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Abstract. Coalition formation algorithms based on organizational modeling frameworks can be considered as the earliest
approaches applied to the Pursuit-Evasion problem. In this paper we have based on an extension of AGRMF (Agent-
Group-Role-Membership-Function) organizational model with a limited overlapping degree of the pursuit groups to allow
the coalition of the pursuers. The limited overlapping provides certain equilibrium between the pursuit groups through
the elimination of negative externality problem. Regarding the path planning we have based on Markov Decision Process
principles (MDP) resolved via the application of value iteration algorithm. To avoid the obstacles encountered, we have based
on the recent Reward Bug Algorithm (RBA). This algorithm is based on the payoff returned by the application of MDP. The
simulation results reflect the improvement provided by this new approach in relation to recent methods applied to this kind
of problems.
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1. Introduction

Agent-Based Models (ABMs) seek to clone human
behavior in a virtual reality, or artificial envi-
ronment. In an artificial environment, the agents’
decision-makers operate with each other with the
aim of producing possible phenomena understand-
able by social scientists. This definition may be not
sufficiently clear to those who are not experts in Dis-
tributed Artificial Intelligence (DAI), but it provides a
clear signification if we take into consideration that all
of us are acquainted with video games, which reflect
a specific type of ABM. As a matter of fact, video
games integrate players in a virtual world in which
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some characters (the agents) interact: monsters, pur-
suers, evaders, astronauts, soldiers, and so on. Each of
these agents undertakes a specific protocol of behav-
ior (a behavior algorithm) in the case of interaction
with the encountered agents. However, there exist so
many possibilities that random encounters can readily
transform the expected results of the game.

There exist two definition cases of multi-agent
organizational structure. On one hand, it can be
implicit and integrated in the structure of individ-
ual agents. On the other hand, it can be explicit and
defined at the system level. Deciding among one and
the other depends on the specifications of the appli-
cation domain [1]. The formation of organizations
can be effectuated in different ways. In organization
theory, an organization could be spontaneous; emerg-
ing via interactions of the individual decision makers,
or it could be a predefined structure in which the

1064-1246/19/$35.00 © 2019 – IOS Press and the authors. All rights reserved

mailto:souidi.mohammed@univ-khe{penalty -@M }nchela.dz


5618 M.E.H. Souidi et al. / Multi-agent pursuit coalition formation based on a limited overlapping of the dynamic groups

members should try to fit themselves. In multi-agent
systems these two tendencies also exist. In certain
cases, the organization’s structure is depicted as a set
of rules answering to the questions what, whom, and
how to organize the communication. In other cases
the interest focuses on an emergent formation of the
organization, in which its objective is to have the
organizational structure integrated into the agents.

The organizational modeling frameworks can real-
ize the application of organizational constraints
explicitly into a multi-agent system. There exist
several frameworks in the literature for modeling
organizations. Some examples of these frameworks
are: AGR (Agent, Group, Role) [2], YAMAM (Yet
Another Multi-Agent Model) [3], AGRMF (Agent-
Group- Role- Membership- Function) [4, 9], GAIA
[5], and MESSAGE [6]. These frameworks vary in
different points like internal or external representa-
tion of the organization, existence of a distinct or
distributed management, and normative angles of the
organization [7].

In this paper, we propose an organizational archi-
tecture allowing dynamic and optimal overlapping
coalitions of the multi-agent system. This new organi-
zational structure known as OAGRMF (Overlapping-
Agent-Group- Role- Membership- Function) can be
considered as a new improvement of AGR organiza-
tional model via the implementation of new concepts.
The proposed architecture is based on four different
concepts: Agent, the Overlapped Groups, the Role,
and the Membership function. In relation to the coali-
tion based on AGR [8], the proposed work introduces
the membership function concept representing the
groups’ access mechanism. Knowing that in AGR,
there is no mechanism permitting the access to the
groups. Moreover, this proposal is based on dynamic
groups in relation to the compared work.

Comparing with the coalition based on AGRMF
[9], this new approach allows the overlapping of the
groups (each agent can belong to more than one
group) to avoid the problem linked to the negative
externalities. The negative externality is related to
the agents already belonging to a specific group but
their impact can be more important in other groups.
Furthermore, the overlapping makes this approach
applicable in the case where the number of the exist-
ing agents is less than the requirement.

Markov chains are used to model the stochastic
systems but do not allow an agent to intervene and act
on the evolution of the system. MDPs (Markov Deci-
sion Processes) are extended from Markov chains to
model the dynamics of a system under the control of

an agent through actions and attributing rewards to the
transitions between the states. In other words, MDP
furnishes a formalism of model and solves planning
and learning problems under uncertainty. Assume
that we have on the one hand, a system changing
over time as a probabilistic automaton and on the
other hand, a kind of external controller examining
the current state of the system. This controller can use
a number of actions to build an optimal plan maxi-
mizing the reward that it can get. The evolution of the
system is seen as a Markov process, i.e. the evolution
of a temporal sequence of distinct States according to
probabilities of transition, only based on the phenom-
ena of the previous state. Puterman [10] describes
these models located at the confluence of decision and
probabilities theories. MDPs allow taking sequential
decisions under uncertainty.

