuracy advantage of the LPV tire model under ac-
tual operating conditions, the tire slip characteristics data at a vertical load of 1961.33 N
(closest to actual operating conditions) from TruckSim was selected as the reference bench-
mark. Figure 9 compares the tire lateral forces calculated by the linear tire model and the
LPV tire model with the tire lateral force data provided by TruckSim under this vertical
load condition.

4000
*  Tksm
LPV
% 3000 e Liner
2
o
=
< 2000 |
Q
=
—
e
= 1000}
0

0 2 - 6 8 10
Slip Angle/deg

Figure 9. Comparison of tire lateral force.

As shown in Figure 9, the error between the lateral force calculated by the linear tire
model and the standard data increases dramatically as the slip angle increases, with the
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error becoming particularly significant when the slip angle exceeds 5°. In contrast, the
LPV tire model fits well with the standard data provided by TruckSim, maintaining high
accuracy even after the lateral force curve enters the saturation region. Specifically, when
the slip angle reaches 10°, the calculation error of the linear tire model reaches 62.47%, while
the maximum error of the LPV tire model is only 8.4%, occurring at a slip angle of 4.5°.
Under extreme conditions such as high-speed sharp turning, tire lateral force characteristics
will significantly enter the saturation region, and the linear tire model will considerably
overestimate the lateral force output, thereby affecting control system performance. The
above comparison results demonstrate that the LPV tire model can accurately describe the
nonlinear characteristics of tires. This significant accuracy improvement provides reliable
theoretical model support for optimizing vehicle stability control system design and helps
improve the accuracy and robustness of control algorithms.

Substituting the LPV tire model shown in Equation (6) into the vehicle lateral dynamics
in Equation (5), the enhanced vehicle model considering tire nonlinear characteristics is
obtained v,:
m(vy + wyvy) = Z? 20 ®)

L@, = Y3 20ail;
where
7= Ei(Cprwn+Cpwyp)
Fo(1+x;) 9)

Oéi:—((Si—M) =p+liE s

Ux

In the equations, F;; is the vertical load of the vehicle’s i-th axle tire, and «; is the slip ratio
of the i-th axle tire.

According to the Ackermann steering principle, when the vehicle maintains stable
steering, the perpendicular lines from each wheel’s rotation center perpendicular to the
tire’s neutral plane should converge at the same instantaneous center of rotation. The
vehicle’s instantaneous center of rotation O is located on the extension of the third axle
wheel centerline, as shown in Figure 10.

’4 \ N

/ / N
p Vy \ N o1

Figure 10. Ackermann steering model.

In Figure 10, R, is the turning radius, and the steering angles of each vehicle axle
satisfy the following geometric relationships:

tand; = (ll +13)/R,
tand, = (lz +13)/R,
tandy = (l4 — l3)/Ro
tandg = (l5 — l3)/Rg

(10)
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5 5
2y ¢ 2) Gl
i—1 i—1

Based on the small angle input assumption, the relationships between the tire angles
of axles 2, 4, and 5 and the first axle tire angle can be obtained as follows:

02 = k1201
5y = k461 (11)
05 = k1501

where kiy = %, ks = %, kis = % are the steering angle gains of wheels on vehicle

axles 2, 4, and 5 relative to the first axle wheel angle, respectively.
Substituting Equation (11) into Equation (8), the state-space equation for vehicle lateral
dynamics is obtained:

—2(C1 + (ok1p + Cakig + C5kis5)

-1
moy mv% [ .3 + M0y [5 } (12)
5 5 w —2(g111 + Qokioly + Qakyals + Cskysls) |1
121 Gil; 2‘21 gil? z L
1= 1=

I, Lo,

2.3. Stability Control Objectives

In vehicle-handling stability control research, three state variables are primarily fo-
cused on: longitudinal vehicle speed vy, yaw rate w,, and sideslip angle .

The control target for vehicle speed v, 4,5 is mainly determined by the driver’s inten-
tion. The desired value for vehicle yaw rate w, 4,5 is determined by the gain of the first
steering axle with respect to yaw rate obtained from the vehicle’s two-degrees-of-freedom
model and the maximum road adhesion force.

Applying Laplace transform to both sides of Equation (12) with initial conditions set
to zero, the transfer functions of sideslip angle  and yaw rate w, with respect to the first
axle wheel angle 4, are obtained:

B(s)
1) pE—_— (13)
ws (s —
O S cs+d
where
- 5, 5
2y Gily 2y il
g i=1 =
4= Loy mo2
= 5 5
2) il 23,3
i=1 o i=1
L I, MUy
[ —2(01 + (ko + Qakis + C5ki5)
_ e
b —2(C11h + Cakioly + Cakials + (5kisls) (14)
i L
5 5,
2L Y gi+2m Yy Gl
i—1 i—1
C =
Lmo,
505 5 ) , 3
4y G Y Gilf — (2% Gli)* +2mor X il
d= i=1 i=1 i=1 i=1
Lmv2
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From Equation (13), the steady-state gain G,ss of yaw rate with respect to the first
axle wheel angle can be obtained:
wz(s) vx/Le

= _ ——————— l
GszS 51(5) 0 1 —FU% . K ( 5)

where K is the stability factor, and L. is the equivalent wheelbase coefficient:

5 7.1,
K = - SZle gllz - (16)
AL GE G- QL Gl

5 5 5
AL LY G2 - (2% 4il)?
L, = i=1 z§l 5121 (17)
2by Ci—2ay); Gil;
i=1 i=1

a = 2(&q + Gokip + Cakg + C5ki5) (18)
b =2(811h + Calokin + Calskag + Cslskys) (19)

The vehicle’s desired yaw rate equals the product of the yaw rate steady-state gain
and the first axle wheel angle:
Wsdos = Guosss - 01 =~ 5 (20)
z,des — CGwyss " 01 — Lg(l T U% - K) 1
Additionally, the vehicle’s desired yaw rate should satisfy the constraint on vehicle
lateral acceleration imposed by the road friction coefficient:

’wz,des’ < ? (21)
x

where y is the road friction coefficient, and g is the gravitational acceleration.
Therefore, the vehicle’s desired yaw rate is

0x01

4

rg ) sgndy (22)

Wy des = min(‘ .
X

The determination of the vehicle’s ideal sideslip angle 4,5 can also adopt the calcu-
lation method of multiplying steady-state response characteristics by the steering wheel
angle. However, in engineering practice, this parameter is often set to zero, and this study
similarly sets the target sideslip angle to zero.

