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 Multi-agent coalition formation can be defined as a process allowing agents to 

temporarily form groups to accomplish complex tasks. Given this, a complex task 

requires the collaboration of a group of agents to be completed. The Pursuit-Evasion 

(PE) game is considered an NP-hard multi-agent system (MAS) problem in which the 

pursuers must block the movement of the evaders while taking into account time 

constraints. This problem is often addressed through the development of coalition 

formation algorithms, in which each pursuit group is assigned to block the movement 

of each detected evader. In this paper, we propose a pursuit coalition formation 

algorithm known as Fairness-Based Agent-Group-Role-Membership-Function 

(FBAGRMF). The main objective of this novel extension of the Agent-Group-Role-

Membership-Function (AGRMF) model is to provide an efficient access mechanism 

for the pursuit groups that can overcome the limitations of the original model. In other 

words, the fairness principle is incorporated to achieve a degree of balance among the 

pursuit groups during their formation. To reflect the advantages of our proposed 

approach, we conduct a comparison study against the AGRMF model. During this 

study, we took into consideration the capture time and reward evolution of the pursuers. 

Moreover, we studied the PE game by examining the capture of static and mobile 

evaders. The obtained results demonstrate that FBAGRMF minimizes the capture time 

and improves the pursuers’ performance during the pursuit process.  
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1. INTRODUCTION 

 

Multi-Agent Systems (MASs) are computerized 

environments where several agents can interact with each 

other as well as elements in the environments, these agents 

may have different objectives that may or may not be 

conflicting with each other, but they can also have a common 

objective where they either cooperate or even compete to 

achieve said objective, this study focuses on cooperative 

agents with a common goal, where agents form groups in 

which the work together to complete the required tasks 

allowing the entire group to succeed in their goals as a team. 

The forming of coalitions is a prolific topic when it comes 

to multi-agent systems in the current landscape as it is a 

cornerstone when it comes to the cooperation between agents, 

the coalitions are generally formed to solve problems that an 

agent cannot achieve by itself, and there many papers that seek 

to study different ways of forming coalitions in different 

scenarios to enhance the task completion through a better 

organization. 

Pursuit-Evasion (PE) games are a distinctive area of 

distributed artificial intelligence dealing with the problem of 

cooperative decision-making in multi-agent systems. The 

pursuit problem requires organizing the pursuers in a manner 

that makes the capture easier for the coalition members 

finishing the task quicker. 

In this work, a novel extension of the Agent Role Group 

Membership Function (AGRMF) organizational model we 

proposed for coalition formation research. Specifically, we 

will process the problem linked to the negative externality 

where a pursuer might be forced into a group where it performs 

below its potential due to the forming of the chase group of the 

first evader in the set with the pursuers that suit the most even 

if it contains pursuers better suited elsewhere, creating a bias 

towards evaders higher ranked in the set. The main objectives 

of this paper can be resumed as follows: 

- The proposition of a new pursuit coalition formation 

algorithm based on an extension of AGRMF model. 

- The introduction of an efficient pursuit group access 

mechanism to provide equilibrium during the groups’ 

assignment and avoid the negative externalities.  

- The proposition of a comparative study with AGRMF 

model by taking into account static and mobile evaders. 

Moreover, the comparison study focuses on the pursuit 

capturing time and also the pursuers’ payoff acquisition.   

we will be taking a general view on multi-agent systems and 

some of their concepts in-line with our topic, such as the 

organization-centered systems where the focus lies in the 
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coalition rather than individual agents, we’ll also be taking a 

brief look at Markov Decision Process (MDP), as well as 

viewing some organizational models that have been aimed at 

the pursuit-evasion problem like the Agent-Group-Role 

(AGR) model, the Yet Another Multi-Agent Model 

(YAMAM), and mainly AGRMF. Will focus on the AGRMF 

model and its algorithm so that we can compare it to the 

extension we’re proposing, focusing on the similarities and 

especially the differences that are present between the two, as 

we try to improve upon it with a different group access 

mechanism optimizing pursuers’ performances. finally, a 

thorough comparison is presented between the previously 

mentioned algorithms in different scenarios with multiple 

metrics about the group performances by measuring their 

capture time and individual pursuers' Performance through 

their reward development and gains throughout the capturing 

process. 

The paper is organized as follows: in Section 2, we discuss 

some related works in relation to our proposed approach. In 

Section 3, we introduce the different principles used in this 

paper, such as, Markov Decision Process, multi-agent 

organizational models and dedicated to the description of the 

PE game. Our proposed pursuit coalition formation algorithm 

is introduced in the Section 4. Section 5 reflects the main 

obtained results in comparison with AGRMF model. We 

conclude the paper by a conclusion in Section 6 to resume the 

main work effectuated in this paper and to provide brief 

perspectives of the future works. 

 

 

2. RELATED WORK 

 

Multi-agent coalition formation allows autonomous agents 

to dynamically form groups (coalitions) in order to collaborate 

on tasks that no single agent can efficiently perform alone. 

Recent research activities are based on scalable, more flexible, 

and online mechanisms. In relation to Internet of Things (IoT) 

[1], a dynamic coalition formation model among IoT service 

providers improves grouping based on changing demand and 

outperforms static schemes. In multi-robot task allocation [2], 

learning-based frameworks allows the robots to form 

coalitions through the use of local information and reorganize 

groups in real time. The generation of optimal coalition 

formation remains an attractive research activity. New hybrid 

algorithms that reduce search spaces make coalition formation 

tractable for large number of agents [3]. These advances 

improve the multi-agent coordination, flexibility and 

dynamism in cooperative multi-agent systems. 

In the last decade, multi-agent organizational models were 

hugely used to provide pursuit coalition formation algorithms. 

