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Abstract

To resolve the inherent coupling conflict between trajectory tracking and lateral stability
in distributed electric drive buses, this paper proposes a hierarchical cooperative control
framework. A simplified two-degree-of-freedom (2-DOF) vehicle model is first estab-
lished, and kinematically derived reference states for stable motion are computed. At
the upper level, a model predictive controller (MPC) generates real-time steering com-
mands while explicitly minimizing lateral tracking error. At the lower level, a proportional
integral derivative (PID)-based roll moment controller and a linear quadratic regulator
(LQR)-based direct yaw moment controller are designed, with four-wheel torque distri-
bution achieved via quadratic programming subject to friction circle and vertical load
constraints. Co-simulation results using TruckSim and MATLAB/Simulink demonstrate
that, during high-speed single-lane-change maneuvers, peak lateral error is reduced by
11.59–18.09%, and root-mean-square (RMS) error by 8.67–14.77%. Under medium-speed
double-lane-change conditions, corresponding reductions of 3.85–12.16% and 4.48–11.33%
are achieved, respectively. These results fully validate the effectiveness of the proposed
strategy. Compared with the existing MPC–direct yaw moment control (DYC) decoupled
control framework, the coordinated control strategy proposed in this paper achieves the
optimal trade-off between trajectory tracking and lateral stability while maintaining the
quadratic programming solution delay below 0.5 milliseconds.

Keywords: distributed electric-drive bus; trajectory tracking; lateral stability; model
predictive control (MPC); linear quadratic regulator (LQR); proportional integral derivative
(PID); torque distribution; quadratic programming (QP)

1. Introduction
Driven by the accelerating electrification, intelligence, and connectivity of road trans-

port, electric buses accounted for 47% of new urban bus sales in 2023 (International Energy
Agency, 2024), necessitating advanced control strategies for safety-critical maneuvers. Com-
pared with the traditional centralized power configuration, distributed electric drive buses
can independently arrange high-power-density motors at four-wheel hubs or wheel edges
to achieve torque vectoring and energy recovery, and are regarded as the core technical path
for the next generation of green buses. Yet the attendant surge in control dimensionality
exacerbates the inherent conflict between tracking precision and lateral stability. High-floor
buses with a low center of gravity, extended wheelbase, and high passenger payload exhibit
pronounced nonlinear dynamics and large inertias, while the millisecond-scale transients
and the time-varying adhesion envelope of the tires can readily precipitate path deviation,
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wheel slip, or even rollover. Consequently, achieving coordinated tracking stability control
under extreme scenarios—wet surfaces, sharp curves, obstacle avoidance, and emergency
lane changes—has become the decisive bottleneck to the large-scale deployment and safe
operation of distributed electric drive buses.

