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Abstract—Fueled by advancements in intelligent transporta-
tion systems, the Internet of Vehicles (IoV) seeks to connect
smart vehicles, road infrastructure, and users into a unified
network, enhancing traffic efficiency and reducing accident risks.
Centralized cloud data collection raises concerns about privacy
and communication overhead. To address these, Distributed
Edge Intelligence (DEI) reduces transmission costs and improves
privacy by implementing machine learning at the network edge.
In this context, Cooperative Adaptive Cruise Control (CACC)
systems, combined with DEI in the IoV framework, enhance
transportation system intelligence through real-time data pro-
cessing and decentralized decision-making. This paper proposes
a modeling and analysis method for CACC systems based on
Petri nets. The datasets are automatically generated using tools
developed by our team, and machine learning methods are
utilized to perform risk prediction analysis on the CACC model.
From the perspective of Petri nets synchronization, we propose
risk mitigation strategies from a design standpoint. The research
results show that the proposed method significantly reduces signal
accumulation and enhances synchronization in CACC systems.
This improvement provides new theoretical support and technical
guidance for the design and implementation of CACC systems,
ultimately enhancing their safety and reliability.

Index Terms—Intelligent transportation systems, internet of
Vehicles, distributed edge intelligence, cooperative adaptive cruise
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I. INTRODUCTION

W ITH the rapid development of intelligent transportation
systems, the Internet of Vehicles (IoV), as a key

technology for the next generation of traffic management
and optimization, is gradually transforming our travel meth-
ods [1], [2]. The IoV seamlessly integrates smart vehicles,
road infrastructure, network facilities, and users, offering a
comprehensive awareness of the traffic environment, thereby
enhancing transportation efficiency and reducing traffic acci-
dents [3]. However, the widespread application of IoV systems
also brings significant challenges in data privacy and com-
munication overhead. The traditional centralized cloud data
processing model not only increases network load but also
faces severe privacy leakage risks [4]. To address these issues,
Distributed Edge Intelligence (DEI) has emerged [5]. DEI
deploys intelligent computing units at the network edge close
to data sources, enabling distributed machine learning and
data processing between intelligent vehicles and roadside units
(RSUs). This approach eliminates the need for vehicle tasks to
travel back and forth to the cloud, achieving real-time decision-
making in dynamic environments. It significantly reduces data
transmission costs and enhances data privacy protection [6],
[7].

Under the impetus of DEI, platoon control systems have be-
come an important research direction for improving road traffic
efficiency and safety [8]–[10]. Cooperative Adaptive Cruise
Control (CACC), as a pivotal technology, holds a promising
and essential role [11]–[13]. Through deep integration with
IoV, CACC not only achieves real-time information sharing
between vehicles but also enhances the operational efficiency
and safety of the entire traffic system through intelligent
algorithms and cooperative control [14]. Building on Adaptive
Cruise Control (ACC), CACC offers substantial improvements
over its predecessor, including earlier collision avoidance and
reduced air drag [15]. Therefore, researching and optimizing
CACC technology is of great significance for advancing the
development of IoV.

The stability of CACC systems is highly dependent on
inter-vehicle communication, posing numerous challenges in
their design and implementation. The design of the CACC
controller will determine the platoon’s response to unexpected
events [16]. CACC controllers can be classified based on their



communication flow topology into Predecessor-Follower (PF),
Predecessor-Leader-Follower (PLF), Bidirectional (BD), and
N-Predecessor-Follower [17]. All CACC topologies are proven
to be string stable. However, this stability has only been tested
under standard driving conditions, without considering sudden
events [18]. Traditional analysis and design methods struggle
to fully capture the dynamic behavior and potential risks of
CACC systems, which may lead to safety issues in practical
applications.

The commonly used method for reliability analysis of
CACC systems is to construct dynamic models and simu-
late and predict system behavior through driving scenario
simulations [19]–[21]. However, methods based on numerical
simulation and modeling have issues such as incomplete pro-
cess details, unclear workflows, and difficulty in traceability.
Additionally, this method requires a lot of test data, which
leads to higher testing costs. In contrast, formal modeling
methods can analyze the safety of CACC systems from the
perspectives of logical reasoning and mathematical analysis.
These methods provide significant supplements to traditional
software simulation and testing methods, allowing potential
design defects and safety vulnerabilities to be identified during
the design phase [22].

Petri nets, known for their intuitive graphical representation
and solid mathematical foundation, are powerful modeling
tools widely used in the analysis of concurrent systems [23],
[24]. Consequently, Petri nets can clearly describe the state
changes and event dependencies of systems, providing pre-
cise analysis methods for the dynamic behavior of complex
intelligent transportation systems [25].

