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In this dissertation, methods for optimal multi-robot task allocation (MRTA) prob-

lems resulting from industrial plant inspection missions that involve both single- and 

two-robot tasks were developed. A novel hybrid genetic algorithm was developed 

by combining a subpopulation-based genetic algorithm for global optimization with 

local search heuristics. It did not only distribute and sequence all tasks, but also 

formed temporary robot coalitions that are required for two-robot tasks which in-

troduce spatial and temporal constraints into the optimization problems.

Four alternative coding strategies were developed for the proposed hybrid genetic 

algorithm: subtask-, task-, combination-, and decomposition-based coding. These 

coding strategies can be used to solve the multi-robot task allocation problems for 

inspection problems with different environmental information and computational 

requirements. The performance of the proposed hybrid genetic algorithm with dif-

ferent coding strategies was evaluated in case studies on inspecting a large storage 

tank area of a petroleum refinery.
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Abstract

In this dissertation, methods for optimal multi-robot task allocation (MRTA) for industrial plant
inspection are investigated. MRTA involves distributing and scheduling a set of tasks for a
group of robots to minimize the total cost taking into account operational constraints. With
technical progress and declining cost of robotic mobility, interest in industrial mobile robotics
has grown significantly in recent years. Many efforts have been devoted to mobility-related
problems such as self-localization and mapping, though only few studies deal with the op-
timal task allocation in multi-robot systems. Since a good task allocation provides more
efficient scheduling (e.g. less cost, shorter time), the objective of this research is to develop
search/optimization methods for inspection problems that involve both single- and two-robot
tasks.

A novel hybrid genetic algorithm is presented by combining a subpopulation-based genetic
algorithm for global optimization with local search heuristics. To speed up the proposed
algorithm, local search is applied to the superior individuals selected from each generation.
This hybrid genetic algorithm does not only distribute and sequence all tasks, but also forms
robot coalitions that are required for two-robot tasks which introduce spatial and temporal
constraints into the optimization problems.

Four alternative coding strategies are designed for the hybrid genetic algorithm:

• Subtask-based coding: Algorithms with this coding strategy cover all possible solu-
tions, though result in a large search space.

• Task-based coding: Two ways of assigning two-robot tasks are implemented to im-
prove the efficiency of the algorithms.

• Combination-based coding: A temporal constraint is introduced to group tasks such
that good solutions can be obtained within a small number of generations. Two alter-
natives with different task groups are presented.

• Decomposition-based coding: Three decompositions that exploit available knowledge
on the geometry of the inspection areas (assuming rectangular pathways and inad-
missible zones) are designed to improve the efficiency of the proposed algorithm.

The performance of the proposed hybrid genetic algorithm with different coding strategies
is evaluated in case studies on inspecting a large storage tank area of a petroleum refinery.
Experimental results show that the decomposition-based coding strategy can achieve better
solutions than the other coding strategies within a small number of generations.

This work considers single- and two-robot tasks derived from the planned deployment of
a group of homogeneous mobile robots for inspections that can be carried out by a single
robot or require the cooperation of two robots. The developed algorithm can be extended to
solve tasks requiring more robots, but the problem complexity would increase significantly.
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Zusammenfassung

In dieser Dissertation werden Methoden zur optimalen Aufgabenverteilung in Multiroboter-
systemen (engl. Multi-Robot Task Allocation – MRTA) zur Inspektion von Industrieanlagen
untersucht. MRTA umfasst die Verteilung und Ablaufplanung von Aufgaben für eine Gruppe
von Robotern unter Berücksichtigung von operativen Randbedingungen mit dem Ziel, die
Gesamteinsatzkosten zu minimieren. Dank zunehmendem technischen Fortschritt und sink-
enden Technologiekosten ist das Interesse an mobilen Robotern für den Industrieeinsatz in
den letzten Jahren stark gestiegen. Viele Arbeiten konzentrieren sich auf Probleme der
Mobilität wie Selbstlokalisierung und Kartierung, aber nur wenige Arbeiten untersuchen die
optimale Aufgabenverteilung. Da sich mit einer guten Aufgabenverteilung eine effizientere
Planung erreichen lässt (z. B. niedrigere Kosten, kürzere Ausführungszeit), ist das Ziel
dieser Arbeit die Entwicklung von Lösungsmethoden für das aus Inspektionsaufgaben mit
Einzel- und Zweiroboteraufgaben folgende Such-/Optimierungsproblem.

Ein neuartiger hybrider Genetischer Algorithmus wird vorgestellt, der einen teilbevölkerung-
basierten Genetischen Algorithmus zur globalen Optimierung mit lokalen Suchheuristiken
kombiniert. Zur Beschleunigung dieses Algorithmus werden auf die fittesten Individuen
einer Generation lokale Suchoperatoren angewendet. Der vorgestellte Algorithmus verteilt
die Aufgaben nicht nur einfach und legt den Ablauf fest, sondern er bildet auch temporäre
Roboterverbünde für Zweiroboteraufgaben, wodurch räumliche und zeitliche Randbedin-
gungen entstehen.

Vier alternative Kodierungsstrategien werden für den vorgestellten Algorithmus entworfen:

• Teilaufgabenbasierte Kodierung: Hierdurch werden alle möglichen Lösungen abgedeckt,
allerdings ist der Suchraum sehr groß.

• Aufgabenbasierte Kodierung: Zwei Möglichkeiten zur Zuweisung von Zweiroboterauf-
gaben wurden implementiert, um die Effizienz des Algorithmus zu steigern.

• Gruppierungsbasierte Kodierung: Zeitliche Randbedingungen zur Gruppierung von
Aufgaben werden vorgestellt, um gute Lösungen innerhalb einer kleinen Anzahl von
Generationen zu erhalten. Zwei Umsetzungsvarianten werden vorgestellt.

• Dekompositionsbasierte Kodierung: Drei geometrische Zerlegungen wurden entwor-
fen, die Informationen über die räumliche Anordnung ausnutzen, um Probleme zu
lösen, die Inspektionsgebiete mit rechteckigen Geometrien aufweisen.

In Simulationsstudien wird die Leistungsfähigkeit der verschiedenen hybriden Genetischen
Algorithmen untersucht. Dazu wurde die Inspektion von Tanklagern einer Erdölraffinerie mit
einer Gruppe homogener Inspektionsroboter als Anwendungsfall gewählt. Die Simulatio-
nen zeigen, dass Kodierungsstrategien, die auf der geometrischen Zerlegung basieren, bei
einer kleinen Anzahl an Generationen eine bessere Lösung finden können als die anderen
untersuchten Strategien.

Diese Arbeit beschäftigt sich mit Einzel- und Zweiroboteraufgaben, die entweder von einem
einzelnen mobilen Roboter erledigt werden können oder die Zusammenarbeit von zwei
Robotern erfordern. Eine Erweiterung des entwickelten Algorithmus zur Behandlung von
Aufgaben, die mehr als zwei Roboter erfordern, ist möglich, würde aber die Komplexität der
Optimierungsaufgabe deutlich vergrößern.
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Abbreviations

Abbreviation Term

AAP Accessible area with inspection positions
AAS Accessible area divided by intersections
CB Combination-based coding
DB Decomposition-based coding
EC Executability constraints
GA Genetic algorithm
HGA Hybrid genetic algorithm
HSC Three-tasks combination
IA Instantaneous assignments/Inaccessible areas
LIA Along the same inaccessible areas
LS Local search
LW Least-waiting-time decoding
MR Multi-robot tasks
MRTA Multi-robot task allocation
MRTA-S Multi-robot task allocation with only single-robot tasks
MRTA-T Multi-robot task allocation with two-robot tasks
MT Multi-task robots
NT Nearest-task decoding
SB Subtask-based coding
SC Scheduling constraints
SR Single-robot tasks
ST Single-task robots
TA Time-extended assignments
TB Task-based coding
WSC Two-tasks combination
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Symbols

Symbol Explanation

A MRTA solution candidate by permutation coding
Ak Task assignment and task schedule of robot Rk
aki i-th subtask of Ak
B Set of individuals
Bj Set of best individuals in j-th generation
C Set of time costs
Ck(Ak) Time for robot Rk to complete its tasks Ak
ctijk Traveling time of robot Rk from inspection position of subtask Pi to that

of Pj
csjk Time robot Rk needs to carry out inspection task of subtask Pj
cwjk Waiting time of robot Rk to execute subtask Pj after arriving at the in-

spection position of Pj
dP Pathway width
DF Degrees of freedom
E Grid map
exy Cell of grid map
fT Function that maps the set T to the set P
F Ratio of the mean squares – F statistic
Gcrt Current generation number
Gmax Maximum number of generations
G

a
Gene-apportion

g
opt
j (i) i-th element of gene-apportion of temporary optimal individual obtained

in j-th generation
H Threshold value for grouping subtasks using combination-based coding
J Cost function (completion time)
K Number of subpopulations
lk Number of subtasks of Ak
lzk Number of genes of Zk
M Submatrices of E
MS Mean squares
NG Number of genes of a chromosome
NP Number of subtasks of P
NQ Number of subtask groups of Q
NR Number of robots
NT Number of tasks of T
N b Number of elements in Bj in j-th generations
Nx Size of grid map in x direction
Ny Size of grid map in y direction
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Symbols

Symbol Explanation

N
s

Maximal size of a subtask group
Npop Population size
Nrun Number of runs
P Set of subtasks
Pi i-th subtask

P
path
ijk Traveling path of robot Rk from the inspection position of subtask Pi to

that of Pj
Q Set of all subtask groups encoded by CB or DB coding strategy
Qi i-th subtask group
qij j-th subtask in the sequence of Qi
R Set of robots
Rk k-th robot
S Set of home bases
Sk Home base of robot Rk
Sig.Level Significance level
SS Sum of squares
T Set of tasks
Tl l-th task
tl Subtask for l-th single-robot task in T
tl1, tl2 Two subtasks of l-th two-robot task in T
vk Moving velocity of robot Rk
vsk Scanning velocity of robot Rk
X MRTA solution candidate using matrix coding
Z Genotype of an individual - gene sequence for each robot
Zk Gene sequence of robot Rk
zki i-th gene in the sequence of Zk
τai Arrival time of robot at inspection position of Pi
τ si Time of robot starting inspection task Pi
θi Number of subtasks of Qi
µ(i) Mean parameter of normal distribution for producing the i-th integer of

new gene-apportions
σ Standard deviation of normal distribution for producing new gene-

apportions
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1 Introduction

1.1 Background and Motivation

With recently growing demand for teams of multiple robots, multi-robot systems have been
employed in many application domains (e.g. transportation/logistics [NL12, CPACMT13],
unmanned aerial vehicle [NVTK03, MP13], and target observation [KC07]), especially for
tasks that are too dangerous, expensive or difficult for humans to perform, e.g. search and
rescue [TZC13], hazardous substance detection [DIR09], planetary exploration [BMSS05],
and remote detection [BKB09, BK13].

Interest in industrial robotics has grown significantly in recent years with technical progress
and declining cost of robotic mobility, e.g. warehouse management [BPL+13] and process
scheduling [GLM13]. Industrial immobile robots are widely used to solve simple tasks such
as assembly, welding or handling because of high efficiency and reliability; in this case, tar-
get objects are usually movable. By contrast, mobile robots are often used to perform tasks
such as inspecting plants or carrying objects because of their good mobility and flexibility.
Industrial inspections by mobile robots can be classified into work environment inspections
and product quality related inspections [Kro08]. In processing plants, special attention is
paid to rotary machinery (e.g. bearings), material health (e.g. cracks, leaks), and instru-
mentation (e.g. calibration need, fouling). Leaks have inspired this work.

In practice, single-robot systems prevail over multi-robot systems [Kro08]. Hence, much
research has been focused on the methods of object detection (e.g. pipeline inspection by
nondestructive techniques [Lum77]) since the 1960ies. However, multi-robot systems permit
novel applications. Multi-robot systems can considerably outperform single-robot systems,
e.g. the measurement range can be extended when robots with sensors cooperate with as-
sisting robots with retro-reflectors in remote measurement applications [MK14]. Moreover,
in multi-robot systems, robots are required to carry out assigned tasks cooperatively. There-
fore, many specific issues have been explored to solve a problem more efficiently, e.g. task
allocation, inter-robot communication, coordination, and cooperation [APP02]. Since a good
task allocation permits more efficient scheduling (e.g. less cost, shorter time), this research
focuses on the task allocation of multi-robot systems for problems such as industrial plant
inspections.

Multi-robot task allocation (MRTA) studied in this dissertation is one of the main topics in
the RoboGasInspector project [BBH+12] that researches the gas leakage inspection of in-
dustrial sites by multi-robot systems. Research problems regarding gas detection and leak
localization strategies have been discussed in [KBP09, BKB09, BK13]. Since there is no
algorithm which performs better than any other algorithm for all kinds of possible problems
[WM95, WM97], it is necessary to find a suitable algorithm for each problem. In this research
work, the MRTA problem occurring when employing inspection mobile robots is studied. This
research aims to provide a complete solution of MRTA to deal with inspection problems, not

1



1 Introduction

only to distribute and sequence a set of tasks, but also to plan the traveling path for each
robot.

1.2 Related Work

“Task allocation” is to decide “which robot executes which task at what time”, which is nor-
mally called as MRTA (multi-robot task allocation) in multi-robot systems [GM04]. The MRTA
problem is an optimization problem and was defined in general terms by Robert Zlot and
Anthony Stentz in [ZS06]: “Given a set of tasks, a set of robots and a cost function for each
subset of robots specifying the cost of performing each subset of tasks, find the allocation
that minimizes a global objective function.” The definition of MRTA problems may vary de-
pending on specific applications and requirements, e.g. to maximize the objective function,
or to assign tasks in dynamic environments.

1.2.1 Taxonomies for Multi-Robot Task Allocation

To solve an MRTA problem efficiently, the fundamental issue is to comprehend what the
problem is. There are two well-known taxonomies for MRTA problems.

As an important milestone for formally defining the taxonomy of MRTA problems, the features
of MRTA problems using three axes has been proposed by Gerkey and Matarić [GM04]:
robots can be classified into single-task (ST) and multi-task (MT) robots, tasks can be clas-
sified into single-robot (SR) and multi-robot (MR) tasks, and the task assignments can be
classified into instantaneous (IA) and time-extended (TA) assignments. On the basis of
these axes, a particular MRTA problem can be denoted by a triple of abbreviations, e.g. ST-
SR-IA means a problem where single-robot tasks should be allocated once to single-task
robots. According to this taxonomy, only the ST-SR-IA problem can be solved in polynomial
time, while the remaining problems are all strongly NP (Non-deterministic Polynomial-time)
hard [GM04]. It was a groundbreaking contribution to the multi-robot domain and has been
widely used since it was proposed. However, problems with interrelated utilities and task
constraints were not taken into account.

A new taxonomy – iTax – has been presented [KSD13]. The iTax is a two-level taxonomy:
the first-level defines the degree of interdependence of agent–task utilities, and the second-
level provides further description of MRTA problems using the previous taxonomy proposed
by Gerkey and Matarić [GM04]. In the first level, four possible dependencies are proposed
to describe the degree of interdependence: (1) no dependencies, the utility of agent–task
does not depend on any other agents, tasks or schedules; (2) in-schedule dependencies,
the utility of agent–task depends on its own schedule; (3) cross-schedule dependencies, the
utility of agent–task depends on both its own schedule and the schedules of other agents; (4)
complex dependencies, the utility of agent–task depends on not only the schedules of other
agents but also the selected decomposition. According to this taxonomy, problems in the

2



1.2 Related Work

no dependencies class are solvable in polynomial time, while the problems in the remaining
classes are NP-hard [KSD13].

What is more important is “what the task is”. Since a “task” is one of the key points in an
MRTA problem, it should be clear at first in order to find a proper method. In the taxonomy
proposed by Gerkey and Matarić, a “task” means a subgoal that is necessary for achieving
the overall mission of a given problem, and that can be achieved independently. According to
the number of robots that a task requires, tasks are classified to single-robot tasks and multi-
robot tasks: a single-robot task requires only one robot to achieve it, while a multi-robot task
requires multiple robots to complete it cooperatively. In iTax, tasks have been categorized
into elemental, simple, compound, and complex tasks according to the decomposability of
tasks, which was firstly proposed by Zlot [Zlo06].

1.2.2 Architectures for Multi-Robot Task Allocation

An extensive amount of work has been proposed to address the multi-robot task alloca-
tion. To a significant degree, the architecture of a multi-robot system determines possible
approaches of MRTA. That is, methods for MRTA would be appropriate to the organization
of multi-robot systems. For solving various MRTA problems, many architectures for multi-
robot systems have been developed [Par98, WM00, GM00, Dia04, ZS06]. Some notable
architectures have been summarized in [MM10]. According to the roles that robots taking in
multi-robot systems, the architectures of multi-robot systems can be classified into central-
ized and distributed systems [FIN04].

A centralized system has a leader that is in charge of making decision and distributing
tasks for the other robots, while the other robots execute only according to the commands
of the leader. The leader can be a central computer (e.g. [BMSS05]) or a robot (e.g.
[Nor93, Dia04, CC14]). If the leader is predefined and unchanged during the entire mission
duration, the system is strongly centralized, e.g. a central computer as the leader [BMSS05].
If the leader is not defined and could be changed during the mission, the system is weakly
centralized, e.g. any robot could be as the leader [Dia04, CC14]. Since the leader is respon-
sible for task planning, he/she can simultaneously consider the entire environment and the
interactions of all robots. Normally, centralized systems assume that all information can be
transmitted to the leader and that this information does not change during the time of task
planning. Therefore, centralized systems can provide optimal or approximately optimal so-
lutions. However, these systems rely heavily on the leader and the communication network.
If either fails, the team fails. Moreover, leaders are slow to incorporate new environmental
information due to time demand for sending new information and replanning.

By contrast, a distributed system does not have a leader making decision for the entire
group; robots are completely autonomous in the decision process with respect to each other,
e.g. ALLIANCE [Par98], BLE [WM00], and POMDPs [CSMO13]. Each robot has knowledge
of its own state and its immediate environment. Therefore, the system can quickly deal
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with new tasks and dynamic environmental information. The demand of communication is
dramatically reduced because not all information must be transmitted to a specific robot or
leader. What is more, the system does not rely on a robot or leader, hence, the team can
continue if a robot fails. However, it usually cannot provide optimal solutions.

According to different dimensions of multi-robot systems, the classifications of architectures
are various: local, distributed, centralized, decentralized systems in [Nor93]; centralized,
hierarchical, decentralized, hybrid systems in [Par08].

1.2.3 General Approaches for Multi-Robot Task Allocation

The methods for solving various MRTA problems can be classified into centralized and
decentralized approaches. Centralized approaches are usually used for their good global
search capability. Many deterministic and heuristic approaches are developed, e.g. numer-
ical optimization, dispatching rules, simulated annealing, tabu search, genetic algorithms,
evolutionary algorithms [Pin01, Pin05]. These approaches are suitable for centralized ar-
chitectures. Decentralized approaches are usually used because of their good performance
under dynamic conditions. In general, two key mechanisms are used: behavior-based ap-
proaches and market-based approaches.

Behavior-based approaches typically enable robots to determine task allocations without ex-
plicitly discussing individual tasks. Tasks are assigned according to the designed rules for
prioritization and combination of predefined behaviors. ALLIANCE [Par98] and BLE [WM00]
are two notable behavior-based approaches, which are fully distributed and fit to distributed
architectures. Market-based methods usually involve explicit negotiation, based on the mar-
ket theory, to optimize an objective function. It typically greedily assigns a task to a robot
which can perform this task with the highest utility. TraderBots [Dia04] and IQ-ASyMTRe
[ZP13] are two well-known market-based approaches. These approaches are not fully
distributed because temporal leaders are opportunistically used to improve performance.
Therefore, they are appropriate to weakly centralized and distributed architectures.

Since task locations are often geographically distant, it is relatively rare that a mobile robot
can execute different tasks simultaneously. Therefore, most research focuses on solving
MRTA problems by single-task robots.

MRTA problems with only single-robot tasks involve distributing a set of tasks to a group
of robots and/or making a task schedule for each robot [ZZ06, CPACMT13]. Many algo-
rithms have been developed: BLE iterated assignment [WM00] and MURDOCH online as-
signment [GM00] for solving ST-SR-IA problems, behavior-based ALLIANCE [Par98] and
market-based TraderBots [Dia04] for ST-SR-TA problems.

MRTA problems with multi-robot tasks can be categorized into ST-MR-IA and ST-MR-TA.
These MRTA problems are strongly NP-hard [HVV94, GM04], and the complexity highly
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depends on the number of multi-robot tasks and the number of robots required by each multi-
robot task. Most of the related work is concentrated on ST-MR-IA, referred to as coalition
formation [GO12, ZP13], which splits the set of robots into task-specific coalitions but does
not consider the sequence of tasks, e.g. IQ-ASyMTRe [ZP13]. Normally, the system of the
coalition formation problem consists of more robots than tasks. ST-MR-TA problems involve
not only forming feasible robot coalitions, but also scheduling tasks. This MRTA problem is
addressed in recent work by Ramchurn et al. [RPF+10]. The authors propose new heuristics
called “coalition formation with look-ahead (CFLA)” for solving coalition formation problems
with spatial and temporal constraints. However, they focus on finding solutions such that
more tasks can be completed in a given time, but do not work on providing the optimal
solution to finish all tasks.

1.2.4 Methods and Applications for Optimization Problems

An optimization problem is the problem of finding the optimal solution from all possible so-
lutions. Since there is usually not only one feasible solution in the possible solution space,
optimization problems are often expressed to minimize or maximize the objective function
of problems. Optimization problems can be divided into three categories: (1) continuous
optimization problems with continuous variables, e.g. design of truss structures [KM14],
electrochemical machining [LRKW14]; (2) combinatorial optimization problems with discrete
variables, e.g. traveling salesman problems [CSVG13], scheduling of work jobs [JSQ+13];
and (3) combinations thereof, e.g. [Blu00, JQSE01]. Mixed or pure integer problems can
often be given a combinatorial interpretation [HJK79], e.g. multi-objective scheduling of jobs
with constrained resources [JQSS08].

Optimization problems have numerous applications in various fields such as mechanics
and engineering, economics, operations research, and petroleum engineering [BPL+13,
CSVG13, JSQ+13, LRKW14]. Many known heuristic methods have been proposed, such
as differential evolution, simulated annealing, tabu search, genetic algorithms, evolutionary
strategies, hybrid genetic algorithm, memetic algorithms, particle swarm optimization, ar-
tificial bee colony optimization, and hill climbing [NVTK03, LK12b, CPACMT13, CSVG13,
JSQ+13, PWS+13].

The multi-robot task allocation problem is a combinatorial optimization problem. Similar
optimization problems have been studied, such as the multiple traveling salesman problem
[Car03, ZL10, SYD11], and the flow shop scheduling [PWS+13]. Numerous algorithms have
been developed, such as genetic algorithms [Car03, ZL10, SYD11], memetic algorithms
[PWS+13, KBP13], and differential evolution [QZL+10]. The multiple traveling salesman
problems involve scheduling multiple salesmen to visit a set of cities such that each city
is visited exactly once, which is similar to the multi-robot task allocation for problems with
only single-robot tasks. However, the multi-robot tasks are not considered in the multiple
salesman problems. The flow shop scheduling problem determines the best sequence for
the processing a number of jobs on multiple machines. A job should be processed on
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different machines in a predefined order, which can be considered as loosely coupled multi-
robot tasks that can be carried out by multiple robots at different time. However, tightly
coupled multi-robot tasks, which require to be carried out by multiple robots at the same
time, are not considered in the flow shop scheduling problem. To some extent, the resource
co-allocation can be regarded as tightly coupled multi-robot tasks in the grid job scheduling
problems [JQSS08, JSQ+13].

This research focuses on solving multi-robot task allocation problems with tightly coupled
multi-robot tasks. A hybrid genetic algorithm is proposed for its good global and local search
capability.

1.2.5 Hybrid Algorithms

A hybrid algorithm combines two or more other algorithms to solve the same problem, so
that the overall algorithm is better than the individual algorithm. Interest in hybrid algorithms
has grown significantly in recent years, as they not only provide high quality solutions, but
also search with high efficiency. Many efforts have revealed the success of hybrid algorithms
in a wide range of real world problems, especially in optimization problems such as traveling-
salesman problems [CSVG13], staff scheduling [SDLM13], knapsack problems [OB09], and
rescheduling of multiple workflows [JSQ+13].

Numerous hybrid algorithms have been developed, e.g. hybrid evolutionary algorithms
[JQSS08], hybrid genetic algorithms [Ahm14], memetic algorithms [JSQ+13]. Hybrid al-
gorithms exploit the good properties of different algorithms, an appropriate selection and
combination of individual algorithms is thereby important to solve problems efficiently. Aim-
ing at solving complex optimization problems, many global and local search methods have
been developed, such as evolutionary [KBP13] and particle swarm algorithms [BHX13] for
global search, deadline sorting [PVK12], pattern search [BHX13], and hill climbing [OB09]
for local search. The global search algorithms usually use population-based approaches,
e.g. evolutionary algorithms, so that they can find high quality solutions by population evolv-
ing. In many real-world applications, local search approaches are problem-specific, as they
incorporate some domain knowledge. For example, deadline sorting [PVK12], which moves
the delayed task before some other tasks, is only suitable for the optimization problems with
time constraints; cluster optimization [GK10] refines solutions for the problem with prede-
fined clusters. The global search algorithms can also be used for local search, e.g. genetic
algorithms [GML08].

To design successful hybrid algorithms, it is very important to suitably choose the offspring
that undertake local search and determine the frequency of the local search. Many efforts
have studied these issues [Har94, Lan98, KS00, JBB04, NOK07, Jak10]. In these works,
the individuals, which undertake local search, could be all offspring, only the best offspring,
the offspring selected with a probability, or remaining offspring in the current population after
removing duplicate offspring. Local search could be applied to the initial population, each
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generation, or after the global search algorithm. The results show that local search fre-
quency and intensity is problem-dependent and is also influenced by the type of the global
search algorithms. Hybrid algorithms with self-adaptive local search have been further de-
veloped [KS00, JBB04, Jak10].

A controversial issue in hybrid algorithms is whether local search results should be used
to update the genotype (Lamarckian evolution) or not (Baldwinian evolution). In general,
the experimental results obtained by the Lamarckian and Baldwinian evolution are different
[CDFVH06, KCL12]. Thus, integrated Lamarckian and Baldwinian learning has been intro-
duced [ZCX13]. In this research, local search is employed after the genetic algorithm ends.
Thus, the genotype will not be updated, i.e., Baldwinian evolution is used in the proposed
hybrid genetic algorithm.

1.2.6 Research on Multi-Robot Inspection

Interest in the autonomous inspection has grown significantly in recent years, in particular
in the process industry and in the petrochemical industry. Special attention has been paid
to gas leak detection, as it may cause safety problems to produce, human, as well as envi-
ronment, and it can also reduce profit. Therefore, mobile robots can be employed on-site,
which can work autonomously or be controlled remotely by the human operator.

Using autonomous mobile robot systems, it is necessary to develop methods for detection
and localization of gas leaks. Many efforts have been devoted to this issue. Most of the
related work has focused on single robot experiments. For example, a Tri-Max method has
been developed to localize gas leaks using a TDLAS (Tunable Diode Laser Absorption Spec-
troscopy) remote gas sensor [BK13]; the effect of beam divergence and measurement range
on detection methods has been discussed [MK13a, MK13b]; thermographic measurements
have been addressed [BKB09, BKS10, Sol12, SBK12, SK13]; olfactory sensors have been
used to detect the gas leak [DIR09]. Several efforts have been devoted to gas or odor source
localization with multiple robots, such as the spatial formation of swarm robots [MM13], and
multi-robot chemotaxis [LVK05]. However, these works have focused on searching an odor
plume in an area.

To search and explore the whole environment of processing, transportation and storage fa-
cilities as fast as possible, multi-robot teams have been employed to find gas leaks. It is
desired to plan the search path for robots and control the cooperation between robots. A
behavior-based distributed approach for multiple mobile robots has been proposed to search
odor sources in unknown environments [MM11]. Particle swarm optimization has been de-
veloped to search sources using multiple robots [MA04, ZGZ14]; however, robots work in an
obstacle free environment, and the trajectory of the robots has not been optimized.

To improve the efficiency of the inspection work, the task assignment and the traveling path
of the robots should be optimized. The research in this dissertation is devoted to this issue,
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called multi-robot task allocation (MRTA). The aim is to find the optimal solution of MRTA
for a given inspection problem. This research assumes that robots work in a known static
environment, as the optimal solution is difficult to be evaluated and found in an unknown or
dynamic environment.

1.3 Contribution and Outline

In this research, mobile robots are employed to inspect industrial plants in order to detect
gas leakages. To detect a target object successfully, inspection robots with an active remote
gas sensing system require an at least diffusely reflecting background [BKB09, BK13]. If
the target object could be considered as a diffusely reflecting background, the inspection
of this target object is a single-robot task. Otherwise, a second robot with a retro-reflector
is required at the same time [MK13a]; this inspection is defined as a two-robot task. That
is, at most two robots are required for one task. This application type has motivated the
algorithmic work described in this dissertation. Nevertheless, the MRTA problem is still
strongly NP-hard as discussed in Chapter 2.3. The objective of this research is to provide a
complete solution to solve inspection problems with both single-robot and two-robot tasks,
not only to distribute and sequence all tasks, but also to form robot coalitions at the optimal
time instant for two-robot tasks.

According to the taxonomy of MRTA proposed by Gerkey and Matarić [GM04], the studied
MRTA problem is an ST-MR-TA problem even though the multi-robot tasks are limited to two-
robot tasks. This problem is called MRTA-T in this research. A central computer is used to
allocate tasks for the entire robot group in order to find the optimal solutions. A method for
MRTA problems is proposed based on hybrid genetic algorithms. The proposed algorithm
in this research can also be used for ST-SR-TA problems with only single-robot tasks (called
MRTA-S).

This dissertation studies the optimal multi-robot task allocation for inspection problems, and
the specific contributions are listed below.

