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Abstract: The existing trajectory planning research mainly considers the safety of the obstacle
avoidance process rather than the anti-rollover requirements of heavy vehicles. When there are
driving risks such as rollover and collision, how to coordinate the game relationship between the two
is the key technical problem to realizing the anti-rollover trajectory planning under the condition
of driving risk triggering. Given the above problems, this paper studies the non-cooperative game
model construction method of the obstacle avoidance process that integrates the vehicle driving risk
in a complex traffic environment. Then it obtains the obstacle avoidance area that satisfies both the
collision and rollover profit requirements based on the Nash equilibrium. A Kmeans-SMOTE risk
clustering fusion is proposed in this paper, in which more sampling points are supplemented by
the SMOTE oversampling method, and then the ideal obstacle avoidance area is obtained through
clustering algorithm fusion to determine the optimal feasible area for obstacle avoidance trajectory
planning. On this basis, to solve the convergence problems of the existing multi-objective particle
swarm optimization algorithm and analyze the influence of weight parameters and the diversity of
the optimization process, this paper proposes an anti-rollover trajectory planning method based on
the improved cosine variable weight factor MOPSO algorithm. The simulation results show that
the trajectory obtained based on the method proposed in this paper can effectively improve the
anti-rollover performance of the controlled vehicle while avoiding obstacles.

Keywords: trajectory planning; heavy vehicles; obstacle avoidance; rollover prevention; risk clustering
fusion; particle swarm optimization

1. Introduction
1.1. Related Works

The current research on trajectory planning is mainly based on self-driving vehi-
cles [1,2]. The principle is that when the distance between the controlled vehicle and the
obstacle vehicle ahead is less than the safe distance, a series of candidate trajectories are
first generated by algorithms such as quintic polynomials [3]. Then, it is optimized to
obtain an ideal trajectory that satisfies both the safety requirements of obstacle avoidance
and the vehicle dynamics constraints, according to the vehicle dynamic constraints [4].
That is, whether to perform trajectory planning and how to plan to obtain the trajectory
are completely determined by the algorithm. Furthermore, the main goal of the planning
algorithm is obstacle avoidance safety, and the stability of vehicle dynamics is merely used
as a constraint [5,6].

Much current research highlights the importance of considering the human factor in
autonomous driving systems. Human–machine cooperative driving models have emerged
as a bridge between fully autonomous systems and traditional vehicle operation, emphasiz-
ing the role of the driver in decision-making processes, especially in ambiguous or critical
situations [7–9].

Some current research also analyzes the challenges specific to heavy vehicles, such
as the risk of rollover and load transfer dynamics, which add layers of complexity to
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trajectory planning [10–12]. These studies provide insights into the unique considerations
required for heavy-duty vehicles and contribute to the development of specialized trajectory
planning methods.

1.2. Research Focus and Contributions

Unlike conventional autonomous driving trajectory planning, this paper focuses on
heavy vehicles in human–machine cooperative driving scenarios, including the trajectory
planning module and shared control rights between the driver and the system. Normally,
the module passively tracks the driver’s actions unless the vehicle’s risk threshold is
breached, in which case it actively intervenes to mitigate driving risks.

Therefore, compared with the existing planning algorithm, the main goal of which is
obstacle avoidance safety, human–machine cooperative driving of heavy vehicles not only
needs to consider the risk of rollover and the uncertainty of heavy vehicle load transfer
but also needs to consider avoiding collisions with obstacles in the environment, which
will cause more serious traffic accidents. That is to say, the main aim of the anti-rollover
trajectory planning of driving risk fusion in this paper is to prevent the occurrence of
rollover and to avoid the risk of collision in the process of anti-rollover trajectory planning.
The contradiction between anti-rollover and anti-collision is the cause of the driving strategy,
give way or don’t give way, commonly adopted by drivers in emergencies. To sum up,
coordinating the game relationship between obstacle avoidance safety and anti-rollover
performance and establishing an anti-rollover trajectory planning method that integrates
various driving risk factors are key to realizing anti-rollover trajectory planning under
driving risk trigger conditions.

Given the above problems, this paper proposes the anti-rollover trajectory planning
method for heavy vehicles in the scenario of human–machine cooperative driving. SAE
International (Society of Automotive Engineers), an international automotive organization,
has defined six different levels of autonomous driving, or independent, in vehicles (SAE,
2014) [13]. According to this definition, the method proposed in this paper is aimed at level 3
vehicles. Firstly, a non-cooperative game model integrating obstacle avoidance and rollover
prevention was constructed, and the obstacle avoidance area that satisfies both collision
and rollover benefits was obtained by way of the Nash equilibrium. Secondly, considering
the sparsity of Nash equilibrium points in the whole region, a clustering fusion method,
Kmeans-SMOTE, was proposed to directly fit the unconnectable regions. This method used
the SMOTE oversampling method to supplement more Nash equilibrium point sampling
points and then obtained the ideal obstacle avoidance area through clustering algorithm
fusion to determine the optimal feasible area for obstacle avoidance trajectory planning.
Thirdly, aiming to solve the convergence problems of the multi-objective particle swarm
optimization algorithm, weight parameter analysis, and optimizing process diversity, an
improved cosine change weight factor MOPSO algorithm was proposed to effectively
improve the convergence of the anti-rollover trajectory planning algorithm. In general, the
main contributions of this paper are as follows.