MDP is composed of two distinct elements:
Markov process and a controller element. At each
time step, the controller of the system observes the
process and has the ability to act upon it, by making
an action possibly nil. A reasoning based on MDP
can lead to the following speech: “I know that I’m in
such situation and if I make such action there are so
many chances to find myself in this new situation by
obtaining such reward”. In relation to the work pro-
posed in this paper, we introduce a multi-agent path
planning allowing the motion of the agents as well as
the obstacles avoidance based on MDP principles.

Pursuit-Evasion Game (PEG) is a popular multi-
agent problem related to the optimization of the
path and task planning of the agents. Based on
uniform criteria between pursuers and evaders, the
pursuit-evasion problem can be categorized into sin-
gle and multi-object pursuits. The principal goal of
Multi-Agent pursuit-evasion games is to allow the
cooperation of a group of pursuers with each other
with the aim of blocking the movement of another
group of evaders. Furthermore, this problem has been
taken into consideration in many interesting works
and its application was extended from a various set
of techniques and useful approaches such like: Graph
theory [11], Polygonal environment [12, 13], Data
mining [14], and Reinforcement learning [15]. In
this type of problem, the participating agents are pre-
sented in different kinds. On the one hand, the agent
pursuer reflects its pursuit potential (capacities). On
the other hand, the agent evader returns the number
and type of pursuers needed to capture the evader con-
cerned. The value of an evader returns the expected
rewards should be obtained by the pursuers impli-
cated in the pursuit in the case of the evader capture.
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OAGRMF organizational model can be considered
as a type of task coordination mechanisms. As known,
the task coordination mechanisms could be applied
to several problems such as: Pursuit-evasion [16],
Pick-up delivery [17], task allocation and scheduling
[18], air traffic control [19] as well as supply chain
management [20]. In this work, we have applied our
mechanism to the pursuit-evasion problem due to the
emergence of the organizational phenomena through
this kind of game. Moreover, the concepts proposed
in OAGRMF are very close to concepts of PEG. For
example, the groups in OAGRMF are represented by
the pursuit groups in PEG, the roles in OAGRMF
are represented by the roles pursuers and evaders in
PEG. In other words, in order to integrate a pursuit
group, the concerned agent must be able to play the
role proposed by the concerned group.

Regarding the PEG, the main objectives of this pro-
posal is to improve the pursuers capturing time as
well as the internal development of the pursuers dur-
ing the pursuit achievement in relation to the previous
approaches proposed. Also, we seek to decrease the
number of pursuers used to perform the pursuits.

This paper is organized as follows: in section 2,
we discuss the main works related to the proposition
introduced in this paper. In section 3, we describe
the environment and the different component of the
pursuit. In section 4, we detail the pursuit algorithm
based on the Overlapping AGRMF from the detection
of the evaders to their capture. Moreover, we explain
how MDP principles are used in order to provide a
path planning to pursuers. In section 5, we present
our simulation part, in which we expose a comparison
study between the algorithm proposed in this paper
and relevant related works. Finally in section 6, we
focus on concluding remarks regarding the approach
proposed.

2. Related work

In the recent research activities, two approaches
based on Multi-agent organizational modeling frame-
works are considered as the first works applied to
the pursuit-evasion problem. In the first approach [8],
the authors have proposed a pursuit coalition forma-
tion algorithm based on AGR organizational model
in order to evaluate the impact of the agents grouping
in non-overlapping groups on the pursuit processing.

In the second approach, they proposed a new orga-
nizational modeling framework known as AGRMF
[9] extended from AGR through the application of

fuzzy logic principles. The groups in this model are
equipped with a membership function calculating the
membership degree of each agent in relation to each
group. Moreover, they have extracted a dynamic pur-
suit coalition formation algorithm from this model, in
which the membership function dynamically deter-
mines the access to the role pursuer proposed by the
pursuit group concerned.

In [21], the authors introduced an interesting lit-
erature analysis regarding the different Multi-agent
organizational modeling frameworks used. They
evaluated the qualities of the Agent-Oriented soft-
ware engineering methodologies, focalizing on their
relations with industrial practices. Comparing with
GAIA [5], OAGRMF is based on a meta-model
allowing the description of the different concepts
forming the model as well as the relations between
them. Moreover, the new extension of AGR proposed
in this paper is based on a support tool known as
Madkit [2]. In relation to MESSAGE [6], the both
are based on support tools and meta-models. The
major difference is the concept Group proposed in
OAGRMF meta-model which simplifies the tasks
repartition between the formed groups of agents.
Furthermore, the meta-model of OAGRMF allows
the groups’ overlapping to decrease the number of
agents used to resolve the encountered problems.
YAMAM organizational model [3] is also based on
a meta-model describing the relations between four
different concepts: Agent, Role, Task, and Skills,
which can easily model the PE problem. In relation
to OAGRMF, the concept Group and the overlap-
ping between the set of groups make this model more
adequate to allow the flexible grouping of the agents.