• According to the specific characteristics of the studied inspection problems, MRTA
problems for solving inspection problems with single-robot and/or two-robot tasks are
formulated mathematically, which is essential for developing methods of MRTA.

• For task allocation, a novel hybrid genetic algorithm, which combines a subpopulation-
based genetic algorithm for global optimization with local search heuristics, is pro-
posed. The proposed algorithm is a centralized approach that considers all informa-
tion available in the entire group. Thus, it may provide optimal solutions. The possible
suboptimal outcome can occur because there is no guarantee for genetic algorithms
to find the global optimum.

• To find appropriate approaches of MRTA for solving problems with only single-robot
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tasks (MRTA-S), task-based, combination-based, and decomposition-based coding
strategies are developed. Based on these coding strategies, six approaches are im-
plemented and tested on various scenarios.

• With the aim of seeking the suitable approaches of MRTA for solving problems
with both single-robot tasks and two-robot tasks (MRTA-T), subtask-based, task-
based, combination-based, and decomposition-based coding strategies are devel-
oped. Based on these coding strategies, eight approaches are implemented and
tested on various scenarios.

• To form feasible coalitions for two-robot tasks so that the solution is executable for
robots, two new repair schemes are designed.

The proposed approach enables autonomous task allocation and feasible coalition for prob-
lems with both single-robot and two-robot tasks. By employing different coding strategies,
the task allocation method can be used for different environmental information or computa-
tion requirements.

This dissertation is organized as follows. Chapter 2 addresses the studied inspection prob-
lem and the mathematical modeling. The proposed hybrid genetic algorithm is presented
in Chapter 3. In Chapter 4, the designed coding strategies are developed. In Chapter 5,
simulation results of case studies are presented. Finally, the conclusions are drawn in Chap-
ter 6.
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2 Problem Statement

MRTA for inspection problems can be described as a complete task assignment for a group
of robots so that robots could accomplish the inspection of all target objects. In general, there
are more than two assignments for a specific inspection problem. The aim of this study is to
find the optimal assignment. Due to the fact that genetic algorithms do not guarantee to find
the global optimum in general, suboptimal or near optimal solutions are possible as well. In
this chapter, first of all, the characteristics of the target area for inspection are introduced.
Then, the problem is modeled as optimization problems subject to constraints.

2.1 Multi-Robot Inspection of Plants

In general, before designing algorithms for multi-robot systems, two important points should
be figured out so as to reliably complete the mission. The first important thing is to under-
stand the characteristics of the tasks and their environment, and the second is to compre-
hend the robot’s capabilities (robotic mobility and measurement methods). For the second
issue, this research concentrates on task allocations for multiple robots, based on the as-
sumption that the robots can self-localize in the environment and know how to carry out
tasks assigned to them.

2.1.1 Inspection Area and Tasks

This research focuses on the task allocation for multi-robot systems deployed for industrial
plant inspection. The targeted application is the inspection of spatially extended plants or
infrastructures. Taking gas leak detection as an example: the inspection objects are all
components that may cause gas leakage in the plant, e.g. pressurized pipes and vessels.
Detecting the leakage means identifying whether there are leaks, which can be achieved by
either scanning the surface of target objects using a single robot or measuring through open
fields using two cooperative robots [SWB+12, BK13].

The target cases are derived from a tank farm of a petroleum refinery (Figure 2.1 and Fig-
ure 2.2). Figure 2.2 shows the tank farm in the top right of Figure 2.1. Tanks are the target
objects to be inspected in order to detect gas or liquid leakages. Geometrically, this inspec-
tion environment is primarily composed of target objects (tanks), admissible zones (roads)
and inadmissible zones (obstacles, buildings, target objects, forbidden areas). Due to pipes
and connected secondary containments, tanks are often arranged in rows or/and in columns
with a few pathways in between (see Figure 2.2). In this research, two types of scenarios are
considered: the “tank row” scenario (e.g. Figure 2.3 derived from the left highlighted area
in Figure 2.2), where tanks are just arranged in rows; and the “tank islands” scenario (e.g.
Figure 2.4 derived from the right highlighted area in Figure 2.2), where tanks are arranged
in rows and columns. As displayed in these figures, there are four types of target objects
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Tank farm

Area 1

Area 2

Figure 2.1: PCK refinery ( c© PCK Raffinerie GmbH)

Figure 2.2: Tank farm of PCK refinery (Source: Google Earth)

(circles) with different diameters (they differ in color and diameters of the circles) that deter-
mine the inspection time of the robots. The three small rectangles at the bottom of figures
represent the home bases of three robots, which are the places where robots start from
and return to. Due to 24/7 all weather mobility requirements and the expensive inspection
sensors, this paper deals with deploying a small number of expensive robots. Inadmissible
zones are represented as shaded rectangles (except home bases) that robots cannot move
through, as firstly there is potentially explosive atmospheres, secondly the tanks are sur-
rounded by secondary containments with side walls that cannot be traversed by the robots.
Robots can move freely outside the rectangles.

The robots cannot carry out inspections of all target objects from only one position. Ac-
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Figure 2.3: Inspection area and tasks of the “tank rows” scenario with 5 two-robot tasks
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Figure 2.4: Inspection area and tasks of the “tank islands” scenario with 5 two-robot tasks
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cording to the measurement method described in [BKB09, BK13], target objects should be
inspected by robots at a set of specific inspection positions that are represented as dia-
monds in Figure 2.3 and Figure 2.4. Therefore, a “task” indicates an independent subgoal,
which includes not only completing the inspection of the target object, but also arriving at
the corresponding inspection position or positions. In this research, two types of tasks are
considered:

• Single-robot tasks, each is carried out at an individual inspection position by one robot
with an active remote sensor.

• Two-robot tasks, each requires one robot with an active remote sensor and the second
robot with a retro-reflector as a robot coalition to perform the task simultaneously from
two specific inspection positions. Because the two inspection positions of a two-robot
task cannot be the same, a two-robot task can be separated into two dependent sub-
tasks. Each subtask of a two-robot task requires a pair (robot, inspection position);
hence, a two-robot task involves two unique pairs (robot, inspection position). In addi-
tion, two robots in a coalition are required to arrive at specific inspection positions and
start the inspection at the same time; thereby early arrival robots have to wait so as to
execute two-robot tasks successfully.

Figure 2.3 and Figure 2.4 show inspection areas of two different problems with both single-
robot and two-robot tasks. Each pair of diamond points linked by a bold dashed line defines
the two inspection positions of a two-robot task that should be simultaneously carried out
by two robots. The other inspection positions mark single-robot tasks. In the “tank rows”
scenario, 80 single-robot and 5 two-robot tasks (i.e., in total 90 subtasks) have to be ac-
complished by 3 mobile robots. In the “tank islands” scenario, 90 single-robot tasks and 5
two-robot tasks (i.e., in total 100 subtasks) have to be accomplished by 3 mobile robots. For
the same inspection areas in Figure 2.3 and Figure 2.4, problems without two-robot tasks
will be tested in the experiments, that is, each inspection position represents a single-robot
task, hence there are 90 single-robot tasks in the “tank row” scenario and 100 single-robot
tasks in the “tank islands” scenario.

2.1.2 Assumptions of the Problem

This research focuses on strategic planning. Only a small number of mobile robots (e.g.
fewer than 5 robots) are employed to solve MRTA in inspection problems. The goal is not
only to assign tasks to robots, but also to determine the task sequence for each robot under
coalition constraints for two-robot tasks. Despite the fact that a multi-robot task (i.e., two-
robot tasks in this research) requires at most two tightly-coupled robots at the same time, the
complexity of MRTA greatly increases in case of more two-robot tasks or dynamic planning.
For this reason, the multi-robot task allocation studied in this research is performed based
on the assumptions:

14



2.2 Mathematical Modeling

• With the aim to provide the optimal solutions, all robot and environmental information
is known and unchanged during making decision about task allocation on the central
computer.

• In order to reduce the complexity of MRTA for solving inspection problems, it is as-
sumed that there are many more single-robot tasks than two-robot tasks.

• It is assumed that the number of robots is much smaller than that of tasks because
of the high expense of robots, hence the task sequence of a single robot must be
optimized.

• It is assumed that individual robots have all the required capabilities (both active re-
mote sensor and retro-reflector), and hence any pair of robots can form a coalition
to accomplish a two-robot task. If there is a robot only with retro-reflector, this robot
idles most of the time due to a small number of two-robot tasks; and it will take more
time to finish all tasks due to a small number of robots. If there is only one robot with
both active remote sensor and retro-reflector, all two-robot tasks have to be assigned
to this robot. It will introduce a new constraint to the repair approach and reduce the
search space of the algorithm. The proposed algorithm is able to solve this problem
by modifying the repair approach.

• Each independent task can be started at any time, and there is no idle time and prece-
dence between any independent tasks.

• No changing or charging of battery is required during the whole period of robots per-
forming their tasks.

2.2 Mathematical Modeling

The mathematical modeling of the MRTA for an inspection problem is described in this sec-
tion. At first, the tasks and resources of an inspection problem are presented. Then, the
objective and constraints are expressed.

2.2.1 Tasks and Resources

According to the particular characteristics of the inspected environment, formally, an inspec-
tion problem can be defined as F = (E,S,R, T,C).

• Environment: The inspection area is discretized as grid map E with Nx and Ny points
in x and y direction, respectively. By coding inaccessible grid cells with exy = 0 and
accessible with exy = 1, the grid map can be written as a matrix E = {exy|exy ∈ {0, 1}}
with x ∈ {1, 2, ..., Nx} and y ∈ {1, 2, ..., Ny}.
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• Home base: The locations, where robots start from and return to, are denoted as
S = {Sk|Sk ∈ E}. Sk is the home base of robot Rk.

• Robot: R = {Rk|k ∈ {1, 2, ..., NR}} is the set of all NR robots.

• Task: T is a set of NT tasks, i.e., T = {Tl|l ∈ {1, 2, ..., NT }}. Let tl stand for subtasks.
A single-robot task has one subtask Tl = tl and a two-robot task has a pair of tightly-
coupled subtasks Tl = (tl1, tl2). All NP subtasks of T form the set P = {Pi|i ∈
{1, 2, ..., NP }} with NP = NT +Nw, where Nw is the number of two-robot tasks. The
function fT : T → P maps the set T to the set P .

• Cost: That is used to evaluate the solution of MRTA. C = {cijk|cijk > 0} is a set
of durations required by robot Rk to accomplish the subtask Pj immediately after Pi
(Pj , Pi ∈ P ), and satisfies

cijk = ctijk + csjk + cwjk, (2.1)

with i 6= j, i, j ∈ {0, 1, ..., NP }, k ∈ {1, 2, ..., NR}. i = 0 or j = 0 represents the home
base of the respective robot, otherwise subtasks. Where,

– ctijk is the traveling time of the robot Rk from the inspection position of Pi to that
of Pj , which will be calculated by the designed algorithm as well as the optimal
traveling path P

path
ijk between Pi and Pj .

– csjk is the time robot Rk needs to carry out the inspection subtask Pj , cs0k = 0

means no inspection at the home base. The inspection time depends on the
characteristics of the tasks, the features of the sensors and the measurement
method. In this research, it is simplified to be

csjk = Dj/v
s
k, (2.2)

where, Dj is the radius of the target object scanned by robot Rk at the inspection
position of Pj , and vk is the scanning velocity of robot Rk.

– cwjk is the waiting time of the robot Rk to execute Pj after arriving at the inspection
position of Pj . It is decided by the task allocation and robot coalition. For two-robot
tasks Tl = (tl1, tl2), it describes the time-span between arrival of the first and the
second robot at the respective inspection position: Let τal1 be the time at which
a robot arrives at the inspection position tl1, τal2 be the time at which a second
robot arrives at the inspection position tl2, τ sl1 be the time at which a robot starts
to inspect the task Tl, and τ sl2 be the time at which a second robot starts to inspect
the task Tl, the waiting time is |τal1 − τal2| due to the fact that subtasks tl1 and tl2

must be carried out by two robots at the same time (i.e., τ sl1 = τ sl2). If τal1 > τal2, a
robot arrives and waits at the inspection position of tl2 until the joint inspection can
start, and τal1 = τ sl1. There is no waiting time for single-robot tasks. cw0k represents
the preparing time of the robot Rk from receiving the start command to leaving its
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home base (e.g. delay due to the loading of the environmental information and
tasks).

2.2.2 Objective Function and Constraints

The optimization algorithm should find a feasible solution that minimizes the objective func-
tion. According to the application requirements, the objective can be to minimize the cost
related to e.g. energy consumption, operating time, and/or traveled distance. Since the in-
spection of industrial plants is safety-critical, it is important to find out whether there is a fault
as soon as possible in order to ensure that the plant works well. In this study, the chosen
objective of MRTA is to minimize the completion time J defined as the time span between the
robots receiving their start directives and the last robot returning after finishing all tasks.

The solution candidates of the MRTA problem can be represented as an NP × NP × NR

matrix X = {xijk|xijk ∈ {0, 1}}, with element xijk = 1 if the robot Rk is assigned to accom-
plish Pj immediately after Pi or xijk = 0 otherwise. Using this definition, the objective of the
inspection problem under study is to minimize the completion time J , where J is given as:

J = max
k∈{1,...,NR}

NP∑
i=0

NP∑
j=0,j 6=i

cijkxijk (2.3)

subject to
NR∑
k=1

NP∑
j=0

x0jk = NR (2.4)

NR∑
k=1

NP∑
j=0,j 6=i

xijk = 1, ∀i, i = 0, 1, ..., NP (2.5)

NP∑
j=1

x0jk =
NP∑
i=1

xi0k, ∀k, k = 1, ..., NR (2.6)

Equation (2.3) is the objective function. The constraint (2.4) specifies that NR robots carry
out the inspection. The constraint (2.5) guarantees that every subtask is executed only
once. Finally, the constraint (2.6) ensures that each robot starts and ends at its home base.
Constraints (2.4)-(2.6), called scheduling constraints (SC), ensure that the sequence of the
solution is feasible.

For problems with only single-robot tasks (NP = NT ), a solution is only required to satisfy
the scheduling constraints. For problems with both single-robot and two-robot tasks, to form
the feasible coalition for two-robot tasks, the following three executability constraints (EC)
must also be satisfied. For a two-robot task Tm = (tm1, tm2) that is carried out by robots Ra
and Rb, it is required that:

EC1 a 6= b, i.e., Ra and Rb are two distinct robots.
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2 Problem Statement

EC2 τ sm1 = τ sm2, i.e., subtasks tm1 and tm2 must be carried out by Ra and Rb at the same
time so as to accomplish Tm successfully.

EC3 The schedule of tasks is feasible for execution, i.e., there is no twisted task sequence.
For instance, the other two-robot task Tn = (tn1, tn2) may also be assigned to robots
Ra and Rb. If the task schedule of Ra being tm1 → tn1 while tn2 → tm2 for Rb, the
sequence of the tasks Tm and Tn for Ra and Rb is contradictory, and not feasible to
be carried out. To put it another way, all inspections previously performed by robot Rk
before Tl, have to be executable.

2.3 Discussion

In this chapter, the mathematical model of multi-robot task allocation (MRTA) for inspec-
tion problems is formulated according to the specific characteristics of the inspected area
and tasks. This model is built in the form of matrices, which is frequently used in schedul-
ing problems, e.g. traveling salesman problems, package delivery problems, and job shop
scheduling problem. If inspection problems have only single-robot tasks, MRTA optimization
problems are referred to as MRTA-S in this dissertation, while MRTA-T optimization solves
problems with both single- and two-robot tasks.

According to the taxonomy of MRTA proposed by Gerkey and Matarić [GM04], MRTA-S is an
ST-SR-TA problem that is known to be strongly NP-hard. The solution of this problem is only
required to satisfy all scheduling constraints (Equations (2.4)-(2.6)). Because the quality of
a solution is evaluated by both inspection time and traveling time, MRTA-S depends on not
only the task distribution for all robots, but also the task schedule of each robot.

According to the taxonomy of MRTA proposed by Gerkey and Matarić, the studied MRTA-T
is an ST-MR-TA problem even though the multi-robot tasks are limited to two-robot tasks.
Although inspection problems are assumed to involve major single-robot tasks and minor
two-robot tasks in order to reduce the complexity of MRTA-T, this problem is still strongly
NP-hard. The solution of this problem is required to satisfy not only all scheduling con-
straints, but also all executability constraints (EC1-EC3). As robot coalitions must be formed
to accomplish two-robot tasks, waiting time may occur, which will be added to evaluate the
quality of a feasible solution. To minimize the completion time, the objective of MRTA-T is to
provide a feasible solution, not only to distribute and sequence all tasks, but also to form the
feasible robot coalitions.

To obtain a feasible solution, all tasks have to satisfy all scheduling constraints, each two-
robot tasks are required to satisfy constraints EC1 and EC2, and the schedules of two-
robot tasks must satisfy EC3. The complexity of MRTA-T greatly increases with the number
of two-robot tasks. Therefore, it is necessary to design a suitable approach with proper
representation and coding strategy.
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3 Methodology for Multi-Robot Task Allocation

In this chapter, a novel hybrid genetic algorithm consisting of global and local search meth-
ods is presented to solve MRTA problems. At the beginning, the structure of the proposed
method is introduced. Then, the algorithm for path planning, which is used for evaluating
solution candidates, is described. After that, the global search method – a genetic algorithm
– is designed. At the end of this chapter, two local search methods are introduced in order
to improve the efficiency.

3.1 General Algorithm Structure

In this research, the proposed hybrid genetic algorithm combines a genetic algorithm for
global optimization with local search heuristics. Genetic algorithms are used for global op-
timization because of simplicity, minimal problem restrictions and global search capability.
Solution candidates are represented as individuals of a population and evaluated by the
fitness value (objective function). The algorithms try to find the optimal solution through
producing new populations iteratively by means of selection, crossover and mutation of indi-
viduals who are part of the previous generation (parents). Genetic algorithms can be easily
coded and often provide good solutions. Moreover, they can be applied to a problem without
having to know much about the structural properties of the problem. However, genetic algo-
rithms require relatively more computation time to obtain the optimal solution than rigorous
problem-specific approaches.

To improve the performance of genetic algorithms, local search heuristics were introduced.
Normally, some issues should be figured out [Jak10] when using local search.

1. Which local search approaches should be used? Two local search approaches are
designed in Chapter 3.4.

2. How often should the local search be used? Unlike memetic algorithms (e.g. [PWS+13,
JSQ+13]) where local search is usually used in each generation, the local improve-
ment procedure of the proposed hybrid genetic algorithm is performed only once after
the genetic algorithm. If local search is applied in each generation, significantly more
time is required due to the correspondingly required multitude of fitness determina-
tions; see Chapter 5.

3. To which individuals should the local search be applied? To improve the computa-
tional efficiency, local search methods are only applied to a set of the best individuals
obtained in each generation.

4. Should the local search results be used to update genotypes of individuals (Lamar-
ckian evolution) or not (Baldwinian evolution)? Since the local search is applied after
the genetic algorithm in this work, genotypes could not be updated, i.e. Baldwinian
evolution is used.
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3 Methodology for Multi-Robot Task Allocation

The flow chart of the proposed MRTA method is shown in Figure 3.1. Robots (R) and tasks
(T ) must be given at the beginning of the method. In addition, the inspection time (csjk) must
be predefined according to the inspection method (e.g. refer to [BK13]). In this research,
the inspection time is calculated according to Equation (2.2). In the step “map load”, the
environment information (E,S) described in Chapter 2 is the input. In the step “path plan-
ning”, the optimal path (P

path
ijk ) and traveling time (ctijk) between two inspection positions of

any two subtasks is calculated by the A* algorithm [LK12a], which is also described in the
next section. In the global search process, a set of individuals (Xinterim) with better fitness
value is determined using the genetic algorithm and recorded for local improvement. To find
an appropriate coding mechanism, different encoding/decoding strategies are presented in
Chapter 4. After local search, the final solution (Xopt) with minimal completion time is re-
turned at the end of the program. In comparison with the matrix coding in Chapter 2.2.2,
Xinterim = B and Xopt = Aopt hold based on the permutation coding in Chapter 3.3, where
B is a set of individuals applied local search and Aopt is the final solution obtained by the
proposed algorithm.
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Figure 3.1: Flow chart of the proposed MRTA method

3.2 Path Planning

Since not all areas in the inspection environment are admissible for ground-bound mobile
robots, e.g. obstacles, the traveling path between two inspection positions cannot be sim-
plified to a straight line. Therefore, a method for optimizing the traveling path should be
designed. In this research, finding a shortest traveling path with minimal traveling time be-
tween any two inspection positions is called path planning, which will be solved using the A*
algorithm. The traveling path P

path
ijk is stored as a sequence of grid cells, which starts from

the inspection position of Pi and ends at the inspection position of Pj . The traveling time ctijk
is the time of the robot Rk completing the traveling path P

path
ijk . The path planning is essential

for the hybrid genetic algorithm to find the final solution.
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3.2 Path Planning

For two subtasks Pi and Pj , their inspection positions are eαβ and emn, respectively. The
submatrix Mij can be obtained from the environment matrix E,

Mij =


eαn . . . emn

...
. . .

...
eαβ . . . emβ

 .

• If the submatrix Mij satisfies exy = 1 for all exy ∈ Mij , the traveling path P
path
ijk is

simplified to be a straight line from eαβ to emn, i.e., P
path
ijk = {eαβ, emn}, and the traveling

time is
ctijk = d[i→ j]/vk, (3.1)

where, vk is the moving velocity of robot Rk, and d[i → j] is the Euclidean distance
between subtasks Pi and Pj .

• Otherwise, the A* algorithm is used for path planning.

The A* Algorithm is a heuristic algorithm for finding the shortest feasible path for each robot
from the start position to the corresponding target position. Although the A* algorithm has
been already proposed in 1968 [HNR68], it is still the workhorse for path planning in mobile
robotics. Figure 3.2 illustrates the way to find the optimal path between two positions (from
a to q): at each position c, the distances of the paths via the eight adjacent positions s are
estimated according to Equation (3.2); the position with the shortest distance is recorded and
selected to be the next position c; repeat until the robot gets to the goal position (i.e. c = q).
In this way, the selected positions (a sequence of c) make up the traveling path between
the start and goal position, e.g. the arrow line in Figure 3.2, the solid line represents the
traveling path from a to c and the dotted line represents the traveling path from c to q.
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Figure 3.2: Path planning using the A* algorithm: a is the start position, q is the goal position, c is
the current position, s are adjacent positions of c that will be estimated according to Equation (3.2)

For every position s, the distance of the path from a via s to q is estimated in order to find
the optimal path, the estimation function is

f [s] = g[s] + h[s], (3.2)

where, g[s] is the distance of the optimal path from the start position a to the position s, and
h[s] is a heuristic which estimates the distance from s to the goal position q.
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3 Methodology for Multi-Robot Task Allocation

• g[s] = g[a→ c]+d[c→ s], g[a→ c] is the distance of the shortest path (i.e. a sequence
of selected positions c) from a to c, and d[c→ s] is the Euclidean distance from c to s.

• Heuristic function is defined as h[s] = α · d[s → q] in [GKN03], where d[s → q] is the
Euclidean distance between s and q. The results showed that 0 ≤ α ≤ 1.1 provided
optimal path. Thus, α = 1 is chosen in this study, i.e., h[s] is determined by the
Euclidean distance between s and q.

Hence, the estimation function in this research is

f [s] = g[a→ c] + d[c→ s] + d[s→ q]. (3.3)

The value of g[s] = g[a → c] + d[c → s] is the distance of the shortest path from a to s; this
path is planned by the A* algorithm. The value of h[s] = d[s → q] is a heuristic value that
estimates the distance of the path from s to q; this value is not the distance of the shortest
feasible path from s to q, but it is a good approximate value of the optimal path from s to q.
Therefore, Equation (3.2) and (3.3) are called as estimation function.
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Figure 3.3: Infeasible (left) and feasible (right) optimal path for robots

Using the A* algorithm, two kinds of traveling paths may occur, e.g. in the left-hand side
of Figure 3.3. However, robots cannot move according to these two paths because of their
physical size such as length or width. To make feasible paths for robots, the following rule
must be obeyed during path planning: if some adjacent positions s of c are inaccessible,
only four positions s, whose x or y value is the same with that of c, will be evaluated by the
A* algorithm. The optimal feasible paths are obtained and shown in the right-hand side of
Figure 3.3.

Using the A* algorithm, the traveling path P
path
ijk between the inspection positions of Pi and

Pj is the sequence of selected positions c and the traveling time is

ctijk = g[i→ j]/vk, (3.4)

where, vk is the moving velocity of robot Rk, which depends on its mobility, the weather,
the ground conditions, and so on. Therefore, it varies in different inspection areas. In this
research, the moving velocity of a robot is assumed to be constant.
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3.3 Global Search Method - Genetic Algorithm

The traveling time ctijk will be used to evaluate the fitness of solution candidates, and the

traveling path P
path
ijk will be used to improve the task allocation in local search and to form

the inspection route of the final solution. Therefore, the traveling time and the traveling path
should be determined before performing the genetic algorithm. Since any task is possible
to be assigned immediately after any one of the other tasks during the task allocation, the
traveling time and path between any pair of inspection positions must be calculated. Due to
this reason, the time complexity of path planning is a quadratic polynomial of the number of
tasks as discussed in Chapter 3.5.

3.3 Global Search Method - Genetic Algorithm

A genetic algorithm (GA) is used for the global search as it considers all available informa-
tion in the entire robot system and can provide optimal solutions. The Genetic Algorithm
proposed by Holland [Hol92] mimics some of the processes of natural evolution to solve
global optimization problems. It is a general problem solver and has been used in a variety
of real world problems [OOKT00, Pas13] for its simplicity, minimal problem restrictions, and
global search capability.

3.3.1 Solution Representation

To optimize any given task allocation problem, the foremost requirement is an efficient so-
lution representation, i.e., it can be efficiently coded for the selected optimization algorithm.
There have been many different solution representations to solve combinatorial optimization
problems. The solution representation highly depends on the problem. The MRTA problems
studied in this research are similar to combinatorial optimization problems such as multi-
ple traveling salesman problems, job scheduling problems, and vehicle routing problems.
Most of related work use binary alphabets or integer numbers for the solution representa-
tion [LnKM+99, NL12, XSB+12]. The matrix representation, e.g. the solution described in
Chapter 2.2.2, is one of the binary representations. Although the binary coding is the stan-
dard way to represent solutions in the genetic algorithm, not all solutions obtained using this
coding are valid in combinatorial optimization problems. Therefore, repair operators have to
be designed.

There have been different ways to code the solution using integer representations such as
permutation, adjacency, ordinal coding [LnKM+99]. Compared to other integer representa-
tions, permutation coding is the most natural representation and can easily be implemented
in the most commonly used programming languages such as MATLAB or C/C++. In this
research, the permutation coding is used to represent task assignments. Each gene is
represented by an integer in the range of [1, NG], where NG is the number of genes on a
chromosome. Compared to the matrix representation in Chapter 2.2.2, permutation repre-
sentation is relatively simple to be dealt with by the genetic algorithm and provides better
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3 Methodology for Multi-Robot Task Allocation

interpretable solutions. Its most distinguished advantage is that it is easy to satisfy the
scheduling constraints.

In MRTA problems, the tasks should be assigned to a group of NR robots, i.e., the sequence
of genes must be divided into NR parts. There have been several ways to represent a
solution [Car03, ZL10, SYD11]:

• Two chromosomes, the first chromosome represents the sequence of genes, and the
second one lists the robot for each gene;

• One chromosome, which is a permutation of NG genes (positive integers) plus NR−1

negative integers, the negative integers separate the chromosome into NR parts;

• Two-part chromosomes, the first part is a sequence of genes, and the second part is
NR positive integers that represent the number of genes for each robot.

These techniques have been tested to solve multiple traveling salesman problems [Car03,
SYD11]. The results showed that the genetic algorithm with two-part chromosomes was su-
perior in most cases, especially in the problem with a large number of salesmen. Therefore,
two-part chromosomes are used in this research.

Different from the two-part chromosomes presented in [Car03, SYD11], two parts of the
solution representation proposed in this work are a sequence of genes and an order of
NR−1 positive integers, called chromosome and gene-apportion, respectively. In particular,
we define:

• Gene: A gene can represent a subtask, a task or a set of tasks depending on the
encoding strategy.

• Chromosome: A chromosome is a string of all genes and represents the sequence
of genes.

• Gene-apportion: A gene-apportion is a set of integers, denoted as G
a

= {gi|gi ∈
{1, 2, ..., NG − 1}, gi < gi+1, i ∈ {1, 2, ..., NR − 1}}. It splits one chromosome into NR

segments for NR robots.

• Genotype: A genotype consists of a chromosome and a gene-apportion, which rep-
resents the gene sequence of each robot. Z = {Zk|k ∈ {1, 2, ..., NR}} is used to
denote a genotype. Zk = {zki |i ∈ {1, 2, ..., lzk}} represents the sequence of lzk genes
that belong to robot Rk; zki is the i-th gene of Zk; lzk satisfies

∑NR

k=1 l
z
k = NG.

