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Abstract: As human-driven vehicles (HDVs) and autonomous vehicles (AVs) coexist on
the road, the asymmetry between their driving behaviors, decision-making processes, and
responses to traffic scenarios introduces new safety challenges, especially in complex merg-
ing areas where frequent interactions occur. The existing traffic safety analysis of mixed
traffic is mainly to analyze each safety index separately, lacking comprehensive evaluation.
To investigate the safety risk more broadly, this study proposes a comprehensive safety
evaluation framework for mixed traffic flows in merging areas from the perspective of
traffic conflicts, emphasizing the asymmetry between HDVs and AVs. Firstly, an indicator
of Emergency Lane Change Risk Frequency is introduced, considering the interaction char-
acteristics of the merging area. A safety evaluation index system is established from lateral,
longitudinal, temporal, and spatial dimensions. Then, indicator weights are determined
using a modified game theory approach that combines the entropy weight method with
the Decision-Making Trial and Evaluation Laboratory (DEMATEL) method, ensuring a
balanced integration of objective data and expert judgment. Subsequently, a cloud model
enhanced with the fuzzy mean value method is then developed to evaluate comprehensive
safety. Finally, a simulation experiment is designed to simulate traffic operation of different
traffic scenarios under various traffic flow rates, AV penetration rates, and ramp flow ratios,
and the traffic safety of each scenario is estimated. Moreover, the evaluation results are
compared against those derived from the fuzzy comprehensive evaluation (FCE) method
to verify the reliability of the comprehensive evaluation model. The findings indicate that
safety levels deteriorate with increasing total flow rates and ramp flow ratios. Notably, as
AV penetration rises from 20% to 100%, safety conditions improve significantly, especially
under high-flow scenarios. However, at AV penetration rates below 20%, an increase of the
AV penetration rate may worsen safety. Overall, the proposed integrated approach pro-
vides a more robust and accurate assessment of safety risks than single-factor evaluations,
providing deeper insights into the asymmetries in traffic interactions and offering valuable
insights for traffic management and AV deployment strategies.

Keywords: traffic safety; comprehensive safety evaluation; mixed traffic; cloud model;
merging area

1. Background
Freeway merging areas are widely recognized as high-risk areas for traffic conflicts, as

vehicles entering from ramps must compete for space and forcibly merge with vehicles on
the mainline [1]. According to statistics, approximately 30% of traffic casualties on China’s
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freeways occur in merging areas [2]. Studies have demonstrated that traffic incidents in
freeway merging areas are closely associated with human driver decision-making errors [3].
With the rapid advancement of autonomous driving technology, this safety issue is expected
to be mitigated, as autonomous vehicles (AVs) can partially or completely eliminate human
errors in driving, thereby reducing traffic conflicts and collisions [4]. However, during the
transitional period from a human-driven vehicle (HDV)-dominated traffic environment to
a fully autonomous one, roadways will operate under a “mixed traffic flow” composed of
both HDVs and AVs [5]. Due to differences in information acquisition, decision-making
mechanisms, and driving behaviors between AVs and HDVs, their interaction may give rise
to new safety challenges in freeway merging areas [6]. For example, the unpredictability of
human drivers (e.g., hesitancy or aggressive merging) and the conservative behavior of
AVs may result in unexpected and complex interactions [7]. Despite these concerns, studies
examining risk assessment approaches that explicitly capture AV–HDV interactions in
merging areas remain limited [8]. Therefore, it is imperative to assess the safety implications
of these mixed traffic environments in merging zones, to provide evidence-based decision
support for government agencies and traffic management authorities in developing AV-
related policies and safety improvement strategies.

Existing studies on the safety of mixed traffic flows in merging areas have primarily
focused on simulating the impact of AV penetration rates and merging area geometry
using surrogate safety measures (SSMs), largely due to the scarcity of real-world crash
data [9,10]. Previous research typically employed one or several safety indicators for
separate analysis, such as time to collision (TTC), post-encroachment time (PET), and
deceleration rate to avoid a crash (DRAC) [11]. However, this approach has several
limitations. For instance, when a TTC threshold of 1.5 s is used to identify risky interactions,
all events with TTC values below this threshold are treated as equally hazardous, implying
the same level of crash severity. In reality, interactions with identical TTC values may differ
significantly in severity due to variations in factors such as vehicle speed, driver reaction
time, and braking performance [12]. TTC may only be able to measure the risk in terms
of time proximity, while other risk aspects (e.g., speed, mass, deceleration, etc.) are not
reflected [13]. Consequently, a single indicator cannot adequately reflect the true level of
safety risk. Moreover, different surrogate measures for safety lead to different outcomes,
and unfortunately, an acceptable method for selecting the best outcome has not yet been
proposed [14]. Therefore, two critical challenges must be addressed: (1) How can a set of
appropriate safety indicators be selected to provide a more comprehensive understanding
of safety risk in mixed traffic merging areas? (2) How can the results of multiple safety
measures be synthesized into a unified outcome that accurately represents the overall safety
level of merging zones under mixed traffic conditions, thereby informing effective safety
management strategies?

To tackle these issues, this study proposes a multidimensional safety evaluation index
system encompassing temporal and spatial aspects, as well as macro-level, micro-level,
lateral, and longitudinal perspectives. Moreover, it proposes a comprehensive evaluation
framework that integrates the cloud model with SSMs to assess the safety of the merging
area in mixed traffic conditions, aiming to assist traffic management departments in devel-
oping effective safety strategies. This study focuses on a merging area with a single-lane
parallel-type acceleration lane, a common configuration on expressways and urban free-
ways. This design facilitates smoother merging, but may also lead to misjudgment of speed
and distance, especially under high traffic volumes or low visibility conditions. There-
fore, this configuration is selected as the simulation scenario in this study. An illustrative
diagram of the merging area configuration is provided in Figure 1.
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Figure 1. Schematic diagram of the merging area with a single-lane parallel-type acceleration lane.

The remainder of this paper is structured as follows: Section 2 reviews the relevant
literature; Section 3 presents the methodology; Section 4 discusses the case study analysis;
and Section 5 concludes the study and outlines future research directions.

2. Literature Review
Given the limited deployment of autonomous vehicles (AVs) and the scarcity of real-

world AV data, the most feasible approach for analyzing the safety of mixed traffic flows
comprising human-driven vehicles (HDVs) and AVs is through traffic simulation combined
with surrogate safety measures (SSMs) [15]. This section focuses on the simulation modeling
of mixed traffic flow, the safety evaluation of freeway merging areas, and the application of
SSMs in this context.

2.1. Simulation Model of Mixed Traffic Flow

Due to the limited availability of real-world data, traffic simulation has proven to be
an effective tool for analyzing the safety of mixed traffic environments [13]. The reliability
of such simulations largely depends on the accuracy and representativeness of the underly-
ing traffic models [16]. One study considered the degradation of Cooperative Adaptive
Cruise Control (CACC) vehicles to Adaptive Cruise Control (ACC) vehicles in a connected
and automated vehicle (CAV) environment, using the Intelligent Driver Model (IDM),
CACC, and ACC models to represent the behavior of HDVs, CACC, and ACC vehicles,
respectively. The findings indicated that increasing the proportion of CACC-equipped
vehicles significantly reduced traffic safety risks when the penetration rate exceeded 0.5.
Moreover, the safety performance on highways improved notably under conditions of
high traffic demand [17]. Another study employed IDM, a gap-regulating model, and
the CACC and ACC models to simulate four distinct car-following modes, respectively,
to evaluate safety in mixed traffic flow [18]. However, this research did not consider the
impact of lane-changing behavior on traffic safety. A similar study used IDM, CACC, and
ACC models to represent the car-following behavior of HDVs and CAVs for assessing the
stability of mixed traffic, with the added distinction of modeling lane-changing behavior
using SUMO’s default LC2013 lane-changing model, with different parameter settings for
HDVs and CAVs [19]. Likewise, a study investigating the traffic impacts of expressway
accidents in a CAV mixed traffic environment also adopted the IDM, CACC, and ACC
models, along with the LC2013 model, to simulate both car-following and lane-changing
behaviors [20]. In addition, the cellular automata (CA) traffic flow model has also been
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widely applied to simulate the car-following behavior of HDVs and AVs in mixed traffic
scenarios [21,22].