A large number of scholars have conducted extensive research in the fields of trajectory
tracking and lateral stability control. Reference [1] proposed a linear quadratic regula-
tor (LQR) path-tracking control strategy that integrates preview proportional–integral–
derivative (PID) compensation and fuzzy weight adjustment. By adjusting the weights
online based on vehicle speed, it aims to balance tracking accuracy and stability under
different operating conditions. However, this method relies on a two-degree-of-freedom
(2-DOF) vehicle model and does not consider the nonlinearity of tires and load transfer. It
is prone to mismatch in extreme conditions; the fuzzy rules are subjective, the adjustable
range of weights is narrow, and there is a lack of robust verification for parameter perturba-
tions, execution delays, and sensor noise. Moreover, the comparison benchmark is single,
resulting in insufficient adaptability and reliability. Reference [2] developed a “top-level–
upper-level–lower-level” non-singular fast terminal sliding mode control (NFTSMC) for
lateral force–moment control: the upper level makes rapid decisions based on a 2-DOF
model, and the lower level allocates the four-wheel force moments using weighted least
squares. The simulation results significantly reduced the error of the center’s side-slip
angle. However, it still relies on a linear model, and it is prone to mismatch under extreme
conditions. The sliding-mode boundary layer and weight coefficients need to be manually
calibrated, and it is difficult to balance dither and robustness. The allocation layer only
considers longitudinal forces and ignores the dynamics of the electric motor, lacking a
lateral comparison with algorithms such as model predictive control (MPC) and showing
insufficient verification in harsh scenarios, with engineering adaptability yet to be verified.
Reference [3] adopts a 25-segment segmented affine lateral steering model and combines
bifurcation criteria to switch between extreme operating conditions. The upper layer syn-
chronously optimizes the steering angle and the four-wheel braking force through mixed
integer linear programming, while the lower layer uses a linear MPC to track the slip rate.
The processor-in-loop test shows a significant reduction in path error. However, the seg-
mented fitting ignores the longitudinal–lateral coupling and load transfer, the tube convex
hull is overly conservative, and the processor-in-loop time is not clearly defined. The fixed
slope model at the lower layer fails in the combined slip condition, and the bifurcation
threshold and weights are completely dependent on offline tuning and cannot adapt to
adhesion mutations or mass changes online. The engineering robustness is still insufficient.
Reference [4] identified the intention of cornering by using the steering wheel angle and its
rate of change, and online-adjusted the stability factor to obtain the lateral displacement
expectation; the upper-level model predicts the control by adding moments, and the lower-
level quadratic programming divides the vertical load into forces for each wheel, with
double-line simulation showing that the peak drop of the steering wheel is 25%, and the
lateral displacement tracking is better than the 2-DOF model. However, the stability factor
and weights are offline-calibrated and cannot adapt to vehicle speed or sudden changes in
adhesion. The quadratic programming only divides the longitudinal force, ignoring the
longitudinal-side coupling and lag; compared with only the linear 2-DOF model, it has not
been compared with mainstream algorithms, and the limit robustness needs to be verified.
Reference [5] proposed a four-wheel steering and dynamic roll moment hierarchical inte-
grated control scheme: the upper layer fuzzy rules output the rear wheel steering angle
and roll moment, while the lower layer performs quadratic programming to distribute
the four-wheel torques. The simulation results show that the roll tracking performance
is superior to that of independent control; however, all parameters are offline-calibrated,
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there is no longitudinal–lateral coupling, and there is no comparison with mainstream
algorithms. Reference [6] proposed a longitudinal–lateral force hierarchical coordinated
control for the front-wheel differential steering distributed electric vehicle: The upper layer
outputs the required longitudinal and lateral forces and torques through a sliding mode,
while the lower layer aims to minimize the tire load rate and distributes the longitudinal
and lateral forces of all four wheels within the eight-sided adhesion linear constraint using
quadratic programming (QP). The high-speed dual-steering line simulation shows that
the maximum errors of the center of mass side-slip angle and yaw rate from the reference
values are reduced to 0.0002 rad and 0.01 rad/s, respectively. However, the sliding mode
surface coefficient and boundary layer require offline calibration, lacking adaptability to
the road adhesion coefficient and vehicle speed; QP uses a fixed eight-sided approximation
of the adhesion ellipse, with a conservative limit zone and without considering execution
lag; the reference model is a linear 2-DOF model, not covering load transfer and tire non-
linearity, and the robustness verification of the real vehicle is insufficient. Reference [7]
focused on the scenario of high-speed overtaking. It planned a three-stage trajectory of
lane change–constant speed–lane change, and calculated the expected yaw rate based on
the path curvature and vehicle speed in real time. The upper layer adopts a multi-objective
MPC with an extension set for online allocation of trajectory accuracy and lateral stabil-
ity weights. The lower layer solves the incremental steering angle of the front wheels.
The simulation shows that the lateral position error decreases by 38% and the yaw error
drops by 25%. However, the algorithm relies on a linear 2-DOF prediction model and
does not consider the nonlinearity of tires, longitudinal-side coupling, and execution lag;
the extension weights are determined only by the empirical boundary of the eigenvector
plane, lacking adaptability to disturbances such as sudden changes in the road adhesion
coefficient or crosswind. The QP only outputs the steering angle of a single wheel and
does not coordinate with the braking torque, and the robustness verification under extreme
conditions is insufficient.

The above research results generally rely on linear 2-DOF models, offline calibration
of weights/slide surface coefficients, ignoring the nonlinearity of the tires, load transfer,
and execution lag and are prone to mismatching under sudden adhesion changes or
parameter perturbations, only allocating longitudinal forces, lacking longitudinal-side
coupling, and not being compared with mainstream algorithms in the transverse direction,
etc. [8]. This paper takes the distributed electric drive bus as the research object and
proposes a hierarchical collaborative control architecture, achieving an online solution
under the condition of multiple actuators’ limits [9]. The upper layer uses an MPC to
design the trajectory tracking strategy and establishes a vehicle trajectory-tracking lateral
error model, generating a reference trajectory that takes into account lateral stability in
real time; the lower layer makes decisions on the roll moment based on a PID controller,
and simultaneously makes decisions on the yaw moment based on an LQR controller [10].
In addition, the friction circle constraint and the quadratic programming of vertical load
achieve the allocation of four-wheel torque vectors, mapping the yaw moment demand into
the torque vectors of the four-wheel motors. Through dynamic coordination, the real-time
optimal trade-off between trajectory error and stability indicators is achieved [11]. The
control process is shown in Figure 1.
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Figure 1. Control process diagram of distributed electric drive bus.