(1) A non-cooperative game model integrating obstacle avoidance and rollover pre-
vention is proposed to obtain the area of the ideal trajectory that can satisfy both
anti-collision and anti-rollover benefits.

(2) The Kmeans-SMOTE risk clustering fusion method is established to determine optimal
feasible regions for obstacle avoidance trajectory planning, which supplements more
Nash equilibrium sampling points through the SMOTE oversampling and obtains the
ideal obstacle avoidance area through clustering algorithm fusion.

(3) An improved cosine change weight factor MOPSO algorithm is proposed to effectively
improve the convergence of the anti-rollover trajectory planning algorithm.

The remaining sections of this paper are arranged as follows: the second section discusses
the model building, the third section is the anti-rollover trajectory planning method for
heavy vehicles triggered by driving risk, the fourth section is the simulation analysis, and
the fifth section is the conclusion.
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2. The Rollover Dynamics Model of Heavy Vehicles

Aiming to study the dynamic performance of heavy vehicles during obstacle avoid-
ance, this section establishes a rollover dynamics model, including four degrees of freedom:
longitudinal, lateral, yaw, and roll [14,15]. The longitudinal motion of the vehicle is ana-
lyzed, and the forces in the x direction are shown in the following equation.

max − mvyr = ∑ Fx (1)

where m is the mass of the vehicle, ax is the longitudinal acceleration, vy is the lateral
velocity, and r is the yaw rate.

Next the lateral motion of the vehicle is analyzed, and the forces in the y direction are
shown in the following equation.

may − mse
..
φ = ∑ Fy (2)

where ay is the lateral acceleration, ms is the sprung mass, e is the distance from the sprung
mass to the roll center, and

..
φ is the roll angular acceleration.

This study examined the rotational behavior of the vehicle during turning maneuvers
with a specific focus on yaw motion. The analysis is executed through a moment equilib-
rium assessment centered on the vertical axis, denoted as the z-axis. The yaw dynamics
were scrutinized to ensure moment balance around this axis. The pertinent equation is
presented below.

Iz
.
r = ∑ Mz (3)

where Iz is the moment of inertia of the z-axis in vehicle mass around vehicle coordinates,
and

.
r is the yaw angular acceleration.
The roll motion of the whole vehicle is analyzed, that is, whether the moment balances

on the x-axis. The equation is shown below.

Ixz
..
φ − mseay = ∑ Mx (4)

where Ixz is the moment of inertia of the x-axis in vehicle mass around vehicle coordinates,
and ms is the sprung mass of the vehicle.

The lateral acceleration at the center of mass of the vehicle is shown in the following equation.

ay =
.
vy + vxr (5)

where vx represents the longitudinal rate.
A linear three-degree-of-freedom vehicle model, including yaw, lateral, and roll mo-

tions, is established. The lateral motion model of the vehicle is analyzed, as shown in the
following equation.

mu(
.
β + γ)− mshs

..
ϕ = Cf(β +

Lf
u

γ − δf − Rfϕ) + Cr(β − Lr

u
γ − δr − Rrϕ) (6)

where m is the mass of the whole vehicle, u is the longitudinal speed, β is the sideslip angle,
γ is the yaw rate, hs is the roll arm, ϕ is the body roll angle, Cf and Cr are the comprehensive
sideslip stiffnesses of the front and rear axles, respectively, Lf and Lr are the distances from
the center of mass to the front and rear axles, respectively, δf and δr are the front and rear
wheel angles of the vehicle, respectively, and Rf and Rr are the front and rear wheel roll
deflection coefficients, respectively.

The yaw motion model of the vehicle is analyzed, as shown in the following equation.

Izz
.
γ − Ixz

..
ϕ = CfLf(β +

Lf
u

γ − δf − Rfϕ)− CrLr(β − Lr

u
γ − δr − Rrϕ) (7)

where Izz is the rotational inertia of the whole vehicle around the z-axis, and Ixz is the inertia product.
The roll motion model of the vehicle is analyzed, as shown in the following equation.

Ixx
..
ϕ − Ixz

.
γ − mshsu(

.
β + γ) = msghsϕ − Cϕ

.
ϕ − Kϕϕ (8)
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where Ixx is the moment of inertia of the sprung mass around the x-axis, g is the gravitational
acceleration, Kϕ is the sum of the front and rear suspension roll stiffness, and Cϕ is the sum
of the front and rear suspension roll damping.

