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ABSTRACT 

Multi-agent systems (MAS) are now a critical tool for tackling complex problems in dynamic 

environments. Because of their high dimensionality and the computational complexity of these 

environments, it remains a significant challenge to coordinate these agents and plan their tasks and 

paths. The ability of metaheuristic approaches to find optimal solutions has often made them a 

promising option, but they struggle with issues like local optima, premature convergence, and a limited 

balance between exploration and exploitation. This thesis tackles these challenges by developing and 

evaluating the recent enhanced and hybridized metaheuristic algorithms tailored for solving MAS path 

planning and task coordination. The main contributions of this thesis include a new method for Particle 

Swarm Optimization (PSO), named IB-PSO, which presents a novel approach to dynamically increase 

the inertia weight (IW) parameter inspired by the Butterworth function. It enhances the balance between 

exploration and exploitation of the PSO algorithm. This method is designed to solve the MAS path-

planning problem. Furthermore, the research provides a hybrid approach named CSO, which combines 

the Crow Search Algorithm (CSA) and PSO. It is particularly designed for MAS path planning with 

collision avoidance, leveraging the strengths of CSA in exploration and PSO in exploitation, using the 

velocity regulating method. The performance of these proposed methods is evaluated and compared 

with existing enhanced techniques. Ultimately, this research introduces new optimization methods that 

help advance the field of MAS coordination. 

Keywords: Multi-agent systems, Coordination mechanism, Metaheuristics, Particle Swarm 

Optimization, Crow Search Algorithm. 
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 ملخــــــــــص

في الوقت الراهن أداة حاسمة لمعالجة المشكلات المعقدة في البيئات الديناميكية. ونظرًا للأبعاد  (MAS) تعُد الأنظمة متعددة الوكلاء

رة العالية والتعقيد الحسابي لهذه البيئات، لا يزال تنسيق هؤلاء الوكلاء وتخطيط مهامهم ومساراتهم يمثل تحديًا كبيرًا. لطالما كانت قد

على إيجاد حلول مثلى خيارًا واعداً، إلا أنها تواجه صعوبات تتعلق بمشكلات  (Metaheuristics) الاستدلاليةالخوارزميات فوق نهج 

  والاستغلال  (Exploration)  ، والتقارب المبكر، والتوازن المحدود بين الاستكشاف(Local Optima)  مثل الحلول المثلى المحلي

(Exploitation) .حديثة، محسنة وهجينة،  فوق الاستدلاليةه التحديات من خلال تطوير وتقييم خوارزميات تتناول هذه الأطروحة هذ

مصممة خصيصًا لحل مشكلات تخطيط المسارات وتنسيق المهام في الأنظمة متعددة الوكلاء. تشمل المساهمات الرئيسية لهذه الأطروحة 

 Inertia) تقدم نهجًا مبتكرًا لزيادة معلمة وزن القصور الذاتي، والتي IB-PSO، تسمى (PSO)  طريقة جديدة لتحسين سرب الجسيمات

Weight)   ديناميكيًا باستلهام من دالة(Butterworth function)؛ مما يعزز التوازن بين الاستكشاف والاستغلال في خوارزمية 

PSOوة على ذلك، يقدم البحث نهجًا هجينًا علا .، وقد صُممت هذه الطريقة لحل مشكلة تخطيط المسارات في الأنظمة متعددة الوكلاء

صُمم هذا النهج خصيصًا  .(PSO) وخوارزمية تحسين سرب الجسيمات (CSA) ، يجمع بين خوارزمية البحث عن الغرابCSOيسمى 

ي ف PSO في الاستكشاف وقوة CSA لتخطيط مسارات الأنظمة متعددة الوكلاء مع تجنب الاصطدام، مستفيداً من نقاط قوة خوارزمية

ي الاستغلال، وذلك باستخدام طريقة تنظيم السرعة. تم تقييم أداء هذه الطرق المقترحة ومقارنتها بالتقنيات المحسنة الموجودة حاليًا. وف

 .الختام، يقدم هذا البحث طرق تحسين جديدة تساهم في تطوير مجال التنسيق في الأنظمة متعددة الوكلاء

، تحسين سرب الجسيمات، خوارزمية البحث عن الخوارزميات فوق الاستدلاليةالأنظمة متعددة الوكلاء، آلية التنسيق،  الكلمات المفتاحية:

 .الغراب
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RÉSUMÉ 

Les systèmes multi-agents (SMA) constituent désormais un outil essentiel pour aborder des problèmes 

complexes dans des environnements dynamiques. En raison de la dimensionnalité élevée et de la 

complexité computationnelle de ces environnements, la coordination de ces agents ainsi que la 

planification de leurs tâches et de leurs trajectoires demeurent un défi majeur. Bien que la capacité des 

approches métaheuristiques à trouver des solutions optimales en fasse souvent une option prometteuse, 

elles se heurtent à des obstacles tels que les optima locaux, la convergence prématurée et un équilibre 

limité entre l'exploration et l'exploitation. Cette thèse relève ces défis en développant et en évaluant de 

nouveaux algorithmes métaheuristiques améliorés et hybrides, adaptés à la résolution de la planification 

de trajectoires et à la coordination des tâches dans les SMA. Les principales contributions de cette thèse 

incluent une nouvelle méthode d'optimisation par essaim de particules (PSO), nommée IB-PSO, qui 

présente une approche novatrice pour augmenter dynamiquement le paramètre du poids d'inertie (IW) 

en s'inspirant de la fonction de Butterworth. Elle améliore ainsi l'équilibre entre l'exploration et 

l'exploitation de l'algorithme PSO. Cette méthode est conçue pour résoudre le problème de planification 

de trajectoires multi-agents. De plus, la recherche propose une approche hybride nommée CSO, 

combinant l'algorithme de recherche de corbeaux (CSA) et le PSO. Elle est spécifiquement conçue pour 

la planification de trajectoires multi-agents avec évitement de collisions, en exploitant les forces du 

CSA pour l'exploration et du PSO pour l'exploitation, grâce à une méthode de régulation de la vitesse. 

Les performances de ces méthodes proposées sont évaluées et comparées aux techniques améliorées 

existantes. En fin de compte, cette recherche introduit de nouvelles méthodes d'optimisation qui 

contribuent à l'avancement du domaine de la coordination des SMA. 

Mots-clés: Systèmes multi-agents, mécanisme de coordination, métaheuristiques, optimisation par 

essaim de particules, algorithme de recherche de corbeaux. 
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The widespread use of multi-agent systems (MAS) has created opportunities for solving complex 

problems across various fields, including transportation systems, robotics, and sensor networks. A MAS 

is a group of independent and smart individual agents working together. Each agent can make its own 

decisions and interact with each other and their surroundings to reach a shared goal. Additionally, it 

adapts to changes in the environment to support the overall system’s success. However, coordinating 

these agents and planning their paths or tasks and making them all work together presents a significant 

challenge. Significantly, it is difficult to assign specific tasks to agents and manage their collective 

decisions and actions to achieve a common goal. Moreover, it becomes more challenging to generate a 

safe, collision-free path for each agent from its start point to its targeted point. This must take into 

account static and dynamic obstacles as well as the dynamic position of all other agents in the system. 

The challenge of coordinating MAS scales with the number of agents and the dimensionality of its 

environment. As the number of agents in a system increases, the potential for interactions and conflicts 

grows. This makes it difficult for traditional algorithms to find an optimal solution across all agents. 

Also, a high-dimensional environment has the risk of having many variables like obstacles, changes, 

and uncertain conditions. Consequently, traditional optimization methods that depend on exhaustive 

search or deterministic methods become too hard to compute. They rely on a precise mathematical 

representation of the environment and the agents. Also, they do not use randomness. They become 

impractical, requiring too many resources to be useful to provide a real-time solution as the 

environmental complexity increases. The need for better performance has driven the need for more 

advanced, scalable approaches like decentralized control and swarm intelligence algorithms. 

To address these challenges, metaheuristics have emerged as promising approaches. These methods are 

inspired by collective behaviors observed in nature. They are capable of finding near-optimal solutions 

to complex optimization problems even with an incomplete or uncertain mathematical model of the 

environment. The most important characteristic of these methods is their ability to balance between 

phases of the exploration of new solutions and exploitation of the current ones in the search space. Also, 

they demonstrate flexibility, scalability, computational efficiency, and hybridization. All this makes 

them ideal candidates for MAS path planning and task coordination. Despite how effective they are, 

metaheuristic performance is strongly influenced by their parameters (parameter sensitivity) and can 

suffer from limitations caused by issues such as premature convergence or trapping in local optima. To 

address this, the objective of this thesis is to improve and hybridize existing metaheuristics to handle 

the complexities of path planning in MAS. The contributions of this research focus on developing new 

optimization approaches and demonstrating their effectiveness through a comprehensive evaluation and 

comparison with the other current methods. 
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To address this, the thesis is structured as follows: 

Chapter 1 represents a general introduction, which provides an overview, outlining the scientific 

foundation and the motivation for this work. 

Chapter 2 gives a broad examination of the existing research on the application of metaheuristics to 

MAS task coordination and path planning problems. This chapter analyzes different approaches and 

their applications to understand the trade-offs between key performance indicators. This provides the 

necessary background for the rest of the thesis. 

Chapter 3 provides a new improved version of the Particle Swarm Optimization (PSO) algorithm. It 

presents a novel method for calculating the IW parameter, named the inversed Butterworth function, 

inspired by the Butterworth function. The aim of this method is to enhance the balance between 

exploration and exploitation to solve the MAS path-planning problem. The performance of this 

algorithm is evaluated and compared with other existing and improved IW versions of PSO. 

Chapter 4 solves the problem of MAS path planning with collision avoidance. This chapter provides a 

hybridization of the Crow Search Algorithm (CSA) and the PSO algorithm, named CSO for Crow 

Swarm Intelligence. This process aims to exploit the strength of CSA in exploration and the strength of 

PSO in exploitation. Also, it uses a velocity regulation mechanism to handle collisions between agents. 

The results of this hybridization are compared with recent methods based on both CSA and PSO. 

Finally, the thesis will conclude with a general conclusion recapping the main contributions and 

proposing future research directions. 
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1.1 Introduction 

The growing complexity of systems in the real world raised interest in distributed artificial intelligence, 

especially in the paradigm of MAS. These systems are characterized by decentralized decision-making, 

dynamic interactions, and agents ought to effectively coordinate their actions in shared environments. 

Tackling these difficulties means dealing with problems of deep connection of task planning and path 

planning despite uncertainty and resource constraints. For these, advanced optimization techniques are 

necessary and must be robust and cost-effective. For this, this chapter outlines key concepts in MAS, 

coordination of path and tasks, and metaheuristics, forming the foundation for the proposed approaches. 

Its primary goal is to establish the theoretical and methodological work for designing intelligent 

coordination strategies within MAS frameworks. The chapter is organized as follows: 

Section 1 offers an introduction. The Section 2 introduces the foundations of MAS, including agent 

definition, properties, and topologies. This is on one hand. On the other hand, it defines the environment 

where an agent operates, focusing on characteristics and a formal model. The last part of this section 

detailed the MAS concept, emphasizing its architectures, basic interactions, taxonomy and different 

applications. Moreover, Section 3 explores the coordination of task and path planning, emphasizing 

their different methods and collision avoidance concept. Lastly, Section 4 presents an overview of 

metaheuristic algorithms, highlighting their relevance to MAS coordination problems and their potential 

for hybridization in complex search spaces. Section 5 provides a summary of the final thoughts. 

1.2 Multi-agent systems  

1.2.1 Agent 

1.2.1.1 Definition of an agent 

MAS technologies are considered one of the most promising paradigms [1] for designing distributed 

frameworks. They are distributed computing systems [2] composed of a group of autonomous agents 

that work together or compete to solve complex problems. Typically, these entities are the key 

components in the design of an MAS. The performance of an MAS is heavily influenced by the 

capabilities and interactions of its individual agents. It defines how well its agents work together. Firstly, 

according to [3], the agents are collaboratively solving tasks. They offer flexibility due to their ability 

to learn and make decisions. They use interactions with neighboring agents or the environment to learn 

new contexts and actions, and then they use their knowledge to solve their assigned tasks. The MAS 

requires addressing complex challenges like coordination [4] among agents. Secondly, the study [5], 

presents two main uses of the term "agent": The broad, weak notion of an agent describes autonomous, 
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interactive, reactive, and proactive systems without emphasizing human similarity. In addition, the 

stronger, more specific view sees agents as systems modelled with human-like mental states and 

attributes, sometimes represented visually for better understanding. Moreover, an agent can be a 

software program, not just a human or physical entity. Another definition in [6] provides that the agent 

is a software component capable of performing tasks on behalf of its user. It is a meta-term that covers 

various agent types, reducing philosophical arguments and allowing for the recasting of old software as 

agent-based software. 

According to [2], it is typically associated with a sensor that provides only a partial view of its 

environment. Knowing that the environment refers to the physical or virtual world in which an agent 

operates, this last equipped with its localized perception, allowing it to operate and make decisions. 

Subsequently, it acts based on its perceptions and internal state. It uses effectors to execute decisions 

made by their individual, limited viewpoints. Furthermore, the agent's control is not absolute; it 

possesses partial and limited control over its environment. Its repertoire includes a predefined set of 

actions. It operates by executing these actions based on its programming and immediate perceptions of 

its environment. That means that it will not perform any actions that have not been explicitly defined in 

its initial configuration. Briefly, an agent is an entity that can sense its environment by physical sensors 

in the case of a physical agent or software sensors in the case of a software agent. 

While a basic agent might react to its environment based on its design specifications, an intelligent agent 

[7] (as shown in Figure 1.1) can think and learn. It is a more specific type of agent that exhibits 

characteristics commonly associated with intelligence. An intelligent agent is one that can perform 

flexible autonomous actions to meet its design objectives, where flexibility [7] includes three key 

aspects: reactivity, pro-activeness and social ability.  

 Reactivity:  means that intelligent agents sense and react quickly to changes to achieve their 

goals. 

 Pro-activeness: signifies that they take initiative to meet their objectives. 

 Social ability: refers to their interactions with other agents and humans to fulfill their purpose. 

1.2.1.2 Properties of an agent 

Agents and intelligent agents typically possess a range of additional properties [8], the utility of which 

is for solving particular problems. In addition to the previously mentioned characteristics (perception, 

action, reactivity…), it can be mentioned:  
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 Learning/Adaptability: the agents can learn from experience and learn then adjust their actions, 

improving performance and adapting to new environments. 

 Autonomy:  autonomous agents operate independently, making decisions based on internal state 

and environment, without human intervention, allowing them to initiate actions without explicit 

command.  

 Rationality: means finding an optimal solution that works well enough.  

 Mobility: the agent possesses the unique ability to move autonomously within a network. 

 Benevolence: the agent is willing to help the other agents; it prioritizes benefiting other agents 

or the overall system. 

 Veracity: the agent aims to provide honesty and reliability in its interactions and data sharing. 

 Goal-Oriented: agents are made to accomplish particular and specific goals or objectives. 

1.2.1.3 Typologies of an agent 

To enhance comprehension of the diverse functionalities and behaviors of agents, it is crucial to examine 

their core topology. The agent topology outlined in the research [6] outlines a multi-dimensional 

typology of software agents, categorizing them according to their key characteristics and roles, 

including:  

 Mobility: it divides agents into Static, which are fixed-location systems that perform tasks in 

their local environment, reducing network load and enabling asynchronous operation. They are 

easier to implement and secure. Vs. Mobile agents, which can move autonomously across 

networks, enabling distributed environments. 

 Cognitive approach: it refers to how the agents make decisions. It divides agents into two 

categories: deliberative (symbolic reasoning), which use symbolic reasoning and plan before 

acting, vs. reactive (stimulus-response), which respond immediately to environmental changes 

without internal reasoning. 

 Core attributes: truly intelligent agents should possess three core attributes: autonomy, learning, 

and cooperation. Autonomy allows agents to make decisions based on targets and adjust an 

internal state independently. Learning improves performance over time through observation and 

feedback. Cooperation allows agents to interact and coordinate with others to achieve shared 

goals.  
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Figure 1.1: Architecture of an intelligent agent in a MAS 

To summarize, an agent, particularly an intelligent agent, is an autonomous unit capable of sensory 

interaction with its environment and acting upon it, often reflecting the learning of new information, 

reasoning, and goal-directed behavior to accomplish its design objectives effectively and autonomously. 

Subsequently, the environment in which an agent operates is discussed. 

1.2.2 Notion of an environment 

1.2.2.1 Definition and characteristics of an environment 

The environment of an intelligent agent is the external context that influences its perceptions and 

actions, and its nature influences its design and complexity, shaping how it perceives its surroundings 

and plans its actions. Consequently, according to [7], the environment's characteristics can be described 

along several key dimensions (as shown in Figure 1.2):  

 Accessible vs. inaccessible: accessible environments offer complete, accurate observations, 

while inaccessible environments limit observations. The agents perceive part of the 

environment. 
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 Deterministic vs. non-deterministic: deterministic environments lead to a single predictable 

outcome, while non-deterministic or stochastic environments include uncertainty due to inherent 

randomness or lack of complete knowledge. 

 Episodic vs. Sequential: in episodic environments, agents' experiences are divided into 

independent episodes, allowing them to act based on the current episode. In sequential 

environments, agents must consider past actions and their consequences, requiring memory and 

planning. 

 Static vs. Dynamic: a static environment simplifies planning, while dynamic environments 

require real-time adaptation, as they can change independently of an agent's actions, even during 

decision-making. 

 Discrete vs. Continuous: discrete environments have a finite set of percepts and actions, 

simplifying modelling, while continuous environments have infinite states or actions, often 

requiring approximation for transitions and interaction 

 Single Agent vs. Multi-Agent: in a single-agent environment, one agent interacts, while in multi-

agent environments, multiple agents interact simultaneously, presenting challenges like 

coordination and competition. 

Ultimately, these environmental dimensions play a crucial role in designing the architecture of an 

intelligent agent, influencing how it processes information, makes decisions, and adjusts its behaviour 

to achieve its goals with efficiency and precision. 
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Figure 1.2: Environment of an intelligent agent 

1.2.2.2 Formal model of an environment 

However, the formal model of the environment in which an intelligent agent operates is defined in [7] 

by S={s1,s2,s3,…} of all possible environment states. Where the transitive function that describes how 

the environment changes in response to actions is the following equation 1.1 [7]:  

env : S×A→P(S)             (1.1) 

This function takes a current state s∈ S  and an action a∈ A where A={a1,a2,a3,…} , and provides a set 

of possible successor states. If each result is a singleton, the environment is deterministic; else, it is non-

deterministic. 

Furthermore, an agent is defined by two primary functions named Observation Function and Agent 

Decision Function, presented in equations 1.2 and 1.3, respectively. The first one translates the current 

state of the environment into the perceptual inputs P available to the agent. Consequently, the second 

one reflects how the agent makes decisions based on its experience, from perceptual input sequences to 

actions. 
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see : S→P             (1.2) 

action : P∗→A             (1.3) 

Concisely, the agent uses see to observe the environment, creates a sequence of percepts, and chooses 

an action, while the environment reacts using the env function to transition to a new state. 

1.2.3 Multi-agent system 

1.2.3.1 Definition of multi-agent systems 

MASs are a focus of research in artificial intelligence, where multiple intelligent agents interact within 

a shared environment to achieve common or conflicting goals. However, due to the evolving and diverse 

nature of this field of research, there are many definitions for MAS. This variety in definitions shows 

MAS's depth and flexibility, making it an exciting area for further study and development. Starting from 

the definition in [9], the MASs can be computer programs or people, they are the entities that perform 

knowledge representation field, which focuses on representing and reasoning about environments with 

different properties to make decisions about how to act in them. The simplest scenario for knowledge 

representation is when there is only one agent in the environment. However, when there are multiple 

agents, the situation becomes more interesting and challenging. Another work [10] holds that MASs are 

used to study complex systems, such as human societies, computer networks, neural tissue, and cell 

biology. In addition, MAS can be subject to formal analyses. It can be decomposed into two aspects: 

agents and interactions among agents. Another research [11] describes MAS as a system of multiple 

decision-making entities interacting and cooperating to achieve optimal global performance, with 

autonomous, adaptable, learning, and proactive agents communicating with each other and the 

environment. Another definition in [12]; is that MAS, a technology consisting of homogeneous or 

heterogeneous agents, is essential for effectively exploiting diverse online information sources. It can 

also provide a framework for the development of large, complex, and robust distributed information 

processing systems that utilize organized behavior efficiencies. 

1.2.3.2 Key interactions of multi-agent systems 

By general consensus, the MASs are defined as systems with multiple autonomous agents, with each 

acting as a decision-making entity in a shared environment, capable of communication [13], 

coordination [14], and cooperation [12]. These lasts can be summarized as key interaction types in 

Table 1.1 as follows:  
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Communication It is a crucial mechanism for agents to exchange information, coordinate actions, 

and negotiate decisions, facilitating interaction protocols and supporting 

collaborative behaviors in dynamic environments, ensuring consistency and 

efficient problem-solving. 

Coordination It is the process of aligning the actions of multiple agents to avoid conflicts and 

achieve coherent global behavior. At the same time, its mechanisms are the 

concrete methods or protocols that facilitate the realization of this alignment. 

Coordination is crucial in distributed environments, where agents manage 

dependencies, resolve resource contentions, and synchronize activities without 

centralized control. 

Cooperation 
It requires agents to cooperate towards a shared objective or goal, where each 

agent provides its distinct skills and resources to achieve outcomes that would be 

unachievable by a single entity. According to [12] , cooperation is not merely 

about communication and coordination but also about goal alignment, shared 

plans, and prioritizing the collective good above individual gain in agent behavior. 

Table 1.1: Core interaction concepts in a MAS 

Beyond that, while communication, coordination, and cooperation provide collaborative interaction 

mechanisms, the competition provides a self-interested in which agents pursue conflicting goals. In 

diverse MAS applications, both cooperative and competitive behaviors occur simultaneously, requiring 

hybrid interaction models. 

Additionally, the Figure 1.3 illustrates the different interactions of an agent in its environment. 

 



CHAPTER 1                                                                                                                             INTRODUCTION 

 
 

13 
 
 

 

Figure 1.3: Interaction between an intelligent agent and its environment in an MAS 

1.2.3.3 Taxonomy of multi-agent systems 

To better understand the structure and behavior of MAS, it is useful to examine their categorizing 

taxonomy as outlined by Caridi and Cavalieri [11] (as shown in Figure 1.4). The model classifies MAS 

along five key dimensions: Application Domain, Agent, Control, Organization, and Communication. 

Each dimension represents a fundamental aspect of MAS design and implementation. 

 Application Domain refers to the areas where agents operate, such as scheduling, monitoring, 

and distribution, with each agent has its own assigned task. 

  Agent dimension highlights the personal properties of agents, emphasizing their roles, learning 

capabilities, autonomy, and adaptability. 

 Control addresses the coordination mechanisms needed due to distributed decision-making, 

which can be either implicit (e.g. game theory [15]) or explicit (e.g., voting systems [16]).  

 Organization dimension concerns the distribution of tasks and relationships between agents, 

taking various forms such as hierarchical structure.  
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 Communication underpins coordination and decision-making within the MAS, mainly through 

two paradigms: message passing (sharing information directly) and blackboard systems 

(sharing information indirectly via a standard data structure). 