2. Modeling of Distributed Electric Drive Bus
2.1. Vehicle Dynamic Model

To develop the trajectory-tracking and lateral stability controller for the distributed
electric drive bus, a reduced-order dynamic model was established under the following
simplifications [12]:

(1) Operation is confined to the linear tire regime; longitudinal–lateral tire force coupling
is neglected;

(2) The road is assumed flat, and all vertical dynamics are disregarded;
(3) To reduce model complexity, tire rolling resistance and aerodynamic drag are assumed

negligible at low-to-moderate speeds.

Following these simplifications, the distributed electric drive bus is represented by the
2-DOF planar model illustrated in Figure 2.

 

Figure 2. Two-degree-of-freedom model.

Based on the foregoing model, the governing dynamic equations for the distributed
electric drive bus—expressed in the vehicle-fixed x (longitudinal), y (lateral), and z (yaw)
axes—are as follows: 

m(ax − vω) = 2
(

Fqx cos λ + Fhx − Fqy sin λ
)

m
(
ay − uω

)
= 2

(
Fqx sin λ + Fqy cos λ + Fhy

)
Iz

..
φ = 2

[(
Fqy cos λ + Fqx sin λ

)
·lq − Fhy·lh

]
.

Y = u sin φ + v cos φ
.

X = u cos φ − v sin φ

(1)

where m represents the total vehicle mass; Iz is the rotational inertia of the vehicle around
the z-axis; λ is the rotation angle of the front wheels; φ is the yaw angle of the vehicle; lq
and lh are the distances from the center of gravity to the front and rear axles, respectively;
Fqx and Fhx are the longitudinal forces exerted by the front and rear tires, respectively; and
Fqy and Fhy are the lateral forces exerted by the front and rear tires, respectively [13].
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Provided that tires operate within their linear regime, the force–slip relationship is
linearized as 

Fqx = Lqxsq

Fhx = Lhxsh

Fqy = Mqyαq = Mqy

(
λ − v+lqω

u

)
Fhy = Mhyαh = Mhy

lhω−v
u

(2)

where Lqx and Lhx represent the longitudinal stiffness of the front and rear wheels of
the vehicle; sq and sh represent the slip rates of the front and rear wheels; Mqy and Mhy

represent the lateral stiffness of the front and rear wheels of the vehicle; and αq and αh

represent the lateral deflection angles of the front and rear wheels of the vehicle [14].
Under the small-front-wheel-angle assumption, substituting Equation (2) into Equation (1)

yields the reduced-order vehicle dynamics model:

m
(
ay + uω

)
= 2

[
Mqy

(
λ − v+lqω

u

)
+ Mhy

lhω−v
u

]
m(ax − vω) = 2

[
Lqxsq + Mqy

(
λ − v+lqω

u

)
λ + Lhxsh

]
Iz

..
φ = 2

[
lq Mqy

(
λ − v+lqω

u

)
− lh Mhy

lhω−v
u

]
.

Y = u sin φ + v cos φ
.

X = u cos φ − v sin φ

(3)

The state variables are selected as x = [v, u, φ, ω, Y, X]T , and the control variable as
r = λ [15].

The above equations can be expressed in the form of state-space equations as follows:

.
x(t) = f (x(t), r(t)) (4)

2.2. Vehicle Lateral Stability Model

To achieve synchronous trajectory tracking and lateral stability, the controller needs to
use a real-time quantifiable stability indicator as the reference benchmark. The yaw rate
and the camber angle of the center of gravity can directly represent the lateral stability
state of the vehicle. Therefore, a corresponding stability model must be established to
analytically derive the reference values of these two parameters, providing a clear target
for the stability controller [16].

When the additional yaw moment is involved, the 2-DOF lateral dynamics model of
the vehicle is as follows: [ .

β
..
φ

]
= A

[
β
.
φ

]
+ B∆L + Nλ (5)

where A =

 Mqy+Mhy
mu

lq Mqy−lh Mhy
mu2 − 1

lq Mqy−lr Mhy
Iz

l2
h Mqy+l2

h Mhy
Izu

, B =

[
0
1
Iz

]
, D =

[
−Mqy

mu − l f Mqy
Iz

]T
, and

∆L represents the additional yawing moment. Symbols follow the same notation as in
Equation (1) unless otherwise specified [17].

The steady-state lateral angular velocity of the distributed electric drive bus is
as follows:

ωc =
u

D(1 + Ku2)
λ (6)

Furthermore, When the tires reach the adhesion limit, they will enter the nonlinear
region, causing the vehicle to lose stability. The limit value of the yaw rate is related to the
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adhesion coefficient, gravitational acceleration, and vehicle speed. Therefore, the reference
yaw rate is constrained by the road adhesion limit as follows:

−0.85µg
u

≤ ω ≤ 0.85µg
u

(7)

where µ represents the road adhesion coefficient, and g represents the gravitational
acceleration [18].

