
Academic Editor: João M. F.

Rodrigues

Received: 11 January 2025

Revised: 22 January 2025

Accepted: 23 January 2025

Published: 27 January 2025

Citation: Chen, Y.; Qu, D.; Wang, T.;

Cui, S.; Shao, D. Quantification

Method of Driving Risks for

Networked Autonomous Vehicles

Based on Molecular Potential Fields.

Appl. Sci. 2025, 15, 1306. https://

doi.org/10.3390/app15031306

Copyright: © 2025 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license

(https://creativecommons.org/

licenses/by/4.0/).

Article

Quantification Method of Driving Risks for Networked
Autonomous Vehicles Based on Molecular Potential Fields
Yicheng Chen, Dayi Qu *, Tao Wang , Shanning Cui and Dedong Shao

College of Civil Engineering, Qingdao University of Technology, Qingdao 266520, China;
cyc30144701@163.com (Y.C.); wangtaoqd1987@163.com (T.W.); loser365@163.com (S.C.);
sdd332024949@163.com (D.S.)
* Correspondence: dayiqu@qut.edu.cn

Abstract: Connected autonomous vehicles (CAVs) face constraints from multiple traffic
elements, such as the vehicle, road, and environmental factors. Accurately quantifying the
vehicle’s operational status and driving risk level in complex traffic scenarios is crucial for
enhancing the efficiency and safety of connected autonomous driving. To continuously and
dynamically quantify the driving risks faced by CAVs in the road environment—arising
from the front, rear, and lateral directions—this study focused s on the self-driving particle
characteristics that enable CAVs to perceive their surrounding environment and make
driving decisions. The vehicle-to-vehicle interaction behavior was analogized to the inter-
molecular interaction relationship, and a molecular Morse potential model was applied,
coupled with the vehicle dynamics theory. This approach considers the safety margin
and the specificity of driving styles. A multi-layer decoder–encoder long short-term
memory (LSTM) network was employed to predict vehicle trajectories and establish a risk
quantification model for vehicle-to-vehicle interaction behavior. Using SUMO software
(win64-1.11.0), three typical driving behavior scenarios—car-following, lane-changing, and
yielding—were modeled. A comparative analysis was conducted between the risk field
quantification method and existing risk quantification indicators such as post-encroachment
time (PET), deceleration rate to avoid crash (DRAC), modified time to collision (MTTC),
and safety potential fields (SPFs). The evaluation results demonstrate that the risk field
quantification method has the advantage of continuously quantifying risk, addressing
the limitations of traditional risk indicators, which may yield discontinuous results when
conflict points disappear. Furthermore, when the half-life parameter is reasonably set, the
method exhibits more stable evaluation performance. This research provides a theoretical
basis for the dynamic equilibrium control of driving risks in connected autonomous vehicle
fleets within mixed-traffic environments, offering insights and references for collision
avoidance design.

Keywords: vehicle-to-vehicle interaction; risk quantification; molecular potential fields;
networked autonomous vehicles; deep learning

1. Introduction
Traffic safety remains a paramount concern that the transportation system must ad-

dress. The World Health Organization’s Global Road Safety Status Report states that road
traffic accidents are the eighth leading cause of death, with 1.35 million people dying each
year globally due to traffic accidents. Moreover, the vast majority of these accidents are
caused by vehicle collisions [1]. Prior to formulating various strategies to prevent vehicular
collisions, it is essential to accurately assess the potential risks surrounding vehicles. This
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not only significantly reduces the likelihood of accidents, but also enhances the efficiency of
road traffic. Generally speaking, the assessment of potential road risks is achieved through
traffic risk indicators, which are traditionally categorized into three types: time-based risk
indicators, distance-based risk indicators, and deceleration-based indicators. In practical ap-
plications, time-based risk indicators are the most widely utilized, such as time to collision
(TTC) [2], time exposed to collision (TET) [3], and modified time to collision (MTTC) [4].
Distance-based risk indicators, such as headway time (H) [5], are primarily employed
to calculate the safe distance required to avert collisions. Deceleration-based indicators
assess driving risks in emergency situations based on deceleration rates, such as conflict
speed (CS) [6]. Although these safety surrogate indicators are widely used in conflict
quantification studies across various traffic scenarios, they also have certain limitations:
(1) traditional safety surrogate indicators do not account for the driver’s reaction charac-
teristics; (2) constraints of boundary conditions, such as traditional TTC-based indicators
failing to quantify rear-end collision risks when “the following vehicle’s speed is less than
that of the leading vehicle”; (3) the uncertainty in the risk level classification thresholds also
leads to deviations in the risk quantification results. To address the limitations of single
risk quantification indicators, this study comprehensively analyzes the vehicle kinematic
mechanisms and the driver’s reaction characteristics. It introduces the concept of the driver
behavior molecular potential field to systematically describe the distribution of traffic flow
risks, the degree of response to the traffic environment, and the dynamic relationship
between these factors.