In the study by Souidi et al. [4], the authors have based on the 

AGR organizational model [5] to introduce a pursuit coalition 

algorithm. Specifically, the authors were inspired by the 

concepts of AGR model to generate a pursuit model. On the 

one hand, the concept Role was used to define the roles 

pursuer. On the other hand, the concept group reflected the 

pursuit groups composed of pursuers to capture the evaders. In 

comparison to our proposed approach in this paper, Souidi et 

al. [4] did not take into consideration the dynamism of pursuit 

groups during the process. In other words, the authors have 

based on pursuit groups and not on pursuit coalition. The 

difference between a group and coalition in MAS is that the 

coalition can change during the task execution, however, the 

group remains static. In addition, and in comparison, with the 

work proposed in this paper, Souidi et al. [4] did not introduce 

pursuit groups access mechanism allowing the pursuers to join 

the groups in which there are more efficient.  

In the same context, Souidi et al. [6] and Siam et al. [7] 

introduced a new extension of AGR model based on fuzzy 

logic principles (AGRMF). The authors had modeled the 

concept group as a fuzzy set equipped with a membership 

function that permits to define the membership degree of each 

agent in relation to each group. Knowing that in AGR model, 

there is no mechanism allowing the agent to access to the 

groups. Souidi et al. [6] applied AGRMF model to the PE 

game in comparison with AGR [4]. From the obtained results, 

AGRMF model improved the pursuit capturing time and 

pursuers’ development during the process. Also, AGRMF 

provided the dynamism of the groups by allowing their 

reorganization when a more efficient coalition is identified 

during the pursuit process. In comparison with the proposed 

Fairness-Based Agent-Group-Role-Membership-Function 

(FBAGRMF), the pursuit algorithm based on AGRMF model 

generates negative externalities between the pursuit groups. 

Precisely, for each pursuit group, AGRMF assigns the 

pursuers without taking into account the other groups. This 

fact makes the order of the groups’ assignment a very 

important criteria for pursuit processing. In FBAGRMF, we 

propose an pursuers’ assignment mechanism that avoids the 

negative externalities of the formed groups.  

In the study by Souidi et al. [8], Overlapping AGRMF 

(OAGRMF) was proposed. In this work, the authors 

introduced a pursuit coalition method permitting a limited 

overlapping of the pursuit groups. in other words, in 

OAGRMF, a pursuer can pursue more than one evader at the 

same time. This solution eliminates the problem linked to the 

negative externalities of the pursuers and also allows the 

processing of the PE game in the case where the number of 

required pursuers is not sufficient to capture the detected 

evaders. In comparison with FBAGRMF, the capture of 

evader became very complex when the distance between the 

evaders is too long in OAGRMF case. This fact made the 

displacement of the overlapped pursuers between the 

concerned evaders a very complex task.  

Regarding other multi-agent organizational models, 

YAMAM was also used to provide a pursuit coalition 

formation algorithm in the study by Souidi et al. [9]. The 

authors have based on the concept’s agent, role, task, and skill 

composing YAMAM to process the PE game. In their 

proposal, the concept role defines the roles pursuer and evader 

of the agents. The task represents the evaders that must be 

captured. The skill represents the position of the pursuers in 

the environment in relation to the evader and also their internal 

velocities. The role pursuer is attributed to the agents 

according to their skills. In relation to the proposed 

FBAGRMF, the coalition based on YAMAM did not allows 

the dynamic reorganization of the pursuit groups during the PE 

process. 

Game theoretic methods are also often used to process the 

PE game. Souidi et al. [10] based on the Iterated Elimination 

of Weakly Dominated Strategy (IEWDS) to provide a pursuit 

coalition algorithm. in their proposition, a strategy is 

considered as a possible coalition of the agents. After the 

generation of the possible coalitions, the agents eliminate their 

dominated strategies in turn until obtaining the undertaken 

strategy. The main advantage of this method is that it allows a 

dynamic reorganization of the agents during the PE process. 

Moreover, it avoids the selection of the coalitions with 
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negative externalities. However, in comparison with 

FBAGRMF, the calculation of the possible coalitions raises a 

serious problem when the number of agents increases. 

Recently in the study by Ma et al. [11], the authors proposed 

a cooperative game-theoretic method for multi-agent PE 

game. The authors introduced a coalition formation algorithm 

that allows pursuers to form dynamic coalitions under 

communication and interaction limits. Through the definition 

of coalition values and stability conditions, the approach 

improved coordination and resource allocation among agents. 

Simulation results showed that the proposed method 

ameliorated the evaders’ capture efficiency and reduces 

redundancy in comparison with non-cooperative strategies. 

This work provides a significant contribution to cooperative 

control and multi-agent coalition in complex PE game 

environments. In comparison to FBAGRMF, the two 

approaches are based on dynamic coalitions, however, 

regarding the communication between the pursuers used in 

FBAGRMF is completely indirect via the use of the PE game 

environment. The main advantage of using mobile agents is 

that we can only base on indirect communication (through the 

environment) between the agents. 

 

 

3. PROBLEM DESCRIPTION  

 

The notion of MAS is relatively new in the field of 

Distributed Artificial Intelligence (DAI), it has proven to be 

quite promising over the years it's been in existence, and this 

notion also become very popular in mainstream computer 

science.  

 

3.1 Definition 

 

MASs are computer-based environments comprised of 

multiple intelligent agents that interact with one another. MAS 

is defined by Stone and Veloso [12] as “a loosely coupled 

network of problem solving entities (agents) that work 

together to find answers to problems that are beyond the 

individual capabilities or knowledge of each entity (agent)” 

[13]. 

Several MAS research projects focus on the behavior, 

construction and study of a set of potentially pre-existing 

autonomous agents that interact with each other and with their 

environments [14]. 

 

3.2 Multi-agent learning 

 

Due to the importance of multi-agent learning [15], aspects 

that encourage its separate study from traditional machine 

learning. First, multi-agent learning can involve multiple 

learners, each adapting and learning from the context of the 

others; this introduces unresolved game-theoretic issues into 

the learning process. 

Second, since multi-agent learning deals with problem 

domains involving multiple agents, the relevant search space 

can be exceptionally large; these agents can frequently cause 

unpredictable changes in the emergent properties of the multi-

agent group, following their small changes in learned 

behaviors. 