• Phenotype: A phenotype represents a complete task assignment, i.e., the distribution
of tasks to the robots and the subtask sequences for all robots. Let A denote the
phenotype of an individual, which consists of NR disjunct subsets that satisfy

A = {Ak|
NR⋃
k=1

Ak = P,Ak
⋂
k 6=i

Ai = ∅}, (3.5)
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3.3 Global Search Method - Genetic Algorithm

with i, k ∈ {1, 2, ..., NR}. Where, P is the set of all subtasks, Ak = {aki |i ∈ {1, 2, ..., lk}}
is a sequence of lk subtasks assigned to robot Rk, aki is the i-th subtask of Ak, and lk
satisfies

∑NR

k=1 lk = NP . The fitness of an individual is assessed by the corresponding
completion time J :

J(A) = max
k∈{1,...,NR}

Ck(Ak), (3.6)

with

Ck(Ak) = c0ak1k
+

lk−1∑
i=1

ci(i+1)k + caklk0k
, (3.7)

where Ck(Ak) is the time that it takes robot Rk to complete all its inspection tasks
Ak, c0ak1k is the time required by robot Rk traveling from its home base Sk to the first
task ak1 and completing the inspection at the inspection position of this task, caklk0k

is

the time of robot Rk traveling from the inspection position of the last task aklk to its
home base Sk. The objective is to find the task allocation A that minimizes J(A). This
objective is natural for the intended application, but other objectives such as minimal
energy/resource consumption could be used similarly. In Equations (3.5) and (3.6),
the solution is represented using permutation coding, whereas the solution has been
expressed in the form of the matrix in Equation (2.3).
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Figure 3.4: Coding example with only single-robot tasks (T1 − T10)

Figure 3.4(a) shows an example problem with ten single-robot tasks being performed by
three robots. Tasks and costs of this example map are listed in Appendix 7.1. In this exam-
ple, tasks and subtasks are shown in Figure 3.4(b). If each task is encoded as one gene,
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Figure 3.5: Coding example with single-robot tasks (T1 − T5, T8) and two-robot tasks (T6, T7)

the genotype of an individual can be represented as shown in Figure 3.4(c). According to
the gene-apportion (G

a
= {3, 7}) of this genotype, the chromosome of this genotype is sep-

arated into three segments (Zk) for robots Rk. The number of genes in each segment is lzk.
Since each gene represents a task, this genotype is decoded as the phenotype displayed
in Figure 3.4(d). As robots are required to start from and return to their home bases Sk, the
schedule of robots according to this phenotype is shown in Figure 3.4(d).

Figure 3.5(a) shows an example problem with eight tasks being carried out by three robots.
The inspection area and inspection positions of this problem are the same as in the prob-
lem displayed in Figure 3.4(a). The difference is that this problem has two two-robot tasks
indicated by dashed lines. Tasks and subtasks are listed in Figure 3.5(b). If each subtask
is encoded as one gene, the genotype of an individual can be represented as shown in Fig-
ure 3.5(c). Although this genotype is like the genotype shown in Figure 3.4(c), the phenotype
is different. The decoded task assignment of this problem is shown in Figure 3.5(d), which
requires R2 and R3 to execute T6 and T7 cooperatively. To satisfy the second executability
constraint (EC2) that requires two robots to start the inspection of a two-robot task at the
same time, τ s6 = τ s9 and τ s7 = τ s8 .

3.3.2 General Genetic Algorithm

In this work, the encoding and decoding approaches that are illustrated in Chapter 4 vary in
terms of the different coding strategies. However, the general procedures of the proposed
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3.3 Global Search Method - Genetic Algorithm

genetic algorithms are almost the same (Figure 3.6).
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Figure 3.6: Flow chart of the proposed genetic algorithm

Design Parameter and Coding Decision

In the beginning, parameters of the genetic algorithm (e.g. population size Npop and ter-
mination criterion) and the coding strategy are chosen. Table 3.1 lists all parameters that
should be selected at the beginning of the genetic algorithm. Since the number of individ-
uals in each subpopulation is a constant value of 10 in the designed genetic algorithm, the
population size must be a multiple of 10 and the number of subpopulations must be Npop/10.
The genetic algorithm is terminated when the number of generations reaches the fixed value
of Gmax . In general, the genetic algorithm with larger Npop and Gmax may provide better so-
lutions, but requires longer CPU time. N b best individuals in each generation are recorded
for local search. More selected individuals may increase the probability of finding the optimal
solution via local search, but also require more time for local search. In the experiments, all
parameters are selected as the default value.
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3 Methodology for Multi-Robot Task Allocation

Table 3.1: Parameters of the genetic algorithm

Parameter Range Default Value

Population size Npop Multiple of 10 200
Terminal generation Gmax ≥ 100 104

Number of best individuals N b ≥ 1 2
Number of subpopulations K Npop/10 20

Initial Population

The initial population is randomly produced based on the designed encoding strategy, that
is, each genotype (chromosome and gene-apportion) is generated at random on the basis
of the definition in Chapter 3.3.1.

Fitness Calculation

For problems with only single-robot tasks, genotypes created by the proposed genetic al-
gorithm can be used directly for fitness calculation, and phenotypes are always feasible for
robot execution. By contrast, for problems with two-robot tasks, genotypes must be decoded
according to the chosen coding strategy; infeasible individuals may occur during the decod-
ing step, hence, infeasible individuals are repaired in accordance with the repair schemes
described in Chapter 4.2.5. After that, the fitness of each individual is calculated according
to the objective function (3.6). In each generation, the N b best individuals are determined
and form the set Bj with j denoting the j-th generation.

New Population

As the new population is generated by selection, crossover and mutation operators in clas-
sical genetic algorithms, it is important to select appropriate operator realizations. Many
enhancements have been proposed, such as adaptive crossover and mutation probability
[ZCL07], different crossover operators [ADA08], appropriate population sizes [ST07, ZLZ09],
etc. In typical genetic algorithms (e.g. [XSB+12]), the selection and genetic operators are
applied to the whole population. This global population model was called as panmictic pop-
ulation [GS90]: there is no group structure in the population; and all individuals in the popu-
lation are potentially selected as the parents. The division of one panmictic population into
subpopulations has been widely used to improve the performance of genetic algorithms,
especially solving large-scale problems. Individuals between subpopulations may commu-
nicate by migration or diffusion [GS90, GS94].

In previous work on genetic algorithm design [LK12b] a new genetic algorithm was pro-
posed: all individuals in each generation are divided into non-overlapping groups, and then
the selection and genetic operators are applied to individuals in each group in parallel. It
was inspired from the genetic algorithm developed by Joseph Kirk [Kir07]. Compared with
genetic algorithms with panmictic population, this genetic algorithm obtained better results
in case of problems with more than 20 tasks [LK12b]. Hence, it was used to solve inspection
problems in this research.

28



3.3 Global Search Method - Genetic Algorithm

This algorithm can be considered to belong to the class of tournament- or subpopulation-
based genetic algorithms. On the one hand, it uses an extended tournament selection:
in each group all individuals involve in a “tournament” to select survivors (elites) and par-
ents. Offspring are generated only from parents of the respective tournament group. The
new population is randomly divided into tournament groups in the next generation. On the
other hand, it can also be considered as a subpopulation-based approach: each group is a
“subpopulation”; all offspring are generated in a subpopulation independently of other sub-
populations, and there is no exchange of information or individuals between subpopulations.
However, all subpopulations are merged to fill the population, and this population will be
randomly divided into new subpopulations in the next generation. In this study this algorithm
is called as the subpopulation-based genetic algorithm.

During the procedure of generating the new population, all individuals in each generation
are randomly divided into K non-overlapping subpopulations all with the same size Npop/K.
In each subpopulation, Npop/5K individuals with the best fitness values are selected to pass
unchanged to the next generation; the other 4Npop/5K offspring are generated by genetic
operators and the process of generating the new gene-apportion. Parents are selected
based on the fitness values of the individuals in each subpopulation. All offspring survive
in the new generation. At the end of each generation, all subpopulations are combined into
one population that will be divided into a new set of subpopulations in the next generation;
see Figure 3.6.

Unlike diffusion models, non-overlapping subpopulations are used in the developed genetic
algorithm. Unlike island models (e.g. [GS90]), there is no migration between subpopula-
tions in the developed genetic algorithm. Instead of the migration, all individuals in each
generation are divided into subpopulations, and these subpopulations are combined into
one population at the end of each generation, i.e., subpopulations vary in different gener-
ations. This genetic algorithm can avoid inappropriate initial division of the population and
migration scheme in island models.

According to the research on genetic operators in [LnKM+99, Kro13], swap, insertion, inver-
sion and displacement mutation are used in this research as they can achieve better results,
see Figure 3.7.

• Swap mutation: exchanges two genes that are randomly selected from the chromo-
some.

• Insertion mutation: removes a random gene from the chromosome and then inserts it
in a randomly chosen place.

• Inversion mutation: reverses the genes between two randomly selected places in the
chromosome.

• Displacement mutation: selects two places in the chromosome at random, removes
the genes between two selected places from the chromosome, and then inserts them
in a random place in the chromosome.
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Figure 3.7: Mutation operators applied to chromosomes in the proposed genetic algorithm

Each mutation operator is applied Npop/5K times to the chromosome of the best individual
of each subpopulation. In this way, the search space near the single superior individual
can be well exploited. Normally, it may cause inadequate exploration of the whole search
space. To balance the exploration and exploitation, the whole population is divided into
subpopulations, the parent for mutation is chosen as the best individual per subpopulation,
and the division of the whole population is performed in each generation to avoid the single
superior individual. The mutated genes are randomly chosen and the mutation probability is
pm = 1. The gene-apportion of the offspring is determined by:

(1) Finding NR − 1 numbers g′i with i ∈ {1, 2, ..., NR − 1} – each g′i is randomly generated
from the normal distribution (µ(i), σ2) (see Figure 3.8)
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Figure 3.8: Normal distribution for generating gene-apportion

µ(i) =
1

Gcrt − 1

Gcrt−1∑
j=1

g
opt
j (i), (3.8)

where, g
opt
j (i) is the i-th element of the gene-apportion of temporary optimal individual

obtained in the j-th generation, and Gcrt is the current generation number; σ = 0.03NG

is used in this research.

The value of µ(i) may be chosen as the gene-apportion of the best individual or the
average of the gene-apportions of some individuals. These individuals can be selected
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3.3 Global Search Method - Genetic Algorithm

e.g. from each subpopulation in the current generation or from the set of all individuals
in different generations such as the current generation and all previous generations.
Equation (3.8) selects the cumulative moving average gene-apportion of the best indi-
viduals in all previous generations, which avoids the randomness caused by a single
individual or a single generation. Since 99.7% of the data values are within three
standard deviations (i.e., µ(i) ± 3σ) and the gene-apportion values are restricted to
1, ..., NG − 1, σ ≤ (NG − 1)/3 is suggested. A smaller σ permits the values, which are
close to µ(i), to be chosen with a higher probability. The value σ could be decreased
with increasing number of robots. Since the value µ(i) is determined from temporary
optimal individuals in all previous generations and is quite close to the optimum, σ is
chosen as a small value in this research, e.g. σ = 0.03NG.

(2) Rounding g′i to the nearest integer gi; if gi /∈ {1, 2, ..., NG − 1} or gi > gi+1, rounding
µ(i) to the nearest integer gi.

This gene-apportion procedure allows numbers that are close to g
opt
j (i) to be chosen with a

higher probability. 50% offspring keep the gene-apportions of their parents, and the other
50% offspring generate their gene-apportions via this procedure. The new genotypes in
each subpopulation are listed in Table 3.2. “Unchanged” means that the gene-apportion
of the new genotype is the same as the gene-apportion of the parent; “New generated”
means that the gene-apportion of the new genotype is generated by the gene-apportion
procedure.

Table 3.2: New genotypes in each subpopulation

Number of genotypes Parent New Genotypes
Chromosome Gene-Apportion

Npop/10K Best individual

Elitism Unchanged
Elitism New generated
Swap Unchanged
Swap New generated
Insertion Unchanged
Insertion New generated
Inversion Unchanged
Inversion New generated
Displacement Unchanged
Displacement New generated

Termination Criteria

In this research, the genetic algorithm is terminated when the number of generations
reaches a fixed value of generations (Gmax). In general, a genetic algorithm with a large
value of Gmax provides better solutions than that with a small value of Gmax because a large
value of Gmax enables better exploration. However, a genetic algorithm with a large value of
Gmax requires more time for the termination due to the same reason, which may cause lower
efficiency. On the contrary, the genetic algorithm with a small value of Gmax may lead to the
premature termination that might yield underperforming solutions. Therefore, it is necessary
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3 Methodology for Multi-Robot Task Allocation

to make a suitable compromise. Different coding strategies affect the choice of the value
Gmax . This work selects a relatively large value of Gmax = 104 in the experiments. At the
termination of the genetic algorithm, the set B = {Bj |j ∈ {1, 2, ..., Gmax}}, i.e., the set of the
best solutions obtained in each generation, will be used for local search.

3.3.3 Parameters Selection

Since the evolution cannot run endless, it is very important to determine the termination
of the algorithm. The termination criteria can be various according to different purposes,
e.g. maximal number of generations, running time limit, fitness limit. In this research, the
algorithm is terminated at the Gmax-th generation in order to analyze the search capability
of the algorithm with different coding strategies.

In general, with a large population size, the genetic algorithm searches the solution space
more thoroughly, thereby increases the chance of finding the global optimal solution. How-
ever, a large population size also causes the algorithm to run more slowly. Since the se-
lection of population size highly depends on problems (objectives, scales), experimental
requirements and the way of coding used by the algorithm, it is difficult to determine the
most suitable population size. Nevertheless, much research work is devoted to study the
effects of different population size in order to improve the efficiency of genetic algorithms.
The work [HCPGM99] suggested the population size should be larger than 100. Because
a large population size would result in a low efficiency, the research [ZLZ09] recommended
the population size Npop to be chosen within a range of 3n < Npop < 5n, where n is the
number of tasks. Compared to a fixed population size, a greedily tuned population size was
proposed in [ST07]. For this work a fixed population size of 200 was selected, which did not
need too long time to reach the Gmax-th generation and did not provide too bad solutions.

As the fitness evaluation varies according to different objectives, it is reasonable to limit
the number of fitness calculations, i.e., to limit the number of the total produced individuals
(Npop · Gmax). For a constant value of the total produced individuals, the genetic algorithm
with a large population may evolve inadequately; whereas the genetic algorithm with a small
population could result in premature convergence [LK12b]. It is crucial to balance the popu-
lation size and the terminal generation. For small-scale problems, e.g. the number of tasks
is less than 20, the genetic algorithm with a small population size and a large terminal gen-
eration is suggested. For large-scale problems, the population size is recommended to be
larger than 100 and the terminal generation highly depends on the coding strategies used
by the algorithm. In order to find a suitable choice for different coding strategies proposed
in this research, a relatively large value of Gmax = 104 is chosen, such that the genetic algo-
rithm is able to provide good solutions, even though the algorithm is coded with an inefficient
coding strategy.

According to the way of generating new populations, the number of individuals in a subpop-
ulation must be a multiple of 10. Thus, the population size should be a multiple of 10. In each
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3.4 Local Search Method

subpopulation elitism selection is used; and mutation operators are only applied to the best
individual in this subpopulation. Therefore, a small number of subpopulations (K) causes
low population diversity, i.e., the genetic algorithm always exploits the search space near the
space of the best individuals selected from each subpopulations. If the optimal solution is
far away from these individuals, the algorithm cannot provide the optimal solution with high
probability; whereas a large K results in a large population size that may cause inadequate
evolution or much running time.

A number of the best individuals in each generation are used in local search to provide better
solutions. Since individuals must be selected from the population in each generation, the
value N b should be an integer in the range of [1, Npop ]. If N b = Npop , all individuals will
be used for local search. Using a large fraction of individuals for local search increases the
probability of finding the optimal solution, but requires more CPU time. In this work, only
the two top individuals in each generation are used for local search to reduce the CPU time.
Although not all selected individuals could be improved to be close to the optimal solution
via local search, superior individuals are more likely to find the optimal solution than inferior
individuals. Moreover, the top individuals are chosen from each generation, which increases
the diversity of the selected individuals and avoids finding a local optimal solution.

The proposed genetic algorithm is an elitism dominated algorithm: only the best individuals
survive to the new population, which avoids losing the local optimal solution; all mutation
operators are applied to the best individuals in each subpopulation, which enhances the
exploitation of the algorithm in the search space near the best individuals. To avoid local
convergence, the whole population is divided into a number of subpopulations, which im-
proves the exploration properties of the genetic algorithm.

Crossover operators are used to mix parts of the parents, and mutation operators are used
to increase the population diversity. In classical genetic algorithms, the crossover probability
is chosen in the range of [0.6, 0.95], and the mutation probability is chosen in the range of
[0.001, 0.003] [Kro13]. In elitism dominated algorithms, genetic algorithms without crossover
operators obtained better solutions than those with a large number of offspring generated
by the crossover [LK12b]. Therefore, only mutation operators are used in the proposed
algorithm. The number of the offspring generated by mutation is 80% of individuals in the
new population, and the mutation probability is pm = 1.

3.4 Local Search Method

Normally, local search methods are used to further explore the search space of individuals
to find better solutions. It is important to select or develop suitable local search algorithms for
solving various problems. Numerous approaches have been designed, e.g. stock replacing,
deadline sorting, etc. for production planning [PVK12], k-neighbor swap, 2-opt, etc. for trav-
eling salesman problem [GK10]. Since local search methods are problem-dependent, it is
worth to design proper local search methods for specific problems. In this research, two new
local search methods were developed and implemented for solving inspection problems.
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3 Methodology for Multi-Robot Task Allocation

3.4.1 Pass-By Insertion

For a given individual, the routes of robots carrying out their tasks can be determined ac-
cording to the path planning. The route of a robot is a closed path, which starts from the
home base of this robot, passes through sequential tasks that are assigned to this robot,
and ends at the home base. This local search first finds pass-by subtasks by comparing
any pair routes of robots Rk and Rs. Each pass-by subtask Pm should satisfy the following
constraints:

• It is one of the subtasks assigned to robot Rs, i.e., Pm ∈ As, where As is the sequence
of subtasks assigned to robot Rs.

• There is another robot Rk (k 6= s) that passes by the inspection position of subtask Pm,
but does not inspect the target object. According to the path planning in Chapter 3.2,
the traveling path between a pair of subtasks (Pi and Pj) is denoted as P

path
ijk that is

a set of ordered grid cells. The complete route of robot Rk is a set of paths P
path
akna

k
n+1k

ordered by the sequence of subtasks Ak of robot Rk, where akn and akn+1 are two
neighboring subtasks in Ak. This constraint ensures that the pass-by subtask Pm must
be an element of a path P

path
αβk that belongs to the complete route of robot Rk.

Then, the pass-by subtask Pm is removed from As, and inserted between Pα and Pβ in Ak.
The changed schedule is taken over, if it improves the objective. This process is repeated
until the routes of any two robots have been compared and all pass-by subtask of A have
been tested.

For instance, at the top of Figure 3.9, the schedule of R1 starting from e21 is A1 = {P4, P5},
the schedule of R2 starting from e26 is A2 = {P1, P2, P3}, and the traveling paths are drawn
with light and dark gray lines, respectively. It is obvious that R1 passes by P1 when it returns
to e21 after finishing P5, while R2 passes by P5 when it starts from e26 to carry out P1. This
local search inserts P1 between P5 and e21 in the schedule of R1, and inserts P5 between
e26 and P1 in the schedule of R2. After that, the new allocations and paths of two robots are
shown at the bottom of Figure 3.9. A′ will replace A if J(A′) < J(A).

This local search only compares the routes of two robots each time. It is possible that more
than two robots pass by a pass-by subtask, which is not considered in this work on the basis
of the assumption that good solutions include only a few parts of routes that are overlapping.
If a solution candidate has too many overlapping routes and too many robots pass by a
certain subtask, it is needed to be improved via global and not local search algorithms.
Moreover, considering all robots that pass by a pass-by subtask, the algorithm must judge
how many robots pass by this subtask and find the most suitable robot that carry out this
subtask, which requires more time than the algorithm that only compares two robots each
time. In addition, the local search is only applied to a few best individuals in each generation.
Therefore, it is adequate to compare just the routes of two robots each time.
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Figure 3.9: Example of pass-by insertion: before (top) and after (bottom) insertion

3.4.2 2-Nearest-Neighbor Swapping

This local search swaps two neighboring subtasks akj and akj+1 (j = 1, 2, ..., lk − 1) of Ak.
The new schedule is accepted, if it improves Ak. Starting from j = 1, this local search is
repeated until j = lk − 1. Differing from swap mutation that exchanges two genes chosen
randomly from a chromosome, this local search swaps subtasks of the task schedule of
single robots Rk. For example, Figure 3.10 illustrates the task sequence A2 corresponding
to Figure 3.5 with l2 = 4, this local search is applied 3 times (j = 1, 2, 3); when j = 2, the
subtasks a22 = P5 and a23 = P6 are swapped, A′2 will replace A2 if J(A′) < J(A).
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Figure 3.10: Example of 2-nearest-neighbor swapping

“Pass-by insertion” changes individuals according to the traveling routes of any two robots,
while “2-nearest-neighbor swapping” changes individuals according to the task sequence
of a single robot. Therefore, “pass-by insertion” changes the task assignments of any two
robots, while “2-nearest-neighbor swapping” only changes the task schedule of a single
robot. Both local search methods are applied to the selected individuals. As “pass-by inser-
tion” may influence the task assignment of the robots, it is used before “2-nearest-neighbor
swapping” in this research.

Since the proposed genetic algorithm is terminated at the Gmax-th generation without con-
sidering convergence, it is computationally expensive, when local search is applied to each
individual within a generation. Hence, the local improvement procedures are only applied
to the individuals of B after the genetic algorithm terminates, called the generation-elite LS.
The set B is composed of the N b best individuals in each generation. As illustrated in Chap-
ter 3.3, a large N b could increase the probability of finding the optimal solution, but requires
more CPU time. Two top individuals in each generation are selected for local search in this

35



3 Methodology for Multi-Robot Task Allocation

work. To further reduce the computational budget of the hybrid genetic algorithm, duplicate
individuals in B are deleted before performing local search.

Only a small number of the best individuals in each generation are selected for the
generation-elite LS, thereby it is possible to miss some solutions that are not the part of
the elite but may produce the optimal solution after local search. Another strategy of local
search is investigated: both local search methods are applied to the individuals that are
generated by the genetic algorithm in the last population, called last-population LS.

3.5 Time Complexity of Hybrid Genetic Algorithm

The proposed hybrid genetic algorithm (HGA) is composed of two algorithms: the ge-
netic algorithm (GA) and local search heuristics (LS). Since local search is performed af-
ter the genetic algorithm, the time complexity of the hybrid genetic algorithm is O(HGA) =

max(O(GA), O(LS)).

The solution is represented by a chromosome with permutation coding and a gene-apportion
because of its simplicity, readability and advantage of satisfying scheduling constraints. Ne-
glecting coding strategies and infeasible individual repair, the time complexity of the pro-
posed genetic algorithm depends on the complexity of initialization, fitness calculation, and
the new population generation.

• In the initial population, each chromosome is randomly generated using “randperm” in
MATLAB, thereby the time complexity is O(NG). The gene-apportions are generated
via choosing NR − 1 integers with the probability of a normal distribution, hence the
time complexity is O(NR). Since chromosomes and gene-apportions are produced in
parallel, the time complexity of generating an individual is O(ini) = O(NG +NR).

• According to the phenotypes of individuals (Equation (3.5)) and the objective function
(Equation (3.6)), each task should be executed exactly once and each robot should
return to its home base. Hence, the time complexity of calculating Ck(Ak) for all robots
is O(NP + NR). Then, NR − 1 comparisons are performed to find the maximal value
of Ck(Ak) (i.e., the completion time). Therefore, the time complexity of evaluating the
fitness for a given individual is O(fit) = O(NP +NR).

• For generating the new population, elitism selection and four mutation operators are
applied in parallel, the time complexity is O(K · (sel + mut)). The symbols of sel
and mut are time complexities of selection and mutation in each subpopulation, re-
spectively. Using the elitism selection in each subpopulation, the time complexity of
choosing an elite is O(Npop/K). The time complexity of swap mutation is O(1) as it
is independent of the chromosome length. The time complexity of insertion, inversion
and displacement mutation is O(NG) in the worst case: locations of all genes in the
chromosome have to be changed. For example, a selected gene is inserted into the
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3.5 Time Complexity of Hybrid Genetic Algorithm

first location. According to Table 3.2, the time complexity of the new population gener-
ation is O(K ·Npop/(10K) · (Npop/K+ 6NG + 5NR)). Omitting constant factors results
in O(new) = O(Npop · (Npop/K +NG +NR)).

Because each individual must be evaluated, the time complexity of the proposed genetic
algorithms is O(GA) = Npop ·O(ini) +Gmax ·Npop ·O(fit) + (Gmax − 1) ·O(new). As (1) the
population size and the terminal generation are constant and (2) the maximal value of NG is
NP , the time complexity of the proposed genetic algorithm is O(NP + NR). As NP > NR,
the time complexity is simplified as O(GA) = O(NP ).

To improve the computational efficiency of the hybrid genetic algorithm, local search is ap-
plied to the best selected individuals and performed after the genetic algorithm. Therefore,
the complexity of the local search is independent from that of the genetic algorithm. Using
pass-by insertion, each task is compared with the routes of NR − 1 robots, hence the time
complexity isO((NR−1)·NP ). After finding pass-by tasks (the number of them is denoted as
m), m new individuals will be produced and evaluated. Therefore, the time complexity of ap-
plying pass-by insertion to an individual isO(m·(NP+NR)+(NR−1)·NP ). Using 2-nearest-
neighbor swapping, the operation of swapping occurs (NP−NR) times. After each operation
swapping, the fitness of a new individual will be evaluated. Therefore, the time complexity
of applying 2-nearest-neighbor swapping to an individual is O((NP −NR) · (NP +NR)). As
NR < NP and m < NP , the time complexity of the local search is O(LS) = O(NP ·NP ).

As discussed above, the time complexity of the proposed hybrid genetic algorithm is
O(HGA) = O(NP · NP ), which is determined by local search. In the proposed hybrid
genetic algorithm, local search is used to improve n individuals that are unique elements in
B. If local search is applied to all individuals in each generation (called all-LS), it is used
to improve Npop · Gmax individuals. As a result of n ≤ N b · Gmax � Npop · Gmax , all-LS
requires considerably more CPU time than the proposed algorithm, particularly in case of
large population size and terminal generation.

The algorithm for multi-robot task allocation includes not only the hybrid genetic algorithm,
but also the path planning that is performed before the hybrid genetic algorithm. The path
planning is responsible for planning the traveling time and path between any pair of subtasks
and between home bases of robots and subtasks. In this work, the traveling path is simplified
as a straight line and planned by the A* algorithm. According to Equation (2.1), the time
complexity of the path planning is O(NR ·NP ·NP ). Since homogenous robots are employed
in this research, the time complexity of the proposed path planning is O(NR ·NP +NP ·NP ).
As NR < NP , the time complexity of path planning proposed in this work is O(PP) =

O(NP ·NP ), which is the same as the time complexity of the hybrid genetic algorithm. Since
the path planning is performed before the hybrid genetic algorithm, the time complexity of
the MRTA algorithm is O(NP ·NP ).

Although the time complexities of the path planning and the hybrid genetic algorithm are the
same, the CPU time varies: the CPU time required by the hybrid genetic algorithm depends
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3 Methodology for Multi-Robot Task Allocation

on the number of subtasks, population size and terminal generations, coding strategies,
and repair schemes; whereas the CPU time required by the A* algorithm for path planning
depends on the capabilities of robots, the scale of the grid map, the number of home bases,
the number of subtasks. For a given problem, the choice of the coding strategies affects
the CPU time for the hybrid genetic algorithm, but does not affect the CPU time for the path
planning. Therefore, the work only analyzes the influence of the CPU time for the hybrid
genetic algorithm with different coding strategies in experimental tests.

3.6 Discussion

In this chapter, a novel hybrid genetic algorithm, which uses a genetic algorithm for global
search and two heuristics for local search, has been presented to solve MRTA problems.
At first, the general algorithm structure has been introduced. Then, the A* algorithm has
been used for path planning that is essential for the genetic algorithm and local search.
After that, based on permutation representation, a subpopulation-based genetic algorithm
and two local search methods have been presented. At the end of this chapter, the time
complexity of the proposed algorithm has been analyzed.

The A* algorithm is used for path planning in this work. The traveling time and path are
evaluated based on the assumption that the moving velocity of all robots is constant and
robots have the same drivability in admissible zones. If the ground conditions are required to
be considered, each grid cell can be given a weight value according to the ground conditions
of the real inspection site. In this case, the traveling time and the path can be adjusted by
the A* algorithm. However, the traveling path cannot be simplified as a straight line, thereby
the path planning may require more time.

In theory, genetic algorithms are able to find the optimal solutions for almost all optimization
problems if given infinite time. But in practice, they often cannot find the optimal solutions
due to large and complex search spaces as well as limited computational cost. However,
genetic algorithms are widely used to solve various problems because of the little required
knowledge for application (e.g. the distribution of tasks). The genetic algorithm proposed
in this dissertation aims at finding approximately optimal solutions within a fixed number of
generations; it is theoretically able to solve almost all combinatorial optimization problems
whose solutions can be represented by the permutation coding.

The pass-by insertion is suitable for inspection areas that are composed of rectangular path-
ways and inadmissible zones; its performance highly depends on the routes of robots. In
the procedure of the 2-nearest-neighbor swapping, the information (e.g. tasks) encoded as
two genes may be exchanged. The 2-nearest-neighbor swapping can be used for almost all
optimization problems based on any coding strategy, no matter which representation form is
used to interpret the optimization problem (permutation, binary or real coding).
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An appropriate coding strategy enhances the efficiency of genetic algorithms. Many efforts
have been devoted to the methods for improving the efficiency of algorithms, especially solv-
ing large-scale problems. Most of related work focused on solution representation, efficient
genetic operators, good local search methods, as discussed in Chapter 3. The encoding
methods can be considered as a part of solution representation. The decoding strategies
strongly depend on the encoding methods. Some of decoding strategies can be regarded
as local search, e.g. greedy decoding in Chapter 4.1.2 searches the optimal sequence of
tasks in a group. According to the encoding strategies, many decoding methods have been
proposed, such as neighborhood structures [AEOP02, LJ10, MHD12], or probability tables
[Ahm14].

Based on the solution representation introduced in Chapter 3, this chapter introduces sev-
eral encoding and decoding strategies according to different temporal or spatial constraints.
The main idea is inspired by the neighborhood search algorithms that produce solutions by
building neighborhood structures or clusters. The critical issue is how to define the neigh-
borhood. Compared to the baseline coding, all new encoding strategies are developed to
reduce the number of genes, which is based on the assumption that a small number of genes
results in a small search space and high efficiency. According to the encoding strategies,
different decoding algorithms are designed.