The structure of the article is as follows: Section 1 presents existing quantification
indicators for vehicular driving risks. Section 2 discusses recent research in the field of
transportation based on field theory. Section 3 draws an analogy between vehicles and
self-driven particles from the perspective of molecular force fields, establishing relevant
models for the quantification of driving risks. Section 4 validates the feasibility of the
proposed methods by applying a vehicle trajectory prediction model. Section 5 outlines the
experimental setup and data processing procedures. Section 6 showcases the assessment
results of the driving risks using this method. Section 7 concludes the paper.

2. Literature Review
In recent years, vehicle interaction models based on the field theory have garnered

significant attention due to their objectivity, versatility, flexibility, and interpretability.
Li et al. [7] proposed a simplified stimulus–response car-following model based on ar-
tificial potential fields, which was validated using the NGSIM dataset, revealing a new
direction for addressing vehicle control issues that balance safety in complex traffic environ-
ments. Liu et al. [8] modeled traffic factors such as lane markings and connected vehicles
to construct a control model for autonomous vehicles, demonstrating its effectiveness.
Li et al. [9] established a car-following model grounded in the driving risk field theory and
validated its efficacy through numerical simulations, subsequently proposing a novel risk
perception warning strategy to mitigate driving risks for connected autonomous vehicles.
Wang et al. [10] introduced a driving safety potential field that characterizes the compre-
hensive risks associated with drivers, connected vehicles, and roadways. Qin et al. [11]
investigated the impact of connected auxiliary devices on the efficiency of mixed-traffic
flow. Jia et al. [12] combined the Lennard–Jones potential function with safety potential
fields, incorporating acceleration parameters and considering the combined effects of lane
markings and road boundaries to develop an optimized safety potential car-following
model in connected environments, validated using the Shanghai natural driving research
dataset. Qu et al. [13] approached the problem from a molecular force field perspective,
introducing a velocity coordination term to propose a new framework for systematically
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analyzing the collaborative relationships and safety dynamics of heterogeneous connected
vehicle groups.

Similarly, Ma et al. designed an emergency takeover scenario on urban expressways,
utilizing a risk field to assess the risk for experimental vehicles. This approach effectively
analyzed the driving risks during the takeover process of L3 autonomous vehicles under
different cognitive levels. The results indicate that the model outperforms TTC in terms
of accuracy in representing risk [14]. In order to understand the dynamic characteristics
of surrounding vehicles and avoid potential driving risks in mixed traffic, Huang et al.
proposed a probabilistic driving risk assessment framework based on driving intent recog-
nition and vehicle risk evaluation within the system. An LSTM network was used to build
the intent recognition model to identify the driving intentions of surrounding vehicles, and
then the driving safety field theory was applied to output potential risks [15]. Zheng et al.
conducted a predictive study on future driving risks by reading historical vehicle trajectory
data to calculate the relative position and future motion trajectory of the target vehicle with
respect to the experimental vehicle. The simulation results indicate the safety, continuity,
and dynamic feasibility of the proposed algorithm [16]. Chen et al. also considered both
comfort and safety, setting up static and dynamic risk fields. By selecting the optimal
driving trajectory, they achieved lane-change optimization, ensuring that passengers were
in a comfortable state for 97.5% of the time during the lane-change process [17].

