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Abstract

In this paper we study the problem of forming coalitions for dynamic tasks in multirobot systems. As robots, either indivi-

dually or in groups, encounter new tasks for which individual or group resources do not suffice, robot coalitions that are

collectively capable of meeting these requirements need to be formed. We propose a hybrid approach to this problem

where coalitions proceed with the task if they have sufficient resources after liberating redundant members while they

report it to a task coordinator in cases where their resources do not suffice. In turn, the task coordinator forms capable

coalitions based on coalition formation games in which groups of robots are evaluated together in regards to each task’s

required resources and cost of forming a coalition. The resulting coalitions are such that no group of robots has a viable

alternative to staying within their assigned coalition. Thus, as new tasks are confronted, coalitions merge and split so that

the resulting coalitions are capable of the newly encountered tasks. Simulations and experiments performed on groups of

heterogeneous mobile robots demonstrate the effectiveness of the proposed approach.
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1. Introduction

In this paper, we consider the problem of coalition forma-

tion for dynamic multirobot tasks that require a multitude

of different resources in order to be successfully completed.

Such scenarios occur when the resources of an individual

robot are not sufficient for task execution. For example,

tasks such as data collection or clearing an obstruction in

robotic exploration may require different types of equip-

ment or assembly tasks in manufacturing settings may

demand a variety of tools, which the encountering robot(s)

may not (all) have. In these cases, a group of robots having

the required resources need to come together in order to

complete the task. While the type of tasks and hence the

required resources (sensory information (Chen and Sun,

2011; Tang and Parker, 2005), processing (Hoeing et al.,

2007), power or physical labor (Bererton and Khosla, 2002))

will vary depending on the application, in all, assembling

robot teams, commonly known as coalitions, that have suffi-

cient resources needs to be addressed effectively. This is a

challenging problem. As tasks are dynamic, they are encoun-

tered at unpredictable places or times, which implies that the

robot teams cannot be assigned a priori. If the coalitions are

formed with resources far surpassing the requirements, then it

may not be possible to accomplish other encountered tasks.

Furthermore, robots’ locations will need to be considered

since choosing far away robots may lead to delays in the tasks

or unnecessary energy consumption. As this is known to be

strongly NP-hard, approximate solutions with an emphasis on

computational feasibility and practical applicability need to

be developed (Korsah et al., 2013).

The contribution of the paper is to propose a novel

approach to this problem. It is assumed that each robot can

participate in one task at a time and thus can be a member

of only one coalition. If a coalition has sufficient resources

for a newly encountered task, it proceeds with the task after

member robots whose contributions to the coalition’s com-

mon task are redundant leave the coalition and thus become

available to other tasks. In case the coalition does not have

sufficient resources, the task is reported to a task coordina-

tor that is responsible for assembling robot coalitions with

sufficient resources. The coalition assignments are then

conveyed to the robots which then form them as instructed.

The novelties of this approach are two-fold.
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� First, it is a hybrid approach with both decentralized

and centralized decision-making regarding the coali-

tion members.
� Second, the task coordinator forms the coalitions via

merge and split operations while considering task

related constraints, motivated by work in coalition for-

mation games (CFGs) (Apt and Witzel, 2009).

The advantage of this approach is that, differing from pre-

vious related work, coalitions are optimal in the sense that

no group of robots has a viable alternative to staying within

their assigned coalition as the resulting coalitions are

ensured to be Dhp-stable. As a result, as new tasks are

encountered, coalitions merge and split in a manner where

the resulting coalitions are capable of doing these tasks. To

the best of the authors’ knowledge, while there has been

significant progress in multirobot task allocation, we are

not aware of such a hybrid approach that utilizes CFGs and

thus enables Dhp-stability.

The outline of this paper is as follows: First, related work

is reviewed in Section 2. Next, coalitions and tasks are for-

mulated in Section 3. The task coordinator is explained in

Section 4 including a discussion of coalition stability and

computational analysis. Extensive simulations with 50

robots provide insight on performance in a range of multi-

robot tasks in Section 5. Section 6 presents performance

results from the application of this approach on a team of

five robots. The paper concludes with a brief summary

along with future directions. The details of the experimental

setup are discussed briefly in Appendix B.

2. Related literature

The robotics community has addressed coalition formation

in multirobot task allocation (MRTA) problems. In the tax-

onomy1 of MRTA problems (Gerkey and Mataric, 2004), it

is an instance of the ST–MR–IA problems where tasks that

require the combined effort of multiple robots are consid-

ered. As such, the robots need to be split into task-specific

coalitions while taking their individual constraints into con-

sideration. In most settings, all of the tasks are assumed to

be known initially, in contrast to dynamic tasks where envi-

ronmental conditions are fluctuating greatly so that only

instantaneous assignment is possible (Fua and Ge, 2005).

Optimality is defined either with respect to an overall

objective or a set of objective functions that encode

demands, resources and gains if possible (Chapman et al.,

2011; Lau and Zhang, 2003). Due to the NP-hard nature of

the problem, many heuristic methods have been developed

(Gerkey and Mataric, 2004).

The decision-making varies from being centralized to

being distributed (Parker, 2012; Zhang et al., 2012). With

centralized approaches, the constrained optimization is

solved after collecting all the relevant data from the robots.

For example, in Vig and Adams (2006), a multi-agent task

allocation algorithm (Shehory and Kraus, 1998) is modi-

fied in order to accommodate the fact that resources of a

coalition are not collectively available to member robots

and cannot be redistributed among them. The problem is

reformulated as a transportation problem by considering

suitability and allocating robots to tasks so that their

resources match the task’s required resources (Fua and Ge,

2005). An anytime algorithm is shown to have bounded

solution with a minimal search (Dang and Jennings, 2006).