The structure of the figure emphasizes the multi-faceted nature of MAS, showing how agents interact, 

are organized, make decisions, and communicate within various industrial and operational contexts. 

 

Figure 1.4: MAS Taxonomy 

1.2.3.4 Applications of multi-agent systems 

With a clear understanding of MAS architecture and agent types, building upon the foundational 

taxonomy of MASs, attention must shift toward how these systems are deployed in real-world scenarios. 

Accordingly different application examples of MAS are illustrated, according to the research [17] as 

follows:  

 Market Simulation: MASs simulate energy market behavior and evaluate various market 

designs, with agents equipped with learning abilities like Q-learning to adapt and exploit market 

structures. 

 Monitoring and Security: An illustrative example is provided using the Substation Physical 

Security Monitoring (SPSM) framework utilizes specialized techniques for real-time, remote 

monitoring of power substations, enhancing cybersecurity measures and managing trust. 

TAXONOMY OF A MAS

Application 
domain

Agent Control Organisation Communication
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 System Diagnosis: The application of logic-based or belief-desire-intention (BDI) agents in 

fault diagnosis systems, such as online fault detection in the Italian power system, is a notable 

example. 

 Distributed Energy Resource Management: The integration and control of DERs in microgrids 

are facilitated by MAS platforms like VOLTTRON™ for decentralized control and automation 

of energy systems. 

 Smart Building Energy Management: MASs VOLTTRON-based systems like BEMOSS, are 

used to control energy usage and enhance building efficiency. 

 Remedial Actions: MASs is utilized in under-frequency load shedding (UFLS) to prevent 

blackouts by coordinating load shedding decisions across multiple agents in real-time. 

1.3 Coordination in MAS 

1.3.1 Basic principles of coordination in MAS 

1.3.1.1 Definition of coordination in MAS 

The characteristics of an effective MAS address the motivating questions of how can autonomous 

agents, each operating with limited information, partial knowledge, limited control over the global 

environment and local objectives, effectively collaborate to achieve coherent and globally optimal 

outcomes in a distributed environment. The answer lies in the coordination [14] in an MAS.  

To begin with, according to [18] , coordination, in its simple definition, is the process that manages the 

dependencies between activities performed by agents, ensuring coherent interaction among distributed 

and autonomous entities. It is essential for effective project management. It synchronizes actions and 

ensures coherent system behavior. Another definition in [14] illustrates that coordination is a 

decentralized process in which autonomous agents align their actions to manage dependencies, prevent 

conflicts, and achieve coherent system behavior, particularly suitable for dynamic and distributed 

industrial environments. Numerous studies provide various definitions, but they all converge on a few 

essential characteristics that define the core of the concept. Therefore, effective coordination 

mechanisms are crucial for preventing conflicts and facilitating collective problem-solving in dynamic 

and distributed environments. Figure 1.5 reflects the coordination in MAS.  

Furthermore, the coordination of MAS presents a significant challenge, as it requires the development 

of mechanisms that facilitate effective collaboration among agents while maintaining their autonomy 
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and managing uncertainty, incomplete information. This remains an active area of research with wide-

ranging applications, including robotics [19].  

 

Figure 1.5: MAS coordination 

1.3.1.2 Topologies of coordination in MAS 

The MASs coordination topology is important for the efficiency of the system scalability, and resilience. 

It defines how agents are connected for decision-making, task allocation, and information sharing. A 

well-structured topology enhances fault tolerance, reduces redundancy, and improves communication. 

The challenge lies in designing mechanisms that preserve autonomy while dealing with uncertainty and 

potential conflicts. While the research does not explicitly list a formal typology, the paper [20] presents 

two key strategic dimensions for coordination called information-processing structure and locus of 

control [20]. In the first one, the process involves the generation and collection of information (locally 

or globally), its sharing methods (directly…), and the processing of this information (by a central 

planner or distributed). Moreover, the second aspect relates to the control structure of the system. 

whether centralized, distributed, or market-based, which determines where decisions are made and 

enacted, encompassing whether each agent acts independently or with minimal supervision. 

Based upon them, coordination mechanisms can be categorized as follows: 
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 Centralized Coordination: a central agent manages global decisions, like optimal power 

dispatch, by collecting information from local agents, while coordination comes from a single 

agent, posing a single point of failure. 

 Distributed topology: in contrast to centralized coordination, in this topology, agents interact 

directly or in hierarchical structures without a central controller. They can coordinate locally, 

enhancing robustness and scalability, but often require complex consensus protocols. 

 Hierarchical coordination topology: coordination is organized in layers, with local agents 

making initial decisions and higher-level agents refining them, allowing for abstraction and 

modular control. 

 Negotiation-Based Coordination topology: it is an additional topology discussed in [21], where 

agents negotiate resource allocation and conflict resolution based on utility or availability. 

1.3.2 Multi-agent systems path planning 

1.3.2.1 Basic principles of path planning MAS 

In MAS, coordination and path planning [22] address the intelligent organization of agent movement. 

At the same time, each agent must establish its own path through space and time accounting, for the 

presence and actions of others. Instead, agents dynamically adjust their paths, factoring in the planned 

routes of others and communicating key information. Accordingly, they facilitate the achievement of 

common objectives and ensuring conflict avoidance. This coordination may be handled in various ways: 

through fully shared planning, where all agents are considered together or through more flexible 

methods where each agent plans independently, and adjustments are made to resolve conflicts. 

Generally, teams of agents are considered cohesive units, these units optimizes time and tasks through 

internal and external coordination. Ultimately, coordination is not only about preventing conflicts, it is 

about working together smartly, adapting in real-time, and making sure that all agents contribute to the 

mission in harmony. Another related research to autonomous navigation for intelligent vehicles, and 

robot navigation [23] involves four components: perception, localization, cognition, path planning, and 

motion control. The agent extracts meaningful information, determines its location, decides how to 

steer, and regulates its motion to achieve its desired trajectory. Figure 1.6 shows the relation between 

the four components.  
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Figure 1.6: Agent navigation in an MAS 

Building upon the foundational knowledge established from the literature on MAS path planning in 

various domains, the present investigation [24] discusses coordination and path planning in MASs in 

the context of multi-UAV (Unmanned Aerial Vehicles) missions, particularly for aerial search and 

rescue applications. Furthermore, another research [25] involves that MASs path planning and 

coordination involve finding free trajectories for multiple robots. These trajectories must satisfy mission 

goals while adhering to spatial and temporal constraints. Coordination mechanisms resolve conflicts 

between independently planned paths, ensuring safe and synchronized motion among robot teams. In 

addition, a recent study [26] offers a detailed and structured survey of the fundamental technologies 

enabling autonomous vehicle systems. It describes the foundation for how autonomous vehicles process 

and react to their surroundings, including path planning. 

Consequently, although numerous applications of MAS path planning have been explored the cited 

examples represent some of the most practically applicable and widely studied cases in current 

literature. 
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Having established the relevance of MAS path planning in various domains, it is equally important to 

examine the criteria by which these systems are evaluated. Ultimately the paper [22] emphasizes the 

growing significance of path planning algorithms in enabling navigation in complex real-world 

environments efficiently and safely. It underscores that ideal path-planning algorithms should aim for 

these criteria:  

 Shorter path distance. 

 Fast response times. 

 Efficiency and optimality. 

 Constraint satisfaction. 

 Low computational time. 

 Completeness (robustness across various scenarios). 

1.3.2.2 Path planning methods 

Knowing that the objective of the MAS path planning coordination necessitates the development of 

algorithms capable of handling distributed decision-making, dynamic environments, and inter-agent 

communication. It is entirely appropriate to address the most important path planning algorithms in the 

context of discussing path planning itself. Accordingly, the same previous paper [22] has classified path 

planning algorithms into two main categories: Classical approaches and Heuristic approaches. They 

both can be discussed as follows and can be summarized in the Figure 1.7:  

 Classical approaches: in their definitions, they are deterministic, mathematically based, and 

accurate in static environments but computationally expensive for dynamic systems and limited 

in handling uncertainty. 

Over the decades, Lots of studies present various classical techniques that offer different trade-

offs in terms of optimality, computational complexity, and environmental adaptability. Among 

this rich corpus of research, a set of well-established classical methods has consistently attracted 

scholarly attention due to their effectiveness and algorithmic simplicity.  

Starting with the study [27], it examines classical motion planning algorithms like Potential 

Field (PF), Dijkstra's Algorithm (DA), Rapidly-explore Random Tree (RRT), and Probabilistic 

Road Map (PRM), chosen for their widespread application in path planning problems. In 

addition to these algorithms, another work [22] introduced additional classical algorithms, 

among which are cell decomposition and mathematical programming. In addition, the subgoal 
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method (SG) and sampling-based methods are presented in [23]. In the same context, the paper 

[28] discusses different methods types, emphasizing classical ones such as random walk 

algorithms (levy flight, Brownian methods). 

 Heuristic approaches: they prioritize computational efficiency and scalability, utilizing 

intelligent guessing, learning, or biological inspiration, suitable for dynamic, complex 

environments and faster execution but lacking guaranteed optimality. 

In the aim of discussing the primary heuristic methods, a previous work [28]  classifies Dijkstra's 

Algorithm together with A*, depth-first, and others as greedy and graph search algorithms in the 

subclass of heuristic approaches. It also presented other subclass named bio-inspired heuristics 

clusters other subclasses, which concentrate on reinforcement learning (Markov decision 

process framework), deep reinforcement learning methods (Deep Deterministic Policy 

Gradient), and neural networks. The common point between them is that all of them are human-

based algorithms. Besides them, there exist evolutionary algorithms; this subclass contains 

metaheuristic-based methods. The latter will be examined in detail later, as it forms one of the 

core elements of this work.  

Figure 1.7: Path planning methods 
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1.3.2.3 Collision avoidance  

Within the framework of MAS, path planning and collision avoidance [29] are fundamentally 

intertwined; the  collision avoidance is the critical mechanism that ensures agents can navigate toward 

their goals without physically colliding with obstacles or with each other. It transforms them into a 

synchronized team, while maintaining progress toward individual goals. It overrides standard 

navigation when immediate threats are detected. When time is too short for a detour, the agent triggers 

a reflexive action, like braking or swerving, prioritizing immediate safety over reaching its destination 

to avoid a collision with dynamic, unpredictable obstacles. Consequently, in MAS, path planning is 

often global, whereas collision avoidance is local. In MAS, instead of one agent doing all the work, both 

agents move a little bit to stay out of each other's way. This team effort optimizes efficiency and 

conserves energy for the entire group. According to the article [30], collision avoidance is the 

indispensable element that allows an agent to reach its destination safely while minimizing risks in its 

environment. It reviews several methods for more complex or high-dimensional environments (where 

classic methods might fail or get stuck in local minima). Consequently, it categorizes collision and 

obstacle avoidance into two main schools of thought: Classic and Heuristic/Modern approaches. 

Additionally, the core contribution of the thesis [31] is the move toward Mathematical Optimization 

(Operations Research), where the constraints (maintaining distance, speed limits, and altitude bounds) 

are more important than the goal. Moreover, in relation to obstacle avoidance concept, the collision 

avoidance provides the real-time social awareness needed to safely navigate around other moving 

agents, whereas obstacle avoidance ensures that an agent prevents impact with immobile structural 

elements. 

In the real world, this mechanism is the difference between an efficient, scalable operation and a costly 

disaster; it protects expensive physical assets, ensures operational continuity in busy environments like 

warehouses, and builds the public trust necessary for humans and machines to work safely side-by-side. 

In relation to MAS, the agent might be drones, robots, or self-driving cars 

1.3.3 Multi-agent systems task planning 

In distributed and complex environments, a good coordination of autonomous agents is crucial for 

achieving collective goals. Task Coordination (TC) in MAS tackles the challenge of allocating tasks 

among agents and ensures that assigned responsibilities are achieved in a clear and responsible way. It 

can be described as the structured assignment and execution of tasks among multiple autonomous agents 

to achieve a common objective. It includes both task allocation and task responsibility. In addition, task 
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allocation refers to the process of assigning specific tasks to individual agents or groups of agents. 

Additionally, task responsibility makes agents accountable for their assigned tasks based on capability, 

history, and actions. Assignments are considered justifiable when they are consistent with the previous 

task allocations and the results that have been observed. 

According to [32], task coordination in MAS involves two main tasks: task allocation, which assigns 

tasks to agents to achieve a goal, and task responsibility, which monitors completion and accountability. 

Challenges include agents' autonomy and imperfect information, and traditional approaches assume 

perfect information and assign tasks to individual agents. The cited work categorizes the principles of 

task coordination into:  

 Suitability of the State of Affairs: only states that are achievable by the collective actions of the 

entire agent group (the grand coalition) should be considered. 

 Validity of Task Allocation: a task allocation is valid if it assigns exactly what is necessary; 

assuming all agents achieve their assigned tasks, the desired state of affairs is guaranteed. 

 Justifiability of Task Responsibility: responsibility must be aligned with prior task allocation. It 

depends not only on the capabilities of an agent, but also on the tasks assigned and the history 

of actions taken.  

This process becomes challenging when agents operate within perfect information or in a dynamic 

environment that requires strategic reasoning and coordination mechanisms. Effective MAS task 

coordination is fundamental in domains such as distributed robotics, sensor networks, and collaborative 

decision-making systems. In this case, developing formal frameworks for task coordination plays a 

central role in enabling reliable and efficient MAS performance across domains such as robotics, 

disaster response, and distributed sensing. The work [32] confirmed that. It emphasizes the necessity of 

advanced TC frameworks in MAS that extend beyond traditional assumptions. It suggests a conceptual 

and formal foundation for solving TC under strategic and informational constraints, aiming to bridge 

theoretical gaps in MAS coordination.  

The study [33] provides TasCore. It offers MASs a framework for dynamic task coordination that takes 

into account both task responsibility and task allocation. In contrast to prior methods, it considers agents' 

strategic abilities and epistemic limitations, enabling coordination under imperfect information and 

supporting group based task assignments. TasCore integrates these aspects into a unified model and 
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formally verifies key properties such as validity, stability, fairness, and non-monotonicity of task 

responsibilities. This is in one hand. 

On the other hand, the work [34] presents a decentralized framework for task coordination in multi-

agent systems, where each agent is assigned a local task defined by scLTL formulas. Coordination relies 

on real-time message exchange and supports collaborative actions and task swapping. The approach is 

fully distributed, scalable, and resilient; it avoids centralized control by dynamically forming 

dependencies based on agent capabilities and task progress. If all of this is combined, the closed loop 

of the MAS will be as follows: 

 The MAS initiates coordination. 

 Task allocation is guided by strategic ability. 

 A refined allocation accounts for epistemic limitations. 

 Task responsibility ensures outcomes are monitored and traced. 

 Feedback is sent to the MAS, closing the loop and preparing for future cycles. 

Consequently, MAS task coordination requires the distribution of local tasks, and attributes 

responsibility, taking into account strategic capabilities and the limits of their information of agents. 

Recent frameworks incorporate decentralized, message-driven approaches that support collaboration, 

task swapping, and resilience without relying on centralized control. 

Lastly, MAS path planning ensures agents move without conflict through space, and optimizing motion. 

In contrast, task coordination distributes interdependent tasks efficiently across agents. It requires 

synchronization and cooperation based on task complexity and agent capabilities.  

In MAS, the effectiveness of task coordination and path planning is important for achieving collective 

goals in dynamic and often constrained environments. While numerous approaches exist, increasing 

attention has been directed toward metaheuristic-based methods due to their flexibility and scalability. 

Metaheuristic approaches offer innovative alternatives to traditional strategies. They enable 

decentralized decision-making and global optimization. The following section will explore these 

metaheuristic techniques in detail, highlighting their principles, advantages, and applications in MAS 

coordination and path planning. 

1.4 Metaheuristics 



CHAPTER 1                                                                                                                             INTRODUCTION 

 
 

24 
 
 

1.4.1 Metaheuristics and optimization problems 

With advances in information technology, several optimization problems are encountered in fields like 

engineering, operation research, bioinformatics, and geophysics. Most optimization problems are NP-

hard, non-linear, and multi-dimensional search spaces, complicating their resolution. Research has 

developed alternative approaches, categorized as heuristics and metaheuristics. Heuristics are more 

problem-dependent and can be applied to specific problems while becoming insufficient for other ones. 

From the chapter [35],  metaheuristics are generic algorithms that can be used for almost all optimization 

problems. These methods are adaptive strategies that navigate uncertainty, diversity, and dynamic 

constraints in complex systems.  Drawing inspiration from evolution, swarms, and collective 

intelligence, they aim for good enough, fast enough, and often better than expected solutions. However, 

they cannot solve all optimization problems and have the same average performance. Additionally, the 

paper [36] illustrates that metaheuristics occupy a central role within the broader category of 

approximate optimization methods. In contrast to exact methods, which ensure optimality (e.g., branch-

and-bound, dynamic programming), metaheuristics are intended to facilitate efficient searching in large, 

complex, and high-dimensional search spaces to find good-quality solutions within practical time limits. 

They serve as general-purpose guiding strategies that enhance and control the behavior of problem-

specific heuristics. Another definition in [37] demonstrates that a metaheuristic is a high-level, problem-

independent algorithmic structure providing general strategies for designing heuristic optimization 

algorithms. It aims to find "good enough" solutions in a reasonable computational time, making it 

suitable for large, complex, or NP-hard problems where exact methods are impractical. Stating the 

origin of the word and introducing it through its linguistic components, combining ‘meta’ (beyond) and 

‘heuristic’ (to find/discover). 

To facilitate comprehension, Figure 1.8 shows a metaheuristic algorithm processing candidate solutions 

from the problem space and identifying the best solution. 

It is noteworthy that across a wide range of literature and definitions of the metaheuristic word, the most 

recurrent term is “optimization problem”. Consequently, and based upon [38], optimization problems 

are mathematical or computational challenges aimed at finding the best solution from feasible options, 

often involving maximizing or minimizing objective functions like profit, cost, efficiency, or distance 

while satisfying constraints. They are common in fields like engineering, economics, logistics, and 

machine learning. Specifically, distributed optimization problems involve multiple agents or nodes 

working together to minimize a shared global objective, with the global cost function typically 

expressing the sum of local objective functions. It can be presented as follows in equation 1.4 [38]: 
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𝑚𝑖𝑛
𝑥 ∈ 𝑅𝑛  ∑  𝑁

𝑖=1  fi(x)          (1.4) 

Where: N is the number of iterations; each agent i has access only to its own local function fi(x). 

Briefly, the main common ideas arise from the fact that heuristic are tailored to individual problem 

domains, while metaheuristics are domain-independent and act as high-level frameworks capable of 

adapting to a wide range of optimization problems. Their flexibility and scalability make them 

especially suited for solving complex problems making, them more adaptable for solving real-world 

optimization problems, including MAS coordination and path planning.  

 

 

Figure 1.8: Metaheuristic algorithm for optimization problem solving 

1.4.2 Exploration and exploitation 

In essence, an effective metaheuristic balances exploration and exploitation well to optimize the 

exploration of the solution space and find effective solutions. Metaheuristics are robust searching 

mechanisms that harmonize exploration and exploitation search schemas. They leverage exploration to 

avoid local optima and exploitation to converge efficiently towards optimal solutions. They are inspired 

by natural processes and incorporate mechanisms to balance exploration and exploitation. Moreover, 

the study [39] examined these two concepts as central to search behaviors across many domains, from 

animal foraging to human decision-making and AI. It involves balancing using known opportunities 

(exploitation) and seeking new ones (exploration). Numerous solutions are available, including mixing 
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exploitation with exploration phases in ecology and reinforcement learning in computer science. It is 

key to understanding cognitive behavior and its wide-ranging effects. 

To clarify further, the following Figure (Figure 1.9) illustrates how the process occurs. Starting by 

searching for information, optimize promising areas, and then return to exploration to avoid local optima 

and find new regions if the solutions found are not suitable.  

 

Figure 1.9: Metaheuristic optimization process 

The following examples highlight how different algorithms balance between exploration and 

exploitation; although there are other examples, these are the most recent and relevant.  

 Genetic Algorithms: use crossover and mutation to explore new solutions (exploration) while 

selecting the best for the next generations (exploitation). 

 Simulated Annealing: it starts by accepting less optimal solutions, and then progressively 

focuses on refining the best options found. 

 Particle Swarm Optimization: particles exchange information to diversify exploration, while 

simultaneously converging on optimal solutions. 

 The Crow Search Algorithm: balances exploration and exploitation by allowing crows to explore 

new areas randomly while simultaneously refining the best solutions discovered. This adaptive 

behavior provides search for optimal solutions while avoiding local optima. 
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 Ant Colony Optimization: Exploration involves ants moving randomly, while exploitation occurs when 

pheromone updates highly successful routes, guiding future searches toward promising solutions. 

Based on the research [35], metaheuristics, which involve exploration and exploitation, are crucial for 

efficient search processes. Different classifications exist based on the method of employing these 

strategies and the metaphor of search procedures. 

1.4.3 Metaheuristic classifications 

Metaheuristics are classified in many ways in the literature; each one is distinguished by its own set of 

defining dimensions. Several factors account for this variety of classifications. The first factor refers to 

the diversity of optimization problems across different domains, which necessitate tailored approaches, 

leading to the development of various metaheuristic techniques. The second factor is related to the 

flexibility and diverse applications of metaheuristics. These approaches can be categorized based on 

multiple criteria, like their strategies, mechanisms, and sources of inspiration. Thirdly, the regular 

appearance of new algorithms and hybrid methods conduct to the development of numerous 

classification schemes.  Lastly, different researchers may emphasize distinct aspects, such as 

exploration versus exploitation, population-based versus single-solution methods, or nature-inspired 

versus problem-specific heuristics, resulting in varied frameworks for categorization. 

We try to explore and analyze these classifications and their respective works in a comprehensive 

manner. Starting with the work [35], it summarizes the most common classifications as follows:  

 Trajectory-Based vs. Population-Based Algorithms: 

o Trajectory-Based Algorithms: they utilize a single solution that is improved iteratively. 

They include Simulated Annealing (SA) and Tabu Search metaheuristics. 

o Population-Based Algorithms: these algorithms maintain a population of solutions, 

evolving them over time. They include Genetic Algorithms (GA) and Particle Swarm 

Optimization (PSO). 

 Nature-Inspired vs. Non-Nature-Inspired Algorithms: 

o Nature-Inspired Algorithms: they are modeled after natural behaviors or phenomena. For 

instance, GA are based on the principles of natural evolution, while PSO is inspired by 

the social behavior of birds. 

o Non-Nature-Inspired Algorithms: these algorithms are not inspired from natural 

phenomena.  
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 Metaphor-Based vs. Non-Metaphor-Based Algorithms: (the proposed classification in [35]): 

o Metaphor-Based Algorithms: they are inspired by metaphors or real-world processes. 

For example, the Ant Colony Optimization (ACO) algorithm is based on the metaphor 

of ants searching for food. According to the same research [35], it contains subclasses as 

follows: 

 Biology. 

 Chemistry. 

 Music. 

 Math. 

 Physics.  

o Non-Metaphor-Based Algorithms: these algorithms are not relied to metaphors. They are 

based on mathematical or statistical principles. 

 Other Classification Criteria:  

o Use of Memory: some algorithms use memory structures to avoid reviewing explored 

solutions like Tabu Search. 

o Neighborhood Structures: the algorithms may differ in the way of defining and exploring 

the neighborhood of a solution. 

o Objective Function Usage: the objective function can be employed in different ways, 

influencing the algorithm's performance and convergence behavior. 