In this chapter, various coding strategies for solving MRTA of inspection problems are pro-
posed. At first, three coding strategies for solving problems with only single-robot tasks
are introduced and compared. Then, four coding strategies for solving the problems with
both single-robot and two-robot tasks are presented and compared; two repair schemes are
proposed to form feasible robot coalitions for two-robot tasks.

4.1 Multi-Robot Task Allocation (MRTA-S)

In the optimization of the multi-robot task allocation that solves problems with only single-
robot tasks (MRTA-S), subtasks are the same as tasks, i.e., P = T and NP = NT . Three
basic coding strategies are proposed: task-based, combination-based and decomposition-
based coding.

4.1.1 Task-Based (TB) Coding

The task-based coding strategy encodes each task Tl as one gene, that is NG = NT .
Each chromosome consists of NG distinct integers in the range of [1, NG]. Genotypes of
individuals in the population can be directly decoded to the phenotype (e.g. Figure 3.4).
Algorithms that use this strategy cannot miss any possible solution, and the optimal solution
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is supposed to be found (given infinite time). However, the resulting search space is very
large and requires large computational effort to find the optimal solution. This is one of
the simplest coding strategies for MRTA. TB coding is used as the baseline coding in the
following coding strategies for MRTA-S.

4.1.2 Combination-Based (CB) Coding

Chromosomes with a smaller number of genes reduce the search space and therefore in-
crease the efficiency of the search algorithm. In this research, two coding strategies for
reducing the number of genes are proposed: the combination-based coding builds small
temporal task groups, while the decomposition-based coding builds small spatial task groups
in Chapter 4.1.3. The set of task groups is denoted as Q = {Qi|Qi = {qi1, ..., qij , ..., qiθi}} and
satisfies:

Q = {Qi|
NQ⋃
i=1

Qi = T,Qi
⋂
i6=h

Qh = ∅} (4.1)

with i ∈ {1, 2, ..., NQ} and j ∈ {1, 2, ..., θi}. NQ is the number of task groups, and θi is the
number of tasks in group Qi. Each group Qi is represented by one gene, i.e., NG = NQ.

The combination-based coding first considers each task as being independent and then
combines θi tasks as a group, thereby it is called “task combination”. θi is determined
by two threshold values N s and H: N s is the maximal number of tasks in one group, i.e.
θi ≤ N s; H is the temporal constraint of grouping, which is a threshold value that determines
whether two tasks would be combined as a group. Larger choices of H and N s result
in fewer but larger groups, thereby build a smaller length of chromosomes. Although the
small chromosomes improve search efficiency, the simple group dissolving strategy may not
permit the optimal solution to be found. Therefore, the relatively smaller choices of H and
N s are considered in this work. If N s = 1, this coding strategy is the same as the task-
based coding strategy. Hence, the value N s should be N s ≥ 2. If N s = 2, the coding is
called two-tasks combination (WSC), while N s = 3 is called three-tasks combination (HSC).
Both combinational strategies are tested and analyzed in the experiments.

Task Combination and Encoding Strategy

For CB coding, the encoding is the process of grouping tasks that satisfy the temporal con-
straint H. The value of H is determined by a set C ′: H ∈ C ′ and it satisfies the constraint
that 5% of the elements of C ′ are less than H. According to Equation (2.1) and (3.6), the
objective (completion time) is composed of traveling time, inspection time, and waiting time.
As the waiting time highly depends on various individuals, each element c′ijk of the set C ′ is
the sum of the traveling time (ctijk) and two inspection times (csik and csjk):

C ′ = {c′ijk|c′ijk = ctijk + csik + csjk} (4.2)
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4.1 Multi-Robot Task Allocation (MRTA-S)

with i > j, i, j ∈ {1, 2, ..., NT }, k ∈ {1, 2, ..., NR}. Since all robots have the same capabilities,
the value between Ti and Tj for all robots is the same, i.e., c′ijk = c′ijs with k 6= s. To reduce
the time complexity of encoding, the elements of C ′ for a fixed robot Rk (e.g. k = 1) are kept
and all elements for the other robots are deleted from C ′. Hence, there are NT (NT − 1)/2

elements in the set C ′. If c′ijk ≤ H, tasks Ti and Tj can be probably considered as one group.
A larger H results in fewer groups, but causes unsuitable task combinations that may lead
to inferior solutions, e.g. too large H may combine all tasks to a single group. Moreover, the
density of tasks varies in different inspection problems. Therefore, the value H is chosen to
satisfy the requirement that 5% of the elements in C ′ are smaller than H. The encoding is
achieved via (i = 0 and Q = ∅ at the beginning):

(1) Set T ′ = (T\Q), i = i+ 1;

(2) Find a task group Qi ∈ T ′ with θi ≤ N s:

a) Find two tasks Ta, Tb ∈ T ′, which satisfy c′abk ≤ c′mnk and c′abk ≤ H for all Tm, Tn ∈
T ′; then, Qi = {Ta, Tb}, T ′ = (T\Q);

b) Find a task Tm ∈ T ′, which satisfies c′βmk ≤ c′βnk and c′βmk ≤ H, for all Tβ ∈ Qi
and Tn ∈ T ′; add Tm to Qi, T ′ = (T\Q);

c) Repeat step (2)b until c′βmk > H or θi > N s.

(3) Repeat steps (1) and (2) until Qi = ∅ or T ′ = ∅;

(4) If T ′ 6= ∅, find a random task Tl ∈ T ′ and do Qi = Tl;

(5) Repeat steps (1) and (4) until T ′ = ∅.

Using the above encoding algorithm, a number of groups are produced and the set Q is
formed. Each group Qi is represented as a gene. Taking the problem in Figure 3.4 as an
example, the inspection time of T2 is cs2k = 6, and the inspection time of the other tasks
(except T2) is csjk = 1. According to Equation (4.2), H = 6 is obtained. Using three-tasks
combination to encode this problem, the obtained task groups are shown in Figure 4.1. At
first, T4 and T5 are selected to be Q1 with the minimum value c′45k = 4; then, T6 is added to
Q1 with c′56k = 6. Since N s = 3, Q1 = {T4, T5, T6} is obtained. For Q2, with the traveling
times ct12k = 4 and ct17k = 4, T1 is grouped with T7 and not combined with T2 because T2

requires larger inspection time on the condition of the same traveling time. T2 cannot be
grouped with the other tasks as cs2k = H. In the same way, Q3 = {T8, T9} is obtained. After
that, T ′ = {T2, T3, T10}, each remaining task is considered as a group via step (4).

Using this encoding strategy, the task with large inspection or travelling time is always en-
coded as a single group, e.g. Q4 = T2. It avoids forming groups that have a too large
completion time. Since tasks Ti and Tj will not be considered as one group if c′ijk > H, all
elements c′ijk that are larger than H can be removed from C ′ in the beginning of this encod-
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Figure 4.1: Combination-based coding for MRTA-S

ing method. Consequently, there are only 0.05NT (NT − 1)/2 elements in the set C ′. In this
way, the efficiency of the encoding algorithm can be further improved.

Greedy Decoding

Based on CB coding, for any robot Rk with a sequence of task group Zk, its task sequence
Ak is decoded via the following greedy decoding algorithm:

(1) Set Ak = ∅, lk = 0, Tβ is home base of Rk;

(2) Find a task Tα ∈ zk1 that satisfies ctαβk ≤ ctiβk, for all Ti ∈ zk1 ; lk = lk + 1, Ak(lk) = Tα,
Tβ = Tα; set zk1 = (zk1\Tα); repeat until zk1 = ∅;

(3) Set Zk = (Zk\zk1 ); repeat step (2) until Zk = ∅.

For a specified task group, the total inspection time of tasks is constant, while the total
traveling time is with respect to the sequence of tasks. Therefore, this greedy approach
always selects the task that is spatial close to the previous decoded task. For example, in
Figure 4.1, Z1 = {Q1, Q2} is assigned to R1. T4 is an element of z11 = Q1, and its inspection
position is closest to the home base of R1, hence, it is chosen as the first task of A1. The
traveling time of the inspection positions between T4 and T5 is shorter than that between T4
and T6, i.e., T5 is the second and T6 the third task. After greedy decoding for Q2, the task
sequence of R1 is A1 = {T4, T5, T6, T7, T1}. Similarly, task assignments for R2 and R3 can
be decoded.

4.1.3 Decomposition-Based (DB) Coding

Differing from the combination-based coding strategy that groups tasks in temporal space,
the decomposition-based coding builds spatial local task groups using information about the
geometry of the target problems. This coding first considers all tasks as the whole mission,
and then divides them into small groups according to the distribution of inspection positions
in space. Task decomposition is widely used to solve various problems, e.g. wireless sensor
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4.1 Multi-Robot Task Allocation (MRTA-S)

networks [PL12], multi-agent negotiation [LTC12], complete coverage [JBKL11] and cooper-
ative localization [ZR12]. Typically, task decomposition is problem-specific. The performance
of algorithms can be improved significantly in the cases where the task decomposition is
suitable for the target problem. In this research, according to the specific characteristics of
industrial inspection environments, three decomposition strategies are developed.

Task Decomposition and Encoding Strategy

The decomposition-based coding exploits the geometry of the inspection area to simplify the
search and increase computational efficiency by grouping. In this research, a rectangular
structure of pathways is assumed. This is a fair assumption for many industries, particu-
larly for storage and manufacturing areas. The inspection area can be split into accessible
(AA) and inaccessible areas (IA). The grid map, represented as a matrix E introduced in
Chapter 2.2, can be separated into submatrices M = {Ms|Ms ⊂ E} that must satisfy

Ms = {esij |esij = 0} (4.3)

or
Ms = {esij |esij = 1}. (4.4)

For a given problem, there is at least one target object (inadmissible area). Since robots can
move only in admissible areas, there are at least two submatrices: one submatrix satisfies
the constraint (4.3) and the other one satisfies the constraint (4.4). The submatrices are
formed by the following steps:

(1) Set M = ∅, s = 1;

(2) Find a random grid cell exy ∈ (E\M) to form a submatrixMs like Equation (4.5), search
in the whole grid map E via the following steps:

a) i = 0; repeat i = i+ 1 until e(x+i)y 6= exy or x+ i > Nx; m = x+ i− 1;

b) i = 0; repeat i = i+ 1 until e(x−i)y 6= exy or x− i < 1; α = x− i+ 1;

c) i = 0; repeat i = i+ 1 until ex(y+i) 6= exy or y + i > Ny; n = y + i− 1;

d) i = 0; repeat i = i+ 1 until ex(y−i) 6= exy or y − i < 1; β = y − i+ 1.

(3) Repeat step (2) until the submatrix Ms satisfy constraint (4.3) or (4.4); add Ms to M ;
s = s+ 1;

(4) Repeat steps (2) and (3) until (E\M) = ∅.
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Ms =



eαn . . . . . . . . . emn
...

. . .
...

... exy
...

...
. . .

...
eαβ . . . . . . . . . emβ


(4.5)

Consequently, all submatrices satisfy
⋃
Ms = E. If a submatrix Ms satisfies constraint

(4.3), this submatrix represents IA and is called an inaccessible submatrix; if Ms satisfies
constraint (4.4), it represents AA and is called an accessible submatrix. For instance, two
accessible areas (AA1, AA2) and three inaccessible areas (IA1, IA2, IA3) are identified in
Figure 4.2(a); two accessible areas (AA1, AA2) and four inaccessible areas (IA1, IA2, IA3,
IA4) are identified in Figure 4.3(a). Note that there is an intersection A12 of AA1 and AA2 in
both examples. Each accessible area is considered as a pathway. The intersection connects
two pathways in three or four directions.
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Figure 4.2: Example 1 for tasks decomposition strategies
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Figure 4.3: Example 2 for tasks decomposition strategies

According to the separated submatrices, three decomposition strategies are developed:

• AAP (accessible area with inspection positions) in Figure 4.2(b)/Figure 4.3(b) – Ev-
ery accessible area with inspection positions is defined as single AAP, e.g. AA1 in
Figure 4.2(a) is an AAP shown in Figure 4.2(b), AAP1 and AAP2 in Figure 4.3(b).

• AAS (accessible area divided by intersections) in Figure 4.2(c)/Figure 4.3(c) – It further
decomposes AAP. The motivation is to consider intersections that split AAP into areas
above/below (or left/right), e.g. A12 cuts AAP into above areas (AAS1) and below
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4.1 Multi-Robot Task Allocation (MRTA-S)

(AAS2) in Figure 4.2(c), A12 cuts AAP1 into areas above (AAS1) and below (AAS2)
and cuts AAP2 into areas left (AAS3) and right (AAS4) in Figure 4.3(c).

• LIA (along the same inaccessible areas) in Figure 4.2(d)/Figure 4.3(d) – It separates
AAP into smaller areas; in each area, inspection positions are distributed along the
boundary of the same inaccessible area, e.g. LIA1, LIA2, LIA3 in Figure 4.2(d) and
LIA1-LIA8 in Figure 4.3(d). This decomposition takes into account successively in-
spection of two neighbor target objects. However, it is based on the assumption that
inspection positions are distributed close to target objects. This assumption is easily
motivated by Figure 2.3 and Figure 2.4, which sketch the set-up in the tank area of
Figure 2.1.

Based on these three task decomposition strategies, the resulting task groups are:

• Tasks (e.g. {T1, T2, T3, T4, T5, T6, T7} in Figure 4.2(b)), whose inspection positions are
located in an AAP.

• Tasks (e.g. {T1, T2, T6, T7} in Figure 4.2(c)), whose inspection positions are located in
an AAS.

• Tasks (e.g. {T1, T2, T3} in Figure 4.2(d)), whose inspection positions are located in an
LIA.

Each task group is encoded as one gene. The set of task groups is denoted as Q (see
Equation (4.1)). The number of task groups (NQ) and the number of tasks (θi) in each
group are determined by the distribution of inspection positions on the grid map and the
decomposition strategy.

Decoding Strategy Based on Elementary Move Modes

For decomposition-based decoding, three elementary move modes (MM) of robots are de-
signed to accomplish tasks in one group. These three move modes are driven by directions
of pathways. Therefore, the directions of all pathways (accessible areas) should be deter-
mined at first. For two submatrices M1

s and M2
s with an intersection M3

s = M1
s ∩M2

s , the
first and the last elements in M1

s are eαn and emβ, respectively; the first and the last ele-
ments in M3

s are eab and ecd, respectively. If n > b or β < d, the pathway represented by
submatrix M1

s is along the y direction, e.g. AA1 in Figure 4.3(a). If α < a or m > c, the
pathway represented by submatrix M1

s is along the x direction, e.g. AA2 in Figure 4.3(a).
Then, the directions of all pathways are saved for elementary move modes. A pathway may
be divided into several parts according to the decomposition strategy, e.g. AAS1 and AAS2
in Figure 4.3(c), whose directions are the same (i.e., the y direction).

The method of determining elementary move modes for inspection positions in a group is
implemented according to the pathway of this group. Taking AAP in Figure 4.2(b) as an ex-
ample, the pathway is along the x direction. The central line of AAP in the y direction sepa-

45



4 Coding Strategies for Multi-Robot Task Allocation

rates tasks into two subgroups: left subgroup {T1, T2, T3} and right subgroup {T4, T5, T6, T7}.
For each subgroup, tasks are sorted by their coordinates (x + y) in ascending order. Then,
sorted tasks of two subgroups are combined to form MM1 and MM2 (see Figure 4.4). Robots
inspect target objects along the solid lines. MM1 lets robots start and end at the top; MM2
lets robots start and end at the bottom. Assuming that robots start from the top and end at
the bottom or vice versa, MM3 is designed and determined by a greedy approach: robots
start from the inspection position with minimum or maximum y in the y direction, and then
continue to perform the next task of which the inspection position is spatially closest to the
previous task in the Euclidean distance; repeat until all tasks in AAP are assigned.
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Figure 4.4: Three elementary move modes (MM) for the inspection positions in AAP corresponding
to Figure 4.2(b)
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Figure 4.5: Three elementary move modes (MM) for the inspection positions in AAP2
corresponding to Figure 4.3(b)

Figure 4.5 shows another example of move modes corresponding to AAP2 in Figure 4.3(b),
which is along the x direction. By means of the same way introduced in the previous para-
graph, but in the x direction, MM1 and MM2 are formed: MM1, robots start and end at the
right; MM2, robots start and end at the left. Using the similar greedy approach, MM3 is
made: robots start from the right and end at the left or vice versa. These three move modes
are used for all decomposition strategies. Note that they are the same for LIA decomposition.
On the basis of this decoding, the sequence of tasks in one group is predefined.

For any robot Rk with a sequence of task groups Zk, its task schedule Ak is decoded as
follows:

(1) Set Ak = ∅, Tβ is the home base of Rk, s = 0;
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4.1 Multi-Robot Task Allocation (MRTA-S)

(2) s = s + 1, select one of the move modes randomly for task group zks = Qm; reorder
tasks of Qm according to the selected move mode;

(3) Find a task Tα ∈ {qm1 , qmθi } that satisfies ctαβk ≤ ctiβk, for all Ti ∈ {qm1 , qmθi }; if Tα = qm1 ,
Ak = {Ak, Qm}, Tβ = qmθi , otherwise Ak = {Ak, {qmθi , ..., q

m
2 , q

m
1 }}, Tβ = qm1 ;

(4) Repeat steps (2) and (3) until s = lzk.

The entry point of a group only has two choices: the first or the last inspection position of the
selected move mode. That is, there are only two possible sequences of tasks in a group, e.g.
in Figure 4.5, the task sequence is either T7 → T2 → T3 → T6 or T6 → T3 → T2 → T7 if MM1
is selected. For example, using AAS decomposition strategy, task groups of the example
map in Figure 3.4 are identified in the left-hand side of Figure 4.6. The example genotype
can be decoded to a phenotype based on move modes illustrated in the right-hand side of
Figure 4.6. If the third move mode is selected for Q1, the task sequence is {T1, T7, T6, T2};
because the inspection position of T2 is closer to the home base of R1 than that of T1,
the task sequence is reversed as {T2, T6, T7, T1}. For decoding Q2, the task sequence is
{T4, T5, T3} when the second move mode is chosen and ct042 < ct032. The decoded task
sequences of Q3 and Q4 is {T9, T8} and {T10}, no matter which move mode is selected.
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Figure 4.6: Decomposition-based coding for MRTA-S

4.1.4 Comparison of Coding Strategies for MRTA-S

To solve MRTA problems with only single-robot tasks, three basic coding strategies are de-
veloped. Based on these different encoding/decoding concepts, six variants have been
implemented (see Table 4.1). A genotype of TB coding is a sequence of tasks and can
be directly decoded as a phenotype. A genotype of CB and DB coding strategies is a
sequence of tasks groups: temporally combined tasks using CB coding are decoded via
a greedy search; spatially decomposed tasks using DB coding are decoded by designing
move modes.

Normally, the performance of algorithms for solving optimization problems can be evaluated
by two criteria: (1) how well is the search space explored (exploration) and (2) how efficient
is the search (exploitation). The computational comparison of hybrid genetic algorithms
based on the proposed coding strategies is shown in Table 4.2. In general, it is easier to
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Table 4.1: Conceptual comparison of coding strategies for MRTA-S

Basic Strategy Variant Gene code Encoding Decoding

TB TB Task Direct Direct
CB WSC/HSC Task group Combination Greedy search required
DB AAP/AAS/LIA Task group Decomposition Move modes chosen

find the optimal solution, if problems have a smaller number of tasks. For a given problem,
the number of tasks is constant. Therefore, an algorithm, which uses a coding strategy that
can properly encode the set of tasks to a smaller number of genes, is relatively easier to
obtain better results efficiently than the baseline coding (i.e., TB coding), but this limits the
search space of the algorithm. When comparing these coding strategies, CB and DB coding
strategies have smaller search spaces and higher efficiency than TB coding due to grouping
tasks. However, inappropriate task grouping may lead to poor search space exploration that
excludes the optimal solution. Moreover, CB and DB coding strategies require more time
for encoding and decoding. Since each task is encoded as a gene using TB coding, the
entire feasible search space is included. Hence, TB coding is expected to find the optimal
solutions when given infinite time. In addition, DB coding makes the assumption that the
inspection area is structured in grids, while the other coding strategies can arguably resolve
almost all problems. Table 4.2 shows a theoretical comparison of three coding strategies.
Some performance properties (e.g. solution quality and CPU time) of the algorithms can
be expected from this grading. They are also discussed in Chapter 4.4 and experimentally
examined in Chapter 5.

Table 4.2: Computational comparison of coding strategies for MRTA-S

Coding Strategy Encoding time Decoding time Exploration Efficiency

TB – – + + –
CB + + + + +
DB + + + – + +

4.2 Multi-Robot Task Allocation with Robot Coalition (MRTA-T)

If there are two-robot tasks in an inspection problem, robot coalitions must be formed such
that each two-robot task can be completed by two robots cooperatively. To solve this op-
timization problem (MRTA-T), four basic coding strategies are proposed: subtask-based,
task-based, combination-based, and decomposition-based coding.

4.2.1 Subtask-Based (SB) Coding

The subtask-based coding strategy encodes each subtask Pi as one gene, that isNG = NP .
Each gene is numbered as a distinct integer in the range of [1, NG]. Genotypes obtained via
the proposed genetic algorithm can be directly decoded to phenotypes. Moreover, each two-
robot task is required to be executed by two robots simultaneously and cooperatively (e.g.
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Figure 3.5(d)). Like the task-based coding for solving MRTA-S in Chapter 4.1.1, algorithms
based on this coding strategy cannot miss any possible solution and are supposed to find
the optimal solution (given infinite time). However, the resulting search space is very large
and requires too many computational efforts to find the optimal solution. This is one of the
simplest coding strategies for MRTA. SB coding is considered as the baseline coding in the
following coding strategies for MRTA-T.

4.2.2 Task-Based (TB) Coding

In the task-based coding strategy, each task Tl is encoded as one gene, that is NG = NT .
Differing from SB coding, individuals obtained by TB coding are decoded by separating
single-robot tasks from two-robot tasks. At first, all single-robot tasks are decoded according
to the function fT : T → P , e.g. T1 7→ P1 for solving the problem in Figure 3.5. All decoded
single-robot tasks are displayed in Figure 4.7. After that, each two-robot task Tl = (tl1, tl2),
which is carried out by robot Rk after finishing Pγ according to the genotype of an individual,
is decoded in two steps.

(S1) Determine which subtask Pα ∈ Tl is assigned to Rk. Pα satisfies ctαγk ≤ ctiγk for all
Pi ∈ Tl and is assigned after Pγ on the sequence of Zk.

(S2) Determine which robot Rs ∈ (R\Rk) is cooperative with Rk and when Rs executes
Pβ = (Tl \ Pα), i.e., where Pβ is inserted in the sequence Z ′ = (Z\Zk).
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Figure 4.7: Task-based coding for MRTA-T: single-robot tasks decoding
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Figure 4.8: Task-based coding for MRTA-T: S1
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Step (S1) is repeated until that Pα is determined for all two-robot tasks, e.g. Figure 4.8.
For T6 = (P6, P9), Pα = P6 is assigned to Rk = R2 after Pγ = P5 because ct562 < ct592; for
T7 = (P7, P8), Pα = P7 is assigned to Rk = R3 after leaving its home base (i.e. Pγ = S3)
because ct073 < ct083. After that, to achieve step (S2), two ways to find out Rs and the
insertion position of Pβ are proposed in the following parts: least-waiting-time and nearest-
task decoding.

Least-Waiting-Time (LW) Decoding

This decoding strategy searches the schedule of other cooperative robot Rs and determines
the insertion position for Pβ in such a way the waiting time cw is minimal. cw = τaβ − τaα if
τaβ ≥ τaα, i.e., robot Rk waits for cw at the inspection position of Pα, cwαk = cw; otherwise robot
Rs waits for |cw| at the inspection position of Pβ, cwβs = |cw|. An enumerative algorithm is
used, which will test possible positions in the chromosome until find the minimal cw. Possible
positions are marked as “active” (denoted as “1”), whereas impossible positions are marked
as “inactive” (denoted as “0”). Pβ can be inserted in “active” positions but cannot be inserted
in “inactive” positions. At the beginning, all positions are active. In the case of more than
one two-robot task, the enumeration is carried out starting from the two-robot task that one
robot meets firstly. The steps of LW decoding are:

(1) Calculate the arriving time τaα for all two-robot tasks denoted as a set T T ;

(2) Sort T T in ascending order by τaα;

(3) For the first two-robot task of T T , insert its Pβ to the first active position of Z ′ = (Z\Zk)
and calculate cw; change the position of Pβ in ascending order and calculate cw until
all active positions of Z ′ are tested or meet another two-robot tasks;

(4) Insert Pβ to the position that provides minimal cw such that new Z is produced;

(5) Let positions, which are before Pα or before the insertion position of Pβ, be inactive,
delete the first two-robot task from T T , recalculate τaα;

(6) Repeat (2)-(5) until all two-robot tasks are decoded.

For instance, in Figure 4.9, since τa6 < τa7 , the first two-robot task of ascending ordered T T

is T6 = (P6, P9), i.e., Pβ = P9 is assigned before Pβ = P8. All positions in Z ′ = (Z\Z2) are
active, but only five positions will be tested: for R1, all four positions are tested; for R3, only
the position before P7 is tested because P7 belongs to a two-robot task. When P9 is inserted
before P7, the waiting time cw is minimal. Hence, R2 is waiting for cw62 = τa9 − τa6 = 0.6 at
the inspection position of P6 until R3 arrives at the inspection position of P9 such that robots
R2 and R3 can cooperatively perform T6. After that, positions of chromosomes before P6 or
before P9 are disabled, that is, Pβ of the next two-robot task is not allowed to be inserted
before P6 or before P9. Therefore, only five active positions can be tested when the next two-
robot task Pβ = P8 is assigned. Before assigning P8, the arriving time of P7 is recalculated to
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Figure 4.9: Task-based coding for MRTA-T: LW decoding

be τa7 = 25.4. The minimal waiting time cw = 0 can be obtained when P8 is inserted after P6.
That is, R2 arrives at the inspection position of P8, and R3 arrives at the inspection position
of P7 at the same time. The complete task allocation obtained using this decoding requires
robots R2 and R3 as a coalition to execute T6 and T7.

Nearest-Task (NT) Decoding

This decoding firstly identifies the subtask Pχ with the spatially closest position to Pβ in
the task sequences of the other robots, i.e., ctχβs ≤ ctiβs for all Pi ∈ Z ′. Then Pβ is inserted
after or before Pχ each with a 50% probability. Two-robot tasks are decoded according to the
sequence of the chromosome of Z. For instance, T6 is located before T7 on the chromosome
of the genotype in Figure 4.7, so T6 = (P6, P9) is decoded firstly, see Figure 4.10. Pβ = P9

is spatially closest to P10 for all Pi ∈ (Z\Z2), thereby it is inserted before or after P10. For T7,
Pβ = P8 is spatially closest to P5 for all Pi ∈ (Z\Z3) and should be inserted before or after
P5. Based on this decoding, the genotype is possibly decoded as shown in Figure 4.10: P9

is inserted before P10; P8 is inserted after P5. The complete task allocation requires R2 and
R3 as a coalition to execute T6 and T7.

4.2.3 Combination-Based (CB) Coding

To solve multi-robot task allocation with robot coalitions, the combination-based coding in-
troduced in Chapter 4.1.2 can be extended: each subtask is considered as a single-robot
task; according to the encoding approach described in Chapter 4.1.2, the temporal com-
bined groups are referred to as subtask groups. Each subtask group Qi is represented by
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Figure 4.10: Task-based coding for MRTA-T: NT decoding

one gene, that is NG = NQ. If all subtasks are considered as single-robot tasks, the inspec-
tion example in Figure 3.4 is the same as the example in Figure 3.5. Therefore, the obtained
subtask groups shown in Figure 4.11 are the same as the task groups in Figure 4.1. Using
the greedy decoding algorithm, the genotype can be decoded to be the phenotype in Fig-
ure 4.11. Unlike solving the problem with only single-robot tasks, the resulting phenotype
requires robots R1 and R2 as a coalition to execute T6 and T7.
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Figure 4.11: Combination-based coding for MRTA-T

4.2.4 Decomposition-Based (DB) Coding

As the combination-based coding to solve multi-robot task allocation with robot coalition
presented in Chapter 4.2.3 can be extended, the decomposition-based coding introduced
in Chapter 4.1.3 can also be extended: each subtask is considered as a single-robot task;
according to the decomposition strategy, the spatial decomposed groups are referred to as
subtask groups. Each subtask group Qi is represented by one gene. If all subtasks are
considered as single-robot tasks, the obtained subtask groups for Figure 3.5 are shown in
Figure 4.12, which are the same as the task groups in Figure 4.6. Based on the predefined
move modes, the genotype can be decoded to be the phenotype in Figure 4.12. Unlike
solving the problem with only single-robot tasks, the resulting phenotype requires robots R1

and R3 as a coalition to execute T6 and T7.
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Figure 4.12: Decomposition-based coding for MRTA-T

4.2.5 Repair Schemes

When a solution is infeasible, there have been three ways to deal with it: (1) reject it; (2)
apply a high penalty in the fitness function so that it is improbable to survive; or (3) repair
it. The first or the second way perform is not reasonable when a large proportion of the
population is infeasible. Many efforts have been devoted to repair procedures. For example,
a repair procedure based on forward or backward moves has been presented to solve job-
shop problem represented as a graph [Mv04]. A gradient-based repair method has been
proposed to solve continuous optimization problems using a real-coded genetic algorithm
[CC06]. Three repair algorithms with random or greedy selection have been designed to
solve data assignment in digital signal processors using an integer code [GCBM07]. A split-
and-merge techniques has been introduced to solve the polygonal approximation using a
binary coding [WSL09].

The repair methods are problem-specific. They usually attempt to repair infeasible solutions
according to the characteristics of problems. The repair methods depend on the solution
representation, problem domains, and constraints. To solve problems with two-robot tasks
that must satisfy three executability constraints (EC) as stated in Chapter 2.2.2, two repair
schemes are developed to repair two kinds of infeasible solutions. After genotype decoding,
probably some individuals cannot satisfy EC1 (e.g. Figure 4.13(a)) and/or EC3 (e.g. Fig-
ure 4.14(a)). These two figures illustrate two infeasible individuals for the map in Figure 3.5
(two subtasks with the same color belong to one two-robot task).