Improved solutions provide solutions in polynomial time in

the case of robots of each type being indistinguishable with

a fixed coalition population using dynamic programming

(Service and Adams, 2011). The problem is generalized by

allowing coalitions to be bounded by a fixed number via

modifying the greedy iterative algorithm based on the set

partitioning problem. Two natural greedy heuristics are

extended via a new greedy heuristic that considers the

expected loss of utility due to the assigned robots and task

as an offset and uses the offset utility for task assignment

(Zhang and Parker, 2013). A greedy optimal solution is

proposed via a leader follower coalition method where

coalition utility is maximized for every assigned task (Chen

and Sun, 2011). In general, the efficiency of the resulting

solutions is easier to ensure and communication require-

ments are linear with respect to the number of robots with

no negotiation required. However, the computational

requirements become unpractical as the number of tasks

and robots increases. Distributed approaches solve the con-

strained optimization problem in a decentralized manner

(Cao et al., 1997). For example, in a class of problems

known as distributed constraint optimization problems,

each robot or group controls one set of variables and

together they have the joint goal of maximizing a global

objective function (Chapman et al., 2011; Yokoo et al.,

1998). One of the most popular approaches that falls into

this category is the market-based strategy where auctions

can be conducted in a distributed manner such as regional

opportunistic centralization (Bernardine Dias and Stentz,

2002; Brunet et al., 2008; Chaimowicz et al., 2002; Gerkey

and Mataric, 2002). The auction process may be split into

task and robot auctions as is done in the double round auc-

tion approach (Guerrero and Oliver, 2012). However, the

locality of decisions may block idle, but remote robots

coming to assistance. As such, while distributed approaches

are advantageous with respect to scalability, the efficiency

of the resulting solutions are harder to ensure while com-

munication requirements increase quadratically with the

number of robots and special negotiation schemes are

required so as to decide when to terminate decision-making

(Bayram and Bozma, 2014). In practice, systems may not

conform to a strict centralized/decentralized dichotomy and

may contain both elements (Wagner et al., 2004). For

example, centralized market-based task allocation com-

bines the efficiency of a centralization (the auctioneer deci-

des with overview of the situation) with the advantages of

distributed approaches (much of the calculation is done by

the individual robots preparing their bids) (Parker, 1998)

where a centralized auctioneer is responsible for the optimi-

zation of a global objective using either combinatorial (de
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Vries and Vohra, 2003) or greedy (Koenig et al., 2006)

approaches. However, scalability issues (such as when to

stop the auction) arise as the number of robots increases

(Ducatelle et al., 2009; Lerman et al., 2006).

Coalition formation has also been addressed in multia-

gent systems where the goal is to find a coalition structure

that maximizes the sum of the values of the coalitions. It is

an instance of a set partition problem which is known to be

a NP-complete (Garey and Johnson, 1979). As the exorbi-

tant number of coalition structures does not allow exhaus-

tive search for the optimal one, the focus has been on

finding a coalition structure via a partial search with guar-

anteed proximity to the optimum. It is shown that the num-

ber of coalition structures that need to be searched for

establishing a bound is required to be greater than a calcu-

lated threshold (Sandholm et al., 1999) along with an algo-

rithm that establishes a tight bound within this minimal

amount of search. Shehory and Kraus (1998) use a greedy

heuristic to yield a coalition structure that is provably

within a bound while limiting the coalition sizes. This

approach is general as it can be applied in environments

that are not necessarily superadditive.2 Such problems have

also been considered within game theory (Hajdukova,

2006; Saad et al., 2009) so that the grand coalition is no

longer optimal (Aumann and Dreze, 1974). Since the addi-

tion of more robots to a coalition increases interference

between the robots and computational cost, the multi-robot

systems fall into the non-superadditive category (Vig,

2006). In CFGs, the focus is on obtaining stable partitions

of the players, which implies that players have no incen-

tives to change their coalitions. As such, stability is related

to the type of membership changes allowed. In hedonistic

games where only one individual player is allowed to

change its coalition at a time, stability definitions vary

from contractual individual stability to individual stability

to Nash stability (Bogomolnaia and Jackson, 2002). In

more general settings, groups of players are allowed to

change their coalitions simultaneously. In this case, stabi-

lity is related to the set of split and merge rules (Apt and

Witzel, 2009). In all, a comparison operator that orders the

sets of coalitions is defined. This comparison operator is

either based on the coalition value that quantifies the worth

of a coalition or the individual players’ payoff (Saad et al.,

2011). Our proposed approach is motivated by these ideas

where the process of finding optimal robot coalitions is

modeled as a CFG, considering task-related preferences

such as resource satisfaction, resource utilization and site

proximity.

3. Multirobot coalitions and tasks

A multirobot system consists of a set of P= f1, . . . , pg
robots. We assume that each robot i 2 P is uniquely identi-

fiable. It is associated with a time-varying position vector

bi 2 R
2. The robots are assumed to be heterogeneous,

which imply that they vary in their resources. Assuming

there are Nr different types of resources, each robot i is also

associated with a resource vector ri = [ri(1),.,ri(Nr)]
T with

ri(j) � 0, j = 1,.,Nr where ri(j) 2 R
�0 denotes the amount

of j th resource that robot i has. If robot i does not have any

of resource j, then ri(j) = 0.

3.1. Coalitions and resources

A coalition Cc is a non-empty subset of P. A coalition with

just one robot is referred to as singleton coalition while the

set P is known as the grand coalition. Each coalition Cc is

associated with a set of resources with possible types of the

resources known. The resource vector is denoted

Rc = [Rc(1),.,Rc(Nr)]
T with Rc(j) � 0, j = 1,.,Nr. It is

assumed that resources are additive - namely

Rc(j)=
P

k2Cc
rk(j). Furthermore, each coalition has a

leader (head). The leader coordinates the coalition. The

leader may change over time as the coalitions evolve. The

rules for selecting leader are as follows. First, the leader

does not change as long as it does not leave the coalition.

Second, if the leader leaves the coalition or the coalition

does not have a leader, the robot with the smallest robot ID

value becomes the coalition leader.

3.2. Tasks and resources

As a robot or a coalition of robots is moving around the

workspace, it will come across a number of tasks. As these

tasks are dynamic, there is no a priori information regarding

their spatial locations or when they are likely to encounter

one. Once a task T is encountered, the coalition leader

records the task including the following.

� Required resources: t = t1, . . . , tNr
½ � where ti 2 R

�0,

i = 1,.,Nr. If a resource l is not required for the task T,

then tl = 0.
� Location of the task: b 2 R

2.
� Time of encounter: te 2 R

�0.
� Time-out duration: Dto 2 R

.0. This indicates the max-

imum allowed waiting period for getting the sufficient

resources and starting with the task.
� Time when the task starts being handled: ts 2 R

.0.
� Task duration: Dtd 2 R

.0.
� Status of the task: s 2 {21, 02, 0+ , 12, 1+ , 1} -

s =

0� if task is waiting in the coalition

0 + if task is waiting in the coordinator

1 + if task is being handled

1� if a coalition is assigned, but task has not started yet

1 if task was completed

�1 if task could not be completed

8>>>>>>>><
>>>>>>>>:

When a task is initiated, s = 02 - which indicates the task

has been just encountered. When resources are found to be

insufficient, s = 0+ . The case s = 12 indicates that a
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coalition has been assigned, but all the coalition members

have not reached to the task site.