3. Anti-Rollover Trajectory Planning Method for Heavy Vehicles Considering Driving
Risk Triggers
3.1. Obstacle Avoidance Area Based on Clustering Fusion of Driving Risk

At this stage, research has only considered the impact of security to determine the
starting point, end point, and corresponding candidate trajectory of the trajectory. In the
anti-rollover trajectory planning problem of heavy vehicles in the human–machine cooper-
ative driving scenario studied in this paper, it is necessary to consider both anti-rollover
performance and obstacle avoidance performance [16]. When the driver’s behavior triggers
the rollover risk threshold, the planning module replaces the driver to plan the anti-rollover
trajectory; when the rollover risk drops below the threshold, the trajectory planning task is
terminated, and the driver returns to control. The candidate trajectories may be of different
lengths, and there is no fixed endpoint, as shown in Figure 1. It is difficult to determine
the trajectory selection index through the existing known starting point and ending point.
Therefore, to solve this problem, it is necessary to determine the candidate area in the
environment that can balance the rollover risk and the collision risk instead of simply
determining the candidate trajectory, and then an optimal trajectory in the candidate area
is obtained through using the corresponding optimization method.

World Electr. Veh. J. 2024, 15, x FOR PEER REVIEW 4 of 16 
 

f r
f f f f r r r r( ) ( )zz xz

L LI I C L R C L R
u u

γ φ β γ δ φ β γ δ φ− = + − − − − − −  (7)

where Izz is the rotational inertia of the whole vehicle around the z-axis, and Ixz is the inertia 
product. 

The roll motion model of the vehicle is analyzed, as shown in the following equation. 

s s s s( )xx xzI I m h u m gh C Kφ φφ γ β γ φ φ φ− − + = − −    (8)

where Ixx is the moment of inertia of the sprung mass around the x-axis, g is the gravita-
tional acceleration, Kϕ is the sum of the front and rear suspension roll stiffness, and Cϕ is 
the sum of the front and rear suspension roll damping. 

3. Anti-Rollover Trajectory Planning Method for Heavy Vehicles Considering Driving 
Risk Triggers 
3.1. Obstacle Avoidance Area Based on Clustering Fusion of Driving Risk 

At this stage, research has only considered the impact of security to determine the 
starting point, end point, and corresponding candidate trajectory of the trajectory. In the 
anti-rollover trajectory planning problem of heavy vehicles in the human–machine coop-
erative driving scenario studied in this paper, it is necessary to consider both anti-rollover 
performance and obstacle avoidance performance [16]. When the driver’s behavior trig-
gers the rollover risk threshold, the planning module replaces the driver to plan the anti-
rollover trajectory; when the rollover risk drops below the threshold, the trajectory plan-
ning task is terminated, and the driver returns to control. The candidate trajectories may 
be of different lengths, and there is no fixed endpoint, as shown in Figure 1. It is difficult 
to determine the trajectory selection index through the existing known starting point and 
ending point. Therefore, to solve this problem, it is necessary to determine the candidate 
area in the environment that can balance the rollover risk and the collision risk instead of 
simply determining the candidate trajectory, and then an optimal trajectory in the candi-
date area is obtained through using the corresponding optimization method. 

 
Figure 1. The difference between anti-rollover planning and traditional obstacle avoidance plan-
ning. 
Figure 1. The difference between anti-rollover planning and traditional obstacle avoidance planning.

In this section, the collision risk and rollover risk are regarded as the participants, and
the relative position of the vehicle is regarded as the strategy set of each participant in
the game process. Aiming to determine feasible regions for obstacle avoidance trajectory
planning, the game model construction method for the obstacle avoidance process based on
integrated prediction of driving risk in the time domain solves the Nash equilibrium among
different strategies and establishes the mapping relationship between the Nash equilibrium
and the trajectory that can obtain high returns for participants [17]. The risk clustering
fusion of the game relationship is shown in Figure 2. The blue dots and curves represent
the sparse trajectories before clustering fusion, the yellow dots and arrows represent the
candidate trajectory set obtained after clustering fusion, and the blue area represents the
candidate trajectory space.
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Firstly, the quantitative evaluation method of the rollover risk and collision risk in the
process of obstacle avoidance is analyzed [18]. The two indicators based on the artificial
potential field method and the zero moment point method are normalized to quantitatively
evaluate the rollover risk and collision risk. The equation is as follows.

f (U) = ∑
i

UPj + UK + UG

f (ZMP) =
1

mg
[−muayhu + msgh sin φ − msay(hr + h cos φ) + Ix

..
φ]

(9)

where UPj , UK, and UG are, respectively, the obstacle vehicle repulsion field, the road
boundary field, and the virtual gravitational field of the driving target.