Then the final reference yaw rate is

ωd = min
{
|ωc|,

∣∣∣∣0.85µg
u

∣∣∣∣}sgn(ωc) (8)

Based on the stability criterion, the control objective is to ensure that the center of mass
deflection angle remains zero throughout the entire process:

βid → 0 (9)

Taking into account the road adhesion limit and structural safety, the lateral off-
set angle of the center of gravity of the distributed electric drive bus should meet the
following requirements:

−arctan(0.02µg) ≤ β ≤ arctan(0.02µg) (10)

Then the final reference centroid deflection angle is as follows:

βd = min{|βc|, |arctan(0.02µg)|}sgn(βc) (11)

2.3. Hub Motor Model

The hub motor eliminates the need for power transmission devices such as a gearbox,
enabling it to directly transfer the output torque to the wheels [19]. The accuracy of the
motor model directly affects the output of the wheel torque [20]. Since the motor itself is
not the main focus of this study, this paper selects a permanent magnet synchronous motor
as the drive motor for the distributed electric drive vehicle and uses the parameters of an
existing motor for simulation. The basic parameters of the motor are shown in Table 1.

Table 1. Basic parameters of the motor.

Parameter Value

Peak torque/(N·m) 1500
Maximum speed/(r·min−1) 3200

Peak power/kW 240
Reducer reduction ratio 8

The hub motor dynamics are approximated by a second-order transfer function:

G(r) =
1

2τ2r2 + 2τr + 1
(12)

where τ represents the motor characteristic parameters, and r represents the Laplacian
operator [21].

3. Design of Trajectory Tracking Controller Based on MPC
Since the model predictive controller designed by Equation (4) has strong nonlinear

characteristics, the nonlinear formulation results in high computational burden, challenging
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real-time implementation, which is not conducive to the rapid response of the controller [22].
Therefore, it is necessary to linearize the state-scalculationnd adopt a linear time-varying
model predictive controller to improve the calculation efficiency and real-time performance.

Linearization proceeds as follows:{ .
x = A(t)x(t) + B(t)r(t)

y = Cx(t)
(13)

where A(t) = ∂ f
∂x

∣∣∣
x(t),r(t)

represents the state matrix, indicating the partial derivatives of

the system state with respect to the state variables; B(t) = ∂ f
∂r

∣∣∣
x(t),r(t)

is the control matrix,

representing the partial derivatives of the system state with respect to the control input;

and C =
[

φ Y
]T

is the output matrix, used to extract the output variables of the system.
The continuous-time state-space equation of the form (13) is linearized and then discretized:{

x(n + 1) = Anx(n) + Bn∆u(n) + Nn(n)
y(n) = Cx(n)

(14)

where An = I + SA(t) represents the discretized state matrix; Bn = SB(t) represents the
discretized control matrix; and S represents the sampling time, which indicates the time
interval for discretization.

In order to avoid the situation where there is no feasible solution during the solution
process, the control increment ∆u(n) is introduced instead of the control quantity u(n):

γ(n) =

[
x(n)

u(n − 1)

]
(15)

Thus, the state equation of the prediction model becomesγ(n + 1) =
∼
Anγ(n) +

∼
Bn∆u(n) +

∼
Nn(n)

∼
y(n) =

∼
Ckγ(n)

(16)

where
∼
An =

[
An Bn

01×6 I

]
;
∼
Bn =

[
Bn

I

]
;
∼
Cn =

[
Cn

0

]
;
∼
Nn =

[
Nn

I

]
; ∆u(n) = u(n)− u(n − 1).

The prediction output equation of the system is as follows:

Y(n) = Ω(n)γ(n) + Σ(n)∆U(n) + ΠΨ(n) (17)

This equation is used to predict the output of the system at future times, facilitating
the optimization of control inputs.

The control objective of the layered MPC is to enable the controlled intelligent vehicle
to track the reference optimal value with the smallest possible deviation as quickly and
smoothly as possible. Weight matrices penalize lateral deviation, yaw rate error, and control
effort and relax hard constraints:

Pmin(γ(n), u(n − 1), ∆U(n))

=
Nq

∑
n=1

∣∣y(n + i|n)− yq(k + i|n)
∣∣2
W +

Np−1

∑
n=0

|∆u(n + i|n)|2V

+
Np−1

∑
n=0

|u(n + i|n)|2T + σξ2

(18)
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where Nq represents the prediction time domain; Np represents the control time domain; yq

represents the reference output quantity; W and V represents the weight matrix; T and σ

represents the weight coefficient; and ξ represents the relaxation factor added to prevent
the solution from failing.