3.3. Coalition value functions

The coalition value function v relates a given coalition Cc

with a given task T via encoding resource sufficiency,

resource utilization and members’ proximity to task site. It

is defined as:

v(Cc, T )=
1

1 + b(Cc, T )
ð1Þ

where the term b(Cc, T) is composed of three terms:

b(Cc, T )= w1

XNr

j = 1

g(tj � Rc(j))+ w2

XNr

j = 1

1� Rc(j)

tj + e

� �2

+ w3

X
i2Cc

di, T

2ro

where e . 0 is a small value that ensures the denominator

is never zero. The first term measures whether the coalition

has sufficient resources to complete the task where

g(x)=
0 if x� 0

x2 if x.0

�

The second term indicates preferences for robots that uti-

lize their resources to a greater extent. The third term con-

siders the proximities of coalition members to the task site,

as nearby free robots will be preferred where di,T is the dis-

tance between robot i and the location of task T and the

parameter r0 is a normalizing factor for distance, usually

taken to be the radius of the workspace. The parameters

w1, w2 and w3 are relative weighting parameters of resource

satisfaction, resource utilization and site proximity, respec-

tively with values set according to particular preferences.

3.4. Handling tasks

Each coalition has a task automaton for handling tasks that

is coordinated by the coalition leader. The task automaton

as shown in Figure 1 is designed to have four states: ‘‘idle’’,

‘‘handling’’, ‘‘succoring’’ and ‘‘waiting’’. These states are

selected to reflect logical modes of operation. Normally, the

coalition is in idle state which indicates that the coalition is

not associated with or engaged in a task and thus is ready

for new tasks. The coalition goes into the handling state if

it has sufficient resources and at the task site. The coalition

goes into the waiting state if it has encountered a task, but

does not have the sufficient resources. Finally, the succor-

ing state indicates that a coalition has been assigned a task

and is moving to the task site.

State transitions among different states are based on five

rules. These rules are defined considering the encountered

tasks as well as the encountering coalitions. In particular,

the sufficiency of the coalition’s resources, task site and

time-out are paid special attention as follows.

Rule 1: If the coalition is idle, has enough resources for

this task - namely 8tj, j = 1, . . . ,Nr, Rc(j) � tj and is at

the task site, it goes into the handling state.

Rule 2: In the transition from the idle to the handling

state, if the coalition has surplus of resources: namely dj

such that Rc(j) 2 tj . 0, then it splits as much as possible

in order to maximize coalition value v(Cc, T). If the leader

is taken out, the coalition then chooses the next leader. The

result is reported to the task coordinator, where the robots

that leave the coalition go into the idle state. When the task

is completed, it reports task completion to the task coordi-

nator and goes back to the idle state.

Rule 3: If the coalition is idle, but does not have enough

resources, then it reports the task to the task coordinator

and goes into the waiting state where it remains until it

hears back or time-out occurs. In case it is given sufficient

resources (additional members), then it goes either into the

succoring state or the handling state depending on whether

it is at the task site or not.

Rule 4: If the coalition is idle and is assigned a task, but

is not at the task site, it then goes into the succoring state

where it starts moving to the task site. Upon all reaching

the task site, the state changes to handling.

Rule 5: If the coalition is not idle when it encounters a

task, the coalition leader informs the coordinator of this task.

In the handling state, before starting with the task, the

coalition checks for excessive resources and attempts to be

as lean as possible, as described by Rule 2. In case of hav-

ing excessive resources, without contacting the coordinator,

the leader splits its coalition so that some robots may be

free to participate in other coalitions. If the leader is taken

out, the coalition then chooses the next leader. The infor-

mation is relayed to the task coordinator and then the coali-

tion starts handling the task. At the end of task completion,
Fig. 1. Decentralized decision-making: task automaton of a

coalition.
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the task information is transmitted to the task coordinator

and the coalition goes back to the idle state. The coordina-

tor is informed of this because only idle robots or coalitions

can be considered for task assignment. Rule 3 determines

the transition from the idle to the waiting state. This occurs

if the coalition does not have enough resources. In this

case, it reports this task to the task coordinator and switches

to waiting state. The coalition remains at the location where

it encounters the task, waiting for a response from the task

coordinator. If the task coordinator does not convey an

assignment within a certain time, the coalition goes into

idle state again. If the waiting robots are assigned particular

tasks, they move to the task site as defined by Rule 4.

During this movement, the coalition will be in succoring

state. Once all of the robots reach the task location, the

coalition goes into handling state. The coalition may

encounter new tasks while it is not in the idle state. In this

case, Rule 5 designates that the task is reported to the task

coordinator. Finally, whenever the coalition goes into the

idle or waiting state, this is reported to the task coordinator.

Hence, communication requirements will vary depending

on the encountered tasks and coalition’s resources.

4. Task coordinator

The task coordinator3 is responsible for forming the robot

coalitions capable of performing encountered tasks. The

coordinator maintains a list of reported tasks which are

waiting (either in the coalition or in the coordinator). Let

this list be denoted by T = T 1, . . . , TnT½ � where nT is their

total number. This list expands as new tasks are reported

and shrinks as tasks get assigned or timed-out.

The set of coalitions is defined by a time-varying set

C(t) = C+ (t) [C0(t) where C+ (t) denotes the coalitions

(consisting of either a single robot or multiple robots) that

are currently engaged in a task while C0(t) denotes the coa-

litions that are idle or waiting composed of member robots

P0 � P. Periodically, the task coordinator considers the

current list of pending tasks T , updates the set of coalitions

C0(t) in order to assign coalitions to these tasks and informs

the robots accordingly. Any family of P0= C1, . . . ,CnC
f g

of mutually disjoint coalitions is referred to as a collection

in P0. If
SnC

c = 1 Cc =P0 where nC is the number of coali-

tions, then C0 is called a partition on P0 (Apt and Witzel,

2009). As such, in each update, the task coordinator needs

to find a partition C0 of P0 and the assignment of tasks to

member coalitions so that the pending tasks can be com-

pleted in a maximal manner. Note that depending on the

tasks encountered and robots’ resources, the newly formed

partition C0 may vary from being identical to being very

different as compared with C0(t). Of course, it may not be

possible to find a coalition for each task or any of the pend-

ing tasks given the currently available robots. The simplest

approach to this problem is to conduct the exhaustive

search of all of the possible partitions while considering all

possible assignment of tasks. As the number of possible

partitions is given by the Bell number Bp which is very

large even with a modest robot population size p ’ 10

(Sandholm et al., 1999), the computational complexity of

the required search is exorbitant.

