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Abstract

This study was conducted in order to enrich the safety evaluation system of vehicles on
complex road sections and provide quantitative support for speed control and driving
decision-making. To address the driving stability issue caused by trajectory uncertainty
on curved roads, we analyzed lane-changing stability and found that trajectory variations
induce a step change in centrifugal force, aggravating lateral instability. Secondly, we
developed a variety of simulation schemes to determine the stability limit speed under
multi-source information fusion and constructed the corresponding database. Finally, we
established an interpretable driving stability evaluation method based on the Differential
Evolution-Extended Belief Rule Base-Shapley Additive Explanations (DB-EBRB-SHAP)
model. This model incorporates driving behavior as a qualitative variable into the hybrid
framework, and its accuracy was further enhanced through parameter optimization. The
results demonstrate that the model achieves high evaluation accuracy for driving stability
on curved road sections (MAE = 0.0306 and RMSE = 0.0363). Interpretability analysis
reveals that curve radius and lane-changing behavior are the key influencing parameters;
the negative interaction effect between the two on driving stability will weaken as the curve
radius increases.

Keywords: road alignment; trajectory uncertainty; driving stability; belief rule base;
interpretability analysis

1. Introduction
Road traffic safety and the casualties and economic losses caused by traffic accidents

remain a global concern [1,2]. Statistically, over 25% of fatal accidents are related to road
curvature, and the average accident rate on curved sections is approximately three times
that of other types of sections [3], and the severity of the accidents is even higher [4]. Vehicle
stability is related to the speed, height of the center of mass, load, road alignment and
friction [5,6]. At transitional curves where radius varies, inadequate speed or steering
adjustments may induce rollover or skidding accidents, which has a significant impact on
driving on curved sections [7,8].

In recent years, scholars at home and abroad have conducted extensive research
on the safety of vehicles on curved sections. The research focuses on the characteristics
of traffic accidents, factors influencing driving risks on curved sections, vehicle dynamic
feature analysis, and collision risk assessment [9–11]. Analyzing the dynamic characteristics

Vehicles 2026, 8, 25 https://doi.org/10.3390/vehicles8020025

https://crossmark.crossref.org/dialog?doi=10.3390/vehicles8020025&domain=pdf&date_stamp=2026-02-01
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/vehicles
https://www.mdpi.com
https://orcid.org/0009-0006-8520-621X
https://orcid.org/0000-0001-7026-2231
https://doi.org/10.3390/vehicles8020025


Vehicles 2026, 8, 25 2 of 21

of vehicles during their operation on curved sections can enhance the stability of vehicle
movement and reduce the risk of lateral instability during operation on curved sections [12].
Lateral instability mainly manifests as two failure modes: skidding and rollover. When
the frictional force between the tires and the road surface is insufficient to counteract
the centrifugal force of the vehicle during steering, the vehicle may skid [13]. When the
overturning moment generated by the centrifugal force during a vehicle’s turn exceeds
the stabilizing moment, a rollover may occur [14]. Lateral acceleration is an important
indicator for describing the lateral stability of a vehicle. Its dynamic response characteristics
can reveal the evolution of stability. If the lateral acceleration of a vehicle during steering
exceeds the critical value, there is a risk of skidding and rollover [15]. The evaluation
indicators of vehicle rollover include rollover index (RI) [16], the lateral load transfer
ratio (LTR), time to rollover (TTR) and the static stability factor (SSF) [17]. The evaluation
indicators for vehicle skidding include the skidding angle [18], lateral offset [19] and yaw
rate [20].