In summary, existing research on driving safety fields and risk quantification theories
is primarily based on the field theory, utilizing artificial potential fields to analyze driving
safety issues in the human–vehicle–road system, achieving substantial results. However,
some studies conducted in intelligent connected environments lack a comprehensive
consideration of vehicle dynamics, driver psychological characteristics, and the interactions
between multiple vehicles. In contrast to the basic field theory, this study is grounded
in the Morse molecular field theory, which simultaneously considers the impact of both
the physiological and psychological characteristics of the driver on driving safety, as well
as the complex and dynamic traffic environment. This approach enables a more accurate
description of the coupling mechanisms between humans, vehicles, and roads, taking into
account the time–space risk field superposition effects caused by different factors such
as vehicle position, speed, and acceleration. A novel visual risk quantification method
is proposed for the connected mixed-traffic environment, offering stable and precise risk
assessment in the complex human–machine co-driving traffic scenarios.

3. Molecular Force Field Description and Modeling
Molecular force refers to the attractive and repulsive forces between molecules. Specif-

ically, when the distance between molecules is less than the equilibrium distance, they
exhibit repulsive forces; when the distance exceeds the equilibrium distance, attractive
forces prevail; and when the distance surpasses the escape distance, they enter a state of
freedom. The interaction between two vehicles mirrors molecular behavior. In 1929, physi-
cist Philip Morse [18] introduced a potential energy function to describe the interactions
between atoms or molecules, known as the Morse potential. This function has been widely
applied in fields such as molecular spectroscopy, molecular dynamics, and the calculation
of molecular energy levels, and can be expressed as follows:

Umorse(r) = D
{
{1 − exp[−p(r − r0)]}2 − 1

}
(1)

In the equation, Umorse(r) represents the strength of the Morse force field, p denotes
a variable parameter, r indicates the distance between molecules, r0 signifies the equilib-
rium distance between molecules, and D represents the dissociation energy between the
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molecules. The potential function exhibits a double-well shape reminiscent of that of a
harmonic oscillator. Once the distance between molecules exceeds the equilibrium distance,
the potential energy decays at an accelerated rate, thus providing a more precise depiction
of molecular vibrational phenomena. The strength of the Morse force field varies with p
and r0, as illustrated in Figure 1.
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Figure 1. Trends in the Morse potential field.

From a physics perspective, a field can be understood as the interaction force that an
object with specific properties exerts on other objects within a defined spatial range, without
direct surface contact. The magnitude of this interaction force varies depending on the
relative positions of the objects. Consequently, the objects, due to their mutual interaction
forces, possess potential energy that is related to their relative positions. Thus, a force field
can be regarded as a description of the interaction capacity within the entire space surround-
ing an object. Similarly, a comparable physical field exists within transportation systems.
The behavior of a vehicle, which seeks to maintain an optimal distance from the vehicle
ahead—neither too close nor too far—can be viewed as the process by which the vehicle,
under the influence of the “force field” of the leading vehicle, continuously adjusts its speed
through acceleration or deceleration to achieve the following equilibrium. In the context of
intelligent and connected transportation systems, as CAVs (connected and autonomous
vehicles) become more prevalent in the future, driving authority will transition from human
drivers to autonomous vehicle decision-making. Each factor influencing vehicle motion
can be considered a field source within its spatial domain, with the risk field being the
result of the superposition of these field sources. Therefore, the Morse risk field can be
understood as a physical field reflecting the impact of traffic factors on driving safety. In an
intelligent connected environment, conditions are conducive to acquiring parameters such
as differences in vehicle speed, velocity, and acceleration. Accordingly, we introduced the
equilibrium distance l0 between vehicles, corresponding to the intermolecular equilibrium
distance r0, and employed the Morse potential to characterize the interactive risk force field
among vehicles.

l0 = λ0(λ1 − λ2∆v − λ3∆a)vn (2)

In the equation, l0 represents the equilibrium distance between vehicles; ∆v denotes
the speed difference between the target vehicle and the interacting vehicle; ∆a signifies the
acceleration difference between the target vehicle and the interacting vehicle; vn indicates
the speed of the target vehicle; and λ0, λ1, λ2, and λ3 represent the comprehensive influence
parameters of speed, speed difference, and acceleration difference. By integrating Equations
(1) and (2), we constructed the vehicle interaction field as follows:

U(l) = lm
{
{1 − exp[−βl + λ0vn(λ1 − λ2∆v − λ3∆a)]}2 − 1

}
(3)