4.1. CFG

In the proposed approach, the process of finding such a

partition is modeled as a CFG. The coordinator periodi-

cally starts a CFG, considering all of the pending tasks T .

A CFG starts with the current coalition structure as defined

by the partition C0(t) on P0. There are two aspects in defin-

ing each game. First, two partitions are compared using a

predefined x comparison relation.

Definition 1. A comparison relation x is defined for com-

paring two collections A and B that are partitions of the

same set P0. If A x B, then the partition A is preferred to

partition B.
Note that each comparison relation is used only to com-

pare partitions of the same set of players. Partitions of dif-

ferent sets of players are incomparable. As such, different

coalitions are allowed to interact, taking the decision to

merge or split based on the comparison relation x.
Various criteria can be used as comparison relation
between partitions (Apt and Witzel, 2009). An ade-
quate individual value order that can be used is the
Pareto order. The Pareto order is defined as

A . B , ui(A, T ) � ui(B, T ) 8i 2 P0

with at least one strict inequality (.) for one robot k 2 P0
and where the robot payoff ui(C, T) describes the overall

utility a robot i 2 P0 receives for being in coalition

Cc 2 C(t) that is associated with task T. The robot payoff

function is defined by the coalition value function as

ui(C, T )= ui(Cc, T )= v(Cc, T ) ð2Þ

Second, the game evolution is based on two operations,

called ‘‘merge’’ and ‘‘split’’, that allow to modify a partition

C as follows (Apt and Radzik, 2006).

� Merge: If
Sk

j = 1 Cj . C1, . . . ,Ckf g, then merge

{C1,.,Ck} as
Sk

j = 1 Cj - namely C1, . . . ,Ckf g
[C !

Sk
j = 1 Cj [ C.

� Split: If {C1,.,Ck} is a collection such that

C1, . . . ,Ckf g .
Sk

j = 1 Cj, then split
Sk

j = 1 Cj as

{C1,.,Ck}, namely
Sk

j = 1 Cj [ C ! C1, . . . ,Ckf g
[C.

The coordinator uses merge and split operations on the

existing coalitions. With the Pareto order, the task coordi-

nator decides to merge or split coalitions only if at least

one coalition is able to strictly improve its individual value

through this process without decreasing the other coali-

tions’ values. Therefore, the merge operation by Pareto
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order is a binding agreement among the robots to operate

together if it is beneficial for the tasks.

The task coordinator algorithm is as given in

Algorithm 1. The main loop of the algorithm consists of

two consecutive loops for merge and split operations in

which only the coalitions in idle or waiting state are consid-

ered. The merge phase is described in lines 2–12 of

Algorithm 1. Here, the coordinator checks if a task Tk is

associated with a coalition or not by checking task status

sk. If s = 02, the coalition that reported it has insufficient

resources. The coordinator starts merge operations - using

this coalition. If there is no coalition associated with this

task (sk = 02), it determines the coalition Cc with the high-

est coalition value v(Cc,T
k) - namely Cc =

arg max Cc2C9 v(Cc, T
k). Then, it starts a merging phase so

as to increase the coalition value based on the Pareto order.

The merge loop continues as long as there is a change in

the partition C0. After passing the merge loop, in the split

loop (lines 13–20 of Algorithm 1), the assigned coalitions

with excessive resource for their tasks are split. In the split

operation, one of the robots in the coalition is selected

based on the Pareto order such that the coalition without

this selected robot has higher coalition value. This loop

continues as long as there is a change in the partition C0.
Merge–split operations are iteratively applied until all the

coalitions associated with all of the tasks stabilize. As a

result, each task T 2 T is associated either with a coalition

or empty set, which implies that the coordinator cannot

find a coalition capable of performing that particular task.

4.2. Convergence and stability

There are two issues regarding the behavior of each CFG:

namely whether the game terminates and in the case of

convergence, the properties of the resulting partition. The

convergence of the CFG is ensured by the following theo-

rem (Apt and Witzel, 2009).

Theorem 1. Suppose that x is a comparison relation. Every

iteration of the merge and split operations terminates.
As each merge–split operation increases the values of

the coalitions with an assigned task, the process terminates.

The resulting partition C0= C1, . . . ,CnC
f g is evaluated

with respect to the stability of the coalition structure.

Stability captures the idea that no robot or group of robots

(as defined) has an incentive to change the existing coali-

tion structure (Apt and Radzik, 2006). Thus, it depends on

the type of coalition membership changes allowed.

Allowable membership changes are defined by a defection

function D that associates with each partition C0 of P0 a

group of collections in P0 such that robots can leave the

partition C0 by forming new and separate group of robotsSl
j = 1 Pl divided according to one P = {P1,.,Pl} of these

collections. As such, different stability notions are obtained

by considering different defection functions.

A partition C0 = {C1,.,Cl} of P0 is D-stable if no

group of robots is interested in leaving C0 when the robots

who leave can only form the collections allowed by D(C0)
(Apt and Witzel, 2009). Mathematically, it is defined using

the partition comparison relation x as follows.

Definition 2. (D-stability) A partition C0 is called D-stable

if for all P 2 D(C0) such that P[C0] 6¼P, P[C0] xP where

P[C0] denotes the collection P in the frame of C0defined as

P½C0�= C1 \
S

P, . . . ,CnC
\
S

Pf gn ;f g.
The most general case is with a defection function Dc

that maps each partition C0 to the familyDc(C
0) of all collec-

tions in P0. As such, any group of robots can leave C0 and

create an arbitrary collection in P0. However, Dc� stability

is hard to attain as it requires the value functions to be super-

additive: a condition that will not hold in many applications.