2.2. Safety Evaluation of Mixed Traffic in Merging Areas

In general, the safety assessment of freeway merging areas primarily involves two
types of approaches: those based on historical crash data and those relying on traffic simu-
lation [3]. However, due to the scarcity of crash data involving autonomous vehicles (AVs),
most analyses of the potential safety impacts of AVs are conducted through simulation-
based methods. Zhu et al. [23] simulated mixed traffic flow at freeway on-ramp areas using
SUMO and assessed the safety impact of Avs, employing a reinforcement learning (RL)
strategy. Chen et al. [3] developed a software-in-the-loop co-simulation platform integrat-
ing PreScan and VISSIM for evaluating safety performance in freeway merging areas, and
found that both rear-end and lane-changing conflicts decreased as AV penetration increased.
Zhu et al. [8] further proposed a supervised learning algorithm combined with a Bayesian
hierarchical model to assess risk levels and predict the probability of risk occurrence at
various levels for interacting vehicles during merging. However, the effectiveness of the
proposed risk estimation approach was evaluated only from a theoretical standpoint due to
the lack of real-world AV data. Yu et al. [2] developed a ramp-entry model using the SUMO
simulation platform to estimate the safety impact of AVs at various penetration rates in
merging scenarios. The results indicated that AVs can enhance safety in ramp merging
situations. In summary, there remains a limited body of research specifically addressing
the safety assessment of mixed traffic flows in freeway merging areas.

2.3. Application of SSMs

SSMs are important for traffic safety evaluations because of difficulties regarding
accident data statistics. They are typically categorized into three groups: time-based,
deceleration-based, and energy-based measures [13]. Mohit Garg [19] assessed mixed
traffic safety using TTC and DRAC metrics, demonstrating that safety conflicts could be
reduced by up to 66.67% at a 70% AV penetration rate. Alkis Papadoulis [10] simulated
the interactions between HDVs and AVs using VISSIM, and observed reductions in TTC
conflict frequencies of 12–47%, 50–80%, 82–92%, and 90–94% at penetration rates of 25%,
50%, 75%, and 100%, respectively. Additionally, Tanmay Das [24] analyzed the influence
of SAE Level 2 AVs on longitudinal conflict mitigation using multiple SSMs, including
TTC, time-integrated TTC (TIT), DRAC, time-integrated DRAC (TIDRAC), modified TTC
(MTTC), margin to collision (MTC), and time-integrated difference between space distance
and stopping distance (TIDSS). Nevertheless, most existing studies have relied on one
or several safety indicators to evaluate traffic safety alone, which may result in biased
conclusions due to inconsistencies among different indicators. For example, Yao et al. [17]
evaluated the safety of mixed traffic using the standard deviation (SD) of vehicle speed,
time-exposed TTC (TET), and TIT. Their results indicated that AVs had no significant effect
on speed dispersion, but worsened both TET and TIT. Moreover, even when TTC values
are identical, safety risks in different scenarios may vary significantly due to differences
in vehicle speeds [13]. Thus, analyzing each indicator in isolation may fail to capture the
full spectrum of safety risks, as individual indicators reflect only certain aspects of the
overall risk. Therefore, integrating multiple surrogate safety indicators offers a promising
approach for more comprehensive safety assessments. Zheng et al. [25] proposed a method
that incorporates Post-Encroachment Time (PET) and Length Proportion of Merging (LPM)
into a bivariate extreme value theory model to estimate crash risk in freeway merging areas.
However, this approach considers only two surrogate safety measures, which may not
sufficiently capture the complexity of the underlying safety conditions. Another study
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introduced a novel index—the No-Collision Potential Index (NCPI)—by combining the
outcomes of four SSMs using fuzzy logic to estimate the safety level of merging zones.
Despite its innovation, this method relies on subjectively defined membership functions for
the SSMs and lacks consideration of the inherent randomness in traffic data [14]. In contrast,
the cloud model-based evaluation method addresses these limitations by providing a
unified framework to represent both the fuzziness and uncertainty of data [26]. This method
has already been successfully applied in various transportation safety evaluations [27,28].

To address these limitations, this study proposes a comprehensive traffic safety eval-
uation framework for mixed traffic flows in merging areas based on the cloud model
and SSMs. This study proposes a novel approach for the comprehensive evaluation of
traffic safety, thereby contributing to the advancement and enrichment of the theoretical
framework in traffic safety assessment. In addition, this approach enables a more accurate
assessment of safety levels and supports decision-making for transportation authorities
in formulating traffic safety enhancement strategies. Moreover, it offers valuable insights
for the future deployment of autonomous vehicles and holds significant theoretical and
practical value for accelerating their large-scale adoption and implementation.

3. Methodology
3.1. Framework of the Evaluation System

This study aims to evaluate the traffic safety of emerging mixed traffic flows in freeway
merging areas under various scenarios. First, a comprehensive evaluation index system
is established based on surrogate safety measures (SSMs), covering temporal, spatial,
lateral-longitudinal, and micro-macro dimensions to fully capture the characteristics of
traffic risk. Subsequently, objective weights are determined using the entropy method,
while subjective weights are derived through the Decision-Making Trial and Evaluation
Laboratory (DEMATEL) approach. These two sets of weights are then integrated using
a game-theory combination strategy to ensure a balanced and scientifically grounded
weighting scheme. Finally, a modified cloud model incorporating fuzzy clustering is
constructed for risk assessment. Specifically, fuzzy c-means (FCM) clustering is employed
to generate standard clouds for different risk levels, and reverse cloud generators are used
to produce the evaluation clouds of indicators. The indicator weights are then integrated
with the membership functions to compute the comprehensive membership degrees, which
serve as the basis for determining the final risk level of each scenario. The overall evaluation
framework is illustrated in Figure 2.
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Figure 2. Traffic safety evaluation framework.
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3.2. Establishment of Evaluation Index System

Considering the types of SSMs, this study selects six indicators to evaluate the traffic
safety conditions in freeway merging areas from multiple dimensions, including time and
space, lateral and longitudinal dynamics, as well as macro- and micro-level perspectives.
These indicators include the following: Modified Time-to-Collision (MTTC), Lane Change
Time-to-Collision (LCTTC), Deceleration Rate to Avoid a Crash (DRAC), Headway, Speed
Standard Deviation (SD), and a newly proposed metric—Emergency Lane Change Risk
Frequency (ELCRF), which represents the ratio of emergency lane changes to the total
number of lane changes, considering the high frequency of lane changes and vehicle
interactions in merging areas.

Detailed definitions and explanations of these six indicators are provided below.

1. Modified Time to Collision (MTTC)

The Modified Time to Collision (MTTC) is an improved indicator used to assess longi-
tudinal conflict risk in car-following scenarios. Unlike the traditional TTC, it incorporates
the acceleration of both the leading and following vehicles, rather than assuming constant
velocities [29]. This enhancement allows for a more realistic prediction of potential collision
risks in dynamic traffic conditions. The MTTC is calculated using the following equation,
and its conceptual illustration is provided in Figure 3.

MTTC =
−∆V ±

√
∆Vf

2+2af∆D

af
(1)

where ∆V denotes the speed difference between the leading and following vehicles (m/s);
∆Vf represents the speed of the following vehicle (m/s); af denotes the acceleration of
the following vehicle (m/s2); and ∆D is the distance between the leading vehicle and the
following vehicle (m).

Figure 3. Schematic diagram of MTTC.

2. Lane Change Time to Collision (LCTTC)

Lane Change Time to Collision (LCTTC) is an indicator used to assess lateral conflict
risk during lane-changing maneuvers. It is defined as the time remaining until a potential
lateral collision occurs between a lane-changing vehicle and a vehicle in the target lane,
assuming both maintain their current speeds and trajectories [30]. This metric captures
the dynamics of side-by-side interactions, which are critical in merging and overtaking
scenarios. The calculation equations are as follows, and a schematic illustration of the
lateral conflict scenario is provided in Figure 4.

LCTTC =−
da,b

Va,b
= − (Pb − Pa)

T × (Pb − Pa)

(Pb − Pa)
T × (Vb − Va)

(2)

da,b =

√
(Pb − Pa)

T × (Pb − Pa) (3)
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Va,b =
1

da,b
(Pb − Pa)

T × (Pb − Pa) (4)

where da,b is distance between the lane-changing vehicle and vehicle in target lane (m);
Va,b denotes the relative speed of the two vehicles (m/s); Pb = (xb, yb) is the position
vector of the vehicle in the target lane; Pa = (xa, ya) indicates the position vector of the
lane-changing vehicle; Vb represents the velocity vector of the vehicle in the target lane;
and Va represents the velocity vector of the lane-changing vehicle.

Figure 4. Schematic diagram of LCTTC.

3. Deceleration Rate to Avoid a Crash (DRAC)

DRAC is an indicator used to evaluate longitudinal conflict risk. It refers to the
minimum required deceleration that a vehicle must apply to avoid a collision, assuming
that the conflicting target vehicle maintains its current speed and trajectory [31]. This metric
helps assess critical braking situations in car-following scenarios. It is expressed by the
following equation, and a schematic diagram illustrating the longitudinal conflict scenario
is provided in Figure 5:

DRAC(t) =
[(vi(t)− vi−1(t))]

2

2[xi−1(t)− xi(t)− li−1]
(5)

where vi(t) is the speed of the following vehicle at time t (m/s); vi−1(t) represents the
speed of the leading vehicle at time t (m/s); xi−1(t) denotes the position of the leading
vehicle at time t (m); xi(t) is the position of the following vehicle at time t (m); and li−1 is
the length of the leading vehicle (m).