 

3.3 Agents 

 

"Interaction" [16] indicates that agents can be influenced by 

other agents, or even humans, in the pursuit of their goals and 

the execution of their tasks. Interaction [16] can occur directly 

through a shared language, or indirectly, through the 

environment in which they operate. To avoid situations 

undesirable by one or more agents, coordination is the most 

effective means. Competition and cooperation are two 

fundamental models of coordination. In the case of 

competition, agents attempt to accomplish conflicting goals as 

a team by working against each other. In the case of 

cooperation, agents attempt to accomplish common goals as a 

team by working together. Cooperating agents attempt to 

accomplish as a team what individuals cannot accomplish, and 

thus fail or succeed together. 

 

3.4 Environment types 

 

A task environment [17] is effectively fully observable if 

the sensors detect all aspects relevant to the action choice; 

relevance, on the other hand, depends on the performance 

measure. The environment is unobservable if the agent has no 

sensors. The agent to track the world, does not need to 

maintain an internal state to track the world so fully observable 

environments are practical. Due to noisy and imprecise sensors 

the environment may be partially observable. 

 

3.5 MDPs 

 

To decide on the optimal next action, MDPs consider the 

agent's actions, environmental information, and rewards. 

Depending on the set of available states, actions, and the 

frequency of decision-making, MDPs can be characterized as 

discrete or continuous, infinite or finite [18, 19]. 

It is a stochastic process {𝑋𝑡 , 𝑡 ∈ 𝑇}  is a set of random 

variables indexed by a parameter 𝑡 (discrete-time) and defined 

on the same probability space. The variable 𝑋𝑡 represents the 

state of the process at time 𝑡. Moreover, the set of all possible 

values for this variable is called the state space of the process 

and will be denoted 𝑆. 

A discrete-time Markov chain is a discrete-time stochastic 

process {𝑋𝑡 , 𝑡 =  0,1, … }, defined on a finite space of states 

𝑆 and satisfying the following Markov property: 
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In such a process, known as a memory less process, 

predicting the future from the present does not require 

knowledge of the past. Markov chains are used to model 

stochastic systems but do not allow an agent to intervene and 

act on the evolution of the system. 

The controller can use several actions for a purpose. His 

goal is to build an optimal plan to maximize the reward he can 

get. The evolution of the system is considered a Markov 

process, i.e., the evolution of a temporal sequence of distinct 

states according to transition probabilities, based solely on the 

phenomena of the previous state [20]. 

 

3.6 Organizational models in multi-agent systems 

 

An organizational model is a task coordination mechanism 

for multi-agent systems. This model allows agents to 

cooperate and share tasks to be able to solve complex 

problems. All this is done within the framework of a 
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metamodel which makes it possible to define the relations 

between the agents as well as the role of each one [21]. 

 

3.6.1 Organizations in MASs 

Jennings [22] stated that one of the ways to simplify the 

design of complex software systems is MAS. With higher-

order abstractions, and managing the complexity of current 

software systems, MAS without real structure is not suitable, 

should be used and some way of structuring is necessary to 

more accurately model the problem addressed [23, 24]. 

Gasser [25] stated that we have virtually no concrete 

experience building truly heterogeneous, realistically 

coordinated, and co-operating multi-agent systems. Horling 

and Lesser [26] stated that our current real world demands new 

software engineering paradigms such as MAS. 

To reduce or manage uncertainty, provide strength in 

numbers, limit the scope of interactions, and formalize high-

level goals while no agent can be conscious [27, 28]. 

Organizations provide a framework for managing and 

structuring agent interactions to regulate the level of agent 

autonomy [29, 30]. Different types of organizational structures 

are adapted to particular environmental conditions [31, 32]. 

The approach proposed by Corkill and Lander [33] is more 

suitable for the engineering of complex large-scale adaptive 

multi-agent systems, especially with the evolution of the IoT 

[34]. Several application areas include smart grids [35], 

Cyber-Physical Systems (CPS) [36], ubiquitous computing 

[37], global Supervisor Control and Data Acquisition 

(SCADA) [38], ubiquitous computing [39], etc. 

 

3.6.2 Organization types 

In studies [40-42], several types of organizations are 

distinguished: 

i. Group: several types of groups exist: 

• Simple group: As soon as a group exists, we can have 

cooperative coordination to achieve a common and 

shared goal. 

• Team: A collection of individuals who have been 

brought together to work together. In an organization, 

several teams are formed for communication reasons. 

In this definition, individuals belonging to a team must 

necessarily communicate with each other, which leads 

to the introduction of the notion of environment 

(framework in which agents exist and evolve). 

• Interest group: Each member has the same interests; 

they share information and cooperate to achieve a 

common goal. 

• A community of practice is formed when professionals 

come together and organize themselves to share 

information and experiences relating to their activities. 

The members of these communities can thus exchange 

and cooperate to jointly solve the problems with which 

they may be confronted, thus learning from each other 

and building common knowledge and practices 

together. 

ii. Hierarchy where we distinguish: 

• Simple hierarchy: Based on a master/slave relationship, 

this type of organization is no longer used. 

• Multi-level hierarchy: Authority links form a tree. 

Control in this type of organization is very complex, for 

example, the problem of resource allocation or planning 

must be taken into account. 

iii. Decentralized organization: It is a multi-division 

hierarchy where each top of a branch is an organization in its 

own right. The main difficulty in this type of organization is 

the integration of the different results from the different 

divisions. 

iv. Market: This type of organization is based on the 

consumer/producer relationship. A special instance of the 

market is the Contract Net Protocol which is a protocol 

allowing the development and execution of a contract between 

a manager agent and a contracting agent. It involves agents 

interacting with each other during the development and 

execution of the contract employing performatives. 

v. Coalitions: To enable agents to benefit from their 

respective skills, the use of a short-term organization based on 

specific and contextual commitments is necessary. 

 

3.6.3 AGR 

The AGR model is based on three concepts: Agent, Group, 

and Role. 

A group is a set of agents that share a common characteristic 

[21, 43]. A group serves as a context for an activity model and 

allows organizations to be partitioned. If agents belong to the 

same group, they can communicate. 

AGRMF [44] is a fully observable, multiagent, stochastic, 

episodic, static, continuous in a known environment flexible 

organizational model extension of the AALAADIN model that 

aim at the Pursuit problem, this model allows the interaction, 

organization, and re-organization of pursuers. 