Appl. Sci. 2025, 15, 1306 5 of 17

In the equation, lm denotes the maximum interaction distance between vehicles, l
represents the distance between vehicles, and β is the field parameter. Building upon this,
we applied the gradient descent method to derive the force function acting on the target
vehicle as follows:

F(l) = −dU(l)
dl

= −2βlm{1 − exp[−β(l − l0)]} exp[−β(l − l0)] (4)

Furthermore, we can derive the acceleration of the target vehicle induced by the
interaction force field as follows:

a =
2βlm{exp[−β(l − l0)]− 1} exp[−β(l − l0)]

M
(5)

In the equation, M represents the mass of the target vehicle. Based on the vehicle inter-
action force field, we can derive the potential risk field associated with vehicle interactions
as follows:

UV = lm
〈
{1 − exp[−βl + λ0vn(λ1 − λ2∆v − λ3∆a)]}2 − 1

〉
· ω · exp(cos θ) (6)

In the equation, θ denotes the angle between the vehicle’s velocity direction and the
road’s centerline, while ω represents the field parameter.

To integrate spatial and temporal risks, while distinguishing the impact of varying
future time on the risk field, we introduced the discount function γ(t). This discount
function adheres to the principle of half-life, exhibiting an exponential decay in its value as
the future time unit progresses.

γ(t) = (0.5)t/t1/2 (7)

In the equation, t1/2 represents the half-life, indicating the driver’s level of concern
regarding future risks. A larger value of A signifies a slower decay of the risk field across
spatial dimensions, reflecting a heightened awareness of long-term future risks by the
driver; t denotes the future time variable.

From Equations (6) and (7), we can derive the potential spatiotemporal risk field of
vehicle interactions as follows:

Ur = lm
{
{1 − exp[−βl + λ0vn(λ1 − λ2∆v − λ3∆a)]}2 − 1

}
·ω · exp(cos θ) · (0.5)t/t1/2 (8)

In order to more accurately describe the risk zone, it is essential to consider the actual
occupied area of each vehicle. The actual occupied area refers not only to the physical space
occupied by the vehicle on the road, but also its safety margin.

Nilsson R [19] describes the safety margin as the “distance that causes a perceived
threat to the driver”, which represents the vehicle dimensions as perceived by the driver. It
is the additional space allocated to the vehicle, providing the driver with a greater sense of
safety and comfort during operation. Furthermore, it helps compensate for measurement
errors in onboard and road-based sensors to some extent, thereby aiding in making more
conservative risk predictions. Therefore, the safety margin is expressed as the maximum
interaction distance (lm) between the target vehicle and the interacting vehicle, as follows:

lm = VR · (τ1 + τ2) +
V2

R
2aR

−
V2

F
2aF

− DR (9)

In the equation, VR represents the speed of the target vehicle, while VF denotes the
speed of the interactive vehicle. τ1 refers to the driver’s response time, which is the amount
of time it takes for the driver to react after perceiving a potential risk. τ2 stands for the
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braking system’s response time, which is the time delay between the driver’s or automated
system’s braking command and the actual response of the braking system. aR indicates the
acceleration of the target vehicle, describing how quickly the target vehicle accelerates or
decelerates. aF represents the acceleration of the interactive vehicle, reflecting how fast the
interacting vehicle accelerates or decelerates. Finally, DR is the relative distance between
the two vehicles, representing the distance between the target and interactive vehicles at a
given moment.

The different motion states of a vehicle and its interaction with other vehicles can
influence the distribution of the risk field. The risk field distribution of a vehicle at a given
moment is discussed in three typical scenarios below. When the vehicle is driving freely
at a constant speed, the risk field reaches its peak within its safety margin and gradually
decreases as the distance increases, as shown in Figure 2. When the vehicle is in a following
state, the risk potential has a saddle-shaped distribution, with the risk field in the area
between the two vehicles significantly higher than in the front of the lead vehicle and the
rear of the following vehicle, as shown in Figure 3. When the vehicle is in a lane-changing
state, the risk field is superimposed along the direction of the vehicle’s movement, but it
still peaks within its safety margin, as shown in Figure 4.
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4. Vehicle Trajectory Prediction Model
Considering the impact of driver heterogeneity on the risk field, a deep learning neural

network was applied to predict the short-term future position of the vehicle, and a vehicle
trajectory risk field was constructed by integrating multidimensional factors.