An alternative definition is based on C0-homogeneity. A par-

tition Q = {Q1,.,Ql} is C0-homogeneous if for each j

2 {1,.,l}, there exists i 2 {1,.,nC} such that either Qj 4
Ci or Ci 4 Qj. Any C0-homogeneous partition arises from

C0 by allowing each coalition either to split into smaller coa-

litions or to merge with other coalitions. With this definition,

the defection function Dhp is defined such that for each par-

tition C0, Dhp(C
0) is the family of all C0-homogeneous parti-

tions in P0. Theorem 2 admits the following characterization

of Dhp-stability (Apt and Radzik, 2006).

Theorem 2. A partition C0= C1, . . . ,CnC
f g of P0 is Dhp-

stable if and only if the following two conditions are

satisfied.

1. No coalition has an incentive to split; namely, for all i

2 {1, ., nC} and for each partition {P1,.,Pl} of

coalition Ci, C0 . ~C where ~C = (C0 � Ci) [ Pj

� �l

j = 1

2. No set of coalitions has an incentive to merge;

namely, for all L4 {1,.,nC} C0 . ~C where ~C =
C0 � Cif gi2L

� �
[
S

i2L Ci

� �

Algorithm 1. Centralized decision making: Task coordinator
automaton.

1: while change in partition C0, repeat do
2: while change in partition C0, merge do
3: for all Tk 2 T jsk = 0� or sk = 0+ do
4: if sk = 0+ then
5: Assign Cc with the highest v(Cc, Tk)
6: end if
7: Find a coalition Cd such that Cc [ Cd x Cc

8: ifCd ; ; then
9: C0 = (C02Cc) 2Cd, Cc = Cc [ Cd, C0 = C0 [ Cc

10: end if
11: end for
12: end while
13: while change in partition C0, split do
14: for all Tk 2 T jsk = 0� or sk = 0+ do
15: if a coalition Cc is assigned to Tk then
16: Find i2Cc such that Cc2 {i} x Cc

17: Cc = Cc2 {i}, C0 = C0 [ {i}
18: end if
19: end for
20: end while
21: end while
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This result implies that robots are allowed to leave the

partition C0 only by means of merges or splittings, albeit

with multiple applications. With the value functions as

defined by (1) and (2), the two conditions can equivalently

be expressed as:

1. 8Cc 2 C0 with Cc assigned to task a(Cc) 2 T and for

each partition {P1,.,Pl} of coalition Cc,

v(Cc,a(Cc)) �
Pl

i = 1 v(Pi,a(Cc));
2. 8T 2 T , 8L � 1, . . . , nCf g

PL
i = 1 v(Ci, T ) �

v
S

i2L Ci, T
� �

.

An immediate consequence of Theorem 2 is that a partition

C0 is Dhp� stable if and only if it is the outcome of the

merge and split rules. As such, C0 will be Dhp-stable.

4.3. Computational complexity

The complexity of each CFG is due to the complexity of

the merge and split operations, since Dhp-stability is

reached via merge and split operations (Saad et al., 2011).

During one merge process, the task coordinator attempts to

merge a coalition with the other available coalitions in a

pairwise manner. In the worst-case scenario, it needs to

make a merge attempt of every coalition with all of the

other coalitions, before finding a suitable merge partner.

This implies nC 2 1 attempts for merge for the first coali-

tion, nC 2 2 attempts for the second and so on. The total

worst case number of merge attempts will bePnC

i = 1 i = nC (nC�1)
2

. This is repeated for each task with the

number of coalitions getting smaller. In practice, the merge

process requires a significantly lower number of attempts

since finding a suitable coalition does not always require

going through all of the merge attempts, since the merge

will occur immediately once a suitable coalition is identi-

fied. Moreover, once the p robots are assembled into coali-

tions after an initial run of the CFG, in the subsequent

CFGs, the task coordinator will deal with a set of coalitions

nC that is much smaller than the number of robots p. As

such, the merge attempts per coalition will be further

reduced. Finally, as coalitions become populated them-

selves, the number of available nC gets smaller, which

implies that the number of merging possibilities will

decrease.

For the split process, in a worst-case scenario, splitting

can involve finding all of the possible partitions of the set

formed by the robots in a single coalition. As this number

is given by the Bell number BnP
where nP = max C2P9 Cj j

denotes the maximum coalition population size, it grows

exponentially with the number of robots in the coalition.

However, the cost function ensures that the size of each

coalition is limited as much as possible which implies that

the coalitions have relatively small sizes. Thus, the split

complexity is limited to finding possible partitions for

small sets which is reasonable in terms of complexity.

Furthermore, in most cases, the task coordinator does not

need to search for all possible split forms. Once it identifies

a split structure that satisfies the Pareto order, the robots in

this coalition will be split, and the coordinator will not fur-

ther search for splitting. In summary, the practical aspects

as dictated by the sequential split search as well as the cost

function will significantly diminish the split complexity.

This analysis suggests that while ensuring Dhp-stability, the

computational complexity of the proposed approach will

be relatively much lower as compared to finding the opti-

mal partition. As such, in case of the failure of the task

coordinator, another robot can easily assume this role - as

the required computational resources will not be high.

5. Simulations

Extensive simulations have been conducted with p = 50

robots placed in a workspace of roughly 31,400 m2. The

robots are assumed to be patrolling in this workspace. They

are cylinder shaped with radii 15 cm and can move with

maximum speed of 0.3 m/s. The simulation settings are as

given in Table 1. There are Nr = 5 different resources. We

assume that each robot is one of 10 types with either all

low resources ri(j) 2 [1, 5] or all high ri(j) 2 [6, 10]. The

task locations are generated dynamically via a Poisson pro-

cess with parameter l tasks per hour. The average number

of tasks increases with increased l value, thus making the

overall mission more challenging. There are 10 different

type of tasks, where all ti are either in the low [20, 25]

range or high [45, 50]. A sample scenario of robot types

and task types is shown in Tables 2a and 2b where robots

have low resources while tasks encountered also require

low resources. In this case, the coalition populations capa-

ble of accomplishing the encountered tasks are expected to

vary between 4 and 25 robots. The parameters of the coali-

tion value function are set as w1 = 1/3, w2 = 1/3, and

w3 = 1/3 in order to give equal importance to resource

satisfaction, resource utilization and site proximity. The

coordinator starts a CFG every 10 seconds. As an example,

86 and 113 tasks are encountered during two sample mis-

sions (having l = 5 and l = 20 respectively) with locations

as shown in Figure 2. Note that all these tasks are dynami-

cally encountered and are not known a priori. The

Table 1. Simulation settings.