YAMAM [44] model is an alternative to other multi-agent 

models such as AGRMF [45] and AGR [4]. The YAMAM 

model is characterized by its scalability, modularity, and task 

planning tools. The four essential concepts of YAMAM are: 

agent, skill, role, and task. The agent is built on reactive 

properties, which implies that skills cannot be added 

dynamically. The relationships between agents are paramount 

for agents and their behavior. 

The agent plays a role if he is able to perform the required 

tasks. Typically, this role requires the ability to perform 

multiple tasks. In other words, agents have no view of existing 

groups and are completely unaware of their membership 

information. In our proposal, the groups will be represented by 

the various coalition formations formed to capture detected 

escapees. 

 

3.7 The pursuit-evasion problem 

 

The pursuit-evasion has always been a popular topic in AI 

research, as many combinations of different scenarios and 

situations could be explored, it can be generally defined as the 

problem of capturing mobile target(s) with one or more 

pursuers, with the possibility of having obstacles in the 

environment using different strategies. There are four main 

types of problems that we’ll be exploring below. 

3.7.1 The single pursuer, single evader 

This type of problem contains a single pursuer chasing after 

a single mobile target throughout the environment, here the 

pursuer and the evader can move at the same speed, like in 

Yamashita et al. [46] where the evader has unbound speed or 

Alonso et al. [47] Lion ad Man problem where the pursuer 

possesses a higher speed. 

 

3.7.2 Multi-pursuers, single evader 

Here there are multiple pursuers attempting to catch a single 

mobile evader, in his type, the pursuer can be competitive 

where the first pursuer to capture the target is the winner or in 

a cooperative environment like in Wan et al. [48] where the 
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pursuers form flocks that coordinate between its members to 

corner and apprehend the evader. 

 

3.7.3 The single pursuer, multi-evader 

In this type, a single pursuer tries to catch multiple evaders, 

the evaders can move independently from one another, or they 

can cooperate such as in the case of Salmon et al. [49]. 

 

3.7.4 Multi-pursuer, multi-evader 

This type has many different scenarios and might require 

one or more pursuers to capture each evader, where every 

evader requires a different number of pursuers to be captured 

resulting in a cooperative environment where pursuers form 

coalitions and coordinate to optimize the capture time which 

is the case in the AGRMF [44] model. 

 

 

4. THE PROPOSED ORGANIZATION MECHANISM 

 

In this paper, we’ll be proposing a new group access 

mechanism for the AGRMF algorithm based on a fair 

approach to coalition formation. The main purpose of this 

approach is to form balanced coalitions where pursuers can 

chase after evaders that may be closer it rendering the capture 

time faster and more balanced, to do that we must eliminate 

the issue where the earliest evader in the set monopolizes the 

closest pursuers giving it fast capture time while the remaining 

evaders can take much longer to be captured due to their 

optimal pursuers joining the first evader’s coalition. 

The main goal is to solve the issue of negative externality 

that plagues the AGRMF model (Figure 1). A negative 

externality is where an agent joins a coalition where it’s 

possible performance decreases instead of joining a coalition 

where it can reach or at least gets close to its full potential. 

While the mechanism that will propose may decrease the 

performance of certain groups, it will allow the coalitions to 

be more balanced leading to all pursuits finishing at 

approximately the same time instead of having one pursuit 

take much longer than others. 

 

 
 

Figure 1. AGRMF meta-model 
 

To achieve that task, we must first understand the pursuit-

evasion scenario that we are facing, as well as a proper 

understanding of AGRMF and its components. 
 

4.1 AGRMF 
 

Souidi et al. [44] created an extension of the AGR model 

that changed the groups’ vision, providing methodological 

guidance which enables their flexibility within a multiagent 

system. 

 

4.2 The pursuit problem 

 

In this type of problem [44], the agents are split into two 

different roles, the evaders, which are agents moving freely 

and completely independently around the environment, and 

the pursuers, which form coalitions to cooperate in catching 

the evaders, these two roles, as well as the method of forming 

coalitions will be explained more thoroughly later on. 

 

4.2.1 The pursuer 

The set of pursuers that is responsible for the capturing is 

denoted by 𝑃 =  {𝑃1; 2;  𝑃3; . . . ;  𝑃𝑛}  where each pursuer 

possesses its capacity parameters explained below. 

Self-confidence degree: A metric that represents the 

agent’s competence, calculated using the number of tasks that 

the agent has successfully finished 𝐶𝑠, and 𝐶𝑡; the number of 

tasks in which the agent has participated, this parameter is 

denoted as follows: 

 

(0.1;1) : max(0.1, ( / ))Conf Conf Cs Ct  =  (2) 

 

Credit: Each agent receives credit after tasks, the credit is 

affected negatively if the agent cannot complete a task, the 

credit is denoted bellow with  𝐶𝑏  being the number of the 

abandoned tasks by the agent: 

 

(0;1) : min(1,1 ( / ( )))Credit Credit Cb Ct Cs  = − −  (3) 

 

The distance: Capture will be easier if the pursuer is closer. 

So distance is a very important criterion. The position 𝑃𝑜𝑠 is 

computed as follows: 

 

min((;))Pos =  (4) 

 

where, 𝐷𝑖𝑠𝑡 is the distance between the pursuer and the 

evader, 𝑆𝑝  is the state (cell) of the pursuer, 𝑆𝐸  is the state 

(cell) of the evader. 

 

( ; ) (Copi CoEi)2 (Copj CoEj)2Sp SE = − + −  (5) 

 

where, (𝐶𝑜𝑝𝑖) is the Cartesian coordinates of the pursuer, and 

(𝐶𝑜𝐸𝑖) the Cartesian coordinates of the evader. 

The evader: The set of evaders which are mobile agents that 

move in random directions is denoted by 𝐸 =
 {𝐸1;  𝐸2;  𝐸 3; … ;  𝐸𝑛}. 