In [22], they have based on a game theoretic
method (IEDS) to provide a pursuit task coordina-
tion mechanism. This coalition algorithm is based
on the iterated elimination of the dominated pur-
suit groups causing certain equilibrium between the
pursuit groups selected and excluding any problem
related to the negative externalities. Furthermore, this
approach showcases an interesting decentralized cal-
culation of the possible coalition formations.

Regarding the recent contributions in multi-agent
path coordination [23], the authors have focused on
the processing of the complex obstacles such as U and
H encountered during the pursuit of targets. In other
words, they proposed an obstacle avoidance process
based on Bug-Algorithms and the rewards generated
through the application of MDP. This new process
is known as Reward Bug Algorithm (RBA). In rela-
tion to the precedent Bug-Algorithms, this method
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increases the use of the environment’s data returned
via the sensors equipping the pursuers. Moreover, we
demonstrate how RBA improves the goal orientation
of the pursuers as well as their decision regarding the
obstacles’ leaving points. In the context of Pursuit-
Evasion games, MDP is frequently introduced to
schedule the path planning of the agents via the opti-
mization of the payoff returned during the pursuit. In
[24], a Partially Observable Markov Decision Process
(POMDP) algorithm is implemented to localize the
mobile target in a known graph. The major goal is to
minimize the time regarding the capture of the targets
through the clearing of the graph. In [25], the authors
presented a new approach known as Continuous Time
Markov decision process (CTMDP) to process the
PEG. In relation to MDP, CTMDP takes into consid-
eration the effect of the transition time between the
states implying a strong robustness against the varia-
tions in transition probability. In relation to the path
planning approaches proposed in [26], the motion
strategy used in this paper is based on the value iter-
ation algorithm detailed in the section 4.2. The point
making the difference is the implantation of the new
RBA [23] allowing the avoidance of the encountered
obstacles. RBA is based on the values generated by
the reward function. This fact makes RBA one the
most appropriate obstacle avoidance algorithm can
be implemented in stochastic domains.

In order to tackle the lack of existing research on
coalition formation, in which an agent can take part
in several groups, the authors proposed [27] a system
known as Dynamic Multi-agent Overlapping Coali-
tion (DynaMOC). In this system, each agent can be
defined as dynamic driven data application which
receives and evaluates data from physical system in
real time. The system applies a mechanism to reduce
the computational and communication efforts based
on dynamic overlapping coalitions of agents. Each
agent is capable of organizing coalitions and calcu-
lating their own schedules of tasks according to the
knowledge obtained within the coalitions concerned.
In the same context [28], a particle swarm algorithm
with dynamic weight value based on the similar-
ity calculation is introduced to resolve overlapping
coalition formation of serial tasks. This algorithm
allows an Agent to take part in several different coali-
tions, and also reduces the waste of agent resource in
certain extent. Lin e Hu [29] introduced the binary
Particle Swarm Optimization (PSO) to process the
coalition formation problem, taking into consider-
ation the overlapping coalition and parallelizability
simultaneously. In fact, they developed an algorithm

Fig. 1. A part of the PEG environment. Black cells: cells contain-
ing obstacles. White cells: free cells. Circle agent: Evaders. Car
agent: Pursuers.

to parallelize the process of overlapping coalition for-
mation, and also to assure the coordination of tasks
at the same time. Kraus et al. [30] took into account
the probability of incomplete information. Their work
proposed protocols regarding the formation of coali-
tions based on the payoff sharing between agents in
cases where groups of self-interested agents can only
execute tasks cooperatively. Specifically, they con-
sider situations where a complex task is composed of
sub-tasks, and each sub-task must be executed by a
different agent.

3. PEG description

In this paper, the PEG will be processed in an envi-
ronment decomposed into a grid of rectangular cells.
There exist two types of agents, the Evader E which
moves randomly in the environment until its cap-
ture (that’s mean all the possible next states or cells
are occupied). The second type concerns the Pursuer
P, which must be integrated into a group or groups
according to a task planning method and equipped
with a path planning method to effectuate the pursuit.
The existing Evaders are differentiated by the num-
ber of Pursuers required to accomplish the chase of
each one. Moreover, there exist some complex static
obstacles characterized by different shapes and sizes
situated randomly in the environment. Knowing that
the environment cells have the same size as shown
in Fig. 1, this representation seems to be perfect to
clarify the implementation of MDP principles.