4.1. Input and Output

The input and output of the prediction model are denoted as X and Y, respectively,
as shown in Equation (10). Th and τ represent the observation time for the input and the
prediction time range for the output, respectively. During the input phase, parameters such
as the vehicle’s position, speed, acceleration, and steering angle were recorded with a time
step of 0.1 s, until Th was reached. In the prediction phase, the vehicle’s motion parameters
are predicted using the same time step of 0.1 s, until τ was reached.{

X = Xt−Th , Xt−Th+1, · · ·, Xt;
Y = Yt+j, j = 1, 2, · · ·, τ;

(10)

 Xt =
[

xk
t−p, yk

t−p

]
, k ∈ [1, 2, · · ·, N], p ∈ [0, 1, 2, · · ·, Th];

Yt+j =
[

xk
t+q, yk

t+q

]
, k ∈ [1, 2, · · ·, N], q ∈ [0, 1, 2, · · ·, τ].

(11)

In the equation, Xt represents the input range and its dimensions (Th time steps × x, y
coordinates × number of vehicles), and Yt+j represents the output range and its dimensions
(τ time steps × x, y coordinates × number of vehicles).

4.2. Deep Learning EDLN Model

The encoder–decoder long short-term memory network (EDLN), as a variant of
the long short-term memory (LSTM) recurrent neural network, has been shown by
Ettinger et al. [20] to effectively extract trajectory features in complex scenarios. There-
fore, EDLN was chosen as the basis for the prediction model, which is primarily divided
into three components: the encoder, the decoder, and the mixture density layer, as shown
in Figure 5. The encoder and decoder of the EDLN are composed of LSTM stacks with
the same structure and weights [21–23]. The encoder transforms historical trajectory data
into a bridging vector, storing the behavioral features of interacting vehicles, while the
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decoder outputs the vehicle’s x and y coordinate vectors based on the encoded features of
the bridging vector. Finally, the mixture density layer outputs the predicted distribution of
the vehicle.
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Considering the prediction performance, the model uses two layers of LSTM, with
a total of 512 neurons, and the initial learning rate was set to 0.001 [24–27]. The number
of Gaussian distributions in the mixture density layer was set to 6. Since evaluating
the prediction model was crucial for determining its effectiveness and reliability, the
learning rate was halved if the validation loss did not improve within 5 epochs. To prevent
overfitting, training was stopped and the trained model was saved if the validation loss
did not improve within 10 epochs.

5. Data Processing and Simulation Experiment Setup
The experiment used the CitySim dataset from the Intelligent Transportation Safety

Laboratory (UCF-SST) at the University of Central Florida, with a total duration of 1200 min,
including driving trajectory data for over 10,000 vehicles [28]. After visualizing and
analyzing the vehicle trajectories, it was found that the data from the Expressway A urban
expressway interwoven section exhibited concentrated distributions of driving behaviors
such as vehicle following and lane changing. To effectively quantify the risk of various
interactive behaviors of vehicles in complex traffic environments, this section was selected
to validate the accuracy of the trajectory prediction model and the effectiveness of the risk
quantification method. Considering the computational capacity of the equipment, the input
observation time (Th) was set to 1 s, the prediction time range (τ) was set to 6 s, and the
risk field half-life (t1/2) was set to 0.5 s.

5.1. Data Processing

Due to the presence of noisy data (sudden changes in speed and acceleration) in
the original CitySim dataset, as shown in the gray area of Figure 6, which may lead
to anomalous vehicle trajectories, abnormal acceleration data exceeding the acceleration
threshold were filtered out during the data processing. When the original data’s acceleration
exceeded the threshold, linear interpolation was used to denoise the two adjacent data
points. Additionally, a moving average filter with a duration of 0.5 s was applied to reduce
the impact of random noise. The denoised data are represented by the dashed line in
Figure 6 [29–32].
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Figure 6. Comparative analysis of raw data and denoised data. (a) Comparative analysis of accelera-
tion data. (b) Comparative analysis of speed data.