The membership function: Using fuzzy logic, the degrees 

of membership are admitted to a given set. These values 

represent how well an agent fits in a certain role: 

 

3 3

1 2 3

3

1

( )Group

i

i

Agent

Coef Pos Coef Conf Coef Credit

Coef



=

=

 +  + 


 (6) 

 

4.3 AGRMF algorithm 

 

The steps in Algorithm 1 are explained in the following 

manner: the organizer evaluates the parameters of each evader 

agent and creates n groups of the alliance (Figure 2). 
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Algorithm 1: AGRMF algorithm 

1. Create-MemFu(); 

2. Broadcast (𝑃𝑜𝑠); 
    Waiting-Response; 

3. SendResponse (𝑃𝑜𝑠, 𝐶𝑜𝑛𝑓, 𝐶𝑟𝑒𝑑𝑖𝑡); 
4. 𝜇𝐺𝑟𝑜𝑢𝑝(𝑃𝑖) 

5. 𝐿𝑖𝑠𝑡1: contains the membership degree of each agent 

pursuer. 

𝐿𝑖𝑠𝑡2: empty list. 

Nbr: number of agent pursuers. 

𝜆←0; 
Repeat 

          𝐼𝑓 (𝑃𝑗 ∉ 𝐿𝑖𝑠𝑡2) &&(𝜇(𝑃𝑗)) = 𝑀𝑎𝑥(𝐿𝑖𝑠𝑡1) 𝑡ℎ𝑒𝑛 

             𝐴𝑑𝑑 (𝑃𝑗, 2(𝐸𝑖)); 
             𝐷𝑒𝑙𝑒𝑡𝑒 (𝑃𝑗, 1); 
               𝜆← 𝜆 + 1; 
          End if; 

           𝑖 ← 𝑖 + 1 

Until 𝜆 = 𝑥 

          Else 

                 Waiting 

          End if; 

6. If 𝑃𝑖 ∈ 𝐿𝑖𝑠𝑡2 then Join group; 

7. Launch of the chase: 

𝐶𝑙𝑖𝑓𝑒 = {
𝑒−𝑘𝑙𝑡2

     𝑡 ≤ 𝑇𝑚𝑎𝑥                  
 

  0               𝑡 > 𝑇𝑚𝑎𝑥                     

  

8. 𝐶𝑙𝑖𝑓𝑒  = 0 

If (𝑐𝑎𝑝𝑡𝑢𝑟𝑒 ==  𝑡𝑟𝑢𝑒) then 

    Go to step 9; 

Else 

    Go to step 2; 𝑡 ≤ 𝑇𝑚𝑎𝑥  

𝑡 >𝑇𝑚𝑎𝑥  

End if; 

9. For each pursuer 

        𝑟(𝑆𝑡) ← 𝑟(𝑆𝑛); 
        𝐶𝑡 ← 𝐶𝑡 + 1; 
        𝐶𝑠 ← 𝐶𝑠 + 1; 

 

4.4 The proposed pursuit coalition formation algorithm 

 

In our proposition, we are looking to further optimize the 

Organizer, to minimize the capture time, through a more even 

distribution of pursuers. The Organizer in the AGRMF model 

allows the first in the set of evaders to be pursued by the 

pursuers in the most optimal position (closest distance) 

completely disregarding the remaining evaders, as opposed to 

our proposed method of allowing all evaders in the set to add 

a single pursuer to their respective groups at a time resulting 

in a fairer pursuit.  

The Organizer is the entity responsible for admitting 

pursuers into groups, in our proposition, the organizer goes 

through the evaders one by one, choosing the closest pursuer 

and admitting it to the chase group of the current evader, this 

process is repeated as many times as needed to fill the chase 

groups. The main difference between our proposition and 

AGRMF is that in AGRMF the evaders receive higher priority 

based on their placement in the set, allowing the first evader to 

take up the most optimal pursuers leaving the remaining 

evaders with scraps, in our proposition, however, each evader 

has a chance of having closer pursuers due to adding a single 

pursuer to each group at a time while repeating this until all 

groups are filled, resulting in an even distribution of pursuers. 

The steps in Algorithm 2 are also shown in Figure 3, which 

are explained as follows: the organizer integrates the 

membership function into the alliances needed after evaluating 

the parameters of the evader agents. The organizer sends as 

many messages as there are groups to the pursuer agents 

containing the Pos of each evader, after that it waits for a 

certain amount of time for the response from the pursuers (02). 

The pursuers now must respond to the organizer with a 

message containing the Pos, Conf, and Credit (03). The 

organizer now uses the membership function to compute the 

degree of membership of each pursuer (04). The organizer 

goes through the set of evaders one by one, adding a single 

pursuer to the current evader’s chase group, this pursuer has 

the highest membership degree of the available pursuers. 

When a pursuer gets added to a group chase, it is automatically 

removed from List which contains all the available pursuers. 

This process is repeated Re times, where Re is the number of 

pursuers that the evader needs to be captured (05). The 

organizer must keep track of the chase's progress from the 

start. This hunt will not continue indefinitely; the alliance has 

a Clife value (06). When Clife = 0 and the evader is captured, 

and the organizer ends the chase (07).  

 

 
 

Figure 2. AGRMF flowchart 
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Figure 4: AGRMF flowchart 
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Algorithm 2: FBAGRMF algorithm 

1. Create-MemFu(); 

2. Broadcast (𝑃𝑜𝑠); 
    Waiting-Response; 

3. SendResponse (𝑃𝑜𝑠, 𝐶𝑜𝑛𝑓, 𝐶𝑟𝑒𝑑𝑖𝑡); 
4. (𝑃𝑖) 

5. 𝑥 = 0; 

Repeat 

          For 𝑖 =  0 to 𝑛 do 

                𝑆𝑒𝑙𝑒𝑐𝑡 (𝑃𝑗) 𝑓𝑟𝑜𝑚 𝐿𝑖𝑠𝑡; 
                 𝐴𝑑𝑑 𝑃𝑗 𝑡𝑜 (𝐸𝑖); 
                 𝐷𝑒𝑙𝑒𝑡𝑒 𝑃𝑗 𝑓𝑟𝑜𝑚 𝐿𝑖𝑠𝑡; 
                    𝑖 ←  𝑖 + 1; 
          End for 