Using Petri nets to model CACC systems can help under-
stand and analyze the behavior and interactions of vehicles
within a platoon. By defining clear states (such as vehicle
speed) and transitions (such as acceleration and deceleration),
Petri nets can effectively simulate and analyze how vehi-
cles respond to changes in the speed of the vehicle ahead
while maintaining a safe following distance. Additionally,
this modeling method supports the analysis of system safety,
providing scientific evidence for designing more efficient and
safer CACC systems. It also enhances the system’s adaptability
and robustness in the face of complex traffic scenarios.

This paper uses Petri nets to model the principles of
CACC systems. It combines machine learning to analyze state
characteristics and explores potential risk vulnerabilities from
a design perspective. Petri nets analysis methods will be used
to design strategies to mitigate these risks.

Specifically, the main content and innovations of this paper
include:

1) Modeling the CACC system using Petri nets;
2) Autonomously generating datasets through team-

developed tools and combining machine learning methods to
perform risk prediction analysis on the CACC model;

3) From a design perspective, proposing corresponding risk
mitigation strategies using the formal analysis methods of Petri
nets.

The remainder of the paper is structured as follows: Sec-
tion II reviews the related work. Section III introduces the fun-
damental concepts of Petri nets and explores machine learning-

based reachability analysis methods for unbounded Petri nets.
Section IV details the complete Petri model of the CACC
system. Section V discusses the experiments and analysis,
including the machine learning-based classifier and the dataset
generated using the tool. We also presents the results of risk
prediction for the model, proposes a reduction method for the
CACC model, and offers risk avoidance strategies from the
perspective of synchronization theory, alongside comparative
results. Finally, Section VI concludes the article.

II. RELATED WORK

With the rapid advancement of IoV technology, edge in-
telligence—integrating edge computing with distributed ma-
chine learning—enables immediate data processing at nodes
near vehicles. This capability offers innovative support and
optimization for CACC systems. The application of these
technologies not only enhances the intelligence level of traffic
systems but also offers effective solutions for improving real-
time data processing capabilities and accelerating decision-
making response times in IoV systems.

Some scholars have proposed a Deep Reinforcement Learn-
ing (DRL) strategy for distributed machine learning in the IoV,
specifically for selecting working nodes. This study models
the node selection problem as a Markov Decision Process
(MDP), comprehensively accounts for the timeliness of local
model updates, the quality of model parameter transmission,
and the sensing range of each vehicle. This method has
demonstrated superior performance in high-definition mapping
and intelligent driving decision-making, significantly outper-
forming other existing technologies [26].

Another study explores the integration of Mobile Edge
Computing (MEC) with IoV, emphasizing the potential of
edge computing in reducing communication delays, improving
bandwidth utilization, and enhancing the security of IoV.
By combining artificial intelligence technologies, this study
proves that edge computing can significantly improve the
overall operational efficiency of IoV, enabling faster data
processing and decision-making [6].

Additionally, some scholars have proposed a Collaborative
Vehicular Edge Computing (CVEC) framework that integrates
Software-Defined Networking (SDN) and edge computing.
This framework facilitates collaboration among different edge
computing nodes, supporting scalable vehicular services and
integrating Network Function Virtualization (NFV), intelligent
collaborative networks, and blockchain technology. It effec-
tively manages and optimizes vehicular network resources to
accommodate diverse vehicular demands, potentially reducing
latency and improving communication reliability [27].

Addressing the issue of data redundancy in IoV, another
study proposed a differential compression method imple-
mented on the MEC servers of Roadside Units (RSUs). This
method effectively reduces the amount of data transmitted to
the cloud, saving substantial bandwidth and storage space. By
adopting the Maximum Length of Copy (MLOC) algorithm,
this technique optimizes the differential compression process,
helping to minimize network congestion and reduce storage
waste on cloud servers [28].



In contemporary IoV-based intelligent transportation sys-
tems, CACC has gained significant attention for its potential
to improve traffic efficiency, fuel economy, and vehicle safety.
While scholars have made innovations and progress in the
field of DEI for IoV, they have also been improving CACC
control strategies. Researchers have explored various strategies
to enhance inter-vehicle communication efficiency and road
safety. These strategies include improving algorithms and
enhancing controller capabilities to cope with complex traffic
environments and constantly changing driving conditions.

Scholars have proposed two types of CACC systems: accel-
eration feedforward and control feedforward. They developed
a general state-space model for a vehicle platoon based on a
predecessor-following topology, ensuring the CACC system’s
stability and string stability through a series of constraints.
The study highlighted that employing feedforward control
strategies can significantly enhance the stability and response
speed of the platoon [17].

Another study focused on a spacing control algorithm for
platoons, which relies on onboard sensors and only consid-
ers communication with the preceding vehicle. By utilizing
frequency domain methods and Nyquist plot analysis, the
research primarily evaluated string stability. Numerical simula-
tions confirmed the effectiveness of the method in maintaining
the desired spacing within the platoon and ensuring overall
system stability [29].