3. Hierarchical Controller Design

Based on the characteristics that each wheel of distributed drive vehicles can be
independently driven, braked, and steered, this paper adopts direct yaw moment and
all-wheel steering strategies, selects PID control and MPC control for controller design, and
proposes a hierarchical stability control architecture, as shown in Figure 11. The specific
descriptions are as follows:

(1) Control objective module: The two-degrees-of-freedom model calculates the current
vehicle’s ideal yaw rate based on the front-wheel steering angle input, outputs the
desired longitudinal vehicle speed according to the driver’s intention, and outputs 0
for the desired sideslip angle;

(2) In the upper-level controller, the PID speed control module calculates the longitudinal
resultant force Fy, required to track the longitudinal vehicle speed v, 4,;. The MPC
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controller calculates the required additional yaw moment AM; and wheel angles 45,
33, 64, 05 for each axle based on the input ideal yaw rate w, 4,5 and sideslip angle f,;.
The fuzzy controller dynamically adjusts the control weights of the MPC controller
based on the output wheel angles;

(3) The lower-level controller, targeting optimal tire adhesion utilization rate, distributes
the longitudinal resultant force, additional yaw moment, and axle angles transmitted
from the upper-level controller into driving and braking torques and active steering
angles for each wheel;

(4) The vehicle dynamics model receives the control quantities output from the lower-
level controller and executes them, while transmitting vehicle states such as real-time
longitudinal vehicle speed, yaw rate, sideslip angle, and wheel angles to the control
objective calculation module and upper- and lower-level controllers.

Driver 2 All-Wheel Steering
P o1 02 05|04 05 o1 011 02 031 041 dst
! Y Y O1r O Oar O O
Tt
Upper-Level Controller Lower-Level [——#| Hub Motor [—»
W:des (e | Controller Terr o 5-Axle Distributed
o | | - @_» Drive Vehicle
o MPC L AM: > Torque Tear Dynamic Model
Tlrammg Lateral Motion Control |, 02 0: 04 05 Allocation .
! ! Tear
&> ojes To !
| |
Desired Pies | : Optimal T -4
Vehicle > : AZXXX | Control T N )
i L Hub Motor
State NN-MPC | Replace ! ! Alii“;:;’“ [Hub Moor | s -
> Fuzzy Controller N W
1| Dynamic Weight Adjustment | Constraints
“““““““ ‘ Lo
Vides PID Controller Fu o Tust _Hub Motor
o Longitudinal Speed Control o
A
T Ve T v f o Fui Fa |

Figure 11. Hierarchical stability control architecture for five-axle vehicle.

Due to the large number of variables to be optimized in the MPC controller for multi-
axle distributed drive vehicles, resulting in poor real-time performance and difficulty in
meeting the fast response requirements of practical engineering applications, this paper
uses neural network methods to approximate and replace the MPC control law, significantly
improving the controller’s online computational efficiency through “replacing optimization
with learning”. First, simulations are conducted using the MPC controller under various
operating conditions, collecting data on different vehicle states and corresponding MPC
control quantities, including normal conditions and extreme scenarios with added distur-
bances to enhance the diversity and generalization capability of training samples. Based
on this, a neural network controller is constructed and supervised training is performed
with the large sample data. The trained neural network replaces the MPC controller while
ensuring control accuracy and system stability.

Regarding vehicle dynamics stability criteria and control intervention mechanism
research, existing methods generally establish stability partition models based on the
B — B phase plane method, implementing segmented control strategies based on state
identification by constructing vehicle state stability regions, critical regions, and instability
regions. However, for the dynamic characteristics of multi-axle, heavy-duty vehicles
under high-speed sharp-turning conditions, traditional partition control strategies are
prone to control hysteresis and state-jumping problems due to sudden changes in phase
plane boundary conditions. Therefore, this study adopts a full-domain continuous control
strategy, implementing real-time feedback control under all conditions, enabling the vehicle
to track desired states in real time to ensure overall system stability.
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3.1. Upper-Level Controller

Direct yaw moment and all-wheel steering strategies are adopted for vehicle lateral
motion control. Since the first axle angle is used to calculate the ideal yaw rate and
to avoid affecting the driver’s vehicle trajectory tracking capability, the first axle active
steering angle is not controlled. Therefore, the model predictive controller’s input is

T T
U= [52 03 64 05 AMZ} , and the output is the vehicle state x = [‘B wz} . Adding
the controller quantities to Equation (12), the control system state equation is obtained:

5 5
2y ¢ 2% gl )
. El ‘i i§1 bl q —20 283 24 25 63
[ B ] _ MUy mo2 [ p 4| muy  moy  moe  moy 5
W, 2% C 2% o2 W, 200l 203l3  204ly 20515 1 5
= iti ot i I, I, I, I, I, 5 (23)
AM,

L, Lo,
—2(01 + Cokip + Qakig + C5k15)

+ T 81
—2(C1h + Qakioly + Cakialy + Oskisls)
I

Rewriting it in standard state-space equation form:

x=Ax+Bu+C (24)
y = Dx
where
2C ; I
10C Lt . -2 -2C -2¢ -2C
| mo mo2 _ T | mo mo mo mo
A= . sxl 2cx5 . x= [/5 wz] B=lac, 2c 2cn, 20k 1
Lho Ll L. L L L L
I, Lvy

=2C T
C= l o ]51]/: B w.| D=adiag(1,1)
I

Using the forward Euler method to convert continuous state Equation (24) to a dis-
crete equation:

(25)

{ x(k+1) = Agx(k) + Beu(k) + Cy
y(k) = Dx(k)

where Ay = [ + T; A, By = TsB, C = TsC, T is the sampling time; x(k) is the system’s
current state; x(k + 1) is the system’s next state; and u(k) is the system’s current con-
trol quantity.