MDP is based on the following components,
namely states, actions, transitions, rewards, policy,
and value function:
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• States (S): A state represents how the system
currently exists. Ideally, it is an abstract and
compact representation that only considers the
necessary elements for the resolution of the
problem, everything else being overlooked in
modeling. For example, it may be the position of
an agent in its environment. If we imagine all the
possible values’ combinations of the modeled
elements, then we obtain a set of states called
State space.
• Actions (A): An action is an available means

that the effect can change the state of the pro-
cess. A problem that we will discuss will be
about the action that the Pursuer must choose
in a particular State of the environment.

Rewards (R): MDPs aim to automate the decision
making process, also, we must be able to have a mea-
sure of the usefulness for possible actions. This is
why we specify the earned values corresponding to
the choice of such action in such State. A reward, so-
called immediate, is levied for each transition, but it
can be nil if the state concerned contains an obsta-
cle. Therefore, we can try to act so as to maximize
the total reward in the short, medium or long term.
In this paper the reward of each cell is inversely pro-
portional to the distance between the cell concerned
and the cell containing the target chased. The dis-
tance between the Pursuer and the Evader purchased
in the environment implies a considerable impact on
the pursuit processing. It is calculated via the use of
the Cartesian coordinates of the agents concerned as
follows:

Dist (s, s
′
) =

√
(Cosx − Co

s
′
x
)2 + (Cosy − Co

s
′
y
)2

(1)

R(s) = − Dist(s, s
′
) (2)

(Cox, Coy): Cartesian coordinates of cell containing
the agent in the environment.

: the maximum reward or the reward of the cell
containing the target.

s: the state containing the pursuer.
s’: the state containing the evader.

• Transitions (T): The transitions describe the evo-
lution of system state over time and in particular
under the effect of an action. MDPs are power-
ful tools because they take into account the fact
that the effects of actions can be probabilistic
and therefore they are not guaranteed.
• Policy: The agent’s behaviour is guided by a pol-

icy π. A policy is defined as a function from the

states space to the actions space:

∀s ∈ S π : S→ A (3)

This function signifies that every policy asso-
ciates to each state s an action a. Solving MDP is
effectuated via the calculation of a policy indi-
cating for each state of the system the best action
to perform and maximizing a certain optimality
criterion. This solution is known as the Opti-
mal Policy π∗. Bellman [31] demonstrated that
each MDP possesses at least a deterministic and
stationary optimal policy. Therefore, the search
regarding the policy can be achieved in the space
of deterministic policies.
• Value function (V): In order to maximize the

gains, the agent must choose among several poli-
cies according to the value of each one. The value
function of policy π, associates to each state s the
value of the performance criterion (considered),
following π from s:

∀π ∈ �, Vπ : S→ R (4)

Taking into account the �-weighted criterion, the
value function of policy π is written as follows:

Vπ(s) = Eπ
[∑∞

t=o
γtrt\s0 = s

]
(5)

Where Eπ denotes the mathematical expectation
when politics π is followed.

A policy π∗ is considered as Optimal when:

∀π ∈ � ∀ s ∈ S Vπ∗(s) > Vπ(s) (6)

4. The proposed solution

In this section, we detail how the pursuit of the
different evaders detected is processed. On one hand,
we clarify how the coalition of pursuers is effectu-
ated according to the organizational model proposed
OAGRMF. On the other hand, we showcase how the
pursuers move to the evaders during the pursuit iter-
ations according to MDP principles and the obstacle
avoidance method RBA:

4.1. Pursuit coalition based on OAGRMF

Multi-agent coalitions are principally concerned
with the evaluation of optimal grouping. The objec-
tive of an optimal coalition structure is to partition the
teams into subgroups with or without intersection and
equitably assign the tasks to those subgroups. Early
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Fig. 2. OAGRMF meta-model.

research activities regarding the overlapping coali-
tions in multi-agent systems have been only recently
introduced. Some of these algorithms use the forma-
tion of coalitions for joint achievement of tasks in the
case where such tasks require different skills to be
improved.

In this paper, we propose a new organizational
modeling framework known as Overlapping Agent
Group Role Membership Function (OAGRMF). The
goal of this model is to optimize the multi-agent tasks
execution as well as the agents’ development during
this process. In order to get a Role, the Agent must
belong to the Group proposing the Role concerned
with a specific Membership degree. In comparison
with AGRMF, OAGRMF allows the overlapping of
the existing groups:

∀ gr1, gr2∈GR :

{
if gr1 ∩ gr2= ∅ then AGRMF

else OAGRMF

(7)
gr1, gr2: groups composed of agents.
GR: the set of the existing groups.
Figure 2 reflects the relationships between the dif-

ferent concepts forming the organizational proposed
model. The concepts Group and Role implement the
interfaces GroupStructure and Type of role which
contain the main parameters allowing the structura-
tion of the group and the role respectively. The
structure of the group is composed of one member-
ship function and can contain more than one type
of role. If an agent wants to integrate a group, it
must play one of the roles of the concerned group.
In order to be authorized to play a role in a group, the
agent must belong to the group with a specific mem-
bership degree. Moreover, each agent can play more
than one role in the same group or in different groups
which means that an agent can belong to more than
one group allowing the overlapping of organizational
architecture proposed.