Current research on driving stability related to road alignment characteristics primarily
develops along three aspects. The first is to establish the relationship between geometric de-
sign elements and vehicle dynamics based on statistical regression, and analyze the impact
of road linear changes on vehicle dynamics from a macroscopic perspective [21,22]. Alrejjal
et al. [14] used truck collision accident data on curved roads and revealed the correlation
between road curves, road surface friction and rollover risk through the correlated random
parameters logit model. Similarly, Liu et al. [23] established a regression equation based
on traffic accident data, pointing out that the most important factor for vehicle collisions
with road infrastructure is the curve radius, and road superelevation is the main factor
affecting rollover accidents. Wang et al. [24] revealed the log-linear relationship between
curve radius and vehicle running speed through generalized estimation equations. In
another study, Alrejjal et al. [25] analyzed the correlation among road curves, road surface
friction and rollover risk using collision accident data from curved roads. Zolali et al. [26]
employed driving simulator data to develop structural equation modeling (SEM), quan-
tifying how temporal factors, weather conditions, and horizontal curvature collectively
influence speed selection. Such studies have, to some extent, revealed the influencing
factors of driving risks; however, ignoring the problem of unbalanced distribution of traffic
accidents may bring biases to the modeling results [27]. The accuracy of judging the com-
plex causal relationship between road alignment and vehicle stability through regression
models is still questionable [28]. The second is to simplify the vehicle model, combined
with the kinematic and dynamic principles to construct theoretical analysis frameworks.
Zhang et al. [29] developed a 7-DOF vehicle model to estimate the vehicle roll angle. Chen
et al. [30] studied the lateral instability patterns of vehicles on flat and curved sections,
established a framework for correcting the design speed, and pointed out the unreasonable
speed limit strategies. Based on the four-wheel vehicle model and the 2D LuGre tire model,
Huang et al. [31] discussed the influence of LTR, longitudinal speed and tire–road surface
friction coefficient on the phase plane stable region. Wang et al. [32] analyzed the influence
of front-wheel drive and rear-wheel drive modes on the stability of vehicles by establishing
a 5DOF vehicle dynamics model. Žuraulis et al. [33] developed a 14-degree-of-freedom
vehicle model to study the key influences of road curvature, pavement roughness and
speed on vehicle stability. The basic point-mass vehicle model simplifies the vehicle as
a single point, thus neglecting its dimensions and the load transfer induced by lateral accel-
eration. This simplification makes it inadequate for accurately simulating vehicle turning
maneuvers [34,35]. These modeling methodologies inevitably face accuracy–simplicity
trade-offs, particularly when characterizing complex vehicle dynamics under coupled
lateral–longitudinal motion conditions. The third is to use simulation software to set traffic
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scenarios and analyze the alignment–vehicle interaction dynamics [36,37]. Sun et al. [38]
demonstrated through Trucksim/Simulink simulation that a larger curve radius reduces
the risk of vehicle skidding or rollover. Khanjari et al. [39] utilized Carsim/Truksim to
study the influence of road sections with reverse horizontal curves and vertical slopes
of different vehicles. Zheng et al. [40] used Carsim/Simulink to establish different road
surface conditions and analyzed the braking stability of vehicles under different adhesion
characteristics. Chen et al. [41] used Truksim to study the impact of transition curve design
and superelevation on truck rollover threshold speed. Such research enables systematic
parameterization of vehicle–road–environment interactions, and deeply reveals the vehicle
dynamic status under the influence of multiple factors.

There are still many limitations in the current research. First, existing studies pre-
dominantly assume fixed trajectory movement (along road centerlines) to analyze the
stability-influencing factors, while neglecting stability dynamics during trajectory varia-
tions where centrifugal force direction changes. Second, trajectory uncertainty is a reflection
of driving behavior. However, current modeling frameworks fail to effectively couple qual-
itative driving behavior (inside/outside lane change) with quantitative road geometric
parameters in hybrid approaches. Thirdly, stability assessment constitutes a critical foun-
dation for driving decisions and trajectory planning, necessitating highly interpretable
evaluation outcomes. Current methodologies demonstrate limited capability in leveraging
multi-source uncertain data, resulting in insufficient interpretability of both the assessment
models and their outputs.

The uncertainty of the trajectory is a qualitative variable. It is crucial to establish a hy-
brid model capable of handling both qualitative and quantitative variables and capture the
complex logic underlying stability assessment. To comprehensively utilize quantitative and
qualitative information, Yang et al. [42] introduced a confidence framework into IF-THEN
rules and first proposed the Belief Rule Base (BRB). Aiming at the combinatorial explosion
problem caused by the excessive number of prerequisite attributes and the excessive value
of prerequisite attributes in BRB, Liu et al. [43] proposed the Extended Belief Rule Base
(EBRB), which is widely applied in fields such as fault diagnosis [44], safety assessment [45],
and risk prediction [46]. Given the numerous influencing factors and their complex, non-
linear, and uncertain relationships in vehicle stability assessment, model interpretability
becomes essential. Shapley additive explanations (SHAP) is a machine learning model
interpretation method inspired by cooperative game theory, which can calculate the specific
influence of each feature on the model prediction. Parsa et al. [47] utilized SHAP to conduct
interpretable analysis on accident prediction machine learning models and evaluate the
feature dependence of accident occurrence factors. Furthermore, models such as LightGBM
and CatBoost can be combined with SHAP to enhance interpretability and elucidate the
importance of interacting variables [48].

Based on the above analysis, this study proposes to construct a driving safety assess-
ment model by combining the EBRB and SHAP. The main work includes the following:

• This study investigates the impact of trajectory uncertainty on driving stability in
curved roads. Guided by highway design standards, we constructed scenarios
to determine stability limit speeds under three trajectories: along the road cen-
terline, inside lane changing and in outside lane changing, ultimately compiling
a comprehensive dataset.