Secondly, the game model of the anti-rollover trajectory planning process is analyzed
and established. The collision risk includes the collision risk with the obstacle vehicle in
the vehicle lane and the collision risk with the vehicle in the adjacent lane caused by the
rollover risk. That is, the total number of collision risk participants in a prediction time
domain p is unknown, and their strategies are all points in the environment at the current
moment, which is shown in the next equation.

si ∈ {(xi, yi)|xi, yi ∈ P} (10)

Among them, the payoff function for rollover risk participants is shown in the
following equation.

Urr =
j=jend

∑
j=1

urr
j (s

rr
j ) =

j=jend

∑
j=1

−| frr(srr
j ) + ∆ frr(srr

j )| (11)

where j is the influence of j-th strategy on the payoff function for the i-th participant.
The number of collision risk participants is uncertain; there are as many collision risk

participants as potential obstacles in the environment, so the payment function is defined
as shown in the following equation.

U(k)
cr =

j=jend

∑
j=1

ucr
j (s

cr
j ) =

j=jend

∑
j=1

−| fcr(scr
j ) + ∆ fcr(scr

j )| (12)

where k represents the k-th obstacle.
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Because only a sparse set of points is obtained by solving the game model, a risk
clustering fusion method based on Kmeans-SMOTE is proposed in this section to obtain
candidate trajectory regions [19,20]. The process of data transfer, the generation of candidate
trajectory generation, and the region’s generation are shown in Figure 3. The discrete
trajectory that is set as the clustering object is clustered into the primary candidate trajectory
space by using the k-means clustering algorithm, which provides conditions for the increase
of the sample space. Then the SMOTE oversampling method is used to add minority class
samples to combat small separation issues, which can obtain the filled candidate trajectory
set. On this basis, the risk judgment module will re-judge the risk of the newly generated
trajectories and propose trajectories with rollover risk and collision risk. The straight-road
clustering process cannot generate new spaces, and the loop terminates.
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The main part of the risk clustering fusion method based on Kmeans-SMOTE in-
cludes three steps: clustering, oversampling, and driving risk determination. The specific
implementation is as follows.

The first step is clustering. For each sample x in the minority class, the k-nearest
neighbors are obtained, which is the distance to all the minority class samples based on
the Euclidean distance. In the clustering step, the way to k-means is used to cluster into k
groups, and filtering selection is used for oversampled cluster clusters for oversampling to
retain clusters with a high proportion of minority class samples. The given data sample
X is assumed to contain n objects, each of which has attributes of m dimensions, namely
X = (X1, X2, X3, . . ., Xn). The goal of the k-means algorithm is to gather r objects into the
k clusters according to the similarity of each other, and each object merely belongs to a
cluster whose distance to the center of the cluster is the smallest. The k cluster centers,
(C1, C2, C3, . . ., Ck), 1 < k ≤ n, are initialized to calculate the Euclidean distance from each
object to each cluster center. The equation is shown below.

dis(Xi, Cj) =

√
m

∑
t=1

(Xit − Cjt)
2 (13)

where Xi represents the i-th object, 1 < i < n. Cj represents the j-th cluster center. Xit repre-
sents the t-th attribute of the i-th object, 1 ≤ t ≤ m. Cjt represents the t-th attribute of the
j-th cluster center.



World Electr. Veh. J. 2024, 15, 328 7 of 15

The distance between each object and each cluster center is compared in turn, and the
object is assigned to the cluster with the nearest cluster center, which can obtain k clusters,
namely {S1, S2, S3, . . ., Sk}. The K-means algorithm uses the center to define the prototype
of the cluster. The center of the cluster is the mean value of all the objects in each dimension
of the clusters. The calculation equation is as follows.

Ct =

∑
Xi∈Sl

Xi

|Sl |
(14)

where C represents the center of the first cluster, 1 < l ≤ k. |Sl| represents the number of
objects in the first cluster, and Xi represents the i-th object in the first cluster, 1< i ≤ |Sl|.

The second step is oversampling. Firstly, more samples are assigned to clusters where
the few samples are sparsely distributed by assigning the number of synthetic samples.
The sample imbalance ratio is set to determine the sampling magnification, N, according to the
sample imbalance ratio. For each minority class sample, x, it randomly selects several samples
from its k-nearest neighbors and assumes it as xn. Then, the initial candidate trajectory space
obtained by clustering is filled based on the smote oversampling algorithm. The purpose of
the smote oversampling algorithm is to synthesize a new minority sample. The synthesis
strategy is that a point on the connection between a and b is selected as a newly synthesized
minority class sample where a is each minority class sample and b is the nearest sample
of it. SMOTE is applied in each selected cluster to achieve the target ratio of minority and
majority instances. SMOTE uses the samples xi and xj screened from a small sample set and
the corresponding random numbers, 0 < λ < 1. A new sample is constructed through the
relationship between the two samples, as shown in the following equation.