• Coalition-infeasible individuals do not satisfy the constraint EC1 that requires two
distinct robots as a coalition to carry out a two-robot task. E.g., in Figure 4.13(a),
T6 = (P6, P9) is only assigned to a single robot R2.

• Schedule-infeasible individuals do not satisfy the constraint EC3 that specifies the
schedule of tasks being feasible for execution. E.g., in Figure 4.14(a), T6 = (P6, P9)

and T7 = (P7, P8) are assigned to R2 and R3, respectively, but the task schedules of
the two robots are contradictory: R2 executes T7 after T6, whereas R3 executes T7

before T6.

Therefore, the infeasible individuals are repaired before the fitness evaluation as follows.
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Figure 4.13: Example of coalition-infeasible individual (a) and repair result (b): a two-robot task
T6 = (P6, P9)
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Figure 4.14: Example of schedule-infeasible individual (a) and repair result (b): two two-robot tasks
T6 = (P6, P9) and T7 = (P7, P8)

Repair Coalition-Infeasible Individuals

This repair algorithm starts from the first two-robot task of the first robot R1. L = {Li|i ∈
{1, 2, ..., NP }} records the flags that determine whether positions can be exchanged. If
Li > 0, the task in the i-th position of A can be exchanged, otherwise the task is not allowed
to be changed. L is initialized as the indexes of robots that tasks are assigned to (see
Figure 4.13(a)).

(1) Find a two-robot task Tl = (tl1, tl2) that is assigned to robot Rk and cannot satisfy EC1;

(2) Choose an exchangeable subtask Pi randomly from A′ = A\Ak according to L;

(3) Exchange Pi with a random subtask of Tl; let the flags of two positions of Tl be “0”.

(4) Repeat steps (1)-(3) until all two-robot tasks satisfy EC1.

For example, P6 is exchanged with P5 and assigned to R3 in Figure 4.13(b). The subtasks
P6 and P9 are not allowed to be exchanged with the other coding strategies any more in
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4.2 Multi-Robot Task Allocation with Robot Coalition (MRTA-T)

the remaining coalition-infeasible repair of this individual. In case of robots with different
capabilities (e.g. active remote sensor or retro-reflector), Pi must be chosen from the task
sequence of robots whose capabilities are different from robot Rk in the second step.

Repair Schedule-Infeasible Individuals

Like the coalition-infeasible repair, the schedule-infeasible repair algorithm also uses L to
record the flags of positions. L is initialized as described in Figure 4.14(a). The other
symbol I is used to save the sequence of subtasks that belongs to two-robot tasks for each
robot. Iik means a subtask of a two-robot task that is the i-th two-robot task according to the
order of two-robot tasks assigned to robot Rk.

(1) If I1k and I1s are two subtasks of a two-robot task Tl with k 6= s, remove I1k and I1s from
I, let the flags of two positions of Tl be “0”, and then go to step (3); otherwise go to
step (2);

(2) Chose a subtask Pα from {I11 , I12 , · · · , I1NR} at random; find subtask Pj that is the other
subtask of the two-robot task Tl = (Pα, Pj), and robot Rβ (β 6= k) that carries out Pj ;
swap Pj with I1β in the subtask sequence of Rβ; remove Pα and Pj from I, let the flags
of two positions of Tl be “0”;

(3) Repeat steps (1) until I = ∅.

In Figure 4.14(a), I1 = ∅, I2 = {P9, P7} and I3 = {P8, P6}. I1k 6= I1s for all robots. I13 = P8

is randomly chosen from {P9, P8}, which is a subtask of T7 = (P7, P8). The other subtask
P7 is assigned to Rβ = R2. P7 is swapped with I12 = P9 in the schedule of R2 displayed in
Figure 4.14(b). P7 and P8 are removed from I and their position flags are changed to be “0”.
Consequently, I2 = {P9} and I3 = {P6}. In the next loop, I12 and I13 are two subtasks of the
same two-robot task, thereby no exchange occurs. Then, the schedule-infeasible repair of
this individual ends.

Coalition-infeasible repair may change the number of two-robot tasks assigned to a specific
robot; while schedule-infeasible repair may change the two-robot task sequence of a robot,
but it does not change the number of tasks that are assigned to this robot. Therefore,
coalition-infeasible repair is implemented before schedule-infeasible repair.

4.2.6 Comparison of Coding Strategies for MRTA-T

To solve problems with both single-robot and two-robot tasks, four basic coding strategies
have been developed. Based on these different encoding/decoding concepts, eight variants
have been implemented (see Table 4.3). A genotype in SB coding is a sequence of sub-
tasks and can be directly decoded to a phenotype. A genotype in CB and DB coding is a
sequence of subtasks groups: temporally combined subtasks using CB coding are decoded
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4 Coding Strategies for Multi-Robot Task Allocation

via a greedy search; spatially decomposed subtasks using DB coding are decoded by de-
signing move modes. These three coding strategies ignore the category of tasks (single- or
two-robot tasks) in the process of the encoding and decoding steps; hence both coalition-
and schedule-infeasible individuals may occur and they are repaired before the fitness evalu-
ation. For TB coding, two decoding approaches are proposed to solve two-robot tasks: (LW)
enumerate all possibilities to find the other cooperative robot and an insertion position in
order to minimize the waiting time, all decoded individuals are feasible using this decoding;
(NT) follows spatial neighbors with minimal traveling time, schedule-infeasible individuals
are possible for this decoding.

Table 4.3: Conceptual comparison of coding strategies for MRTA-T

Basic
Strategy Variant Gene code Decoding Possible infeasible individuals

SB SB Subtask Direct Coalition and schedule

TB LW Task Enumeration No
NT Neighboring Schedule

CB WSC Subtask group Greedy search Coalition and scheduleHSC

DB
AAP

Subtask group Move modes chosen Coalition and scheduleAAS
LIA

A computational comparison of the coding strategies is listed in Table 4.4. As discussed in
Chapter 4.1.4, SB coding has the largest search space and the lowest efficiency. Despite
the fact that TB-LW coding takes more time for decoding (enumeration), it is expected to
find better solutions than SB coding because of enumeration decoding being used to reduce
the search space. Compared to TB-LW coding, TB-NT coding reduces the decoding time
because of subsequent spatial neighbors, but it might produce worse solutions for this rea-
son, too. CB and DB coding strategies have smaller search spaces and higher efficiency
than SB and TB coding, but require more time for encoding and decoding. Moreover, inap-
propriate task grouping may lead to poor search space. In addition, DB coding makes the
assumption that the inspection area is structured in grids, while the other coding strategies
can arguably resolve almost all problems. Table 4.4 shows a theoretical comparison of three
coding strategies. Some performance properties (e.g. solution quality and CPU time) of the
algorithms can be expected from this grading. They are also discussed in Chapter 4.4 and
experimentally examined in Chapter 5.

Table 4.4: Computational comparison of coding strategies for MRTA-T

Coding Strategy Encoding time Decoding time Exploration Efficiency

SB – – – + + + – –
TB-LW – + + + + +
TB-NT – – + –

CB + + – + +
DB + + + – – + + +
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4.3 Time Complexity of the Coding Strategies

Three coding strategies for MRTA-S and four coding strategies for MRTA-T have been pre-
sented in this chapter. TB coding for MRTA-S is similar to SB coding for MRTA-T. CB and
DB coding strategies for MRTA-S are the same as CB and DB coding strategies for MRTA-T,
if the inspection area and subtasks are respectively the same. Therefore, the time complexi-
ties of TB, CB, and DB coding for MRTA-S are the same as those of SB, CB, and DB coding
for MRTA-T. The following analysis of the time complexity focuses on MRTA-T.

• SB coding is one of the simplest coding strategies. This coding is used as the baseline
coding for the other coding strategies because: (1) it directly encodes subtasks to
be genes and decodes genes to be subtasks without any additional constraints or
extra search method; (2) all subtasks are necessary for MRTA and cannot be further
divided; (3) it cannot miss any possible solutions and can find the optimal solution if
given infinite time. It is obvious that the time complexities of encoding and decoding
are the same, i.e. O(NP ). Similarly, the time complexity of TB coding for MRTA-S is
O(NP ).

• TB coding encodes each task as a gene, hence the time complexity of encoding is
O(NT ). In the procedure of decoding single-robot tasks and determining Pα, all sub-
tasks are considered, thereby the time complexity is O(NP ). For TB-NT decoding,
the nearest subtask should be found for each two-robot task. Each nearest subtask
is determined by comparing at most NP − 1 subtasks. Hence, the time complexity is
O((NP − 1) · (NP −NT )). Consequently, with TB-NT decoding, the time complexity of
decoding a genotype is O(NP · (NP −NT )).

• CB coding adds an additional temporal constraint (H) to the genetic algorithm. Sub-
task combination is used to improve the efficiency of algorithms, but it might exclude
the optimal solution from its search space.

The encoding strategy chooses at mostN s subtasks according to the set C ′ each time.
Since there are NP (NP − 1)/2 elements in C ′, the time complexity of a selection is
O(NP ·NP ) in the worst case. This selection is repeated until all subtasks are assigned
to a group. Since the number of selection times may vary for different problems, it is
difficult to analyze the time complexity of this encoding, but it is obvious that the time
complexity is less than O((NP )3).

The decoding strategy greedily selects a subtask from a subtask group until all sub-
tasks are decoded. Since the maximum number of elements in a subtask group is
N s, at most N s comparisons may occur when selecting a subtask. Therefore, the time
complexity of decoding is O(NP ·N s). Due to the fact that N s is constant for a specific
coding strategy, the time complexity of the greedy decoding is O(NP ).

• DB coding uses extra spatial constraints (decomposition) to improve the efficiency
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of algorithms, but it is possible that the optimal solution cannot be found due to the
reduced search space. Since the task decomposition highly depends on the size and
the information of inspection areas E and is not influenced by the number of subtasks,
it is hard to estimate the complexity of decomposed encoding. Three move modes for
each subtask group are determined by sorting the coordinates (x + y) of n subtasks,
hence the time complexity is O(nlogn). Since NQ subtask groups are decoded by
randomly selecting one of the move modes, the time complexity is O(NQ). As NQ <

NP , the worst-case time complexity of decoding is O(NP ).

In order to satisfy executability constraints, enumerative search and repair schemes are
introduced. TB-LW decoding tries to insert subtasks of two-robot tasks into suitable positions
of the task sequence via enumeration, while the other coding strategies use repair schemes
to guarantee that all individuals are feasible.

• For enumerative decoding, a proper insertion position has to be found for each two-
robot task by comparing the waiting time. Fewer than NT positions of a chromosome
will be enumerated. To calculate the waiting time of a robot, the time for robots carrying
out NP subtask must be evaluated in the worst case. Hence, the worst-case time
complexity of decoding is O(NP ·NT · (NP −NT )).

• Coalition-infeasible repair ensures that each two-robot task is assigned to two distinct
robots by means of finding the second robot for each two-robot task, hence the time
complexity of this repair is O(NP −NT ) determined by the number of two-robot tasks.
Schedule-infeasible repair modifies individuals through comparing the orders of pairs
of two-robot tasks. This comparison may occur NP −NT − 1 times. If the sequences
of a pair two-robot tasks for two robots are contradictory, the position of Pi in the
phenotype must be found from at most NT positions, illustrated in the second step of
the algorithm of repairing schedule-infeasible individuals. Hence, the time complexity
of this repair is O(NT · (NP − NT )). Consequently, the time complexity of two repair
schemes is O(NT · (NP −NT )).

Table 4.5 compares the time complexity of different coding strategies for MRTA-T. It is evi-
dent that the computational cost of the hybrid genetic algorithm significantly increases with
the number of tasks and the number of two-robot tasks. As illustrated in Chapter 3.5, the
time complexity of the proposed genetic algorithm is O(NP ) if coding strategies and infea-
sible individual repair are neglected. If considering coding strategies and repair schemes,
the time complexity of the proposed genetic algorithm is the sum of the time complexities
of O(NP ), encoding, decoding, and repair algorithms according to the flow chart of the al-
gorithm in Figure 3.6. Therefore, the time complexity of the genetic algorithm using SB
coding is O(3NP +NT · (NP −NT )), which is simplified as O(NT · (NP −NT )) determined
by repair schemes. The time complexity of the genetic algorithm using TB-LW coding is
O(NP ·NT · (NP −NT )) determined by the decoding algorithm. The time complexity of the
genetic algorithm using TB-NT coding is O(NP · (NP −NT )) determined by the decoding al-
gorithm. The time complexity of the genetic algorithm using CB coding is less thanO((NP )3)
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determined by the encoding algorithm. Neglecting the time complexity of the encoding algo-
rithm, the time complexity of the genetic algorithm using DB coding is O(NT · (NP − NT ))

determined by the repair schemes.

Table 4.5: Time complexity comparison of coding strategies for MRTA-T

Coding Strategy Encoding Decoding Repair

SB O(NP ) O(NP ) O(NT · (NP −NT ))
TB-LW O(NT ) O(NP ·NT · (NP −NT )) —
TB-NT O(NT ) O(NP · (NP −NT )) O(NT · (NP −NT ))

CB ≤ O((NP )3) O(NP ) O(NT · (NP −NT ))
DB — O(NP ) O(NT · (NP −NT ))

The value (NP − NT ) is the number of two-robot tasks in MRTA-T problems. As listed
in Table 4.5, the number of two-robot tasks influences the time complexity of the repair
algorithm for all coding strategies and the decoding algorithms for TB coding. The proposed
methods can be extended to solve tasks that require more than two robots at the same
time (MRTA-M). However, the problem complexity drastically increases with an increasing
number of robots required by a multi-robot task. Let m denote the number of robots that are
needed to carry out a multi-robot task, n denote the number of multi-robot tasks, then the
time complexity of the enumeration and the repair schemes are:

• During the enumerative search, (m − 1) insertion positions should be found for each
multi-robot task. As discussed above, to find a suitable insertion position, at most NT

positions of a chromosome will be tested. For each position, the waiting time must be
calculated via evaluating the time required by robots carrying outNP subtasks. Hence,
the worst-case time complexity of enumeration is O(mnNT ·NP ).

• In the procedure of the coalition-infeasible repair, m distinct robots should be found for
each multi-robot task, the time complexity is O(mn). In the procedure of the schedule-
infeasible repair, the sequences of each pair of multi-robot tasks should be tested and
repaired m− 1 times, which should be done n− 1 times if n ≥ 2. If the sequences of a
pair two-robot tasks for two robots are contradictory, a new position of Pi must be found
in the phenotype from at most NT possible positions, illustrated in the second step of
the algorithm of repairing schedule-infeasible individuals. Hence, the time complexity
of this repair is O((m − 1)(n − 1)NT ). As a result, the time complexity of two repair
schemes is O(mnNT ).

Table 4.6: Time complexity comparison of the genetic algorithm using different coding strategies for
different MRTA problems

Coding Strategy MRTA-S MRTA-T MRTA-M

SB O(NP ) O(nNT ) O(mnNT )
TB-LW — O(nNP ·NT ) O(mnNP ·NT )
TB-NT — O(nNP ) O(mnNP )

CB ≤ O((NP )3) ≤ O((NP )3) O((NP )3 +mnNT )
DB O(NP ) O(nNT ) O(mnNT )
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Table 4.6 compares the time complexity of the genetic algorithm using different coding strate-
gies for different MRTA problems: problems with only single-robot tasks (MRTA-S), problems
with two-robot tasks (MRTA-T), and problems with multi-robot tasks (MRTA-M). m denotes
the number of robots that are needed to carry out a multi-robot task, n denotes the number
of multi-robot tasks, NT denotes the number of tasks, and NP denotes the number of all
subtasks. It is obvious that the problem complexity significantly increases with the number
of robots that are needed to carry out a multi-robot task.

4.4 Discussion

Since a proper coding strategy enhances the performance of approaches, three coding
strategies for MRTA-S and four coding strategies for MRTA-T have been presented in this
chapter. SB coding has the largest search space, but the lowest efficiency, which does not
introduce extra constraints or search algorithms during encoding and decoding. TB cod-
ing introduces an enumerative decoding algorithm or a nearest-task decoding constraint;
thereby it could be more efficient than SB coding due to its smaller search space. CB coding
employs a combination encoding algorithm with a temporal constraint and a greedy decod-
ing algorithm to improve the efficiency of the genetic algorithm. DB coding uses spatial
constraints to enhance the genetic algorithm according to the geometry of the grid map. CB
and DB coding strategies have smaller search spaces and higher efficiency than SB and
TB coding. However, inappropriate constraints introduced in the algorithm may lead to bad
solutions. SB, TB, and CB coding could solve almost all MRTA problems, while DB coding
can only be applied to solve problems whose inspection areas are composed of rectangular
geometrics.

For all coding strategies, the encoding is implemented only once at the beginning of the
genetic algorithm, while the decoding and repair is applied to all individuals in the whole
evolution. Therefore, the CPU time required by the program is greatly influenced by the
decoding and repair methods.

The proposed methods can be extended to solve multi-robot tasks requiring more than two
robots. However, the problem complexity drastically increases with an increasing number
of robots that are needed to carry out a multi-robot task. In this chapter, the methods for
solving the simplest multi-robot tasks (i.e., two-robot tasks) are illustrated in detail. The
proposed algorithm can be used to solve multi-robot task allocation for all problems where
robots should share their capabilities to finish tasks.

In many deployment scenarios, the number of multi-robot tasks can be expected to be much
smaller than that of single robot tasks. Therefore, the enumeration and the repair schemes
concentrate on how to deal with multi-robot tasks. If there are more multi-robot tasks than
single-robot tasks, a fixed coalition (multiple robots) could be considered, and the single-
robot tasks could be inserted into the sequence of multi-robot tasks.
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5 Simulation Studies

Simulation results of the proposed hybrid genetic algorithm based on various coding strate-
gies are presented in this chapter, which examines the performance of these approaches.
At first, the experimental parameters are introduced. Then, results for multi-robot task al-
location to solve problems with only single-robot tasks are provided. After that, results for
multi-robot task allocation with robot coalition are presented.

5.1 Experimental Setup

Parameter choices are discussed in Chapter 3.3.3. Choosing a large value of Npop and a
large value of Gmax leads to inefficient algorithms. In the experiments, each algorithm is
performed with a population size of 200 and the number of generations chosen as Gmax =

104, as discussed in Chapter 3.3.3. To increase the diversity of individuals that survive in the
new population, the number of individuals in a subpopulation is chosen as the minimal value
of 10, i.e., K = Npop/10 = 20. To statistically evaluate the performance of the proposed
approaches, Nrun = 10 independent runs of each algorithm are implemented to reduce the
computational effort. With 10 independent runs per coding strategy, the testing of all coding
strategies requires more than three days for the tank rows C scenario, and even more time
is required to test the other three scenarios; see Chapter 5.4. Therefore, a larger Nrun

was not chosen, even though this limits the significance of statistical assessment of the
experimental results. As illustrated in Chapter 3.6, the CPU time required by local search
highly depends on the number of individuals that local search applies to. Therefore, only the
two best individuals in each generation are recorded for application of local search after the
genetic algorithm terminates. The parameters of the experiments are listed in Table 5.1. All
experiments are carried out on an Intel Core i3 PC with 3.2 GHz, 8 GB (RAM), Windows 7
Professional, MATLAB R2011b.

Table 5.1: Parameters of experiments

Parameter Gmax Npop K Nrun N b pm

Value 104 200 20 10 2 1

5.2 Performance Assessment Criteria

In general, an algorithm is expected to find the optimal solution. The performance of an
algorithm can be assessed according to its global search capability: whether it finds the
optimal solution and how often it finds the optimal solution in different trials. However, the
optimal solutions are unknown in the majority of real problems. In practice, there is typically
not enough time to find the optimal solution; thereby an approximate optimal solution is
usually the target. Therefore, it is necessary to find a highly efficient algorithm.
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Also in this work, the optimal solutions of the tested scenarios are unknown; thereby the
global search capability of the proposed algorithms cannot be assessed according to the
probability of the algorithms finding the optimum. This research aims to find the most suit-
able coding strategy in terms of result quality and computational efficiency for different prob-
lems. For this purpose, different coding strategies were developed. The performance of the
algorithm will be assessed according to the following criteria:

• Solution quality: It refers to how good the solution of the hybrid genetic algorithm
is. Since the objective is to minimize the completion time J , a solution with less com-
pletion time is better than that with larger completion time. To statistically evaluate the
performance of the algorithm, Nrun independent runs of each algorithm are carried out.
The performance of the algorithm is assessed basing on:

– The obtained best solution of Nrun trials (minimal completion time Jmin),

– The encountered worst solution of Nrun trials (maximal completion time Jmax),

– The average completion time Jmean of all solutions in Nrun trials,

– The standard deviation Jsd of all solutions in Nrun trials,

– And the distribution of the completion time in Nrun trials.
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Figure 5.1: Interpretation of a box plot

The distribution of the completion time obtained by the hybrid genetic algorithm is
drawn as a box plot that identifies median, 25th percentile (p1), 75th percentile (p3),
adjacent value, and outliers; see Figure 5.1. The value of the 75th percentile minus
the 25th percentile is the inter quartile range (p3− p1), which is the height of each box.
50% of data falls inside this range. The upper adjacent value is the largest data value
within the value of p3 +w(p3− p1). The lower adjacent value is the smallest data value
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within the value of p1−w(p3−p1). The default of w = 1.5 corresponds to approximately
99.3% coverage if the data are normally distributed. Outliers are extreme values that
fall outside of the range of upper and lower adjacent values.

• CPU time: It refers to the average time that is needed to execute the hybrid genetic
algorithm for Nrun trials on a computer. In this work, the population size and the num-
ber of generations are constant, i.e., the number of the total individuals produced by
the genetic algorithm is fixed. It is more efficient if an algorithm is able to provide good
solutions in a shorter CPU time. Different from the time complexity of the algorithm
in theory, the CPU time may vary on different computers in practice. All experimental
tests are performed on a standard Windows-PC where MATLAB is a foreground appli-
cation and there are not any other programs in the foreground; in addition, there is no
scanning process for viruses and program update in both foreground and background
processing.

• Search progress: It refers to the progress of the best solution candidates in different
generations of the genetic algorithm, as local search is applied after the genetic al-
gorithm terminates. The search progress of the genetic algorithm is assessed in two
ways:

– Evaluating the generation GFG where the final solution appears the first time. The
“final solution” refers to the best solution obtained by the genetic algorithm before
performing local search. A small value of GFG implies that fast progress can be
expected and the number of generations for termination can be reduced.

– Comparison of the best solution candidates in different generations and of the
shape of the distribution of the completion times in Nrun trials.

To some extend, the efficiency of the genetic algorithm can be evaluated according to
the search progress. The results of search progress are considered to determine the
suitable number of generations for the genetic algorithm with different coding strate-
gies. The convergence properties within Gmax can also be indicated by plotting the
progress of the best solution candidates in different generations.

• Local search improvement: It assesses how much the solution is improved by the
local search. The improvement of local search is defined as

Jimp = (JG − JHG)/JG · 100 %, (5.1)

where, JG is the completion time of the final solution obtained by the genetic algorithm
without local search, and JHG is the completion time of the final solution obtained by
the hybrid genetic algorithm with local search.

In this work, two strategies of local search (LS) will be compared: generation-elite LS
where the local search is applied to the best individuals of each generation (set B);
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and last-population LS where the local search is applied to all individuals in the last
population. The completion time of the final solution obtained by the hybrid genetic
algorithm using generation-elite LS is denoted as Jgels , and the completion time of
the final solution obtained by the hybrid genetic algorithm using last-population LS
is denoted as Jlpls . Compared to these two strategies, the performance gain of the
generation-elite LS over the last-population LS is defined as

∆J = (Jlpls − Jgels)/Jlpls · 100 %. (5.2)

If ∆J > 0, the generation-elite LS performs better than the last-population LS, other-
wise the last-population LS outperforms the generation-elite LS.

Analysis of variance (ANOVA) is used to check whether the performance differences (solu-
tion quality or local search improvement) of the hybrid genetic algorithm with different coding
strategies are statistically significant. A one-way ANOVA test is carried out to analyze the
influences of different coding strategies on the performance of the proposed hybrid genetic
algorithm. The ANOVA results are considered to determine the most suitable coding strate-
gies and the importance of local search for solving the investigated inspection problems.

To evaluate the difference between all developed coding strategies, the ANOVA table lists
the sum of squares (SS), the degrees of freedom (DF), the mean squares (MS), the ratio of
the mean squares – F statistic (F), and the significance level (Sig.Level) in each investigated
scenario. If the value of Sig.Level is smaller than 0.05, the effect of the coding strategy is
assessed to be statistically significant at the level of confidence of 95%. Note that the value
0.05 is a typical threshold to assess the significant levels, but other values are possible.

To evaluate the differences between any pair of coding strategies, the ANOVA table shows
the value of Sig.Level of each pair of coding strategies. If the value of Sig.Level is smaller
than 0.05, the difference between these two coding strategies is statistically significant.

The effect of local search for each coding strategy is also illustrated using the ANOVA anal-
ysis. For each coding strategy, the results of the genetic algorithm with and without local
search are compared and analyzed by ANOVA. If the value of Sig.Level is smaller than 0.05,
the difference between the genetic algorithm with and without local search is statistically
significant.

5.3 Results for Multi-Robot Task Allocation (MRTA-S)

In this section, six approaches for solving problems with only single-robot tasks are tested to
analyze the capabilities of different coding strategies. The experimental scenarios are based
on tank rows (Figure 2.3) and tank islands (Figure 2.4) with different widths of pathways. The
pathway width dP defines the width of pathways that have inspection positions, e.g. dP refers
the width of one pathway in Figure 5.2(a) and the widths of two pathways in Figure 5.2(b).
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Figure 5.2: Width of pathways in “tank rows” and “tank islands” scenarios

The algorithms are tested in four scenarios (case study parameters are listed in Table 5.2):

• Tank rows A: Inspection area and tasks are displayed in Figure 2.3, but without two-
robot tasks; the widths of all pathways with inspection positions are equivalent to three
gird cells, i.e. dP = 3.

• Tank rows B: Like tank rows A, but dP = 5.

• Tank islands A: Inspection area and tasks are given in Figure 2.4, but without two-robot
tasks; dP = 3.

• Tank islands B: Like tank islands A, but dP = 5.

Table 5.2: Case study parameters of tested scenarios for MRTA-S

Parameter Tank rows A Tank rows B Tank islands A Tank islands B

Nx ×Ny 40×45 45×45 45×45 50×50
NR 3 3 3 3
NT 90 90 100 100
NP 90 90 100 100

Note that the length of each grid cell is set to 1 in both x and y directions such that the area
is discretized into Nx × Ny cells. Hence, a single-robot task is assigned to a cell, and a
two-robot task is assigned to two cells. The shortest path of any pair of positions, which is
planned by the A* algorithm, is also evaluated by a set of cells.

5.3.1 Comparison of Different Coding Strategies

As introduced in Chapter 4, the number of genes (NG) on a chromosome varies for different
coding strategies. Table 5.3 lists the number of genes for solving the four tested scenarios.
It is obvious that the task-based coding has more genes than the other coding strategies,
while AAP decomposition coding has the least genes.

For MRTA-S, the baseline is the task-based (TB) coding. Table 5.4 lists the results of the
hybrid genetic algorithm based on different coding strategies for four MRTA-S problems.
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Table 5.3: The number of genes (NG) based on different coding strategies for MRTA-S

Coding Strategy Tank rows A Tank rows B Tank islands A Tank islands B

TB 90 90 100 100
CB-WSC 47 49 54 53
CB-HSC 36 35 40 40
DB-AAP 8 8 8 8
DB-AAS 19 19 24 24
DB-LIA 24 24 36 36

Table 5.4: Result comparison of the hybrid genetic algorithm with different coding strategies using
generation-elite LS for MRTA-S (bold face: best results)

Test cases Statistics TB CB-WSC CB-HSC DB-AAP DB-AAS DB-LIA
Tank rows A Jmin 171.73 178.39 180.18 162.58 162.58 178.68

Jmean 190.64 189.43 200.89 162.58 168.25 183.72
Jmax 221.44 213.67 209.30 162.58 170.61 194.49
Jsd 17.02 12.57 8.28 0.00 2.33 5.11
CPU in sec. 1065 1793 1106 2713 4133 4206
GFG 9798 5348 5844 871 6020 2744

Tank rows B Jmin 192.35 198.99 216.62 189.98 186.67 193.89
Jmean 216.37 219.96 226.17 189.98 194.82 195.88
Jmax 237.32 254.59 237.69 189.98 195.73 199.32
Jsd 14.26 16.06 7.12 0.00 3.73 1.81
CPU in sec. 1054 1669 1187 2745 4001 4324
GFG 9707 8327 7942 738 6666 4658

Tank islands A Jmin 198.71 200.00 202.55 205.91 185.98 182.65
Jmean 209.87 212.38 217.11 207.17 187.35 185.56
Jmax 224.14 223.90 225.38 214.38 190.47 198.51
Jsd 9.15 7.64 7.70 2.52 1.75 6.46
CPU in sec. 1133 1724 1200 2720 4988 5920
GFG 9723 8136 7951 2377 6298 5487

Tank islands B Jmin 207.47 217.95 239.40 238.92 206.05 194.31
Jmean 233.85 239.52 244.01 239.04 215.00 195.79
Jmax 250.97 250.52 255.34 241.39 221.14 209.51
Jsd 15.76 10.05 5.26 0.79 4.47 4.59
CPU in sec. 1144 1775 1355 2775 5106 6474
GFG 9865 9353 7530 1854 6555 5384

It is obvious that the optimal solutions for the tank rows A, tank rows B, tank islands A,
and tank islands B are obtained by the hybrid genetic algorithm using AAP/AAS, AAS, LIA,
and LIA coding, respectively. The hybrid genetic algorithm with a suitable decomposition
strategy obtains better solutions than that with TB or CB coding, but requires much more
time because of higher demands on encoding and decoding. AAP coding requires much
less time than AAS and LIA coding, which could be due to the smaller number of genes. TB
coding requires the least time because of its straightforward coding strategy. Since WSC
coding encodes the problem as a larger number of genes than HSC coding, WSC coding
requires relatively more time than HSC coding.
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5.3 Results for Multi-Robot Task Allocation (MRTA-S)

The standard deviation is Jsd = 0 when using AAP coding to solve tank rows A and B, which
implies that the completion time of all solutions in Nrun trials is the same. As can be seen
in Table 5.4, AAP coding does not find the optimal solution to tank rows B, but it provides
better results than the other coding strategies in both average and worst cases. AAP coding
limits the possibility of finding the optimum of tank rows B problem, which indicates that
the AAP decomposition strategy excludes the optimal solution from the search space of the
hybrid genetic algorithm. In general, the hybrid genetic algorithm cannot guarantee to find
the same solution. The same completion time obtained by AAP coding could be due to the
small number of genes, the large number Gmax of generations, and the design of the move
modes.