According to the research [36], the different ways to classify metaheuristic algorithms based on 

characteristics used to differentiate amongst them include: 

 Nature inspired vs non-nature inspired: 

o Nature-Inspired: these algorithms are inspired by natural phenomena.  

o Non-Nature-Inspired: these algorithms are not based on natural systems and behaviors.  

 Population-based vs single-point search:  

o Single-Point Search: these methods manipulate a single solution at a time and are 

typically intensification-oriented. Such as Tabu Search (TS). 

o Population-Based Search: these methods uses a population of solutions. It allows for 

broader exploration of the search space, including GA. 
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 Iterative vs greedy: 

o Iterative Algorithms: these algorithms begin with an initial solution (or set of solutions) 

and improve them as the search progresses, such as PSO. 

o Greedy Algorithms: these algorithms build the solution step by step, adding components 

to the solution at each stage based on local decisions. Such as ACO. 

 Dynamic vs static objective function: 

o Static Objective Function: these algorithms keep the objective function unchanged 

throughout the search process, including PSO 

o Dynamic Objective Function: these algorithms are characterized by the modification of 

the objective function during the search, for more effectiveness. 

 Memory usage vs memory less: 

o Memory-less: algorithms that only use the current state of the search and do not retain 

any past information. 

o Memory-Based: algorithms that use information acquired during the iterative search 

process.  

 Single vs multiple neighbourhood structures: 

o Single Neighbourhood Structure: algorithms that operate using only one neighborhood 

structure, such as Iterated Local Search (ILS). 

o Multiple Neighbourhood Structures: algorithms that use several neighborhood structures 

in their search process, such as Variable Neighbourhood Search (VNS). 

For clarification, a simplified Figure (Figure 1.10) illustrates the classification of metaheuristics based 

on a previous research [28].  
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Figure 1.10: Metaheuristic classifications according to the research [28] 

Additionally, a simplified Figure (Figure 1.11) provides another detailed illustration of the classification 

of metaheuristics, derived from the research [40]: 

 

Figure 1.11: Metaheuristic classifications according to the research [40]. 

In summary, metaheuristic algorithms can be classified into various categories based on their underlying 

principles, such as evolutionary algorithms, swarm intelligence, physics-based approaches, and human-
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inspired techniques. Each classification offers unique strengths tailored to specific optimization 

problems. 

1.4.4 Metaheuristic applications 

As mentioned previously, metaheuristics are versatile optimization methods that can be used in many 

areas, like bioinformatics, machine learning, transportation, and engineering design.  They efficiently 

explore large search spaces, providing near-optimal solutions where traditional methods may struggle. 

The examination of their applications shows how useful they are and how they could be  improved to 

solve real-world problems.  Furthermore, research has examined the applications of metaheuristics 

across diverse fields. It has helped improve the theoretical understanding and practical use of 

metaheuristic techniques in real-world problems. 

Taking an example, the book [41] provides an extensive overview of the various application domains 

of metaheuristics, including: 

o Engineering Design: metaheuristic algorithms are necessary for solving challenging 

optimization problems in engineering design, which often include conflicting goals, design 

variables, and constraints. Telecommunication network design is one example, where they 

improve routing. Robotics is another, where they are used for planning paths, controlling motion, 

and placing sensors. They also include ways to make energy systems work better. 

o Machine Learning and data mining: metaheuristics are used for tasks like feature selection, 

hyperparameter tuning, and model optimization, improving the performance and efficiency of 

machine learning models. Some specific applications include bioinformatics and finance. 

o System Modeling, Simulation, and Identification: this field creates mathematical models of 

systems in chemistry, physics, and biology. These models can help make predictions and 

understand complicated systems. Some examples of applications are chemical reactions, 

physical systems, biological processes, control systems, signal processing, and image 

processing. Signal and image processing techniques involve changing and analyzing signals and 

images for different uses. 

o Planning in Routing, Scheduling, and Logistics: this field focuses on solving optimization 

problems in routing, robot planning, scheduling, production, logistics, and transportation. The 

goal is to minimize travel time, optimize resource utilization, and reduce costs. 

Passing to another research [40],  it discusses metaheuristic algorithms and their applications in various 

domains. GA are used in optimization problems with combinatorial or discontinuous objectives and 
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constraints, while ACO is used in dynamic programming and multi-objective real-world problems. 

Simulated Annealing (SA) is a probabilistic method used to solve challenging optimization problems 

that does not take long computing time and can get around local optima. The PSO is ideal for real-time 

applications because it is fast. Differential Evolution (DE) works well with complicated cost functions, 

and Tabu Search (TS) works well for both global and local searches. Hybrid algorithms like HABCDE 

combine the strengths of different metaheuristic approaches, often outperforming individual algorithms 

in terms of solution quality and computational efficiency. 

While metaheuristics have proven effective across various complex problems, combining them with 

other strategies can further improve solution quality and convergence speed. This combination is called 

hybridization of metaheuristics.  

1.4.5 Hybrid metaheuristics 

Even though each metaheuristic works well on its own, it can not find a good balance between 

exploration and exploitation. This leds to the creation of hybrid approaches that combine different 

algorithms. To comprehend the development and efficacy of hybrid metaheuristics, it is crucial to 

examine the principal research initiatives that have concentrated on the integration of diverse 

algorithms. Firstly, in the chapter [42], hybrid metaheuristics are optimization algorithms that combine 

various techniques, including metaheuristics and other methods like exact algorithms, to exploit 

strengths and compensate for weaknesses. It illustrates that the core motivation is to achieve synergy 

by combining strategies with complementary strengths (e.g., exploration vs. exploitation). In addition, 

it is useful for complex combinatorial optimization problems, where pure methods may fail to deliver 

optimal or near-optimal performance. Another study in [43] provides that hybrid algorithms combine 

multiple algorithms to enhance search performance, focusing on convergence speed, solution accuracy, 

and diversity maintenance during optimization. 

The study [42] classifies hybrid metaheuristics based on four dimensions as follows:  

 Hybridized Algorithms: 

o Between different metaheuristics 

o Between metaheuristics and exact methods (e.g., branch-and-bound, LP, CP) 

o Between metaheuristics and heuristics/soft computing (e.g., neural networks, fuzzy 

logic) 

o Human-guided hybrid search involving user input and visualization. 

 Level of Hybridization: 
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o High-level hybrids: loosely coupled, each algorithm retains identity. 

o Low-level hybrids: they are tightly coupled and depend on each other. 

 Order of Execution: 

o Sequential: one method follows another. 

o Parallel execution with data exchange. 

 Control Strategy: 

o Integrative (coercive): one method embedded into another. 

o Collaborative (cooperative): separate methods exchange information. 

The study [43] illustrates that the past of hybrid metaheuristics is characterized by the transition from 

standalone evolutionary methods to structured hybridizations aimed to reducing their weaknesses. 

These initial experiments set the stage for more advanced hybrid frameworks seen in subsequent 

decades. Additionally, the current state of hybrid metaheuristics is characterized by the structured 

integration of established algorithms, seeking for stricking a balance between exploration and 

exploitation. The future promises new biologically inspired methods and more principled, adaptive 

hybrid architectures—but warns against random and unjustified algorithmic mashups. Only through 

theoretical grounding and simplicity can future hybrids achieve real-world impact and scientific 

relevance. 

1.5 Summary 

In summary, this first chapter has established the theoretical and methodological foundations necessary 

for addressing the coordination challenges inherent in MASs. It has examined three fundamental and 

interrelated domains: the principles of MASs, the coordination of path planning and task planning, and 

the use of metaheuristic algorithms as powerful tools for solving complex, nonlinear, and combinatorial 

optimization problems. By consolidating these core concepts, the chapter has laid the groundwork for 

the design and implementation of the proposed approach to intelligent coordination in distributed 

environments. The emphasis was placed not only on defining key terms and models but also on 

highlighting the motivations behind selecting these frameworks and techniques for the development of 

a scalable and adaptable MAS coordination. The next chapters will expand on this basis.  
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2.1 Introduction 

Solving critical problems like obtaining the optimal path planning or distributed task coordination in 

MASs involves navigating high-dimensional search spaces, where traditional algorithms often lack 

flexibility and scalability. Luckily, metaheuristic algorithms offer a strong solution to these limitations. 

They provide approximate solutions to complex optimization problems. Consequently, the main goal 

of this chapter is exploring the use of different metaheuristic algorithms in MASs and addressing 

optimal path planning and efficient task coordination. It highlights their strengths, limitations, and their 

future directions. To address this, this chapter is structured into:  

Section 1 offers the introduction. Section 2 introduces detailed descriptions of many different 

metaheuristic algorithms and describes the relation of metaheuristic to MAS. Section 3 concentrates on 

the use of metaheuristics in the MAS path planning problem. It reviews recent studies and details the 

performance of different algorithms, which are employed for the efficient navigation of agents in 

constrained environments. Section 4 examines task coordination in MAS. It discusses how 

metaheuristics contribute to the dynamic allocation and scheduling of tasks among agents under 

complex operational conditions. A concise conclusion is presented in Section 5. 

2.2 Concepts description 

This section provides detailed descriptions of various metaheuristic algorithms and elucidates their 

relationship (in general) with MAS. 

2.2.1 Metaheuristics methods  

The theoretical background of metaheuristic algorithms are elaborated upon in Chapter 1, Section 4. 

A discussion of metaheuristics typically includes the most popular and commonly applied methods. In 

this context, specific mention would be: 

2.2.2.1 Particle Swarm Optimization 

The PSO algorithm for Particle Swarm Optimization. It was introduced by Russell Eberhart and 

James Kennedy in 1995 [44]. It is inspired by bird flocking behavior. The method is a population-based 

metaheuristic using particles as agents in MAS that collaborate and interact with each other and with 

their environment, to converge on optimal solutions. Aiming to balance between exploration and 

exploitation in the search space.  In PSO, each particle indicates a potential solution. Moreover, it has a 

position. This position is evaluated based on an objective function in relation to its personal best solution 

and the global best solution found. Additionally, the particle has a velocity. This velocity is a physical 



CHAPTER 2                      METAHEURITICS FOR MULTI-AGENT CONTROL: AN OVERVIEW 
 

36 
 

New position 

quantity representing the change in position over time. It is a vector quantity with both magnitude and 

direction. 

The particle’s position is updated during each iteration using equation 2.1 as follows [45]:  

x (t + 1) = x(t) + v(t + 1)        (2.1) 

Where: x – position, v - velocity of the particle at time t.  

The velocity is calculated using equation 2.2 as follows [45]: 

v(t + 1) = wv(t) +c1r1(pBest(t) — x(t)) + c2r2 (gBest(t) -x(t))        (2.2) 

Where: pBest – best solution found by the particle, gBest – best solution found by the group of particles, 

c1, c2 – acceleration coefficients, r1,r2 – stochastic random constants between 0 and 1, w – inertia 

weight. 

pBest is updated through a comparison with the new particle’s position at each iteration by taking 

into account the fitness values. The gBest position is used to describe the position that had the highest 

fitness value until the current iteration. w controls the PSO algorithm's exploration and exploitation. 

Figure 2.1 visually illustrates how PSO orchestrates particle movements to converge toward optimal 

solutions. 

 

 

 

 

 

 

 

 

 

 

Figure 2.1: Visual representation of the PSO algorithm 
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2.2.2.2 Ant Colony Optimization 

The ACO algorithm for Ant Colony Optimization was first introduced in Marco Dorigo’s doctoral 

thesis in 1992 [46]. The ACO metaheuristic was inspired by the behavior of real ants searching for food. 

It works effectively for addressing various optimization problems, such as a dynamic TSP and dynamic 

QAP problem [47]. The algorithm uses artificial ants developing solutions iteratively through 

pheromone-based communication, allowing the colony to explore the solution space. The concentration 

of pheromones depends on how much the path is used. The more a path is traversed, the more 

pheromone levels increase. These lasts guide other ants toward optimal solutions. They are updated 

based on solution quality. Furthermore, the pheromones evaporate over time, escaping local minima. 

Ultimately, and in relation to MAS, the ants in ACO communicate through pheromones, sharing 

information about solution quality, mirroring the collaborative strategies observed in MASs. 

ACO builds solutions iteratively, choosing components from a predefined set at each step. The 

equation 2.3 shows how to calculate the probability of selecting component p(ci | s) [48]: 

p(ci | s)= 
[τi]

α
.[η(ci)]

β

∑ [τi]
α
.[η(ci)]

β
cj ∈ N(s)

        (2.3) 

Where: s – the current, partially constructed solution, ci –solution component, τi – pheromone value 

associated with the solution component ci,  η(cj) – heuristic information for a component that is assigned 

to each feasible solution component cj ∈ N (s), α,β – positive parameters that control the relative 

influence of pheromone and heuristic information.  

The pheromone update prevents premature convergence and encourages exploration of better 

solutions. It is updated using equation 2.4 as follows [48]:  

τi ← (1 - ρ). τi + ρ. ∑ 𝑤𝑠{𝑠 ∈ 𝑆𝑢𝑝𝑑 | 𝑐𝑖 ∈ 𝑠} 𝐹(𝑠)        (2.4) 

Where: Supd  – set of solutions selected for the update. ρ ∈ [0, 1] – evaporation rate,  τi – remaining 

pheromone after evaporation, F : S → R+ – the quality function such that  f(s) < f (s') → F (s) ≥ F (s'), 

∀s ≠ s' ∈ S, w – The weight associated with a solution s can be used to influence the quality function, 

while f(s) is the objective. 

The evaporation rate controls how quickly pheromone levels decay. High ρ encourages exploration by 

decaying pheromone trails, while low ρ encourages exploitation by persisting strong trails, guiding ants 

towards known solutions. Consequently, (1 - ρ). 
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Figure 2.2 illustrates a visual representation of the ACO algorithm, which is inspired by the natural 

foraging behavior of ants. It shows how ants find the shortest path from their nest to a food source. They 

use pheromone trail reinforcement. Moreover, a high pheromone level characterizes the shortest path.  

 

Figure 2.2: Visual representation of the ACO algorithm 

2.2.2.3 Artificial Bee Colony 

The ABC algorithm for Artificial Bee Colony was initially proposed by Dervis Karaboga in 2005 in 

his publication [49]. Consistent with its appellation, this algorithm is derived from the behavior of 

honeybees in searching for food and sharing it with other bees. It is considered a swarm algorithm, 

which divides the population’s roles into three crucial roles. Starting with employed bees, each one 

represents a potential solution; it has to search for better food sources while exploring its neighborhood. 

Passing to onlooker bees, this kind of bee is occupied with selecting food sources based on employed 

bees’ food quality (fitness) and proximity. In addition, scout bees play a crucial role. These bees search 

for new food sources in a random way, exploring new areas if the existing sources fail to produce better 

results. This ensures the balance between exploration and exploitation. In relation to MASs, in ABC, 

the bees are considered agents, which collaborate to acquire knowledge of food sources in search space.  

An onlooker bee chooses a food source depending on the food source's probability value pi calculated 

using equation 2.5 as follows [50]:  

𝑝𝑖 =
𝑓 𝑖𝑡𝑖

∑ 𝑓 𝑖𝑡𝑗
𝑆 𝑁
𝑗=1

        (2.5) 
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Where: i = 1, 2,...,SN, and SN is the size of employed bees or onlooker bees (solutions or food sources), 

j = 1, 2,...,D, and D is the number of optimization parameters; f iti is the fitness value of solution i. 

Knowing that each solution is initialized using equation 2.6 [50].  

xi,j = xmin,j + rand(0, 1)(xmax,j − xmin,j )        (2.6) 

Where: xmin,j,xmax,j – the lower and upper bounds for the dimension j, respectively. 

To generate a new solution Vi, the algorithm takes an existing solution Xi, selects another different 

random solution Xk, and adds a random value φij in the range [−1, 1] times the difference between Xi 

and Xk to Xi. Where k ∈ {1, 2,...,SN} and j ∈ {1, 2,...,D}, the equation 2.7 shows that. If a solution does 

not improve after a certain number of cycles, it is replaced with a random one using equation 2.6.  

vi,j = xi,j + φi,j (xi,j − xk,j )        (2.7) 

The following Figure (Figure 2.3) illustrates a visual representation of ABC Algorithm. It represents 

how the algorithm explores and exploits solutions in an optimization problem using the honey bee 

behavior in search of food specifically focusing on how different roles are distributed across the process 

phases.  

 

Figure 2.3: Visual representation of the ABC algorithm 
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2.2.2.4 Genetic Algorithm 

GA for Genetic Algorithm is a metaheuristic that originated with John Holland in his book in 1975 

[51]. This algorithm is inspired by the process of natural selection. The author explained how individuals 

could be encoded as strings (binary strings), similar to biological chromosomes, to generate a starting 

set of solutions. These last are evaluated based on fitness functions. The better individuals will be 

selected to create the next generation. After that, the most crucial stage begins, starting with the 

crossover process where selected individuals (parents) exchange genetic material, moving to mutation, 

which introduces random changes (may flip a bit in a binary representation) in order to explore search 

space and to improve solution quality. Ultimately, the new generation’s individuals replace the 

individuals with the lowest fitness. In relation to MAS, each agent in MAS corresponds to an individual 

in the GA, which facilitates genetic operations through social interaction.  

The following equation 2.8 represents the common approach used in order to effect the process of 

selection, called roulette wheel selection [52].  

P (xi)= 
𝑓(𝑥𝑖)   

∑ 𝑓(𝑥𝑗)𝑁
𝑗=1

        (2.8) 

Where: N – total number of individuals, 𝑓(𝑥𝑖) – fitness of individual xi. 

Figure 2.4 provides a general and visual description of GA process. It illustrates its main steps as 

follows: initialization and evaluation of a population, selection of the fittest individuals, crossover, and 

the insertion of random variations via mutation. These phases collectively and iteratively simulate 

natural evolution, allowing the algorithm to explore and optimize potential solutions to a given problem. 
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Figure 2.4: Visual representation of the GA 

 

2.2.2.5 Firefly Algorithm 

The Firefly Algorithm, or FA, is a new metaheuristic algorithm that appeared firstly in 2008 [53]. 

This algorithm is inspired by the behavior of fireflies based on the brightness or light emitting of them. 

Firstly, a random initialization of a population of fireflies in the search space. Each one is associated 

with a fitness value according to the objective function. After that, each firefly must update its position 

toward the brightest one, according to its fitness; otherwise, it should move randomly to ensure the 

exploration. The applications of FA vary in various domains of optimization problems, such as discrete, 

multi-objective, etc. In relation to MAS, fireflies represent agents or solutions that interact based on 

their brightness. 

Attractiveness is directly proportional to the intensity of light perceived by other fireflies. The 

attractiveness variation 𝛽 based on the distance r  (here r is equal to 0) and 𝛽0 (denotes the attractiveness) 

can be expressed in equation 2.9 as follows [54]: 

𝛽 = 𝛽0𝑒
−𝛾𝑟2

        (2.9) 

Consider two fireflies, denoted as xi and xj. The movement of the first one in the direction of the second 

one using the shown equation 2.10 [54]:  



CHAPTER 2                      METAHEURITICS FOR MULTI-AGENT CONTROL: AN OVERVIEW 
 

42 
 

𝑥𝑖
𝑡+1 = 𝑥𝑖

𝑡+ 𝛽0𝑒
−𝛾𝑟𝑖𝑗

2

 (𝑥𝑗
𝑡 − 𝑥𝑖

𝑡) + 𝛼𝑡𝜖𝑡        (2.10) 

Where: the part 𝛽0𝑒
−𝛾𝑟𝑖𝑗

2

 – the attractiveness of the jth firefly to the ith firefly, the part (𝑥𝑗
𝑡 − 𝑥𝑖

𝑡) – the 

distance vector between the two fireflies, the part 𝛼𝑡𝜖𝑡 – a stochastic component to the firefly's 

movement, 𝜖𝑡 – a random vector with the same dimension as the search space. It generates a random 

direction in the search space. Where the parameter  𝛼𝑡 scales this random direction, determining the 

step size.  

It is important to note that, a large value of 𝛼 promotes the exploration. In contrast, to a smaller value 

that promotes exploitation. 

For more comprehensive details, the following Figure (Figure 2.5) provides a visual representation of 

FA. It shows the iterative nature of the algorithm and the balance between exploration and exploitation. 

This process involves randomly initializing the positions of the fireflies, the evaluation of the solution’s 

quality, the movement toward the brighter fireflies, showing that the central firefly represents the 

optimal solution. 

 

Figure 2.5: Visual representation of the FA 

2.2.2.6 Cuckoo Search Algorithm 

The Cuckoo Search Algorithm, or CS, is an optimization algorithm based on the natural behavior of 

cuckoo birds. It was first introduced in a paper [55] in 2009. It is combined with the concept of Lévy 
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flights, which enable efficient exploration of the search space. The main idea of this new method is the 

brood parasitism strategy that the cuckoo bird follows. Initially, cuckoos start by laying eggs in other 

birds' nests randomly. Each post nest represents a potential solution. The eggs represent new solutions. 

If the new solution (egg) outperforms the existing one (according to its fitness), it is replaced; otherwise, 

the nest may be abandoned if it lays poor solutions (eggs). Moreover, poor nests use Lévy flights, a 

random walk with step lengths from a Lévy distribution, used to explore the solution space through 

large jumps. Ultimately, CS is beneficial for complex optimization tasks where traditional methods may 

struggle. Specifically, multi-objective problems, such as a multi-objective scheduling algorithm [56]. 

The equation 2.11 is used to update a solution Xi
(t+1) using Lévy flight [57]: 

Xi
(t+1) = Xi(t) + α ⊕ Lévy (𝜆)        (2.11) 

Where: Xi(t)  – the current position of the cuckoo i ;  α – a scaling factor; ⊕ – element-wise 

multiplication, Lévy(λ) – a Lévy flight random variable with parameter λ. 

 

Figure 2.6: Visual representation of the CS 

Figure 2.6 illustrates a visual representation of the CS Algorithm. It represents a cuckoo laying an egg 

in a random nest (random host) as a new candidate solution. The host bird discovers the egg and 

evaluates the solutions depending on fitness values and decides if it will keep the egg or not. 
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2.2.2.7 Whale Optimization Algorithm 

The WOA for Whale Optimization Algorithm is a nature-inspired optimization algorithm that 

imitates the hunting strategies of humpback whales. It was originated in the paper [58] of Seyedali 

Mirjalili. This method is highly effective in solving multidimensional optimization problems. The idea 

of this method comes from the humpback whales' unique bubble-net feeding technique; they capture 

fish using bubble trapping, increasing the probability of catching prey. The WOA simulates the idea 

that was mentioned before by initializing a population of searching whales (which is considered an 

agent in MAS), assessing each one with a fitness based on an objective function. Subsequently, it 

calculates the distance between whales and the current best prey in order to update the whales’ positions 

towards them. The algorithm selects a random number p between 0 and 1. If it is inferior to 0.5, the 

process encircles the prey; otherwise, it performs a spiral updating position to ensure exploration of new 

solutions. Continue the position update and fitness evaluation until a stopping criterion is reached. 

In the first case (p is inferior to 0.5), the process of encircling the prey satisfies the following equation 

2.12 [59]. This equation provides the distance D of a search agent X(t) from the best solution discovered 

so far, X*(t). Vector C is a coefficient vector that governs the wrapping behavior. 