Figure 5. Schematic diagram of DRAC.

4. Time Headway

Time Headway (TH) is defined as the time interval between two consecutive vehicles
in the same lane as they pass a fixed point [32]. TH is calculated using Equation (6):

TH = ti − ti−1 (6)

where ti is the moment when the ith vehicle passes the fixed point; and ti−1 is the moment
when the (i − 1)th vehicle passes the fixed point.



Symmetry 2025, 17, 855 8 of 30

5. Speed Standard Deviation (SD)

Speed standard deviation (SD) is a statistic used to describe the degree of dispersion of
vehicle speed distribution. The greater the standard deviation of vehicle speeds, the more
pronounced the asymmetry in traffic flow, reflecting a higher variability in vehicle behavior,
which is more likely to increase safety risks. The SD of the traffic flow is calculated by the
following equation [33]:

σ =

√
∑N

i=1(vi − v)
2

N − 1
(7)

where N denotes the total number of vehicles (veh); vi represents the speed of vehicle i
(m/s); and v is the average speed of all vehicles (m/s).

6. Emergency-Lane-change Risk Frequency (ELCRF)

Emergency Lane-Change Risk Frequency (ELCRF) is a behavioral indicator that in-
directly reflects lateral conflict risk through urgent lane-change behavior. It is defined as
the ratio of the number of emergency lane changes to the total number of lane changes
occurring in the merging area at time step t. Emergency lane changes refer to maneuvers
that must be executed urgently, typically due to imminent conflict, congestion avoidance,
or safety enhancement needs. These lane-change requests are characterized by a higher
priority and greater immediacy compared to regular lane changes. A lower ELCRF value
indicates a more stable and orderly traffic flow in the merging area, and thus a higher level
of safety. The ELCRF is calculated using the following equation, and a schematic diagram
of the associated longitudinal risk behavior is provided in Figure 6:

ELCRF(t) =
ne(t)
nt(t)

(8)

where ne(t) denotes the number of emergency lane changes; and nt(t) is the total number
of lane changes.

 

Figure 6. Schematic diagram of ELCRF.

From a longitudinal and lateral perspective—and based on traditional Surrogate Safety
Measures (SSM)—time-related indicators such as MTTC (collision time), headway (time
gap), and LCTTC (lateral collision time) are selected. DRAC (deceleration rate) is used
to measure the deceleration required to avoid a collision, evaluating a driver’s ability to
react to potential collision risks and reflecting overall driving safety. ELCRF effectively
captures the intensity of vehicle interactions, which is closely related to the energy aspect
of Surrogate Safety Measures (SSM), as it reflects the potential collision energy involved
when vehicles perform emergency lane changes. Additionally, considering the micro-level
focus on individual vehicle behavior in the traffic flow, Speed Standard Deviation (SD) was
chosen as a macro-level indicator to assess the overall traffic conditions and stability of the
traffic flow.
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By considering time-domain aspects, deceleration, and interaction severity (ELCRF),
along with longitudinal and lateral dynamics, as well as macro- and micro-level per-
spectives, this study establishes a comprehensive and integrated system of indicators for
evaluating traffic safety in freeway merging areas, as listed in Table 1.

Table 1. Indicator characteristics for traffic safety evaluations.

Indicator
Types of SSMs Dimension Scale Time-Space

Time-
Based

Deceleration-
Based

Energy
Based

Longitudinal
Dynamics

Lateral
Dynamics

Macro-
Level

Micro-
Level Temporal Spatial

MTTC ✓ ✓ ✓ ✓
LCTTC ✓ ✓ ✓ ✓
DRAC ✓ ✓ ✓ ✓

SD ✓ ✓
Headway ✓ ✓ ✓ ✓

ELCRF ✓ ✓ ✓ ✓

3.3. Determination of Weight of Index

As the importance of each evaluation indicator varies, appropriate weighting is es-
sential for accurate and balanced assessments. This study combines both subjective and
objective weighting methods to ensure reliability. Specifically, the entropy method is used
to compute objective weights based on data variability, while the Decision-Making Trial
and Evaluation Laboratory (DEMATEL) method derives subjective weights from expert
judgment. To unify these differing perspectives, an improved game theory-based combi-
nation method is applied to obtain comprehensive weights for the final evaluation. This
integration aims to ensure a balanced and symmetrical evaluation outcome.

3.3.1. Calculating Objective Weights by Entropy Method

The entropy method [34] is a widely used multi-criteria decision-making technique
derived from information theory. It is particularly suitable for complex, multi-dimensional
datasets where prior knowledge of index importance is lacking. This method calculates
the entropy value of each evaluation indicator to quantify its degree of variation, thereby
determining its weight in the comprehensive evaluation. A lower entropy value indicates
greater variability, and thus a higher weight; conversely, a higher entropy value suggests
lower variability and contributes less to the overall assessment. The calculation process
involves the following steps:

Step 1: Establish the original data matrix.
The number of existing projects to be evaluated is assumed to be n, and the number of

evaluation indexes is m. The original data matrix of the evaluation index corresponding to
the project to be evaluated is as follows:

Xij =
(
xij
)

n×m =

x11 . . . x1j

. . . . . . . . .
xn1 . . . xnm

 (9)

where xij represents raw data of the ith evaluation object on the jth indicator.
Step 2: Normalize the raw data for each evaluation indicator
To eliminate the influence of different units and scales, the raw data for each evaluation

indicator is normalized using the following formula:

x′ij =


xij−min(xj)

max(xj)−min(xj)
, if the indicator is positively oriented

max(xj)−xij

max(xj)−min(xj)
, if the indicator is negatively oriented

(10)
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where xij represents raw data; x′ij denotes the standardized value of the ith evaluation object
on the jth index, and the resulting normalized values x′ij fall within the range [0, 1]; max

(
xj
)

means the maximum value of the jth index; and min
(
xj
)

means the minimum value of the
jth index.

Then, the matrix after standardization can be expressed as follows:

X′
ij =

(
x′ij
)

n×m
=

x′11 . . . x′1j

. . . . . . . . .
x′n1 . . . x′nm

 (11)

Step 3: Calculate the proportion of each indicator
The proportion yij of the jth indicator under the ith evaluation object is calculated as:

yij =
x′ij

m
∑

i=1
x′ij

(12)

Step 4: Compute the entropy value of each indicator
The entropy value ej for each indicator is given by the following:

ej = −k
m

∑
i=1

(
yij × ln yij

)
, yij> 0 (13)

where k is a normalization constant, generally taken as k = 1
ln m .

Step 5: Calculate the redundancy (degree of divergence)
The redundancy dj of entropy is calculated as:

dj= 1 − ej (14)

Step 6: Determine the objective weight of each indicator
Finally, the objective weight wj of the jth indicator is calculated as:

wj =
dj

n
∑

j=1
dj

(15)

3.3.2. Calculating Subjective Weights by the DEMATEL Method

The Decision-Making Trial and Evaluation Laboratory (DEMATEL) method is a system
analysis technique based on graph theory and matrix operations, originally proposed by A.
Gabus and E. Fontela at the Battelle Memorial Institute, Ohio, USA in 1971 [35]. It is widely
used to explore and quantify causal relationships among factors in complex systems. By
constructing a direct influence matrix, the DEMATEL method reveals both direct and indi-
rect interactions between elements through matrix computations. In addition to identifying
the strength of relationships, it can also determine key influencing factors by calculating
indicators such as influence degree, influenced degree, centrality, and cause degree.

The detailed steps for calculating subjective weights using DEMATEL are as follows:
Step 1: collect expert opinions and calculate the average direct influence of matrix E.
In this step, the expert’s judgments on the degree of influence between pairs of factors

are collected. The degree of influence of factor i on factor j is expressed as xij, which is
assessed using a scale ranging from 0 to 4 (i.e., 0 = no impact; 1 = slight impact; 2 = moderate
impact; 3 = noticeable impact; 4 = obvious impact). For expert k, there is a judgment matrix



Symmetry 2025, 17, 855 11 of 30

Xk =
[
xk

ij

]
, k = (1, 2, . . ., m), then the average judgment matrix E of all experts is integrated

as follows:

Eij =
1
m

m

∑
i=1

xk
ij (16)

Step 2: Normalize the direct influence matrix E.
To ensure comparability, the direct influence matrix is normalized using the maximum

row sum method. The normalized matrix F is calculated as:

F =

 xij

max
m
∑

j=1
xij

 (17)

Step 3: Construct the total influence matrix T
The total (comprehensive) influence matrix T includes both direct and indirect influ-

ences, and is calculated as:
T = F × (I − F)−1 (18)

where I denotes unit matrix.
Step 4: calculate influence degree Di, influenced degree Ci, centrality Mi, and cause

degree Ri.
The influence degree Di represents the total effect that element i has on all other

elements:
Di = ∑n

j=1 Tij (19)

The influenced degree Ci is the total effect that element i receives from others:

Ci = ∑n
j=1 Tji (20)