• Based on the Extended Belief Rule Base, we propose a refined methodology incorpo-
rating parameter optimization, which transforms both quantitative and qualitative
inputs into belief distributions to achieve unified modeling of semantic information
and uncertainty. Using the simulation-generated dataset, we validate the proposed
model’s accuracy in driving stability assessment.
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• We develop an interpretable Differential Evolution-Extended Belief Rule Base-Shapley
Additive Explanations (DE-EBRB-SHAP) framework, conducting attribution anal-
ysis to identify key stability-influencing factors and their interaction effects under
trajectory uncertainty.

The rest of this article is organized as follows. Section 2 introduces driving stability
and dataset construction. Section 3 presents the modeling methods and research framework.
Section 4 provides a detailed account of the experimental setup and result analysis. Section 5
summarizes this article and provides an overview of future work.

2. Description of Driving Stability Assessment
2.1. Force Analysis of Vehicle on Curve Section

This study discusses the vehicle stability on curved sections with trajectory uncertainty,
mainly focusing on the rollover and skidding dynamics during trajectory variations. When
traveling on superelevated curved roads, load transfer occurs during wheel motion, which
is specifically manifested as an asymmetric distribution of vertical loads on the inner and
outer wheels [49,50]. The force analysis on curved road section is shown in Figure 1.

Figure 1. Force analysis of vehicle on curved road section.

By analyzing the influencing factors of vehicles on a curved road, and taking the
fixed trajectory condition as an example, the force balance equation along the y-axis can be
expressed as [51]

Fycosθb + Fzsinθb − may = 0 (1)

The force balance equation along the z-axis is

Fysinθb − Fzcosθb + mg = 0 (2)

The torque equilibrium equation around the x-axis is

mayhscosθs + mghssinθs − Kθθ = 0 (3)

Assuming the roll angle is small, the following simplification can be made.{
Kθθ = mayhs + mghsθs

hs = hc − ho
(4)

where m represents the sprung mass; hc is the height of the vehicle’s sprung mass center;
hs is the height from the sprung mass center to the roll center; ho is the height of the roll
center; b is the wheelbase; θ is the vehicle body roll angle; θb is the road slope angle; θs is
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the inclination angle of the mass center-to-roll centerline from the vertical; Fy and Fz are the
roll load and vertical load at the roll center O, respectively.

(1) Critical speed for sideslip

The critical condition for vehicle skidding is when the lateral force reaches the maxi-
mum adhesion between the tire and the road surface [52]. The maximum lateral adhesion
can be expressed as

Fy = Fz φ (5)

where φ is tire–road friction coefficient.
Due to the relatively small slope angle of the road, cosθb ≈ 1, sinθb ≈ θb, and the su-

perelevation E = tanθb ≈ θb, ignoring the terms containing θ2
b. Thus, Equations (1) and (2)

can be simplified as {
Fy = may − mgE
Fz = mg + mayE

(6)

Therefore, Equation (5) can be simplified as

may − mgE = (mg + mayE)φ (7)

By combining the equation ay = v2/R, the critical speed for sideslip can be obtained
as follows:

vs =

√
φ + E

1 − φE
gR (8)

where vs is the critical speed for sideslip.

(2) Critical speed for rollover

The critical condition for vehicle rollover is that the vertical load on the inner wheels
is zero [52]. Based on this, the moment equilibrium equation can be established as follows:

Kθθ + Fyho − Fzb/2 = 0 (9)

Combining Equation (6) can be expressed as

Kθθ + (may − mgθb)ho + (mg + mayθb)b/2 (10)

Under the assumption of small roll angle approximation, the superelevation
E = tanθb = θb and assuming hc = ho, by combining Equation (3), we obtain

ay

g
=

Ehc + b/2
hc − E(b/2)

(11)

By combining the equation ay = v2/R, the critical speed for rollover can be obtained as

vt =

√
b + 2(hs + h0)E
2(hs + h0)− bE

gR (12)

where vt is the critical speed for rollover.
Summarizing the above analysis, the maximum speed vm at which a vehicle neither

skids nor rolls over on a curved road can be expressed as [53]

vm = min(vs, vt) (13)
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According to Equations (1) and (2), the influencing factors considered in this paper
include DB (driving behavior), H (vehicle center of mass height), b, v, R, E and φ. The static
stability factor (SSF) is introduced as a geometric characterization parameter of the vehicle.
The larger the SSF, the smaller the possibility of vehicle instability.

SSF =
b

2H
(14)

By establishing a vehicle speed prediction model that incorporates these factors, the
safety status of the vehicle can be evaluated. The evaluation model can be expressed as

S = Γ(DB, v, R, E, φ, SSF, ς) (15)

where S is the stability state of the vehicle; Γ( ) is a nonlinear safety state evaluation
function; ς is the parameter of the evaluation model.