When the acceleration data of the preceding vehicle is
unavailable, some researchers use sliding mode control with
disturbance observers to address challenges in CACC systems.
The strategy estimates the uncertainty of actuator dynamics
and preceding vehicle acceleration, treating these factors as
lumped disturbances [30].

To meet the needs of dynamic topologies, a study pro-
posed a robust CACC controller that combines the advantages
of All-Predecessor-Following (APF) and Predecessor-Leader-
Following (PLF). Through simulation evaluations, this con-
troller demonstrated excellent string stability and robustness
under both normal driving conditions and unexpected events
[16].

CACC systems are a key part of intelligent transportation
systems. They require real-time interaction and coordina-
tion among multiple vehicles, which makes system modeling
highly challenging. Existing dynamic models may lack suffi-
cient detail, making it difficult to trace dynamic processes ac-
curately. However, traditional formal modeling methods, such
as Petri nets, have shown great potential in such applications.
Petri nets can not only simulate the independent behavior of
each vehicle but also precisely describe the dynamic interac-
tion processes between vehicles.

For example, Hamroun et al. explored the use of Petri nets
for modular modeling and evaluating the performance of car-
sharing networks, demonstrating the potential of this approach
in simulating and optimizing dynamic transportation systems
[31]. In another study, Ning et al. proposed a system named the
Traffic Warning Message Dissemination System (TWMDS),
which utilized three different colored Petri nets to represent
and analyze the interactive behaviors within the system. This
further verified that the proposed reverse routing protocol had

higher application value in different routing protocols [32]. In
recent research by Guo et al., Petri nets were used to model
and analyze logical defects in Adaptive Cruise Control (ACC)
systems. They proposed an optimized modeling solution that
significantly improved system reliability and effectively re-
duced the risk of rear-end collisions [33].

However, solely relying on a single method to achieve
effective CACC system modeling and behavior analysis is
challenging, as each method has its limitations. Therefore, this
paper proposes an organic combination of machine learning-
based net learning methods and logic-based Petri nets mod-
els. This approach can effectively leverage their respective
advantages and compensate for their shortcomings. Through
proper design and rigorous validation, this combination aims to
enhance the accuracy and reliability of behavior risk analysis
in CACC systems.

III. BASIC CONCEPTS

In this section, we present and clarify the fundamental
concepts that form the foundation of our study. These concepts
are essential for understanding the subsequent discussions and
analyses presented in this paper.

A. Petri Nets

Petri nets are a widely used mathematical modeling lan-
guage for describing and analyzing the dynamics of discrete
event systems. The fundamental components of Petri nets
consist of places, transitions, and directed arcs. In Petri nets,
tokens can be placed in places to represent the state of the sys-
tem. By triggering transitions, tokens flow between different
places, thereby describing the process of state changes within
the system. Petri nets have powerful modeling capabilities,
capable of representing complex behaviors such as parallelism,
synchronization, competition, and conflict.
Definition 1 [34]: An original Petri net is a four-tuple Σ =
(S, T ;F,M0), where:

1) S is a finite set of places.
2) T is a finite set of transitions, which represents the action

of the system, where S ∪ T ̸= ∅, S ∩ T = ∅.
3) F ⊆ (S × T ) ∪ (T × S) is a set of directed arcs,

which represents a change in the state of the system, where
dom(F ) = {x ∈ S ∪T | ∃y ∈ S ∪T : (x, y) ∈ F}, cod(F ) =
{x ∈ S ∪ T | ∃y ∈ S ∪ T : (y, x) ∈ F},dom(F ) ∪ cod(F ) =
S ∪ T .

4) M0 is an initial marking, which represents the initial state
of the Petri net.
Definition 2 [34]: Transition firing rules of Petri nets:

1) For t ∈ T , if ∀s ∈ S : s ∈ •t → M(s) ≥ 1, then M [t >
2) For M [t >, new marking M ′ will be obtained, where

M ′(s) =

 M(s)− 1, if s ∈ •t− t•

M(s) + 1, if s ∈ t• − •t
M(s), others

Definition 3 [34]: Reachable Marking Graph.
Let Σ = (S, T ;F,M0) is a bounded Petri net, reach-

able marking graph of Σ is a three-tuple RG(Σ) =
(R(N,M0), E, P ) , where:



1) R(N,M0) is the set of all reachable markings from M0,
N = (S, T ;F ), describing the structural components of a Petri
net.

2) E = {(Mi,Mj) | Mi,Mj ∈ R(N,M0), ∃tk ∈ T :
Mi[tk > Mj}.

3) P : E → T, P (Mi,Mj) = tk if and only if Mi|tk >
Mj .
Definition 4 [34]: Synchronic Distance.