Centrality Mi is the sum of influence and influenced degrees, reflecting the overall
importance of an element:

Mi= Di+Ci (21)

Cause degree Ri is the difference between the influence and influenced degrees, used
to classify the role of the element:

Ri= Di − Ci (22)

If Ri > 0, the indicator is a cause element; otherwise, it is a result element.
Step 5: Calculate the subjective weight of each indicator
The subjective weight wi of indicator i is derived from its centrality using the following

normalization:

wi =

√
M2

i +R2
i

∑n
j=1

√
M2

i +R2
i

(23)

3.3.3. Calculating Final Weights Using Game Theory

The entropy method relies solely on objective data, neglecting the insights and expe-
rience of experts and decision-makers, which may result in evaluations that fail to fully
reflect real-world conditions. In contrast, the DEMATEL method incorporates subjective
knowledge and practical application scenarios, but may suffer from a high degree of
subjectivity and randomness. To address these limitations, it is necessary to integrate
both subjective and objective weighting approaches. Game theory provides a framework
to dynamically balance these two types of weights by simulating the cooperation and
competition between indicators, thereby achieving optimal weighting effects. However,
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conventional game theory methods may generate negative combination coefficients, which
can hinder the interpretability and validity of the final weights. To overcome this issue,
this study introduces non-negativity constraints to improve the game-theory-based weight
combination process. The detailed calculation steps are outlined as follows:

Step 1: Establish a linear combination model for integrated weights
The final comprehensive weight vector wc is obtained through a linear combination of

weights derived from multiple methods:

wc =
K

∑
k=1

βkwT
k (24)

where K denotes the total number of methods; wk denotes weight obtained by method
k; βk means the coefficient of weight and βk ≥ 0; and wT

k represents the transpose of the
weighted row vector.

Step 2: Formulate the optimization model
An optimization model is established with the objective of minimizing the deviation

between the comprehensive weight wc and the weight wk of each method. The optimization
model is defined as follows:

min

∥∥∥∥∥ K

∑
k=1

βkwT
k − wT

i

∥∥∥∥∥
2

, i = 1, 2, . . . , k (25)

Step 3: Introduce non-negativity and normalization constraints
To ensure interpretability and validity of the solution, the following constraints are

added:
K

∑
k=1

β2
k= 1, βk> 0 (26)

Step 4: Construct and solve the Lagrange function
To solve the constrained optimization problem, the Lagrange function is constructed

as follows:

Γ(β1,β2, . . . ,βK, λ) =
K

∑
i=1

∥∥∥∥∥ K

∑
k=1

βkwiwT
k−wiwT

i

∥∥∥∥∥+ λ

2

(
K

∑
k=1

β2
k − 1

)
(27)

where λ denotes Lagrange multiplier, reflecting the influence of constraints on the objective
function.

The partial derivatives of the Lagrange function with respect to the combination
coefficients βk and the constraint variables λ are set to be zero, and the conditions for the
existence of extreme values are obtained, as shown in Equations (28) and (29):

∂Γ
∂βk

= ∑K
i=1

∣∣∣wiwT
k

∣∣∣+λβk= 0 (28)

∂Γ
∂λ

= ∑K
k=1 β

2
k − 1= 0 (29)

The optimal solution of the combined coefficients is obtained by solving the above
equations, as shown in Equation (30).

βk =
∑K

i=1 wiwT
k√

∑K
k=1

(
∑K

i=1 wiwT
k

)2
(30)

Step 5: Calculate and normalize the final comprehensive weights
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The obtained solution βk is substituted into the formula (24) to obtain the compre-
hensive weight wc = (wc1, wc2, . . . , wcn). To ensure that the sum of the weights is 1, the
comprehensive weight is normalized by the following formula:

wdj =
wcj

∑n
j=1 wcj

(31)

where wcj denoted the comprehensive weight of index j.
This combined weighting method effectively bridges expert judgment and data-driven

analysis. The entropy method captures the objective variation in the data, while DEMATEL
reflects the expert understanding of inter-indicator influences. Game theory harmonizes
these two sources, optimizing their contributions while preventing bias or dominance. By
integrating both perspectives under a unified, constraint-based optimization framework,
this method enhances the robustness, realism, and interpretability of the final weights.

3.4. Comprehensive Evaluation of Cloud Model Based on Fuzzy Clustering
3.4.1. Cloud Model Theory

The cloud model is a mathematical model proposed by Academician Li Deyi in
1995 [36] based on fuzzy set theory and probability theory, which effectively addresses
uncertainty issues in the evaluation process. It facilitates the transformation between
qualitative concepts and quantitative characteristics through the use of a cloud generator.
The cloud model consists of numerous cloud droplets, each representing a specific point
within the distribution of a quantitative domain. The model is characterized by three key
digital features: expected value (Ex), entropy (En), and hyper-entropy (He). Ex represents
the central value of the cloud droplets within the quantitative domain, while En measures
the randomness of the qualitative concepts, reflecting the degree of dispersion of the cloud
droplets. He indicates the dispersion of the entropy (En), representing the “thickness” of
the cloud.

The membership function of a cloud model measures the membership of a value to a
specific cloud model, as shown in Equation (32).

u(x)= e−
(x−Ex)2

2En2 (32)

where x denotes a value in the quantitative domain; and u(x) is the degree of membership
that the value belongs to the corresponding qualitative concept.

3.4.2. Modified Cloud Model

Fuzzy C-means (FCM) clustering analysis can effectively deal with the uncertainty and
fuzziness of the data by optimizing the objective function and identifying the fuzzy patterns
in the data [37], while the cloud model can better describe the central trend, dispersion and
fuzziness of the data through the three parameters of expected value, entropy, and hyper
entropy. Hence, this study combines fuzzy clustering with the cloud model to estimate the
traffic safety of mixed traffic flow. The specified processes are as follows.

Step 1: Define safety levels and normalize index data
According to the Technical Specification for Risk Assessment of Highway Traffic Safety,

the safety risk is divided into five levels: high risk (level 1), moderate risk (level 2), average
risk (level 3), low risk (level 4), and very low risk (level 5). This classification is widely
adopted in national traffic safety assessments and serves as a standard framework for
evaluating road safety performance in China. To ensure that all indicators are compared on
the same scale, the indicators are homogenized and normalized. The calculation equations
are expressed by Equation (10).
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Step 2: Determine the criteria cloud of indicators
FCM clustering is a soft clustering algorithm based on objective function optimization,

and its core idea is to describe the relationship between sample points and cluster centers
through membership function [37]. Compared to traditional hard clustering, FCM allows
data points to belong to multiple clusters with varying degrees of membership, making it
more suitable for handling the fuzzy characteristics of risk levels in traffic safety evaluations.
In this study, FCM is employed to obtain the cluster centers, which serve as the expected
values for each risk level.

To assign the risk levels (high, moderate, average, low, and very low), the cluster
centers derived from FCM are utilized to determine the thresholds for each level. Once the
cluster centers are determined, they are further used to calculate the entropy and hyper-
entropy, which are key parameters of the cloud model. These parameters help quantify the
risk characteristics of each level and define the risk thresholds. The thresholds for each of
the five levels are derived based on the cloud model parameters, ensuring a data-driven and
contextually justified classification. This approach accounts for the inherent uncertainties
in the evaluation process, offering a comprehensive and accurate risk level assignment.

The objective function of FCM is defined as follows:

J =
n

∑
i=1

c

∑
j=1

um
ij
∥∥xi − vj

∥∥2

(33)

where uij denotes the membership matrix element; n is the total number of data points;
c indicates the number of clusters; xi is the feature vector of data point i; vj is the center
of cluster j; m represents the fuzz factor; and

∥∥xi − vj
∥∥ denotes the Euclidean distance

between data point i and cluster center j.
The center of the cluster is obtained by the following steps:

1. Initialization: Construct the initial membership matrix U(0) ensuring ∑c
j=1 uij= 1

2. Calculate the cluster center

According to the membership matrix U(0) and the data points, the center position of
each cluster is calculated by the following formula.

vj =
∑n

i=1 um
ij xi

∑n
i=1 um

ij
(34)

3. Update membership matrix

According to the current cluster center, the membership degree of each data point to
each cluster is recalculated by Equation (35).

uij =

 c

∑
k=1

( ∥∥xi − vj
∥∥

∥xi − vk∥

) 2
m − 1


−1

(35)

4. Iteration: Repeat Steps 2–3 until convergence; i.e., when the change in objective

function satisfies
∣∣∣J(t) − J(t−1)

∣∣∣ < ε, where ε = 10−5.

5. Output result: The final cluster centers vj are taken as the expected values Exstandard

of the cloud model. Then, the entropy Enstandard and hyper-entropy Hestandard are
calculated as:

Enstandard =

√√√√∑n
i=1 u2

ij
(
xi − Exj

)2

∑n
i=1 u2

ij
(36)
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Hestandard= k × Enstandard (37)

where Exj denotes the expected value of cluster j; k is constant and taken as 0.1.