2.2. Evaluation Index for Driving Stability

(1) Sideslip index

During curved road driving, when the combined force of longitudinal and lateral is
greater than the maximum available friction force, the vehicle experiences lateral slip [54],
resulting in lateral deviation [55,56]. This study adopts lateral offset as the lateral slip
evaluation index, as shown in the following equation.

DL ≤ Wr − Wv

2
(16)

where DL is the vehicle lateral offset; Wr is the road width; Wv is the vehicle width.
The lateral offset of the vehicle during driving is shown in Figure 2. In the simulation

study, we gave the ideal driving trajectory and took the lateral offset of the vehicle relative
to the ideal trajectory as the sideslip evaluation index. During the simulation, Wr = 3.75 m.
If Wv = 1.48 m, 3.75−1.48

2 = 1.135 m, it indicates that the outer wheels of the vehicle are
about to cross the boundary of the current lane and enter the adjacent lane, and it indicates
that the vehicle has reached the sideslip limit. This sideslip limit is not only applicable
when the vehicle is traveling in the current lane, but also during lane-changing processes.
When the vehicle follows a defined lane-changing trajectory, the same sideslip limit is used
to determine whether sideslip occurs.

Figure 2. Vehicle lateral offset DL.

(2) Rollover index

During curved road driving, when the vertical force of the inner load decreases, the
vehicle loses roll stability, creating rollover risk [57]. Existing research has verified the
credibility of the lateral load transfer ratio (LTR) as an evaluation index for rollover [58,59],
as shown in the following equation.

https://doi.org/10.3390/vehicles8020025
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LTR =

n
∑

i=1
(Fli − Fri)

n
∑

i=1
(Fli + Fri)

(17)

where i and n represent the positions and total number of axles, respectively. Fli is the
vertical load on the left wheel at axle i. Fri is the vertical load on the right wheel at axle i.

LTR ∈ [−1, 1], the value is defined by the difference in vertical loads between the left
and right tires. When LTR = 0, it indicates that the vertical loads on both sides are equal,
and the vehicle is in a stable condition with no immediate rollover risk. When LTR = ±1, it
indicates that the vertical load on one side of the tires has reduced to zero. This represents
the critical state where wheels begin to lift off, marking the theoretical threshold for rollover.

2.3. Dataset Construction

This study employs Carsim to establish various simulation scenarios. The basic
parameters of the vehicle model are shown in Table 1.

Table 1. Key parameters of the vehicle model.

B-Class Hatchback C-Class Hatchback D-Class SUV

Vehicle mass/kg 1110 1270 1430
Center of mass

height/mm 540 540 650

Axle track/mm 1480 1675 1565
Wheelbase/mm 2600 2910 2660

The lane change trajectory is generated by quintic polynomial curve, and the safe criti-
cal speed under different trajectories of each working condition is analyzed. The vehicle’s
driving direction is controlled by the ‘1.5 s preview control strategy’. It is stipulated that
the straight sections adopt 2% bidirectional cross slope, and the superelevation transitions
are implemented through rotation about the road centerline, as shown in Figure 3.

Figure 3. Road superelevation transition form.

The simulation scheme design complies with Chinese highway design codes ‘Highway
Engineering Technical Standards’ (JTG B01-2014) [60] and ‘Highway Alignment Design Specifi-
cations’ (JTG D20-2017) [61]. Through the permutation and combination of the values of
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influencing factors, multiple simulation experiment schemes are established as shown in
Table 2, including a total of 3375 working conditions.

Table 2. Simulation scheme.

R (m) E (%) φ SSF DB

300, 350, 400, 450, 500, 550,
600, 650, 700, 750, 800, 850,

900, 950, 1000
4, 5, 6, 7, 8 0.4, 0.5, 0.6, 0.7, 0.8 1.37, 1.49, 1.55

Lane keeping,
Inside lane change,

Outside lane change

Summarizing the above steps, the process of constructing the driving stability assess-
ment dataset for curved road sections is shown in Figure 4.

Figure 4. The construction process of the driving stability assessment dataset.

2.4. The Fundamental Characteristics of Dynamics with Uncertain Trajectories

The vehicle’s movement along a fixed trajectory and lane-changing trajectory on
a curved road is shown in Figure 5. The lane-changing behavior involves two distinct
wheel turns. The sudden change in the curvature of the vehicle’s trajectory leads to a step
in centrifugal force, affecting the vehicle’s stable state.

  
(a) (b) 

Figure 5. Schematic diagram of the vehicle trajectory on curve road. (a) Schematic diagram of vehicle
lane changing. (b) Schematic diagram of vehicle trajectory.