Let Σ = (S, T ;F,M0) is a Petri net, t1, t2 ∈ T , the syn-
chronic distance between t1 and t2 is given by the following
formula:

σ(t1, t2) =


∞, if t1 and t2 do not exhibit a fair
relationship in Σ
maxti,tj∈T {♯(tj/σ)|∃M ∈ R(N,M0) :
M [σ > ∧♯(ti/σ) = 0 ∧ i, j ∈ {1, 2}
(i ̸= j)}, others

Definition 5 [34]: Boundedness and Unboundedness.
Let Σ = (S, T, F,M) be a Petri net. For a place s ∈ S, if

there exists a positive integer B such that ∀M ∈ R(N,M0) :
M(s) ≤ B, then the place s is said to be bounded; otherwise,
s is unbounded. The smallest such B satisfying this condition
is called the bound of the place s, denoted as B(s):

B(s) = min{B | ∀M ∈ R(N,M0) : M(s) ≤ B}

For the net Σ, if every place s ∈ S is bounded, then Σ
is a bounded Petri net, and its bound is denoted as B(Σ);
otherwise, Σ is unbounded.

B(Σ) = max{B(s) | s ∈ S}

B. Unbounded Petri Nets Reachability Analysis Method Based
on Machine Learning

Compared to bounded Petri nets, unbounded Petri nets do
not have reachable marking graphs, as an unbounded place
can hold an infinite number of tokens, making reachability
analysis an NP-hard problem. Some researchers have proposed
a machine learning-based approach to predict the reachability
of unbounded Petri nets [35]. For discrete event systems
with an infinite number of states, despite the extremely large
state space, it is possible to estimate the reachability of
difficult-to-identify states within a finite time. This method
uses known reachable markings and unlabeled markings of
the unbounded Petri nets as training data for the model to
predict the reachability probability of unlabeled markings. The
proposed approach leverages Positive and Unlabeled Learning
(PUL) combined with bagging to train a classifier that predicts
the reachability probability of markings.
Definition 6 [35]: For an unbounded net system Σ and a
training dataset (TD), suppose a marking M is given. A
classifier is defined as a scoring function f learned from TD:
M → [0, 1]. The decision function Dr(M) is then given by:

Dr(M) =

{
1, if f(M) ≥ ε

0, else

where ε serves as the threshold for probability reachability.
When Dr(M) = 1, it indicates that M can probabilistically

reach from M0.
Definition 7 [35]: Let Σ = (N,M0) as an unbounded net
system. A sample is defined as a triplet (M, lM , sM ), where:

1) M ∈ N|P | represents a marking of size |P |.
2) lM indicates whether M is reachable from M0. If M is

within the reachability relation R(N,M0), then lM = 1;
otherwise, lM = 0.

3) sM denotes whether M is labeled. If M is labeled, then
sM = 1; otherwise, sM = 0.

Consequently, positive and negative samples are denoted as
(M, lM = 1, sM = 1) and (M, lM = 0, sM = 1), respectively.
The unlabeled sample is denoted as (M, lM = 0, sM = 0) or
(M, lM = 1, sM = 0).

IV. MODELING SCHEME

Before modeling the CACC system, it is essential to abstract
the core elements of the process. While existing CACC
controllers each have their strengths and weaknesses, the PLF
controller stands out as one of the most stable and advanced
options [16]. Fig. 1 illustrates the overall schematic of the
CACC system employing the PLF controller [36]. Given
that the primary objective of this study is to evaluate and
analyze the safety impacts of fundamental CACC systems, the
modeling focuses exclusively on the cooperative technology’s
core functionality. In this system, following vehicles actively
adjust their acceleration and deceleration in response to the
speed-up and slow-down signals from both the lead vehicle
and the directly preceding vehicle.

TABLE I
MEANING OF ELEMENTS IN FIGURE 2

Element Type Meaning
p0, p3, p6, p9 Place Low speed state
p1, p4, p7, p10 Place Medium speed state
p2, p5, p8, p11 Place High speed state
p12, p14, p16, p18, p20 Place Deceleration signal place
p13, p15, p17, p19, p21 Place Acceleration signal place
t0, t2, t4, t6, t8, t10, t12, t14 Transition Deceleration
t1, t3, t5, t7, t9, t11, t13, t15 Transition Acceleration

The core of this process lies in the synchronization be-
tween the following and leading vehicles [33]. When the
leading vehicle’s speed changes, the following vehicle receives
acceleration or deceleration signals from both the leading
vehicle and the directly preceding vehicle. To maintain a
consistent distance, the following vehicle must adjust its speed
in alignment with the leading vehicle. The degree of synchro-
nization in this process directly influences the risk of rear-end
collisions. High synchronization ensures that the speed of both
vehicles changes within a controlled range. In contrast, poor
synchronization leads to significant variations in the distance
between the two vehicles, greatly increasing the likelihood of
a rear-end collision. This critical aspect must be accurately
represented in the model. The properties and structure of
Petri nets are well-suited to capturing the concurrency and
synchronization relationships inherent in this system, making
them an ideal choice for modeling this process. The related
modeling rules are as follows:



Fig. 1. Schematic diagram of CACC

Fig. 2. Petri net model of CACC

1) Places in the Petri net represent the speed levels of the
vehicles and the accumulation of signals between the two
vehicles.