For the model predictive controller, within the prediction horizon, define u(k + i|k) as
the control quantity at time k + i predicted at time k, and x(k + i|k) as the state quantity
when the system input is u(k + i|k) at time k + i predicted at time k.

Then, at time k + 1:

x(k + 1]k) = Ax(k|k) + Bu(k|k) + C (26)
At time, k + 2:

x(k+2|k) = Ax(k+1|k) + Bu(k+1Jk) + C

27
= A%x(k|k) + ABu(k|k) + AC + Bu(k + 1]k) + C @7)
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At time k + 3:
x(k+3lk) = Ax(k+2Jk)+ Bu(k+2|k) +C
= A3x(k|k) + A2Bu(k|k) + A%C (28)
+ABu(k+1lk) + AC +u(k +2|k) + C
At time k + N:
x(k+N|k) = Ax(k+ N —1|k)+ Bu(k+N —1Jk) +C (29)
= ANx(k|k) + L)1 A'Bu(k +ilk) + )L AiC
Writing the above iterative process in matrix form:
x(k+ 1K) A c fB g g g (k[
x(k+2[k A? AC+C u(k+1[k
e x(klk) + . +| A AB B 0 e 30)
x(k + Nk) AN Y-t Aic AN'*lB AN;zB AN.*3B o é u(k+ N —1Jk)
Rewriting in compact form:
X(k) = ®x(k|k) +TU(k) +Y (31)
where
B e
x(k+1]k) A 0 0 0
x(k+2[K) A2 AB B o - 0
X(k) = , o=| |r=| A’B AB B 0
x(k + NIk) AN AN;lB AN;ZB AN;3B . B
(k) AcC C
u(k + 1]k) +
(k) = . -
: N-1
u(k+ N —1lk) Y A'C
i=0

X (k) is all state variables within the prediction interval predicted at time k; U (k) is the
control quantity sequence calculated at time k; @ and I' are both coefficient matrices; and Y

is a column vector related to the first axle angle. Here, it is assumed that the first axle angle

remains unchanged within the control horizon, all taking the first axle angle J; at time k.

The optimization objective function of the model predictive controller is defined as

1, 1N
J= 5¢ (k+ Nplk)Se(k + Nplk) +

1 [T (k +i|k)Qe(k + i|k)
2 & +ul(k+ilk)Ru(k +ilk)]

(32)

where N, are the prediction and control steps; e(k + N,l|k) is the difference between

the system’s desired state and current state at the last step in the prediction steps; and

e(k) = |X;(k) — X (k)| is the difference between the system'’s desired state and current state.

Q = diag (fh qz), R = diag (rl Ty Ttz T4 r5), and S = diag(sl sz) are the weight
matrices for state quantities, control quantities, and terminal error, respectively. To ensure

control system stability, the three weight matrices designed here are all greater than 0.
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The optimization objective function should satisfy the following constraints:
Dynamic constraints:
x(k+1) = Agx(k) + Bru(k) + Cy
(33)
y(k) = Dx(k)
Control variable constraints:
Umin(k +1) < u(k+1) < umax(k +1) i=01---,N—-1 (34)
Output constraints:
Ymin(k +1) <y(k+1i) < ymax(k +1) i=01---,N-1 (35)

To solve the MPC optimal control sequence, the performance index is converted to
standard quadratic programming form. Substituting Equation (25) into Equation (32):

J = 3(x(klk) = xa(k1K)) T Q(x(k|K) — x4(K[K))
+1(@x (k1 k) +TU(K) + Y — X4 (k) Q(Px(kk) (36)
+TU (k) +Y — X4(k)) + 3UuT(k)¥u(k)
Q -+~ 0 R --- 0
where ) = | o jand¥ = |: . 1| areboth 2N, x 2N, matrices; Z is a
0O --- S 0 --- R

scalar. The first term 3 (x(k1k) — x4 (k| k)T Q(x(k|k) — x4(k|k)) is determined by the initial
state x(k|k) and is not affected by the control quantity U(k), so it can be ignored when
performing optimization calculations:

J = JUTKITAr + %) UK + U |70z (37)

Defining F = TTQZ and H = T'TQT + V¥, the standard quadratic programming form
is obtained: .
J = UT[k]F + EuT (k| HU K] (38)

T
For the MPC controller’s state variables y(k + i) = {wz ,B} , the yaw rate w, and
sideslip angle  must satisfy the vehicle’s stability boundaries:

we] < 5 (39)
|B| < arctan(0.02 pg)

Considering actuator output constraints, each in-wheel motor of distributed drive
passenger cars can provide a maximum torque of 1000-1500 N - m. Although the research
object in this paper is a 1.7 t distributed drive five-axle vehicle, the research goal aims to
lay the foundation for future applications in heavy special vehicles with masses much
greater than passenger cars (such as 50 t class). Although the lightweight vehicle itself and
the multi-axle, multi-motor configuration can share the driving pressure to some extent,
considering the huge driving torque required for heavy vehicles to track the ideal yaw
rate under high-speed conditions, this study does not specifically limit the maximum
driving torque that in-wheel motors can provide during the strategy design phase, only
analyzing application possibilities in the simulation results. The range of additional yaw
moment AM, is taken as [—oo, +-00]. For active steering angle limits, vehicles with rear-
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wheel active steering function have steering angle ranges of 10°~15°. This paper takes
the active steering angle range for wheels on axles 2, 3, 4, and 5 as [—10°,10°]. Therefore,
the final value range of the model predictive controller’s control quantities is #max =
[10° 10° 10° 10° +oo]', thmin = [-10° —10° —10° —10° —co]'. The control

sequence value range is Umax (k) = [max - umaX}T, Umin (k) = [tmin - - - umin]T.