Select the same simulation scheme to analyze the influence of trajectory uncertainty
on vehicle dynamics (R = 600 m, E = 6%, v = 100 km/h, φ = 0.9). The pitch angle (α),
roll angle (β), yaw angular velocity (ωr) and the vertical acceleration (az), longitudinal
acceleration (ax), and lateral acceleration (ay) of the vehicle’s center of mass are used
to characterize the pitch motion, roll motion, yaw motion, vertical motion, longitudinal
motion, and lateral motion, respectively. The basic characteristics of the motion with
an uncertain trajectory are shown in Figure 6.

https://doi.org/10.3390/vehicles8020025
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(a) (b) (c) 

Figure 6. Basic characteristics of motion with uncertain trajectories. (a) Lane keeping. (b) Inside lane
changing. (c) Outside lane changing.

The trajectory change mainly affects the vehicle’s yaw angle and lateral accelera-
tion. The lane-changing process induces two distinct yaw angles, as in the description in
Figure 5a, causing the lateral acceleration to change accordingly. Notably, the second yaw
variation exhibits a higher amplitude, with post-maneuver lateral acceleration oscillations
observed. Compared with inside lane changing, outside lane changing generates greater
lateral acceleration.

Furthermore, based on Figure 6, the driving stability of the vehicle when changing
lanes on the inner side, along a fixed trajectory, and on the outer side at the same fixed
speed is analyzed as shown in Figure 7.

  
(a) (b) 

Figure 7. Driving stability under trajectory changes. (a) Lateral offset. (b) LTR.

It can be seen from the lateral displacement and LTR changes in Figure 7 that lane-
changing behavior has a significant impact on driving stability. As shown in Figure 7a, the
lane-changing behavior of vehicles on curved sections will increase lateral slip, and the
maximum slip occurs during the first turn when changing lanes to the inside. As shown
in Figure 7b, the lane-changing behavior of the vehicle will intensify the degree of load
transfer, and changing lanes inward is more likely to cause vehicle instability than changing
lanes outward. After leaving the curve, due to the influence of suspension or inertia, the
load transfer cannot completely disappear.

3. Materials and Methods
3.1. EBRB Inference for Driving Stability Assessment

(1) The construction of EBRB

The k-th rule Rk can be expressed as [62,63]

Rk : IF U1 is
{(

A1,j, αk
1,j

)
, j = 1, · · · , J1

}
∧ . . . ∧ UM is

{(
AM,j, αk

M,j

)
, j = 1, · · · , JM

}
THEN D is

{(
Dn, βk

n

)
, n = 1, · · · , N

}
with θk and (δ1, · · · , δM)

(18)
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where Ui (i = 1, . . . , M) is the i-th antecedent attribute; Ji is the number of possible values
of Ui; Dn is the n-th assessment result; βk

n ∈ [0, 1] is the belief degree of Dn; θk ∈ [0, 1] is the
rule weight of Rk; δi is the attribute weight of Ui.

To enhance the accuracy of the driving stability assessment, the EBRB model is con-
structed by integrating simulation data with expert knowledge. The specific modeling
process is illustrated in Figure 8.

Figure 8. The construction process of EBRB.

Step 1: Initialize the parameter. The key initialization parameters include antecedent
attributes and the number of possible values M, the utility value u

(
A1,j

)
of all candidate

levels A1,j in Ui (i = 1, · · · , M), the utility value u(Dn) of all levels Dn and the attribute
weight δi of the antecedent attribute.

Step 2: Calculate the distributed belief level. For the k-th sample for driving stability
assessment, with xk = (xk,1, · · · , xk,M) as the input and yk as the output, the distributed
belief levels of its antecedent and consequent attributes can be calculated as follows.S(xk,i) =

{(
Ai,j, αk

i,j

)
; j = 1, · · · , Ji

}
S(yk) =

{(
Dn, βk

n

)
; n = 1, · · · , N

} (19)

and αk
i,j =

u(Ai,j+1)−xk,i

u(Ai,j+1)−u(Ai,j)
and αk

i,j+1 = 1 − αk
i,j, i f u

(
Ai,j

)
≤ xk,i ≤ u

(
Ai,j+1

)
αk

i,t = 0 f or t = 1, · · · , Ji and t ̸= j, j + 1
(20)

Step 3: Calculate the rule weights. The SRA (Similarity of Rule Antecedents) and SRC
(Similarity of Rule Consequents) of the rule can be calculated by distributed belief degrees.