2) Transitions in the Petri net depict the changes in the
vehicles’ states.

3) Arcs in the Petri net indicate the transmission of syn-
chronization information.

Following the above modeling rules, the Petri net model
of the CACC system is illustrated in Fig. 2, with the primary
elements and their corresponding meanings detailed in Table I.
In the longitudinal domain, the vehicle’s primary actions are
acceleration and deceleration. Consequently, each vehicle’s
state is categorized into three conditions: low speed, medium
speed, and high speed. When a vehicle transitions from low
speed to high speed, it must pass through the buffering state.
Likewise, transitioning from high speed to low speed also
requires passing through the medium state.

In the lateral domain, each set of four transitions and three
places forms the basic model for a vehicle. The current vehicle
is connected to both the directly preceding vehicle and the
leading vehicle via signal places. For example, transitions t8
and t10 represent acceleration, while transitions t9 and t11
represent deceleration. The places p6, p7, and p8 represent
low speed, moderate speed, and high speed, respectively,
constituting the basic states and actions of the third vehicle.
Vehicle 3 is connected to the directly preceding vehicle (Ve-
hicle 2) through places p14 and p15 and to the leading vehicle
(Vehicle 1) through places p18 and p19, receiving acceleration
or deceleration signals from them.

At this point, Vehicle 1 is in a moderate speed state,
and transitions t0 and t3 can both fire, indicating that the
leading vehicle can either accelerate to high speed or de-
celerate to low speed. Assuming that transition t3 fires and
the leading vehicle completes acceleration, the signal places



Fig. 3. Petri nets Reachable Marking Generation Tool v1.0

p13 and p19 receive tokens. The token in the signal place
p13 enables transition t7, indicating that the current Vehicle
2 receives acceleration information from the leading vehicle.
Vehicle 2 needs to accelerate in the same manner as the
leading vehicle to maintain a constant distance between the
two vehicles, thereby avoiding rear-end collisions caused by
excessive distance changes. Therefore, transitions t3 and t7
are in a synchronized relationship. Similarly, other transitions
also follow such sequential synchronization relationships.

V. EXPERIMENTS AND ANALYSIS

A. Machine Learning Methods and Dataset Generation Tools

In [35], the model’s prediction ability is positively correlated
with the amount of data, meaning that the larger the dataset,
the stronger the prediction ability. However, for the complex

models we are studying, generating and recording all reachable
markings is very challenging.

Therefore, our team developed a custom software for gen-
erating reachable states, named Petri nets Reachable Marking
Generation Tool v1.0. As shown in Fig. 3, its interactive inter-
face allows users to create Petri nets models and automatically
generates a large amount of reachability data for training.
According to the method described in [35], we successfully
generated 10,000 reachable states and 10,000 unknown label
markings using this tool for training purposes.

This tool is primarily used for automatically generating
reachable markings in Petri net models. The core function
of the tool is to simulate the state transitions of a Petri net
to generate possible reachable markings. The process is as
follows:

1) Input: The user constructs a Petri net model using Pipe

Fig. 4. Comparison of different machine learning model metrics



TABLE II
PART OF THE DATASET

p0 p1 p2 p3 p4 p5 p6 p7 p8 p9 p10 p11 p12 p13 p14 p15 p16 p17 p18 p19 p20 p21 label
1 0 0 1 0 0 0 0 1 0 1 0 11 11 2 0 1 2 13 11 14 13 1
1 0 0 0 0 1 0 0 1 0 1 0 12 10 1 1 1 2 13 11 14 13 1
1 0 0 0 1 0 0 1 0 0 1 0 11 10 2 2 1 1 13 12 14 13 1
1 0 0 1 0 0 1 0 0 0 1 0 11 11 1 1 2 1 12 12 14 13 1
1 0 0 0 0 1 1 0 0 0 1 0 12 10 0 2 2 1 12 12 14 13 1
1 1 0 0 1 0 0 1 0 0 1 0 1 0 0 0 0 0 1 0 1 0 0
0 1 1 0 1 0 0 1 0 0 1 0 0 1 0 0 0 0 0 1 0 1 0
1 1 0 0 1 0 0 1 0 0 1 0 1 1 0 0 0 0 1 1 1 1 0
1 0 0 1 1 0 0 1 0 0 1 0 0 0 1 0 0 0 1 0 1 0 0
1 0 0 1 0 0 0 1 0 0 1 0 1 0 1 0 0 0 1 0 1 0 0

Fig. 5. Flowchart of the machine learning-based risk analysis method

or other Petri net simulation tools, and then imports the
corresponding XML file into the Petri Nets Reachable Marking
Generation Tool v1.0. The tool automatically reads the Petri
net structure and its initial markings, including transitions,
places, directed arcs, and the initial distribution of tokens.