Representing this control problem as a standard quadratic programming problem:

min] = UT[k]F + 1UT[k|HU k]
o [ i Unex(K ] (0)

Ulk] <
[ ] Umin(k)
This problem can be solved using the quadprog function in MATLAB R2023a. Thus,

the optimal control input sequence U (k) for the prediction interval at time k is obtained,
and then the optimal control quantity u (k) at time k is obtained.

To compare the control effect of this control strategy, a model predictive controller
integrating active rear-wheel steering (vehicle 4th and 5th axle wheels) and direct yaw
moment control is designed, with its control equation as

5 5
2y 4 2Y Gl
i=1 i=1

1|1 —204 25 o4
Moy mo2 Moy MUy
3 S [wz T2k 2h 1 || %
2. ¢l 20 il I i i AM;
i=1 i=1 z Z Z 41)

I, Loy
—2(01 + Gokp + Cakia + C5ki5)

—2(C1ly + Qokiolo 4 Cakials + C5ki515)
I

The comparison controller is also implemented based on MPC control, with the

derivation process consistent with the above and omitted here.

The active steering angles of each wheel output by the model predictive controller
differ significantly, which leads to different wear degrees of wheels on each axle. Ad-
ditionally, in the lower-level control, influenced by the tire adhesion ellipse, the larger
the active steering angle, the smaller the longitudinal force component the tire can pro-
vide, thus affecting the controller’s effectiveness [14,23]. The weights of various control
quantities in the model predictive controller are not simple proportional relationships of
each axle distance, making it difficult to pre-adjust. This paper adopts fuzzy control to
dynamically adjust the model predictive controller weights, making the absolute values
of active steering angles output by each wheel similar, thereby improving the control
system’s robustness. For the control object in this paper, the state variable weight values
Q = diag((100,000), 100) and terminal error weight values S = diag(1, 1) are first de-
termined through multiple simulation experiments, along with the initial control weight
values R = diag(0.05, 0.05, 0.05, 0.05, 0.000001). Then, a fuzzy controller is designed to
adjust the first four items in weight R that determine the active steering angles of wheels
on axles 2, 3, 4, and 5.

The fuzzy controller’s input is the difference between the absolute value of the active
steering angles of wheels on axles 2, 3, 4, and 5 and the average of the sum of absolute
values of the active steering angles of all axle wheels ¢;;(i = 2,3,4,5):

5
;2|5i|
esi = |6i| — 1_4 (42)
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Based on the output results of the MPC controller without dynamic weight adjustment,
the universe of discourse for e;; is set as (—0.1, 0.1), with fuzzy subsets divided into {NB
(Negative Big), NS (Negative Small), Z (Zero), PS (Positive Small), PB (Positive Big)}.

The fuzzy controller’s output is the adjustment amount r;(i = 1,2, 3,4) for the four
active steering angle control weights of the model predictive controller. To avoid drastic
fluctuations, the adjustment amount should be set relatively small; hence, its universe of
discourse is set as (—0.025, 0.025), with fuzzy subsets divided into {NB (Big Decrease),
NS (Small Decrease), Z (Unchanged), PS (Small Increase), PB (Big Increase)}. When ¢;; is
negative, it indicates that the corresponding control weight ; is relatively large and should
be decreased to increase the output of the corresponding axle’s active steering angle and
vice versa. Inputting the above rules into MATLAB’s fuzzy control toolbox and applying
centroid method defuzzification, the obtained weight adjustment rule output is shown in
Figure 12.

0.03

0.02 /‘

0.01f P

-0.01 A
002y

-0.03
-0.1 -0.05 0 0.05 0.1

i

Figure 12. Weight adjustment rules.

A longitudinal vehicle speed PID controller is designed for speed control. The con-
troller calculates the required longitudinal resultant force Fy, for the vehicle body. F,
is composed of the force components of all wheels in the vehicle body’s x-axis direction.
Combining with the vehicle longitudinal dynamics in Equation (2) and neglecting exter-
nal disturbances:

5
m(i)x - Uywz) = Frp — Z Fyi(l,r) -sind; (43)
i=1
This yields
where
1 :
fp=- - 2 Fyi(l,,) -sind; + vyw; (45)
i=1
The PID controller’s input is defined as the error signal of the vehicle’s longitudi-
nal speed:
€vx = Uxdes — Ux (46)
The designed control law is
deyy
Faa = m(kpeor +Ki [ eondt+ kg% = f;) 47)

where k, = 21.2 is the proportional coefficient; k; = 8.3 is the integral coefficient; and
ks = 0.1 is the derivative coefficient, with their values determined through multiple
simulation experiments.
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Cos dq;

— % cosdy
+1 sin dy;

COS 04y
5 €os 04y
—14 sin 54,:

)

) |

cos J5; CoSs s,
— % cos s 5 cos ds,
—15 sin 651

3.2. Lower-Level Controller

The lower-level controller reasonably distributes the additional yaw moment AM,,
active steering angles of vehicle axles 2, 3, 4, and 5, and vehicle body longitudinal resultant
force Fy, calculated by the upper-level controller into active steering angles and driving
and braking torques for each wheel. Considering the characteristics of high-speed large
steering angle conditions, a coaxial equal angle distribution strategy is adopted, directly
mapping the axle angles output by MPC to the dual wheels on the same axle. By moderately
increasing the tire wear cost, priority is given to ensuring the vehicle’s yaw stability and
drive system energy consumption optimization. Based on this, a controller is designed
with the optimization objective of minimizing the tire load rate of all wheels, obtaining the
optimal torque for each wheel under control quantity constraints.