SRA(Rl , Rk) = 1 − max
t=1,··· ,M

√
Ji
∑

j=1

(
αl

t,j − αk
t,j

)2
, l = 1, · · · , L; l ̸= k

SRC(Rl , Rk) = 1 −
√

N
∑

n=1

(
βl

n − βk
n
)2, l = 1, · · · , L; l ̸= k

(21)

Therefore, the degree of inconsistency of the k-th rule can be expressed as
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ID(Rk) =
L

∑
l=1,l ̸=k

1 − exp

−

(
SRA(Rl , Rk)

SRC(Rl , Rk)
− 1

)2

(
1

SRA(Rl , Rk)

)2


 (22)

Thus, the k-th rule weight is expressed as

θk = 1 − ID(Rk)

∑L
j=1 ID

(
Rj
) (23)

(2) Rule-based inference in EBRB

Following the construction of the EBRB, the rule inference step is conducted [64], and
the basic process is shown in Figure 9.

Figure 9. The rule reasoning process of EBRB.

For the input data x = (x1, · · · , xM) for driving stability assessment, each attribute xi

is converted into a confidence distribution according to Equations (19) and (20), and the
activation weight of the input data on the rule Rk can be expressed as

ωk =

θk
M
∏
i=1

(
Sk(xi, Ui)

)δi

L
∑

j=1

[
θj

M
∏
l=1

(
Sj(xl , Ul)

)δl

]
δl =

δi
maxi=1,··· ,M{δi}

(24)

When ωk > 0, it indicates that the k-th rule is an activation rule.
Rule reasoning is carried out using the evidential reasoning (ER) as follows.

βn =
µ×

[
L
∏

k=1

(
ωk βk

n+1−ωk
N
∑

i=1
βk

i

)
−

L
∏

k=1

(
1−ωk

N
∑

i=1
βk

i

)]
1−µ×

[
L
∏

k=1
(1−ωk)

]

µ =

[
N
∑

n=1

L
∏

k=1

(
ωkβk

n + 1 − ωk
N
∑

i=1
βk

i

)
− (N − 1)

L
∏

k=1

(
1 − ωk

N
∑

i=1
βk

i

)]−1
(25)

where β j indicates the confidence level of the reasoning regarding result Dj.
Therefore, the result utility value of input data x can be expressed as

fU(x) =
N

∑
s=1

u(Ds)βs(x) (26)
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3.2. Improved EBRB Model for Driving Stability Assessment

During the EBRB construction, the initial parameter settings are usually given in ad-
vance by experts, exhibiting significant subjectivity. We introduce a parameter optimization
model with reference to existing studies [65].

Assuming the driving stability assessment data ⟨xt, yt⟩(t = 1, · · · , T), for inference
result f (xt), the optimization model can be expressed as follows.

min MAE
{

δi, u
(

Ai,j
)
, u(Dn)

}
=

T
∑

t=1
|yt − f (xt)|

s.t. 0 < δi ≤ 1, i = 1, · · · , M
u
(

Ai,j
)
≤ u

(
Ai,j+1

)
, i = 1, · · · , M; j = 1, · · · , Ji − 1

u(Ai,1) = lbi, u
(

Ai,Ji

)
= ubi, i = 1, · · · , M

u(Dn) ≤ u(Dn+1), n = 1, · · · , N − 1
u(D1) = lb, u(DN) = ub

(27)

where lbi and ubi represent the bounds of the i-th antecedent attribute; lb and ub represent
the bounds of the consequent attribute. The optimization adopts Differential Evolution
(DE), with specific steps as follows.

Step 1: The candidate c in the s-th iteration can be expressed as

Ps,c =
{

ps,c
k , k = 1, · · · , K

}
=

{
δi, u

(
Ai,j

)
, u(Dn)

}
, s = 1, · · · , S; c = 1, · · · , C (28)

where ps,c
k is the k-th optimizable parameter; K is the number of parameters to be optimized.

The initial value of the optimizable parameter can be expressed as

p0,c
k = lbk + (ubk − lbk)× random(0, 1); c = 1, · · · , C; k = 1, · · · , K (29)

Step 2: In the s-th iteration, different Ps,c1 , Ps,c2 and Ps,c3 are selected from individual c
to generate Ps,c0 .

ps,c0
k =

 ps,c
k , i f random(0, 1) > CR

ps,c1
k + F ×

(
ps,c2

k − ps,c3
k

)
, otherwise

; c = 1, · · · , C; k = 1, · · · , K (30)

where F is the crossover factor; CR is the for variant factor.
Step 3: If the parameter of Ps,c0 exceeds the constraint conditions, it will be reassigned

according to Equation (29) and Ps,c will be updated in the following way.

Ps,c =

{
Ps,c0 , MAE(Ps,c0) < MAE(Ps,c)

Ps,c, otherwise
(31)

Step 4: The optimization terminates after s iterations, and the solution minimizing the
objective function is selected as the optimized EBRB parameters.