In this section, we introduce our pursuit coalition
formation based on a limited overlapping of the pur-
suit groups. This algorithm details the process of the
pursuit-evasion game from the detection to the cap-
ture of the evaders:

Algorithm name: Pursuit coalition algorithm

Inputs: Agents position
Outputs: Evaders capture

x← number of evaders detected;
y← number of pursuers
Create x Groups;
Broadcast (offer);

For each-evader do
While (Groupk /= Complete) do
repeat

T1[i]←�(Group, Ai);
T2[I]← Ai;
i← i + 1;

Until I = y
repeat
�← index (max(T1));
Agent-Selected← T2[�];
If overlapping-degree () <50% then

Role-attribution(Agent-Selected);
Delete (max(T1));
Delete (T2[�]);
j← j + 1;
nbr-role (Agent-Selected)++;
If nbr-role (Agent-Selected) >1 then

overlapping-degree ()++;
endif;
Until j = Rek
k← k + 1;
endFor;
While (Time > 0) do

If obstacle() = true then
RBA();

Else
Move-to-target();

endif;
If (Capture() = true) then

Update (Rewards);
End while
If (Time = 0 and Capture() = false) then

Update (Fines);
End.

After the detection of the existing evaders in the
environment, a pursuit group concerning each evader
will be created. As explained in [9], each pursuit
group is equipped with a membership function �()
determining the membership degree of each agent
in relation to the group concerned according to the
following equation:

μgroup(P)

= (Coef1 × R+ Coef2 × Tying+ Coef3 × Credit)∑3
i=1 Coefi

(8)
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This function is based on 3 parameters representing
the pursuer skills (R, Tying, and Credit). R is calcu-
lated Equation (2) in relation to the distance between
the pursuer and the evader concerned as detailed in
Section 3. The coalition of the pursuers is considered
as the first step of the pursuit. This grouping dissolves
when the time spent on the pursuit is over. When the
same group of pursuers is affected to an identical
task in the future, it is necessary to repeat the process
again and reconstitute a new coalition. Consequently,
the factor of the task acquaintance (Tying) is used in
order to decrease the communication rate as well as
to avoid repeated information used in interactions.
Tying, denoted by Tyingij is the degree of experience
for a group of agentsi concerning a specific task Tj.
This dynamic parameter will be updated when the
task concerned is performed as follows:

Tying
′
ij =

{
min(Tyingij + λ1, 1), Tyingij /= 0

λ2, Tyingij = 0

(9)
λ1, λ2: The coalition factors.
If a pursuer is not able to execute the task assigned

in time then its credit will be decreased. The credit of
the pursuer is computed as follows:

∀ Credit ∈ (0, 1) : Credit = min

(
1, 1− γb

γt− γs

)
(10)

γs: the number of tasks that the agent has finished
with success.

γt: the number of tasks in which the agent has
participated.

γb: the number of the abandoned tasks by the agent.
In this paper we propose a new approach based

on our previous work. In fact, we allow the overlap-
ping of the pursuit groups with a specific degree. In
other words, each agent can play the role Pursuer in
more than one pursuit group. The different steps of the
pursuit coalition algorithm are discussed as follows:

During the pursuit iterations, the membership
degree of each agent in relation to each pursuit group
is updated. The role Pursuer will be attributed to the
agent after the verification of these two conditions:

1. If the agent belongs to the group concerned with
highestRe membership degree. Knowing that Re
represents the number of pursuers required to
capture the evader.

2. The second condition concerns the overlapping
degree of the groups retuning how many pur-
suers belong to more than one pursuit group.
In fact, if this degree exceeds 50% and the

agent concerned already belong to one or more
other pursuit groups then the role will not be
attributed.

After the attribution of the role Pursuer, the roles’
number of this agent will be incremented if it belongs
to more than one pursuit group.

After the coalition formation of the pursuit groups,
each pursuer will undertake the stochastic path plan-
ning method based on MDP detailed in 4.2 with the
aim of stopping the movement of the evader con-
cerned.

If the evader is captured before the end of pursuit
time then the pursuers concerned will be awarded. In
the other case, the guilty pursuers will pay some fines
to the pursuers belonging to the same group.

4.2. Path planning resolution based on
value-iteration

In this section, we expose how the pursuers plan
their paths in the grid of cells environment. Our path
planning method is totally based on MDP principles.
In fact, the pursuer can move in 4 different direc-
tions (Up, Down, Left, Right) according the rewards
perceived in the environment. In order to make the
pursuer able to choose the direction returning the
best payoff we have based on the Value-Iteration
algorithm.