According to vehicle dynamics, the relationship between target control force (moment)
and tire longitudinal force is

T=B-u (48)

where T is the target control force (moment):

T
T=[Fua AM;] (49)
u is the tire longitudinal force:
T
U= [Fxl,l Fya, Foi For Fsi Far Fu) Far Fs) FxS,r} (50)
B is the coefficient matrix:
Cos 01y C0s 0y COS Oy Cos d3; COS 03y COs gy
5 cosdyy — 5 cosdy 5 cos by — 5 cosdy 5 cos b3, — 5 cosdy
~+1; sin 4y, +1; sin &y +1; sin 9y, —I3sin d3; —I3sin 43, —lgsindy (51)

—15 sin 55,

where T is a 2-dimensional vector, u is a 10-dimensional vector, and B is a 2 x 10 matrix.
The 10 vectors in u are the driving forces of each wheel of the distributed drive vehicle,
which are mutually independent. This is clearly an underdetermined system with infinitely
many solutions without other constraints.

Different tire longitudinal force distribution results will cause the in-wheel motors to
output different driving torques, and the output efficiency of in-wheel motors will affect
the vehicle’s energy utilization efficiency and system stability margin. The tire longitudinal
forces should maximize the vehicle and system’s energy utilization efficiency and stability
margin while satisfying the above constraints. This is a constrained optimization problem;
therefore, corresponding objective functions can be established based on optimal control
theory to achieve optimal distribution of wheel longitudinal forces for each axle.

The tire load rate is the ratio of the resultant force received by the tire from the ground
to the maximum resultant force obtainable under these conditions, given the known tire
vertical load and road adhesion coefficient. It is used to characterize the tire force margin
and is an indicator of vehicle stability margin. Taking the left wheel as an example, its

P2, + P2
\/ Fxil 1
xi yi (52)

U 'in,l

expression is as follows:

Pxi] =
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where F,;; is the tire vertical force. The objective function of the controller is designed with
the optimization objective of minimizing the sum of squares of tire load rates for all wheels:

[ = i (Fyzci,l +F, Fy+ P@;) (53)
S\ (uF.i)’ (HFsip)

Since F,;; and Fy; , are not control variables of the distribution layer and their values
do not affect the optimal solution, Equation (53) can be written as

5 ([ F F,

] = Z ( xi,l . + Xi,r . (54)
i=1 (,”in,l) (Vin,r)

The above optimization problem is formulated as follows:
min | — i( Fii n Fir )

; 2 2
in(l,r) i=1 (HPZI',I) (]/lei,r)
st. T=B-u

(55)

The torque that the in-wheel motor needs to provide can be obtained from the tire

longitudinal force:
Fiip Ra

F. xil,wa (56)

lg

Txi,l =
Txi,r =

where i, is the in-wheel motor output efficiency. The finally obtained torque is input to
the wheel torque input interface of the TruckSim model, directly acting on the wheels to
simulate in-wheel motor driving and brake braking.

3.3. Neural Network-Based MPC Controller Design

The computational complexity of the MPC controller in the above control algorithm is
relatively high, which affects system real-time performance to some extent, especially for the
vehicle control unit (VCU) with limited computational power. The real-time performance of
the control algorithm determines whether it can be applied to actual vehicles. To improve
the real-time performance of the MPC controller, this paper adopts a neural network
approximation method, achieving computational burden transfer through offline training
and online inference strategies.

Considering the nonlinear characteristics of vehicle lateral dynamics and the compu-
tational constraints of actual vehicle platforms, a fully connected feedforward network is
selected as the basic structure. The input layer contains four nodes: longitudinal vehicle
speed vy, sideslip angle at the center of gravity §, actual yaw rate w,, and desired yaw rate
W, des- The hidden part adopts a three-layer design with node numbers of 64, 64, and 32,
respectively. This structure was determined through systematic comparative experiments:
among 15 network configurations containing different numbers of layers (24 layers) and
nodes (16-128), the 64—64-32 structure achieved the optimal balance between control accu-
racy (MSE = 0.0053), inference efficiency (1.4 ms), and parameter scale (6568 parameters).
The activation function adopts the ReLU function f, = max(0, x), which has a concise form
and high computational efficiency, while also helping to alleviate the gradient-vanishing
problem in deep networks. The output layer includes five nodes, corresponding to the
additional yaw moment AM; and the active steering angles of axles 2 to 5: dy, 3, d4, J5.

Based on the TruckSim/Simulink co-simulation platform, tests were conducted within
the vehicle speed range of 25 to 95 km/h at 5 km/h intervals. Each speed point underwent
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15 s double-lane change maneuver simulation with a sampling frequency of 100 Hz, collect-
ing a total of 22,500 valid samples. Data was normalized using Z-score standardization:

X — Uy
Ox

Xnorm = (57)
where i, and oy are the mean and standard deviation of corresponding variables in the
training set, respectively. The training set and validation set were divided in a 9:1 ratio.

The loss function adopts a composite form, including the mean square loss of predic-
tion errors and constraint violation penalties:

1Y X X
L =55 Lllyi = illz + A} max(0, g;(9:)) (58)
i=1 [

where §j represents the control constraint function.

The Adam algorithm was selected as the optimization algorithm, with an initial learn-
ing rate set to 0.005. The learning rate scheduling strategy adopts step decay, multiplying
the learning rate by 0.1 every 20 epochs. The batch size was set to 1024, with a maxi-
mum training epoch limit of 80, combined with an early stopping mechanism to prevent
overfitting. To evaluate generalization performance during training, 10% of the data was
randomly reserved as a validation set. The loss function was evaluated on the validation
set after each training epoch, and the model with minimum validation loss was saved as
the final deployment model.

Although initial training enables the neural network to learn basic control strategies,
control performance degradation or even instability may occur when facing edge conditions
not fully covered by the training data. To address this, this paper employs a closed-loop
incremental learning mechanism as shown in Figure 13, continuously improving the
network’s generalization capability through iterative optimization.