Step 3: Calculate the cloud parameters for each alternative scheme
For each evaluation scheme, the expected value, entropy, and hyper-entropy of each

indicator are calculated using a backward cloud generator:

Exi =
1
n

n

∑
i=1

xs,i (38)

Eni =

√
π

2
× 1

n

n

∑
i=1

|xs,i − Exi| (39)

where xs,i is the feature vector of data point i of scheme s.
Step 4: Calculate the membership matrix and comprehensive membership degree
In order to quantify the proximity between the evaluation index of different schemes

and each risk level, the fuzzy membership calculation method based on the cloud model is
adopted [38]. Specifically, the expected value of the indicators of each scheme is mapped
to the membership interval of [0, 1] through the exponential function, to measure the
possibility of belonging to different risk levels. For the indicator i of each scheme s, its
membership to the risk level j is calculated by the following formula:

us,i,k= exp

(
− (Exs,i − Exstandard,i,k)

2

2(Enstandard,i,k)
2

)
(40)

where Exs,i denoted the expected value of index i of scheme s; Exstandard,i,k implies the
standard expected value of index i in safety level k; and Enstandard,i,k is the standard entropy
of index i in safety level k.

The comprehensive membership degree can be calculated by combining the member-
ship matrix of each indicator and indicator weight as follows:

us,k = ∑m
i=1 us,i,k × wd,j (41)

u′
s,k =

us,k

∑n
i=1 us,k

(42)

where m denotes the total number of indicators; n is the safety level; wd,j represents the
weight of indicator j; and u′

s,k is the comprehensive membership degree after normalization.
Step 5: Determine the safety level
According to the maximum membership principle, the safety level of the merging area

is determined as the level corresponding to the highest normalized membership value.

4. Case Study
4.1. Simulation Design

Due to the lack of real-world autonomous vehicle (AV) data, this study aims to
investigate the safety of mixed traffic flow at freeway merging areas using the SUMO
simulation platform. A merging area with a single-lane parallel acceleration lane is selected
as the simulation scenario. The main line consists of three lanes, while the ramp has
a single lane with a width of 3.75 m, as shown in Figure 7. In this study, the traffic
flow rates, ramp-to-mainline flow ratio, and AV penetration rates are selected as the
influencing factors for simulating mixed traffic, using a full factorial experimental design.
Traffic flow plays a crucial role in determining safety, as higher flow rates can exacerbate
congestion and increase the likelihood of conflicts. Referring to the “Design Code for
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Urban Expressways” (CJJ37-2012 [39], 2016 edition) in China, three traffic flow rates (3000
pcu/h, 4500 pcu/h, 6000 pcu/h) are used to simulate low, medium, and high-flow traffic
conditions. Disproportionate ramp-to-mainline ratios create merging asymmetry, leading
to congestion and conflict, particularly in mixed traffic. Therefore, the ramp-to-mainline
ratio is considered as one of the influencing factors. Typically, ramp flow does not exceed
half of the mainline flow. Since the simulated ramp is a single-lane ramp, the ramp-to-
mainline ratio is selected to range from 0.15 to 0.35, with a step size of 0.1. At 0% and 100%
AV penetration, the traffic flow is symmetric, with either all HDVs or all AVs, leading to
uniform behavior. As AV penetration increases, the flow becomes increasingly asymmetric,
with HDVs initially dominating and interacting unpredictably with AVs. As AV penetration
continues to rise, more AVs enter the flow, and HDVs start to mimic their behavior, shifting
the flow towards an AV-dominated asymmetric system. Based on previous studies [17,40]
on the impact of AV penetration rate on mixed traffic, this study chooses to change the AV
penetration rate from 0 to 1 with a step of 0.2. Thus, a total of 54 simulation scenarios are
designed. The intelligent driver model (IDM) and Adaptive Cruise Control (ACC) models
have been proven to be effective in modelling HDVs and AVs in existing studies [19,41]. In
addition, the default lane-changing model LC2013 in SUMO has also been utilized in past
studies to simulate the lane-changing behavior of both HDVs and AVs [42,43]. Therefore,
in this study, the IDM and ACC models as well as the LC2013 lane-changing model are
adopted to simulate the driving behavior of human-driven vehicles (HDVs) and AVs.
Referring to previous research [19,41], the behavior parameters for HDVs and AVs are
summarized in Tables 2 and 3.

Figure 7. Simulation scenario.

Table 2. Parameter values of car-following model.

Parameter HDV AV

Accel (m/s2) 3 2.9
Decel (m/s2) 4 7.5
MinGap (m) 2 1.5

MaxSpeed (main line) (m/s) 22.2 22.2
MaxSpeed (ramp) (m/s) 11.1 11.1

Tau (s) 1.5 0.6

Table 3. Parameter values of LC2013 lane-changing model.

Parameter HDV AV

LcKeepright 1 1
LcStrategic 1 1

LcCooperative 1 0.9
LcSpeedgain 1 1

4.2. Simulation Result Analysis

Each indicator reflects different safety aspects of traffic flow and directly influences
the likelihood of accidents. This section focuses on the safety evolution analysis of mixed
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traffic flow with the introduction of autonomous vehicles (AVs) from both temporal and
spatial perspectives.

4.2.1. Temporal Dimension

Temporal Dimension indicators include headway, MTTC, and LCTTC. Figure 8 ex-
plores how these indicators change with varying AV penetration rates under different flow
rates for a ramp flow ratio of 0.15.

 
   

(a) Variation of headway  (b) Variation of MTTC frequency  (c) Variation of LCTTC frequency 

Figure 8. Analysis of spatial dimension indicators.

In general, HDVs typically maintain a headway of 2–3 s as a standard safety following
distance [44]. In contrast, autonomous vehicles (AVs) can achieve shorter headways due
to advanced sensing technologies and faster response capabilities, as confirmed by our
simulation results. As shown in Figure 8a, when the following vehicle is an AV, the average
headway of HDVs is primarily distributed between 2–3 s, while that of AVs is concentrated
in the 1–2 s range. This pattern remains consistent across various traffic flow scenarios.
Although AVs consistently maintain shorter headways compared to HDVs, both exhibit a
general upward trend in headway with increasing AV penetration rates, likely due to the
currently conservative driving behavior of AVs.

In the safety analysis, threshold values for MTTC and LCTTC are typically set at 1.5 s
and 6 s, respectively [19,20]. As illustrated in Figure 8b, the frequency of potential collisions
generally increases with the rise in AV penetration rate, except for a slight decrease at
low and medium traffic volumes when the penetration rate increases from 0.4 to 0.8. This
suggests that under light to moderate traffic conditions, AVs may not significantly reduce
the risk of longitudinal conflicts. However, at higher traffic demands (6000 pcu/h), the
frequency of MTTC events tends to decrease with increasing AV penetration, except in the
scenario with 100% AVs.

Figure 8c shows that the frequency of LCTTC events initially increases and then
decreases as AV penetration rises across all three traffic scenarios. This indicates that inter-
actions between AVs and HDVs introduce greater risks at low AV penetration rates, which
is consistent with findings from previous studies [40,45]. When AV penetration is low (less
than 20%), HDVs dominate the traffic composition. The variability and unpredictability of
human driving behavior results in more potential conflicts during lane-change maneuvers.
As the AV proportion increases, coordinated and more predictable lane-changing behavior
among AVs contributes to a reduction in the frequency of LCTTC events.

4.2.2. Spatial Dimension

Spatial dimension indicators include DRAC, ELCRF, and SD. Figure 9 exhibits how
these indicators vary with AV penetration rate for a ramp flow ratio of 0.15.
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(a) Variation of average DRAC 

 
(b) Variation of proportion of ELCRF 

 
(c) Variation of SD 

Figure 9. Analysis of time dimension indicators.

Based on relevant literature [46] and the values of DRAC in the SUMO software
(version 1.18), the threshold for DRAC is set at 3 m/s2. A higher DRAC value indicates a
greater level of deceleration required to avoid a collision, reflecting more hazardous traffic
conditions where vehicles must apply more aggressive braking to ensure safety. As shown
in Figure 9a, when AVs are initially introduced into the traffic stream at low penetration
rates, DRAC values increase under low-flow conditions. This may be attributed to the
dispersed nature of potential collision risks, requiring AVs to apply higher deceleration
rates. However, as AV penetration increases, AVs begin to exhibit cooperative behavior.
In the face of potential conflicts, AVs can anticipate and respond proactively, reducing the
need for sharp deceleration. Consequently, DRAC values gradually decrease. In high-
flow conditions, although the traffic environment becomes more challenging, the technical
advantages of AVs—such as precise speed regulation and consistent gap maintenance—
become more pronounced, resulting in a further reduction in DRAC values.
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Figure 9b represents that the proportion of ELCRF is related to flow rate and AV
penetration rate. Under high traffic flow conditions, the interference and conflict between
vehicles are intensified, which leads to the increase of ELCRF in the merging area and a
greater safety risk. But the proportion of ELCRF gradually decreases with the increase of
AV penetration rate in each traffic scenario, which illustrates that AVs significantly reduce
the likelihood of emergency lane changes because of their fast response capabilities and
stable driving control. Take the low-traffic scenario as an example; in the early stages of
mixed traffic, the decrease in ELCRF is relatively slow (4.8%), and the advantages of AVs
are not yet apparent. However, as the AV penetration rate increases, the overall frequency
of emergency lane changes shows a clear downward trend. When the AV penetration rate
reaches 0.8, AVs have become the dominant force in traffic, and while the frequency of
emergency lane changes continues to decrease, the rate of decrease slows down from 9.8%
to 8.2%.