𝐷⃗⃗ = |𝐶  . 𝑋 *(t) - 𝑋 (t)|        (2.12) 

The vector C is calculated as shown in equation 2.13 [59]. Where 𝑟  is a random vector in [0, 1]. 

𝐶  = 2 . 𝑟          (2.13) 

Then, the updating position process is acquired with equation 2.14 as follows [59]: 

𝑋 (t+1) = 𝑋 *(t) - 𝐴  . 𝐷⃗⃗          (2.14) 

Where: A vector A is the coefficient with which the algorithm operates among the exploration vs 

exploitation process. The agents move away from the best solution when |A| > 1, exploring new areas. 

While in the exploitation phase when |A| < 1, they refine the current solution. It is calculated using 

equation 2.15, where 𝑎   decreases linearly from 2 to 0 [59]. 

𝐴  = 2 𝑎 ⃗⃗⃗  . 𝑟  - 𝑎          (2.15) 

In the second case, (p is superior to 0.5), the spiral updating position is affected using equation 2.16 

as follows [59]:  

𝑋 (t+1) = 𝐷⃗⃗ ’ . 𝑒𝑏𝑙 . cos(2𝜋𝑙) +  𝑋 *(t)         (2.16) 
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Where:  𝐷⃗⃗ ’  = |𝑋 *(t) - 𝑋 (t)|.  𝑙 – a random number in [-1,1], b – a constant for a definition of the 

logarithmic spiral shape.  

Figure 2.7 illustrates the core behavioral phases of the WOA, which is inspired by the hunting strategies 

of humpback whales. It shows the first phase of searching for prey, then encircling it and hunting it. 

 

Figure 2.7: Visual representation of the WOA 

 

2.2.2.8 Crow Search Algorithm 

The CSA, is a metaheuristic optimization algorithm inspired by crows' intelligent behavior, storing 

and retrieving food as needed. It is simple and effective in solving optimization problems in different 

fields like engineering, computer science, etc [60]. The algorithm uses mathematical models to represent 

crows' social behavior, focusing on memory and balancing between exploration and exploitation. It 

starts by initializing a population of crows; each one represents a solution in search space and memorizes 

its best position. After that, the crows update their positions, randomly selecting another crow to steal 

food using on a random flight length. If the followed crow detects the following crow, it adjusts its 

position based on the awareness probability parameter. Eventually, the process terminates after a 

predetermined number of iterations. Crows show cooperative and competitive behaviors. Sometimes 

they work together to find food. On the other side, they hide food. Similarly, to MAS, the agents may 
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collaborate to enhance performance. Similarly, to MAS, the agents may collaborate to enhance 

performance, and their collaboration mimics the interaction between intelligent crows. 

Each crow updates its position depending on equation 2.17 [60]: 

xi,iter+1 =    {
 𝑥𝑖,𝑖𝑡𝑒𝑟  +   𝑟𝑖 × 𝑓𝑙𝑖,𝑖𝑡𝑒𝑟 × (𝑚𝑗,𝑖𝑡𝑒𝑟 − 𝑥𝑖,𝑖𝑡𝑒𝑟)  𝑟𝑗 ≥ 𝐴𝑃𝑗,𝑖𝑡𝑒𝑟

𝐴 𝑟𝑎𝑛𝑑𝑜𝑚 𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛                                            𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
         (2.17) 

Where: xi,iter – the current position of crow i in iteration, ri,rj– random numbers, APj,iter – the awareness 

probability of crow j in the current iteration, fli,iter – the flight length of crow i to remember crow j.  

If the new position xi,iter+1 has a better fitness value than the current memory mi,iter. The memory is 

updated with the new position using equation 2.18 [60]: 

mi,iter+1 =       {
 𝑥𝑖,𝑖𝑡𝑒𝑟+1 𝑓 (𝑥𝑖,𝑖𝑡𝑒𝑟+1)  ≤  𝑓 (𝑚𝑖,𝑖𝑡𝑒𝑟)

𝑚𝑖, 𝑖𝑡𝑒𝑟                                𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
          (2.18) 

Figure 2.8 visualizes the updation of the new position of a crow i in CSA depending on the critical 

parameter value of the fl, it controls the balance between exploration and exploitation. It shows that 

when fl < 1, the crow moves toward the target (crow j), favoring exploitation of known solutions. In 

contrast, when fl > 1, the crow explores beyond the known position, promoting exploration of new 

regions in the search space.incre 

 

Figure 2.8: Exploration and exploitation in the CSA 
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2.2.2 Relation between multi-agent systems and metaheuristics 

As demonstrated previously, MAS and metaheuristics are powerful tools to tackle challenging tasks. 

Consequently, combining them is a good way to take advantage of both approaches and to enhance each 

other's strengths. Therefore, cooperative search involves agents sharing information during the search 

process. Specifically, metaheuristics can be direct communication or indirect memory-based, sending 

information to a pool for other metaheuristics to utilize as needed. Metaheuristics can be distributed 

among multiple agents in MAS, enabling parallel exploration of the solution space. Researchers in [61], 

highlighted that the PSO metaheuristic is an adaptation of bee, fish, and bird behavior, enabling 

decentralized control, coordination, and efficient communication between large numbers of particles. 

Also, authors in [62] represent a robust framework that seeks to organize and improve the field of 

metaheuristics through the use of a MAS approach, allowing for a better understanding and efficient 

implementation of these algorithms. Moreover, the advantages of population-based Metaheuristic 

Algorithms (PMAs) over Single-agent Metaheuristic Algorithms (SMAs) in optimization tasks are 

discussed in [63]. It shows that PMAs utilize multiple agents that collaboratively share information, 

allowing for a more comprehensive exploration of the search space, which increases the likelihood of 

finding the optimal solution. The optimization process begins with a diverse population of agents 

positioned in various locations within the search space, and through iterations, they work together to 

identify the best global solution.  

Concisely, on one side, metaheuristics can be distributed among agents in MAS for parallel 

exploration. On the other side, complex systems are modeled by MAS as interacting agents that 

understand and modify their behavior in response to interactions and their environment to solve 

problems effectively. These agents' performance can be improved by using metaheuristics. Ultimately, 

it must be admitted that this combination has the potential to revolutionize various fields.  

2.3 Application of metaheuristics in multi-agent systems path planning 

This section discusses exactly how metaheuristic algorithms can be used in the context of MAS path 

planning. It provides a comprehensive review of existing methodologies, critically examining the 

efficacy and limitations of them. A detailed analysis of these studies, presented in tabular form, offers 

a comparative perspective on their methodologies.  

Metaheuristics in MAS improve path planning in dynamic environments, navigation for robots, vehicle 

transportation, and other applications. Based on this approach, researchers can develop and enhance 

solutions for difficult MAS path planning problems. There are many works aiming to evaluate the 

effectiveness of different metaheuristic algorithms for MAS path planning, assessing their performance, 
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strengths, and limitations, such as [64].  It provides a comprehensive overview of the application of 

metaheuristic algorithms in UAV path planning, highlighting advantages, limitations, and perspectives. 

Another one in [65], this work focuses on various path planning algorithms designed for UAVs. It 

categorizes classical and modern approaches and performs an empirical evaluation of their performance. 

Moreover, the case study in [66] focuses on employing swarm intelligence techniques to elevate the 

path planning performance of drones. 

Accordingly, works were selected as samples for analysis, more detailed in Table 2.1, including [67–

70] all of which revolve around applying the PSO method to solve MAS path planning. The first one 

proposes a PSO-based framework for cooperative task assignment and path planning in MASs The 

second one represents a modified PSO algorithm that improves path planning for UAVs by adjusting 

IW over time, balancing exploration and exploitation, and demonstrating superior performance 

compared to standard techniques. The third one presents an advanced approach to cooperative path 

planning for multiple Autonomous Underwater Vehicles (AUVs). This enhancement addresses the 

limitations of traditional PSO. It ensures a variety of places to start the search. In addition, it adjusts its 

behavior based on the problem and explores the local neighborhood, improving their quality. Moreover, 

the proposed method uses the technique of cubic spline interpolation to smooth the planned paths, 

making them more realistic and efficient. Finally, its objective function is based on various factors. 

Lastly, [70] introduces a hybrid approach that integrates the WOA and PSO to enhance path planning 

efficiency for differential wheeled mobile robots. In addition to these works, another article [71] 

examines and compares the ABC and ACO metaheuristic algorithms. It evaluates their effectiveness in 

path planning for mobile robots. The study reveals that ABC outperforms other methods in specific 

environments, indicating its effectiveness in MAS path planning. Moreover, there are other works like 

[72,73], They both present a novel approach to address the challenges of MAPP using an enhanced 

ACO algorithm.  The authors adjust the transition probability formula to consider inter-agent 

interactions and dynamic obstacles. In addition, the algorithm updates the pheromone strength 

dynamically to improve exploration and exploitation. In order to promote shorter paths for better 

exploration and exploitation, it incorporates a reduction factor to avoid local optima.  Besides this, there 

exists additional work [74]. Its strategy utilizes a group of MAS using hybridization of the algorithms 

ACO and GA to cover a specific area effectively and efficiently, with determining the most suitable 

routes for them to achieve maximum coverage. The common point among the last three works is the 

use of the ACO algorithm. Regarding the ABC algorithm, many works show how flexible this approach 

is for dealing with challenges of MAS path planning, especially in dynamic environments such as [75]. 

Turning to the GA, which is another powerful, popular, and widely used algorithm, numerous studies 
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have explored solutions to MAS path planning, such as [76], which proposes an enhanced crossover 

operator for GA path planning in static environments. Moreover, the authors in [77] design a hybrid 

controller for humanoid robot path planning that combines neural networks and GA. Lastly, a novel 

hybridization is presented in [78]. The study provides a novel method for MAS path planning by 

combining the FA and the CS algorithms. 

Eventually, it is worth mentioning that there are hundreds, if not thousands, of solutions. In this regard, 

only the latest ones have been addressed. However, a detailed breakdown of them is provided in Table 

2.1.  

Metaheuristics 

algorithm 

Reference Strength Limitation Future perspectives 

PSO 

[67] 

- Enhancing the safety of 

paths (treating other 

agents as dynamic 

obstacles).  

- Encourages 

cooperation. 

- Adaptability for 

various scenarios 

(different simulations 

with various 

environmental 

complexities). 

- Limited scalability 

(number of agents). 

- Applying the 

framework to a 

larger number of 

agents. 

 

[68] 

- Similar set of 

advantages with [67]. 

- Balancing 

exploration/exploitation. 

- Addressing the 

limitation of trapping in 

local optima (it is not 

mentioned in  [67]). 

- Parameter sensitivity 

(w).  

- Limited scalability 

(offline path planning 

is less scalable for 

dynamic 

environments). 

- Multivariable w.  

[69] 

- Preventing local 

optima in complex 3D 

environments. 

- Effective path planning 

for multi-AUVs with 

high security, while [68] 

- The algorithm would 

handle highly 

unpredicted obstacles 

and changes in the 

environment in real-

time. 

- Enhancing real-

time coordination. 

- Incorporating real-

time sensing to 

address 

unpredictable 

environments. 
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focuses on the PSO 

algorithm itself. 

[70] 

- Integrating PSO's rapid 

convergence with 

WOA's deep exploration 

capabilities.  

- Balancing 

exploration/exploitation. 

- Complexity of 

implementation.  

- Limited scalability 

(lacks evidence for 

large-scale robot 

performance). 

- Parameter sensitivity 

- Real and dynamic 

environments 

testing. 

- Exploration of 

Other 

Hybridizations. 

ACO 

[71] 

- Ensuring collision-free 

paths. 

- Parameter 

Sensitivity 

(performance is 

highly dependent on 

chosen values). 

- Creating an 

algorithm that is 

less sensitive to 

parameter tuning. 

[72,73] 

- Handling static and 

dynamic obstacles. 

- Using an improved 

ACO avoids local 

optima. 

 

- Limited scalability 

(computational cost 

increases with the 

number of agents and 

environment size). 

- Real-time 

applications.  

- Applying it to 

more complex 

scenarios 

[74] 

- The agents cooperate 

even though they have 

different characteristics.  

- The algorithms 

might perform badly 

in contexts that 

change fast (offline or 

static planning 

approach). 

- Hybridizing 

strategies for 

environmental 

changes in real-

time. 

ABC 

[71] 

- Ensuring collision-free 

paths. 

- The ABC algorithm 

outperformed ACO. 

- Parameter 

Sensitivity 

(performance is 

highly dependent on 

chosen values). 

- Creating an 

algorithm that is 

less sensitive to 

parameter tuning. 

[75] 

- Flexibility and 

convergence speeds due 

to its stochastic nature. 

- Limited scalability 

(high computational 

cost for managing 

pheromones and 

agent interactions as 

system size and 

complexity increase). 

- Hybridizing 

strategies for real-

time scenarios. 
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-Trapping in local 

optima. 

GA 

[76] 

- Creating feasible paths. - The algorithms 

might perform badly 

in a dynamic 

environment. 

- Applying the 

algorithm for 

dynamic 

environments. 

[77] 

- The close alignment of 

simulation and 

experiment 

-  Difficulty of 

combining GA/ NN, 

with sensitive 

parameter selection.  

- Collaborative 

control among 

multiple humanoid 

robots. 

FA and CS [78] 

- Capitalizing on the 

exploration of the FA 

and the exploitation of 

CS. 

- Parameter 

Sensitivity. 

- Computational 

Complexity. 

- Hybridization with 

parameter tuning. 

Table 2.1: Analysis of metaheuristic algorithms for MAS Path Planning 

To summarize, the most significant result of this analysis pertains to the choice of metaheuristic; it 

should be tailored to the particular path-planning problem. The process involves considering factors 

such as the number of agents, the complexity of the environment, the optimal balance between 

exploration and exploitation, parameter sensitivity, and the computational efficiency. Moreover, future 

research could emphasize developing hybrid MAS algorithms and optimizing solution quality in 

complex scenarios. 

2.4 Application of metaheuristics in multi-agent systems task coordination 

This section delves into the application of metaheuristic algorithms in the context of MAS task 

coordination. A comprehensive review of these studies provides contributions to the field. 

The application of metaheuristics in MAS task coordination delivers significant improvements. That is 

why researchers are conducting a thorough investigation into the potential of these techniques to 

optimize complex task allocation and scheduling problems. Consequently, the following works were 

selected for detailed analysis, which is provided in Table 2.2. 

Initially, the work [67] presented previously presents a framework that uses PSO for efficiently 

managing cooperative task assignment in MASs. Within the same context, there is another study that 

gives a hybrid approach called Discrete Differential Evolution PSO (DEPSO). The proposed integrates 

elements of both DE and PSO in order to tackle the issue of discrete task allocation problems in MASs, 

especially in epidemic scenarios [79]. Another approach presented in [80], was designed in order to 
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optimize scheduling and task distribution over several satellites. It combines both strengths of GA and 

SA for simulated annealing. Further, another study in [81] suggests an enhanced ACO algorithm called 

Max-Min Ant System. It handles the scheduling and task optimization difficulties in MASs. Utilizing 

graph theory's optimization techniques, the approach explores solution spaces for optimal task 

scheduling, minimizing path weight and overall completion time. Moreover, the paper [82] presents a 

new multi-objective ant colony system, MOACS. It provides also a version of ACO. The goal here is 

to distribute tasks to robots in a manner that reduces the overall cost and makes sure a fair workload 

distribution while taking into account different task durations and travel times. A related article explores 

a hybrid algorithm for task scheduling in multi-processor systems. It combines ACO and a variant of 

the Cuckoo Search Algorithm CVOA [83]. Lastly, an application of a multi-objective CSA aiming to 

optimize resource management in cloud data centers presented by authors in [84]. 

Metaheuristics 

algorithm 

Reference Strength Limitation Future perspectives 

PSO 

[67] 

- Coordinating tasks 

among several of the 

agents. 

- Encourages 

cooperation (agents 

negotiate task 

assignments). 

- Scalability issues 

(the total computation 

time increases with 

the increase in task 

assignment). 

- Agent heterogeneity 

(in terms of differing 

capabilities or roles) 

- Developing a more 

efficient task 

assignment strategy. 

[79] 

-  Relevance to Real-

World Scenarios. 

- Balancing 

exploration/exploitation. 

- Limited scalability 

(in large-scale 

scenarios with many 

tasks). 

- Dealing with 

complex scenarios. 

GA 

[80] 

- Managing a large 

number of satellites and 

tasks. 

- Complex 

implementation 

(combining GA and 

SA). 

- Parameter 

Sensitivity (Specific 

Parameters for Task 

Scenarios). 

- Optimizing energy 

usage for satellites 

and hybridizing. 

ACO [81] 

- Performance in terms 

of completion time. 

- The algorithms 

might perform badly 

in dynamic 

environments 

- Hybridization of 

the enhanced ACO 
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(frequent changes, 

unexpected events). 

with other 

techniques. 

[82] 

- Reducing both travel 

distance and total task 

completion time. 

- Complexity of 

computing time 

(challenges 

scalability to massive 

multi-robot systems). 

- Handling Dynamic 

and Online 

Scenarios. 

[83] 

- Encouraging 

exploration and 

exploitation. 

- Complexity of 

computing time and 

computational 

resources. 

- Real-time 

scheduling 

scenarios. 

CSA [84] 

- Balancing resource 

utilization and energy 

efficiency. 

- Limited scalability 

(the centralized 

approach limits its 

scalability for 

massive, real-world 

cloud data centers). 

- Computational 

complexity 

- Hybridizing and 

investigating 

scalability. 

Table 2.2: Analysis of metaheuristic algorithms for MAS task coordination 

To summarize, a principal result of this analysis indicates that selecting a suitable metaheuristic is 

essential to solve particular task coordination issues. The strategic choice necessitates the evaluation of 

factors such as the number of agents, agents’ heterogeneity, the complexity of the environment and 

parameter sensitivity. Understanding the significance of this selection, can result in better results and 

highly efficient solutions applicable to various applications. Moreover, Future research could emphasize 

on developing hybrid MAS algorithms, dealing with complex and dynamic environment. 

2.5 Summary  

In this chapter, a detailed overview of notable research findings and recent progress in the application 

of metaheuristics in each of path planning and task coordination MAS was provided. To accomplish 

this, the key concepts introduced were metaheuristic algorithms and their relationship to MAS. Then, 

cases of study were selected, and the most important points of advantages and limitations of each one 

were analyzed. Some cases, including those based on PSO, GA, ACO, etc., are expressed in terms of 

path planning, while others are expressed in terms of task coordination. The most important results 

reached lie in the great agreement between the studied cases on various aspects, whether positive or 

negative. Moreover, the comparative analysis shows that does not exist metaheuristic that dominates all 

scenarios; rather, the selection of the algorithm frequently relies on specific problem constraints, 
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requirement for scalability, convergence speed, and the balance between exploration and exploitation. 

Hybridization and adaptive control mechanisms are emerging as promising trends to enhance the 

robustness and efficiency of these algorithms, especially in dynamic and decentralized MAS settings. 

Ultimately, it is worth noting that a suitable metaheuristic must be selected to solve particular task 

coordination or path planning MAS issues. In future work, development efforts will focus on other 

enhanced versions of MAS algorithms or hybrid ones, dealing with complex and dynamic environments, 

adjusting parameters, and real-world testing. 

The next chapters will present the simulation framework designed to evaluate the performance of 

selected metaheuristic strategies in MAS path planning. 
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3.1 Introduction  

MAS is considered as one of the major research that can be consistent with human behavior and make 

decisions by reasoning through a set of intelligent entities known as agents that interact with each other 

in distributed way to solve complex problems. Unlike single systems, MASs have high efficiency due 

to the use of several mechanisms, such as negotiation, cooperation, and coordination. Moreover, Path 

planning is considered as the coordination of these resulting paths to ensure a conflict-free and optimal 

movement for the entire multi-agent collective in the shortest period possible. The challenge of MAS 

path planning becomes more difficult when the number of agents is significant. Meta-heuristic 

techniques are hugely used to solve complex optimization problems such as, path planning. The main 

objective of metaheuristics is to approximate the optimal solution by maximizing or minimizing the 

objective function according to the processed problem. Additionally, PSO is one of these metaheuristics; 

it is based on a swarm of particles that update their positions and velocities in relation to its personal 

best solution and the global best solution found in the search space. The strength of the PSO algorithm 

lies in its ability to combine and balance the exploration of the search space and the exploitation of the 

discovered solutions.  This balance is primarily controlled by the inertia weight (IW) parameter, which 

governs the extent to which a particle retains its previous velocity. Inspired by all of these, the main 

objective of this chapter is to propose a new MAS path planning based on an inversed Butterworth IW 

in the PSO algorithm, known as IB-PSO. The aim of the proposed algorithm is to provide a novel inertia 

calculation that provides an adequate balance between the exploration and the exploitation of the search 

space. To achieve this, the main goals of this chapter can be summarized as follows: 

 The proposition of a MAS path planning algorithm based on an extension of PSO algorithm. 

 The introduction of a new increasing IW calculation method aiming to balance the exploration 

and the exploitation of the search space. 

 The evaluation of the increasing IW method. 

 The comparison of the proposed PSO version with recent approaches aiming to control the IW 

parameter through their application to path planning problem.  

The chapter is organized as follows: Section 1 is dedicated to the introduction. Section 2 discusses the 

recent research activities regarding the applications of metaheuristics in MAS by focusing on the PSO 

application, justifying the improved IW formulation. Section 3 first discusses different versions of the 

PSO algorithm and their respective equations. Subsequently, it outlines the procedure for updating agent 

locations within the path-planning framework. Section 4 reflects a detailed description of the proposed 
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path-planning algorithm. Section 5 analyzes the main obtained simulation results in comparison with 

related approaches. Finally, a conclusion summarizes the main contributions of this chapter in Section 

6. 

3.2 Critical Review of Metaheuristic Performance in Multi-Agent Systems 

The aim of this section is to provide an analysis of the previous research activities related to the proposed 

work in this chapter. Specifically, consideration will be given to the most important and recent MAS 

research activities based on metaheuristic approaches. It addresses deficiencies in parameter adaptation 

and justifies the improved IW formulation. 

There exist diverse applications of metaheuristic algorithms for solving optimization problems in 

real-life systems with complex configurations. In [85], the authors proposed a MAS model based on 

metaheuristics via reusable codes (MOF for Metaheuristic Optimization Framework), facilitating the 

development of applications for solving optimization problems. The study focused on the traits of 

hybridization, collaboration and the integration of MASs. Building upon the work proposed in [86], the 

authors introduced a different MAS optimization approach for routing and scheduling, comparing 

various methods.  In the same context, a recent research using metaheuristics to address the same 

problem was proposed by Kamali, et al in [87]. Precisely, the authors presented a novel approach to 

enhance scheduling efficiency by integrating immune-based concepts with MAS in order to Contribute 

in the growing field of optimization solutions. 

Concerning MAS task coordination, metaheuristics are usually proposed. In this kind of problem, 

each agent has a local search space in order to collaborate and find a global solution. For example, in 

[88], the educational timetable problem was solved with metaheuristic methods based on distributed 

MAS. Moreover, the authors discussed the challenges and advancements in this field, while 

summarizing the used metaheuristic techniques. 