TruckSim/Simulink Co-simulation Platform

r-————"~>"~"~"77 | . I
hicl I
| TruckSim | Vehicle State > |
| . k' | | MPC |
| Vehicle ' I Controller [
| Model vs_sf | ControlInput | v |
I

State Deviation Circuit Training
Data Training Data

[ —— | VehideState [~ 77T 77
| vehicle | 'm ! "I NN-MPC !
| Vehicle | P |
| Model vsst |, ControlInput  -ontrotier

|

Figure 13. NN-MPC controller cyclic training process.

The incremental learning process is as follows: The initial neural network controller
NN-MPC v1.0 is obtained through training with the base dataset. This controller replaces
the original MPC controller and undergoes TruckSim /Simulink co-simulation experiments.
By monitoring vehicle state variables, particularly changes in sideslip angle at the center
of gravity and yaw rate, failure scenarios where control performance does not meet re-
quirements are identified. For these failure scenarios, the original MPC controller is used
for control to obtain optimal control outputs under corresponding states. These “teacher
signals”, together with corresponding state variables, form an augmented dataset. The
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augmented data is merged with the original training data to form a more comprehensive
training sample set, and the neural network is retrained to obtain the improved version
NN-MPC v2.0. This process iterates cyclically, with each iteration improving the neural
network controller’s generalization capability until no failure conditions occur under preset
test conditions.

4. Experimental Verification

To fully validate the effectiveness of the proposed AWS/DYC coordinated control
strategy in improving vehicle driving stability and expanding stability boundaries, targeted
experimental schemes were designed based on the aforementioned experimental platform.
Considering safety concerns for real vehicle tests, double-lane change simulation tests
were conducted at 80 km/h vehicle speed with a road adhesion coefficient of 0.8 on the
Simulink/TruckSim co-simulation platform to verify the control strategy’s effectiveness
under high-speed sharp-turning conditions. Real vehicle tests of double-lane change were
conducted at 35 km/h on dry concrete road surfaces to preliminarily verify the deployment
feasibility of the control strategy on actual vehicles.

4.1. High-Speed Condition Simulation Tests

High-speed simulation test results are shown in Figures 14-20. The comparison control
strategies include no control and active rear-wheel steering control of axles 4 and 5 plus
additional yaw moment control (ARS/DYC), where the ARS/DYC strategy is implemented
based on the traditional MPC in Section 3.1; the AWS/DYC strategy is implemented based
on the NN-MPC in Section 3.3. The prediction and control horizons for both the MPC
controller in the ARS/DYC strategy and the MPC controller used for NN-MPC training in
the AWS/DYC strategy are 15 steps, with a sampling period of 0.01 s and control frequency
of 100 Hz.

4

= = =Reference
None
——ARS/DYC
——AWS/DYC

[9%)

(]

Lateral Displacement/m

0 50 100 150 200
Longitudinal Displacement/m

Figure 14. Driving trajectory comparison (High-Speed Simulation Tests).

(1) Yaw Dynamics Characteristics Analysis

From the yaw rate response characteristics shown in Figure 15, the AWS/DYC co-
ordinated control strategy demonstrates significant superiority. During the final steering
return phase, this strategy limits the yaw rate peak to within 0.122 rad /s, achieving peak
suppression effects of 41.04% and 21.62% compared to the uncontrolled baseline condi-
tion and ARS/DYC control scheme, respectively. Considering that the desired yaw rate
W, 4es for each control algorithm is determined by the steady-state gain G,,ss of front-axle
steering input to w, and road adhesion coefficient y, these results fully demonstrate that
the AWS/DYC strategy can significantly reduce the driver’s steering control burden while
improving vehicle steering response characteristics and path-tracking accuracy.
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Figure 15. Yaw rate comparison (High-Speed Simulation Tests).
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Figure 16. Sideslip angle comparison (High-Speed Simulation Tests).
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Figure 17. Phase plane comparison (High-Speed Simulation Tests).
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Figure 18. Distributed torque comparison (High-Speed Simulation Tests).
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Figure 19. Active steering angle comparison (High-Speed Simulation Test).

Slip Angles/deg
Slip Angles/deg
R,
"4

Time/s Time/s Time/s

@) (b) (©)

Figure 20. Comparison of tire slip angles under different control strategies: (a) uncontrolled;
(b) ARS/DYC control; (c) AWS/DYC control.

(2) Lateral Stability Assessment

The sideslip angle at the center of gravity, as a key indicator for evaluating vehicle
lateral stability, shows a dynamic response as seen in Figure 16. The AWS/DYC coordi-
nated control exhibits excellent sideslip angle suppression capability, controlling its peak
amplitude within an extremely small range of 0.0023 rad, with peak suppression rates of
92.31% and 90.98% compared to the baseline state and ARS/DYC scheme, respectively. This
control strategy ensures the sideslip angle consistently maintains near zero, fundamentally
enhancing the vehicle’s lateral stability margin. Combined with the trajectory tracking
results analysis shown in Figure 14, during the continuous steering process of double-lane
change conditions, both uncontrolled and ARS/DYC controlled vehicles exhibit obvious
fishtailing and sideslip instability characteristics, while AWS/DYC coordinated control
maintains good attitude control capability. The g — ,B phase plane trajectory shown in
Figure 17 further validates this conclusion, with the phase trajectory under AWS/DYC con-
trol presenting high convergence characteristics, its envelope area reduced by 99.69% and
99.45% relative to the baseline condition and ARS/DYC scheme, respectively, indicating
the system has an extremely strong stability margin.

(3) Actuator Saturation Characteristics Analysis

Figure 18 reveals the driving torque distribution characteristics under different control
strategies. AWS/DYC coordinated control limits the maximum single-wheel driving
torque demand to 66.12 N - m, 30.78% lower than the ARS/DYC strategy, and below
the in-wheel motor’s rated output capability of 70.0 N-m. This result indicates that the
AWS/DYC strategy effectively avoids actuator saturation problems while ensuring control
performance, improving the system’s engineering feasibility on distributed drive heavy-
duty vehicle platforms.