Xn = Xi + λ(xj − xi) (15)

The third step is to use the driving risk judgment conditions proposed in Section 3 to
judge the filled candidate trajectory set obtained by oversampling in the previous step and
eliminate the candidate trajectories with driving risk.

The fourth step is to compare the candidate space formed by the trajectory set after
removing the risk trajectory from the initial space. If there is a difference, the newly
generated space is assigned to X, and the next cycle is repeated. If there is no difference, the
cycle is terminated, and the area obtained by clustering is used as a candidate area, which
is outputted to the subsequent trajectory optimization module to obtain the undetermined
trajectory in the area through the optimization algorithm.

3.2. Multi-Objective Optimization Method for Anti-Rollover Trajectory

In this section, a MOPSO algorithm with a cosine variable weight factor is proposed by
analyzing the shortcomings of the existing particle swarm optimization algorithm [21,22].
On this basis, considering the load transfer characteristics of heavy vehicles, the anti-
rollover trajectory planning objectives and constraints are established to realize the anti-
rollover trajectory planning when the driving risk is triggered.

The basic particle swarm optimization algorithm is analyzed. During each search
generation, each particle constantly updates its position and velocity state by pursuing
the optimal solution found by itself, pbest, and the optimal solution found by the entire
particle swarm, gbest. The equation is as follows.

vi,j(t + 1) = wvi,j(t) + c1r1[pi,j − xi,j(t)] + c2r2[pg,j − xi,j(t)] (16)

xi,j(t + 1) = xi,j(t) + vi,j(t + 1), j = 1, 2, · · · , d (17)

where w is the inertia weight value, c1 and c2 are the learning factor, and its value is positive,
and r1 and r2 are uniformly distributed random numbers between 0 and 1.

Some control parameters of PSO itself determine its performance to a large extent.
These parameters include the number of particles, the maximum speed of particles, learning
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factors and weight coefficient values, and so on. In the later stage of algorithm convergence,
due to the decrease of particle swarm diversity, the algorithm falls into the local optimum,
and it is difficult for particles to jump out in the poor search area, forming a search
stagnation. In view of the above shortcomings, this paper solves the shortcomings of the
traditional PSO algorithm by improving the parameters of the updated formula. The cosine
variable weight factor proposed in this paper is shown in the following equation.

ω(k) =
ωmax − ωmin

2
cos(π

k
kmax

) +
ωmax + ωmin

2
(18)

where kmax is the number of final iterations. k is the number of iterations of this algorithm,
and ω(k) is the inertia weight factor corresponding to the k-th iteration. According to
the above equation, the variation curves of different weight factors with the number of
iterations are drawn, as shown in Figure 4.
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Some control parameters of PSO itself determine its performance to a large extent. 
These parameters include the number of particles, the maximum speed of particles, learn-
ing factors and weight coefficient values, and so on. In the later stage of algorithm con-
vergence, due to the decrease of particle swarm diversity, the algorithm falls into the local 
optimum, and it is difficult for particles to jump out in the poor search area, forming a 
search stagnation. In view of the above shortcomings, this paper solves the shortcomings 
of the traditional PSO algorithm by improving the parameters of the updated formula. 
The cosine variable weight factor proposed in this paper is shown in the following equa-
tion. 
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where maxk  is the number of final iterations. k is the number of iterations of this algo-
rithm, and ( )kω  is the inertia weight factor corresponding to the k-th iteration. Accord-
ing to the above equation, the variation curves of different weight factors with the number 
of iterations are drawn, as shown in Figure 4. 
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In terms of the calculation of the acceleration factor, an adaptive acceleration factor
based on a sine function was designed, and its mathematical expression is as follows.

c1(k) = ca sin(π
2

kmax
2 −k
kmax

2
) + cb

c2(k) = cα sin(π
2

k− kmax
2

kmax
2

) + cβ
(19)

where ca, cb, cα, cβ are parameters to be determined. Higher optimization results can
be obtained when c1 takes values from [0.5, 2.5] and c2 takes values from [0.5, 2.5]. So,
ca = 1, cb = 1.5, cα = 1 and cβ = 1.5 can be determined. Figure 5 shows the curves of the
acceleration factor c1 and c2 changing with the number of iterations.
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where iV  and iX  represent the velocity and position information of the i-th particle in 
the e-dimensional space, respectively. 
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also to reduce the risk of the vehicle’s rollover. Therefore, when designing the fitness func-
tion, in addition to considering the artificial potential field and rollover index, it is also 
necessary to introduce the side slip angle of the center of mass and the yaw rate as the 
optimization objective function, as shown in the following equation. 
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Figure 5. Variations curves of the acceleration factor c1 and c2 changing with the number of iterations.
(a) The variations curves of c1. (b) The variations curves of c2.
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It can be seen from the change curves of the weight factor and the acceleration factor
that in the early stage of the PSO algorithm iteration, the weight factor is larger, the
acceleration factor is larger, and the acceleration factor is smaller, which is conducive to
improving the global learning of the PSO algorithm. In the later stage, the weight factor
is smaller, the acceleration factor is smaller, and the acceleration factor is larger, which is
beneficial to improve the local learning ability of the PSO algorithm.