Swarm intelligence techniques are often used in combination with MAS in order to solve different 

problems. In [89], the authors introduced a novel metaheuristic known as the Total Interaction 

Algorithm (TIA). This method is a combination of five swarm intelligence algorithms developed 

through the coordination their competencies. Specifically, TIA depends on the agents’ interactions to 

find the best answers to the processed complex problems.  

Recently, the PSO algorithm has been applied to several MASs-based problems. In [90], the authors 

proposed a PSO-solving method based on distributed systems, by proving its effectiveness in solving 

the Flexible Job-Shop Scheduling Problems (FJSP). The main objective of the discussed approach is to 

manage a large number of entities by using a Multi-Objective Particle Swarm Optimization method 

(MOPSO). In addition, Dai et al [91] solved a smart Electric Vehicles charging station problem by using 
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solar energy. In other words, the authors have based on physical agents and the application of MAS-

PSO with the aim of optimizing electricity and energy consumption. In another context [92], the authors 

solved the Multi-Pursuers Multi-Evader Game (MPMEG) via the use of a discrete approach of the PSO 

algorithm. The objective of the discussed study is to enhance the pursuers' reward acquisition, which is 

a measure of their learning rate during the task execution. Moreover, the authors tried to find a dynamic 

pursuers’ grouping by comparing the results obtained with recent approaches. In another work [93], the 

authors introduced a combination of the PSO algorithm with other methods, which are the Ant Colony 

Optimization (ACO) and K-Opt Operation. In the sense that the role of the PSO comes after ACO, 

which is providing the swarm a sufficient number of times to find an optimal path in comparison with 

the existing algorithms to address the Traveling Salesman Problem. 

MAS Path planning problems have been hugely processed by employing several PSO approaches. 

In this context,  Biswas et al [94] used a new vectorized PSO extension (VPSO), for autonomous 

particles path planning and obstacle avoidance. Furthermore, the authors proved that their proposed 

optimization algorithm provides a safe navigation ability by guarantying a collision free path. In 

addition, the Unmanned Aerial Vehicles (UAVs) path-planning problem is becoming a very important 

research area. In this kind of problems, the goal is to optimize the flight trajectory of drones. In [95], 

the authors introduced a coordination mechanism for multiple UAVs to meet at a location in space and 

time using Distributed Cooperative Particle Swarm Optimization (DCPSO). Specifically, the discussed 

proposal focused on the study of the algorithm initialization, the update of velocities and positions, and 

the fitness function. In addition, they also provided an evaluation of the time complexity as well as 

simulation results for both 2-D and 3-D formation. 

In relation to the proposed approach in this chapter, several works have based on the modification 

of the IW calculation in order to improve the PSO efficiency. In [66], Nayeem et al focused on enhancing 

the PSO algorithm for UAV path planning by providing a comparative analysis of different versions of 

IW that have been proposed, such as constant value, time-varying, single variable, and multivariable 

IW. The authors also illustrated which inertia calculation approach produces the best UAV path planning 

among all algorithms and strikes a better balance between exploration and exploitation parameters. 

Moreover in [96], an Improved PSO (IPSO) was proposed with the aim of finding the best path with 

collision-free using the minimal number of iterations possible and providing a balance between local 

and global optimization skills. Also, the authors have based on uniform initialization of the particles’ 

positions in the search space, exponential attenuation IW  by using an exponential function, cubic spline 

interpolation function, and learning factor of enhanced control aiming to decrease the cosine function 

of IW. The results were compared with classical PSO. Additionally, two other relevant works deal with 
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the different kinds of IW in [97,98]. The first approach [97] proved that various IW strategies, such as 

simulated annealing IW and linearly decreasing IW can enhance PSO's convergence speed and search 

performance through their application to the path-planning problem. The second approach [98] focused 

on the resolution of the economic load dispatch problem by applying the different IW functions.  

Other research activities have focused on the increased IW calculation, such as [99,100]. In  [99], 

Conducts a comparative analysis of 15 IW strategies applied to 5 optimization problem,  such as linearly 

decreasing IW PSO, fuzzy adaptive IW PSO, and random IW PSO. Also in, [100] the proposed 

algorithm, known as Adaptive IW PSO (SAIW-PSO), achieves relevant performance and outperforms 

other PSO extensions. Moreover, the authors described how increasing IW can be advantageous. Also, 

Zheng, et al [101] proved that an increasing IW outperforms a decreasing approach in some case and 

according to the processed problem. 

The main problem in current MAS metaheuristics is poor parameter tuning, which stops them from 

properly balancing exploration and exploitation. This failure, specifically the inability to increase speed 

(velocity) and search widely enough, makes existing IW methods get stuck in local optima. Therefore, 

a novel and robust improved IW method is needed, which is specifically designed to increase the IW to 

guarantee successful global exploration. 

 

3.3 Problem description  

This section describes different versions of the PSO algorithm, its different equations. Moreover, it 

describes how agents change their locations in the path-planning problem.  

3.3.1 The compared PSO versions  

Knowing that the main objective of this chapter is to propose a new IW calculation, the usefulness of 

discussing the main IW calculation methods of the literature review has been observed. The IW can be 

represented by a constant value or adjusted dynamically during the execution process. IW aims to 

measure how the previous velocity of the particle impacts its current velocity. This parameter also 

controls the balance between exploration and exploitation of the search space. On the one hand, a high 

IW value favorizes the exploration of the search space. On the other hand, a low IW value favorizes the 

exploitation process. Usually, the IW values used are in the range of 0.4 to 0.9. 
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Figure 3.1: Particle motions in PSO Algorithm 

In order to enhance the PSO algorithm, different extensions based on the IW control were proposed: 

- Constant IW [97,102]: in this PSO extension, the IW is considered as static during the algorithm’s 

iterations. The IW is calculated as follows:  

w = 
1

2∗𝑙𝑛(2)
 = 0.729          (3.1) 

- Linearly decreasing IW [98,99,102]:  in this version, the IW value linearly decreases during the 

execution from wmax to wmin by taking into consideration the maximum number of iterations (MaxIter): 

𝑤𝑡= wmax – 
𝑊𝑚𝑎𝑥−𝑊𝑚𝑖𝑛

𝑀𝑎𝑥𝐼𝑡𝑒𝑟
∗ 𝑡          (3.2) 

Where: wmin= 0.4, wmax=0.9, t: the current iteration. 

- Natural exponent Strategy 1 (e1-PSO) IW [98]: in this case, the IW  decreases in a non-linear way 

according to the following equation:    

𝑤𝑡= wmin + (wmax – wmin)*e-[t/(MaxIter/10)]           (3.3) 

Where: wmin= 0.4 and wmax=0.9.  

- Natural exponent Strategy 2 (e2-PSO) IW [98]: this version has the same principles of e1-pso, 

however, the IW is differently calculated as follows:     

𝑤𝑡= wmin + (wmax – wmin)*e-[t/MaxIter/4)]^2           (3.4) 

Where: wmin= 0.4, wmax=0.9. 
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- Simulated Annealing IW [98]: this decreasing version takes into consideration a constant value (λ) 

instead of the maximum number of iterations. The IW is calculated during each iteration as follows:   

𝑤𝑡= wmin + [(wmax – wmin) * λ t-1]           (3.5) 

Where: λ = 0.95. 

- Standard IW [103,104]: this version refers to the original PSO algorithm, in which the IW is assumed 

to be neutral (IW = 1).  

- Butterworth IW [102]: this non-linear decreasing IW version is inspired by the curve of Butterworth 

filter in electrical engineering. This type of filter is often used in signal processing [102]. The 

Butterworth IW is calculated as follows: 

𝑤𝑡=wmax*
1

1+(
𝑡

𝑝1
)𝑝2

 +wmin          (3.6) 

Where p1 = 
 𝑀𝑎𝑥𝐼𝑡𝑒𝑟

3
, p2 = 10, wmax = 0.5; wmin = 0.4. 

- Linearly Increasing IW [99–101]: in this case, the IW value linearly increases in relation to the 

algorithm’s iterations. IW is calculated as follows:  

𝑤𝑡= wmin – 
𝑊𝑚𝑖𝑛−𝑊𝑚𝑎𝑥

𝑀𝑎𝑥𝐼𝑡𝑒𝑟
∗ 𝑡           (3.7) 

Where: wmin= 0.4, and wmax=0.9. 

3.3.2 Agent displacement for collaborative path planning 

There exists a wide range of optimization problems, from simple optimization problems to more 

challenging ones. In many fields, optimization is considered as essential process aiming to improve the 

solution and to reduce the costs, especially for complex problems. In other words, optimization concerns 

the process aiming to find the best solution among a set of feasible solutions. The main objective of the 

optimization is to determine the maximum or minimum value that the objective function may achieve 

while adhering to a set of constraints or limitations, as shown in equation (3.8): 

Minimize or Maximize f(x), x ∈ A and x = (x1,x2..xN) 

                                                       Subject to g(x) ≤ 0 and h(x) = 0          (3.8) 

Where f(x) is the objective function; A is a set of findable solutions, which can be discrete (specific 

elements) or continuous (numbers inside a range); g(x) are the inequality constraints; h(x) are the 

equality constraints; N is the problem dimension size.  
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Recently, metaheuristic approaches are often used as optimization methods in complex problems. PSO 

[44] is considered a metaheuristic approach aiming to provide an equilibrium between the exploration 

and the exploitation of the search space. This method is based on a population of particles. Each particle 

represents an agent in MAS. The main goal of the particles is to reach the best possible solution in the 

search space. The particles update their positions Xi = (x1, x2,... xN) in each iteration and navigate in 

their shared environment with the velocity Vi = (v1, v2,...vN) established by their own experience or the 

experiences of the swarm's neighbors.  The velocity and position equations are described in section 2 of 

Chapter 2 of this thesis (equation 2.1 and 2.2). 

The primary goal of MAS path planning is to determine the most efficient trajectory for every agent in 

the environment (this is detailed in Section 3 of Chapter 1). To address this issue, PSO is used in order 

to represents each agent as a particle that indicates possible solutions through its dynamic positions. In 

other word, each particle (agent) iteratively updates its position based on its Cartesian coordinates and 

according to the PSO principles cited in the previous chapter as follows:  

𝑣𝑥(t + 1) = wv(t) +c1r1(pBest(t) — x(t)) + c2r2 (gBest(t) -x(t))          (3.9)  

𝑣𝑦(t + 1) = wv(t) +c1r1(pBest(t) — y(t)) + c2r2 (gBest(t) -y(t))          (3.9) 

(x(t + 1), y (t + 1)) = {
𝑥(𝑡 +  1) =  𝑥(𝑡) + 𝑣𝑥(𝑡 +  1)  

𝑦(𝑡 +  1) = 𝑦(𝑡) +  𝑣𝑦(𝑡 +  1) 
         (3.10) 

(x, y) : the Cartesian coordinates of the concerned agent. 

In order to move to its new environment position, the agent uses the magnitude of its velocity as follows: 

Move-to(x, y) = √ 𝑣𝑥  ×   𝑣𝑥 +  𝑣𝑦  ×   𝑣𝑦            (3.11) 

The PSO takes the fitness score as a measure of a path's quality. Specifically, each position in the 

environment is assigned to a fitness value in the range of 0 to 1. The main objective of the PSO path 

planning is to allow the agents to achieve the positions with the highest fitness degree. Moreover, it is 

noted that only one environment position returns the maximum fitness degree. As a first step, a random 

fitness value in the range of 0 to 1 is generated in each environment position. After that, the fitness 

degree (ƒ) of each environment position is updated as follows:   

θ=Maximize Val(xi) 

ƒ(xi)=max_fitness * (xi – min_val) / (max_val – min_val)            (3.12) 

Where:  
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Θ: the objective function. 

max_fitness: it is used to normalize the position value between 0 and 1 (max_fitness = 1).  

min_val: the minimum fitness value randomly generated in the environment. 

Max_val: the maximum fitness value randomly generated in the environment. 

3.4 The proposed  Multi-Agent Path Planning Algorithm 

This section introduces the proposed MAS path planning based on the new PSO version. Specifically, 

it details how this approach is used in order to allow the agents to achieve the objective state in minimum 

time.  

Algorithm 3.1: An Inversed Butterworth PSO algorithm for MAS path planning 

Inputs: Found-Target = false; 

setup-environment; 

Initialize (population-size); 

Initialize (target-position); 

Initialize (number-iteration-max); 

Initialize (IW,c1, r1, c2, r2); 

Foreach Agenti do 

    Initialize (positioni); 

    Initialize (velocityi); 

    PBesti ← positioni; 

End for; 

searching-time ← 0; 

target-value ← Evaluate-fitness(target-positioni); 

Gbest ← Max (PBest); 

       while number-iteration ≠ number-iteration-max or  Found-Target ≠ true do 

                 Foreach Agenti do 
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                          fitness-valuei ← Evaluate-fitness(positioni); 

                          PBest-valuei ← Evaluate-fitness(PBesti); 

                          Communicate-with-the-environment(Agenti); 

                          If fitness-valuei = target-value then  

                              Found-Target ← true; 

                          Elseif fitness-valuei is better than PBest-valuei then 

                              Update PBesti; 

                              Gbest ← Max (Pbest); 

                          End if; 

                          If target-valuei = false  and number-iteration ≠ number-iteration-max then 

                              Positioni ← Move- toward(Agenti , GBest);  

                              IW ← Calculate-inertia (IW); //using the new equation 

                              update-velocity(IW, positioni);  

                          End if; 

                  End for; 

                  searching-time ← searching-time + 1; 

       end while; 

Outputs: searching-time, Found-Target; 

 

The different algorithm steps can be explained as follows: 

The main objective of this algorithm is to generate the trajectory for all agents in order to find the 

location of the global optimum, which is known as the location with the best fitness-value. At the 

beginning of the proposed path planning, the agents are created and placed randomly in the 

environment. In relation to the PSO principles, each agent represents a particle (i ∊ [1, population size]). 

Thus, the population size represents the number of existing agents. The population size is initialized and 

fixed at the beginning of each algorithm’s episode. At each iteration, each agent updates its velocity 
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according to their cartesian coordinates as shown in equation (3.9). Known that, the initial velocity of 

the agents is assumed to be zero. According to the obtained velocity, the position of each agent in the 

environment is updated as detailed in equation (3.10). Moreover, it is noted that the constant parameters 

c1 and c2 used for calculating velocity are initialized at the beginning. However, the dynamic 

parameters r1, r2, as well as the IW are updated during each iteration.  

During each iteration, IW is updated according to the proposed function known as the Inversed Butter 

worth IW (IBPSO), detailed in equation (3.13). The proposed IW calculation is inspired by the BPSO 

reflected in equation (3.6). However, an inversed process has been adapted in order to allow the 

exploitation of obtained solutions at the first iterations and the exploration of the search space in the last 

iterations. Specifically, in BPSO, the IW parameter decreases from 0.9 to 0.4 during the different 

iteration. On the other hand, in the proposed IBPSO, the IW parameter increases from 0.4 to 0.9 as 

follows: 

W =wmax÷ ( 
1

 1 +(
𝑝1

𝑡
)𝑝2

 )+wmin            (3.13) 

Where: p1 = ( MaxIter)/3, p2 = 10, wmax = 0.5; wmin = 0.4 

Increasing the IW parameter during the algorithm’s iterations improves the exploration of the search 

space. In the path planning case, the exploration principle allows the agents to move far away from their 

current positions to discover a broader range of possibilities. In [106], the authors indicated that an 

increasing IW parameter in PSO reflects an aggressive movement towards the solution region. In 

addition, a high IW parameter allows the particles to escape problems related to the local minima. Also, 

increasing IW improves the PSO convergence by preventing the algorithm from deviating too far from 

the optimal direction. Furthermore, the strategy of increasing IW parameter is generally competitive and 

outperforms a decreasing IW one in terms of convergence speed and solution precision [99,101,106]. 

After the update of the agents’ positions, the PBest position of each agent will be updated. In order to 

update its PBest position, each agent compares the fitness value of its current position with the fitness 

value of its PBest position according to equation (3.14). Knowing that, the initial position of each agent 

is considered as its initial PBest position. The GBest position is also updated after each iteration. The 

GBest position is chosen among the PBest positions found by the swarm. Precisely, the Pbest postion 

with the highest fitness degree is considered as the new GBest position according to equation (3.15).  

PBesti = {
𝑃𝐵𝑒𝑠𝑡𝑖 𝒊𝒇 (𝑃𝐵𝑒𝑠𝑡 − 𝑣𝑎𝑙𝑢𝑒𝑖  >  𝑓𝑖𝑡𝑛𝑒𝑠𝑠 − 𝑣𝑎𝑙𝑢𝑒𝑖)  
𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛𝑖  𝒆𝒍𝒔𝒆                                                                   

(3.14) 

Where: 
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 -PBest-valuei: represents the fitness value associated to the PBesti position. 

-positioni: refers to the current position of the agent i. 

GBesti = {
𝐺𝐵𝑒𝑠𝑡 𝒊𝒇 (𝐺𝐵𝑒𝑠𝑡 − 𝑣𝑎𝑙𝑢𝑒 >  𝑀𝑎𝑥 (𝑃𝑏𝑒𝑠𝑡 − 𝑣𝑎𝑙𝑢𝑒)) 
𝑀𝑎𝑥 (𝑃𝑏𝑒𝑠𝑡) 𝒆𝒍𝒔𝒆                                                                    

(3.15) 

Where:  

-GBest-value: is the fitness value associated with the GBest position.  

-Max (PBest): returns the position associated with the maximum PBest obtained by the swarm. 

-Max (Pbest-value): the maximum value of PBest obtained by the swarm. 

The algorithm will be executed until the stopping conditions are met. In other words, the algorithm will 

stop in the case of reaching the maximum number of iterations or finding the position with the highest 

fitness degree. At the end, the proposed algorithm returns the used number of iterations as well as if the 

position with the highest fitness degree was reached:  

found-target = {
𝑇𝑟𝑢𝑒 𝒊𝒇 𝐺𝐵𝑒𝑠𝑡 − 𝑣𝑎𝑙𝑢𝑒 =  1 
 𝑓𝑎𝑙𝑠𝑒 𝒆𝒍𝒔𝒆                                    

  (3.16) 

3.5 Simulation results 

This section aims to compare the proposed path planning method with other approaches based on PSO 

principles. The simulations for this study were performed using the NetLogo platform [107], version 

5.3.1, on a machine featuring an Intel Core i7-8665U @ 1.90GHz processor and16.0 GB of RAM (this 

data proves that this algorithm maintains low processing overhead and operates effectively in near real-

time).  NetLogo plays a crucial role in achieving robust simulation results, particularly in areas like 

agent-based modeling. It excels at simulating the behavior of individual agents and their interactions 

within a defined environment. This allows to model complex systems. NetLogo offers an intuitive 

graphical interface for real-time simulation observation, enabling the analysis of the system dynamics 

and make interactive adjustments during runtime for sensitivity analysis and hypothesis testing.  

The studied case in this section is based on a population of 50 particles that must achieve a final optimal 

location by taking into account the number of used iterations. Noting that, each iteration represents a 

cycle of the proposed Algorithm 3.1.  As shown in Figure 3.2, the initial state of the environment is a 

2D grid of 100×100 of environmental positions, known as patches. Each patch is characterized by its 

cartesian coordinates as well as a fitness degree calculated according to equation (3.12). With the aim 
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of providing a visual approximation of the patches’ fitness degree, the patch color provided by the 

NetLogo platform was used. Specifically, the brightness of the patch increases in connection with the 

increase of fitness degree, as shown in Figure 3.2. Knowing that, the agents’ colors showed in Figure 

3.2 are randomly chosen. During each iteration, each agent (particle) updates its cartesian coordinates 

(position) according to equation (3.10). In the initial case, the agents’ positions are randomly initialized. 

Also, the fitness degrees of the patches are updated from a simulation episode to another. The constant 

parameters c1 and c2 are fixed at the beginning of each simulation episode. However, the parameters 

r1 and r2 are randomly updated before each iteration.  

 

Figure 3.2: A representation of the environment 

Knowing that the proposed PSO version is based on the improvement of the IW parameter updated 

before each iteration according to equation (3.13), the usefulness of comparing it with improved PSO 

approaches based on the same parameter has been seen. In other words, the proposed approach is 

compared with eight approaches based on different equations for calculating IW parameters. The 

principles of the 9 compared cases are well discussed in Sections 3 and 4 of this chapter: 

 Constant Inertia Weight (CIW) [97,102]: in this case, the IW is during the different iterations 

(IW =0.729).  

 Linearly Decreasing Inertia Weight (LDIW) [98]: In this case, the IW linearly reduces during 

iterations from 0.9 to 0.4 according to equation (3.2). LDIW prioritizes the search space 

exploration before the exploitation of the obtained solutions.  
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 Natural Exponent Strategy 1 Inertia Weight (NE1IW) [98]: In this case, the value of IW non-

linearly decreases from 0.9 to 0.4 according to equation (3.3). 

 Natural Exponent Strategy 2 Inertia Weight (NE2IW) [98]: this case has the same principle as 

the previous one (NE1IW), however, IW reduces according to equation (3.4) .  

 Simulated Annealing Inertia Weight (SAIW) [98]: In this case, the IW decreases during the 

iterations according to equation (3.5). 

 Butterworth Inertia Weight (BWIW) [102]: in this case, the IW parameter also decreases in a 

non-linear way according to equation (3.6). 

 Standard Inertia Weight (SIW) [103,104]: this case is based on the original PSO version, in 

which the IW parameter is considered as a neutral element (IW = 1). 

 Linearly Increasing Inertia Weight (LIIW) [99–101]: in this case, the IW parameter increases 

from 0.4 to 0.9 according to equation (3.7). LIIW aims to escape from local spaces in order to 

improve the search space exploration. 

 Inversed Butterworth Inertia Weight (IBWIW): this case is based on the IW calculation proposed 

in this chapter according to equation (3.13). 

Figure 3.3 represents the development of IW values during the execution of 100 iterations of the 

proposed algorithm by using the compared IW calculation approaches. As can be constated, the IW 

values remain constant in CIW (IW = 0.729) and SIW (IW = 1) cases. However, in LDIW, NE1IW, 

NE2IW, SAIW, and IBWIW, the IW values decrease from 0.9 to 0.4. In LAIW and IBWIW, the IW 

values increase from 0.4 to 0.9. 
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Figure 3.3: Different kinds of IW executed in 100 iterations 

Figure 3.4 represents the searching time obtained by the execution of 100 episodes of the proposed 

algorithm through the use of the compared IW methods. The searching time is reflected by the number 

of iterations effectuated by the particles with the aim of finding the target position. According to the 

reflected results, it can be noted that the 8 algorithms have outperformed the SIW case by lower values 

in terms of searching time average. The highest average searching time is 92.6 iterations, which is 

obtained via the use of the SIW parameter. Furthermore, an important decrease of 44.51% can be noted 

in the average of BWIW (50.48 iterations) in relation to SIW case. In CIW, NE2IW, and SAIW cases 

the averages obtained were respectively 49.34, 49.05, and 49.47. In addition, an approximation between 

NE1IW 43.12 and LDIW 45.97 cases can be constated. According to the shown results, it is noted that 

the best average searching time 37.47 is obtained via the use of the proposed approach in this chapter 

(IBWIW). Also, an interesting average 38.79 is obtained through the utilization of the LLIW approach, 

which proves that the increasing IW methods have a positive impact on the MAS path planning problem.  
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Furthermore, a comprehensive analysis of the searching time obtained in 20 episodes is detailed in 

Figure 3.5. Knowing that in this case, each episode is composed of a maximum of 100 iterations. The 

searching time can be defined as the number of iterations generated by the particles with the aim of 

finding the goal position. In the case where the particles cannot reach the target at the end of an episode, 

the value 100 will be assigned as a result.  The showcased results revealed that the SIW parameter 

significantly exhibits longer searching time in relation to the other studied cases, which is clearly 

represented by the bar chart in the figure. Across the majority of episodes, and in opposition to the other 

cases, the SIW based approach takes 100 iterations with an average of 91.65 without finding the target 

location.  In the other hand, it is crucial to note that the IBWIW and LIIW take the shortest period with 

averages 37.47 and 38.79 respectively. 