2) Reachable Markings Generation: Based on the input Petri
net, the tool executes a state traversal algorithm. It simulates
the triggering of different transitions to explore the possible
marking combinations.

3) Unknown Label Markings Generation: For generating un-
known label markings, the tool first runs to generate reachable
markings. It then automatically adds or removes tokens from
any place, creating a new unknown reachable marking. Most
of these markings are unreachable, and together they form a
set of unknown label markings.

4) Output: Finally, the tool outputs a specified number of
data sets and provides the markings for subsequent analysis.

This significantly alleviates the challenge of manually sim-
ulating the generation of training data. These unknown labels

include both reachable and unreachable states, providing a rich
data foundation for model training and validation. As shown in
Table II, we present the data from rows 9996 to 10005, which
are at the junction between reachable and unknown labels.
A label of 1 indicates reachable, while 0 indicates unknown
reachability.

We employed a range of machine learning models to
train, test, and validate the generated data, including Logistic
Regression, Decision Tree, Support Vector Machine (SVM),
Multi-Layer Perceptron (MLP), and Random Forest. Through-
out the experiment, we rigorously evaluated the prediction
accuracy of each model. After conducting a comprehensive
comparative analysis of the extensive experimental results, it
became evident, as shown in Fig. 4, that the SVM outper-
formed the other models in terms of accuracy and exhibited a
shorter training duration when handling our data. Therefore,
we selected SVM as the base classifier for the bagging
ensemble method.



(a) (b)
Fig. 6. CACC dangerous situation dataset. (a) First perspective (b) Second perspective

B. Risk Analysis

Fig. 5 illustrates the overall process of risk analysis for
the CACC Petri net model using the classifier from subsec-
tion V-A. The entire process is divided into the following parts:

1) Establishing the Petri Net: First, identify the main states
and events within a complex system and map them to Places
and Transitions in the Petri net. Based on the identified system
states and events, establish the corresponding Petri net model.

2) Generating the Training Set: Use the Petri nets Reachable
Marking Generation Tool v1.0 to generate the training set.
This software generates reachable markings according to the
operational rules of the Petri net and categorizes the generated
markings into a positive sample set and an unlabeled sample
set.

3) Generating Dangerous State Markings: In the Petri net,
explore the dangerous states of the CACC system and generate
the corresponding marking dataset.

4) Machine Learning Training and Prediction: Leverage
the generated training set to train the model using machine
learning techniques. Subsequently, the trained model is applied
to predict the reachability of dangerous states within the CACC
system.

The Petri net has already been established in Section IV,
and the training set has been generated using the Petri nets
Reachable Marking Generation Tool v1.0. Next, we need
to explore the characteristics of dangerous state markings
specific to the CACC model to generate these dangerous state
markings, which will ultimately be evaluated by the trained
classifier.

The dangerous states of CACC can be explored from two
perspectives:

1) Speed Difference Perspective: A dangerous state is iden-
tified when the leading vehicle is in a low-speed state while
the following vehicle is in a high-speed state. This scenario
presents a significant risk of a rear-end collision, making it a
typical example of a dangerous situation.

2) Signal Place Perspective: Focus on the accumulation
within the signal places. A dangerous state is identified if
the accumulation of tokens in the acceleration signal place
between the two vehicles is sufficient to cause the following
vehicle to accelerate to a speed exceeding that of the leading
vehicle. This indicates that the following vehicle may over-
accelerate and rear-end the leading vehicle.

After identifying the dangerous states of the CACC system
from these two perspectives, the generated dangerous state
markings will be evaluated by the trained classifier to pre-
dict the dangerous states of the CACC system during actual
operation.

The dangerous state markings are generated by specifying
the number of tokens in particular places according to the
specific conditions of the dangerous states in the CACC
Petri net. The number of tokens in other places is randomly
generated within a small range. This approach ensures that
the token composition of all dangerous state markings is not
fixed, thereby maintaining the generality of the description of
dangerous states.

Specifically, each dangerous state generates 100 marking
data, the final total of 1,500 test data entries were generated.
If any one of these markings is determined to be ”reachable,”
the model is considered to have a dangerous state. Using
this method, we can more accurately describe and evaluate
potential dangerous states in the CACC system.

The generated data are presented in Fig 6. Fig 6a shows
the data situation from the first perspective. The speed states
of each vehicle are represented by three places, listing several
different markings of the leading vehicle at low speed and the
following vehicle at high speed. For each ”low-speed leading,
high-speed following” state, 100 additional markings for other
places are automatically generated. Fig. 6b shows the data
situation from the second perspective. Since this situation is
noteworthy for any two adjacent vehicles, we use the first and
second vehicles as examples. The low-speed state is designated
as −1, the medium-speed state as 0, and the high-speed state
as 1. Besides setting the speed state markings for the two
vehicles, the acceleration signal place between them is also
specified. The specific settings are as follows:

a) When the speed of the following vehicle minus the speed
of the leading vehicle is 0, the tokens in the acceleration signal
place must be at least 1;

b) When the speed of the following vehicle minus the speed
of the leading vehicle is 1, the tokens in the acceleration signal
place must be at least 0;

c) When the speed of the following vehicle minus the speed
of the leading vehicle is −1, the tokens in the acceleration
signal place must be at least 2.