           𝑥 ← 𝑥 + 1; 
Until 𝑥 = 𝑅𝑒. 
6. Launch of the chase: 

𝐶𝑙𝑖𝑓𝑒={
𝑒−𝑘𝑙𝑡2

     𝑡 ≤ 𝑇𝑚𝑎𝑥                   
  0               𝑡 > 𝑇𝑚𝑎𝑥                     

  

7. If (𝑐𝑎𝑝𝑡𝑢𝑟𝑒 ==  𝑡𝑟𝑢𝑒) then 

            End; 

       Else 

           Go to step 2; 

       End if; 

 

 
 

Figure 3. Fairness-based AGRMF flowchart 

Table 1. Role attribution 

 

Algorithm 

Group 
P1 P2 P3 P4 P5 P6 P7 P8 

Group 01 23% 50% 45% 80% 61% 20% 30% 55% 

Group 02 28% 44% 54% 80% 62% 23% 17% 90% 

 

The main difference between the two algorithms is how they 

distribute the pursuers; our proposition seeks to increase the 

efficiency by allowing the pursuers to join coalitions where 

they are better suited, rather than joining a coalition that only 

suits the first evaders in the set, this is demonstrated by better 

through the following example in Table 1. 

In this example, the coalitions formed with AGRMF are 

Group 1: (P4, P5, P8, P2) = 61.5%, Group 2:(P3, P1, P6, P7) 

= 30.5%, while the fairness-based algorithm forms the 

coalitions like so Group 1: (P4, P5, P2, P7) = 55.3%, Group 2: 

(P8, P3, P1, P6) = 48.8%. 

Even though the fair distribution caused Group 1’s 

attribution to drop by 5%, it more than made up for it by 

increasing Group 2’s attribution by over 18%. 

According to this example, we can note that the pursuer P8 

is a member of Group 1 in AGRMF case with a membership 

degree of 55%. However, we can constate that P8 can be more 

efficient in Group 2 with membership degree of 90%. 

According to this fact, we can conclude that P8 provoked a 

negative externality on Group 2 of AGRMF case. In formal 

way, negative externality can be explained as follows: 

Let N = {1, 2, …, n} be the set of agents and v(S) the value 

(or utility) of a coalition S⊆N. A coalition structure CS = {S1, 

S2, …, Sk} is a partition (or an overlapping configuration) of 

N. 

A negative externality occurs when the formation or 

composition of one coalition negatively affects the utility of 

another coalition. Formally, for two coalitions Si, Sj ⊆ N: 

v(Si)>v′(Si); where v′(Si) denotes the value of Si after the 

change in Sj composition or formation. That is, the payoff or 

performance of Si decreases due to the presence, behavior, or 

reorganization of agents in another coalition. 
 

4.5 Pursuers path planning 
 

In this section, we will explain how the pursuers are moving 

in the environment according to MDP principles where agents 

try to end up the maximum reward possible at the end of the 

chase through the quadruplet (𝑆, 𝐴, 𝑇, 𝑅) where 𝑆 is the space 

of states [3], 𝐴 is the space of actions, 𝑇 represents a transition 

function where 𝑇(𝑠, 𝑎, 𝑠′) is the probability of reaching a state 

𝑠′ ∈ 𝑆 from an initial state 𝑠 ∈ 𝑆 after executing an action 𝑎 ∈
𝐴. And the reward function 𝑅 where 𝑅(𝑠, 𝑎) ∈ 𝑅 is the reward 

of executing action 𝑎 ∈ 𝐴 from a state 𝑠 ∈ 𝑆. A policy is a 

function  𝜋: 𝑆 → 𝐴  that associates each state  𝑆  with a 

corresponding action 𝐴 as so: 
 

( )t tS a =  (7) 

 

The value function of policy 𝜋  links each state with the 

accumulated rewards gained from the state through the 

function 𝑉𝜋: 𝑆 → 𝑅. 
 

k

0

0

( ) R(sk, sk)
k

V s E s s  


=

 
= = 

 
  (8) 

 

The discount facture 𝛾 ∈ [0,1]  reduces the emphasis on 
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distant rewards. A fundamental property of policy 𝜋 is that it 

checks a recursive equation of Bellman: 

 

( ) ( ) ( )( ) , ( ), , ( ),V s R s s s s T s s s V s      = +    (9) 

 

The primary goal of MDP is to establish the best policy. We 

take notice of 𝑉∗, the optimal value function, which associates 

the best possible reward with each state. 

 
* ( ) max ( )V s V s

=  (10) 

 

We can easily determine the optimal policy 𝜋 by selecting 

the greedy policy among the values of 𝑉∗ if the optimal value 

function is known: 

 

( ) ( )* *( ) argmax ( , ) , , .a As R s a s T s a s V s    = +   (11) 

 

Our pursuers' movement strategy (Figure 4) is entirely 

centered on the best policy 𝜋 . Given 𝑉∗(𝑠) , an agent can 

maximize its reward by employing the "greedy" strategy of 

choosing the action with the highest reward. This technique is 

greedy because it uses 𝑉∗(𝑠)  as a substitute for immediate 

reward before maximizing its immediate profit. It is ideal since 

the function 𝑉∗ is a precise summary of future rewards. 

In our simulation model, the possible states for each agent 

are {Sup, Sdown, Sleft, Sright}. Knowing that, at each iteration, the 

agent can move in these four directions. The action of each 

agent at each iteration allows it to change its state in the 

environment. For example, P (s’ |s, a) is the transition 

probability to go from the state (s) to (s’) through the 

application of the action a. The reward of each state (as shown 

in Figure 4) is calculated according to the distance separating 

it of the concerned evader: 

 

( )*
( )

 distance ,
R s

s s


=  (12) 

 

S: actual state, 𝑠∗: goal state, 𝛼 > 0: normalization factor, 

distance (𝑠, 𝑠∗): Euclidian distance between s and 𝑠∗. 

 

 
Note: Red agents: pursuer; Green agent: evader. 