Iterating over the values algorithm is the most
commonly used dynamic programming algorithm
because of its simplicity. It consists on gradu-
ally improve the value function arbitrary initialized.
According to the optimality principles of Bellman,
each algorithm’s iteration is an update of the value
function applied to the set of States. Knowing that
Bellman equation is a contraction, it has been shown
[30] that Vt asymptotically converges to the optimal
value function V ∗ (regardless of the initialization of
V0):

Vπ(s) = R(s, π(s), s
′
)+ γ.

∑
s
′ T(s, (π(s), s

′
).V(s

′
)

(11)
Different methods can be used to stop the algo-

rithm. The most common is to stop the algorithm
when the distance between two successive values falls
below a certain threshold ∈:

‖Vt − Vt−1‖ <∈ (12)

Therefore, a warranty on the remaining distance
in relation to the optimal value function V ∗ is
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established:

||Vt − V ∗|| < 2γ

1− γ
∈ (13)

From this iterative calculation and the stopping cri-
terion explained, we can deduce the value-iteration
algorithm:

Algorithm name: Path planning algorithm

Inputs: MDP (S, A, P, R, T), �∈ [0, 1[,∈≥ 0
Outputs: π∗
1 If obstacle = false then
2 For s ∈ S do
3 V0(s)← 0;
4 t← 0;
5 Repeat
6 For s ∈ S do
7 Vt+1(s)← max

a∈A
[R(s, a)+ γ × (T(s, a, su)× Vt(su), T(s, a,

sd)× Vt(sd), T(s, a, s1)× Vt(s1), T(s, a, sr)× Vt(sr))];
8 t← t + 1;
9 Until ||Vt+1 − Vt || <∈;
10 For s ∈ S do
11 π∗(s)← arg max

a∈A
[R(s, a)+ γ × (T(s, a, su)× Vt(su), T(s,

a, sd)× Vt(sd), T(s, a, s1)× Vt(sl), T(s, a, sr)× Vt(sr))];
12 Else
13 Index← false;
14 While (Index == false) do
15 Follow the obstacle edge;
16 For (i = 1; i≤ 4; i++) do
17 R (Sensori, a);
18 If (Position (Sensori) /= obstacle adjacent and R(Sensori, a)

= max) then
19 index← true;
20 End-if
21 End while
22 End-if

In order to converge to an optimal policy π∗,
the algorithm requires the utilization of different
resources. Thus, we focus on the study of the temporal
and the spatial algorithm complexities. The tempo-
ral complexity of Value Iteration depends essentially
on two factors: the complexity of the iteration and
the necessary number of iterations to converge to an
optimal solution:

• Complexity of an iteration: the operation with
the highest consumption is the calculation of a
transition between the states, where the com-
plexity is O (|S|2|A|).
• Number of iterations: this number varies accord-

ing to the size of the problem, but remains
polynomial in relation to S, A, �, and B, where
B is the number of bits needed for the represen-
tation of the functions P and R.

The space complexity is linear in accordance to | S
|| A | (the memory space of states and actions as well
as Vt(s) during the phase of planning must be stored).

In the case of obstacle detection, the pur-
suers follow the principles of one of the earliest
obstacle avoidance algorithm known as Reward
Bug-Algorithm (RBA) [23]. This extension of Bug-
Algorithms [32] is based on the following of the
obstacle edge. During this operation, the sensors of
the pursuer return the average rewards detected in
the different possible directions. The obstacle leav-
ing point is when the average reward is lowest in the
direction adjacent to the obstacle.

5. Simulation results

In order to prove the feasibility of the approach
proposed in this paper, we propose in this section a
comparison study of OAGRMF algorithm with rel-
evant technics treating the pursuit evasion problem.
The pursuit-evasion problem is processed in a limi-
tary rectangular grid of 100× 100 cells environment.
Moreover, there exist obstacles of different size and
shape implemented to complex the movement of the
agents. These obstacles are avoided by the pursuers
using the recent RBA as explained in section 4 of
this paper. This case studied is based on 10 Pursuers
and 2 Evaders situated randomly in the environment.
Knowing that each Evader needs a coalition formed
by 4 Pursuers to be captured.

During this work, we have seen the usefulness to
use an open source agent-based modeling develop-
ment platform known as NetLogo with the aim of
describing the pursuit-evasion environment as well
as the pursuit process from the agents‘ coalitions
to the capture of the evaders detected. In fact, this
platform offers the opportunity to create different
types of agents which could be distinguished by
several features such as the mobility degree defin-
ing the speed of the movement and the available
paths to follow, the shape and the color defining
the role attributed during the pursuit process. More-
over, the agents‘ environment proposed in NetLogo
more known as (the Patches) corresponds perfectly
to our grid of cells pursuit-evasion environment. In
other words, each patch characterized by Cartesian
coordinates is considered as a cell which can be occu-
pied by an agent or an obstacle. The colors of the
Patches are modifiable allowing us the definition of
the free cells, the obstacles, as well as the environment
edges.
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Fig. 3. Pursuit rewards distribution.