5.2. Simulation Experiment Setup

To define the experimental objects and scope, a reference coordinate system consisting
of at most seven vehicles was established. The target vehicle’s coordinates were set at (0,
0), and the interaction vehicles are selected within a range where the center of the vehicle
is located within a rectangle defined by X (−10, 10) and Y (−20, 80). The target vehicle
is denoted as SV, the lead vehicle is marked as L, and the following vehicle is marked as
F. The lane of the target vehicle is marked as 1, the left lane as 0, and the right lane as 2.
The system consists of the target vehicle as the reference point and up to 6 surrounding
interaction vehicles. The positions were recorded every 0.1 s, and each set of records was
defined as one observation. The observations of non-interacting vehicles were filtered out.

After conducting a continuous 10 min recording of the Expressway A section from the
CitySim dataset, 12,284 observation data points were selected and divided into two groups:
80% of the data, after processing, was used as the training set for training the deep learning
trajectory prediction model, and 20% was used as the test set.

During the setup of the test scenario, the SUMO software was used to create a -km
long, one-way, three-lane highway. It included two typical vehicle interaction scenarios
(car-following and lane-changing) to evaluate the applicability of the risk quantification
model. In the vehicle following scenario, as shown in Figure 7a, the target vehicle was
behind the interaction vehicle and remains in the same lane, with a longitudinal conflict
risk. In the lane changing scenario, as shown in Figure 7b, the target vehicle was ahead of
the interaction vehicle and was in an adjacent lane. The target vehicle was changing from
its lane to the lane of the interaction vehicle, and both longitudinal and lateral conflict risks
were present.
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6. Discussion
6.1. Risk Quantification Method Evaluation

We applied the Morse risk field (MRF) quantification model to continuously calculate
the interaction vehicle risk field intensity at fixed intervals across different driving scenarios.
In the microscopic car following scenario, which involves only one target vehicle and one
interaction vehicle, the interaction vehicle drives directly in front of the target vehicle,
undergoing acceleration, constant speed, deceleration, and constant speed movements
sequentially. The target vehicle follows the interaction vehicle. The results of the car
following scenario experiment are shown in Figure 8. Figure 8a displays the speed of each
vehicle and the driving risk experienced by the target vehicle. v1 represents the speed of the
interaction vehicle, v2 represents the speed of the target vehicle, and MRF represents the
driving risk the target vehicle experiences from the interaction vehicle. Figure 8b shows the
driving risk experienced by the target vehicle, where TTC−1 indicates the inverse of the time
to collision between the two vehicles, MRF represents the driving risk the target vehicle
experiences from the interaction vehicle, MRF-c indicates the driving risk the target vehicle
experiences from the interaction vehicle at the current moment, and MRF-p represents the
predicted future driving risk the target vehicle will experience from the interaction vehicle.
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As can be seen from Figure 8b, the variation patterns of TTC−1 and MRF are generally
similar, with the difference being that during the 18–30 s period, TTC−1 reflects a lower
driving risk, while MRF indicates a higher risk. From Figure 8a, it is evident that the 18–30 s
period corresponds to the high-speed car following phase, and after 45 s, it represents the
medium-speed car following phase. TTC−1 reflects a consistent driving risk for the target
vehicle during both phases, which does not align with the actual situation. In contrast, MRF
shows a higher driving risk during the high-speed car following phase and a lower risk
during the medium-speed car following phase. Therefore, in this scenario, MRF provides
a more accurate representation of the driving risk than TTC−1. Furthermore, Figure 8b
illustrates the driving risk experienced by the target vehicle at the current moment (MRF-c),
as well as the predicted future driving risk (MRF-p). The root mean square error between
MRF-c and MRF-p was 0.052, with a deviation of 5.38%. From the figure, it can be observed
that the variation patterns of MRF-c and MRF-p were consistent, with MRF-p located to the
left of the MRF-c curve, indicating that the MRF-p curve can represent the predicted future
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driving risk at the current moment. This demonstrates the effectiveness of the proposed
model in the car following scenario.