 

Figure 4. Pursuers’ motion strategy 

 

 

5. SIMULATIONS AND RESULTS 

 

In this section, we’ll introduce the concept of Agent-

oriented Programming highlighting the differences between it 

and classical programming paradigms. we’ll also be taking a 

look at the multi-agent platforms that use said paradigm which 

we chose for this study; NetLogo denoting its history and 

presenting both its components and its features. 

We shall also be discussing the results of the comparison 

between the Fairness-based AGRMF (Figure 3) that was 

discussed in the previous section, and AGRMF as well as 

mentioning the testing methodologies for the different 

scenarios, the scenario with a dynamic evader where both 

pursuers and evader move at the same speed throughout the 

entire chase. In the second scenario, evaders can make a single 

move at the beginning of the chase and then remain static for 

the remaining time. The final scenario will have an evader 

that’s dynamic and moves twice as fast as its pursuers 

increasing the difficulty of the chase. 

The results will be displayed visually through charts that’ll 

help us makes an objective comparison between the two 

approaches, the results will also be summarized in a table to 

highlight the differences that we’ll be finding. 

5.1 Agent-oriented programming 

 

Agent-oriented programming was proposed by Wang et al. 

[50] as a new programming paradigm, which can be seen as a 

specialization of object-oriented programming. In this 

approach, agents are the central elements of the language, in 

the same way, that objects are central for object-oriented 

languages. The perspective on agents is cognitive: agents are 

characterized by mental notions such as their beliefs, 

decisions, and obligations. In addition, each agent is associated 

with a set of skills that represent what the agent can do. At the 

same time, agent-oriented programming assumes that we will 

develop programs in which several agents interact, which 

emphasizes the social dimension of agents. The programming 

language proposed by Shoham as a demonstration of this new 

paradigm is called AGENT0. 

The main difference between such a language and a 

classical programming language that one could use to develop 

agents, comes from the fact that the mental notions which 

characterize the agents appear in the language itself, and that 

the semantics of the language is intimately linked to the 

semantics of these mental notions. Agent-oriented 

programming can be seen as a specialization of object-oriented 

programming because program modules are now agents, i.e., 

objects with a state that defines the associated mental notions, 

and the messages between objects are replaced by messages 

between agents. How do messages between agents differ from 

messages between objects? Firstly, these messages are 

modeled based on speech act theory, which is concerned with 

communicative actions such as informing, asking, offering, 

accepting, rejecting, and more. Second, since agents are 

autonomous and mentally capable, they have the freedom to 

decide whether or not to perform the action specified in the 

message. In contrast, an object receiving a message will 

always perform the action specified in the message. 

 

5.1.1 The NetLogo platform 

NetLogo is a simple and primitive. This platform is 

distributed in open-source in its current version. The design 

and development of NetLogo were carried out with the aim of 

modeling. 

Both mobile and immobile agents can be modeled by 

NetLogo. It deals with multiple agents belonging to the same 

physical space and can also include thousands of agents in the 

same simulation. In addition, there are other capabilities 
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including agent and network binding capabilities, two-

dimensional and three-dimensional options regarding display 

modes, as well as easy switching between one-step execution 

and continuous simulations. The features distinguishing 

NetLogo could be summarized as follows:  

In recent research activities, NetLogo has been used to study 

the impact of ant colony optimization on the traffic problem, 

the traffic control problem is modeled as a multiagent-multi-

uses (MAMP). 

During our work, we found the usefulness of using NetLogo 

to describe the pursuit escape environment as well as the 

process of pursuing agent coalitions until the capture of the 

detected escapees.  

A NetLogo program can be composed of different types of 

agents: 

• Turtles: They are our agents, they have characteristics, 

they move around the world, they are born and die; they 

can be of several types (Breeds, consumers, firms). 

• Patches: They are spatial components of the modeled 

“world”; agents move on patches and these can store 

variables. 

• Links: A particular type of agent which connects two 

agents and is represented as a line drawn between these 

agents. This link may or may not be oriented. 

• World: It corresponds to the spatial representation (in 2D 

or 3D) of the modeled environment. 

 

5.2 Running the simulations 

 

The environment for our tests was done in a 100 × 100 cell 

grid, containing ten pursuer agents, and two evader agents, the 

agents can move by a distance of one cell per episode in one 

of the four cardinal directions; north, south, east, and west, 

each evader needs a group of four pursuer to be captured.  

 

5.2.1 Dynamic simulations 

The following chart depicts the result of running a 100 

simulation or both the normal AGRMF and the fairness-based 

AGRMF. 

In the superseding chart, we see that the fairness-based 

algorithm performs consistently better than the normal 

AGRMF, as it has a lower capture time aside from a few edge 

cases here and there, with an average of 83 for the fairness-

based AGRMF, compared to the 107 of the normal AGRMF 

showing a 22.5% improvement overall, while the highest 

capture time for the fairness-based AGRMF is 140, it’s still 17 

episodes lower than the normal AGRMF which peaked at 157, 

and there’s an even bigger difference of 21 episodes when it 

comes to their fastest times of 58 for the fairness-based 

AGRMF, and, 79 for the normal AGRMF. 

In order to confirm the results reflected in Figure 5, an 

analysis was performed using an Independent Samples T-Test 

(a procedure equivalent to a one-way ANOVA when 

comparing only two groups) to evaluate the difference in the 

mean number of iterations required by the FBAGRMF and 

AGRMF methods. The null hypothesis, stating that there is no 

significant difference between the mean iteration counts of the 

two methods (μFBAGRMF = μAGRMF), was tested against the 

alternative hypothesis. 

The T-test results indicated a statistically highly significant 

difference between the two methods (t = -9.60, p < 0.0001). 

Given this highly significant result, the null hypothesis is 

rejected. This finding was further supported by a non-

parametric Mann-Whitney U test, which also yielded a 

significant result (p < 0.0001). 
 

 
 

Figure 5. Capture time per run (Dynamic evader) 
 

The mean number of iterations for FBAGRMF (𝑥̅ = 84.80) 

was found to be significantly lower than that for AGRMF (𝑥̅ 

= 107.59). The mean difference of 22.79 iterations confirms 

that the FBAGRMF method achieves convergence with 

substantially fewer steps. Therefore, based on the iteration 

count across 100 episodes, the FBAGRMF method 

demonstrates superior performance and significantly greater 

computational efficiency compared to the AGRMF method. 