The new weight update equation and acceleration factor update equation are substituted
into the original update equation to obtain a new update equation, which is shown below.

vi,j(t + 1) = w(k)vi,j(t) + c1(k)r1[pi,j − xi,j(t)] + c2(k)r2[pg,j − xi,j(t)] (20)

xi,j(t + 1) = xi,j(t) + vi,j(t + 1), j = 1, 2, · · · , d (21)

The specific process of anti-rollover trajectory planning based on the cosine change
weight factor MOPSO algorithm is as follows.

Firstly, the current velocity and position of each particle i in the particle population
are initialized, which are shown below.{

Vi = ( vi,1 vi,2 · · · vi,e)
Xi = ( xi,1 xi,2 · · · xi,e)

(22)

where Vi and Xi represent the velocity and position information of the i-th particle in the
e-dimensional space, respectively.

Secondly, the fitness function value of each particle i is evaluated, the current position
and speed of particle i are saved to the pbest solution, and the speed and position of the
best particle among them are saved to the gbest value. In the process of trajectory planning,
it is not only necessary to ensure the vehicle’s obstacle avoidance performance, but also to
reduce the risk of the vehicle’s rollover. Therefore, when designing the fitness function, in
addition to considering the artificial potential field and rollover index, it is also necessary
to introduce the side slip angle of the center of mass and the yaw rate as the optimization
objective function, as shown in the following equation.

J = min[k1 f (U) + k2 f (ZMP) + k3 f (β) + k4 f (r)] (23)

where U is the safety index, ZMP is the rollover index, β is the sideslip angle of the center
of mass, and r is the yaw rate.

Thirdly the velocity and position of the current particle are updated based on the
cosine change weight factor, as shown in the above equation.

Fourthly, the function fitness values of each particle i are compared with the passing
best position pbest. If its fitness value is better, the previous best position’s pbest value is
replaced with the current position.

Fifthly, the pbest value obtained by each particle i is compared with the gbest value in
the entire population to update the gbest value in between.

Sixthly, when the stop condition is reached during the running of the algorithm, in-
cluding the pre-specified algorithm operation accuracy or the number of particle search
iterations, the search work of particle i ends, and the independent variable value corre-
sponding to the optimal solution of the objective function is outputted. Otherwise, return
to 3 and continue the search work.

4. Simulation Analysis
4.1. Analysis of Risk Clustering Fusion Results

Aiming to verify the effectiveness of the driving risk clustering fusion algorithm
proposed in this chapter, the designed simulation scene is shown in Figure 6. The scene
contains a large number of curves. On the one hand, it mainly verifies the anti-rollover
capability of the vehicle. On the other hand, it uses curves to simulate the driver’s emer-
gency avoidance behavior after discovering obstacles. The curves within the simulated
scenario span a range of radii from 25 m to 650 m, embodying a wide array of curvatures
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that mirror the majority of road conditions encountered in practical engineering contexts.
This approach enables a comprehensive evaluation of the vehicle’s performance across
diverse turning scenarios, ultimately ensuring the robustness of the driving risk clustering
fusion algorithm under investigation. The road surface adhesion coefficient is set as 0.8,
and the driver model is used to control the steering wheel angle during the simulation
process shown in the equation, in which the principle is to output the input size of the
steering wheel angle according to the deviation of displacement and the angle between the
preview point and the actual trajectory.

εy = Yd(t + Tp)− (Y(t) + Tp
.

Y(t)) (24)

where Yd is the ideal lateral displacement and Tp is the preview time.
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Therefore, in this section, the vehicle position at 40 s is used as the starting point to verify 
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The driving risk triggering situation when the longitudinal vehicle speed is 50 km/h
is analyzed, as shown in Figure 7. From the figure, the simulation terminates when the
time is about 40 s. Since the simulation environment does not contain obstacles, it means
that the vehicle has rolled over at this time, and the risk value of the vehicle rollover is 1.
Therefore, in this section, the vehicle position at 40 s is used as the starting point to verify
the effectiveness of the algorithm proposed in this paper for reducing vehicle driving risk
and preventing rollover.
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Figure 7. Analysis of driving risk triggering situation in the simulation process. (a) Risk of rollover.
(b) Displacement of vehicle.