3.3. SHAP Framework for Driving Stability Assessment

This study incorporates explainability techniques from machine learning to develop
a unified framework integrating enhanced EBRB and SHAP [66]. For ⟨xt, yt⟩(t = 1, · · · , T),
the interpretation model g(x′) for simplifying input x′ can be expressed as

g
(
x′
)
= ϕ0 +

M

∑
m=1

ϕmx′m (32)

where M is the number of antecedent attributes; ϕ0 is the baseline SHAP value when all
features are missing. The inputs x and x′ are associated through x = hx(x′); combine
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the conditional expectation with the SHAP value into the feature attribution metric ϕm

according to the following equation [67].

ϕm( f , x) = ∑
Z′⊆X′

|Z′|!(M − |Z′| − 1)!
M!

[
fx
(
Z′)− fx

(
Z′\m

)]
(33)

where |Z′| is the number of non-null samples in Z′.
The SHAP value quantifies the average marginal contribution of a feature across all

possible feature coalitions. Specifically, a positive SHAP value indicates that the feature
increases the model’s prediction (a positive effect), whereas a negative value suggests
a decreasing effect (a negative effect). Integrating SHAP analysis with the EBRB model sig-
nificantly enhances the model’s interpretability. Based on SHAP summary and dependence
plots, this approach can reveal the nonlinear relationships between various factors and
driving stability. Furthermore, we can rank factor importance by the mean absolute SHAP
values to identify key influences, and examine interaction effects among them using SHAP
interaction values. This integration not only enhances the transparency and credibility of
the EBRB model, but also provides support for safety assessment and decision-making
research [68,69].

Summarizing the above research content, the framework of the interpretable driving
stability assessment model DE-EBRB-SHAP proposed in this study is shown in Figure 10.

Figure 10. Framework for driving stability assessment and interpretability based on DE-EBRB-SHAP.

4. Results
4.1. Model Parameter Settings

Experimental data are derived from the simulation results in Table 2, and 1000 samples
are selected to verify the effectiveness of the proposed model. Referring to the existing
research [70,71], the optimized parameter configurations are documented in Table 3.

Table 3. Values of the main parameters of the model.

Parameter
optimization

Population size Number
of iterations

Crossover
factor

Mutation
factor

30 80 0.6 0.8

Rule
reduction

Gain threshold Loss threshold Gain
amplification factor

Loss
suppression coefficient

0.92 0.85 1.8 2
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4.2. Analysis of Model Effectiveness

The dataset was divided into a training set and a test set with an 80/20 ratio. The com-
parison results between the ground truth and the evaluated value are shown in Figure 11.
The accuracy of the mean absolute error (MAE) and root mean square error (RMSE) eval-
uation models for driving stability assessment was selected [72,73], and the calculation
equation can be expressed as

MAE =
1
n ∑n

l=1

∣∣∣Sl − Ŝl

∣∣∣
RMSE =

√
1
n ∑n

l=1

(
Sl − Ŝl

)2 (34)

where n represents the number of samples in the test set; Sl is the true value of driving
stability; Ŝl represents the assessment value for driving stability.

Figure 11. Speed assessment on curved sections.

As can be seen from Figure 11, the evaluated speed closely matches the ground truth
values, with the mean absolute error (MAE) of 4.39 km/h and the root mean square
error (RMSE) of 5.15 km/h. The grades of stable driving states are classified as follows:
{Dangerous, v > 1.1 vm; Critical, 0.9 vm < v < 1.1 vm and Safe, v < 0.9 vm}. Figure 12
illustrates the stability assessment results, with the red line (S = 1) indicating the vehicle
stability limit states of different samples. The model’s stability assessment values show
tight clustering within the [0.9, −1.1], with MAE = 0.0306 and RMSE = 0.0363. These results
demonstrate the model’s capability for accurate stability prediction and assessment on
curved roads through multi-source data fusion.

Figure 12. Results of driving stability assessment.
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4.3. Interpretability Analysis

(1) Analysis of Factors Influencing Stability

Quantifying the influence of different factors on driving stability based on SHAP
values can effectively identify the dominant and secondary factors affecting stability and re-
veal the direction of action and nonlinear relationship of each factor; the SHAP dependence
graph of different factors is shown in Figure 13.

Figure 13. SHAP dependence graph of different factors.