Figure 6 illustrates the evolution of the reward for an 

execution of a given duration relative to the average of each 

algorithm. We can see that the starting position for the 

fairness-based AGRMF has the advantage, which it maintains 

until around the 40th second, the moment when it intersects 

with the normal AGRMF, even occasionally falling below it 

before recovering just before the end of the 40 seconds, until 

it reaches the target, while the normal AGRMF remains 

constantly below until the end. 

These results are extracted from the same run as the 

previous graph, the fairness-based AGRMF suffers a loss in 

reward in 05 instances, about 6% of the time, while the old 

implementation loses rewards about 8.4% of the time, or in 9 

instances. From this we can deduce that pursuers are more 

effective when they are distributed in a balanced manner 

where they can be a lot more effective. The average reward 

gain is represented in Figure 7. 
 

 
 

Figure 6. Average reward development (Dynamic) 
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Figure 7. Average reward gain (Dynamic) 

 

5.2.2 Static simulation 

The static simulation included evaders that move by a single 

cell in a random direction at the beginning of the chase and 

remain static for the rest of it. The capture time per run of static 

evader is represented in Figure 8. 

 

 
 

Figure 8. Capture time per run (Static evader) 

 

 
 

Figure 9. Average reward development (Static evader) 

 

The advantage of fair distribution is much more evident, 

with an average of 65 episodes for the fairness-based AGRMF, 

compared to 77 episodes for the standard AGRMF, 

representing a 15.4% reduction in captures. While the decrease 

in average capture time is less than that achieved when the 

escapee is dynamic, it is much more consistent because the 

fairness-based algorithm is always faster. 

Figure 9 tells the same story as its dynamic counterpart, with 

a consistent rise for both algorithms with a maintained 

advantage for the fairness-based AGRMF of the normal 

AGRMF from beginning to end. 

Here we see that both instances maintain the same gain but 

for nearly twice the number of episodes for the normal 

AGRMF before a steep curve down in contrast to the much 

gentler one for the fairness-based AGRMF right before 

flattening around the later third for both of them until the end. 

The average reward gain with the static evader is represented 

in Figure 10. 

 

 
 

Figure 10. Average reward gain (Static evader) 

 

5.2.3 Fast evader simulations 

The following graph depicts the result of running a 100 

simulation or both the normal AGRMF and the fairness-based 

AGRMF where the evader is allowed to move twice each 

episode making it faster than the pursuers. The capture time 

per run with the fast evader is represented in Figure 11. 

 

 
 

Figure 11. Capture time per run (Fast evader) 

 

The previous chart shows the result that further solidifies 

our findings above, with a substantial difference of 31 

episodes on average between our implementation of 95, and 
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AGRMF with an average of 126, an improvement of around 

24.6%. The difference is more apparent in their fastest runs 

with our implementation and AGRMF having 55 and 89 

respectively, the same narrative is repeated in their slowest 

runs with the fairness-based AGRMF scoring 163 as opposed 

to the 211 episodes that took AGRMF to complete its slowest 

run, further highlighting the improving our implementation 

provided. The average reward development with the fast 

evader is represented in Figure 12. 

 

 
 

Figure 12. Average reward development (Fast evader) 

 

This chart is also in line with previous results, with the 

fairness-based AGRMF permanently staying above AGRMF. 

Even though the charts here are a bit more erratic due to the 

inconsistency of speed between the pursuers and evader, it still 

defines a clear advantage for the coalitions that were formed 

in a fair manner, with the fairness-based AGRMF remaining 

on top for the its entire run time.  

 

 
 

Figure 13. Average reward gain (Fast evader) 

 

These charts are much more erratic compared to the 

previous ones (Figure 13), but we can still see that AGRMF 

has more reward losses with 18.25% of the instances or 28 

times in the negative versus the 16.84% or 19 instances of the 

fairness-based implementation, giving a slight advantage to 

that implementation.  

 

5.2.4 Result summary 

Table 2 depicts the final results obtained from all the 

simulations, and it shows that the coalitions formed through 

the Fairness-based AGRMF brought an improvement of more 

than 20% proving that an even distribution of pursuers can 

dramatically increase the efficiency of the chase. 

 

Table 2. Final results 

 
Evader Type Fairness-AGRMF AGRMF 

Dynamic evader 
83 107 

22.5% 

Static evader 
65 77 

15.4% 

Fast evader 
95 126 

24.6% 

 

 

6. CONCLUSION 

 

In this paper, we proposed a novel multi-agent coalition 

formation algorithm based on organizational principles. The 

proposed FBAGRMF coalition algorithm aims to provide 

equilibrium between the generated pursuit groups during the 

processing of the multi-pursuer muti-evader game. In 

comparison with AGRMF, FBAGRMF avoids the problem 

associated with negative externalities of the pursuers during 

the pursuit groups assignment. In this context, a negative 

externality concerns the case where a pursuer is belonging to 

a pursuit group but would be more efficient in another one. To 

showcase the improvement brought by the proposed coalition 

method, we have implemented a multi-pursuer multi-evader 

scenario based on ten agents that must form two pursuit groups 

of four evaders each one to capture two detected evaders. In 

order to generalize the studied cases, we have used two types 

of evaders, static and mobile. According to the obtained 

results, we concluded that FBAGRMF model improves the 

capturing time of the evaders as well as the development of the 

pursuers during the tasks processing. As mentioned in section 

2 of this paper, it is very difficult to obtain optimal coalition 

formation during the processing of dynamic PE game. Thus, 

the main limitation of the proposed approach is that it does not 

take into account the case where the organizer of each pursuit 

group breaks down. Consequently, in future work, we will 

study the PE with considering the mentioned fault tolerance 

problem. Moreover, we will propose a novel multi-agent path 

planning based on deep-reinforcement learning [51], which is 

more adaptable with PE game with dynamic evaders. 
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