Parameter Value

Mission duration 60 minutes
Number of robot types 10
Number of resource
types Nr

5

Number of task types 10
Time-out duration Dto {1, 2} minutes
Task rate l {5, 10, 20} tasks per hour
Task resource ti levels Low - [20, 25] and

High - [45, 50] units
Robot resource ri(j) levels Low - [1, 5] and

High - [6, 10] units
Task duration Dtd {2, 4} minutes
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performance results with these sample missions are also

shown in the same figure where tasks that are successfully

completed are shown in green plus signs while those that

were timed-out are in red minus signs. When the number of

tasks is fewer (l = 5), 87.8% of the 86 tasks are completed.

As the number of tasks is increased (l = 20), the percent-

age of the completed tasks goes down to 78% with 88 out

of the 113 tasks being completed.

5.1. Statistical results

The missions are repeated 20 times, all starting at random

initial locations for each l 2 {5, 10, 20}, time-out duration

Dto 2 {1,2} and handling duration Dtd 2 {2, 4} minutes.

Hence, there are all together 240 missions that are con-

ducted. Note that time-out periods with 1 or 2 minutes

imply relatively fast response times for successful task

completion. The mission performances are analyzed with

respect to six measures:

� M1, the number of completed tasks;
� M2, percentage of timed-out tasks;
� M3, number of coalitions;
� M4, number of times the coordinator makes coalition

assignments;

� M5, average coalition populations at each instant;
� M6, average percentage of required resources with

respect to the coalitions’ available resources for com-

pleted tasks over a mission.

The resulting performance statistics are given in Table 3.

First, it is observed that the number of completed tasks M1

varies roughly between 47 and 268 depending on Dto, Dtd,

l and the level of resources as the percentage of timed-out

tasks M2 varies between 0.5% to 78.6%. With high Dto,

low Dtd and low l values, the coalitions are able to com-

plete many tasks they encounter. In contrast, with low Dto,

Table 2. Sample mission scenario: Robots have low level of

resources while tasks also require low level resources.

(a) Robots’ resources.

Robot Resources

Type r(1) r(2) r(3) r(4) r(5)

1 1 1 3 5 3
2 4 5 4 4 2
3 3 3 2 3 3
4 5 4 3 2 5
5 2 4 4 1 1
6 2 3 4 4 4
7 4 1 4 3 5
8 3 4 3 2 4
9 5 1 1 3 1
10 3 4 2 1 4

(b) Tasks’ resources.

Task Required Resources

Type t1 t2 t3 t4 t5

1 20 21 21 21 25
2 20 24 21 22 23
3 22 20 21 21 21
4 25 21 20 21 25
5 24 23 24 23 20
6 24 23 24 25 25
7 24 23 20 23 23
8 23 25 23 20 24
9 22 25 20 23 21
10 24 22 21 25 23
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Fig. 2. Two sample missions with dynamically encountered 86

tasks (l = 5) and 113 tasks (l = 20). With the tasks’ required

resources and robots’ resources both high, Dto = 1 minute and

Dtd = 2 minutes the completed tasks are as shown by green plus

signs while timed out tasks are shown by red minus signs.
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high Dtd and high l values, the tasks are likely to time out.

Hence, with the increase in time-out durations, the number

of handled tasks increases. Average number of coalitions

decreases with the increase in l. This is because with the

low l values, there are less encountered tasks, so the need

for coalition merging is lower. It is interesting to observe

that while the maximum of M4 is 360 with the coordinator

checking for waiting coalitions every 10 seconds, in prac-

tice, M4 turns out to be much lower. Coalition populations

M5 vary between 3 and 20 robots. They are observed to

related to tasks’ required resource levels as well as robots’

resources. The populations are the lowest in cases where

tasks require low level of resources while robots are

endowed with high level of resources. In the other extreme

case of L–H scenarios, M5 increases approximately five

times. This is expected since the tasks require too many

resources. As a result, the population of each coalition

needs to be greater. This leads to fewer tasks to be handled

and the percentage of timed-out tasks M2 increases consid-

erably. It is observed that regardless of the variations among

different scenarios, population sizes remain reasonable,

considering the worst-case split complexity as discussed

previously. Of course, for the H–L scenarios, this number

is quite large, however it still computable within the limits.

Of course, larger coalition populations will not be recom-

mended, as worst-case split complexity will lead to

increased time-outs and hence the deterioration of task

completion performance. The percentage of required

resources to handling coalition’s resources for completed

tasks M6 varies between 79.1% and 86.9%. It is observed

that as tasks require higher level resources, M6 becomes

higher which implies that the resource utilization becomes

lower. With lower l, the coalitions are able to handle their

tasks without informing the coordinator. The computational

complexity of the coordinator’s decision making is studied

by computing the average iteration numbers of the CFGs in

Table 4. It is observed that the games converge after a small

number of iterations, which implies that game durations are

negligible, as computational analysis indicated.

We also investigate the effects of the weighting para-

meters. Four alternative setsW1,W2,W3 andW4 are con-

sidered with parameter values depending on the relative

preference of resource satisfaction, resource utilization and

site proximity. The set W1 weighs each equally with w1 =

w2 = w3 = 1/3. In the set W2, resource satisfaction is rela-

tively more important with w1 = 2/3, w2 = w3 = 1/3.

Resource utilization has a higher weight in the setW3 with

w2 = 2/3 and w1 = w3 = 1/3. Finally, in the set W4, site

proximity has a higher priority with w3 = 2/3 and w1 =

w2 = 1/3. In these simulations, l, Dto, and Dtd are set to

l = 10, Dto = 1 minute and Dtd = 2 minutes respectively.