The above control objectives and constraints were transformed into a quadratic pro-
gramming problem for the solution:

Pmin

(∼
γ(n), u(n − 1), ∆U(n), ξ

)
= 1

2 ∆UTG∆U + kT∆U

= 1
2

[
∆U(n)

ξ

]T

Gn

[
∆U(n)

ξ

]
+ Qn

[
∆U(n)

ξ

]
(19)


Pmin

(∼
γ(k), u(n − 1), ∆U(n), ξ

)
= 1

2 ∆QTG∆U + kT∆U

s.t.

{
Au(n) ≤ b

umin ≤ u(n) ≤ umax

(20)

where G represents the optimized real symmetric matrix; k is the linear term vector; A and
b are the coefficient matrix and column vector of the inequality constraints; and umin and
umax represent the lower and upper limits of the control variables. The weight matrices Q
and R are tuned via a grid-search method to minimize the integral of squared lateral error
(ISE) under ISO 3888-2 maneuvers [23].

4. Design of the Lateral Stability Controller
This paper mainly studies the coordinated control of trajectory tracking and lateral

stability for distributed electric drive buses. It is necessary to analyze the vehicle’s roll,
pitch, and yaw motion characteristics. Among them, the lateral stability control of the
vehicle is mainly reflected in the roll and yaw aspects. To achieve the stability control of
distributed electric drive buses, corresponding additional yaw moments and active steering
angles should be determined based on the real-time state of the vehicle.

4.1. Design of the Active Roll Control System
4.1.1. Expected Roll Angle

Current research on active anti-roll control technology for vehicles has mainly focused
on two-wheel vehicles. In general, drivers will choose to increase the roll angle to utilize
the component force of the vehicle and their own gravity to balance the centrifugal force
exerted on the vehicle body during high-speed steering. However, for four-wheel vehicles,
the structure is complex, and the actuators will limit the roll angle of the vehicle body.
Therefore, a three-degree-of-freedom roll dynamics model for distributed electric drive
buses needs to be established, as shown in Figure 3.

The lateral roll dynamic equation of the sprung mass can be expressed as follows:

Ix
.

ωx = mvayhv + mvghvϕ − Kdϕ − Cnωx (21)

where Kd represents the equivalent lateral stiffness of the suspension; Cn represents the
equivalent lateral damping coefficient; and mv represents the sprung mass.

Based on the vehicle roll motion equation, the body roll moment is generated by the
body centrifugal force and the body center of gravity offset, denoted as Gl and Gz. The
calculation equation of the body roll moment can be expressed as{

Gl = mvayhv

Gz = mvghvϕ
(22)
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where Gl represents the side-torsion moment caused by the centrifugal force of the vehicle
body; and Gz represents the side-torsion moment caused by the deviation of the vehicle
body’s center of gravity.

Figure 3. A three-degree-of-freedom vehicle model considering roll motion.

If the vehicle body is tilted inward towards the curve by the active suspension, the
vehicle’s center of mass will deviate from the side-slip center, thereby generating an ad-
ditional moment Gl that is opposite to the side-slip moment Gz caused by centrifugal
force. This additional moment can effectively reduce the total side-slip moment of the
vehicle, thereby improving the vehicle’s side-slip condition and achieving the vehicle’s
anti-side-slip function.

Suppose that during the vehicle’s turning process, the vehicle body is only subjected
to centripetal force, and the side-slip angle is small. At this time, if the resultant force in the
y-direction is zero, then the expected side-slip angle equation for the two-wheeled vehicle
can be expressed as

ϕm = −ωu
g

(23)

When applied to four-wheel vehicles, the turning radius is expressed in terms of
vehicle speed and wheel angle, while taking into account the limitations of the vehicle’s
actuators. The expected roll angle of the vehicle is usually within the range of −10◦ to
−10◦. Therefore, the following equation can be obtained:

ϕm =


−sgn ϑ min

 |ϑ|
ςm− |ϑ|

k+ 1
u2

10

 u > 2m
s

0 u ≤ 2m
s

(24)

where k represents the stability factor, denotes the under-steer gradient [rad/(m·s−2)];
and ςm is the expected body roll angle coefficient, which is related to the suspension
structure limitations.
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The center of gravity of the distributed electric drive bus is located at a higher position,
with a large mass and volume, and the wheel spacing is relatively narrow compared to the
vehicle height. Therefore, it has a lower rollover stability. During the trajectory-tracking
process, when the vehicle performs roll and lateral movements, the vertical load is prone to
undergo lateral transfer, which leads to rollover accidents. The lateral load transfer rate
can precisely describe the vehicle’s roll state. In order to predict the vehicle’s rollover state
and adjust the vehicle’s body posture in advance through vertical control to achieve stable
driving, this paper takes the lateral load transfer rate as the judgment index for the rollover
state of the distributed electric drive bus and predicts the numerical value of the lateral
load transfer rate through the vehicle’s dynamic state.