In the merging scenario (involving only one target vehicle and one interacting vehi-
cle), the target vehicle is traveling at approximately 82 km/h in the right lane, while the
interacting vehicle accelerates from behind in the left lane, overtakes the target vehicle at
about 97 km/h, then changes lanes to the right and merges into the target vehicle’s lane.
The results of the merging scenario experiment are shown in Figure 9. Figure 9a displays
the speeds of the vehicles and the driving risk experienced by the target vehicle. Here, v1

represents the speed of the interacting vehicle, v2 represents the speed of the target vehicle,
and MRF indicates the driving risk experienced by the target vehicle from the interacting
vehicle. Figure 9b shows the relative distance between the vehicles and the driving risk
experienced by the target vehicle. Specifically, d–x represents the lateral relative distance
between the two vehicles, d–y represents the relative distance along the direction of vehicle
travel, and MRF represents the driving risk experienced by the target vehicle from the
interacting vehicle. MRF-c indicates the driving risk experienced by the target vehicle at
the current moment, while MRF-p represents the predicted future driving risk experienced
by the target vehicle from the interacting vehicle.
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From Figure 9b, it can be observed that from 5 s to 17 s, as the relative distance between
the two vehicles decreased, the driving risk experienced by the target vehicle significantly
increased. After 17 s, as the relative distance increases, the driving risk decreases. Between
18 s and 21 s, the interacting vehicle changed lanes into the front lane of the target vehicle.
Therefore, the region where the MRF decreased after 17 s can be divided into two phases:
before and after the interacting vehicle merges. Prior to the merge, the MRF decreased
at a faster rate because the interacting vehicle was positioned in the left front of the
target vehicle; after the merge, the rate of decrease slowed, as the interacting vehicle was
positioned directly in front of the target vehicle. At the same relative distance, the risk
generated when the interacting vehicle was directly in front of the target vehicle is greater,
which is consistent with real-world observations. Additionally, Figure 9b displays both the
current driving risk (MRF-c) and the predicted future driving risk (MRF-p) for the target
vehicle. The root mean square error between MRF-c and MRF-p was 0.08, and the deviation
between MRF-c and MRF-p was 4.76%. It is evident from Figure 9b that the MRF-c and
MRF-p exhibited consistent trends, with MRF-p lying to the left of the MRF-c curve. This
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indicates that the MRF-p curve can represent the predicted future driving risk at the current
moment, thus validating the effectiveness of the proposed model in the merging scenario.

Due to space limitations, a 6 s lane change scenario involving the target vehicle and
six other interacting vehicles was selected for detailed illustration, as shown in Figure 10.
During the entire process, the target vehicle moved from the left lane to the middle lane
(Figure 10b), and interacted with the other six vehicles, leading to a conflict (Figure 10c).
Once the target vehicle completed the lane change, it transitioned to a following maneuver
(Figure 10d). In Figure 10a, the variation in risk field intensity for each vehicle is depicted.
To clearly display and distinguish the risk fields of each vehicle, Figure 10b–d shows the
risk fields in front of the interacting vehicles and the front and rear regions of the target
vehicle, with areas of a higher risk intensity highlighted.
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forecast horizon.

6.2. Comparative Analysis with Existing Indicators

Existing risk quantification indicators primarily focus on evaluating single driving
situations with conflict points. However, for scenarios where the risk is jointly influenced
by the target vehicle and two or more interacting vehicles, current risk quantification
indicators may not provide an effective assessment. Therefore, a comparative analysis was
conducted between the MRF and existing conflict point-based risk quantification indicators
(post-encroachment time, PET; modified time to collision, MTTC; deceleration rate to avoid
crash, DRAC), as well as the safety field (safety potential field, SPF), which is also based on
field theory. The results are shown in Figure 11.
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In Figure 11a, when the target vehicle started to change lanes around 1 s, its MRF
gradually increased. Prior to the formation of conflict points with the forward-interacting
vehicles (L0, L1, L2), the associated risk could be continuously quantified. From 1 to 4 s,
during the lane change, no significant sudden changes in the MRF were observed. After
approximately 4 s, once the lane change was completed, the vehicle entered the following
state. Since the risk of longitudinal collision with L1 is relatively high, the MRF remained
at a higher level.

In Figure 11b–d, marked points represent the moments of appearance and disappear-
ance of vehicle trajectory conflict points. Traditional conflict point-based risk quantification
indicators can only assess risks when conflict points appear on the predicted vehicle tra-
jectories. In cases where the leading vehicle’s speed is higher than that of the following
vehicle, these traditional indicators fail to provide a continuous risk evaluation throughout
the driving process.

As shown in Figure 11b, before the target vehicle completed the lane change, 1/PET
could only evaluate the risk related to the two interacting vehicles (L0, F0) in the original
lane. After the target vehicle completed the lane change, it only evaluated the risk related
to the two interacting vehicles (L1, F1) in the target lane.