Statistical results are as shown in Table 5. Time-outs are

lowest when resource satisfaction has the highest priority,

except for the H–L scenarios where both having resource

utilization and site proximity at higher priority leads to

slightly better performance. Changing the weighting

Table 3. Simulation results. TR, task resource level; RR, robot resource level; L, low; H, high.

l 5 10 20

Dto 1 2 1 2 1 2

TR-RR Dtd 2 4 2 4 2 4 2 4 2 4 2 4

L-L �M1 82.3 67.5 75.6 57.5 105.4 83.9 89.7 69.6 126.6 105.9 102.3 82.7
�M2 14.1 35.1 12.3 15.7 22.2 38.8 21.1 25.5 30.4 47.8 25.6 33.6
�M3 10.5 9.5 10.7 10.2 9.2 9.4 9.3 8.4 8.2 8.3 8.0 8.2
�M4 103.8 142.8 140.0 151.4 166.6 190.7 227.4 212.8 230.1 239.2 277.9 272.4
�M5 9.4 9.8 9.7 9.3 9.3 9.4 9.7 9.4 9.4 9.5 10.0 9.4
�M6 83.1 82.2 83.0 83.7 83.9 83.5 82.5 83.2 82.4 84.1 81.6 83.8

L-H �M1 141.5 110.3 139.5 110.0 205.0 144.3 203.4 143.7 268.4 175.8 252.8 165.5
�M2 6.2 5.6 4.2 6.2 5.7 7.1 5.9 9.0 9.9 10.7 6.1 7.8
�M3 23.6 19.2 22.2 19.7 17.7 16.7 18.1 16.8 16.3 16.0 15.6 15.7
�M4 105.5 75.5 117.0 110.0 115.3 98.5 166.2 161.8 176.2 142.2 191.1 175.0
�M5 3.4 3.5 3.6 3.5 3.6 3.6 3.5 3.5 3.6 3.5 3.7 3.6
�M6 82.9 82.1 80.6 81.9 80.1 81.8 81.4 81.2 81.1 81.6 79.1 80.6

H-L �M1 68.4 58.9 56.5 47.4 90.7 75.6 72.3 64.3 117.2 123.8 93.0 89.0
�M2 45.7 59.6 34.8 51.4 58.0 64.5 44.3 56.7 62.3 78.6 50.3 68.5
�M3 11.6 11.4 10.3 9.6 9.0 8.3 8.2 8.3 6.5 8.0 6.5 7.2
�M4 178.8 181.3 230.7 230.0 244.3 218.6 274.4 277.3 273.6 300.6 307.5 325.9
�M5 19.1 19.2 18.6 19.4 19.3 20.1 19.2 18.8 19.8 19.7 19.0 19.5
�M6 87.5 87.2 87.5 85.4 87.2 84.1 86.8 85.8 83.9 84.8 85.2 84.1

H-H �M1 105.8 71.8 106.5 69.8 132.8 85.1 129.7 81.9 152.5 96.0 144.2 91.7
�M2 2.9 3.9 0.5 1.9 3.7 9.1 1.7 6.2 5.2 13.7 1.8 9.7
�M3 11.0 10.2 11.0 10.3 9.7 9.7 10.2 9.7 9.4 9.0 9.4 9.3
�M4 50.0 41.1 40.1 45.0 70.9 81.7 83.5 111.0 113.2 119.4 120.7 158.9
�M5 6.9 6.9 6.9 6.9 6.9 7.0 6.9 7.0 6.9 7.0 6.9 6.9
�M6 86.9 86.6 86.5 86.6 86.5 86.8 87.0 86.7 86.7 86.3 86.6 86.7
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parameters does not have much effect on M3 and M5 as

both seem to be mainly dependent tasks’ resource require-

ments and robots’ resources. Resource utilization is

observed to vary between 80% and 87.5%. As expected,

using the set W3 results in better resource utilization with

higher M6 values while the coordinator has the highest

decision-making load, except for the H–L scenario.

Interestingly, in the H–L scenario, as the time-out percent-

age M2 is considerably high around 57–59.9% regardless

of the parameter set, the particular choice of the weight

parameters does not seem to have much effect on the

resulting performance. In summary, task performance mea-

sures can be programmed according to the relative weight-

ing preferences of these three considerations.

6. Experiments

The proposed approach has also been implemented on a

multirobot team of five Turtlebot-II robots4 that are operat-

ing in a workspace of 5 m × 5 m as shown in Figure 3.

The experiment scenario is designed to imitate a real sce-

nario in which the robots are assigned to search potential

areas of interest and to collect various data from these

areas. In particular, the data collection tasks require 5 dif-

ferent resources including cameras (resource 1), laser

(resource 2), arms (resource 3), chemical test unit (resource

4) and biological test unit (resource 5). Each robot has

resources as shown in Table 6a while the type of encoun-

tered tasks require resources shown in Table 6b.

Accordingly, the coalition populations capable of accom-

plishing the encountered tasks are expected to vary

between 2 and 5 robots depending on the task require-

ments. The parameters of the coalition value function are

set as w1 = 1/3, w2 = 1/3, and w3 = 1/3 in order to give

equal importance to resource satisfaction, resource utiliza-

tion and site proximity. The coordinator starts a CFG every

5 seconds. The missions are repeated 10 times, all starting

at random initial locations for each l = 3 per minute, time-

out duration Dto = 20 seconds and handling duration Dtd =

10 seconds. Robot 1 is assigned to be the task coordinator.

the coordinator can be changed during the mission. It is

observed that the number of completed tasks �M1 is about

10 while the percentage of timed-out tasks �M2 is 33.3%.

Since the succoring takes much time and the time-out

Table 4. Average number of iterations (sum of merge and split iterations). TR, task resource level; RR, robot resource level; L, low;

H, high.

l 5 10 20

Dto 1 2 1 2 1 2

Dtd 2 4 2 4 2 4 2 4 2 4 2 4

TR-RR L-L 7 4 6 4 5 4 5 4 5 4 5 3
L-H 8 7 7 5 7 6 5 4 5 5 5 4
H-L 4 3 4 3 4 3 4 3 3 3 3 3
H-H 9 8 11 9 8 5 7 5 6 4 6 4

Table 5. Effects of weighting parameters. TR, task resource

level; RR, robot resource level; L, low; H, high.