The equation for the lateral load transfer rate is as follows:

LTR =
HZ − HY
HY + HZ

=
HY − HZ

mg
=

mvayhv + Ix
..
ϕ − mvghvϕ

mvgd
(25)

where HZ and HY represent the vertical loads of the left and right tires of the vehicle,
respectively, and LTR represents the lateral-load transfer rate.

4.1.2. Design of the Lateral Tilting Moment Controller

An active roll controller for vehicles is designed based on PID. When the vehicle
enters a curve, a gyroscope measures the vehicle’s roll angle in real time and compares
it with the preset target roll angle to generate an error signal, and the PID controller
computes the required roll moment, which is then applied via the suspension actuator to
the sprung mass and unsprung mass through the suspension actuator. By continuously
adjusting the suspension moment, the centrifugal moment and the active roll moment
are dynamically balanced, thereby significantly improving the roll stability of the vehicle
during the turning process.

The performance of the controller is usually evaluated by response speed, steady-state
error, and peak response. The PID gains are tuned using the Ziegler–Nichols method, fol-
lowed by fine-tuning via MATLAB/Simulink’s PID tuner toolbox: first, a sufficiently large
proportional coefficient Kp is taken to enable the system to quickly approach the target; then,
the integral coefficient Ki is added to eliminate residual errors and suppress low-frequency
oscillations; and finally, the differential coefficient Kd is supplemented to weaken overshoot
and high-frequency jitter, further enhancing stability. As shown in Figure 4, the active roll
control system takes vehicle speed u and front-wheel angle λ as inputs, and the actual roll
angle ϕ as the output: the lateral sway angle velocity and lateral displacement output by
the 2-DOF steering model drive the three-degree-of-freedom roll model, obtaining ϕ; the
deviation of ϕ from the desired roll angle ϕm is sent to the PID controller, and the controller
generates the active roll moment Mc according to Equation (26) and feeds it back to the
three-degree-of-freedom roll model to achieve closed-loop regulation.

Figure 4. Active roll control system block diagram.
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Mc = Kpe(s) + Ki

∫ s

0
e(s)ds + Kd

de(s)
ds

(26)

where e(s) represents the difference between the actual roll angle and the desired roll angle.

4.2. Design of the Lateral Moment Controller
4.2.1. Additional Yaw Moment Decision

Under extreme operating conditions, distributed electric drive buses are highly prone
to lateral skidding and instability, causing the center of gravity’s lateral deflection angle and
yaw angular velocity to deviate from the ideal trajectory. Therefore, an anti-yaw moment
controller based on LQR is designed to calculate the additional anti-yaw moment that
needs to be applied to rapidly restore the two key state variables to their ideal values and
ensure the stable operation of the vehicle. The objective function is designed as follows:

P =
1
2

∫ ∞

0

[
xT(s)Wx(s) + uTVu(s)

]
ds (27)

where x =

[
∆β

∆ωr

]
; u = ∆H; and W and V are weight matrices.

The core of LQR controller design lies in determining the optimal control quantity,
which must satisfy the following relationship:

u = −Kx(s) (28)

where u represents the optimal control quantity; and K is the corresponding optimal state
feedback gain matrix.

The calculation method of K is as follows:

K = V−1BTQ (29)

Matrix P is obtained by solving the algebraic Riccati equation:

QA + ATQ − PBV−1BTQ + J = 0 (30)

4.2.2. Drive Force Distribution Strategy

The additional yaw moment and the total driving moment of the distributed electric
drive bus need to be achieved through the driving force or braking force at the wheel ends.
Therefore, a wheel-end driving force distribution strategy needs to be formulated to ensure
that the additional yaw moment and the total driving moment can be well realized. This
paper adopts an optimization allocation strategy based on vertical load. Under any driving
conditions, it first evaluates the transfer of front and rear axle loads according to the friction
ellipse constraint and then couples the total longitudinal force with the additional yaw
moment and distributes them to each hub motor according to the real-time axle load ratio.
Thus, within the limit of not exceeding the tire adhesion limit, the upper-level control
instructions can be accurately executed, and the vehicle stability can be maintained. Future
work will benchmark the proposed QP against first-order methods (e.g., ADMM) to achieve
sub-5 ms solver latency for real-time deployment.

