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Abstract. Swarm intelligence(SI), a nature-inspired distributed computational
approach, has emerged as a promising solution within the domain of cooperative
driving. This research paper investigates the theoretical foundations and practical
implementations of classical swarm intelligence algorithms, focusing on their
integration into intelligent transportation systems. Key areas of application, such
as vehicle platooning, path planning, and traffic flow optimization, are examined
to assess the real-world performance and technological advantages of swarm
intelligence. Notably, swarm intelligence demonstrates exceptional capabilities
in dynamic adaptation and global optimization, contributing significantly to
improvements in both traffic efficiency and safety. The findings indicate that,
through its decentralized and adaptive characteristics, swarm intelligence not
only enhances the operational efficiency of cooperative driving systems but also
provides critical theoretical and practical support for the development of safe,
sustainable, and intelligent transportation infrastructures. Future research should
focus on the deep integration of lightweight algorithm design and emerging
technologies to provide support for building an efficient, safe and green
transportation system.
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1 Introduction

Approximately 1.35 million people die each year in road traffic accidents, and 20 to 50
million people are injured. Globally, 93% of traffic accident deaths occur in low- and
middle-income countries[1]. This data not only highlights the severity of global traffic
congestion and safety issues, but also shows that traditional traffic management
methods face huge challenges in meeting modern traffic needs. In this context,
Intelligent Transportation Systems (ITS) have emerged as a comprehensive solution
that integrates information technology, artificial intelligence and communication
technology to optimize traffic efficiency, improve road safety and reduce
environmental impact.

ITS has made significant progress in many areas, but its management in dynamic
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and distributed traffic environments still faces many challenges. Swarm Intelligence(SI)
as a computing paradigm inspired by nature, provides a new technical framework for
further optimization of ITS. Through decentralized optimization methods, it
demonstrates strong adaptability and efficiency in dynamic traffic scenarios.

Swarm intelligence is a computing paradigm based on decentralized distributed
systems. Its core is to spontaneously generate complex global behaviors through local
interactions of simple individuals. Compared to traditional centralized approaches,
Swarm Intelligence offers significant advantages in solving complex distributed
problems. Through the collaboration of simple individuals and the interaction of local
information, it reduces the dependence on global information, thereby enhancing the
scalability and robustness of the system. These decentralized and adaptive features
make Swarm Intelligence particularly effective in dynamic and ever-changing traffic
environments [2]. Therefore, Swarm Intelligence provides crucial support for the
optimization and advancement of ITS.

This paper aims to systematically review the latest developments in swarm
intelligence within the context of cooperative driving, with a particular focus on its
application logic, typical use cases, and technical limitations. Through this review, we
seek to offer theoretical support for future research and to promote the practical
implementation of swarm intelligence in intelligent transportation systems.

The remainder of this paper is organized as follows: Section 2 provides an overview
of the development and evolution of swarm intelligence; Section 3 discusses the
algorithms and applications of swarm intelligence in cooperative driving; Section 4
presents a comparative analysis of the strengths and weaknesses of these algorithms;
and Section 5 offers insights into future technological trends.

2 Development of Swarm Intelligence

2.1 Theoretical Foundations and Classical Cases

Swarm intelligence is a distributed artificial intelligence method inspired by collective
behaviors observed in nature. It emphasizes how local interactions among individuals,
governed by simple rules, can lead to global optimization in complex systems. The core
idea is that individuals rely on local perception and limited interactions, such as
neighborhood rules, local feedback, and environmental cues, to accomplish complex
tasks through self-organization, adaptability, and cooperative behavior, without the
need for centralized control. Classic examples in nature include pheromone
communication in ant foraging, dynamic formation adjustments in bird migration, and
obstacle avoidance coordination in fish schools. These local interactions collectively
result in globally optimal behaviors.

2.2 Application in the field of drones and robots

In recent years, swarm intelligence has emerged in the research of unmanned aerial
vehicles (UAVs) and robots, especially in distributed collaborative tasks such as
formation control and task allocation, showing excellent performance.
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For example, in the field of drone formation control, swarm intelligence has shown
excellent performance. Slim et al. (2024) proposed a dynamic bandwidth allocation
algorithm based on task execution measurement, which optimizes global task planning
through local interaction under a decentralized framework. In the experiment, the
algorithm shortened the task completion time by about 30% in a disaster relief
simulation scenario and maintained a stable formation and efficient resource utilization
in a dynamic environment [3].