(4) Steering Angle Distribution Strategy Comparison

The steering angle distribution results shown in Figure 19 indicate that AWS/DYC
coordinated control adopts an all-wheel coordinated steering mode, with a maximum
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steering angle amplitude of 0.079 rad (4.53°), increased by 193.48% relative to traditional
Ackermann steering geometry but still maintained within reasonable range. In contrast,
the ARS/DYC strategy concentrates control action on the rear-wheel steering of axles 4
and 5, with the steering angle peak reaching the preset 10° constraint boundary (551.07%
increase from Ackermann baseline), yet the stability improvement effect does not show a
corresponding proportional relationship. Excessive steering angles not only aggravate tire
wear but may also trigger tire lateral force saturation. Therefore, the all-wheel coordinated
steering mode of AWS/DYC fully exploits the control potential of multi-axle independent
steering systems through reasonable angle distribution, achieving optimal balance between
control performance and engineering constraints. Figure 20 presents the comparison of tire
slip angles under three control strategies. Without control, the slip angles across all wheels
are uniformly distributed and low (~1.9° maximum), significantly below the linear working
region (~5°), indicating that tire lateral performance is underutilized. The ARS/DYC
control substantially increases slip angles, with the rear axle reaching 11.9°, exceeding the
linear region and entering saturation, where lateral force growth plateaus, risking stability
loss. AWS/DYC control maintains relatively uniform slip angle distribution across axles
with a maximum of 4.7°, entirely within the linear region, optimally balancing performance
utilization with lateral stability while preserving a safety margin.

(5) Real-time Performance Analysis

The simulation time comparison in Table 3 reveals significant performance improve-
ments. Under the same simulation environment (Intel Ultra 7 CPU, 32 GB RAM), the time
consumption for 10 s double-lane change condition simulation is compared as follows:
baseline time without control is 6.97 s, mainly due to TruckSim vehicle model computation;
MPC-based ARS/DYC control strategy takes 19.38 s, with the additional 12.41 s mainly
used for MPC online optimization solving; AWS/DYC control strategy using NN-MPC
takes 8.42 s, only 1.45 s more than the uncontrolled case. Compared to ARS/DYC(MPC),
simulation time is reduced by 56.55%, and after deducting the basic time consumption
of the TruckSim model, the pure control algorithm computational efficiency improves by
88.32%. Notably, AWS/DYC’s MPC control variables (one additional yaw moment plus
four active steering angles) are two more than ARS/DYC (one additional yaw moment plus
two active steering angles), with higher optimization problem complexity, but NN-MPC
still achieves significant speed improvement, fully demonstrating the advantages of the
neural network approach. This substantial improvement in computational efficiency has
important significance for actual deployment, especially under limited computational
resources of vehicle control units, where NN-MPC can reserve sufficient computational
resources for other functional modules (such as perception and planning) while ensuring
control performance.

Table 3. Simulation time comparison.

No. Control Strategy Running Time (s)
1 None 6.97
2 ARS/DYC (MPC) 19.38
3 AWS/DYC (NN-MPC) 8.42

4.2. Low-Speed Real Vehicle Tests

Low-speed real vehicle tests were conducted at a closed test site, with a selected
vehicle speed of 35 km/h on a dry concrete road surface (adhesion coefficient u ~ 0.8),
providing repeatable test conditions approaching vehicle lateral dynamics limits. The test
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condition selected the representative double-lane change handling stability test condition,
with the real vehicle test scenario shown in Figure 21.

Figure 21. Real vehicle test scenario.

Real vehicle test double-lane change condition comparison results are shown in
Figures 22-27:

None
——ARS/DYC
AWS/DYC

Lateral Displacement/m

0 50 100
Longitudinal Displacement/m

Figure 22. Driving trajectory comparison (Low-Speed Real Vehicle Tests).
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Figure 23. Yaw rate comparison (Low-Speed Real Vehicle Tests).
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Figure 24. Sideslip angle comparison (Low-Speed Real Vehicle Tests).

https://doi.org/10.3390/vehicles8020026


https://doi.org/10.3390/vehicles8020026

Vehicles 2026, 8, 26

28 of 32

Sideslip Rate/(rad/s)

-0.02 —0.01 0 0.01 0.02
Sideslip Angle/rad

Figure 25. Phase plane comparison (Low-Speed Real Vehicle Tests).
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Figure 26. Distributed torque comparison (Low-Speed Real Vehicle Tests).
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Figure 27. Active steering angle comparison (Low-Speed Real Vehicle Tests).

Figure 22 presents the trajectory comparison under no control, ARS/DYC control,
and AWS/DYC control strategies. Results indicate that vehicles under all three control
modes can accurately track the predetermined trajectory, with trajectory deviations within
an acceptable range.

(1) Yaw Dynamics Characteristics Analysis

Figure 23 provides the yaw rate comparison results. At the test speed of 35 km/h,
yaw rate peaks under AWS/DYC and ARS/DYC control strategies are slightly lower than
the uncontrolled state, but the differences are not significant. This phenomenon can be
explained from two aspects: on one hand, lower vehicle speed makes lateral dynamics
response relatively mild, with control effect differences less obvious than high-speed
conditions; on the other hand, under the same trajectory tracking and steering wheel angle
input conditions, yaw response differences at low-speed conditions are inherently smaller.

(2) Stability Control Effect Analysis

Sideslip angle at the center of gravity is a key indicator for evaluating vehicle stability.
As shown in Figure 24, the AWS/DYC control strategy significantly improves vehicle
stability: under AWS/DYC control strategy, sideslip angle consistently maintains small
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fluctuations near zero; compared to the uncontrolled state, the sideslip angle peak is re-
duced by 0.00901 rad, a decrease of 96.47%; compared to the ARS/DYC control strategy, the
sideslip angle peak is reduced by 0.00322 rad, a decrease of 66.19%, effectively suppressing
potential “understeer” and “oversteer” tendencies (although these phenomena are not
obvious at low-speed conditions). The  — B phase plane diagram shown in Figure 25
further validates the above conclusions. The phase trajectory envelope area under the
AWS/DYC control strategy is significantly reduced, almost converging near the origin at
low-speed conditions, fully demonstrating the control strategy’s enhancement effect on
vehicle stability.