As can be seen from Figure 13, the SHAP value distribution range of the curve radius R
is the largest, which is the main factor affecting driving stability. The SHAP value shows an
upward trend, reflecting the strong regulatory effect of the curve radius on stability. When
R = 700 m, the SHAP value is around 0, indicating that there is a positive and negative
conversion of stability contribution in this vicinity, suggesting that when R exceeds 700 m,
it can effectively ensure that the vehicle avoids the risk of instability. The variation range
of the SHAP values of ultra-high E and the coefficient of friction φ is relatively small.
Under the same value, the SHAP values both have positive and negative values, indicating
that the influence of ultra-high E and the coefficient of friction on driving stability is not
independent, and there is a significant interaction effect with other factors. The static
stability factor SSF has a relatively weak impact on driving stability. An increase in SSF has
a relatively small positive contribution to driving stability; this limited effect size is likely
attributable to the narrow range of SSF values covered by the selected vehicle models in
our dataset. Consistent with the existing research conclusions, the vehicle load and center
of mass height on curved sections are related to the rollover stability [14]. The effect of
driving behavior DB is relatively obvious. Lane-changing behavior (inward/outward) will
increase the risk of instability, but the influence of inward lane changing is more significant,
which is consistent with the simulation results in Figure 7.

(2) Analysis of the importance of different factors

To enhance the interpretability of the model results, the average absolute values of
SHAP for different factors were further calculated, and a honeycomb generalization graph
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was drawn as shown in Figure 14. The influence of different factors on the stability assess-
ment results varies. The changes in curve radius R and driving behavior DB significantly
affect the model output. E and φ have certain influences on the output results, but their
importance is slightly lower. SSF exhibits the lowest importance in our model for predict-
ing driving stability. This outcome could reflect the inherent design characteristics of the
selected vehicle models, whose SSF values fall within a narrow range, thereby limiting its
discriminative power in our specific simulation scenario. Existing studies have pointed
out the differences in skidding among different vehicle types on curved sections [74]. Each
data scatter in the figure represents a sample, and the SHAP values of different factors are
randomly distributed around 0, indicating the nonlinear relationship between different
factors and driving stability. Smaller values of R, E and φ will have a negative impact
on the stability assessment; this negative correlation is consistent with well-documented
findings in the literature [75]. The smaller the SSF, the more positive the impact it will have
on the stability assessment, which is consistent with the definition in Equation (14). The
SHAP honeycomb summary diagrams of different factors further reveal the primary and
secondary effects of changes in different factors on driving stability.

Figure 14. Overview diagram of SHAP honeycomb.

(3) Analysis of the interaction of the key factors

To further analyze the combined impact of the interaction effects of the key factors R
and DB on the model results, a two-factor SHAP dependency graph was drawn as shown
in Figure 15. When the curve radius is small, the positive impact of lane keeping (green
scattered points) on the stability assessment results is greater than that of lane-changing
behavior (blue and red scattered points), indicating that lane-changing behavior increases
the risk of instability on small-radius curves. As the radius of the curve increases to approx-
imately 700 m, the influence of this interaction effect gradually weakens, and the scattered
points of different colors are randomly distributed. When the curve radius increases to
700 m or more, the influence of the interaction effect on the stability assessment results is
no longer obvious, indicating that when the curve radius is small, lane-changing behavior
will seriously affect the stability state of the vehicle. When the curve radius is greater than
700 m, the specific risk of lane-changing behavior on stability is significantly reduced.
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Figure 15. Key factor interaction effects (R and DB).

5. Discussion
Aiming at the problem of driving stability assessment with uncertain trajectories on

curved road sections, this study proposes the DB-EBRB-SHAP framework by optimizing
the parameters of EBRB and combining the interpretability analysis of the results. The
main conclusions are as follows.

(1) The trajectory changes in curved road sections increase the lateral instability of vehi-
cles. A DE-EBRB-SHAP interpretability hybrid model was established with driving
behavior as the qualitative variable. The accuracy of the proposed model was verified
by constructing the dataset. The accuracy of stability assessment is MAE = 0.0306
and RMSE = 0.0363. This model innovatively incorporates driving behavior into
the modeling process, enriching the reliability of driving stability assessment in
complex scenarios.

(2) The interpretability analysis based on SHAP reveals the intrinsic mechanism that
affects driving stability. The radius of the curve and lane-changing behavior are the
key factors affecting the driving stability on curved sections. For the first time, the
unique interaction effect between the two was quantified: the negative impact of lane-
changing behavior on driving stability on small-radius roads is more obvious. When
the radius of the curve reaches 700 m or more, the interaction effect weakens. The re-
search results will provide a basis for the study of vehicle speed management, driving
behavior decision-making and trajectory planning on complex linear road sections.

(3) This study provides a valuable methodological framework for the assessment of
driving stability on curved road sections. However, the selection of influencing factors
and the range of scenarios considered remain limited. Future research should expand
the focus from single curves to more complex real-world environments, such as the
S-curve. Furthermore, in the context of intelligent interconnection, it is crucial to
explore how to integrate the results of this study with vehicle–road coordination
technology. This integration will provide speed guidance, trajectory planning or
collaborative warnings for vehicles, thereby facilitating the transition from static
assessment to dynamic risk prevention and control.
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