The equations for the vertical loads on the front and rear axles are as follows:Fqz =
m(glq−axh)

D

Fhz =
m(glq+axh)

D

(31)
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where µ represents the road adhesion coefficient; ax represents the longitudinal acceler-
ation of the vehicle; and Fqz and Fhz represent the vertical loads on the front and rear
axles, respectively.

The attachment of both the front and rear axles must simultaneously meet the
following requirements: {

Fqx ≤ µFz f

Fhx ≤ µFzr
(32)

When the hub motor outputs an additional yaw moment, the relationship between
the longitudinal forces of the four wheels and the moment is as follows:

Fqx
Fqz

= Fhx
Fhz

T = Tzq + Tyq + Tzh + Tyh

Ft =
T
V

∆H =
(Tyq−Tzq)d

2 +
(Tyh−Tzh)d

2


(33)

where d represents the wheel spacing.
By combining Equations (32) and (33), the equations for the required driving torques

of each hub motor can be obtained as follows:

Tzq = glh−axh
gD

(
Ft
2 − ∆M

d

)
b

Tyq = glh−axh
gD

(
Ft
2 + ∆H

d

)
b

Tyh =
glq+axh

gD

(
Ft
2 − ∆H

d

)
b

Tzh =
glq+axh

gD

(
Ft
2 + ∆H

d

)
b

(34)

where r represents the effective rolling radius of the tire.
Furthermore, the maximum friction force of the road surface and the limitations of the

hub motor itself are as follows: {
Tmn ≤ µRFzmn

Tmin ≤ Tmn ≤ Tmax

}
(35)

where Tmn represents the actual output torque of the hub motor; Fzmn is the vertical load of
the corresponding wheel; and Tmax is the peak torque of the hub motor.

5. Simulation Analysis
A joint simulation platform was established based on Trucksim and Matlab/Simulink

to verify the effectiveness of the coordinated control of trajectory tracking and lateral
stability. Some vehicle parameters used in the simulation are shown in Table 2. The total
mass of this bus is 10,700 kg, and its yaw moment of inertia is 30,782 kg·m2. This value
is basically consistent with the converted values in references [24,25] and the verification
model of TtuckSim, and it meets the scaling law of similar vehicle models.

Table 2. Vehicle parameters.

Arguments Numerical Value

Total vehicle weight/kg 7690
Height of center of mass/m 1.2

Front gauge/m 2.03
Rear Track/m 1.863
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Table 2. Cont.

Arguments Numerical Value

Distance from the center of mass to the front axle/m 3.105
Distance from the center of mass to the rear axle/m 1.385

Total load/kg 3000
Moment of inertia about the z-axis/(kg·m2) 30,782.4

5.1. High-Speed Single-Mode Line Simulation Analysis

When a distributed electric drive bus cruising at 100 km·h−1 on a high-friction
(µ = 0.85) concrete or asphalt highway detects an obstacle, it must execute an emergency
avoidance maneuver or rapid lane change. To reproduce this scenario, a 10 s high-speed
single-lane-change simulation is performed.

Figure 5a indicates that the vehicle can effectively follow the reference path, with
the maximum lateral offset value being approximately 0.8 m. Moreover, the trajectory
after control is more accurate than that of the vehicle without control. Figure 5b shows
the demanded additional yaw moment, which remains within ±11 kN·m and is entirely
realized through coordinated motor drive/brake torques. The front-wheel steer angle,
plotted in Figure 5c, executes a −10◦ step for 2 s before returning smoothly to neutral,
achieving a steady-state lateral acceleration of 0.6 g without overshoot. Figure 5d indicates
that the lateral error peaks at 0.8 m, settles to 0.6 m, and decays to zero within 7 s, confirming
high tracking fidelity. Torque allocation in Figure 5e respects the motor limits; the front
hub motors consistently deliver larger absolute torques than the rear motors on the same
side, demonstrating effective exploitation of available tire grip and an enlarged stability
margin. Table 3 summarizes the gains: the stability controller reduces peak lateral-error
metrics by 11.59–18.09% and the root mean square value (RMS) values by 8.67–14.77%.
Each simulation was repeated 10 times under identical conditions; the reported metrics
represent the mean ± standard deviation.

  
(a) (b) 

  
(c) (d) 

Figure 5. Cont.
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(e) (f) 

  
(g) (h) 

 
(i) 

Figure 5. Cont.
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(e) (f) 

  
(g) (h) 

 
(i) 

Figure 5. Simulation results of high-speed single-turn line: (a) comparison of vehicle trajectory;
(b) decision on additional yaw moment; (c) front-wheel angle; (d) lateral deviation; (e) torque
distribution of each wheel; (f) comparison of center of mass camber angle; (g) comparison of yaw
rate; (h) comparison of roll angle; (i) LTR comparison.

Table 3. High-speed single-channel simulation optimization rate.