These configurations ensure that the token count in the
acceleration signal place is adequate, enabling the following
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Fig. 7. Reachability test results for dangerous situations. (a) First perspective result (b) Second perspective result

(a) (b)
Fig. 8. (a) Reduced CACC model (b) Improved CACC model

Algorithm 1: Reduction Algorithm for the CACC
Model

Input: CP = (S, T ;F,M0)
Output: CP ′ = (S′, T ′;F ′,M ′

0)
1. Copy CP ′ = CP ;
2. Remove all connecting arcs;
3. Merge speed state places belonging to the same

vehicle;
4. Merge each pair of signal places between two

vehicles;
5. Merge all transitions belonging to the same vehicle;
6. for any transition in CP ′ do

Direct single-headed arcs to the signal places
between the vehicle it belongs to and the
following vehicle;

7. for any place in CP ′ do
if it is a signal place then

Direct single-headed arcs to the transitions of
the following vehicle between the two
vehicles it belongs to;

else
Use double-headed arcs to connect to the

transitions of the vehicle it belongs to;

8. Insert tokens into each vehicle as the initial marking;

vehicle to accelerate beyond the speed of the leading vehicle.
Subsequently, similar to the first perspective, each danger-

ous state marking is supplemented with 100 additional auto-
matically generated markings for other places, thus forming a
complete dataset.

This method not only ensures data diversity but also better
simulates the complex situations encountered in real scenarios.
By generating a large volume of data in this manner, we
provide ample validation resources for our model, greatly
enhancing its generalization capability.

Figs. 7a and 7b show our experimental results. It can
be observed that dangerous states from both perspectives
have markings classified as reachable by the classifier. This
indicates the presence of dangerous situations, highlighting the
need for careful design to avoid these risks.

C. Model Reduction

As shown in Fig 8a, the model reduced using Algorithm 1
is simpler and more abstract compared to the original model,
enabling us to analyze its synchronous cooperation character-
istics more clearly.

Following this, we proceed to analyze the time complexity
of Algorithm 1. Initially, in Step 1, copying CP ′ = CP
involves an operation with a time complexity of O(1). In Step
2, the removal of all connecting arcs has a time complexity
of O(m), where m denotes the number of arcs within the
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Fig. 9. Comparison of token accumulation before and after improvement of
the CACC Petri net model

network. Subsequently, in Step 3, each vehicle’s three speed
state places are merged. Given n vehicles, this step has a time
complexity of O(3n).

In Step 4, the two signal places between each pair of
vehicles are merged into one. Since there are n vehicles in
total, the time complexity for this step is O(2n). Step 5
entails merging four transitions for each vehicle into a single
transition. This operation is carried out across all n vehicles,
resulting in a time complexity of O(4n).

Step 6 focuses on operations concerning each transition in
CP ′. After merging, there is only one transition per vehicle,
leading to n transitions overall and a time complexity of O(n)
for this step. In Step 7, operations are conducted on each
place in CP ′. Considering the reduced number of places, this
step also carries a time complexity of O(n). Lastly, Step 8
involves the insertion of tokens, a constant-time operation with
a complexity of O(1).

In conclusion, the overall time complexity of the Algo-
rithm 1 is governed by the aforementioned steps, yielding a
total complexity of O(n+m), where n represents the number
of vehicles, and m corresponds to the number of arcs in the

network.
The original model is an unbounded Petri net, and after

reduction, it retains the unbounded property. We know that if
two transitions t1 and t2 are not in a fair relationship, i.e., for
any positive integer k, if there exists a reachable marking M
and a transition sequence σ such that M [σ >, and ♯(ti/σ) =
0 ∧ ♯(tj/σ) ≥ k (i, j ∈ {1, 2} and i ̸= j), then we consider
the synchronization distance between them to be infinite [34].
Then we consider their synchronization distance to be infinite.

TABLE III
MEANING OF ELEMENTS IN FIGURE 8

Element Type Meaning
p0, p1, p2, p3 Place State place
p4, p5, p6, p7, p8 Place Signal place
t0, t1, t2, t3 Transition Information Processing
p9, p10, p11, p12, p13 Place Control place

For the reduced model, the specific meanings of the el-
ements are referenced in Table III. The state places are
retained solely for symbolic purposes. All other accelera-
tion and deceleration transitions are simplified into a single
information processing transition, representing the vehicle’s
response to signals. It is not difficult to observe that any two
transitions are not in a fair relationship. This is the reason why
the CACC model has dangerous states. The synchronization
distance between the transitions of the two vehicles is infinite,
indicating poor synchronization. Such poor synchronization
may cause the following vehicle to fail in processing the
leading vehicle’s signals promptly, which could lead to a rear-
end collision, especially when the leading vehicle is moving
slowly and the following vehicle is at a higher speed.