Solution Quality

The distribution of the completion times of Nrun = 10 solutions obtained by each coding
strategy is visualized as a box plot in Figure 5.3. The ANOVA results of all coding strategies
regarding the solution quality of the hybrid genetic algorithm are listed in Table 5.5, which
indicate that the effects of all developed coding strategies regarding the solution quality are
significantly different as the values of Sig.Level in all tested scenarios are smaller than 0.05.
The significance level (Sig.Level) of the difference between any pair of coding strategies is
shown in Table 5.6. Table 5.4 and Figure 5.3 imply that the decomposition-based coding
strategies (AAP, AAS, and LIA) provide better solutions than the other coding strategies
in the majority of cases. However, the effects of different decomposition strategies vary
in different scenarios. As presented in Table 5.6, for tank rows A, the solution qualities
obtained by both AAP and AAS coding are significantly different from that obtained by TB,
WSC, and HSC coding; for tank rows B, all decomposition-based coding strategies regarding
the solution quality are significantly different from TB and CB coding strategies; for two tank
islands scenarios, both AAS and LIA coding are significantly different from TB, WSC, and
HSC coding. The differences of the solution qualities between TB, WSC, and HSC coding
are not significant in almost all cases.

Table 5.5: ANOVA table for the analysis of all coding strategies regarding the solution quality (J) of
the hybrid genetic algorithm using the generation-elite LS for MRTA-S

Statistics Tank rows A Tank rows B Tank islands A Tank islands B
SS 11398.06 12138.88 7465.90 17299.88
DF 5 5 5 5
MS 2279.61 2427.78 1493.18 3459.98
F 24.97 27.52 35.46 49.57

Sig.Level 0.00 0.00 0.00 0.00

Decreasing the number of genes is expected to improve the performance of algorithms be-
cause of the smaller search space. It is valid for the developed hybrid genetic algorithm using
decomposition strategies. Even though the number of genes is reduced by approximately
80%, AAP coding still provides effective solutions to solve tank rows scenarios. However,
for the tank islands scenarios, AAP coding provides for the smallest number of genes, but it
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Figure 5.3: Distribution of the results (completion times) of each hybrid genetic algorithm using
generation-elite LS for MRTA-S

Table 5.6: ANOVA table for the significance level (Sig.Level) of the difference between any pair of
coding strategies regarding the solution quality (J) of the hybrid genetic algorithm using the

generation-elite LS for MRTA-S (bold face: significant difference)

Pair of coding strategies Tank rows A Tank rows B Tank islands A Tank islands B
TB & WSC 0.77 0.41 0.78 0.36
TB & HSC 0.46 0.05 0.15 0.01
TB & AAP 0.00 0.00 0.43 0.12
TB & AAS 0.00 0.00 0.00 0.00
TB & LIA 0.10 0.00 0.00 0.00

WSC & HSC 0.19 0.37 0.19 0.02
WSC & AAP 0.00 0.00 0.19 0.42
WSC & AAS 0.00 0.00 0.00 0.00
WSC & LIA 0.08 0.00 0.00 0.00
HSC & AAP 0.00 0.00 0.01 0.00
HSC & AAS 0.00 0.00 0.00 0.00
HSC & LIA 0.00 0.00 0.00 0.00
AAP & AAS 0.00 0.02 0.00 0.00
AAP & LIA 0.00 0.00 0.00 0.00
AAS & LIA 0.00 0.02 0.88 0.00

does not obtain better results than AAS and LIA coding. Thus, it is important to find a proper
way to reduce the number of genes for a give problem. The task-based coding is supposed
to find the optimal solution if it evolves sufficiently; however, it provides worse results due to
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the large search space and a small number of generations. Although the two combination-
based coding strategies (WSC and HSC) reduce the number of genes, they do not have
significant differences from TB coding.

As illustrated above, AAP and AAS coding are considerably better than the other coding
strategies for solving tank rows scenarios; AAP is recommended to solve tank rows scenar-
ios with a small value of dP. AAS and LIA coding are better than the other coding strategies
for solving tank islands scenarios; LIA is recommended to solve tank islands scenarios with
a large value of dP.
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Figure 5.4: Task groups by WSC coding

The task groups combined by CB coding are displayed in Figure 5.4 and Figure 5.5. Tasks
of a group are linked by a solid line or a triangle. According to the geometry of the inspection
area, the task groups decomposed by DB coding could be seen in Figure 4.2 and Figure 4.3.
Tasks in a group are considered as a gene and are thereby always assigned to the same
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robot. The sequence of tasks in a group is restricted. A good task grouping decreases the
search space of the algorithms, and thereby supports finding good solutions. A bad task
grouping results in inferior solutions, e.g. AAP coding for the tank island B in Figure 5.3.
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Figure 5.5: Task groups by HSC coding
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Figure 5.6 shows the optimal solutions obtained in the experiments. Since all optimal solu-
tions of different scenarios are obtained using decomposition coding, it visualizes not only
task allocation but also selected move modes for decomposed task groups. As illustrated in
the figures, the third move mode (MM3) is selected for almost all task groups decomposed
using AAP coding for solving tank rows A; three designed move modes are selected for dif-
ferent task groups for solving tank rows B, which highly depends on the task assignment;
since the optimal solutions for tank islands A and B are obtained by LIA coding and move
modes are the same for LIA coding, all move modes are of the same way in solving tank
islands scenarios.
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Figure 5.6: Optimal solutions of tested scenarios for MRTA-S
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To thoroughly understand the progress of the hybrid genetic algorithm, Figure 5.7, Fig-
ure 5.8, and Figure 5.9 display some interesting intermediate solutions generated by the
genetic algorithm using AAP coding for solving the tank rows A. Figure 5.7 shows four inter-
mediate solutions produced in the 1st, 3rd, 9th and 44th generation, which could imply the
evolution of task allocations. Note that, for a specific task group, the selected move mode
may be different (comparing Figure 5.7(a) with (b)). Using AAP coding to solve tank rows
A, Figure 5.8 and Figure 5.9 display the progress of solutions by local search. Figure 5.8(a)
presents the final solution produced by the genetic algorithm. It is obvious that there is no
pass-by task, thereby only 2-nearest-neighbor swapping is used to improve this solution;
see Figure 5.8(b).
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(a) Solution in the 1st generation
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(b) Solution in the 3rd generation
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Figure 5.7: Intermediate solutions of the genetic algorithm solving the tank rows A (using AAP
coding)
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(a) Final solution obtained by GA
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(b) Solution improvement obtained by 2-nearest-
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Figure 5.8: The progress of the final solution (obtained via GA) by local search (using AAP coding
to solve the tank rows A)

Figure 5.9 shows the progress of an intermediate solution by local search. This solution is
produced in the 129-th generation and is not the final solution (see Figure 5.8(a)). However,
the best solution of tank rows A is obtained by local search to improve this intermediate
solution. As illustrated above, the last solution of the genetic algorithm cannot always pro-
duce the best solution via local search. Therefore, a number of the best individuals in each
generation are chosen for local search.

Despite the fact that the decomposition-based coding can provide better solutions than the
other coding strategies, it is important to choose the most suitable task decomposition for
various scenarios. As discussed above, it is suggested: AAP coding is suitable for scenarios
with a small dP where tasks are distributed in rows; AAS coding is proper for scenarios
with a large dP where tasks are distributed in rows, and also for scenarios with a small dP

where tasks are distributed in islands; LIA coding is suitable for scenarios where tasks are
distributed in islands.

Search Progress

In the proposed hybrid genetic algorithm, the genetic algorithm is first performed and then
local search is carried out, that is, the results of local search will not be used to update
genotypes in the genetic algorithm. Thus, the search progress refers to the progress of the
solution candidates obtained by the genetic algorithm in different generations. For MRTA-S,
TB coding is used as the baseline for the other coding strategies. The average value of GFG
where the final solution obtained by GA appears at the first time is listed in Table 5.4. It is
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(a) An intermediate solution obtained by GA
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(b) Solution improved by Pass-by insertion
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(c) Solution improved by 2-nearest-neighbor swapping

Figure 5.9: The progress of an intermediate solution by local search (using AAP coding to solve the
tank rows A)

obvious that TB coding requires many more generations than AAP coding. Using TB coding,
the value GFG is very close to the fixed number of generations (Gmax), which implies that the
algorithm with TB coding evolves insufficiently within Gmax generations. The algorithm using
AAP coding requires much less generations to evolve sufficiently, which could be due to the
small number of genes and limited move modes.
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(a) Tank rows A
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(b) Tank islands A
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(c) Tank rows B
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(d) Tank islands B
Figure 5.10: The search progress of GA for MRTA-S (the run with the best solution is selected from

10 runs for each coding strategy)
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(a) Tank rows A
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(b) Tank islands A

��
�

��
�

��
�

��
�

��
�

���

���

���

���

����

�	
	����


�
�
�
�
�	
�
�


��
��
	
��


��
	
�
�

��
��������

�

�

��
���
���
�� 
���
!"�

(c) Tank rows B
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(d) Tank islands B
Figure 5.11: The search progress of GA for MRTA-S (the run with the median solution is selected

from 10 runs for each coding strategy)
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5 Simulation Studies

For each coding strategy, the proposed hybrid genetic algorithm is performedNrun = 10 runs.
During the run with the minimal completion time, the solution quality (completion time) of the
best solution candidate obtained by GA in different generations is shown in Figure 5.10.
During the run with the median or near median completion time, the completion time of the
best solution candidate obtained by GA in different generations is shown in Figure 5.11. It
is obvious that WSC, HSC, AAP, AAS, and LIA coding obtain much better solutions than TB
coding in the initial population, which is due to the pre-optimization resulting from encoding
and decoding: (1) tasks, which are near in time or space, are encoded as a gene, thereby
the sequences of those tasks are pre-optimized; (2) greedy or move-mode-based decoding
enhances the solution candidates; (3) a small number of genes limits the search space of the
genetic algorithm. This difference in the initial population practically proves the importance
of developing an appropriate coding strategy.

In the developed genetic algorithm, the genotypes of the initial population are randomly
generated and decoded to be phenotypes (individuals) according to decoding strategies.
Hence, the individuals in the initial population of the genetic algorithm with WSC, HSC, AAP,
AAS, or LIA coding are pre-optimized because of the encoding and decoding strategies as
illustrated above. To some extend the initial population using these five coding strategies
is seeded with good individuals resulting from the decoding strategies (greedy algorithm or
move modes). In many seeding techniques (e.g. [PRB+14]), the initial population is usually
seeded with individuals that keep the good quality and/or individual diversity. The initial
population in this work forces tasks represented by a gene to always be subsequences of all
individual; however, this technique strongly depends on the coding strategy and is applied to
all individuals in all generations. Therefore, coding strategies instead of seeding techniques
are discussed in this study. For the same reason, the initial populations cannot be the same
or similar using different coding strategies; see Figure 5.10 and Figure 5.11. As the aim of
this thesis is to find appropriate coding strategies for MRTA problems, the same or similar
initial populations for all coding strategies are not considered in this study.

The proposed genetic algorithm with WSC, HSC, AAP, AAS, or LIA coding improves slightly
after 1000 generations. Since AAP coding is encoded with the smallest number of genes
and decoded according to the pre-defined move modes, it produces the best individuals in
the initial population. However, the genetic algorithm with AAP coding produces only a lit-
tle improvement in the overall generations due to the pre-optimization. AAP decomposition
strategy results in a very small number of genes, the genetic algorithm thereby search in a
small solution space as the move modes are also predefined. For solving tank rows sce-
narios, AAP coding outperforms the other coding strategies; however, it could not produce
better results than AAS and LIA coding when solving tank islands scenarios. The results
imply that an inappropriate decomposition strategy may exclude the optimal solutions.

The differences of the solution quality between TB, WSC, and HSC coding are not significant
in almost all tested cases if Gmax = 104; see Table 5.6. However, WSC and HSC coding pro-
vide better results within a small number of generations (e.g. Gmax < 103); see Figure 5.10
and Figure 5.11. Within 100 generations, HSC coding obtains better results than WSC cod-
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(a) All 10 runs by WSC coding
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(b) All 10 runs by HSC coding

Figure 5.12: The completion time of the best solution candidate obtained by GA with WSC and
HSC coding in different generations to solve the tank rows A (all 10 runs)

ing in the majority of cases; see Figure 5.12. Note that TB, WSC, and HSC coding can be
used for almost all inspection areas, while AAP, AAS, and LIA coding are problem-specific
and suitable for the inspection areas composed of rectangle shapes.

As can be seen in the above figures, the genetic algorithm produces noticeably improvement
using TB coding, and this improvement is greater than using CB and DB coding. To some
extend, the genetic algorithm compensates the weakness of TB coding. The task-based
coding strategy is a straightforward coding, which provides more population diversity and
could produce reliable solutions, if there is sufficient evolution. However, it does not obtain
better solutions than DB even if Gmax = 5×105. Given the limited number of generations, the
decomposition-based hybrid genetic algorithm is the most suitable algorithm for solving the
investigated inspection problems. As DB only improved slightly after 1000 generations, algo-
rithms can be terminated at the 1000-th generation to reduce computation or more than one
decomposition strategy can be considered to improve their performance in future work.

5.3.2 Different Strategies of Local Search

Compared to the proposed hybrid genetic algorithm, the algorithm needs much more time
if local search is applied to each individual in each generation. Taking HSC coding solving
tank rows A as an example, if local search is applied to each individual in each generation,
the CPU time required by this algorithm for a trial is two orders of magnitude more than that
required by the proposed hybrid genetic algorithm. Because of the high computational cost,
algorithms that apply local search to each individual in each generation are not considered
in this research.

In this section, two strategies of local search (LS) are compared: generation-elite LS where
the local search is applied to the best individuals of each generation (set B); and last-
population LS where the local search is applied to all individuals in the last population. The
two designed local search methods in Chapter 3.4 are used in both strategies.
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5 Simulation Studies

Improvement by Generation-Elite LS

Generation-elite LS applies the local search to individuals of B that is composed of the N b

best individuals of each generation. According to Equation (5.1), the improvement Jimp of
this local search is displayed in Figure 5.13. The ANOVA results are listed in Table 5.7,
Table 5.8, and Table 5.9. Figure 5.13 shows that the improvement of the generation-elite LS
based on TB and LIA coding is smaller than that based on WSC, HSC, AAP, or AAS coding.
As can be seen in Table 5.7, it is obvious that the difference of the improvements by the
generation-elite LS using different coding strategies are statistically significant as the values
of Sig.Level in all tested scenarios are smaller than 0.05. The results in Table 5.8 imply
that the differences between the genetic algorithm with and without the generation-elite LS
are significant when using WSC, HSC, AAP, or AAS coding. Compared to the TB-based
algorithm (baseline), the improvement of the generation-elite LS is significantly different if
the hybrid genetic algorithm is based on WSC, HSC, AAP, or AAS coding; see Table 5.9.
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Figure 5.13: Distribution of the improvement of generation-elite LS for MRTA-S

Table 5.7: ANOVA table for the analysis of all coding strategies regarding the improvement (Jimp ) by
the generation-elite LS for MRTA-S

Statistics Tank rows A Tank rows B Tank islands A Tank islands B
SS 301.22 327.82 296.30 406.56
DF 5 5 5 5
MS 60.24 65.56 59.26 81.31
F 20.38 37.43 27.40 39.14

Sig.Level 0.00 0.00 0.00 0.00
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Table 5.8: ANOVA table for the significance level (Sig.Level) of the generation-elite LS for each
coding strategy for MRTA-S (bold face: significant difference between GA and HGA)

Coding strategy Tank rows A Tank rows B Tank islands A Tank islands B
TB 0.84 0.83 0.72 0.77

WSC 0.02 0.04 0.00 0.00
HSC 0.01 0.00 0.00 0.00
AAP 0.00 0.00 0.00 0.00
AAS 0.00 0.00 0.00 0.00
LIA 0.81 0.92 0.94 1.00

Table 5.9: ANOVA table for the significance level (Sig.Level) of the difference between any pair of
coding strategies regarding the improvement (Jimp ) by the generation-elite LS for MRTA-S (bold

face: significant difference)

Pair of coding strategies Tank rows A Tank rows B Tank islands A Tank islands B
TB & WSC 0.00 0.00 0.00 0.00
TB & HSC 0.00 0.00 0.00 0.00
TB & AAP 0.00 0.00 0.00 0.00
TB & AAS 0.03 0.00 0.00 0.00
TB & LIA 0.07 0.00 0.05 0.01

WSC & HSC 0.25 0.04 0.17 0.00
WSC & AAP 0.15 0.00 0.76 0.01
WSC & AAS 0.00 0.00 0.02 0.00
WSC & LIA 0.00 0.00 0.00 0.00
HSC & AAP 0.76 0.00 0.02 0.01
HSC & AAS 0.02 0.02 0.00 0.64
HSC & LIA 0.00 0.00 0.00 0.00
AAP & AAS 0.00 0.12 0.00 0.05
AAP & LIA 0.00 0.00 0.00 0.00
AAS & LIA 0.00 0.00 0.00 0.00

The average improvement in one second of CPU time is shown in Table 5.10. In one second
of CPU time, the improvement obtained by the algorithm based on WSC, HSC, or AAP
coding are greater than that based on TB, AAS, or LIA coding.

Table 5.10: Improvement Jimp in one second of CPU time (%/s) using the generation-elite LS for
MRTA-S

Coding Strategy Tank rows A Tank rows B Tank islands A Tank islands B

TB 0.03 0.02 0.02 0.03
CB-WSC 0.62 0.65 0.36 0.57
CB-HSC 0.83 0.77 0.80 0.43
DB-AAP 0.23 0.18 0.43 0.88
DB-AAS 0.01 0.03 0.01 0.03
DB-LIA 0.08 0.01 0.01 0.00

Table 5.11 lists the average time required by the local search and that as a percentage of
the CPU time required by the hybrid genetic algorithm. The resulting data show that less
than 10% of the CPU time is used for local search, and less than 1% of the CPU time is used
by the algorithm with WSC, HSC, AAP, or LIA coding.
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Table 5.11: Percentage of the CPU time (%) and absolute time (in sec.) for the generation-elite LS
for MRTA-S

Coding Strategy Tank rows A Tank rows B Tank islands A Tank islands B
in % in sec. in % in sec. in % in sec. in % in sec.

TB 2.7 29.4 2.6 28.0 3.1 35.1 2.9 33.4
CB-WSC 0.4 10.0 0.6 10.1 0.8 13.2 0.8 13.8
CB-HSC 0.6 6.6 0.5 6.5 0.6 7.8 0.6 8.4
DB-AAP 0.8 21.7 0.4 9.6 0.4 10.6 0.2 6.1
DB-AAS 5.2 196.2 2.7 88.0 7.0 352.9 3.1 142.0
DB-LIA 0.1 3.7 0.1 3.6 0.1 8.5 0.1 8.8

In each generation, the N b best individuals are selected to B. Hence, the number of indi-
viduals in B after the genetic algorithm is N b × Gmax = 2 × 104. Since elitism selection is
used in the proposed genetic algorithm, there are probably duplicate individuals in B. These
duplicates will be deleted before performing local search. Table 5.12 shows the number of
unique individuals to which the generation-elite LS is applied.

Table 5.12: Average number of unique individuals in B using the generation-elite LS for MRTA-S

Coding Strategy Tank rows A Tank rows B Tank islands A Tank islands B

TB 414 394 452 417
CB-WSC 145 148 174 173
CB-HSC 90 93 100 101
DB-AAP 325 147 136 81
DB-AAS 3201 1568 4649 2025
DB-LIA 57 54 114 111

In all tested cases, more than 50% of individuals in B are duplicates for all developed coding
strategies, which could be due to two reasons: (1) the offspring are produced based on the
best individual in the subpopulation; (2) only a small number of the best individuals in each
generation are selected for local search. Using TB, WSC, HSC, or LIA coding, each geno-
type corresponds to one phenotype because of the deterministic decoding approaches: TB
coding directly decodes genotypes to phenotypes; WSC and HSC coding employ the greedy
decoding; LIA coding selects one of the move modes for each gene, and the sequence of
task in a gene is the same no matter which move mode is chosen. Using AAP or AAS
coding, a genotype may correspond to multiple phenotypes, because the move mode for a
specific gene is non-deterministic. That is, the same genotypes may be decoded to different
phenotypes in different generations. For this reason, AAP and AAS coding are expected
to deliver more individuals to the generation-elite LS. However, AAP coding provides com-
paratively fewer individuals than AAS coding because the number of genes coded by AAP
coding is extremely small. Therefore, there is a high probability that AAS coding produces
more unique individuals in B than the other coding strategies. As AAS coding provides the
largest number of individuals for the generation-elite LS in the experiments, it can be argued
that the greatest diversity of individuals near elites is available when using AAS coding.

As illustrated above, when using the LIA-based algorithm, only a small number of individuals
are improved by local search, and little improvement could be obtained. The results indicate
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5.3 Results for Multi-Robot Task Allocation (MRTA-S)

that solutions obtained by the LIA-based genetic algorithm are close to the final solutions.
As the optimal solutions of tank islands scenarios are found by LIA coding, the LIA-based
algorithm without the generation-elite LS is suggested to solve tank islands scenarios.

Improvement by Last-Population LS

Last-population LS applies the local search to all individuals in the last population. The
distribution of the results obtained by the hybrid genetic algorithm based on different cod-
ing strategies is reported in Figure 5.14. The ANOVA results are listed in Table 5.13 and
Table 5.14.
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Figure 5.14: Distribution of the results obtained by the hybrid genetic algorithm using
last-population LS for MRTA-S

Table 5.13: ANOVA table for the analysis of all coding strategies regarding the solution quality (J) of
the hybrid genetic algorithm using the last-population LS for MRTA-S

Statistics Tank rows A Tank rows B Tank islands A Tank islands B
SS 4864.61 9681.56 5983.13 16451.24
DF 5 5 5 5
MS 972.92 1936.31 1196.63 3290.25
F 10.23 21.42 28.03 47.96

Sig.Level 0.00 0.00 0.00 0.00
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Table 5.14: ANOVA table for the significance level (Sig.Level) of the difference between any pair of
coding strategies regarding the solution quality (J) of the hybrid genetic algorithm using the

last-population LS for MRTA-S (bold face: significant difference)

Pair of coding strategies Tank rows A Tank rows B Tank islands A Tank islands B
TB & WSC 0.75 0.35 0.91 0.30
TB & HSC 0.55 0.03 0.09 0.03
TB & AAP 0.00 0.00 0.07 0.01
TB & AAS 0.01 0.00 0.00 0.07
TB & LIA 0.09 0.00 0.00 0.00

WSC & HSC 0.24 0.41 0.05 0.15
WSC & AAP 0.00 0.00 0.02 0.03
WSC & AAS 0.00 0.00 0.00 0.00
WSC & LIA 0.07 0.00 0.00 0.00
HSC & AAP 0.00 0.00 0.69 0.52
HSC & AAS 0.00 0.00 0.00 0.00
HSC & LIA 0.00 0.00 0.00 0.00
AAP & AAS 0.00 0.03 0.00 0.00
AAP & LIA 0.00 0.57 0.00 0.00
AAS & LIA 0.02 0.02 0.00 0.00

Table 5.13 indicates that the effects of all developed coding strategies regarding the solution
quality are significantly different as the values of Sig.Level in all tested scenarios are smaller
than 0.05. Table 5.14 and Figure 5.14 imply that the results obtained by AAP and AAS
coding are significantly different from that obtained by TB, WSC, and HSC coding in tank
rows scenarios; while the results obtained by LIA coding are significantly different from that
obtained by TB, WSC, and HSC coding in tank islands scenarios. The results of tank rows
A and B imply that the differences between AAP, AAS and LIA coding become smaller with
the increasing value of dP. The differences between TB, WSC, and HSC coding are not
significant in almost all cases and can therefore be ignored. These conclusions are similar
to that of the hybrid genetic algorithm with the generation-elite LS.

According to Equation (5.1), the improvement of the last-population LS is presented in Fig-
ure 5.15, which implies that the improvement of the last-population LS based on TB and LIA
coding is smaller than that based on WSC and HSC coding. The ANOVA results are listed
in Table 5.15, Table 5.16, and Table 5.17. It is obvious that the effects of different coding
strategies regarding the improvements by the last-population LS are significantly different
as the values of Sig.Level in all tested scenarios are smaller than 0.05; see Table 5.15.
Table 5.16 shows that the differences between the genetic algorithm with and without the
last-population LS are statistically significant when using WSC, HSC, AAP, or AAS coding in
almost all cases. Compared to the TB-based algorithm (baseline), the improvements of the
last-population LS are significantly different if the hybrid genetic algorithm is based on WSC,
HSC, AAP, or AAS coding in almost all cases; see Table 5.17. It is obvious that the algorithm
with LIA coding produce little improvement using the last-population LS. Therefore, it is not
necessary to perform the last-population LS if the hybrid genetic algorithm is based on LIA
coding in the studied inspection problems.
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Figure 5.15: Improvement of the last-population LS for MRTA-S

Table 5.15: ANOVA table for the analysis of all coding strategies regarding the improvement (Jimp )
by the last-population LS for MRTA-S

Statistics Tank rows A Tank rows B Tank islands A Tank islands B
SS 289.84 275.60 278.68 363.47
DF 5 5 5 5
MS 57.97 55.12 55.74 72.69
F 15.26 27.25 15.90 29.69

Sig.Level 0.00 0.00 0.00 0.00

Table 5.16: ANOVA table for the significance level (Sig.Level) of the last-population LS for each
coding strategy for MRTA-S (bold face: significant difference between GA and HGA)

Coding strategy Tank rows A Tank rows B Tank islands A Tank islands B
TB 0.86 0.87 0.72 0.80

WSC 0.02 0.06 0.00 0.00
HSC 0.01 0.00 0.00 0.00
AAP 0.14 0.01 0.01 0.00
AAS 0.00 0.00 0.00 0.00
LIA 0.77 0.97 0.93 1.00

Since the last-population LS is applied to individuals in the last population, the number of
individuals generated by the genetic algorithm is constant. After removing the duplicate indi-
viduals, the number of unique individuals which the last-population LS is applied to is listed
in Table 5.18. Similar to Table 5.12, AAS coding provides the largest number of individuals
for local search, while LIA coding provides the nearly smallest number of individuals.
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Table 5.17: ANOVA table for the significance level (Sig.Level) of the difference between any pair of
coding strategies regarding the improvement (Jimp ) by the last-population for MRTA-S (bold face:

significant difference)

Pair of coding strategies Tank rows A Tank rows B Tank islands A Tank islands B
TB & WSC 0.00 0.00 0.00 0.00
TB & HSC 0.00 0.00 0.00 0.00
TB & AAP 0.27 0.00 0.03 0.00
TB & AAS 0.01 0.00 0.00 0.00
TB & LIA 0.23 0.05 0.07 0.02

WSC & HSC 0.36 0.04 0.83 0.00
WSC & AAP 0.00 0.00 0.00 0.00
WSC & AAS 0.01 0.00 0.04 0.00
WSC & LIA 0.00 0.00 0.00 0.00
HSC & AAP 0.00 0.01 0.00 0.23
HSC & AAS 0.08 0.10 0.01 0.07
HSC & LIA 0.00 0.00 0.00 0.00
AAP & AAS 0.10 0.40 0.23 0.65
AAP & LIA 0.06 0.00 0.00 0.00
AAS & LIA 0.00 0.00 0.00 0.00

Table 5.18: Average number of unique individuals for the last-population LS to solve MRTA-S

Coding Strategy Tank rows A Tank rows B Tank islands A Tank islands B

TB 192 191 192 192
CB-WSC 183 186 188 190
CB-HSC 178 177 181 182
DB-AAP 177 179 174 174
DB-AAS 198 197 199 199
DB-LIA 158 160 174 177

Comparison of Two Strategies of Local Search

The generation-elite LS exploits the search space close to elites obtained in each genera-
tion, while last-population exploits the search space near the offspring of the best solution
obtained in the (Gmax − 1)-th generation via GA. According to Equation (5.2), the perfor-
mance comparison of these two strategies of local search is displayed in Figure 5.16. More
than 80% of the solutions obtained by generation-elite LS are superior to all solutions ob-
tained by last-population LS.

Table 5.19: ANOVA table for the analysis of all coding strategies in the comparison (∆J) of the
generation-elite and last-population LS for MRTA-S

Statistics Tank rows A Tank rows B Tank islands A Tank islands B
SS 444.83 87.26 482.08 186.41
DF 5 5 5 5
MS 88.97 17.45 96.42 37.28
F 26.38 9.80 30.69 22.57

Sig.Level 0.00 0.00 0.00 0.00
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Figure 5.16: Comparison of the solution quality of the hybrid genetic algorithm using the
generation-elite and last-population LS to solve MRTA-S: if ∆J > 0, the generation-elite LS

performs better; otherwise, the last-population LS performs better.