(3) Actuator Output Characteristics Analysis

Figure 26 shows the torque distribution of each in-wheel motor under three control
strategies. Comparative analysis shows the following: under the uncontrolled state, each
in-wheel motor torque is basically the same and remains constant, only used to maintain
vehicle speed; under the ARS/DYC control strategy, torque peak increases by 12.38 N - m
compared to the uncontrolled state; AWS/DYC reduces torque peak by 8.64 N - m compared
to the ARS/DYC control strategy, a decrease of 33.59%. The dynamic torque distribution
reflects the proactiveness of control strategies, achieving the tracking of ideal yaw rate and
suppression of sideslip angle through differential torque.

(4) Active Steering Control Analysis

Figure 27 compares the steering angle changes of each axle wheel. Results show the
following: under the uncontrolled state, each axle steering angle follows the traditional
Ackermann steering geometry relationship; under the ARS/DYC control strategy, the active
steering angle peak increases by 0.065 rad compared to the uncontrolled state; AWS/DYC
reduces the active steering angle peak by 0.048 rad compared to the ARS/DYC control
strategy, a decrease of 44.91%.

The larger camber angle change of inner wheels shown in Figure 21 results from
suspension geometry changes caused by vehicle body roll during turning, which is a sus-
pension kinematics characteristic. Not considering this factor in modeling is mainly based
on two points: first, the tire camber angle change amplitude of actual multi-axle special
vehicles is much smaller than the test prototype vehicle; second, the vehicle dynamics
model established in this paper focuses on longitudinal, lateral, and yaw three-degrees-
of-freedom dynamics characteristics, which sufficiently characterize the main features of
vehicle-handling stability. The impact of this suspension kinematics phenomenon on lateral
stability control strategy validation can be neglected.

Comprehensive high-speed simulation and low-speed real vehicle test results indicate
that the proposed AWS/DYC coordinated control strategy exhibits significant advantages:
high-speed simulation tests verified the strategy’s excellent stability control performance
under extreme conditions, improving the vehicle stability margin to near-ideal levels in
high-adhesion road emergency obstacle avoidance conditions, effectively suppressing
sideslip instability risks; low-speed real vehicle tests preliminarily verified the control algo-
rithm’s engineering deployability and real-time performance. Compared to the ARS/DYC
strategy constrained by traditional Ackermann steering geometry, AWS/DYC achieves bet-
ter stability control effects while reducing actuator demands through all-wheel coordinated
dynamic optimal distribution, fully demonstrating the architecture’s theoretical advantages
and engineering application potential. It should be noted that limited by safety factors,
current real vehicle tests were only conducted under low-speed stable conditions, unable to
fully verify the control strategy’s extreme performance. Subsequent research will gradually
increase test speeds and expand to more complex road conditions to comprehensively
evaluate the control system’s robustness.
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5. Conclusions

This paper conducts research on vehicle control algorithms for a distributed drive
five-axle test platform, aiming to maintain vehicle-handling stability while reducing in-
wheel motor output torque. First, a TruckSim vehicle model was established based on
vehicle parameters, and its accuracy was verified through real vehicle tests. Then, a
three-degrees-of-freedom dynamic model including vehicle longitudinal, lateral, and yaw
dynamics was established. Considering the operating characteristics of multi-axle vehicles,
an LPV tire model was used to improve the calculation accuracy of tire lateral forces. For
stability control, based on direct yaw moment control, all-wheel steering control, and an
MPC algorithm, a hierarchical stability control architecture for multi-axle vehicles was
proposed, integrating multi-variable coordinated control with decoupled drive, brake, and
steering control. The upper-layer MPC controller determines the additional yaw moment
and wheel active steering angles required to maintain an ideal yaw rate and sideslip
angle at the center of gravity, while a fuzzy controller dynamically adjusts MPC control
weights, and a PID controller calculates the longitudinal force required for tracking target
vehicle speed. The lower-layer controller allocates control variables with the objective
of minimizing tire load rate. To facilitate deployment on a vehicle control unit (VCU),
a neural network approach was introduced, training neural network controllers using
input-output data from model predictive controllers to improve the real-time performance
of control algorithms. Finally, high-speed simulation tests and low-speed real vehicle
tests were conducted, respectively. Results show that compared to the no-control strategy
and active rear-wheel steering plus direct yaw moment control strategy, the proposed
control strategy significantly improves vehicle-handling stability while reducing in-wheel
motor output torque, with more flexible active steering strategy and better controller real-
time performance. This research fully leverages the advantages of the distributed drive
configuration and has important significance for its application in multi-axle vehicles and
improving multi-axle vehicle safety.

However, the current research also has certain limitations. First, the current LPV tire
model parameters are based on offline identification, without considering the effects of tire
wear, temperature variations, and other factors on the model parameters. Second, although
the neural network controller adopts incremental learning, it mainly relies on simulation
data with limited adaptability to parameter perturbations and unmodeled dynamics in
actual operation, facing challenges of high training costs and insufficient generalization
capability. Finally, while distributed drive systems have inherent redundancy, this paper
has not deeply studied fault-tolerant control strategies under single or multiple in-wheel
motor and steering actuator failures, which is crucial for improving system reliability.
Future research should focus on the following aspects: first, exploring the construction of
adaptive control strategies, consider introducing online parameter identification methods
based on recursive least squares or Kalman filtering to achieve real-time updating of LPV
tire model parameters; second, attempting to introduce methods such as reinforcement
learning, enabling controllers to continuously optimize strategies through continuous
interaction with the environment, enhancing adaptability to unexpected conditions; and
finally, attempting to construct an active fault-tolerant control framework, establishing
diagnosis and localization mechanisms for actuator failures and studying how to achieve
effective fault-tolerant control through control allocation reconfiguration, thereby ensuring
that basic vehicle stability can be maintained even when partial actuators fail.
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