 

 

Figure 3.4: Average-searching time obtained (9 cases) 
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Figure 3.5: Average-searching time obtained in 20 episodes 

Figure 3.6 represents the fitness development, which is indicated by the best value founded in a single 

episode. Each episode is composed of 100 iterations in order to find the desired location by utilizing the 

compared IW methods. Knowing that, the same agents’ initial positions in the environment have been 

used as shown in Figure 3.8 in order to equitably compare the studied cases. Based on the obtained 

results, it is constated that the maximum fitness (f = 1) was obtained in the 9th iteration through the 

application of IBWIW parameter. In the LIW case, a fitness value of 0.95 was achieved after 13 

iterations. In the CIW, SAIW, NE1IW and NE2IW cases, a fitness values between 0.82 and 0.92 were 

acquired in 10, 10, 19 and 13 iterations respectively. On the other hand, a fitness value of 0.75 was 

reached in the 41th iteration by the use of the SIW parameter. These results proved the goal orientation 

provided by the proposed IW calculation to MAS path planning problem. In other words, the proposed 

approach allows the agents to reach their objective position in minimum time in comparison with other 

improved PSO approaches.  
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Figure 3.6: Fitness development during one episode of 100 iterations 

Based on the results reflected in Figure 3.6, the usefulness of studying the difference between the fitness 

obtained in the N+1 iteration and the N iteration has been seen during the complete episode, as shown 

in Figure 3.7. Generally, in the 8 compared cases, the difference increases in the first iterations. In 

particular, the highest difference that the IBWIW case produced is 0.9234 in the first iteration and 0.02 

in the third iteration. In another studied case, the NE1IW produced a difference of 0.72 in the first 

iteration then 0.13 in the third one. Also, The SIW and the SAIW cases reflected close differences of 

0.07 and 0.09, respectively in the 41st and 7th iterations. The highest differences obtained in the SIW 

and SAIW cases were in the first iteration (0.48 and 0.79 respectively).  Furthermore, the differences 

obtained in the LDIW and the NE2IW methods were up to 0.82 and 0.86 in the first iteration. Also, 

these last two cases produced differences of 0.04 in 34th and 5th iterations. On the other hand, the 

differences that the BWIW, CIW, and LIW cases returned in first iteration were 0.88, 0.80 and 0.92, 

respectively. At a later time, they returned between the third and the fourth iterations difference values 

between 0.01 and 0.02.  
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In comparison with SIW case, all the IW based on dynamic calculations provided better results in terms 

of fitness development, especially the proposed IBWIW. Precisely, the obtained results proved the 

efficiency of the PSO based on dynamic IW methods regarding the convergence towards the optimal 

solution. Moreover, the results demonstrate that the proposed IBIW is the most efficient approach to 

resolve the MAS path-planning problem. 

 

Figure 3.7: Difference between the N+1 iteration fitness and the N iteration fitness during one episode 

of 100 iterations 

To verify the accuracy and reliability of the obtained results from the prior analysis, another simulation 

scenario is introduced. Figure 3.9 represents the searching time obtained through the application of the 

compared cases during 100 episodes as the first scenario. However, the same initial positions of particles 

are provided for all the IW variants (fixing the random initialization of positions) as shown in Figure 

3.8. Moreover, it is noted that the remaining parameters are unchanged. From the reflected results, it 

can be constated that the dynamic IW based approaches achieved superior performances compared to 
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the SIW in terms of searching time’s average. Specifically, an average searching time of 100 was 

obtained by the use of the SIW parameter. Otherwise, the searching time decreases in BWIW and 

NE2IW with the averages of 48.38 and 48.10 respectively. In addition, the average of NE1IW case 

(43.30) is approximate to the averages of LDIW (43.98), CIW (44.95), and SAIW (43.65).  

Subsequently, the IBWIW case reflects the lowest average searching time (32.14) in comparison with 

the other cases. In the same context, the LIIW returned an average approximately equal to the IBWIW 

with 34.38. According to the obtained results, it can be deduced that the increasing IW based methods 

are more efficient in the processing of the MAS path-planning problem. 

 

Figure 3.8: Example of two initializations with the same positions 
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Figure 3.9: Average-searching time obtained by initializing agents with the same positions for the 9 

cases 

In this section, it was introduced a comparative analysis of the proposed approach (IBPSO) in 

comparison with recent PSO versions based on IW improvement. Through these simulations, it was 

studied the searching time obtained using the compared IW methods during 100 episodes by using 

random initial positions of the agents. Furthermore, it was studied the fitness development obtained in 

an episode of 100 iterations. From the obtained results, it was constated that all of the PSO improved 

versions, including the proposed one, outperformed the original PSO version. Moreover, it was noted 

that the increasing IW methods provide a significant improvement in path planning problems. 

Specifically, PSO versions based on increasing IW enable agents to achieve their objectives in minimum 

time and efficiently converge to their optimal solutions. Moreover, to validate the obtained results, it 

was studied the searching time through the use of the same the initial agents’ positions. The results 

proved the effectiveness of the proposed approach as well as LIIW. A better understanding of the 

increasing IW role can be achieved by observing how solutions evolve during simulations. In other 
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words, increasing IW encourages initial exploitation of the best solutions found, followed by an 

exploration of the search space. 

3.6 Summary  

In this chapter, it was introduced a novel MAS path planning based on a modified PSO approach. As a 

metaheuristic approach, PSO allows the particles to move in the search space according to their personal 

best position as well as the global best position detected by the swarm. Moreover, PSO is based on the 

IW parameter, which allows to control the exploration and the exploitation of the search space. In the 

proposed PSO version, an increasing non-linearly IW control has been introduced, known as IBIW in 

order to favorize the exploitation of the found solutions at the first iterations, and progressively the 

exploration of the search space. To apply this version to the MAS path planning, each agent was 

considered a particle moving in the environment to find the location with the highest fitness value. To 

prove the feasibility of the proposed method, it has been compared to other PSO versions based on IW 

improvement. According to the showcased results, it has been constated that the IB-PSO allows to 

decrease the searching time and to increase the fitness acquisition in comparison with the other PSO 

versions. The key to this improvement lies in the IB-PSO's ability to facilitate a more aggressive 

exploration late in the optimization cycle, a mechanism critical for escaping local optima and ensuring 

convergence to a global solution. In future work, modification of the proposed approach will be 

attempted in order to be applicable in a 3D search space environment. This initiative will be taken with 

the aim of considering reel world application based on the use of UAVs. To propose a more robust 

solution, the next chapter will detail the implementation of an original algorithm, resulting from a 

hybridization of existing methods, with a particular focus on path planning with collision avoidance 

problem. 
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4.1 Introduction 

The integration of autonomous agents in MAS into everyday environments faces significant challenges, 

particularly in path planning and collision avoidance. These challenges are critical for safe operations, 

especially in dynamic environments where agents must navigate obstacles including other agents. In 

safety-critical applications, errors can lead to equipment damage and risks to infrastructure. Robust 

collision avoidance is essential, shifting focus from merely optimizing travel time to safety mandates, 

thereby facilitating reliable MAS technology in real-world scenarios. Metaheuristics provide effective 

solutions for optimization challenges in MAS by harmonizing exploration and exploitation of search 

spaces and adapting to various problems through hybrid methodologies, leveraging strengths from 

multiple algorithms. From one perspective, the CSA, is a metaheuristic algorithm that simulates crow 

behavior where crows conserve excess food reserves for future retrieval. The CSA inherently 

demonstrates strong capabilities in exploration, derived from the way crows randomly search and revisit 

their memory of stored food, ensuring a wide coverage of the search space. However, from another 

perspective, PSO has become a common metaheuristic technique in the optimization community. The 

higher exploitation ability of PSO comes from the interaction of the particles influenced by both their 

own and global best positions. However, it is relatively weak in exploration. In addition, this algorithm 

may converge to local optima, and this is an important challenge. 

Inspired by the earlier research activities, the main objective of this chapter is to propose a new hybrid 

CSA and PSO optimization-based path planning solution with collision avoidance known as CSO for 

crow swarm optimization. The aim of the suggested solution is to enhance optimization performance 

by combining the best features of both algorithms. The principal motivation for choosing these 

metaheuristics refers to the positive aspects of PSO in exploitation and that of CSA in exploration. 

Furthermore, it is imperative to address the adopted approach to avoid collisions. Therefore, this path-

planning algorithm uses velocity regulation that implements velocity reduction when a collision is 

detected. In other words, the intellectual contribution of this work is the functionally segregated control 

mechanism, which addresses the core empirical challenge in maintaining the balance between search 

exploration and exploitation by utilizing a simple, empirically determined fixed transition factor (from 

the exploration phase to the exploitation), thereby reliably preventing premature convergence to 

suboptimal local minima. Consequently, to achieve this, the main goals of this chapter can be 

summarized as follows: 

 The proposition of a MAS path-planning algorithm with collision avoidance, based on a 

hybridization of CSA-PSO algorithms. 
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 The testing of the impact of the α-constriction factor and the regulating velocity approach 

on ensuring effective safety while simultaneously achieving rapid convergence. 

 The minimization of searching time and path length, allowing for fast convergence to 

optimal solutions. 

 The escape from the trap of local minima, merging the exploration strengths of CSA with 

the exploitation capabilities of PSO. This allows enhancing its ability to traverse diverse 

solution spaces, overcoming local optima, and identifying global solutions, leading to 

improved optimization outcomes in complex problems.  

 The enhancement of scalability via the minimization of the number of agents.  

 The comparison of the proposed CSO method with recent approaches aiming to control the 

balance between exploration and exploitation through their application to the path-planning 

problem with collision avoidance.  

The chapter is organized as follows: Section 1 introduces the core concepts and outlines the problem 

addressed by this research. Section 2 discusses recent investigations of MAS that utilize the CSA 

metaheuristic, focusing on hybridization, establishing the need for the novel approach. Section 3  

provides descriptions of the CSA method, the PSO method, and the MAS path planning with the 

collision avoidance problem. Section 4 provides a detailed description of the proposed hybrid path-

planning algorithm with collision avoidance. Section 5 conducts a comparative analysis of the primary 

simulation outcomes against related methodologies. Finally, the conclusion summarizes the main 

contributions of this chapter in Section 6. 

4.2 Foundational Literature and Research Gap for Multi-agent systems path planning 

This section aims to analyze prior research related to the work presented in this chapter, focusing 

particularly on the most significant and recent studies in MASs that utilize CSA and PSO metaheuristics. 

It leads directly to the necessity of the proposed approach.  

In recent years, the CSA has garnered significant attention for its efficacy in solving various 

optimization problems.  A study [108] aims to present a detailed overview of CSA, its fundamental 

principles, variations, and different applications in various fields. CSA effectively addresses path-

planning issues in MAS. In addition, another work in [109] focuses on enhancing the CSA, particularly 

its exploration and exploitation capabilities, to address global numerical optimization challenges. 

Several enhanced versions of CSA have been developed to improve its performance, adaptability, and 



CHAPTER 4                                  MULTI-AGENT COLLABORATIVE PATH PLANNING BASED 

ON HYBRID SWARM INTELLIGENCE APPROACH  

 

80 
 

convergence speed across different applications beyond the path-planning problem. These 

enhancements leverage various strategies, making the CSA a versatile tool to tackle increasingly 

complex optimization challenges. For example, the research [110] proposes a novel approach to data 

privacy preservation by utilizing a CSA enhanced with adaptive AP. Similarly,  the study [111] 

introduces a modified version of the CSA specifically aimed at solving challenges within power 

systems,  adjusting the AP. A key study in this area [112] introduces the Enhanced CSA (ECSA) based 

on Dynamic AP. It is specifically designed for feature selection in machine learning applications. These 

enhancements aim to improve the exploration capabilities of the algorithm. A conference paper [113] 

introduces enhancing CSA's capabilities. This enhancement improves the algorithm's ability to explore 

multiple optima within a complex search space. It modifies the traditional CSA, adjusting both the AP 

and the fl parameter. Another paper [114] focuses on optimizing fractional order controllers for 

Automatic Voltage Regulation (AVR) systems using a distance and Levy-Flight-based CSA. It 

combines traditional CSA with distance metrics and Levy-flight strategies to enhance the exploration 

capabilities of the algorithm. Similarly, another work [115] presents a Dynamic CSA (DCSA) that 

utilizes adaptive parameters to tackle large-scale global optimization challenges. By incorporating 

dynamic adaptations of its search parameters, the DCSA enhances its ability to explore complex solution 

spaces effectively and escape local optima. The study demonstrates the efficacy of their approach 

through extensive experiments.  

The PSO has emerged as a powerful method in MAS for efficiently solving complex problems. Several 

studies, such as [116], it provide a detailed study of the advancements and applications of PSO 

methodology across various domains, highlighting its evolution and strengths. The study [92] presents 

a novel algorithm using discrete PSO to form coalitions among pursuers in dynamic multi-agent 

scenarios, enhancing their ability to capture evaders. In addition, recent developments in PSO have led 

to various improved versions. The paper [117] introduces the Inversed Butterworth PSO, which 

enhances the traditional PSO by drawing inspiration from Butterworth PSO [102] to improve 

convergence speed and path planning efficiency in MASs.  

Moreover, it is imperative to recognize that use of metaheuristics extends far beyond foundational 

methods such as PSO and CSA. Consequently, to meet the demands for optimal, energy-efficient 3D 

path planning in complex environments, notably agricultural scenarios, this paper [118] showcases the 

necessity of advanced adaptive metaheuristics. Superior, real-world robotic performance is achieved 

through the utilization of techniques like the Incremental Grey Wolf Optimizer (I-GWO) and the 

Enhanced Grey Wolf Optimizer (Ex-GWO). Similarly, another paper [119] proposes novel algorithms 
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such as Multi-Domain Inversion-Based Genetic Algorithm (MDIGA) for Unmanned Surface Vehicle 

(USV) path-planning, which, by employing a strategy of increasing and filtering offspring, 

demonstrates a shorter optimal path, faster convergence speed, and superior robustness compared to 

conventional GAs. Additionally, research on UAV path planning [120] has focused on improving the 

Ant Colony Algorithm (ACA) to prevent it from falling into the local optimum by setting upper and 

lower limits for pheromones and their volatile factors. This enhanced ACA also incorporates multi-

heuristic factors to further improve the algorithm's performance in finding optimal paths. The field of 

MAS collision avoidance has also seen substantial recent contributions from Machine Learning (ML), 

particularly through Deep Reinforcement Learning (DRL) framework [121]. 

Furthermore, the hybrid algorithms have emerged as a powerful strategy to further refine different 

optimization problems. By combining, for example, the strengths of CSA with techniques such as PSO 

[122] this study proposes a hybrid algorithm that integrates CSA with other optimization methods. It 

shows that the combination of PSO with CSA makes them complete each other. This approach aims to 

leverage the strengths of multiple optimization techniques to enhance performance. Moreover, it 

presents a novel approach to feature selection in machine learning by combining the strengths of PSO 

and CSA. 

As deeper delving into the hybrid MAS path planning algorithms, it is notable how the modified and 

hybrid versions have been particularly effective. From these works, the research in [123] is introduced; 

it explores the application of CSO in determining optimal paths for robots in various environments, 

potentially enhancing their navigation capabilities. The comparison process illustrates that the CSA is 

better than the PSO and ACO in path planning, but compared to the hybrid method, CSO's performance 

improved with decreasing population size. In addition, the paper [124] provides the optimal path 

planning of the wheeled mobile robot with collision, using a hybridization of PSO and grey wolf 

algorithm (GWA) [125].  

Consequently, machine learning and deep reinforcement learning (DRL) methods typically require 

extensive training data and sacrifice interpretability, justifying the use of a computationally 

metaheuristic that provides explicit safety constraints and guaranteed convergence without prior 

training. Moreover, single methods like PSO are too exploitative and suffer from problems, including 

local optima. This problem becomes especially noticeable when many agents are operating closely 

together (high-density MAS), potentially causing system-wide deadlocks or suboptimal path solutions. 

Conversely, CSA is too explorative, leading to impractically slow convergence. This high exploratory 
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tendency stems directly from the algorithm's core mechanics, which simulate the broad, cautious search 

behavior of crows. Furthermore, across all metaheuristic techniques and their improvements, including 

GA and ACA, the major research gap remains the tension between solution quality and computational 

efficiency when adapting from controlled simulations to dynamic and real-world scenarios. 

Additionally, existing hybrid methods often fail to fully integrate safety constraints with the 

optimization core. Consequently, the hybrid CSO is uniquely effective because it structurally combines 

the exploratory power of CSO to prevent the local stagnation common to PSO with the exploitative 

speed of PSO to overcome the slow convergence of pure CSA. The Hybrid CSO fills this gap by 

critically implementing the α-constriction factor, guaranteeing a superior balance of safe, rapid 

convergence under high pressure. Moreover, this CSO framework stems from the inherent limitations 

of existing metaheuristics in achieving safety and efficiency simultaneously. 

The current state of path planning reveals significant limitations across various methodologies. Firstly, 

ML and DRL methods require extensive training data and sacrifice interpretability, justifying the use of 

a computationally lighter metaheuristic. Among single metaheuristics, PSO is too exploitative and 

suffers from problems, including local optima. This problem becomes especially noticeable when many 

agents are operating closely together (high-density MAS), potentially causing system-wide deadlocks 

or suboptimal path solutions. Conversely, CSA is too explorative, leading to impractically slow 

convergence. This high exploratory tendency stems directly from the algorithm's core mechanics, which 

simulate the broad, cautious search behavior of crows. Furthermore, across many metaheuristic 

improvements (including GA and ACA), the primary gap remains the tension between solution quality 

and computational efficiency when moving from simulations to dynamic, real-world scenarios. 

Additionally, existing hybrid methods often fail to fully integrate safety constraints with the core 

optimization. Consequently, the hybrid CSO is uniquely effective because it structurally combines the 

exploratory power of CSO to prevent the local stagnation common to PSO with its exploitative speed 

to overcome the slow convergence of pure CSA. The framework fills this gap by critically implementing 

the α-constriction factor, guaranteeing a superior balance of safety and rapid convergence under high 

pressure. 

4.3 Problem description 

This section outlines the principles versions of the CSA algorithm and its different equations, 

highlighting the most important parameters and spotlighting its strength in the exploration phase. 

Furthermore, the principles of the PSO method are elucidated, emphasizing its strength in exploiting 
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the environment. Moreover, it introduces the path-planning problem with collision avoidance, 

describing how agents avoid collisions. 

4.3.1 The compared Crow Search algorithm versions 

As the principles of the CSA are thoroughly discussed in Section 2 of chapter 2, there is no need to 

reiterate them here. The equations for the adaptation of a crow's position and memory are presented in 

equations (2.17) and (2.18).  

In optimization using metaheuristics, it is essential to strike the right balance between exploration and 

exploitation [126]. In the early iterations, it is absolutely necessary to exploit the space; in contrast, 

during the last iterations, the focus shifts to exploitation. On this basis, and on the one hand, the 

exploration is vital to avoid local optima, as it enables the algorithm to discover globally optimal 

solutions. On the other hand, regarding the exploitation, the best resources need to be found. While the 

basic CSA provides the basic principles of crow behavior, it is important to highlight two key parameters 

that significantly influence the algorithm's performance by guaranteeing the balance between 

exploration and exploitation: these two key factors are fl and AP [126]. The intelligent adaptation of 

both parameters allows the algorithm to navigate complex search spaces more effectively. A longer fl 

allows crows to move from their current positions, enhancing their ability to encourage exploration of 

new areas. While high-AP leads to better exploitation. Indeed, from [127], the fl indicates the crow's 

maximum possible distance to steal food, with AP ranging from 0 to 1, with lower values indicating 

local searches. As a result of the work [110], using small values of AP  intensifies the algorithm by 

increasing the AP value, the probability of searching the position of current better solutions decreases, 

and CSA tends to exploration. 

To address the limitations of the basic CSA, it exists many improved versions that typically focuses on 

adjusting adaptive or dynamic fl, also AP parameters. Knowing that the main objective of this chapter 

is to propose a new improved hybrid CSA version, the usefulness of discussing the main improved 

calculation methods of both fl and AP of the literature review has been seen. In order to enhance the 

CSA, different extensions based on the fl, AP or both control were proposed: 

- AAP-CSA: the crow j is chosen using equation 4.1 [110]: 

APj = 1 – (iter/ itermax)          (4.1) 

Where: iter represents the current iteration; itermax refers to the maximum number of iterations.  

- ICSA (improved CSA): it is based on Dynamic Awareness Probability (DAP); it is calculated by 

picking a fitness value of a random crow using equation 4.2 as follows [111]:  
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DAP= 0.9 * (F(Xi,k) / wV) + 0.1           (4.2) 

Where: wV represents the worst fitness value seen sofar. Assuming a minimization problem, this value 

is calculated as follows in equation 4.3: 

wV = max F(Xi,k)          (4.3) 

Under this probabilistic approach, promising solutions will have a high probability of being exploited.  

- ECSA: an enhanced CSA, it is based on Dynamic Awareness Probability (DAP), which is based on 

fitness values. It is calculated using equation 4.4 [112]:  

DAPi = APmin + (APmax - APmin) ranki/NP          (4.4) 

Where: ranki is the rank of the ith solution according to its fitness; NP refers to the size of the population. 

APmin and APmax are the minimum and maximum values of AP. In this work, APmin was 

experimentally set to 0.1 and APmax to 0.8. 

- MCSA: a modified CSA. In the primary CSA, fl and AP remain constant throughout the whole search 

method. This is not suitable for creating a balance between exploration and exploitation. So the 

following equations (4.5 and 4.6) are proposed adjusting both fl and AP [113]: 

fl =2* 
𝑡𝑚𝑎𝑥−𝑡𝑖𝑡𝑟

𝑡𝑚𝑎𝑥
 + 0.5          (4.5) 

AP = 1 -  
𝑡𝑚𝑎𝑥−𝑡𝑖𝑡𝑟

𝑡𝑚𝑎𝑥
          (4.6) 

Here, tmax denotes the maximum iteration number, and titr is the current iteration number. At the initial 

iteration, fl and AP start with 2.5 and 0, respectively. 

- INC-CSA: by increasing the value of AP, CSA tends to conduct the search for finding a global 

optimum solution, while decreasing its value tends to find a local optimum solution. As a result, AP is 

calculated using equation 4.7 as follows [114]: 

AP ={
𝐴𝑃𝑚𝑎𝑥 × 

𝑡

𝑡 𝑡𝑚𝑎𝑥     
    𝑓𝑜𝑟 (0 <  𝐴𝑃 <  2)

 𝐴𝑃𝑚𝑎𝑥 ×  𝑟𝑖                              𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒   
          (4.7) 

Where: APmax = 0.9; tmax is the maximum number of iterations; ri is a random number between 0 and 

1; t represents the current iteration.  