In the practice of robot multi-task allocation, the ant colony optimization algorithm
(ACO) achieved global optimization of path planning and task allocation by simulating
the dynamic adjustment of pheromone concentration. Experimental data showed that
the algorithm improved the task completion rate in multi-robot collaboration by about
25% and significantly reduced communication delay. In addition, its flexibility and
efficiency in dynamic obstacle avoidance tasks further verified the adaptability of the
algorithm in complex scenarios [3].

2.3  Transfer of Swarm Intelligence to the Intelligent Transportation Domain

Swarm Intelligence algorithms have achieved significant success in UAVs and robotics
due to their distributed computing and dynamic collaboration capabilities, it provides
important reference for intelligent transportation. Intelligent transportation faces the
needs of multi-agent interaction and real-time optimization, which is highly similar to
the path planning and task allocation problems of UAV swarms. For example, UAVs
achieve formation control through local information exchange, while cooperative
driving optimizes traffic flow through Vehicle-to-Everything (V2X) communication.
Both systems share significant commonalities in decentralized architecture, real-time
decision-making capabilities, and global optimization objectives. Therefore, SI
provides a new idea for solving traffic congestion and energy consumption optimization,
its applicability has been verified in multiple experimental studies.

3 Applicability of Classical Swarm Intelligence Algorithms

3.1 Application of Ant Colony Optimization in Intelligent Transportation

ACO is inspired by the path-selection behavior of ants during foraging. Its mechanism
involves path construction, pheromone updating, and iterative processes, which enable
dynamic optimization and the search for global optimal solutions in complex networks.
ACO performs well in real-time decision-making in dynamic environments.

In the field of path planning, ACO can effectively cope with the dynamic
environment in complex road networks with its strong real-time adaptability. Naheliya
et al. proposed a dynamic path planning algorithm based on ACO. Experiments show
that it can reduce the average travel time by 25% during urban traffic peak hours. This
algorithm significantly reduces the average travel time during peak hours by
dynamically adjusting the pheromone volatilization rate[4]. In a simulated urban
network containing 100 nodes, ACO reduces the calculation time by 30% compared
with the traditional Dijkstra algorithm, and the path efficiency is significantly improved.
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In terms of traffic signal optimization, the distributed nature of ACO makes it

outstanding in improving traffic flow efficiency. Yu developed an improved ACO
algorithm. Experimental data show that the algorithm can reduce the average vehicle
waiting time by 18% and reduce exhaust emissions by 12%. By adjusting the signal
light duration in real time, the algorithm effectively improves traffic efficiency[5].
In terms of dynamic traffic management, the adaptability of ACO combined with the
Internet of Vehicles (IoV) shows a strong synergistic effect. Song et al. (2024) proposed
a dynamic traffic scheduling algorithm that combines ACO and the Internet of Vehicles.
The algorithm achieves efficient collaboration by updating pheromone concentrations
through real-time data. Experimental results show that this method can reduce the
average delay of the fleet by 22% and significantly improve the overall traffic flow
efficiency[6].

3.2 Application of Particle Swarm Optimization (PSO) in Intelligent
Transportation

PSO efficiently solves global optimization problems by simulating information sharing
between individuals. It has dynamic adaptability and multi-objective optimization
capabilities, and has been widely applied in intelligent transportation scenarios such as
path planning and traffic signal optimization.

In the field of path planning, PSO has demonstrated remarkable dynamic
adaptability and collision avoidance capabilities. Yahia et al. proposed a PSO-based
dynamic path planning method for high-density traffic scenarios, which achieves real-
time path optimization and collision avoidance performance improvement by
integrating global and local data. Experiments show that the algorithm can reduce the
average path length by 15% and significantly reduce the collision rate[7]. It solves the
problem that traditional path optimization algorithms are difficult to cope with real-
time changes.

In mixed traffic patterns, PSO also shows excellent optimization capabilities. In the
field of coordination of vehicle speed and distance. The experimental results of Tian et
al. show that PSO can reduce the speed error by 12% and maintain the safe distance in
98% of cases[8].