Based on the algorithm designed in this paper, the vehicle position when the driving
risk is triggered at 40 s is used as the starting point for obstacle avoidance trajectory
planning. The purpose of the planning is to reduce the driving risk to a level where rollover
and collision will not occur. The results are shown in Figure 8. A total of four primary
trajectories that meet the requirements are found to form a sparse candidate trajectory
set, that is, all trajectories in the set can reduce the driving risk of the controlled vehicle
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below the threshold, and the starting point and end point of the planned trajectory are the
switching points of human–machine driving authority.
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Figure 8. Sparse set of candidate trajectories and their driving risks. (a) Sparse set of candidate
trajectories. (b) Candidate trajectory rollover risk.

Then, when the longitudinal vehicle speed is selected as 35 km/h, the triggering
situation of rollover risk is analyzed, which is shown in Figure 9. For the convenience of
analysis, the rollover risk level is divided into five levels, that is, level 1 means 0.2 to 0.4,
level 2 means 0.4 to 0.6, level 3 means 0.6 to 0.8, and level 5 means 0.8 to 1. Therefore, the
purpose of trajectory planning is to reduce the global rollover risk of the controlled vehicle
to below level 3 for passage safety.
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(b) Risk Statistics.

4.2. Analysis of Anti-Rollover Trajectory Optimization Results

Taking the simulation environment and trajectory planning results established in
Section 4.2 as the input, the effectiveness of the trajectory optimization algorithm proposed
in this section is verified. As depicted in Figure 10, it can be seen that compared with the
basic PSO algorithm, the convergence speed of the CPSO algorithm proposed in this paper
is significantly improved, and it effectively avoids the situation wherein the basic PSO
algorithm stops near the local optimal solution.
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Figure 10. Comparison of optimization results between CPSP and basic PSO.

The risk values, their deviations, and the risk levels of the CPSO and basic CPSO
algorithms are shown in Figure 11. By comparing the risk value of the optimized trajectory,
the average driving risk obtained by the CPSO algorithm proposed in this paper is reduced
by 23.84%, and the peak value is reduced by 33.19%, compared with the results obtained
by the basic PSO algorithm. The duration of the risk level above level 1 is significantly
reduced, indicating the effectiveness of the method proposed in this paper in reducing
driving risks.
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Figure 11. Risk comparison after optimization. (a) Risk comparison. (b) Risk value deviations.
(c) Comparison of risk levels.

Then, the vehicle dynamics parameters corresponding to the optimized trajectory
are compared. It can be seen in Figure 12 that the peak value of the lateral acceleration
obtained by the method proposed in this paper is reduced by 33.58%, and the average
value is reduced by 29.06%; the peak value of the roll angle is reduced by 18.26%, and the
average value is reduced by 13.82%, compared with the results obtained by the basic PSO
algorithm. This shows that the method proposed in this paper can effectively reduce the
probability of instability and rollover of the controlled vehicle.

World Electr. Veh. J. 2024, 15, x FOR PEER REVIEW 13 of 16 
 

   
(a) (b) (c) 

Figure 11. Risk comparison after optimization. (a) Risk comparison. (b) Risk value deviations. (c) 
Comparison of risk levels. 

Then, the vehicle dynamics parameters corresponding to the optimized trajectory are 
compared. It can be seen in Figure 12 that the peak value of the lateral acceleration ob-
tained by the method proposed in this paper is reduced by 33.58%, and the average value 
is reduced by 29.06%; the peak value of the roll angle is reduced by 18.26%, and the aver-
age value is reduced by 13.82%, compared with the results obtained by the basic PSO 
algorithm. This shows that the method proposed in this paper can effectively reduce the 
probability of instability and rollover of the controlled vehicle. 

  
(a) (b) 

Figure 12. Comparison of dynamics parameters after optimization. (a) Comparison of lateral accel-
eration. (b) Comparison of roll angle. 

To verify the applicability of the algorithms proposed in this paper under different 
coefficients of adhesion and different centroid heights, simulations were conducted using 
the vehicle model, with the results shown in Figure 13. As can be seen from Figure 13a 
that when the coefficient of adhesion decreases, the mean square error of the rollover risk 
also decreases. When the coefficient of adhesion is 0.5, the mean square error of the rollo-
ver risk at different center-of-gravity heights is shown in Figure 13b. Analyzing the causes 
of the results, the smaller the coefficient of adhesion, the more likely the vehicle is to skid, 
and the rollover risk is paradoxically smaller. When the center-of-gravity height varies, 
there is an overall trend that the lower the center of gravity, the smaller the rollover risk. 