Uncontrolled Control of Stability Control Optimization Rate (%)

Maximum
Value

Mean
Square Root

Maximum
Value

Mean
Square Root

Maximum
Value

Mean Square
Root

Side-slip angle (deg) 2.699 0.9322 2.311 0.8201 14.37 12.03
Yaw velocity (deg/s) 12.38 4.181 10.14 3.613 18.09 13.59
Angle of bank (deg) 2.173 0.7771 1.809 0.6623 16.75 14.77

LTR 0.6072 0.2156 0.5368 0.1969 11.59 8.67

5.2. Simulation Analysis of Medium-Speed Dual-Shift Lines

Compared with the high-speed single-lane change, the 60 km·h−1 double-lane-change
evaluates low-speed agility and passenger comfort. When a distributed electric drive bus
traveling on a main carriageway encounters debris dropped by a preceding vehicle or any
other hazard, an evasive maneuver is required. This scenario is replicated by a 12 s double-
lane-change simulation at 60 km·h−1 on a high-friction (µ = 0.85) concrete/asphalt surface.

Figure 6a confirms that the vehicle is able to accurately follow the reference path,
and the trajectory of the vehicle under control is more precise than that of the vehicle
without control. The demanded additional yaw moment, as shown in Figure 6b, lies
within ±16 kN·m, staying below the motor peak torque limit and ensuring stable operation.
Figure 6c presents the front-wheel steer angle, which is commanded as a ±6◦ sinusoid to
execute two lane changes in 2 s; the response is free of overshoot and smoothly returns to
zero, maintaining a straight-ahead attitude. Figure 6d records a peak lateral deviation of
±0.08 m, with the vehicle completing the sinusoidal trajectory within 10 s and returning
to the lane center without oscillation, demonstrating precise path tracking and body con-
trol. Torque allocation in Figure 6e remains within motor capability; the front hub motors
consistently deliver larger absolute torques than the rear motors on the same axle, maxi-
mizing tire utilization and enlarging the stability margin. Table 4 summarizes the gains:
maximum lateral metrics are reduced by 3.85–12.16% and RMS values by 4.48–11.33% after
stability control.
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(a) (b) 

(c) (d) 

(e) (f) 

Figure 6. Cont.
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(g) (h) 

(i)

Figure 6. Simulation results of medium-speed dual-shift line: (a) comparison of vehicle trajectory;
(b) decision on additional yaw moment; (c) front-wheel angle; (d) lateral deviation; (e) torque
distribution of each wheel; (f) comparison of center of mass camber angle; (g) comparison of yaw
rate; (h) comparison of roll angle; (i) LTR comparison.

Table 4. Medium-speed dual-shift line simulation optimization rate.

Uncontrolled Control of Stability Control Optimization Rate (%)

Maximum
Value

Mean
Square Root

Maximum
Value

Mean
Square Root

Maximum
Value

Mean Square
Root

Side-slip angle (deg) 1.651 0.6766 1.577 0.6268 4.48 7.36
Yaw velocity (deg/s) 15.42 6.643 14.4 5.951 6.61 10.41
Angle of bank (deg) 2.154 0.9168 1.892 0.8129 12.16 11.33

LTR 0.5766 0.2475 0.5544 0.2364 3.85 4.48

6. Conclusions
Based on the design of distributed electric drive buses, a coordinated control method

was developed to enhance the trajectory tracking performance and lateral stability of the
vehicle. The lateral stability of the vehicle was analyzed. Firstly, a trajectory-tracking
controller was established to reduce the lateral error between the vehicle and the reference
trajectory. Then, an active roll controller based on PID was designed, and a yaw moment
controller based on LQR was also designed to make decisions on the additional yaw
moment and the distribution of driving force. Finally, in the joint simulation platform of
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TruckSim and Matlab/Simulink, a simulated scene section was set up to verify the control
method through simulation. The simulation verification results show that

(1) The designed trajectory-tracking controller has a lateral deviation of approximately
22.9% in the high-speed single-shift-line operation condition and about 2.29% in the
medium-speed double-shift-line operation condition. The control effect is quite good.

(2) The designed stability controller makes decisions on additional yaw moments based
on different operating conditions. Under the high-speed single-shift-line condition,
the maximum value optimization ranges from 11.59% to 18.09%, while the root mean
square value optimization ranges from 8.67% to 14.77%. Under the medium-speed
double-shift-line condition, the maximum value optimization ranges from 3.85% to
12.16%, and the root mean square value optimization ranges from 4.48% to 11.33%.
The control effect of the stability controller is quite good.

(3) It has certain guiding significance for improving the trajectory tracking ability and
lateral stability of distributed electric drive buses under extreme working conditions.
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