PSO also plays a significant role in the combination of intelligent logistics and
autonomous driving. Jia et al. proposed a PSO-based intelligent scheduling
optimization scheme for shared vehicle and freight systems. This method achieves
dynamic optimization of freight delivery routes and vehicle allocation. Studies have
shown that transportation efficiency has increased by 15% and operating costs have
been significantly reduced [9]. The technical advantage of PSO lies in the combination
of real-time data analysis and multi-objective optimization technology. It not only
enables efficient resource allocation in traditional logistics but also provides important
reference for applications in the field of autonomous driving.
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3.3  Application of Bee Algorithm (BA) in Intelligent Transportation

BA is inspired by the foraging behavior of bees. It simulates the behaviors of scout
bees, worker bees, and follower bees, and uses the dynamic balance of global and local
search to achieve efficient optimization.

In dynamic traffic signal control, BA has shown outstanding effectiveness. Aslan and
Karaboga's research showed that optimizing traffic light phase settings based on BA
can significantly reduce vehicle waiting time. In actual traffic simulations, the
algorithm was able to reduce the average waiting time during peak hours by 22% and
improve traffic efficiency by 18% [10]. Its technical features include a scout bee
mechanism to collect traffic flow data in real time and dynamically adjust the green
light duration according to traffic flow to adapt to real-time changes.

In the field of path planning and mixed traffic management, BA provides efficient
solutions. The study by Jovanovi¢ et al. show that BA reduced path conflict rates by
25% and decreased network delays by 15% in scenarios when autonomous vehicles
collaborate with traditional vehicles [11]. Its key features include the scout bee
mechanism, which explores multiple path candidates and evaluates traffic capacity and
safety, and the worker bee mechanism, which optimizes local paths to reduce vehicle
conflicts, ensuring overall driving efficiency and safety.

3.4  Application of Grey Wolf Optimizer (GWO) in Intelligent Transportation

GWO is inspired by the hunting behavior of grey wolves, first proposed by Mirjalili et
al. [12]. The algorithm simulates the hierarchical structure of wolves, where Alpha
(leaders), Beta and Delta (collaborators), and Omega (followers) cooperate to locate,
encircle, and attack prey.

GWO shows great potential in fleet collaboration and distance optimization. Li et al.
proposed a fleet collaborative optimization method combining GWO and predictive
control. By leveraging the global search capability of GWO and the real-time response
of the prediction model, this method achieves fast and efficient dynamic adjustment of
fleet spacing [13]. Experiments have shown that in a simulated highway environment,
safety was improved by 25% and traffic fluctuations were reduced by 18%.

In the field of vehicle energy consumption optimization, GWO has also shown
outstanding performance. Rajalingam and Kanagamalliga studied the application of
GWO in optimizing electric vehicle energy consumption models and charging path
selection. The results indicate that GWO can effectively extend battery life and improve
energy utilization efficiency by dynamically adjusting energy allocation strategies [14].
In tests with 100 electric vehicles, the algorithm reduced energy consumption by 15%
and increased the average driving range by 10%.

4 Comparative Analysis of Various Algorithms

Different swarm intelligence algorithms exhibit distinct characteristics in cooperative
driving scenarios. PSO and GWO excel in terms of computational complexity, making
them suitable for efficient problem-solving. The dynamic adjustment mechanisms of
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BA and PSO enable them to adapt well to dynamic traffic environments. GWO and BA
are particularly advantageous in multi-objective optimization and energy consumption
optimization due to their effective balance of weights and dynamic search capabilities.
PSO performs well in real-time and IoV applications, while GWO performs well in
vehicle scheduling optimization. Table 1 discusses the advantages and disadvantages
of the four algorithms from various perspectives.

Table 1. Comparison of Four Algorithms

Algorithm ACO PSO BA GWO
Dimension
Computationa O(n?), O(n-k), O(n?), Moderate
1 Complexity increases grows affected by , between
with nodes linearly with population O(n'k) and
particles size O(2n)
Dynamic Strong, Adjustabl Strong, Adaptive
Adaptability real-time e  weights optimizes convergence
pheromone and speed scout  bee factor, fast
concentratio mechanism  adjustments
n update
Multi- Moderate, Strong, Strong, Strong,
Objective relies on excellent dynamic features
Optimization pheromones  multi- search weight
objective capability balancing
ability mechanism
Real-Time Moderate, Excellent, Good, Moderate
Performance requires fast after , influenced
multiple convergence optimizing by initial
iterations and short initial parameter
execution parameters settings
time
Energy Strong Strong Excellent Excellent
Optimization
Performance Moderate, Strong, Moderate Strong,
in Cooperative may struggle performs to  strong, supports
Driving with well in slightly vehicle
complex autonomous  weaker in coordination
cooperative  driving and large-scale and
issues IoV collaboratio  scheduling
n compared in oV
to GWO and scenarios