0 100 200 300 400 500
Time/s

0

0.1

0.2

0.3

0.4

0.5

0.6
Basic PSO
CPSO

1 2 3 4 5
Risk level

0

0.2

0.4

0.6

0.8

1
Basic PSO
CPSO

Figure 12. Comparison of dynamics parameters after optimization. (a) Comparison of lateral
acceleration. (b) Comparison of roll angle.



World Electr. Veh. J. 2024, 15, 328 13 of 15

To verify the applicability of the algorithms proposed in this paper under different
coefficients of adhesion and different centroid heights, simulations were conducted using
the vehicle model, with the results shown in Figure 13. As can be seen from Figure 13a that
when the coefficient of adhesion decreases, the mean square error of the rollover risk also
decreases. When the coefficient of adhesion is 0.5, the mean square error of the rollover risk
at different center-of-gravity heights is shown in Figure 13b. Analyzing the causes of the
results, the smaller the coefficient of adhesion, the more likely the vehicle is to skid, and the
rollover risk is paradoxically smaller. When the center-of-gravity height varies, there is an
overall trend that the lower the center of gravity, the smaller the rollover risk.
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Figure 13. Rollover risk at varying friction coefficients and centroid heights. (a) Rollover risk.
(b) Rollover risk vs. centroid height.

The rollover risk when the coefficients of adhesion on both sides are inconsistent is
shown in Figure 14, with the left side at 0.8 and the right side at 0.5, and compared with
the simulation results when both are at 0.8, it can be observed that although there are
significant fluctuations, there is no obvious increase in rollover risk. This indicates that the
algorithms proposed in this work can still ensure good control effects when the coefficients
of adhesion on both sides are inconsistent.
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Figure 14. Asymmetric adhesion rollover risk. (a) Risk of rollover. (b) Error of risk.

The results indicate that under various coefficients of adhesion and center-of-gravity
heights, the rollover risk of the vehicle remains within safe limits. This finding is crucial as
it demonstrates the robustness of the algorithms across a range of conditions that could
potentially affect vehicle stability. By maintaining the rollover risk within an acceptable
threshold, the proposed methods ensure that safety is upheld, even in challenging sce-
narios with reduced traction or altered weight distribution. The comprehensive analysis
and simulation outcomes provide a strong foundation for the further development and
application of these algorithms in real-world human–machine cooperative driving systems.

The projected polygon method has been widely recognized and utilized in existing
literature to assess stability [23]. Further analysis of the vehicle rollover risk during simula-
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tion was conducted using the projected polygon method. Initially, the normalized critical
stability boundary of the vehicle was obtained. Subsequently, the discrete data obtained
during the full-condition simulation were processed and projected, yielding the results
shown in Figure 15. In this figure, the blue solid line represents the critical stability bound-
ary, while the red dots indicate the ends of the resultant vectors combining the longitudinal
and lateral forces of the vehicle. Based on the analysis of the results, it is evident that the
ends of the resultant vectors consistently remained within the critical stability boundary
throughout the entire simulation process, indicating that the vehicle maintained stability
and was not subject to any rollover risks throughout. This further validates the effectiveness
of the present work.
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5. Conclusions

This research considered the safety and rollover stability issues in the process of obstacle
avoidance trajectory planning, studied the non-cooperative game model construction method
of the obstacle avoidance process with fusion risk, and proposed a Kmeans-SMOTE risk
clustering fusion method for the obstacle avoidance trajectory planning to determine the
optimal feasible region. On this basis, the improved artificial potential field index and rollover
dynamics index of heavy trucks were established, and an obstacle avoidance trajectory
planning method integrated with rollover dynamics was proposed, which can ensure vehicle
safety and traffic efficiency while reducing rollover risk and obstacle avoidance trajectory.

The results show that compared with the basic PSO trajectory planning method, the
average driving risk obtained by the method proposed in this paper was reduced by 23.84%,
and the peak value was reduced by 33.19%. In addition, in terms of dynamics parameters,
the peak value of lateral acceleration was reduced by 33.58%, and the average value was
reduced by 29.06%; the peak value of roll angle was reduced by 18.26%, and the average
value was reduced by 13.82%, which indicates that the method proposed in this paper
effectively reduces the probability of the controlled vehicle’s instability and rollover.

This paper makes progress in trajectory planning for vehicles, but there is still sig-
nificant room for improvement. A crucial area for future research is understanding the
relationship between the effectiveness of the planning and the road surface’s grip (adhe-
sion coefficient). Future studies will focus on developing advanced methods to precisely
estimate both the road’s grip and the height of the vehicle’s center of gravity. These ad-
vancements will allow the model’s parameters to be adjusted dynamically (real-time) based
on driving conditions. This will ultimately lead to more adaptable algorithms that can
perform well in a wider range of situations.

In the future, further study on the impact of dynamic load uncertainty on driving risk
will be carried out and the proposed algorithm will be applied to a real vehicle test for
effectiveness verification.
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