Table 5.20: ANOVA table for the significance level (Sig.Level) of the difference between HGA with
the generation-elite LS and with the last-population LS for each coding strategy for MRTA-S (bold

face: significant difference)

Coding strategy Tank rows A Tank rows B Tank islands A Tank islands B
TB 0.98 0.96 1.00 0.96

WSC 0.99 0.87 0.66 0.84
HSC 0.89 0.75 0.76 0.35
AAP 0.00 0.00 0.00 0.00
AAS 0.00 0.00 0.00 0.00
LIA 0.97 0.95 1.00 1.00

The ANOVA results are listed in Table 5.19, Table 5.20, and Table 5.21. It is obvious
that different coding strategies influence the improvement of the generation-elite and last-
population LS significantly as the values of Sig.Level in all tested scenarios are smaller than
0.05; see Table 5.19. Table 5.20 shows that the differences between the hybrid genetic algo-
rithm with the generation-elite and with last-population LS are statistically significant based
on AAP and AAS coding in all cases, while the differences are not significant based on
the other coding strategies. Compared to TB coding (baseline), the effects of these two
strategies of local search are significantly different using AAP and AAS coding; see Ta-
ble 5.21. Since LIA coding produces little improvement using both the generation-elite and
last-population LS, the genetic algorithm without local search is suggested for LIA coding.
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Table 5.21: ANOVA table for the significance level (Sig.Level) of the difference between any pair of
coding strategies regarding the comparison (∆J) of the generation-elite and last-population LS

for MRTA-S (bold face: significant difference)

Pair of coding strategies Tank rows A Tank rows B Tank islands A Tank islands B
TB & WSC 0.30 0.30 0.09 0.04
TB & HSC 0.02 0.05 0.00 0.39
TB & AAP 0.00 0.00 0.00 0.00
TB & AAS 0.00 0.00 0.00 0.00
TB & LIA 0.33 0.30 0.70 0.11

WSC & HSC 0.21 0.18 0.03 0.27
WSC & AAP 0.00 0.00 0.00 0.00
WSC & AAS 0.00 0.00 0.00 0.00
WSC & LIA 0.21 0.03 0.10 0.00
HSC & AAP 0.00 0.15 0.01 0.00
HSC & AAS 0.00 0.07 0.00 0.00
HSC & LIA 0.02 0.01 0.00 0.09
AAP & AAS 0.46 0.74 0.70 0.48
AAP & LIA 0.00 0.00 0.00 0.00
AAS & LIA 0.00 0.00 0.00 0.00

The comparison of the number of unique individuals used for local search (see Table 5.12
and Table 5.18) reveals that: using TB coding, the number of individuals for generation-
elite LS is more or less two times as large as that for last-population LS; using WSC, HSC,
AAP, and LIA coding, the number of unique individuals for generation-elite LS is noticeably
smaller than that for last-population LS in almost all cases; using AAS coding, the number
of individuals for generation-elite LS is much larger than that for last-population LS.

5.3.3 Remarks on MRTA-S

To solve MRTA-S problems, three basic coding strategies (six variants of the hybrid genetic
algorithm) were tested on four scenarios. TB coding is considered as the baseline for CB
and DB coding. In the experiments, it is obvious that proper decomposition-based coding
strategies provide for better solutions than the baseline coding, while CB coding provides for
similar results to the baseline in the majority of cases. As discussed previously, the following
suggestions address MRTA-S problems.

• TB coding is recommended to solve problems without computational requirements and
knowledge about the distribution of tasks in the target environment.

• CB is suggested for solving problems with a limited number of generations (e.g.
Gmax < 103) and without knowledge about the distribution of tasks. If the number of
generations is small, e.g. Gmax < 100, HSC coding performs better than WSC coding;
otherwise, the differences of the solution quality between WSC and HSC coding are
not significant.
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• DB is proposed for solving problems where tasks are distributed in rows or in islands.
If tasks are distributed in rows, AAP coding is suggested; if problems with a large
value of dP, AAS coding probably enables to find the optimal solution due to the higher
population diversity, but it requires more time than AAP coding. If tasks are distributed
in islands, LIA coding is recommended.

Two strategies of local search were compared. The generation-elite LS uses the best indi-
viduals selected from each generation, while the last-population LS uses the individuals in
the last population. The results show that generation-elite LS outperforms last-population
LS in the majority of cases. As discussed previously, it could be suggested:

• For WSC and HSC coding, the two local search strategies are similar, as there is no
significant difference of the solution quality between them. If considering the number
of unique individuals used for local search, the generation-elite LS is suggested for
WSC and HSC coding.

• For AAP and AAS coding, the generation-elite LS is recommended.

• For TB and LIA coding, the genetic algorithm without local search is suggested.

5.4 Results for Multi-Robot Task Allocation with Robot Coalition (MRTA-T)

In this section, eight approaches for solving multi-robot task allocation problems with robot
coalitions are tested to evaluate the performance of the different coding strategies. The
experimental scenarios are (case study parameters are listed in Table 5.22):

• Tank rows C: Inspection area and tasks are displayed in Figure 2.3; as the tank rows
in Figure 5.6, but with 5 two-robot tasks; the widths of all pathways with inspection
positions are equivalent to three gird cells, i.e. dP = 3.

• Tank rows D: The inspection area and subtasks are like tank rows C, but with 10 two-
robot tasks; see Figure 5.18(c).

• Tank islands C: Inspection area and tasks are given in Figure 2.4; as the tank islands
in Figure 5.6, but with 5 two-robot tasks; dP = 3.

• Tank islands D: The inspection area and subtasks are like tank islands C, but with 10
two-robot tasks; see Figure 5.18(d).

Note that the length of each grid cell is set to 1 in both x and y directions such that the area
is discretized into Nx × Ny cells. Hence, a single-robot task is assigned to a cell, and a
two-robot task is assigned to two cells. The shortest path of any pair of positions, which is
planned by the A* algorithm, is also evaluated by a set of cells.
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Table 5.22: Case study parameters of tested scenarios for MRTA-T

Parameter Tank rows C Tank rows D Tank islands C Tank islands D

Nx ×Ny 40×45 45×45 45×45 50×50
NR 3 3 3 3
NT 85 80 95 90
NP 90 90 100 100

5.4.1 Comparison of Different Coding Strategies

The number of genes (NG) resulting from the different coding strategies is listed in Ta-
ble 5.23. Since subtasks are assumed as single-robot tasks to form subtask groups based
on CB and DB coding strategies, the number of genes for solving tank rows C/D and tank
islands C/D are equivalent to data in Table 5.3 solving tank rows A and tank islands A, re-
spectively. It is obvious that the subtask-based coding has more genes than the other coding
strategies, while AAP decomposition strategy has the least genes.

Table 5.23: The number of genes (NG) based on different coding strategies for MRTA-T

Coding Strategy Tank rows C Tank rows D Tank islands C Tank islands D

SB 90 90 100 100
TB 85 80 95 90

CB-WSC 47 47 54 54
CB-HSC 36 36 40 40
DB-AAP 8 8 8 8
DB-AAS 19 19 24 24
DB-LIA 24 24 36 36

For MRTA-T, the baseline is the subtask-based (SB) coding. Table 5.24 lists the results of
the hybrid genetic algorithm based on different coding strategies for four MRTA-T problems.
It is obvious that the optimal solutions for tank rows C, tank rows D, tank islands C, and tank
islands D are obtained using AAS, AAS, LIA, and LIA coding, respectively. AAP coding does
not find the optimal solution to tank rows scenarios, but it provides better results than the
other coding strategies in both average and worst cases. The hybrid genetic algorithm with a
suitable decomposition strategy obtains better solutions than using SB, TB, and CB coding,
but requires much more time because of higher demands on coding and repair. In particular,
AAP coding requires less time than AAS and LIA coding, similar to MRTA-S, which could be
due to the small number of genes.

The standard deviation is Jsd = 0 when using AAP coding to solve tank rows D, which implies
that the completion time of all solutions in Nrun trials is the same, but does not mean that the
solutions are identical. Although AAP coding does not find the optimal solution to tank rows
scenarios, it provides better results than the other coding strategies in both average and
worst cases. It indicates that the AAP decomposition strategy excludes the optimal solution
from the search space of the hybrid genetic algorithm.
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Table 5.24: Result comparison of the hybrid genetic algorithm with different coding strategies using
generation-elite LS for MRTA-T (bold face: best results)

Test cases Statistics SB TB-LW TB-NT CB-WSC CB-HSC DB-AAP DB-AAS DB-LIA

Tank rows C Jmin 245.80 241.59 235.17 219.51 198.14 172.72 170.41 192.94

Jmean 276.85 281.74 279.46 255.54 221.97 172.72 176.52 201.91

Jmax 346.35 328.77 295.38 295.75 264.17 173.16 188.75 223.48

Jsd 34.73 27.04 20.04 24.90 19.02 0.19 6.85 9.34

CPU in sec. 2710 2459 3487 3416 2729 4438 6030 5790

GFG 9562 9895 9063 9553 7442 337 4305 3035

Tank rows D Jmin 257.31 276.79 286.63 267.95 239.86 188.66 184.03 203.57

Jmean 343.83 346.12 293.21 295.49 275.08 188.66 193.45 211.27

Jmax 397.01 386.41 397.14 359.28 311.19 188.66 227.98 232.98

Jsd 45.38 33.85 34.67 27.80 19.92 0.00 12.63 10.67

CPU in sec. 4366 3697 7165 5222 4429 6583 8743 7216

GFG 9640 9811 9609 9046 6540 359 6487 5770

Tank islands C Jmin 250.50 228.04 259.36 219.06 208.23 207.22 190.00 188.32

Jmean 282.70 272.28 275.79 271.64 227.63 208.64 195.39 200.62

Jmax 339.35 306.71 295.83 290.52 248.05 211.42 213.26 214.89

Jsd 22.86 22.82 12.03 19.66 12.79 1.14 6.63 8.78

CPU in sec. 2781 2552 3676 3397 2900 4372 7238 8139

GFG 9856 9845 9545 9414 5941 721 8736 7051

Tank islands D Jmin 278.24 290.29 269.11 289.28 253.08 218.33 200.07 198.59

Jmean 349.23 356.95 325.52 306.00 265.97 218.99 207.31 235.61

Jmax 383.82 436.35 400.44 335.47 313.58 221.93 219.65 251.60

Jsd 31.65 49.65 42.11 16.70 18.05 1.70 5.59 15.22

CPU in sec. 4704 4191 8032 5019 4660 6131 9384 9196

GFG 9819 9891 8277 8800 9458 844 8449 7227

It is not expected that LW coding results in the least CPU time. In view of the straightforward
coding, SB coding was supported to take the least time to find the final solution. However,
SB coding takes comparatively more time than LW coding, which implies that the time for
repairing infeasible individuals (SB coding) is relatively longer than that for the enumerative
decoding (LW coding), because LW coding does not produce infeasible individuals. For the
same reason, NT coding results in more time than LW coding as confirmed in Table 5.24.

It is also evident that CPU time increases with increasing number of two-robot tasks. For
CB and DB, the subtask groups of tank rows C and D are the same because of the same
inspection areas and subtasks, that is, the time required for encoding and decoding is similar
for these two scenarios. Therefore, the time for repairing infeasible solutions in tank rows D
is much longer than that in tank rows C. This also holds for tank islands C and D.

Solution Quality

The distribution of results obtained by each algorithm is visualized as a box plot in Fig-
ure 5.17. The ANOVA results of all coding strategies regarding the solution quality of the
hybrid genetic algorithm are listed in Table 5.25. They indicate that the effects of all devel-
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oped coding strategies regarding the solution quality are statistically significant as the values
of Sig.Level in all tested scenarios are smaller than 0.05. The significance level (Sig.Level)
of the difference between any pair of coding strategies is shown in Table 5.26. SB coding
was supposed to find the optimal solution if it evolves sufficiently; however, it provides worse
results due to the large search space and limited number of generations. Compared to SB
coding (baseline), LW, NT, and WSC coding are developed to improve the performance of
the hybrid genetic algorithm. However, the results show that there is no significant difference
between these four coding strategies in the majority of cases.
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Figure 5.17: Distribution of the results (completion time) of each hybrid genetic algorithm using
generation-elite LS for MRTA-T

Table 5.25: ANOVA table for the analysis of all coding strategies regarding the solution quality (J) of
the hybrid genetic algorithm using the generation-elite LS for MRTA-T

Statistics Tank rows C Tank rows D Tank islands C Tank islands D
SS 147602.41 266013.02 95129.49 249952.97
DF 7 7 7 7
MS 21086.06 38001.86 13589.93 35707.57
F 48.83 51.96 58.45 46.75

Sig.Level 0.00 0.00 0.00 0.00

The results show that the solutions obtained by HSC coding are significantly different from
that obtained by SB, LW, NT, and WSC coding. It is also obvious that the solutions ob-
tained by all decomposition-based coding strategies (AAP, AAS, and LIA) are significantly
different from that obtained by the other coding strategies for all tested cases. AAP coding
outperforms AAS and LIA coding in tank rows C, while the difference between AAP and AAS
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Table 5.26: ANOVA table for the significance level (Sig.Level) of the difference between any pair of
coding strategies regarding the solution quality (J) of the hybrid genetic algorithm using the

generation-elite LS for MRTA-T (bold face: significant difference)
Pair of coding strategies Tank rows C Tank rows D Tank islands C Tank islands D

SB & LW 0.73 0.91 0.14 0.23
SB & NT 0.26 0.15 0.19 0.53

SB & WSC 0.04 0.04 0.06 0.02
SB & HSC 0.00 0.00 0.00 0.00
SB & AAP 0.00 0.00 0.00 0.00
SB & AAS 0.00 0.00 0.00 0.00
SB & LIA 0.00 0.00 0.00 0.00
LW & NT 0.37 0.11 0.58 0.12

LW & WSC 0.04 0.02 0.74 0.01
LW & HSC 0.00 0.00 0.00 0.00
LW & AAP 0.00 0.00 0.00 0.00
LW & AAS 0.00 0.00 0.00 0.00
LW & LIA 0.00 0.00 0.00 0.00

NT & WSC 0.13 0.52 0.30 0.21
NT & HSC 0.00 0.01 0.00 0.00
NT & AAP 0.00 0.00 0.00 0.00
NT & AAS 0.00 0.00 0.00 0.00
NT & LIA 0.00 0.00 0.00 0.00

WSC & HSC 0.00 0.02 0.00 0.00
WSC & AAP 0.00 0.00 0.00 0.00
WSC & AAS 0.00 0.00 0.00 0.00
WSC & LIA 0.00 0.00 0.00 0.00
HSC & AAP 0.00 0.00 0.00 0.00
HSC & AAS 0.00 0.00 0.00 0.00
HSC & LIA 0.01 0.00 0.00 0.00
AAP & AAS 0.01 0.10 0.00 0.00
AAP & LIA 0.00 0.00 0.01 0.01
AAS & LIA 0.00 0.00 0.28 0.00

coding becomes small in tank rows D. There is no significant difference between AAS and
LIA coding in tank islands C, while the results obtained by AAS coding is significantly differ-
ent from that obtained by LIA coding in tank islands D. The results imply that AAS coding
performs better than AAP and LIA coding with the increasing number of two-robot tasks.

Figure 5.18 shows the optimal solutions found in the experiments. Each bold line links the
home base of a robot and its first task, and “W ” means the waiting time of robots at cor-
responding inspection positions. As observed in Figure 5.18(a), the task sequence of the
optimal solution in tank rows C is almost like that in tank rows A (see Figure 5.6(a)). Fig-
ure 5.18(a) and (c) imply that the third move mode (MM3) is suitable for major decomposed
subtask groups in the tank rows scenarios. Figure 5.18(b) and (d) indicate that the first and
the second move mode (MM1 and MM2) are suitable for all decomposed subtask groups in
the tank islands scenarios, and also imply that AAS or LIA decomposition strategy is suitable
for tank islands scenarios.

Choosing the intermediate solution that can be improved to be the optimal solution of tank
rows C, the progress of this solution using local search is provided in Figure 5.19(a)-(c).
Figure 5.19(c) is the best solution found in the experiments, but is not the optimum. It can be
further improved to be Figure 5.19(d) if using one more 2-nearest-neighbor swapping. As the
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(a) Tank rows C
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(b) Tank islands C
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(c) Tank rows D
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(d) Tank islands D

Figure 5.18: Optimal solutions of tested scenarios for MRTA-T

2-nearest-neighbor swapping only exchanges two nearest neighbors in the task sequence
of a robot, it requires less time than swapping any pair two tasks. However, it may result in
sub-optimal solutions as illustrated above.

Since inspection areas and subtasks in tank rows C and D scenarios are the same as the
tank rows A. The task groups combined by WSC and HSC coding in these tank rows scenar-
ios are the same, as displayed in Figure 5.4(a)/(c) and Figure 5.5(a)/(c), respectively. This
also holds for tank islands scenarios, as shown in Figure 5.4(b)/(d) and Figure 5.5(b)/(d).
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(a) An intermediate solution obtained using GA

�� �� �� ��

��

��

��

��

���������������������������	
��������	������������������������������������
����������������������������������� ������������!

�

�

������

�����	

��
���

�����	

(b) Solution improved by Pass-by insertion
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(c) Solution improved by 2-nearest-neighbor swapping
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(d) Solution after performing 2-nearest-neighbor
swapping twice

Figure 5.19: The progress of the final solution (obtained via GA) by local search (using AAS coding
to solve tank rows C)

Similar to the recommendations of MRTA-S, the use of task decomposition strategies is sug-
gested: AAP coding is suitable for scenarios where tasks are distributed in rows; AAS coding
is proper for all scenarios that are composed of rectangular zones, no matter whether they
are tank rows or islands; LIA coding is appropriate for scenarios where tasks are distributed
in islands. For problems with more two-robot tasks (e.g. more than 10 two-robot tasks), AAS
coding is suggested to solve both tank rows and islands scenarios.
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Search Progress

The search progress assesses how good solutions can be obtained by the genetic algorithm
in different generations during the tests. For MRTA-T, SB coding is used as the baseline for
the other coding strategies. The average generation GFG where the best solution obtained
by GA appears at the first time is listed in Table 5.24. It is obvious that SB, TB, and CB
coding require much more generations than DB coding; AAP coding requires the fewest
generations for the evolution, which could be due to the small number of genes and limited
move modes.

For each coding strategy, the proposed hybrid genetic algorithm is performedNrun = 10 runs.
During the run with the minimal completion time, the solution quality (completion time) of the
best solution candidate obtained by GA in different generations is shown in Figure 5.20.
During the run with the median or near median completion time, the completion time of the
best solution candidate obtained by GA in different generations is shown in Figure 5.21.
It is obvious that CB and DB obtain better solutions than SB and TB coding in the initial
population, which is due to the pre-optimization of encoding and decoding as illustrated
in Chapter 5.3.1. It practically proves the importance of developing an appropriate coding
strategy. The proposed genetic algorithm with CB or DB coding improves slightly after 1000
generations.

Figure 5.22 and Figure 5.23 show the completion time of the best solution candidate ob-
tained by GA with different coding strategies in all 10 runs when solving the tank rows C.
As displayed in these figures, LW coding provides comparatively better solution candidates
than NT coding in the early 10 generations, but this advantage is not evident in the later gen-
erations. HSC coding provides better solution candidates than WSC coding in the majority
of generations, which indicates that HSC coding is suitable to solve MRTA-T rather than
WSC coding. WSC coding provides better results than SB, LW and NT coding within a small
number of generations (e.g. Gmax < 103). TB coding assigns two-robot tasks in two different
ways (LW and NT coding), which is expected to improve the efficiency of the algorithms.
However, the results indicate that TB coding is not superior to SB coding where two-robot
tasks are assigned in a randomly permuted way, and is worse than CB and DB. Compared to
AAS and LIA coding, AAP coding produces the best individuals in the initial population, but
produces only a little improvement in the overall generations due to the pre-optimization.

For MRTA-T, it is important to balance the number of generations and solution quality when
selecting a coding strategy: if Gmax > 104, SB and TB coding are possible to find the optimal
solution, but not guarantee to provide better solutions than CB and DB; if Gmax < 103,
DB and CB are better; if Gmax < 100, DB is better. Note that CB can be used for almost all
inspection areas, while DB is a problem-specific coding and only suitable for inspection areas
that are composed of rectangular pathways and inadmissible zones. A similar conclusion
can also be obtained for MRTA-S.
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(a) Tank rows C

��
�

��
�

��
�

��
�

��
�

���

���

���

���

����

����

�	
	����


�
�
�
�
�	
�
�


��
��
	
��


��
	
�
�

�

�

��
��
��
���
���
�� 
���
�!�

(b) Tank islands C
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(c) Tank rows D
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(d) Tank islands D
Figure 5.20: The search progress of GA for MRTA-T (the run with the best solution is selected from

10 runs for each coding strategy)
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(a) Tank rows C
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(b) Tank islands C
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(c) Tank rows D
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(d) Tank islands D
Figure 5.21: The search progress of GA for MRTA-T (the run with the median solution is selected

from 10 runs for each coding strategy)

95



5 Simulation Studies

��
�

��
�

��
�

��
�

��
�

���

���

���

���

����

����

�	
	����


�
�
�
�
�	
�
�


��
��
	
��


��
	
�
�

(a) All 10 runs by LW coding
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(b) All 10 runs by NT coding
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(c) All 10 runs by WSC coding
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(d) All 10 runs by HSC coding

Figure 5.22: The completion time of the best solution candidate obtained by GA with LW, NT, WSC,
and HSC coding in different generations to solve the tank rows C (all 10 runs)

��
�

��
�

��
�

��
�

��
�

���

���

���

���

����

����

�	
	����


�
�
�
�
�	
�
�


��
��
	
��


��
	
�
�

(a) All 10 runs by SB coding
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(b) All 10 runs by AAP coding
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(c) All 10 runs by AAS coding
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(d) All 10 runs by LIA coding

Figure 5.23: The completion time of the best solution candidate obtained by GA with SB, AAP, AAS,
and LIA coding in different generations to solve the tank rows C (all 10 runs)

96



5.4 Results for Multi-Robot Task Allocation with Robot Coalition (MRTA-T)

Infeasible Individuals

Different from solving MRTA-S, infeasible individuals probably occur when solving MRTA-T,
thereby repair schemes are used to ensure that all final solutions are feasible for execu-
tion. Table 5.27 shows the percentage of the infeasible individuals in the total generated
individuals (Gmax × Npop). As expected, there is no infeasible individual using LW coding.
It is obvious that more infeasible individuals are produced with increasing two-robot tasks.
The proportion of infeasible individuals produced via WSC and HSC coding is 100% in some
cases. Since all infeasible individuals must be repaired before fitness evaluation, they do not
influence the quality of the final solution directly, but require additional time for repair.

Table 5.27: Percentage of infeasible individuals produced by hybrid genetic algorithms for MRTA-T

Coding Strategy Tank rows C Tank rows D Tank islands C Tank islands D

SB 40.1 59.6 31.7 53.1
TB-LW 0.0 0.0 0.0 0.0
TB-NT 52.5 92.0 57.3 93.1

CB-WSC 42.7 100.0 29.6 62.3
CB-HSC 29.0 100.0 100.0 96.1
DB-AAP 60.4 90.0 43.5 88.9
DB-AAS 59.3 90.5 80.4 95.9
DB-LIA 36.5 66.3 27.3 57.8

5.4.2 Different Strategies of Local Search

In this section, two strategies of local search (LS), generation-elite LS and last-population
LS, are compared. More details about these two strategies of local search are presented in
Chapter 3.4.

Improvement by Generation-Elite LS

According to Equation (5.1), the improvement of generation-elite LS for solving different sce-
narios is displayed in Figure 5.24. The ANOVA results are listed in Table 5.28, Table 5.29,
and Table 5.30. Table 5.28 shows that the improvements by the generation-elite LS using
different coding strategies are significantly different as the values of Sig.Level in all tested
scenarios are smaller than 0.05. The results in Figure 5.24 and Table 5.30 show that the
improvement of the generation-elite LS based on NT, WSC, HSC, AAP, and AAS coding
is noticeable larger than based on SB, LW, and LIA coding, especially some solutions are
enhanced up to roughly 10%. However, the ANOVA results in Table 5.29 indicate that the
differences between the genetic algorithm with and without the generation-elite LS are sta-
tistically significant when using AAP coding for all cases, using HSC coding for tank islands
scenarios, and using AAS is coding for tank islands D; while there is no significant difference
when using the remaining coding strategies.
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Figure 5.24: Distribution of the improvement of generation-elite LS for MRTA-T

Table 5.28: ANOVA table for the analysis of all coding strategies regarding the improvement (Jimp )
by the generation-elite LS for MRTA-T

Statistics Tank rows C Tank rows D Tank islands C Tank islands D
SS 122.72 340.22 438.81 545.77
DF 7 7 7 7
MS 17.53 48.60 62.69 77.97
F 7.26 15.12 42.07 40.64

Sig.Level 0.00 0.00 0.00 0.00

Table 5.29: ANOVA table for the significance level (Sig.Level) of the generation-elite LS for each
coding strategy for MRTA-T (bold face: significant difference between GA and HGA)

Coding strategy Tank rows C Tank rows D Tank islands C Tank islands D
SB 0.88 0.83 0.88 0.85
LW 0.83 0.74 0.89 0.94
NT 0.50 0.32 0.31 0.44

WSC 0.35 0.14 0.28 0.25
HSC 0.35 0.28 0.01 0.02
AAP 0.00 0.00 0.00 0.00
AAS 0.24 0.05 0.10 0.01
LIA 0.94 0.82 0.94 0.80
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5.4 Results for Multi-Robot Task Allocation with Robot Coalition (MRTA-T)

Table 5.30: ANOVA table for the significance level (Sig.Level) of the difference between any pair of
coding strategies regarding the improvement (Jimp ) by the generation-elite LS for MRTA-T (bold

face: significant difference)
Pair of coding strategies Tank rows C Tank rows D Tank islands C Tank islands D

SB & LW 0.81 0.86 0.80 0.28
SB & NT 0.00 0.00 0.03 0.00

SB & WSC 0.00 0.00 0.00 0.00
SB & HSC 0.00 0.00 0.00 0.00
SB & AAP 0.00 0.00 0.00 0.00
SB & AAS 0.03 0.00 0.00 0.00
SB & LIA 0.01 0.08 0.03 1.00
LW & NT 0.02 0.00 0.02 0.00

LW & WSC 0.00 0.00 0.00 0.00
LW & HSC 0.00 0.02 0.00 0.00
LW & AAP 0.00 0.00 0.00 0.00
LW & AAS 0.07 0.00 0.00 0.00
LW & LIA 0.06 0.15 0.08 0.33

NT & WSC 0.08 0.43 0.04 0.04
NT & HSC 0.11 0.09 0.00 0.01
NT & AAP 0.49 0.11 0.00 0.00
NT & AAS 0.86 0.62 0.19 0.23
NT & LIA 0.00 0.00 0.00 0.00

WSC & HSC 0.71 0.04 0.00 0.00
WSC & AAP 0.11 0.89 0.00 0.00
WSC & AAS 0.15 0.72 0.19 0.24
WSC & LIA 0.00 0.00 0.00 0.00
HSC & AAP 0.16 0.00 0.24 0.41
HSC & AAS 0.22 0.04 0.00 0.00
HSC & LIA 0.00 0.00 0.00 0.00
AAP & AAS 0.82 0.45 0.00 0.00
AAP & LIA 0.00 0.00 0.00 0.00
AAS & LIA 0.00 0.00 0.00 0.00

In one second of CPU time, the average improvement of the solutions obtained by the ge-
netic algorithm based on NT or AAS coding is much smaller than that based on the other
coding strategies; see Table 5.31. Table 5.32 shows the absolute time required by the local
search and that as a percentage of the CPU time required by the hybrid genetic algorithm. It
is obvious that the generation-elite LS based on NT coding accounts for a remarkably high
proportion (10% ∼ 30%), while the least proportion of CPU time is required by LIA coding.
Using the coding strategies except NT and AAS coding, almost all proportions are less than
5%.

Table 5.31: Improvement Jimp in one second of CPU time (%/s) using the generation-elite LS for
MRTA-T

Coding Strategy Tank rows C Tank rows D Tank islands C Tank islands D

SB 0.01 0.01 0.01 0.003
TB-LW 0.02 0.03 0.01 0.01
TB-NT 0.004 0.002 0.003 0.002

CB-WSC 0.17 0.04 0.10 0.04
CB-HSC 0.28 0.08 0.16 0.07
DB-AAP 0.03 0.01 0.25 0.13
DB-AAS 0.005 0.003 0.004 0.003
DB-LIA 0.03 0.04 0.01 0.04
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5 Simulation Studies

Table 5.32: Percentage of the CPU time (%) and absolute time (in sec.) for the generation-elite LS
for MRTA-T

Coding Strategy Tank rows C Tank rows D Tank islands C Tank islands D
in % in sec. in % in sec. in % in sec. in % in sec.

SB 3.2 71.4 5.0 171.3 2.9 79.9 7.1 306.8
TB-LW 1.7 41.3 1.4 51.2 1.9 50.0 1.5 64.4
TB-NT 13.8 490.6 28.6 2090.5 16.9 617.5 30.0 2534.6

CB-WSC 0.7 23.1 3.8 223.4 1.2 34.3 1.6 84.1
CB-HSC 0.5 13.1 1.5 44.1 1.6 41.6 5.0 119.1
DB-AAP 1.9 88.4 8.5 568.8 0.6 26.9 1.1 54.8
DB-AAS 8.1 468.0 19.7 1643.3 9.1 617.6 15.4 1422.8
DB-LIA 0.1 6.1 0.1 10.7 0.2 14.1 0.2 21.5

Table 5.33: Average number of unique individuals in B using the generation-elite LS for MRTA-T

Coding Strategy Tank rows C Tank rows D Tank islands C Tank islands D

SB 804 1604 640 2050
TB-LW 394 366 410 393
TB-NT 4406 14263 5134 14756

CB-WSC 210 1390 316 485
CB-HSC 117 479 387 1615
DB-AAP 793 4001 223 435
DB-AAS 4724 12885 5730 9816
DB-LIA 61 82 133 147

After the genetic algorithm, there are N b × Gmax individuals in B. Since elitism selection is
used to generate new populations, duplicate individuals probably occur. These duplicates
will be deleted from B before performing local search. Table 5.33 lists the number of unique
individuals in B. It is obvious that NT and AAS coding produce more unique individuals
than the other coding strategies. This could be the reason why NT and AAS coding require
more time for local search (see Table 5.32). Since all individuals of B are elites selected
from each generation, the results indicate that greater diversity of individuals near elites is
available when using NT and AAS coding.