PSO
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5 Issues with Algorithms and Future Prospects

5.1 Limitations of Swarm Intelligence and Current Challenges

The application of swarm intelligence in collaborative driving still faces many
challenges. At the algorithm level, SI needs to deal with problems such as path
planning, resource allocation, and collision avoidance at the same time, which leads to
high computational complexity and insufficient real-time performance, especially in
large-scale transportation networks. In addition, although the distributed decision-
making model improves local robustness, it may reduce global decision consistency.
For example, in fleet formation, individual decisions based on local information may
lead to inconsistencies in speed or path optimization, affecting the overall system
efficiency [15].

In addition, the limitation of hardware resources is also an important bottleneck for
the development of swarm intelligence. The operation of complex algorithms places
extremely high demands on energy consumption, and drones or vehicle-mounted
equipment often find it difficult to meet this demand when performing long-term tasks.
In addition, the dependence on high-precision sensors further exacerbates the instability
of the system. Low-quality or failed sensors may not be able to accurately capture real-
time traffic information, resulting in deviations or lags in data input, affecting local
interactions between individuals and environmental perception, leading to decision-
making errors or reduced efficiency.

Communication issues directly impact the practical effectiveness of Swarm
Intelligence applications. The real-time nature and stability of information sharing are
limited by the latency and bandwidth issues of the network environment, especially in
complex scenarios or weak signal areas. The lack of unified communication protocols
between different manufacturers and platforms leads to incompatibility in data
transmission, further limiting cross-platform collaboration capabilities. As the scale of
the system expands, the demand for information sharing surges, which intensifies the
load pressure on the communication network and has an adverse impact on real-time
performance and efficiency.

5.2 Future Prospects

SI still face challenges in terms of real-time performance and resource usage, which
has promoted the development and research of lightweight and high versatility, so that
they can run efficiently in an environment with limited computing resources. Studies
have shown that swarm intelligence optimization algorithms based on lightweight
agents have significant computational efficiency advantages in multi-scenario traffic
networks [16]. On the other hand, the high versatility improvement direction of SI
algorithms benefits from the development of multimodal collaborative optimization
technology. Experiments show that the generalization performance of the hybrid swarm
intelligence model combined with deep learning is improved by about 18% and remains
stable under different traffic flow conditions[17].

Swarm intelligence algorithms are gradually deeply integrated with emerging
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technologies, providing strong support for the future development of collaborative
driving.Its integration with communication technologies such as v2x and 5G/6G further
strengthens the algorithm's collaborative and large-scale link capabilities. For example,
in complex traffic environments, V2X-based swarm intelligence algorithms can
achieve rapid response to vehicle-to-vehicle path adjustment, obstacle avoidance, and
emergencies. This collaborative mechanism enables vehicles to complete status updates
and optimal path decisions within milliseconds, significantly reducing the interference
of emergencies on traffic flow and improving the stability and efficiency of the overall
system.

In addition, digital twin technology provides a new dimension of dynamic
optimization and real-time decision-making for swarm intelligence algorithms. It builds
a virtual simulation platform that runs synchronously with the real traffic environment,
providing high-precision prediction support for swarm intelligence algorithms[18]. For
example, by embedding PSO into the digital twin model, the system can quickly
respond to emergencies in complex traffic environments and dynamically adjust path
planning.

6 Conclusion

This study shows that swarm intelligence, with its decentralized and adaptive
characteristics, has shown excellent application potential in the field of collaborative
driving. Classic algorithms such as ACO and PSO have significantly improved the
efficiency and safety of the system in scenarios such as path planning, convoy
formation and traffic flow optimization. At the same time, the integration with V2X,
digital twin and other technologies further enhances the system's collaborative
capabilities and real-time decision-making performance.

Although the application of swarm intelligence in intelligent transportation has made
important progress, further breakthroughs are still needed in computational complexity,
hardware resource limitations and communication stability. Future research should
focus on the deep integration of lightweight algorithm design and emerging
technologies to provide support for building an efficient, safe and green transportation
system.
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