In addition to the part of the environment shown in
Figs. 1, 3 details how the rewards are distributed in
the environment in order to allow the pursuers path
planning as explained in section 4.2. We can note
that each cell of the environment contains a vector
[x, y, z]:

x: the reward could be obtained by a pursuer in
the case of purchasing the first evader.
y: the reward could be obtained by a pursuer in
the case of purchasing the second evader.
z: the obstacle index. This variable can receive
two different values, 1 if the cell contains an obsta-
cle and 0 in the other case.

Knowing that the resolution of PE problem via the
application of MAS organizational modeling frame-
works is a recent research field [8, 9], we have seen
the usefulness to compare this work with a relevant
approach [9] also extended from AGR [2].

As explained in section 2, there exist several types
of MAS tasks coordination mechanisms which can
be applied to the PE problem. In order to vary these
types, we also compare our work to a PE algorithm
based on an auction mechanism [16]. In relation to
OAGRMF, this approach is also based on an efficient
coalition access mechanism.

The three cases compared in this section can be
detailed as follows:

• OAGRMF case: pursuit-evasion based on the
approach proposed in this paper. Knowing that,
OAGRMF algorithm is well detailed in section
4 of this paper.

Fig. 4. Average capturing time obtained via the use of different
number of pursuers.

• AGRMF case: Pursuit-evasion based on
AGRMF organizational model proposed
recently [9]. In comparison to OAGRMF,
AGRMF is based on non-overlapping pursuit
groups.
• MPMEGBTBA case: Pursuit-evasion based on

an economical auction mechanism (MPMEG-
BTBA) [16]. In this approach, an advanced task
negotiation process based on Task Bundle Auc-
tion was introduced with the aim of allocating
the task dynamically via the dynamic grouping
of multiple agents.

Figures 4 and 6 represent the average evaders cap-
turing time obtained after 30 pursuits. The capturing
time is calculated in relation to the average number of
iterations effectuated by the pursuers from the begin-
ning to the end of the pursuit. In other words, each
time unit refers to one pursuit iteration according to
the literature review [8, 9, 16, 22, 23]. The pursuit
iteration can be defined as a pursuer state change or
the motion of an agent from a cell to another adja-
cent cell (up, down, left, right). Knowing that, all the
agents used have the same speed (one state change in
each time unit).

The results shown in Fig. 4 are not based on
the same number of pursuers used in all the cases
compared. In fact, the number of pursuers used in
OAGRMF decreases in relation to the increase of
the limited overlapping degree determined. In our
case study, the maximum overlapping degree is 50%.
That’s to say no more than two pursuers can belong
to more than one pursuit group. The average over-
lapping degree obtained in the pursuits taken into



5626 M.E.H. Souidi et al. / Multi-agent pursuit coalition formation based on a limited overlapping of the dynamic groups

Fig. 5. Overlapping degree used during 30 pursuit episodes.

account in the results reflected is 36.87% as shown
in Fig. 5. Then, we can conclude that the number
of the pursuers used to effectuate the capture in
OAGRMF case is 6.525 pursuers. However, the num-
ber of pursuers used in AGRMF and MPMEGBTBA
is 8 pursuers.

After the application of the Friedman test on
the results shown in Fig. 4, we obtained p-
value = 6.6877191086071E-13. The result obtained
is less than the significance level 0.05, which proves
that there exists a significant difference between the
3 compared cases.

In addition, we note an interesting decrease in the
evaders capturing time in OAGRMF case (87.419
pursuit iterations) in in comparison with AGRMF and
MPMEGBTBA, in which the averages were 109.064
and 133.718 pursuit iterations respectively as shown
in Fig. 4.

Also, we have studied the capturing time using the
same number of pursuers in the three cases as shown
in Fig. 6. In fact, we have decreased the number of
pursuers in AGRMF and MPMEGBTBA in accor-
dance to the number of pursuers used in OAGRMF
case. The average number of pursuers used in the
pursuit episodes is 6.525. The results show an impor-
tant increase of 52.95% and 87.20% in AGRMF
and MPMEGBTBA in relation to OAGRMF case.
This improvement can be explained by the elimina-
tion of the negative externalities between the pursuit
groups by allowing the multi attribution of the tasks
to the individual agent as well as the dynamism of the
pursuit group during the capture. The negative exter-
nality concerns the groups which are not integrated
by the best pursuers because of their belonging to
other groups. In other words, the negative externality

Fig. 6. Average capturing time obtained via the use of the same
number of pursuers.