-DEC-DAPCSA:  for decreasing dynamic awareness probability, it will be decreased linearly from 

APmax to APmin over iterations. High AP values stimulate randomization in the algorithm search 
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process, directing the global optimal solution. Low AP  values promote the CSA exploitation phase to 

extract the best results. AP is calculated using   the following equation 4.8 [115]: 

APiter =  (
𝐴𝑃𝑚𝑖𝑛 – 𝐴𝑝𝑚𝑎𝑥 

𝐼𝑡𝑒𝑟−𝑚𝑎𝑥 
) × iter + APmax          (4.8) 

Where: Iter-max refers to the maximum number of iterations; iter  refers to the current iteration. 

Noting that APmax and APmin are set experimentally (0.9 and 0.1, respectively).  

Furthermore, it is essential to mention that several studies have demonstrated the strength of this 

algorithm in exploration. This is related to the integration of a crow-inspired food hiding mechanism 

and the randomization. The CSA method ensures an initially uniform population distribution across the 

search space [122].  

4.3.2 The compared Particle Swarm Optimization versions 

As the principles of PSO are well-established, they will not be redescribed here. A detailed description 

of the velocity and position equations is presented in equations (2.1) and (2.2), which are described in 

Section 2 of chapter 2 of this work. 

As said previously, in the early version of PSO, the IW parameter is fixed to a constant value (typically 

1 or 0.7). Moreover, the constant value proves insufficient to effectively  balance exploration and 

exploitation in the PSO algorithm. This suggests the need to explore more alternative IW values. 

Knowing that, a higher value of IW leads to exploration. Conversely, a low value leads to exploitation. 

There is extensive literature on the objective of enhancing the PSO method by adjusting the IW 

parameter. In this work, two recent approaches for solving the path-planning problem are highlighted, 

which are the Butterworth IW [102] and the inversed Butterworth IW, a method proposed in Chapter 2 

[117].  

- Butterworth IW: this non-linearly decreasing IW version is calculated using equation 3.6 [102] in 

Chapter 3. 

-Inversed Butterworth IW: this non-linearly increasing IW version calculated using equation 3.13 

[117] in Chapter 3.  

On the other hand, in the literature, many works concentrate on the exploration capability of PSO.  The 

paper is a refined version of PSO that enhances the exploration capabilities while ensuring convergence 

to optimal solutions [128]. Another paper in [129] shows the exploitation capability of PSO against its 

exploration capability. This reinforces the intention to leverage this feature in this work.  
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Moreover, the proposed hybrid algorithm in this work involves both CSA and PSO. Consequently, it 

is necessary to incorporate certain improved versions from both the first and the second approaches.  

4.3.3 The path-planning problem with collision avoidance  

As discussed in Chapter 1, path planning [117] determines the best path for a moving object that can 

execute to traverse safely and without collision [130] between two known points. Solving this problem 

helps develop intelligent agents that can perform tasks autonomously in situations where human 

interaction is not possible or limited. In path planning, the mobile agent takes the optimal path based on 

the available knowledge regarding the environment in the scene of interest. Research on path planning 

and collision avoidance (COLAV) algorithms improves safety and reduces accidents, fuel costs, and 

operational costs. Moreover, collisions can occur in moving obstacles like other agents or static obstacle. 

When collisions are detected, subsequent particle action is crucial. Firstly, the system needs to detect if 

a particle's movement results in a collision. In this investigation, and to detect collisions, it is necessary 

to use communication firstly. The communication in MAS refers to how artificial agents interact and 

coordinate their actions in order to take decisions. Which allows direct or indirect information exchange.  

One approach to handle collisions is regulating velocity [131], by multiplying a factor to the particle's 

velocity. This velocity regulation aims to achieve a balance between exploration and exploitation. In 

this case, the velocity-regulated method is used to avoid collision by limiting the speed of the agents or 

particles in case of detection of a collision. The most common method to regulate the velocity is the 

constriction factor [131]. It is reassessing surroundings post-collision to facilitate effective path 

planning. Moreover, other work enhances optimization performance by dynamically adjusting the 

search space and imposing velocity limits in [132].  

Upon detecting a collision, the particle's i velocity, represented as vi, is adjusted using a constriction 

factor α based on equation 4.9 [131] as follows: 

vi(t+1)= α ×vi(t)           (4.9) 

Where: vi(t+1) is the new velocity after collision detection; α is a constriction factor, effectively 

reducing the speed of the particle; in this case, it is set to a constant float value between 0 and 1. 

 

4.4 The proposed algorithm for Optimal Multi-Agent Path planning with Collision 

Avoidance 
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This section introduces the proposed MAS path planning with collision avoidance based on the new 

CSO version. Specifically, it details how this approach is used to optimize the agents' convergence to 

their objective. 

Algorithm 4.1: A hybrid CSO algorithm for multi-agent path planning with collision 

avoidance 

Inputs: Found-Target = false; 

setup-environment; 

Initialize (population-size, target-position, number-iteration-max, c1, r1, c2, r2, fl, AP); // 

AP fixed at 0.1 and fl fixed at 0.5 
 

Foreach Agenti do 

    Initialize (positioni,  velocityi, memoryi ); 

    memoryi ← positioni; 
End for; 

number-iteration ← 0; 

searching-time ← 0; 

target-value ← Evaluate-fitness(target-positioni); 

Exploitation-Phase ← False; // Control flag for phase transition 

Initialize(Change-Phase-Factor, α); // α  is a random float number between 0 and 1 

//PHASE 1: EXPLORATION (CSA-BASED) 

while (number-iteration ≠ number-iteration-max or  Found-Target ≠ true) and 

(Exploitation-Phase = False) do 

                 Write ‘’Exploration phase using CSA’’; //CSA phase 

                 Foreach Agenti do 

                          fitness-valuei ← Evaluate-fitness(positioni); //knowing the current 

numerical quality score of the current position of the agent i 
                          If fitness-valuei = target-value then  

                              Found-Target ← true; 

                          Elseif fitness-valuei is better than memoryi then 

                              Update memoryi; 

                              Gbest ← Max (memory); //global target that all agents will follow 

during the subsequent Exploitation Phase 

                          End if; 

                          If target-valuei = false  and number-iteration ≠ number-iteration-max then 

                                Generate (r); //random number between 0 and 1 

                                Communicate-with-environment(agenti); 

                                Pick-random (crowj); 

                                Calculate(positionj); 

                                 // CSA Movement Logic   

                                 //Collision avoidance covers both the Seeking and the Tracking 

state 

                                 If r < AP then // Seeking Mode 

                                     If Detect-Collision = True then 

                                         Update-velocity(α, velocityi); // α-constriction for collision 

avoidance 
                                         Positioni ← Move- randomly(memoryi , fl, velocityi); 

                                     Else 
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                                         Positioni ← Move- randomly(memoryi , fl, velocityi); 

                                     End if; 

                                Else // Tracking Mode 

                                       If Detect-Collision = True then 

                                            Update-velocity(α, velocityi); // α-constriction for collision 

avoidance  
                                            Positioni ← Move- toward(memoryj; fl, velocityi); 

                                       Else 

                                            Positioni ← Move- toward(memoryj; fl, velocityi); 

                                      End if; 

                              End if; 

                          End if; 

                  End for 

                  searching-time ← searching-time + 1; 

                  number-iteration ← number-iteration + 1; 

                  If number-iteration = ( number-iteration-max  DIV Change-Phase-Factor) then  

                    Exploitation-Phase = True;  

//it is fixed at 4 to ensure the transition to the Exploitation Phase is strategically 

triggered exactly at the first quarter of the total iterations 
                      Write “passing to Exploitation phase’’; //PSO phase 

                  End if 

end while;                   //ENDING THE PHASE 1: EXPLORATION (CSA-BASED) 

//PHASE 2: EXPLOITATION (PSO-BASED) 

//INITIALIZE PSO ELEMENTS FOR EXPLOITATION  

Gbest ← Max (memory); // Global Best determined from exploration results 

fl← 0;  

AP← 0; 

Initialize(IW); // IW fixed at 0.4 

Foreach Agenti do 

velocityi ← velocityi 

Pbesti ← memoryi; // PBest inherited from Exploration memory 

End for; 

       while number-iteration ≠ number-iteration-max or  Found-Target ≠ true do 

                 Foreach Agenti do // Update PBest and GBest 

                          fitness-valuei ← Evaluate-fitness(positioni); 

                          PBest-valuei ← Evaluate-fitness(Pbesti); 

                          Communicate-with-the-environment(Agenti); 

                          If fitness-valuei = target-value then  

                              Found-Target ← true; 

                          Elseif fitness-valuei is better than PBest-valuei then 

                              Update PBesti; 

                              Gbest ← Max (Pbest); 

                          End if; 

                          If target-valuei = false  and number-iteration ≠ number-iteration-max then 

                              If Detect-Collision = True then // PSO Movement Logic (Always 

using update velocity method in collision case) 

                                  Update-velocity(IW, positioni);  

                                  Update-velocity(α, velocityi); // α-constriction for collision 

avoidance  
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                                  Positioni ← Move- toward(Agenti , GBest); 

                             Else 

                                  Update-velocity(IW, positioni);  

                                  Positioni ← Move- toward(Agenti , GBest); 

                             End if; 

                         End if; 

                  End for; 

                  searching-time ← searching-time + 1; 

                  number-iteration ← number-iteration + 1; 

       end while; 

Outputs: searching-time, Found-Target; 

The steps of the algorithm are explained as follows: 

The principal objective of this algorithm is to compute the trajectory of each agent. The computation's 

duration, or search time, is reflected in the number of iterations per episode of execution. This process 

enables the identification of the optimal location, characterized by the highest fitness value, within the 

solution space. This location is generated to be a unique global optimum. In the context of this MAS 

path planning problem, the Objective Function defines the primary optimization goal: to maximize the 

predefined static value assigned to a location, formally stated as MaximizeV alue(x), where x represents 

the target coordinate set (x, y). Since the problem is inherently structured as a maximization search for 

the highest possible value (between 0 and 1), the Fitness Function (F(xi)) used by the CSO algorithm is 

mathematically identical to the objective Function. The fitness is therefore calculated simply as 

F(xi)=Value(xi), where xi is the agent’s current location, and Value(xi) is the fixed, predefined fitness 

score at that coordinate.  

It is crucial to note that the agents must traverse the environment without encountering each other. At 

the beginning of the proposed CSO algorithm for MAS path planning with collision avoidance, the 

agents are randomly generated and positioned in the environment. In alignment with the core principles 

of both CSA and PSO, each agent assumes the functional role of a crow firstly. Subsequently, it 

transitioned into a particle. 

For a more comprehensive explanation, initially, each agent i (where i ∊ [1, N], where N refers to the 

population size, or the number of crows/particles), characterized by its initial position that gives it the 

first fitness value represented in its own memory at the beginning. In addition, the velocities of all 

entities are initialized as a preliminary step. In this case, it can be initialized with a simple constant 

value. Each agent's environmental coordinates are updated using its velocity, based on equation (4.10) 

as follows:  
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(xi,iter+1 , yi,iter+1 ) =     {

 𝑥𝑖,𝑖𝑡𝑒𝑟  +  𝑟𝑖 × 𝑓𝑙𝑖,𝑖𝑡𝑒𝑟  × (𝑚𝑗,𝑖𝑡𝑒𝑟  −  𝑥𝑖,𝑖𝑡𝑒𝑟),                             

𝑦𝑖,𝑖𝑡𝑒𝑟  +  𝑟𝑖 × 𝑓𝑙𝑖,𝑖𝑡𝑒𝑟  × (𝑚𝑗,𝑖𝑡𝑒𝑟  −  𝑦𝑖,𝑖𝑡𝑒𝑟), 𝑟𝑗 ≥ 𝐴𝑃𝑗,𝑖𝑡𝑒𝑟

 𝐴 𝑟𝑎𝑛𝑑𝑜𝑚 𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛                                                   𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 

        (4.10) 

Where: (x, y) : the Cartesian coordinates of the concerned agent. 

It is significant that the parameters AP and fl are initialized in this case as constant values in the 

beginning. However, this only happens if the agent does not collide with another one in the search area. 

Knowing that, each agent has a collision detection field. Every location within this field is characterized 

by the agent's signature, which is imprinted upon arrival and subsequently removed after displacement. 

The field consists of the agent's location and their 8 neighboring cells’ locations. This method aims to 

communicate indirectly via the environment. Moreover, the signature of the agent is marked using 

equation 4.11. Then, the neighboring cells are marked using equation 4.12. Lastly, the collision based 

on both equations 4.11 and 4.12 is established using equation 4.13. Furthermore, Figure 4.1 shows a 

collision detection field of an agent in the environment.  

Signature-ti(x,y) = {
−1  𝑓𝑜𝑟 (𝑥 = 𝑥𝑡𝑖) 𝑎𝑛𝑑 (𝑦 = 𝑦𝑡𝑖)

0 𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒  
           (4.11) 

Where: Signature-ti(x,y) is the signature marked by the agent i (𝑥𝑡𝑖, 𝑦𝑡𝑖)  at the iteration t on the location 

with x and y Cartesians coordinates.  

Neighbors-ti(𝑥𝑡𝑖, 𝑦𝑡𝑖) = {
−1  𝑓𝑜𝑟 𝑆𝑖𝑔𝑛𝑎𝑡𝑢𝑟𝑒 − 𝑡𝑖(𝑥𝑡𝑖, 𝑦𝑡𝑖) = −1

0 𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 
           (4.12) 

Where: Neighbors-ti(𝑥𝑡𝑖, 𝑦𝑡𝑖) is the signature marked by the agent i on the  8 neighboring cells of agent 

i location with Cartesians coordinates 𝑥𝑡𝑖 and 𝑦𝑡𝑖. 
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Figure 4.1: Collision detection filed of an agent in the environment 

Collision(𝐴𝑖t+1)= {
𝑦𝑒𝑠  𝑓𝑜𝑟 𝑆𝑖𝑔𝑛𝑎𝑡𝑢𝑟𝑒 − 𝑡𝑖(𝑥𝑡 + 1𝑖 , 𝑦𝑡 + 1𝑖) = −1

𝑁𝑜 𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 
           (4.13) 

Where:  𝐴𝑖  is the agent i; Collision(𝐴𝑖t+1) is the collision detected for the next position calculated at 

time t+1; 𝑥𝑡 + 1𝑖 𝑎𝑛𝑑 𝑦𝑡 + 1𝑖 are Cartesians coordinates of the calculated position at time t+1. 

When a collision is detected for the agent, the process uses equation (4.9) to decrease the velocityi. 

Given that the parameter α is initialized with a random value between 0 and 1 at the beginning. Then it 

updates the positioni, consistently using equation (4.10). Moreover, in both cases, after the update of 

the agents’ positions, the memory of each agent will be updated. To perform this action, each agent 

compares the fitness value of its current position with the fitness value of its memory according to 

equation (2.18) of the second chapter. Knowing that, the initial position of each agent is considered its 

initial memory position. Furthermore, it must update the gBest position, taking the position of the 

maximum fitness value of all memories. This is the process of exploration in this proposed approach. 

To proceed with the exploitation process, a condition must be verified. This condition allows the agents, 

acting as crows, to distribute themselves throughout the environment. Precisely, the exploitation phase 

starts when the number of iterations becomes equal to the maximum number of iterations divided by a 
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factor (in this case, it is 4, because, experimentally, a quarter of the maximum number of iterations is 

adequate for the agents to achieve optimal distribution throughout the environment). This factor is a 

constant natural value initialized at the beginning. Considering that, the exploitation process means the 

transition from the CSA method to the PSO one. Specifically, transitioning from agents acting as crows 

to agents acting as particles. To start with, the proposed algorithm takes the position of the maximum 

value of memory given by the exploration phase as the initial gBest. In addition, it affects each agent’s 

i velocity with the last velocity obtained in the exploration process. Moreover, the pBest position is 

reflected initially by the best position in the memory of the agent when it was crow. In other words, 

each particle (agent) iteratively updates its position based on its Cartesian coordinates x and y and 

according to the PSO principles, using its velocity calculated based on the detailed equations (3.9) and 

(3.10) of the previous chapter. 

The agent's movement to its new position is governed by its velocity magnitude calculated in both 

exploration and exploitation phases using this equation (3.11) detailed in the chapter 3.   

Moreover, it is noted that the constant parameters IW (0.4), c1, and c2 used for calculating velocity are 

initialized at the beginning. However, the dynamic parameters r1 and r2 are updated during each 

iteration. Additionally, in the case of a collision, the velocity calculated will be multiplied using 

equation (4.9), if not, the process works normally. Once the agents' positions are updated, the pBest 

position of each agent is then adjusted. This adjustment is performed by each agent, which evaluates 

the fitness of its current position against the fitness of its existing pBest position. Subsequently, and 

iteratively, the gBest position is revised. This revision involves selecting the pBest position that exhibits 

the greatest fitness value across the entire swarm.  

The algorithm's execution continues until one of two stopping conditions is satisfied: either the 

maximum number of iterations is reached, or the optimal fitness position is identified. Upon completion, 

the algorithm provides the number of iterations performed and a Boolean indicating whether the optimal 

fitness position was found. It uses the equation (3.16) detailed in the chapter 3. 

found-target =   {
𝑇𝑟𝑢𝑒 𝒊𝒇 𝐺𝐵𝑒𝑠𝑡 − 𝑣𝑎𝑙𝑢𝑒 =  1

𝑓𝑎𝑙𝑠𝑒 𝒆𝒍𝒔𝒆   
       (3.16) 

 

4.5 Simulation results 
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This section presents the simulation results obtained from the proposed algorithm, which was conducted 

to evaluate the performance of the algorithm, comparing the proposed path planning method with 

collision avoidance with other approaches based on both CSA and PSO principles. Consistent with the 

simulations detailed in Chapter 3 (Section 5), the current simulations employ NetLogo platform [107], 

version 5.3.1, utilizing its robust capabilities for agent-based modeling 

To execute the various scenarios examined in this proposed method, each crow/particle was represented 

as an autonomous agent within this simulation environment. Moreover, each iteration represents a cycle 

of the proposed Algorithm 1. In addition, each episode is represented by the number of times the 

algorithm is executed. The static environment is initialized as a 100x100 2D grid of patches; each one 

has Cartesian coordinates, a fitness value, and a signature value that indicates the presence of a moving 

agent on that patch. It can be 0 if the patch contains no agents; otherwise, it can be -1. The target position 

has 1 as a fitness value. It is a unique value in the entire environment. To implement a visual 

approximation of the degree of fitness of the patches, this work used the native color palette of the 

NetLogo platform. An increase in fitness degree was represented by a corresponding increase in patch 

brightness. All agents are treated as point endowed with a defined signature (representing their presence) 

and a detection field. This detection field is specifically modeled to cover the 8-cell neighborhood 

surrounding the agent’s current position, ensuring immediate threat detection for local path planning. 

Also, agents are initialized with a random velocity vector to ensure a non-deterministic start to the search 

process. Each agent is assigned a starting position and fitness value related to its position. This section 

examines a population of 50 agents aiming to optimize their location, taking into account the number 

of iterations. Noting that each agent must detect and avoid collision with the others. In each iteration, 

the position of each agent, represented by Cartesian coordinates, is updated according to the principle 

of CSA, then PSO using Algorithm 1, taking into account a condition of avoiding collisions. Initially, 

agent positions are randomly assigned. Furthermore, the fitness degrees of the patches are dynamically 

updated between simulation episodes. The following Figure 4.2 shows an initial state of the 

environment, noting that each agent is represented with a circle with a random color. However, the 

constant parameters c1, c2, and α are fixed at the beginning of each episode. In addition, the parameters 

r1 and r2 are initially generated randomly. 

Furthermore, the selection of the parameters AP, fl, and IW is detailed in the proposed algorithm section. 

Finally, the transition from the CSA to the PSO method will be effected after a quarter of the maximum 

number of iterations. The main safety system works by doing a detection field check to spot any collision 

risk at the agent’s next position. When a risk is found (for example, agent A2 detects A1, as shown in 
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Figure 4.3), this immediately turns on the α-constriction factor. This factor smoothly and dynamically 

reduces the agent’s speed in the direction of the conflict, forcing it to slow down and adjust its path. 

This is why the velocity of the A2 line gets shorter. Paths created using this controlled method are much 

smoother and more efficient than other methods, which may take longer and result in suboptimal paths 

or just stop the agent completely (set velocity to zero), which is an inefficiency often seen in Figure 

4.14. Such hard stops waste time and result in poor path quality; conversely, the α-method keeps the 

agents moving safely forward. 

 

Figure 4.2: Initial state of the environment 
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Figure 4.3: Collision avoiding case 

Knowing that the proposed CSO version is a hybrid approach that controls the balance between 

exploration and exploitation. It will be compared with improved versions of both CSA and PSO in terms 

of efficiency and searching time. Noting that the proposed hybrid version is considered an improved 

version of the CSA’s exploitation. In this regard, many different versions of improved CSA are chosen 

as compared to cases. They are based on the adjustment of AP or fl parameters. Besides this, two other 

improved versions of PSO are chosen based on the adjustment of the IW parameter. With the aim of 

providing an equitable comparison of the two algorithms' capabilities. Remembering that the AP, fl in 

CSA and IW in PSO, are parameters that can strike the balance between exploration and exploitation 

phases. Furthermore, the principles of the compared cases are well discussed in Sections 3 and 4 of this 

chapter.  

 Adaptive Awareness Probability-based CSA (AAP-CSA) [110]: in this case, the AP is changing 

during the different iterations using equation (4.1) (decrease). 

 Improved CSA (ICSA) [111]: in this case, the Dynamic the AP is changing during the different 

iterations using equation (4.2). 



CHAPTER 4                                  MULTI-AGENT COLLABORATIVE PATH PLANNING BASED 

ON HYBRID SWARM INTELLIGENCE APPROACH  

 

96 
 

 Enhanced CSA (ECSA) [112] : in this case, the Dynamic the AP  which is based on fitness 

values, is calculated using equation (4.4). The AP is changing during the different iterations 

between 0.2 and 0.8 (fixed experimentally) 

 Modified CSA (MCSA) [113]: in this case, fl and AP are adjusted using equations (4.5 and 4.6). 

The AP value starts from 0 and increase to 1. The fl value starts from 2.5 and decreases.   

 Increasing CSA (INC-CSA) [114]: in this case, the value of AP  is increased from 0.01 

(experimentally)  to 0.9 using equation (4.7).  

 Decreasing dynamic awareness probability CSA (DEC-DAPCSA) [115]:  for decreasing 

dynamic awareness probability, it will be decreased linearly from 0.1 to 0.9 over iterations using 

equation (4.8).  

 Butterworth Inertia Weight PSO (BWIWPSO) [102]: in this case, the IW parameter decreases 

in a non-linear way according to equation (3.6). 

  Inversed Butterworth Inertia Weight PSO (IBWIWPSO) [117]: this case is based on the IW 

increases in a non-linear way according to equation (3.13). 

 Crow Swarm Optimization (CSO): this case is based on the hybrid proposed version in this 

chapter according to Algorithm (4.1). 

Figure 4.4 represents the development of AP and fl values during the execution of 100 iterations of each 

compared CSA approach. As can seen;  

 The fl values remain constant in all cases (fl = 0.5), except in the MCSA case, they decrease 

from 2.5 to 0.5. However, it is different for AP values that change in all cases.  