From a design perspective, we consider adding control
places to the CACC model to enhance the synchronization
between transitions, as shown in Fig. 8b. According to the
calculations, it can be determined that the synchronization
distance between any two transitions is 1, thereby establishing
a strong synchronization relationship [37].

We let the model run automatically for 100, 500, and
1000 times before and after the improvement, and the results
show the average token accumulation in the signal places, as
illustrated in Fig. 9. Before the improvement, there was sig-
nificant signal accumulation, indicating that the vehicles in the
CACC system were not processing signals in a timely manner,
resulting in poor synchronization. This poor synchronization
is a primary reason for potential accidents.

After improving the model, the token accumulation in
each place became more consistent and significantly reduced,
indicating that the synchronization of the model has been
enhanced. This greatly reduces the likelihood of accidents,
demonstrating the significant improvements in synchronization
and safety after adding control places to the model.

In order to provide a clearer comparison of the different
performance indicators before and after the synchronization
improvement, we have added Table IV, which presents the
key indicators before and after the improvement. These in-
dicators include: fairness between any two transitions, where
the model was ”Unfair” before the improvement and ”Fair”
after; synchronization distance between any two transitions,



TABLE IV
COMPARISON OF INDICATORS BEFORE AND AFTER IMPROVEMENT

Indicator Before Improvement After Improvement
Fairness between any two transitions Unfair Fair
Synchronization distance between any two transitions ∞ 1
Average token accumulation in signal places (after 100 runs) 5.598 0.396
Average token accumulation in signal places (after 500 runs) 10.936 0.399
Average token accumulation in signal places (after 1000 runs) 12.804 0.400

where the synchronization distance was ”∞” before the
improvement and ”1” after; average token accumulation in
signal places, with a comparison of the token accumulation
after different numbers of runs. After the improvement, the
token accumulation decreased significantly, indicating that the
improved synchronization mechanism significantly enhanced
the system’s stability and response speed.

The core goal of the synchronization improvement is to
reduce the potential risks caused by signal processing delays.
In the original model, the synchronization between vehi-
cles was poor, and there were significant delays in signal
transmission, which caused the following vehicles to respond
late to acceleration or deceleration from the leading vehicle,
leading to unstable inter-vehicle distances. When the leading
vehicle decelerated, the following vehicles might have over-
accelerated, increasing the risk of rear-end collisions. The
improved synchronization mechanism significantly reduced
the signal transmission delay, enabling the following vehicles
to respond more promptly and smoothly to the speed changes
of the leading vehicle, thus maintaining a more stable inter-
vehicle distance. Specifically, the improved synchronization
mechanism ensures:

1) Real-time vehicle response: It reduces the response delay
of the following vehicle when the leading vehicle accelerates
or decelerates, preventing excessive changes in the inter-
vehicle distance.

2) Stability of inter-vehicle distance: After the synchro-
nization improvement, the distance between vehicles remains
stable, reducing the risk of collisions caused by fluctuations
in the inter-vehicle distance.

3) System smoothness: The synchronization improvement
reduces instances of over-acceleration and over-deceleration,
making the overall system run more smoothly and effectively
preventing dangerous situations.

VI. CONCLUSION

To address signal processing delays and synchronization
issues in intelligent transportation systems, we propose a
synchronization improvement mechanism for the Cooperative
Adaptive Cruise Control (CACC) system based on Petri nets.
Our study employs a machine learning method suitable for
the reachability analysis of unbounded Petri nets to perform
a risk analysis of the model. By reducing the response de-
lay between vehicles, the system’s stability and safety are
enhanced, ensuring more consistent inter-vehicle distances
and smoother operation. Furthermore, we developed tools to
generate datasets for classifier training. These improvements
are of significant importance for the practical deployment of

CACC systems, potentially reducing accident risks in real-
world scenarios and enhancing traffic efficiency.

Although promising results have been achieved in this study,
there are still areas that can be further improved. For instance,
future research could explore the scalability and robustness
of the system in larger-scale vehicular networks. Addressing
these issues would provide deeper insights into the system’s
actual performance and potential enhancements.

Building on the current work, future efforts will integrate
more realistic traffic conditions and test the system under vary-
ing levels of communication reliability. Additionally, further
optimization of the synchronization mechanism, particularly
for high-density traffic scenarios, will be explored to ensure
real-time responsiveness. This research aims to contribute new
theoretical foundations and technical insights for improving
the synchronization and safety of CACC systems, driving
progress in intelligent transportation systems.
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