When the speed of the leading vehicle exceeded that of the following vehicle, as shown
in Figure 11c,d, both 1/MTTC and DRAC indicators also showed limitations. In following
situations, the headway and speed differential between the two vehicles may both be small.
If the leading vehicle suddenly decelerated, the following vehicle had no opportunity to
avoid the collision risk through deceleration or lane change. Therefore, in such cases, the
Morse field risk quantification method based on the field theory has the advantage of
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continuous risk quantification, compensating for the shortcomings of traditional conflict
point-based risk indicators.

The method was compared with the safety potential field, which is also based on
the field theory. By comparing Figure 11a,e, it can be observed that the overall trend
of SPF was generally similar to that of MRF. However, SPF exhibited two significant
fluctuations around 3 s (during the target vehicle’s lane change process) and around 4 s
(when switching from the lane change state to the following state). The former may be
due to the consideration of lane markings, as the risk associated with the target vehicle
crossing the lane lines differed before and after the lane change. The latter may arise
because SPF only explores the spatial distance’s effect on the field, without considering
the field’s temporal decay process. In contrast, the Morse field risk quantification method
incorporates a half-life parameter (t1/2) in Equation (7), allowing it to combine both spatial
and temporal dimensions, thereby making the risk quantification results more aligned with
the objective reality.

6.3. The Impact of Half-Life Parameters

The half-life parameter represents the driver’s attention to future risks, and its value
is of crucial importance. An excessively small value may reduce the sensitivity to the risk
field generated by interacting vehicles, while an excessively large value may cause the risk
field to spread over a large area of the road, increasing the computational burden without
significantly improving the accuracy of the risk quantification.

Figure 10 compares the risk field under two different values of half-life parameters.
As shown in Figure 12a, at t1/2 = 0.25 s, the assessment range of the risk field only covered
a total of about 30 m in front and behind the target vehicle. At this time, drivers with
more aggressive styles may be in a more dangerous situation due to a lack of sufficient
parking distance from the preceding vehicle. In contrast, when t1/2 took 0.5 s, as shown in
Figure 12b, the range of the vehicle’s risk field was significantly larger than the previous
situation, and the coverage and intensity of the conflict risk field were also wider and
stronger than the former, leaning toward a more conservative driving style.
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7. Conclusions
Using the Morse molecular force field theory, the interaction relationships and underly-

ing mechanisms between the target vehicle and adjacent vehicles are analyzed. The concept
of risk fields is introduced, considering the time and spatial risk field superposition effects
under the influence of various factors such as vehicle position, speed, and acceleration.
A visualized risk quantification method is proposed for the connected and mixed traffic
flow environment.

The risk quantification method can be applied to various interaction behaviors of
vehicles in the same lane and across lanes (such as following and lane changing), ensuring
that the risk assessment results exhibit smooth transitions at the start and end of driving
behavior switches, and provide real-time risk levels faced by the target vehicle during
these transitions.

The method quantitatively computes and visualizes the risk fields generated by the
target vehicle and interacting vehicles. After comparing the proposed MRF index with PET,
MTTC, DRAC, and SPF, it is found that the MRF index can compensate for the shortcomings
of traditional risk quantification indicators, which may fail to provide continuous results at
conflict points. Additionally, due to the introduction of the half-life parameter, the method
can switch between more conservative and more aggressive risk assessments, allowing for
a dynamic evaluation of the objective driving risks of drivers with different driving styles.

The results of interactive vehicle trajectory prediction were applied in the modeling of
the driving risk field, enabling the prediction of the future trajectories of interacting vehicles.
This allows the model to possess the capability to predict potential driving risks in future
time periods. The deviation between predicted risks and actual risks was approximately
5%, indicating that this model can significantly enhance driving safety.

This study has certain limitations that require further improvement. The applicability
of this method in more complex traffic scenarios needs to be further explored, as well as the
impact of factors such as road width, curvature, and gradient on the quantification results.
Building upon this research, a systematic, multi-dimensional, and comprehensive driving
risk quantification framework could be established, providing a safer and more reliable
driving environment for connected autonomous vehicles within intelligent connected
mixed-traffic flows.
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