 In AAP-CSA, DEC-DAPCSA, the AP  values decrease linearly from 1 to 0 and from 0.9 to 0.1, 

respectively.  

 In the cases of INC-CSA and MCSA, the values of AP parameters increase from 0 to 0.99 and 

0.9, respectively.  

 In the ICSA and ECSA cases, it can be seen that the AP values are fluctuating between increases 

and decreases. This is found logical, due to the reliance on the fitness value in the calculation 

equations. It is noted that these values change between 0.2 and 0.8 in ECSA. 

Figure 4.5 represents the development of IW values during the execution of 100 iterations of each 

compared PSO approach. As it can be seen, the IW values in BWIWPSO, the IW values decrease from 

0.9 to 0.4. In IBWIWPSO, the IW values increase from 0.4 to 0.9.  
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Figure 4.6 represents the development of the values of the parameters AP, fl, and IW during the 

execution of 100 iterations of the proposed method. As is evident: 

 The AP values are fixed to 0.1 during the first 25 iterations (the quarter of 100 iterations).  

 The values of fl are also fixed to 0.5 during 25 iterations (The choices for AP and fl are fixed 

empirically to maximize the exploration phase during the initial 25 iterations). 

 A low AP means the ”crows” are less cautious about others, and most of them are dedicated to 

the seeking mode (exploration). Coupling this with a moderate fl ensures the searching agents 

can take sufficiently wide steps across the search space. 

 Both parameters are subsequently set to 0 to facilitate the transition. 

These values enforce the principles of the CSA algorithm initially. Consequently, the IW values are first 

fixed at 0, and they become 0.4 from the 26th iteration to the end of the episode. The choice of the value 

0.4 is based on the knowledge that in enhanced PSO algorithms, the IW is typically confined between 

0.4 and 0.9. Knowing that higher values (closer to 0.9) encourage exploration of the search space, while 

lower values (closer to 0.4) encourage exploitation of existing solutions. Therefore, considering that the 

aim is to to exploit the power of the PSO algorithm in exploitation, choosing the value 0.4. 

Consequently, this demonstrates that the proposed algorithm first uses the principles of CSA and then 

changes to those of  PSO. This confirms the assertion and successful proposition of a MAS path-

planning algorithm with collision avoidance, which is based on a hybridization of the CSA and PSO 

algorithms, as hypothesized in the introduction. 
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Figure 4.4: The development of AP and fl during an episode of 100 iterations in the 6 CSA’s cases 
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Figure 4.5: The development of IW during an episode of 100 iterations in the 2 PSO’s cases 

 

Figure 4.6: The development of CSO’s parameters during an episode of 100 iterations 

Figure 4.7 illustrates searching time obtained by the execution of 100 episodes of the proposed 
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Table 4.1, which presents the global average searching time (calculated across all agents) achieved 

during 100 episodes for every compared algorithm. From the results, it is observed that: 

 The highest average searching time is 98.38 iterations, which is obtained using the ECSA 

method. 

 In terms of AAP-CSA, ICSA, MCSA, INC-CSA, and DEC-DAPCSA, the values obtained were 

close to those provided by ECSA, with a range of 90.41 to 97.17. 

 An important decrease of 43.65% and 49.08% is noted in the average of BWIWPSO (54.73 

iterations) and IBWIWPSO (49.3 iterations), respectively, in relation to the ECSA case. 

 The proposed approach (CSO) surpasses all other approaches regarding searching time, by the 

best average rate of 43.22 

Consequently, the results shown prove that the CSA’ versions are the slowest. This is logical and 

confirms the previous assertion that the CSA method is strong in exploration; it struggles with 

exploitation. However, PSO methods showed improvement because of their ability to exploit. As a 

result, the proposed hybrid method has a positive impact on the MAS path planning problem with 

collision avoidance, minimizing the searching time while balancing the exploration and exploitation 

phases, thus validating the objectives stated in the introductory section. 

Table 4.1: The global average searching time achieved during the 100 episodes  for every compared 

algorithm 

Figure 4.8 represents the fitness development, which is determined by the best value found during a 

single episode. Each episode is composed of 100 iterations to locate the desired location using all the 

compared methods. Upon examination of the results obtained, it is apparent that: 

 The maximum fitness found was obtained (0.98) in the 97th iteration through the application 

of MCSA and DEC-DAPCSA methods; this is, on the one hand. On the other hand, the two 

methods find the first best value (0.73, 0.96), respectively. 

 The ICSA and INC-CSA found their maximum fitness value after 69 and 67 iterations, with 

values of 0.98 and 0.99, respectively. Noting that their first best values are 0.84 and 0.85, 

respectively. 

 AAP-

CSA ICSA ECSA MCSA 

INC-

CSA 

DEC-

DAPCSA 

BW-

IWPSO 

IBW-

IWPSO CSO 

Global Avg 

search time 92.17 94.05 98.38 96.5 97.17 90.41 54.73 49.3 43.22 
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 The ECSA case has first obtained 0.72, and then its best value is fixed at 0.91 after 16 

iterations. 

 The AAP-CSA method obtained 0.79 as the first best value and 0.97 in 38 iterations. 

 In IBWPSO and BWPSO, the best values achieved are 0.99 and 0.98 only after 11 and 17 

iterations, respectively. They both start with 0.76 and 0.55. 

 The proposed method CSO obtained the highest value of 0.98 after 34 iterations with 0.81 as 

an initial best value found. 

These results proved that the strength of the CSA versions in exploration is shown in the high initial 

best value, and then they are different in finding their highest value (some are fast and others are slow). 

Unlike PSO methods that start with low values because of their weakness in exploration, they are fast 

in finding the highest value. Therefore, the proposed approach allows the agents to reach their objective 

position in a minimum of time, starting with a high fitness value. 

Consequently, the CSO is very efficient with respect to the convergence towards the optimal solution, 

achieving rapid convergence to resolve the MAS path-planning problem with collision avoidance, 

consistent with the premise outlined in the introduction.  

Based on the results reflected in Figure 4.8, it is useful to study the difference between the fitness 

obtained in the N + 1 iteration and the N iteration during a complete episode, as shown in Figure 4.9. 

 Generally, in the compared cases, the difference increases in the first iterations. 

 The highest difference that the ECSA and INC-CSA cases produced is 0.72 and 0.85 in the 

first iteration and 0.8 in the 6th and 9th iterations, respectively. 

 The AAP-CSA produced a difference of 0.79 in the first iteration; then the second highest one 

is 0.05 in the 8th iteration. 

 The ICSA, MCSA, and DEC-DAPCSA cases reflected differences of 0.03, 0.09, and 0.01, 

respectively, in the 65th, 97th, and 27th iterations. 

 The highest differences obtained in the BWIWPSO and IBWIWPSO cases were in the first 

iteration (0.55 and 0.76, respectively); then they changed to 0.13 and 0.07 in the 12th and 5th 

iterations. 

 The difference obtained in the proposed case was up to 0.81 in the first iteration. 

Consequently, the obtained results proved and confirmed the efficiency of the proposed method 

regarding the convergence towards the optimal solution. Compared to the proposed case, there are better 

and worse cases in terms of fitness development. The methodology is not hindered by this, allowing 
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one to state that this approach is highly effective in resolving the MAS path-planning problem with 

collision avoidance. 

 

Figure 4.7: The searching time obtained by the execution of 100 episodes (9 cases) 

To confirm the validity of the results of the previous analysis, an alternative simulation scenario is now 

introduced and characterized by initializing the agents with the same positions during each episode as 

shown in Figure 4.10. This idea was conceived to establish a fair comparison between all methods with 

the aim of eliminating the possibility of randomness to influence results in favor of any one algorithm. 

Subsequently, Figure 4.11 represents the searching time obtained by applying the compared cases 

during 100 episodes as the first scenario. The results are then summarized in Table 4.2, which presents 

the global average searching time achieved during 100 episodes for every compared algorithm, 

initializing the agents with the same positions during each episode. Furthermore, it is crucial to highlight 

that the parameters not explicitly mentioned have been kept the same as in the first scenario. Based on 

the results observed it is deduced that:  
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 The PSO-based approaches achieved better performance compared to the CSA-based 

approaches in terms of searching time’s average. 

 An average searching time between 90.76 and 96.01 was obtained using the 6 CSA cases. Noting 

that previously (results from Figure 4.7); the searching time obtained was between 90.41 and 

98.38. 

 The average of BWIWPSO cases (56.98) is approximately the same as the average of 

IBWIWPSO (51.88). It should be noted that these two values are close to their previous values 

in the first scenario (54.73 and 49.56, respectively). 

 The CSO case reflects the lowest average searching time (45.56) compared to the other cases. 

 

Figure 4.8: Fitness development during one episode of 100 iterations 
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Figure 4.9: Difference between the N+1 iteration fitness and the N iteration fitness during one episode 

of 100 iterations 

 

 

AAP-

CSA ICSA ECSA MCSA 

INC-

CSA 

DEC-

DAPCSA 

BW- 

IWPSO 

IBW-

IWPSO CSO 

Global avg search 

time (same 

positions) 90.84 95.53 95.94 94.03 90.76 96.01 56.98 51.88 45.56 

Previous global 

avg search time  92.17 94.05 98.38 96.5 97.17 90.41 54.73 49.3 43.22 

Table 4.2: The global average searching time achieved during the 100 episodes for every compared 

algorithm (with same initial positions of agents) 

Based on the results obtained, the proposed hybrid method has a positive impact on the MAS path 

planning problem with collision avoidance. It minimizes the searching time while balancing the 

exploration and exploitation phases, thus validating the objectives stated in the introductory section, 
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which was achieved through a fair comparison between all methods to eliminate the possibility of 

randomness influencing results in favor of any one algorithm. 

Analysis of the data from figures 4.8 and 4.11 reveals that the cases exhibit significant delays in 

achieving the objective, as evidenced by their elevated average rates. Consequently, implementation 

involved an alternative scenario to validate that the proposed method demonstrates significant 

efficiency, exhibiting both optimized search time and scalability by employing a reduced agent 

population. This scenario builds upon the same configuration of the first scenario (shown in Figure 4.7), 

with an increase in the number of searching agents to 200. 

Furthermore, it is important to note that this scenario applies only to the 6 CSA’s compared methods, 

while the other cases (CSO, BWIWPSO, and IBWIWPSO) are well-established and do not require an 

increase in the number of agents to demonstrate their effectiveness. Figure 4.12 presents the searching 

time obtained through the application of the six compared cases over 100 episodes. This scenario 

intentionally increases the population size to 200 agents (building upon the configuration established in 

Figure 4.7). The results are then summarized in Table 4.3, which presents the global average searching 

time (calculated across all agents) achieved during 100 episodes for the 6 compared algorithms, 

increasing the number of agents during each episode. It can be concluded from the results that: 

 

Figure 4.10: Example of two initializations 
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Figure 4.11: The searching time obtained by the execution of 100 episodes initializing agents with the 

same positions for the 9 cases 

 The analysis observes a decrease in the average rate of AAP-CSA from 92.17 to 81.8.  

 The ICSA and INC-CSA gave closed results (77.8 and 78.94) after giving (94.5 and 97.17) in 

the first scenario.  

 ECSA and DEC-DAPCSA reflected (85.47 and 84.02) they have obtained previously (98.38 and 

90.41). 

 MCSA gave 80.08; this value was decreased from 96.5.  

 The best searching time is obtained by the ICSA method.  

 The results from the other algorithms are relatively close, it is also important to highlight that 

the decrease rate varies from 6.39% to 18.23%, which is considered a highly satisfactory 

improvement over the previous results.  
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Consequently, the obtained results proved the efficiency of the proposed hybrid method in enhancing 

scalability by employing a minimal agent set compared to the other methods, consistent with the premise 

outlined in the introduction. 

 

AAP-

CSA ICSA ECSA MCSA 

INC-

CSA 

DEC-

DAPCSA 

Global avg search time 

(augmenting the 

agents's number) 81.8 77.8 85.47 80.08 78.94 84.02 

Previous global avg 

search time 92.17 94.05 98,38 96.5 97.17 90.41 

Table 4.3: The global average searching time achieved during the 100 episodes for every compared 

algorithm (increasing the number of agents) 

 

Figure 4.12: The searching time obtained by the execution of 100 episodes (6 cases) by 200 agents 
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distance traveled per agent over a single episode of 100 iterations, and is evaluated across all the 

compared algorithms, as shown in Figure 4.13. The results are then summarized in Table 4.4, which 

presents the global average path length (calculated across all agents) achieved during 100 episodes for 

every algorithm compared. Consequently, it was found that:  
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 All the CSA improvement versions (AAP-CSA, ICSA, ECSA, MCSA, INC-CSA, and DEC-

DAPCSA) obtain closed high average values (65.28, 80.32, 67.95, 64.19, 62.52, and 60.63, 

respectively) compared to the proposed CSO that obtains 37.80.  

 The PSO-improved versions, BWIWPSO and IBWIWPSO, achieve the lowest average path 

length compared to all other methods, including the CSO.  

Consequently, the high path length confirms that the CSA exploration phase is inefficient; it is necessary 

to decrease the exploration to improve target finding. This is from the one hand. However, the analysis 

interprets this finding as a negative result that indicates that the PSO-improved versions struggled with 

exploration. The extremely low path length signifies that the agents did not traverse a sufficient distance 

to thoroughly search the global space, leading the swarm to get stuck in suboptimal local areas (local 

optima). 

Therefore, the CSO algorithm satisfies three key objectives: it strikes a better compromise between 

exploration and exploitation than both the highly exploratory CSA variants and the highly exploitative 

PSO variants, thereby minimizing the path length, and effectively preventing premature convergence 

and trapping in local optima. 

 

Table 4.4: The global average path length achieved during the 100-iteration episode for every 

compared algorithm 

To confirm the strategic validity and necessity of the α constriction factor in preserving convergence 

efficiency under collision constraints, the study conducted an ablation study comparing two CSO 

variants that both utilize a zero-velocity punishment (vi=0) in collision detection cases. The results, 

illustrated in Figure 4.14, clearly reflect the impact of the α factor on the primary metric, Searching 

Time (number of iterations in one episode of 100 iterations). The proposed CSO method (which uses 

the α constriction factor) achieved an average searching time of 48.1 iterations, significantly 

outperforming the second case (without the α), which recorded 76.63 iterations. This substantial 

difference in computational effort demonstrates that the presence of the α constriction factor 

significantly enhances the algorithm’s global search capability, thereby minimizing the computational 

effort required for convergence. Consequently, this validation confirms that the α constriction factor is 

a high-performing regulation method that effectively prevents collisions by stabilizing the agent’s 

 

AAP-

CSA ICSA ECSA MCSA 

INC-

CSA 

DEC-

DAPCSA BWIWPSO IBWIWPSO CSO 

Global 

Average Path 

Length 

65.28 80.32 67.95 64.19 62.52 60.63 20.90 13.54 37.80 
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velocity and preserving search integrity, which is crucial for achieving rapid and safe convergence 

within the CSO framework, in accordance with the objectives stated in the Introduction. 

 

Figure 4.13: Path-length obtained by the execution of 100 episodes (9 cases) 
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Figure 4.14: The impact of the α factor on the primary metric, Searching Time 
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initial agents’ positions to reduce the effect of randomness on the results. Secondly, the same scenario 

is repeated with augmenting the number of agents only for the slowed methods (CSA’s improvement 

methods); they realize better results than in the first scenario. Furthermore, another metric, Path Length, 

is also studied; therefore, the CSO algorithm appears to strike a better compromise between exploration 

and exploitation than both the highly exploratory CSA variants and the highly exploitative PSO variants. 

Finally, the last scenario shows that the application of the α constriction factor in the proposed CSO 

method is empirically validated by its significantly lower searching time against the simple CSO one 

(that doesn’t use the regulation velocity method). From this, the results proved the effectiveness of the 

proposed approach using the strength of CSA and PSO approaches. Specifically, it encourages initial 

exploration of the search space using CSA principles. Followed by an exploitation of the best solutions 

found using PSO principles. In addition, it optimizes scalability. 

Briefly, the primary contribution of this research is the successful proposition and validation of the 

novel CSOMAS hybrid algorithm for efficient MAS path planning with collision avoidance. The core 

novel insight is that the CSO’s superior capability to maintain a better compromise between exploration 

and exploitation than both CSA and PSO variants is fundamental, as it effectively eliminates the issue 

of local optima trapping and results in a significant minimization of searching time and path length. 

Critically, this performance translates directly to significant practical applications in real-world 

scenarios, such as enabling faster decision-making and resource conservation in autonomous vehicle 

fleets, and ensuring enhanced mission reliability and local optima avoidance in search-and-rescue 

operations. Consequently, this study advances the field of swarm optimization by establishing a robust 

framework for autonomous navigation. However, a limitation involves the computational overhead 

when extending to large-scale 3D dynamic environments, which future work will address by 

concentrating on developing a parallelized CSO framework and integrating self-adaptive parameter 

control mechanisms. 

4.6 Summary  

This chapter introduced a novel MAS path planning with collision avoidance based on a hybrid CSA 

approach with PSO. As a metaheuristic approach, CSA allows crows to move in their environment 

according to their memories, which helps them to save the best positions found. The algorithm, 

governed by the main parameters AP and fl, achieves a balance between the exploration and exploitation 

phases due to the temporal influence of these parameters. Despite this, CSA is known for its ability to 

explore the searching space; this is one side. On the other hand, the PSO allows the particles to move 

according to their own pBest and the gBest position detected by the swarm. Moreover, PSO is based on 
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the IW parameter, the controller of exploration and exploitation. Knowing that the PSO is strong in 

exploiting the existing solutions in the searching space. 

This proposed algorithm provides a potentially effective solution to MAS path planning with collision 

avoidance, by capitalizing on the respective advantages of both algorithms – CSA’s exploration and 

PSO’s exploitation – the hybrid method can efficiently navigate complex environments, finding optimal 

or near-optimal paths while ensuring agents avoid collisions. To apply this version, the current study 

considered each agent as a crow/particle moving in the environment to find the location with the highest 

fitness value. To prevent collisions, agents mark their current and neighboring positions, creating a 

detectable field. This allows agents to recognize each other’s presence, leading to velocity reduction 

and smooth movement without collision. Upon detection of collision, the velocity is attenuated by a 

multiplicative factor called the constriction factor α. To prove the feasibility of the proposed method, 

this study compared it with other CSA and PSO versions based on the improvements in AP, fl and IW. 

Based on the results presented, it was observed that the CSO allows a decrease in the searching time 

and an increase in fitness acquisition compared to the other versions. In addition, the proposed version 

aimed to increase the population size and enhance scalability. Additionally, the proposed CSO algorithm 

proves its superior performance and balance by achieving a shorter path length across varied test cases, 

which strikes a better compromise between exploration and exploitation than its base variants. 

Furthermore, the algorithm also demonstrates a significantly lower searching time, which empirically 

validates the α-constriction factor.  

Consequently, the results empirically confirm the efficacy of the functionally segregated 

exploration/exploitation phases, showing this structural approach is key to achieving both fast global 

convergence and safety. Nevertheless, the present study acknowledges that the current model uses a 

simplified, discrete collision mechanism within a 100x100 grid, which differs from real-world 

continuous environments involving kinematics. However, the core principles of the hybrid CSO, 

particularly the velocity-based updates and the α constriction factor, are robust and scalable. 

To build upon the validated success of the CSO-MAS hybrid algorithm, future research will concentrate 

on enhancing its operational capabilities and real-world applicability by first extending the framework 

to 3D and high-dimensional spaces—potentially through hybridization with improved PSO variants to 

ensure robust performance and replacing discrete sensing checks with the Time-to-Collision (TTC) 

prediction metric for continuous space validation. A crucial next step involves integrating the path 

planning with low-level control to ensure kinematically feasible trajectories, specifically by adapting 

the α-constriction factor to govern actual control inputs (like steering or thrust), effectively transforming 
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CSO into a dynamic constraint controller capable of generating safe and feasible paths that respect the 

agent’s physical limits in complex, dynamic environments. Finally, to maximize efficiency and 

resilience, a crucial next step involves exploring adaptive scheduling of the α-constriction factor and 

AP/fl parameters, introducing mechanisms that dynamically adjust these values based on observed 

environmental complexity; alongside this, will incorporate practical constraints such as noise sensitivity 

and energy consumption directly into the optimization objective function to ensure the generated paths 

are not only mathematically optimal but also physically executable and sustainable. 
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This research contributes to addressing the complex challenge of MAS path planning and task 

coordination in complex and dynamic environments by using and enhancing metaheuristic algorithms. 

This study was prompted by the limitations of traditional optimization methods and the need to 

capitalize on the capabilities of metaheuristics, specifically their ability to efficiently search vast, large, 

and complicated solution spaces. To do this, this work begins by introducing key concepts and then 

explores and analyzes different recent applications. Focus was placed on the use of metaheuristics in 

path and task coordination to solve different optimization problems. In this analysis, the study 

highlighted the key strengths and weaknesses of each metaheuristic studied, such as parameter 

sensitivity, the balance between exploration and exploitation, local minima, scalability, and 

computational capability. Their effectiveness was found to be highly dependent on the specific problem. 

Based on these findings, these two contributions aim to expand on these identified limitations to solve 

especially the MAS path-planning problem.  

Starting with the first contribution, which provides an enhanced PSO algorithm named IB-PSO. It 

presents a new version of the PSO algorithm that uses an inversed IW calculation method, inspired by 

the Butterworth function. This version gives an increasing function that prevents this algorithm from 

getting trapped in the local minima problem. To apply it to the MAS path planning, each agent was 

considered a particle moving in the environment to find the location with the highest fitness value. It 

improved the algorithm's balance between exploration and exploitation in the search space, enhancing 

its ability to find optimal paths more efficiently. The performance of the IB-PSO method was thoroughly 

evaluated and outperformed other improved methods by allowing a decrease in the searching time and 

an increase in the fitness acquisition in comparison with them. 

Furthermore, the second contribution provides a hybrid approach named CSO. It combines the CSA 

and the PSO algorithms. This strategy effectively integrates the strong exploration capabilities of CSA 

with the robust exploitation capabilities of PSO. Its process starts by discovering the search space using 

agents as crows (CSA phase), then it turn to PSO phase using agents as particles that must navigate to 

achieve the target location.   Furthermore, this approach elevates the challenge of path planning by 

successfully incorporating collision avoidance. A key feature for achieving this goal integrated velocity 

regulation mechanism, which successfully prevents agents from colliding, by decreasing the velocity in 

detecting collisions cases. To prove the performance of the proposed method, it has been compared to 

other CSA and PSO versions based on AP, fl and IW parameters improvement. According to the 

showcased results, it has been constated that the CSO allows a decrease in the searching time and an 

increase in the fitness acquisition in comparison with the other versions. 
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In essence, this work focused on both theoretical and practical key principles for applying metaheuristics 

to MAS. The proposed algorithms, IB-PSO and CSO, provide significant enhancement in the MAS 

field. They offer more robust solutions for coordination problems. Consequently, this thesis highlights 

the critical need for a new perspective on exploring mechanisms for dynamically adjusting the 

parameters of the proposed algorithms in real-time. Also, future research could hybridize the proposed 

CSO approach with other improved versions of PSO to enable operation in a 3D search space to ensure 

safety. Nevertheless, its applicability may extend to path planning scenarios requiring obstacle 

avoidance.  
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