Weighting parameters

TR-RR W1 W2 W3 W4

L–L �M1 103.3 100.9 117.4 110.2
�M2 22.8 14.0 35.2 26.4
�M3 9.6 9.6 8.9 9.4
�M4 170.4 137.1 219.4 190.6
�M5 9.5 9.2 9.2 9.3
�M6 83.1 83.5 84.5 84.4

L–H �M1 208.8 205.0 219.9 212.8
�M2 7.3 0.4 15.3 9.2
�M3 17.8 16.9 17.9 17.7
�M4 130.5 66.7 187.2 144.5
�M5 3.5 3.6 3.5 3.5
�M6 81.0 80.0 82.4 81.4

H–L �M1 91.8 97.3 92.2 90.7
�M2 58.7 59.9 57.0 57.4
�M3 9.3 9.9 8.7 8.5
�M4 248.5 259.5 240.3 233.1
�M5 19.8 18.5 18.9 20.1
�M6 85.9 86.9 84.2 84.5

H–H �M1 130.3 131.0 135.6 132.2
�M2 3.0 3.3 5.9 3.5
�M3 9.7 9.6 10.0 9.9
�M4 64.9 69.1 84.1 70.1
�M5 6.9 6.9 6.8 6.9
�M6 86.8 87.2 87.5 87.0

Fig. 3. The experimental workspace.
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duration Dto is considerably low, the encountered tasks

time out, hence �M2 value increases. Average number of

coalitions �M3 turns out to be 2.5. Each CFG converges on

average after five iterations of merge and split operations.

This supports our computational analysis.

7. Conclusion

This paper introduced a novel hybrid approach to dynamic

multirobot tasks requiring a set of resources. If the

resources possessed by individual robots are insufficient,

the formation of robot coalitions endowed with sufficient

resources is essential. Coalitions proceed with the tasks if

they have sufficient resources after liberating redundant

members while they report it to a task coordinator, in case

their resources do not suffice. The task coordinator forms

coalitions capable of these tasks based on CFGs in which

it evaluates groups of robots while considering resource

satisfaction, resource utilization and site proximity with

weighting parameters that encode relative preferences.

The resulting coalitions are Dhp-stable, which implies

that no group of robots has a viable alternative to staying

within their assigned coalition. Thus, as new tasks are

encountered, coalitions merge and split so that the result-

ing coalitions are capable of doing these tasks. As the

computational complexity of each CFG is due to merge

and split operations, the proposed approach can be easily

utilized in multirobot task applications, as also demon-

strated in our simulation and experimental results.

Simulation results indicate that the proposed approach

enables the assembly of coalitions capable of completing

the dynamically encountered tasks. Furthermore, the

performance in regards to different tasks measures can be

programmed depending on the user’s or robots’ priority via

setting the weighting factors in the cost functions appropri-

ately. The applicability of the proposed approach is verified

experimentally after designing and implementing custom

ROS software on a team of heterogeneous mobile robots.

For future work, we plan to consider scenarios where both

tasks’ required resources and robots’ resources have addi-

tional constraints that need to be taken into account. We

also plan to study whether the role of the task coordinator

can be distributed to the coalitions while considering inex-

act solutions to Dhp-stability.
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Notes

1. This taxonomy considers three orthogonal dimensions,

namely single-task (ST) versus multi-task robots (MT)

depending on whether each robot is capable of executing sin-

gle or multiple tasks at the same time; single-robot tasks (SR)

versus multi-robot tasks (MR) depending on whether a task

can be completed by a single robot or several robots (a coali-

tion) and instantaneous assignment (IA) versus time-extended

assignment (TE) depending of whether only current tasks or

future tasks are considered.

2. Superadditivity implies that any two disjoint coalitions, when

acting together, can get at least as much as they can when act-

ing separately. This may arise with tasks that concern the

entire population such as environmental monitoring that

requires all of the resources of all of the robots.

3. This may be one of the robots with the additional task of

being a coordinator. As its processing is relatively simple, in

case of failure, another robot may easily assume this role.

4. The details of the software that has been designed and devel-

oped for this purpose are described in Appendix B.

Table 6. Experiment scenario.

(a) Robots’ resources.

Resources

Robot ID r(1) r(2) r(3) r(4) r(5)

1 1 1 2 2 2
2 1 1 1 2 2
3 1 2 1 1 1
4 1 1 1 2 1
5 1 2 2 1 2

(b) Tasks’ resources.

Task Resources

Type t1 t2 t3 t4 t5

1 1 2 3 4 4
2 2 1 1 3 2
3 4 3 2 4 5
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Appendix A: Index to Multimedia Extension

Archives of IJRR multimedia extensions published prior to

2014 can be found at http://www.ijrr.org, after 2014 all

videos are available on the IJRR YouTube channel at http://

www.youtube.com/user/ijrrmultimedia

Appendix B: Experimental software

We have designed and developed custom ROS software

implementing the proposed approach. This software is used

in each robot, regardless whether the robot is a task coordi-

nator, coalition leader or simply a coalition member. As such,

as the robot’s role changes, it can accommodate its new

responsibilities without requiring programming changes. The

control architecture is based on the sense-communicate-act

paradigm as presented in Karaoğuz et al. (2013). It consists

of the following modules as also shown in Figure 4.

� Communication manager: This module handles all the

required communication of each robot. While the mes-

sages coming from the message decoder module are

sent to appropriate, incoming messages from other

robots are also published to the message decoder.
� Message decoder: The messages coming from task

handler, coalition leader and task coordinator modules

are converted into data packages that will be sent to

other robots by the communication manager. On the

other hand, the incoming messages are published to the

related modules.
� Task observer: This module is responsible for detecting

the tasks while moving around the workspace. Once a

task is detected, the task related information is sent to

the task handler module.

Table of Multimedia Extension

Extension Media type Description

1 Video 5-robot experiment

Fig. 4. The ROS software architecture.
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� Task handler: This module informs the coalition leader

of the newly encountered task. It also deals with the

task handling issues.
� Coalition leader: The leader module coordinates the

task handling by using the task automaton in Figure 1.

This module is only activated when the robot is a coali-

tion leader.
� Task coordinator: This module is responsible for form-

ing the robot coalitions capable of performing encoun-

tered tasks. The coordinator maintains a list of reported

tasks which are waiting (either in the coalition or in the

coordinator). This module is only activated if the robot

is the task coordinator.

� Localization: This module is responsible for sending

the position information to the related modules (navi-
gation, task coordinator, and coalition leader).

� Navigation: This module is responsible for collision-

free navigation to target position. The controller is
based on a decentralized version of feedback-based

navigation as presented in Karagöz et al. (2014) and

uses the MPFR library in order to manipulate big num-
bers (Fousse et al., 2007).

� Monitoring: It sends the task and robot related state

information to the monitoring computer on which a
monitoring software is running in order to make the

analysis of the collective behavior easier.
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