A similar trend is observed for the standard deviation of speed (SD), as shown in
Figure 9c. SD increases with traffic flow volume due to more frequent vehicle interactions
and conflicts, which introduce speed fluctuations. However, SD decreases as AV pene-
tration rises. This reflects a transition from a disordered mixed-traffic system to a more
coordinated and homogeneous flow. As AVs gradually dominate the traffic stream, their
stable operational characteristics contribute to improved flow consistency and reduced
speed variability, thereby enhancing overall traffic stability.

Based on the above analysis, AV technology demonstrates a generally positive effect
on improving traffic safety, particularly in high-flow scenarios. Although each safety
indicator provides valuable insights, individual metrics may offer biased or incomplete
representations. For instance, while SD and ELCRF suggest consistent improvements
with increasing AV penetration, indicators such as LCTTC and DRAC initially show a
deterioration in safety before improving. Meanwhile, metrics like MTTC and headway
exhibit no substantial changes. These discrepancies highlight the limitations of relying on
a single indicator to assess traffic safety. To address this issue, the present study adopts
a comprehensive evaluation approach, in which multiple indicators are integrated to
complement and validate each other. This method allows for a more holistic and accurate
assessment of compound traffic safety risks arising from diverse interacting factors across
different traffic conditions.

4.3. Comprehensive Evaluation Result
4.3.1. Weights of Indicators

Based on the simulation results, the objective weights and subjective weights of
the six evaluation indicators were calculated using the entropy method and the DE-
MATEL method, respectively, as described in Section 3.3. The objective weight vector
is wj = [0.0761, 0.0332, 0.1370, 0.1257, 0.5751, 0.0529] and the subjective weight vector is
wi = [0.1477, 0.1887, 0.1739, 0.1820, 0.1580, 0.1497]. Subsequently, the improved game the-
ory approach was applied to integrate the two types of weights.

Since the study only involves two types of weight sources (objective and subjective),
the derivation of the optimal combination coefficients can be simplified analytically. This
simplification is based on the minimization of deviation between the integrated weight
and the individual weights, which is conceptually aligned with the cosine angle method in
vector analysis. This simplification enhances computational clarity and efficiency.

The optimal combination coefficient β1 is computed as follows:

β1 =
∑6

i=1 wj·wi

∑6
i=1 w2

j + w2
i

(43)
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β2 = 1 − β1 (44)

Substituting the values in Equation (43):

∑6
i=1 wj·wi = 0.01123 + 0.00627 + 0.02382 + 0.02288 + 0.09089 + 0.00792 = 0.16301

∑6
i=1 w2

j + w2
i = 0.02760 + 0.03680 + 0.04899 + 0.04892 + 0.35568 + 0.02521 = 0.54320

Thus,

β1 =
0.16301
0.54320

≈ 0.3001, β2 = 1 − β1 = 0.6999

The resulting combination coefficients for the objective and subjective weights were
0.3001 and 0.6999, respectively, indicating a greater contribution from the objective com-
ponent. Finally, the comprehensive weights of the six indicators were determined and are
presented in Table 4.

Table 4. Comprehensive weights of six indicators.

Indicator Objective
Weight

Subjective
Weight

Comprehensive
Weight

SD 0.076119 0.1477 0.126219
MTTC 0.033229 0.1887 0.142044

Headway 0.136975 0.1739 0.162819
ELCRF 0.575076 0.1580 0.283162
LCTTC 0.125701 0.1497 0.165105
DRAC 0.052900 0.1820 0.120651

4.3.2. Safety Evaluation Based on Cloud Model

(1) Determination of standard cloud parameters of indicators

Based on the cloud model theory and the Fuzzy C-Means (FCM) clustering method,
the standard cloud parameters (i.e., expected value, entropy, and hyper-entropy) for each
evaluation indicator were obtained. These parameters are summarized in Table 5. Fur-
thermore, the corresponding standard cloud models for the six evaluation indicators were
constructed and are illustrated in Figure 10, providing a visual representation of the distri-
bution characteristics across different safety levels.

Table 5. Standard cloud parameters of indicators.

Index High Risk Moderate Risk Average Risk Low Risk Very Low Risk

SD (0.1946, 0.0550, 0.0055) (0.3806, 0.0562, 0.0056) (0.6088, 0.0454, 0.0045) (0.7356, 0.0361, 0.0036) (0.8806, 0.0493, 0.0049)

MTTC (0.2300, 0.0721, 0.0072) (0.4781, 0.0610, 0.0061) (0.6785, 0.0469, 0.0047) (0.8302, 0.0377, 0.0038) (0.9522, 0.0309, 0.0031)

Headway (0.2450, 0.0470, 0.0047) (0.3408, 0.0319, 0.0032) (0.5034, 0.0497, 0.0050) (0.6514, 0.0497, 0.0050) (0.9536, 0.0649, 0.0065)

ELCRF (0.0000, 0.0024, 0.0002) (0.3288, 0.0233, 0.0023) (0.5000, 0.0044, 0.0004) (0.6706, 0.0215, 0.0022) (1.0000, 0.0016, 0.0002)

DRAC (0.0059, 0.0195, 0.0020) (0.1640, 0.0348, 0.0035) (0.3580, 0.0685, 0.0068) (0.5942, 0.0662, 0.0066) (0.9908, 0.0376, 0.0038)

LCTTC (0.1102, 0.0455, 0.0046) (0.2587, 0.0454, 0.0045) (0.4329, 0.0521, 0.0052) (0.6368, 0.0605, 0.0061) (0.8769, 0.0671, 0.0067)

As an illustrative example, a simulation scenario (I2) with a total traffic flow rate of
6000 pcu/h, a ramp-to-mainline flow ratio of 0.35, and an AV penetration rate of 20% is
selected. Based on this scenario, the cloud parameters of the six evaluation indicators
are calculated and presented in Table 6. In addition, the evaluation cloud diagrams for
each indicator under scenario I2 are visualized in Figure 11, providing insight into the
distribution and membership characteristics of the safety evaluation results.
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(e)  (f) 

Figure 10. Calculation of cloud parameters of indicators. (a) Cloud model for SD; (b) cloud model for
Headway; (c) cloud model for MTTC; (d) cloud model for LCTTC; (e) cloud model for DRAC; (f)
cloud model for ELCRF.

Table 6. Evaluation of indicators for cloud parameters.

Index Evaluation Cloud Model

SD (0.43782, 0.04932, 0.00493)
MTTC (0.70533, 0.03085, 0.00309)

Headway (0.35217, 0.06493, 0.00649)
ELCRF (0.7799, 0.00157, 0.00016)
DRAC (0.25507, 0.03762, 0.00376)
LCTTC (0.36644, 0.06712, 0.00671)
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(a)  (b) 

(c)  (d) 

(e)  (f) 

Figure 11. Determination of safety level. (a) Evaluation cloud for SD; (b) evaluation cloud for
Headway; (c) evaluation cloud for MTTC; (d) evaluation cloud for LCTTC; (e) evaluation cloud for
DRAC; (f) evaluation cloud for ELCRF.

The comprehensive membership degree of the selected scenario can be calculated by
Equations (41)–(43), and the result is shown in Table 7.

Table 7. Comprehensive membership degree.

Level High Risk Moderate Risk Average Risk Low Risk Very Low Risk

Membership degree 0.13783 0.29523 0.28214 0.2848 0

According to the principle of maximum membership degree, the safety of the selected
traffic scenario is classified as level 2, indicating a moderate risk. Using the same method,
the security risk levels of all 54 traffic scenarios are determined. The summarized results
are shown in Table 8, while the detailed numerical values of the safety evaluation indicators
and corresponding risk levels for each scenario are provided in Appendix A for reference.
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Table 8. Safety levels of 54 simulation scenarios.