Fig. 7. Pursuers rewards development during a specific part of
pursuit.

concerns the case when an agent is not belong-
ing to the group in which this agent is the most
efficient.

After the application of the Friedman test on
the results shown in Fig. 6, we obtained p-
value = 2.4602743683859E-13. The result obtained
is less than the significance level 0.05, which proves
that there exists a significant difference between the
3 compared cases.

Figure 7 represents the pursuers reward develop-
ment in three cases studied during a specific part of
the pursuit. We note an increase in the first iteration
in favour to OAGRMF case due to the equilibrium
provided by our algorithm regarding the construction
of the pursuit groups. In order to explain this fact, we
propose an example in which 8 pursuers are proposed
to integrate 2 pursuit groups:
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Table 1
Roles’ attribution (AGRMF vs OAGRMF)

P1 P2 P3 P4 P5 P6 P7 P8

GR1 23% 50% 45% 80% 61% 20% 30% 55%
GR2 28% 44% 54% 80% 62% 23% 17% 90%

Grouping based on AGRMF: GR1: (P4, P5, P8, P2) = 61.5%. GR2:
(P3, P1, P6, P7) = 30.5%. Grouping based on OAGRMF: GR1: (P4,
P5, P8, P2) = 61.5%. GR2: (P8, P4, P3, P1) = 63%.

The values shown in Table 1 are supposed to be the
membership degree of each pursuer in relation to each
group. This example perfectly exposes the problem of
negative externality. In other words, GR2 in AGRMF
case is clearly weakened because the best pursuers
P8 and P4 already belong to GR1. This problem is
resolved in OAGRMF knowing that this algorithm
allows these two pursuers to belong to two groups in
the same time. This fact improves the average mem-
bership degree of the agents in OAGRMF (62.25%)
in comparison with AGRMF (46%).

Figure 8 showcases the average reward obtained
by the pursuers during the pursuit iterations regard-
ing the 3 cases studied. In MPPEGBTA, the average
reward obtained was 46.58%. This average increase

Fig. 8. Rewards obtained during the pursuit iterations.

Fig. 9. Capturing time calculation in relation to the overlapping
degree.

Table 2
Main results obtained

Capturing
time (with the
same number
of pursuers)

Capturing time
(without the
same number
of pursuers)

Reward
achieved per
pursuit
iteration

MPMEGBTBA 133.48 163.65 46.58%
AGRMF 109,06 133.71 57.81%
OAGRMF 87.41 87.41 64.31%

until 57.81% in AGRMF due to the application of the
membership function optimizing the groups’ access
as well as the dynamic reconstitution of the pur-
suit groups during each pursuit iteration. However
in OAGRMF, the average reward exceeds the prece-
dent cases by the acquiring of 64.31% of the possible
reward. This positive result reflects the efficiency
retuned through the implementation of a limited over-
lapping principle between the pursuit groups.

Finally, we have studied the capturing time in rela-
tion to the overlapping degree of the pursuit groups
as demonstrated in Fig. 9. We note that the capturing
time decreases when the overlapping degree is limited
between 25% and 75% in comparison with the stan-
dard case (without overlapping). However, the time
increases when the overlapping degree reaches the
pick. This fact means that only 4 pursuers are used to
capture 2 evaders in our case study.

Table 2 summarizes the exact results obtained dur-
ing the simulations explained. These results showcase
the improvement brought by OAGRMF concerning
the evaders capturing time as well as the pursuers’
development (reward achievement) during the exe-
cution of the pursuit.
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6. Conclusion

In this paper, we have proposed a task planning
method based on organizational modeling framework
to allow an optimal and dynamic task sharing between
the multi-agent groups as well as a path planning
method based on stochastic principles to allow the
displacement of the different agents. Concerning the
task coordination, we have based on an extension of
AGRMF organizational model by allowing a limited
degree of the groups overlapping. Regarding the path
planning, we have based on MDP principles resolved
by the value-iteration algorithm as explained in sec-
tion 4. Moreover, we have used a recent obstacle
avoidance algorithm known as RBA to dodge the
collision of the agents with the different obstacles
encountered.

In comparison with AGRMF organizational
model, this new approach is more adequate in the
case where the number of existing agents is less than
the requirement. Moreover, this model eliminates the
problem related to the negative externalities emerg-
ing from the agents groupings via the overlapping
principle.

In order to showcase the improvement brought by
this approach, we applied it to the PEG in section 5.
Also, we have seen the usefulness to compare this
proposal with AGRMF and MPMEGBTBA, which
are recent works in this field. The approach proposed
in this paper improves the evaders capturing time as
well as pursuers’ developments during the pursuit.
Furthermore, this approach allows the decrease of
the pursuers used to effectuate the different pursuits.
These facts are due to the limited overlapping of the
pursuit coalitions which provides a certain groups
balance.
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