Scenarios Level Scenarios Level Scenarios Level

3000/0.15/0.0 4 3000/0.25/0.0 4 3000/0.35/0.0 4
3000/0.15/0.2 2 3000/0.25/0.2 4 3000/0.35/0.2 3
3000/0.15/0.4 4 3000/0.25/0.4 4 3000/0.35/0.4 3
3000/0.15/0.6 3 3000/0.25/0.6 3 3000/0.35/0.6 3
3000/0.15/0.8 3 3000/0.25/0.8 4 3000/0.35/0.8 3
3000/0.15/1.0 3 3000/0.25/1.0 3 3000/0.35/1.0 2
4500/0.15/0.0 2 4500/0.25/0.0 4 4500/0.35/0.0 4
4500/0.15/0.2 2 4500/0.25/0.2 4 4500/0.35/0.2 4
4500/0.15/0.4 2 4500/0.25/0.4 3 4500/0.35/0.4 3
4500/0.15/0.6 4 4500/0.25/0.6 4 4500/0.35/0.6 3
4500/0.15/0.8 4 4500/0.25/0.8 4 4500/0.35/0.8 4
4500/0.15/1.0 4 4500/0.25/1.0 4 4500/0.35/1.0 4
6000/0.15/0.0 4 6000/0.25/0.0 4 6000/0.35/0.0 4
6000/0.15/0.2 2 6000/0.25/0.2 2 6000/0.35/0.2 2
6000/0.15/0.4 2 6000/0.25/0.4 3 6000/0.35/0.4 3
6000/0.15/0.6 4 6000/0.25/0.6 2 6000/0.35/0.6 3
6000/0.15/0.8 4 6000/0.25/0.8 3 6000/0.35/0.8 4
6000/0.15/1.0 4 6000/0.25/1.0 4 6000/0.35/1.0 4

4.3.3. Validation of Cloud Model

To validate the rationality and reliability of the proposed cloud model, this study
selected several simulation scenarios with a traffic flow rate of 6000 pcu/h and a ramp-to-
mainline flow ratio of 0.15. These scenarios are evaluated and compared using the Fuzzy
Comprehensive Evaluation (FCE) method. The comparison results between the cloud
model and the FCE method are presented in Table 9, demonstrating the consistency and
effectiveness of the cloud-based safety evaluation approach.

Table 9. Comparison results.

Method Scenarios High
Risk

Moderate
Risk

Average
Risk

Low
Risk

Very Low
Risk FCM Method

FCM method
6000/0.15/0.0

0 0.28273 0.33944 0.18135 0.19648 average risk
Cloud model 0.01047 0.38381 0.03276 0.57277 0.00019 low risk

FCM method
6000/0.15/0.2

0 0.41587 0.27713 0.09430 0.21270 moderate risk
Cloud model 0.02237 0.53419 0.01905 0.42259 0.00181 moderate risk

FCM method
6000/0.15/0.4

0 0.36460 0.36382 0.17739 0.09418 moderate risk
Cloud model 0.02931 0.51709 0.08923 0.36436 0 moderate risk

FCM method
6000/0.15/0.6

0 0.37520 0.26329 0.28351 0.07799 moderate risk
Cloud model 0.02577 0.25683 0.28684 0.43051 0.00005 low risk

FCM method
6000/0.15/0.8

0.12807 0.30368 0.16393 0.40432 0 low risk
Cloud model 0.13423 0.14492 0.19867 0.51818 0.00401 low risk

FCM method
6000/0.15/1.0

0.28300 0.10035 0.27155 0.31174 0.03336 low risk
Cloud model 0.12749 0.12628 0.33425 0.35687 0.0551 low risk

According to Table 9, when the penetration rates of autonomous vehicles (AVs) are
0.2, 0.4, 0.8, and 1.0, the evaluation results of both the fuzzy comprehensive evaluation
(FCE) method and the cloud model show the same overall trend, indicating the reliability
of the cloud model in traffic safety evaluation. In the scenario of 6000/0.15/0.2, both
methods predict moderate risk. At this stage, a small number of autonomous vehicles in
the mixed traffic flow may cause some disruption, and the cloud model (0.53419) shows a
more precise distribution compared to FCE (0.41587), reflecting its ability to capture subtle
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safety differences. When the AV penetration rate reaches 0.6, the road transitions to an
AV-dominated flow where the FCE method still classifies the risk as moderate while the
cloud model classifies it as low risk, showing more accurate results and better reflecting the
safety improvements brought by AVs. Overall, the cloud model adapts better to higher AV
penetration rates and provides a more accurate reflection of real-world traffic conditions,
especially in mixed traffic environments.

4.3.4. Results Analysis

Based on the evaluation results presented in Table 7, it is evident that autonomous
vehicle (AV) technologies can effectively reduce traffic safety risks. From the perspective
of traffic flow rate, scenarios with lower traffic volumes exhibit significantly higher safety
levels than those with higher flow rates, reflecting a more symmetrical traffic environment
where interactions between vehicles are less complex. In merging areas with higher traffic
flow, it may be beneficial to establish dedicated lanes for AVs and use intelligent trans-
portation systems (ITS) to dynamically monitor vehicle statuses and adjust speed limit and
acceleration lanes in real-time based on traffic flow conditions. From the perspective of a
ramp-to-mainline flow ratio, taking an AV penetration rate of 0.6 as an example, at a low
traffic flow rate (3000 pcu/h), the increase in ramp flow ratio does not significantly affect the
safety risk level, which remains at the “moderate” level across all cases. However, at higher
flow rates, increasing the ramp flow ratio leads to a clear decrease in safety level, indicating
that greater merging pressure under congestion conditions contributes to elevated traffic
risk. The asymmetry introduced by the ramp flow ratio imbalance creates unpredictable
merging behaviors and worsens safety, especially in mixed traffic conditions. Under high
traffic flow conditions, ITS can be used to adjust ramp flow ratios in real-time to ensure
the merging pressure between the ramp and mainline is effectively distributed, avoiding
excessive congestion that could negatively impact safety.

As the AV penetration rate increases, the overall safety level improves, particularly
under high traffic demand conditions, shifting the system towards more symmetric traffic
behavior, where the interactions between AVs and HDVs become more predictable and
coordinated. At low (3000 pcu/h) and moderate (4500 pcu/h) traffic flow rates, the
evaluated safety levels are mostly concentrated in the categories of “low risk” and “average
risk”, suggesting that the advantages of AVs are not fully realized in smoother traffic
conditions. This may be attributed to the conservative behavior of AVs, which could
lead to suboptimal interactions and even potential conflicts. In addition, when the AV
penetration rate increases from 0 to 0.2, a drop in safety level is observed. This implies
that interactions between AVs and human-driven vehicles (HDVs) at low AV penetration
rates may introduce instability and increase risk—an outcome that aligns with findings
from previous studies [45]. At this stage, the asymmetry is heightened as human-driven
vehicles dominate the traffic flow, leading to unpredictable interactions and higher safety
risks. Although the overall evaluation results are reasonable and align with actual traffic
conditions, there are still some scenarios where the outcomes seem unreasonable. For
instance, in a scenario with a flow rate of 3000 pcu/h, a ramp flow ratio of 0.35, and an AV
penetration rate of 1.0, the safety level is classified as a “moderate risk”. This inconsistency
may arise from the inherent deviations in the simulation data compared to real-world
conditions. Additionally, the thresholds selected for certain indicators might not be fully
applicable to a fully autonomous driving environment where AVs would dominate the
traffic and lead to more symmetric interactions. Therefore, with the continued development
of AV technology, it is essential to recalibrate the results using real-world mixed traffic data
and further refine the indicators and their thresholds to better capture the asymmetries and
symmetries inherent in mixed traffic environments.
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With the rapid development of autonomous driving technology, the mixed traffic
scenario of autonomous and human-driven vehicles will become the norm in the near
future. It is essential to improve safety in merging areas under such conditions. Based
on our research findings, the following suggestions are proposed to improve the safety
of mixed traffic flow in the merging area: (1) Variable speed limit signs can be installed
upstream of merging zones to reduce speed differentials and traffic flow on the main line to
reduce conflicts. Moreover, ramp metering or lane-specific traffic signals are implemented
to regulate HDV merging flow and enforce zipper merging. (2) Penetration-based strategies
are adopted. When AV penetration rate is less than 0.2, AVs are allowed to proactively
accelerate for merging to prevent AVs’ conservative behavior from triggering frequent
HDV lane changes or conflicts. when AV penetration rate is between 0.2 and 0.8, V2X
coordination and dynamic lane allocation are used to facilitate HDV-AV coordination
to reduce conflicts from behavioral differences. When AV penetration rate is more than
0.8, measures such as platooning and centralized scheduling are taken to maximize AV
coordination potential to boost overall traffic safety and efficiency. (3) The government
should speed up the formulation of relevant legislation on automatic driving vehicles,
clarify the division of responsibilities, and provide a solid legal and policy guarantee for
mixed traffic environment.

5. Conclusions
Autonomous vehicle (AV) technologies hold significant promise for improving traffic

safety. However, the asymmetric interactions between AVs and human-driven vehicles
(HDVs) in mixed traffic conditions—especially in freeway merging areas—introduce new
safety challenges due to complex lane-changing maneuvers. This study proposed a com-
prehensive traffic safety evaluation framework for such scenarios by integrating Surrogate
Safety Measures (SSMs) with a cloud model enhanced by Fuzzy C-Means (FCM) clustering.
The key conclusions are as follows:

(1) A novel indicator—Emergency Lane-Change Risk Frequency (ELCRF)—was devel-
oped to better capture the frequency and severity of urgent lane-changing behavior in
merging areas. Together with five other SSM-based indicators, this metric contributes
to a multi-dimensional safety evaluation system spanning temporal, spatial, macro,
and micro perspectives.

(2) A comprehensive safety evaluation model was developed by combining FCM with
the cloud model. In addition, a modified game theory was employed to balance the
objective weight and subjective weight of indexes, which effectively handles differ-
ences between expert judgment and data-driven results. Through a comparative case
study with the fuzzy comprehensive evaluation (FCE) method, the results demon-
strated that the modified cloud model is both feasible and better aligned with actual
traffic dynamics.

(3) Simulation results across various traffic scenarios indicated that increasing AV pen-
etration rates generally lead to improved safety levels, especially under high traffic
volumes. However, low AV penetration rates (less than 20%) introduce greater asym-
metry, leading to unstable interactions between AVs and HDVs, which deteriorates
safety. This conclusion provides valuable insight for the government to formulate the
development policy of AV. Overall, the increase of flow rate and ramp flow ratio also
will worsen traffic safety of mixed traffic. Therefore, necessary flow control measures
under high flow and ramp flow ratio, such as ramp flow restriction and variable speed
limited strategy, are very important to improve the safety of mixed traffic flow in
merging areas.
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(4) Some valuable suggestions were put forward based on our findings, such as
penetration-based strategies, flow control, V2X coordination technology, and im-
provement of the legal framework.

The proposed methodology is generic and applicable to various traffic scenarios,
such as intersections, diverging zones, or arterial roads. The selection of appropriate
evaluation indicators and the calibration of model parameters may vary depending on the
specific conflict types and traffic dynamics in these scenarios. In this study, we focus on
freeway merging areas as a representative case. While the current work demonstrates the
applicability of the method in one specific context, it also has some limitations that future
research should address: (1) The simulation model parameters used in this study are mainly
obtained from the previous literature, which may lead to a deviation between simulation
results and practical scenarios. Future studies should focus on calibrating the simulation
model with real-world traffic data. Notably, autonomous vehicles such as Robotaxi are
already in regular operation on public roads in Wuhan, China. Our research team plans to
capture aerial traffic videos in freeway merging areas using drones. The collected videos
will be processed with the YOLO object detection algorithm to identify individual vehicles,
and DeepSORT will be applied to continuously track their trajectories. The resulting
trajectory data will be used to support parameter calibration and model validation, thereby
enhancing the realism and applicability of the simulation model in mixed traffic scenarios.
(2) The selection of evaluation indicators mainly focused on traffic flow characteristics and
conflict metrics. In future work, additional factors such as road geometry, driving behavior,
and environmental conditions should be incorporated to build a more comprehensive
safety evaluation framework. (3) This study only focused on a single type of freeway
merging area with a single-lane parallel acceleration lane. However, different types of
merging configurations (e.g., taper merging, two-lane on-ramps) may affect the safety level
of mixed traffic flow. Hence, exploring different merging configurations should be paid
attention to in future. (4) The validation of the proposed model was based on a qualitative
comparison with the traditional fuzzy comprehensive evaluation (FCE) method. Although
both models showed consistent trends and the cloud model exhibited greater sensitivity
in risk differentiation, the validation lacked formal statistical measures. Future research
should incorporate quantitative metrics such as root mean square error (RMSE), correlation
analysis, or other statistical validation techniques to improve the model’s robustness and
ensure its accuracy and reliability under various traffic scenarios.
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Abbreviations

Accel Acceleration
Decel Deceleration
MinGap Minimum gap
MaxSpeed Maximum speed
Tau Desired Time Headway (in seconds)

Appendix A

Table A1. Safety levels of 54 simulation scenarios.

Scenarios High Risk Moderate Risk Average Risk Low Risk Very Low Risk Level

3000/0.15/0.0 0 0.00002 0.16377 0.61964 0.21657 4
3000/0.15/0.2 0.00318 0.35547 0.24347 0.24461 0.15327 2
3000/0.15/0.4 0.0015 0.03613 0.30423 0.41743 0.24072 4
3000/0.15/0.6 0.0005 0.01256 0.43888 0.38292 0.16513 3
3000/0.15/0.8 0.00021 0.01421 0.59663 0.13412 0.25483 3
3000/0.15/1.0 0.00009 0.00503 0.60781 0.16811 0.21896 3
3000/0.25/0.0 0 0.00014 0.27854 0.59576 0.12556 4
3000/0.25/0.2 0.00209 0.04986 0.28575 0.52193 0.14036 4
3000/0.25/0.4 0.00033 0.00827 0.31954 0.52778 0.14408 4
3000/0.25/0.6 0.00007 0.00195 0.44700 0.40221 0.14877 3
3000/0.25/0.8 0.00001 0.00099 0.36416 0.50751 0.12733 4
3000/0.25/1.0 0 0.00522 0.71193 0.16141 0.12144 3
3000/0.35/0.0 0 0.28342 0.17826 0.40689 0.13143 4
3000/0.35/0.2 0.00319 0.35659 0.37505 0.01958 0.24558 3
3000/0.35/0.4 0.00097 0.30737 0.37015 0.1326 0.18890 3
3000/0.35/0.6 0.00008 0.28770 0.32532 0.25251 0.13439 3
3000/0.35/0.8 0 0.29621 0.31606 0.17715 0.21057 3
3000/0.35/1.0 0 0.30443 0.28951 0.25170 0.15436 2
4500/0.15/0.0 0.00035 0.44018 0.08797 0.22665 0.24485 2
4500/0.15/0.2 0.02067 0.42374 0.20735 0.22681 0.12144 2
4500/0.15/0.4 0.02193 0.42266 0.27557 0.1559 0.12395 2
4500/0.15/0.6 0.01644 0.14298 0.18593 0.51057 0.14408 4
4500/0.15/0.8 0.13135 0.14358 0.17496 0.54372 0.00639 4
4500/0.15/1.0 0.13266 0.14318 0.27239 0.44731 0.00445 4
4500/0.25/0.0 0.22937 0.17892 0.11608 0.45739 0.01824 4
4500/0.25/0.2 0.02271 0.38159 0.20784 0.38785 0 4
4500/0.25/0.4 0.01868 0.16119 0.41312 0.40700 0 3
4500/0.25/0.6 0.13750 0.14314 0.25321 0.46602 0.00013 4
4500/0.25/0.8 0.01038 0.26100 0.19541 0.46885 0.06436 4
4500/0.25/1.0 0.10910 0.13955 0.24762 0.50205 0.00168 4
4500/0.35/0.0 0.16097 0.24637 0.24687 0.34578 0 4
4500/0.35/0.2 0.14461 0.27399 0.27376 0.30763 0 4
4500/0.35/0.4 0.14014 0.14304 0.42543 0.29139 0 3
4500/0.35/0.6 0.02140 0.25990 0.37050 0.34820 0 3
4500/0.35/0.8 0.01635 0.26216 0.28084 0.44023 0.00042 4
4500/0.35/1.0 0.13101 0.14227 0.20379 0.52224 0.00069 4
6000/0.15/0.0 0.01047 0.38381 0.03276 0.57277 0.00019 4
6000/0.15/0.2 0.02237 0.53419 0.01905 0.42259 0.00181 2
6000/0.15/0.4 0.02931 0.51709 0.08923 0.36436 0 2
6000/0.15/0.6 0.02577 0.25683 0.28684 0.43051 0.00005 4
6000/0.15/0.8 0.13423 0.14492 0.19867 0.51818 0.00401 4
6000/0.15/1.0 0.12749 0.12628 0.33425 0.35687 0.0551 4
6000/0.25/0.0 0.02844 0.37918 0.03713 0.46801 0.08725 4
6000/0.25/0.2 0.05307 0.36489 0.26895 0.31309 0 2
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Table A1. Cont.

Scenarios High Risk Moderate Risk Average Risk Low Risk Very Low Risk Level

6000/0.25/0.4 0.15941 0.27115 0.28626 0.28318 0 3
6000/0.25/0.6 0.16700 0.29141 0.25791 0.28368 0 2
6000/0.25/0.8 0.15194 0.13261 0.42665 0.28879 0 3
6000/0.25/1.0 0.15115 0.13330 0.31989 0.39459 0.00107 4
6000/0.35/0.0 0.11851 0.28892 0.03941 0.43323 0.11993 4
6000/0.35/0.2 0.13783 0.29523 0.28214 0.28480 0 2
6000/0.35/0.4 0.14085 0.26386 0.31172 0.28356 0 3
6000/0.35/0.6 0.14439 0.21567 0.35317 0.28677 0 3
6000/0.35/0.8 0.13301 0.1446 0.28998 0.42897 0.00344 4
6000/0.35/1.0 0.13327 0.14402 0.31009 0.39225 0.02038 4
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