As discussed above, the conclusions for using the generation-elite LS can be drawn as
follows. This local search is recommended to improve the genetic algorithm based on AAP
coding for all cases, as well as HSC coding for tank islands scenarios. It is not suggested to
combine the genetic algorithm based on the remaining coding strategies with local search
anymore, as there is no significant difference between the genetic algorithm with and without
this local search component.
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5.4 Results for Multi-Robot Task Allocation with Robot Coalition (MRTA-T)

Improvement by Last-Population LS

When local search is applied to the individuals that are generated by the genetic algorithm
in the last population, the distribution of the results obtained by the hybrid genetic algorithm
based on different coding strategies is reported in Figure 5.25. The ANOVA results are listed
in Table 5.34 and Table 5.35. Compared to the results obtained using the generation-elite
LS, a similar conclusion can be drawn: the results obtained by SB, LW, NT, and WSC coding
are not significantly different; the differences between the results obtained by the above
four coding strategies and the results obtained by HSC coding are statistically significant;
the results obtained by all decomposition-based coding strategies (AAP, AAS, and LIA) are
significantly different from that obtained by the other five coding strategies.
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Figure 5.25: Distribution of the results (completion time) obtained by the hybrid genetic algorithm
using last-population LS to solve MRTA-T

Table 5.34: ANOVA table for the analysis of all coding strategies regarding the solution quality (J) of
the hybrid genetic algorithm using the last-population LS for MRTA-T

Statistics Tank rows C Tank rows D Tank islands C Tank islands D
SS 126726.31 228338.02 82617.79 227275.76
DF 7 7 7 7
MS 18103.76 32619.72 11802.54 32467.97
F 41.88 40.59 48.19 39.57

Sig.Level 0.00 0.00 0.00 0.00
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Table 5.35: ANOVA table for the significance level (Sig.Level) of the difference between any pair of
coding strategies regarding the solution quality (J) of the hybrid genetic algorithm using the

last-population LS for MRTA-T (bold face: significant difference)
Pair of coding strategies Tank rows C Tank rows D Tank islands C Tank islands D

SB & LW 0.67 0.80 0.13 0.29
SB & NT 0.28 0.85 0.38 0.91

SB & WSC 0.05 0.11 0.07 0.04
SB & HSC 0.00 0.00 0.00 0.00
SB & AAP 0.00 0.00 0.00 0.00
SB & AAS 0.00 0.00 0.00 0.00
SB & LIA 0.00 0.00 0.00 0.00
LW & NT 0.47 0.97 0.29 0.36

LW & WSC 0.07 0.10 0.77 0.01
LW & HSC 0.00 0.00 0.00 0.00
LW & AAP 0.00 0.00 0.00 0.00
LW & AAS 0.00 0.00 0.00 0.00
LW & LIA 0.00 0.00 0.00 0.00

NT & WSC 0.16 0.15 0.14 0.05
NT & HSC 0.00 0.00 0.00 0.00
NT & AAP 0.00 0.00 0.00 0.00
NT & AAS 0.00 0.00 0.00 0.00
NT & LIA 0.00 0.00 0.00 0.00

WSC & HSC 0.00 0.00 0.00 0.01
WSC & AAP 0.00 0.00 0.00 0.00
WSC & AAS 0.00 0.00 0.00 0.00
WSC & LIA 0.00 0.00 0.00 0.00
HSC & AAP 0.00 0.00 0.00 0.00
HSC & AAS 0.00 0.00 0.00 0.00
HSC & LIA 0.00 0.00 0.00 0.00
AAP & AAS 0.01 0.08 0.00 0.00
AAP & LIA 0.00 0.18 0.00 0.63
AAS & LIA 0.02 0.67 0.20 0.02

According to Equation (5.1), the improvement of the last-population LS is visible in Fig-
ure 5.26. The ANOVA results are listed in Table 5.36, Table 5.37, and Table 5.38. It is
obvious that the effects of different coding strategies regarding the improvements by the
last-population LS are significantly different as the values of Sig.Level in all tested scenarios
are smaller than 0.05; see Table 5.36. However, there is no significant difference between
the genetic algorithm with and without this local search in the majority of cases; see Ta-
ble 5.37. The differences between the genetic algorithm with and without the last-population
LS are statistically significant in five cases, i.e., using HSC coding to solve tank islands C,
using AAP coding to solve tanks rows D, tank islands C, and tank islands D, and using AAS
coding to solve tank islands D. The results imply that it is not necessary to perform the
last-population LS after the genetic algorithm in the majority of cases.
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Figure 5.26: Improvement of the last-population LS for MRTA-T

Table 5.36: ANOVA table for the analysis of all coding strategies regarding the improvement (Jimp )
by the last-population LS for MRTA-T

Statistics Tank rows C Tank rows D Tank islands C Tank islands D
SS 130.79 344.10 883.75 1299.16
DF 7 7 7 7
MS 18.68 49.16 126.25 185.59
F 9.33 10.28 32.86 57.66

Sig.Level 0.00 0.00 0.00 0.00

Table 5.37: ANOVA table for the significance level (Sig.Level) of the last-population LS for each
coding strategy for MRTA-T (bold face: significant difference between GA and HGA)

Coding strategy Tank rows C Tank rows D Tank islands C Tank islands D
SB 0.91 0.84 0.88 0.95
LW 0.87 0.79 0.90 0.95
NT 0.43 0.31 0.27 0.44

WSC 0.52 0.17 0.31 0.45
HSC 0.38 0.35 0.02 0.18
AAP 0.05 0.01 0.00 0.00
AAS 0.22 0.09 0.10 0.01
LIA 0.97 0.90 1.00 0.96
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Table 5.38: ANOVA table for the significance level (Sig.Level) of the difference between any pair of
coding strategies regarding the improvement (Jimp ) by the last-population for MRTA-T (bold face:

significant difference)
Pair of coding strategies Tank rows C Tank rows D Tank islands C Tank islands D

SB & LW 0.81 0.90 0.76 0.63
SB & NT 0.00 0.00 0.01 0.00

SB & WSC 0.00 0.00 0.00 0.00
SB & HSC 0.00 0.03 0.00 0.00
SB & AAP 0.00 0.00 0.00 0.00
SB & AAS 0.00 0.01 0.00 0.00
SB & LIA 0.07 0.17 0.03 0.26
LW & NT 0.00 0.00 0.00 0.00

LW & WSC 0.00 0.00 0.00 0.00
LW & HSC 0.00 0.01 0.00 0.00
LW & AAP 0.00 0.00 0.00 0.00
LW & AAS 0.01 0.01 0.00 0.00
LW & LIA 0.03 0.17 0.01 0.13

NT & WSC 0.74 0.48 0.09 0.01
NT & HSC 0.28 0.01 0.00 0.07
NT & AAP 0.11 0.90 0.00 0.00
NT & AAS 0.93 0.11 0.10 0.18
NT & LIA 0.00 0.00 0.00 0.00

WSC & HSC 0.41 0.05 0.03 0.00
WSC & AAP 0.15 0.43 0.00 0.00
WSC & AAS 0.83 0.39 0.93 0.00
WSC & LIA 0.00 0.00 0.00 0.00
HSC & AAP 0.43 0.01 0.00 0.00
HSC & AAS 0.35 0.23 0.03 0.70
HSC & LIA 0.00 0.00 0.00 0.00
AAP & AAS 0.13 0.11 0.00 0.00
AAP & LIA 0.00 0.00 0.00 0.00
AAS & LIA 0.00 0.00 0.00 0.00

The average number of unique individuals, which the last-population LS is applied to, is
presented in Table 5.39. It is obvious that almost all individuals in the last population are
unique in some cases. Like the generation-elite LS (see Table 5.33), LIA coding produces a
comparatively smaller number of unique individuals than the other coding strategies.

Table 5.39: Average number of unique individuals for the last-population LS to solve MRTA-T

Coding Strategy Tank rows C Tank rows D Tank islands C Tank islands D

SB 192 195 193 194
TB-LW 193 193 193 193
TB-NT 199 200 199 200

CB-WSC 187 192 190 188
CB-HSC 180 186 190 191
DB-AAP 196 199 182 197
DB-AAS 200 200 200 200
DB-LIA 173 171 177 180

Comparison of Two Strategies of Local Search

According to Equation (5.2), two strategies of local search are compared in Figure 5.27.
The results show that almost all solutions obtained by generation-elite LS outperform that
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5.4 Results for Multi-Robot Task Allocation with Robot Coalition (MRTA-T)

obtained by last-population LS. However, more individuals are applied local search using the
generation-elite LS in the majority of cases (Table 5.33 and Table 5.39). The ANOVA results
are listed in Table 5.40, Table 5.41, and Table 5.42. It is obvious that the improvements
of the generation-elite and last-population LS using different coding strategies are signifi-
cantly different as the values of Sig.Level in all tested scenarios are smaller than 0.05; see
Table 5.40. Table 5.41 shows that the differences between the genetic algorithm with the
generation-elite and with the last-population LS are statistically significant based on AAP
and AAS coding in all cases, while the differences are not significant based on the other
coding strategies. This result is similar to MRTA-S.
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Figure 5.27: Comparison of the solution quality of the hybrid genetic algorithm using the
generation-elite and last-population LS to solve MRTA-T: if ∆J > 0, the generation-elite LS

performs better than the last-population LS; otherwise, the last-population LS outperforms the
generation-elite LS.

Table 5.40: ANOVA table for the analysis of all coding strategies regarding the comparison (∆J) of
the generation-elite and last-population LS for MRTA-T

Statistics Tank rows C Tank rows D Tank islands C Tank islands D
SS 474.53 1968.09 410.03 621.69
DF 7 7 7 7
MS 67.79 281.16 58.58 88.81
F 12.36 17.63 18.34 12.20

Sig.Level 0.00 0.00 0.00 0.00
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Table 5.41: ANOVA table for the significance level (Sig.Level) of the difference between HGA with
the generation-elite LS and with the last-population LS for each coding strategy for MRTA-T (bold

face: significant difference)

Coding strategy Tank rows C Tank rows D Tank islands C Tank islands D
SB 0.92 0.86 0.95 0.87
LW 0.96 0.94 0.99 0.99
NT 0.77 0.14 0.42 0.42

WSC 0.72 0.31 0.95 0.55
HSC 0.93 0.77 0.28 0.17
AAP 0.00 0.00 0.00 0.00
AAS 0.00 0.00 0.01 0.00
LIA 0.92 0.88 0.88 0.75

Table 5.42: ANOVA table for the significance level (Sig.Level) of the difference between any pair of
coding strategies regarding the comparison (∆J) of the generation-elite and last-population LS

for MRTA-T (bold face: significant difference)
Pair of coding strategies Tank rows C Tank rows D Tank islands C Tank islands D

SB & LW 0.25 0.39 0.80 0.13
SB & NT 0.88 0.01 0.06 0.00

SB & WSC 0.18 0.02 0.05 0.06
SB & HSC 0.83 0.12 0.00 0.00
SB & AAP 0.05 0.00 0.00 0.00
SB & AAS 0.00 0.00 0.00 0.00
SB & LIA 0.10 0.04 0.92 0.84
LW & NT 0.08 0.01 0.05 0.00

LW & WSC 0.00 0.01 0.02 0.00
LW & HSC 0.20 0.02 0.00 0.00
LW & AAP 0.01 0.00 0.00 0.00
LW & AAS 0.00 0.00 0.00 0.00
LW & LIA 0.28 0.29 0.53 0.13

NT & WSC 0.03 0.24 0.53 0.02
NT & HSC 0.91 0.03 0.01 0.38
NT & AAP 0.02 0.04 0.01 0.15
NT & AAS 0.00 0.88 0.00 0.06
NT & LIA 0.00 0.00 0.03 0.00

WSC & HSC 0.05 0.11 0.00 0.02
WSC & AAP 0.19 0.00 0.00 0.00
WSC & AAS 0.00 0.03 0.00 0.00
WSC & LIA 0.00 0.00 0.01 0.11
HSC & AAP 0.03 0.00 0.91 0.94
HSC & AAS 0.00 0.00 0.73 0.78
HSC & LIA 0.04 0.00 0.00 0.01
AAP & AAS 0.13 0.00 0.84 0.74
AAP & LIA 0.00 0.00 0.00 0.00
AAS & LIA 0.00 0.00 0.00 0.00
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5.4.3 Remarks on MRTA-T

To solve MRTA-T problems, four basic coding strategies (eight variants of the hybrid genetic
algorithm) were tested in four scenarios. SB coding is considered as the baseline for TB (LW
and NT), CB (WSC and HSC), and DB (AAP, AAS, and LIA) coding. In the experiments, it is
obvious that HSC, AAP, AAS, and LIA coding provide for better solutions than the baseline
coding, while the solutions obtained by LW, NT, and WSC coding are similar to the baseline
coding. As discussed previously, the following recommendations are given to solve multi-
robot task allocation with robot coalitions (MRTA-T), some of which are similar to the ones
given for solving MRTA-S:

• SB and TB coding are recommended to solve problems without computational require-
ments and knowledge about the distribution of tasks in the target environment. TB-LW
coding requires the least CPU time.

• CB coding is suggested to solve problems with a limited number of generations (e.g.
Gmax < 103) and without knowledge about the distribution of tasks in the target envi-
ronment. HSC coding provides better results than WSC coding.

• DB coding is proposed to solve problems where tasks are distributed in rows or in
islands. If tasks are distributed in rows, AAP and AAS coding are suggested. If tasks
are distributed in islands, AAS and LIA coding are advised. AAS coding is suggested
to solve problems with a larger number of two-robot tasks (e.g. more than 10 two-robot
tasks).

The performance of the hybrid genetic algorithm with the generation-elite LS and with the
last-population LS was analyzed. When choosing the strategies of local search for MRTA-T,
the suggestions are as following:

• For AAP and AAS coding, the generation-elite LS is recommended.

• For HSC coding, there is no significant difference of the solution quality between the
two local search strategies.

• For SB, LW, NT, WSC, and LIA coding, the genetic algorithm without local search is
suggested.

5.5 Discussion

In this chapter, the performance of the hybrid genetic algorithm with different coding strate-
gies has been analyzed in terms of solution quality, CPU time, search progress, and local
search improvements. The use of different coding strategies and local search strategies has
been suggested.
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For MRTA-S problems, the task-based (TB) coding is considered as the baseline coding.
For MRTA-T problems, the subtask-based (SB) coding is considered as the baseline coding.
The reasons are listed as follows: (1) these two coding strategies are straightforward coding
without additional constraints for encoding and decoding, thereby all possible solutions are
covered; (2) in theory, the optimal solution can be found by using these coding strategies
in case of infinite time; (3) these two coding strategies are able to solve almost all MRTA
problems without requiring knowledge on the geometry of the target environment. However,
they are low efficient coding strategies, which need much more time to find good solutions.

To improve the efficiency of the hybrid genetic algorithm, TB-LW, TB-NT, CB, and DB coding
strategies have been developed. TB-LW, TB-NT, and CB coding strategies are able to solve
almost all MRTA problems without requiring knowledge on the geometry of the target en-
vironment. The decomposition-based (DB) coding strategies can only solve problems with
inspection areas that are composed of rectangular pathways and inadmissible zones.

TB-LW and TB-NT coding have been developed to solve MRTA-T problems, and are sup-
posed to provide better results than the baseline coding. However, the results show that
there is no significant difference of solution quality between these three coding strategies.
TB-LW coding is the most efficient coding of them, as it requires less CPU time than TB-NT
and SB coding. The results imply that the effect of the repair scheme and the enumerative
decoding in the solution quality of the proposed hybrid genetic algorithm is similar.

Tasks in a group are always assigned to the same robot because they are encoded as one
gene. The sequence of tasks in a group is pre-optimized using the proposed decoding strate-
gies (greedy decoding or decoding based on move modes). An appropriate task grouping
can decrease the search space, thereby providing good solutions within limited generations.
Since task combination and greedy decoding limit the search space, CB coding is supposed
to obtain better results than the baseline coding. However, the results obtained by WSC are
similar to that obtained by the baseline coding, and HSC coding is better than the baseline
coding only in some tank islands scenarios. CB coding provides better solutions than the
baseline coding in case of a small numberGmax of generations due to the pre-optimization.

DB coding provides better solutions than the baseline coding in the majority of the inves-
tigated MRTA-S cases as well as all MRTA-T cases, but requires more CPU time, which
could be due to the task decomposition and pre-designed move modes. DB coding makes
assumptions on the geometry of inspection areas and distribution of tasks, and uses this in-
formation for task decomposition. Three decomposition-based coding strategies have been
developed: AAP, AAS, and LIA coding. The whole inspection area is spatially decomposed
into a number of subareas. The subareas vary when using different decomposition strate-
gies; thus, the number of genes varies for each coding. AAP coding has the smallest number
of genes, and thereby results in an extremely small search space that may lead to bad solu-
tions. Subareas decomposed by AAP coding perfectly match with the task distribution in tank
rows scenarios, but do not match with task distribution in tank islands scenarios. Therefore,
AAP coding outperforms AAS and LIA coding for tank rows scenarios, but it underperforms
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AAS and LIA coding for tank islands scenarios. The proposed genetic algorithm exploits the
search space close to some of the best individuals, as only the best individuals are kept in
the new population, mutated for generating offspring, and improved by local search. Thus,
the genetic algorithm with AAP coding produces only a little improvement in the overall gen-
erations due to the pre-optimization. In the initial population, the best solution obtained by
AAP coding in each run is better than that obtained by the other coding strategies. There-
fore, AAP coding for generating the initial population can be considered in conjunction with
a subsequent genetic algorithm with the other coding strategies as a post-optimization in
future work.

The decomposition-based coding strategies have been developed based on the assumption
that the inspection area is structured in rectangles. This is fair for many industries, par-
ticularly for storage and manufacturing areas. This coding strategy can also be extended
to solve the problem which is not structured in rectangles by building two grid maps. The
first map stores the real information about the inspection area, e.g. the accessible cells,
inaccessible cells, inspection positions, home bases of robots; this map can be used for
path planning. The second map transforms the all admissible zones to rectangles, and all
inspection positions are mapped to their nearest rectangles; this map can be used for task
decomposition and developing move mode.

Local search, which is performed after the genetic algorithm, requires much less CPU time
than that applied to all individuals or a number of good individuals in each generation. In the
proposed genetic algorithm, the best individuals are kept in the new population and mutated
for generating offspring; thereby more duplicate individuals may occur. If local search is
performed in each generation, local search may be applied to the same individuals more
than one time. In this work, local search is applied to the unique individuals selected from
each generation after the genetic algorithm to reduce the computational demand.

Two strategies of local search are compared: the generation-elite LS and the last-population
LS. In the proposed genetic algorithm, only a number of the best individuals in each sub-
population are used to generate the new population. Individuals for the generation-elite LS
are obtained by the genetic algorithm exploring the whole search space, while individuals
for the last-population LS are obtained by the genetic algorithm exploiting the search space
that is near a small number of the best individuals in the last population. Individuals in the
last population may be close to the optimal solution, but might be far away from the individ-
uals that could be improved to be the optimum by local search, especially for AAP and AAS
coding. Therefore, the generation-elite LS is more likely to find the optimal solution than the
last-population LS.

To reduce the CPU time, the pass-by insertion compares the sequences of each pair robots
only one time, the 2-nearest-neighbor swapping exchanges each pair nearest neighbors
only one time. Thus, CPU time is decreased, but the final solution may not be the global
optimum. If local search is applied to each solution candidate more than one time, better
solutions may occur but more CPU time will be needed. For each solution candidate, local
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search can be performed more than one time or until the solution candidate could not be
further improved, if the computational time is sufficient.

To solve large-scale problems, inspection areas could be decomposed into a number of
sub-areas; then, the algorithm can be used by considering each sub-area as one gene.
This is inspired by the results that DB coding provides better solutions than the other coding
strategies. With the increasing number of two-robot tasks, more infeasible individuals may
occur and much more CPU time is required. Therefore, the proposed repair schemes, which
search for the proper positions for two-robot tasks in the sequence of single-robot tasks, are
not the best choice to solve the problem with more two-robot tasks. To solve this problem,
a fixed coalition (multiple robots) could be considered, and the single-robot tasks could be
inserted into the sequence of multi-robot tasks.
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6.1 Conclusion

In this dissertation, a novel hybrid genetic algorithm has been developed for solving opti-
mal multi-robot task allocation (MRTA) problems with temporal and spatial constraints. The
MRTA problem occurs when a few mobile robots are employed to inspect a large industrial
site. This work deals with single- and two-robot tasks derived from the planned deploy-
ment for monostatic (transmitter and receiver at the same location) and bistatic (transmitter
and receiver at separate locations) inspection measurement arrangements. The developed
method combines a subpopulation-based genetic algorithm for global optimization with local
search heuristics. Local search has been performed after the genetic algorithm to speed up
the hybrid genetic algorithm.

At first, MRTA problems have been formulated mathematically according to the specific char-
acteristics of the studied inspection problems. Then, the A* algorithm for path planning has
been introduced. The mathematical model and the path planning are essential for develop-
ing methods of MRTA and evaluating the quality of the solution.

To efficiently code the problem, permutation coding has been used to represent possi-
ble solutions due to its simplicity and ease of satisfying scheduling constraints. A novel
subpopulation-based genetic algorithm has been developed, which is evolved via elitism se-
lection and four mutation operators and terminated at the predefined number of generations.
Two local search methods (pass-by insertion and 2-nearest-neighbor swapping) have been
developed to improve the final solution. For the purpose of finding an efficient approach
for different multi-robot task allocation problems, several coding strategies have been devel-
oped.

Three basic coding strategies have been proposed to solve problems with only single-robot
tasks. The objective of these problems is to distribute and sequence all tasks to minimize
the completion time. The baseline coding is the task-based coding, which is the simplest
coding. To improve the efficiency of the hybrid genetic algorithm, two new coding strategies
have been developed: the combination-based coding and the decomposition-based coding.
To investigate the performance of these coding strategies, the hybrid genetic algorithms have
been tested and compared in different scenarios. The results indicate that decomposition-
based coding strategies outperformed the other coding strategies when solving problems
with inspection areas that are composed of rectangular pathways and inadmissible zones.

Four basic coding strategies have been developed to solve problems with both single-robot
and two-robot tasks. The objective of these problems is not only to distribute and sequence
all tasks, but also to form feasible robot coalitions for two-robot tasks. Compared to the
baseline coding (i.e., subtask-based coding), three new coding strategies have been de-
veloped to improve the efficiency of the hybrid genetic algorithm: the task-based coding,
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the combination-based coding, and the decomposition-based coding. Two repair schemes
have been first introduced with the aim of forming feasible robot coalitions for two-robot
tasks. The results show that the decomposition-based coding strategies obtain better solu-
tions than the other coding strategies. Furthermore, the experimental results indicate that
an appropriate method for the pre-optimization, as e.g. resulting from combination- and
decomposition-based strategies, can significantly improve the performance of the hybrid ge-
netic algorithm.

The developed hybrid genetic algorithm provides better solutions than the genetic algorithm,
especially when using AAP decomposition-based coding strategies. In this dissertation, two
strategies of the local search have been proposed: the generation-elite LS, which is applied
to the unique individuals selected from each generation; and the last-population LS, which is
applied to the unique individuals in the last generation. The results show that the generation-
elite LS is significantly better than the last-population LS based on AAP and AAS coding,
while the differences between these two local search strategies are not significant based on
the other coding strategies.

The methods developed in this dissertation can provide good solutions in case of problems
with single- and/or two-robot tasks, not only the task schedules for robots but also feasible
robot coalitions for two-robot tasks. On the basis of the developed basic coding strategies,
several alternatives are available for solving MRTA problems with the different environmen-
tal information or computation requirements. This research represents an important step
towards finding efficient coding strategies to accomplish various multi-robot tasks.

6.2 Outlook

Inspection problems have been used to derive the case studies in this dissertation; the
proposed methods of MRTA problems are not only limited to this application but can also
be transferred to, e.g. multiple traveling salesman problems, process scheduling, or ve-
hicle routing. Note that it is assumed that inspection areas are composed of rectangular
pathways and inadmissible zones when using the decomposition-based coding. Since the
decomposition-based coding is problem-dependent, it can be designed according to the spe-
cific characteristics of applications. For example, the methods for solving MRTA problems
with only single robot tasks can be used to solve multiple traveling salesman problems. The
traveling time between cities and the duration of the salesman’s stay in a city are known in
advance. Each city can be considered as a single-robot task. The sum of the traveling time
between any two cities and the stay time in both cities is used to determine the temporal
constraint for grouping tasks by the combination-based coding. The spatial decomposition
can be designed according to the distribution of the locations of cities on the map. Similar
to the vehicle routing problem with pickup and delivery, the goods, which need to be moved
from certain pickup locations to the depot, can be considered as single-robot tasks.

Considering the problem of delivering a number of packages from different positions to the
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central destination in a warehouse, the size of each package determines the number of
robots required to carry it. The objective of this problem is to build a delivery schedule
for all packages while guaranteeing that the multi-robot team can deliver each package
successfully. Each package is a task. A team of robots must carry a package at the same
time if this package requires multiple robots. The methods for MRTA problems with two-
robot tasks can be used to solve this problem. The packages can be combined as groups
according to the traveling time between two packages, or can be decomposed according
to the spatial distribution of their positions. Although the developed method has been only
tested to solve two-robot tasks in the experiments, it can be extended to solve multi-robot
tasks requiring more than two robots at the same time.

The experimental results show that the performance of decomposition strategies varies for
different scenarios. Moreover, the decomposition-based hybrid genetic algorithm improves
slightly after 1000 generations. Therefore, more than one decomposition strategy could be
reasonably considered to improve the efficiency in future work. The proposed decomposition
strategies are problem-dependent, which restrict the inspection area of the problem. Future
work will therefore include the design of problem-independent decomposition strategies.

The developed method can also extend to solve problems with more two-robot tasks. How-
ever, the complexity would significantly increase with the number of two-robot tasks. To solve
this MRTA problem, a fixed coalition (two robots) can be considered for task allocation, and
then the single-robot tasks could be inserted into the sequence of two-robot tasks.
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7 Appendix

7.1 Tasks and Costs of the Example Map

Table 7.1-Table 7.4 lists the tasks and costs of the example map displayed in Figure 3.4.
The data in these tables are used to illustrate the coding strategies in Chapter 4.

Table 7.1: Coordinates and inspection time of each task

Task T1 T2 T3 T4 T5 T6 T7 T8 T9 T10

exy
x 3 3 3 7 7 7 7 10 10 10
y 13 9 4 3 5 9 13 13 9 4

csjk 1 6 1 1 1 1 1 1 1 1

Table 7.2: Home base of each robot

Home base S1 S2 S3

exy
x 4 5 6
y 1 1 1

Table 7.3: Traveling time between home bases and tasks

ct0jk T1 T2 T3 T4 T5 T6 T7 T8 T9 T10

S1 12.4 8.4 3.4 3.8 5.2 9.2 13.2 16.2 12.2 8.4
S2 12.8 8.8 3.8 2.8 4.8 8.8 12.8 15.8 11.8 7.4
S3 13.2 9.2 4.2 2.4 4.4 8.4 12.4 15.4 11.4 6.4

Table 7.4: Traveling time between any pair of tasks

ctijk T1 T2 T3 T4 T5 T6 T7 T8 T9 T10

T1 0.0 4.0 9.0 11.7 9.7 5.7 4.0 18.7 14.7 13.7
T2 4.0 0.0 5.0 7.7 5.7 4.0 5.7 15.2 11.2 10.2
T3 9.0 5.0 0.0 4.4 4.4 6.7 10.7 14.8 10.8 9.8
T4 11.7 7.7 4.4 0.0 2.0 6.0 10.0 13.0 9.0 6.0
T5 9.7 5.7 4.4 2.0 0.0 4.0 8.0 11.0 7.0 6.0
T6 5.7 4.0 6.7 6.0 4.0 0.0 4.0 13.0 9.0 8.0
T7 4.0 5.7 10.7 10.0 8.0 4.0 0.0 17.0 13.0 12.0
T8 18.7 15.2 14.8 13.0 11.0 13.0 17.0 0.0 4.0 9.0
T9 14.7 11.2 10.8 9.0 7.0 9.0 13.0 4.0 0.0 5.0
T10 13.7 10.2 9.8 6.0 6.0 8.0 12.0 9.0 5.0 0.0
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7.2 Pseudo Code

Algorithm 1 The main algorithm for MRTA
Input: E, S, R, T , csjk
Output: The best solution Aopt , the completion time J , the waiting time cwjk at each inspec-

tion position and the traveling path P
path
ijk

1: Form P and fT : T → P
2: for k ← 1, NR do . Path planning
3: for i← 0, NP do
4: for j ← 0, NP do
5: if i 6= j then
6: Calculate ctijk and P

path
ijk

7: else
8: ctijk ← +∞, P

path
ijk ← ∅

9: end if
10: end for
11: end for
12: end for
13: Invoke Algorithm 2 – the genetic algorithm, get the set B . Global search
14: Delete duplicate individuals in B
15: for each individual in B do . Local search
16: Invoke Algorithm 3 – Apply pass-by insertion and 2-nearest-neighbor swapping
17: end for
18: return Aopt , J , cwjk and P

path
ijk

Algorithm 2 Genetic algorithm

Input: R, T , P , ctijk, c
s
jk

Output: The set B of elites obtained in each generation and J of each individual in B
1: Set Npop and Gmax
2: Choose a coding strategy, encode the problem
3: Generate the initial population according to the selected coding strategy
4: for each generation do
5: for each genotype do
6: Decode it to phenotype
7: if the individual is infeasible then
8: Repair it
9: end if

10: Calculate its fitness
11: end for
12: Record N b best individuals
13: Divide the population into K non-overlapping subpopulations at random
14: for each subpopulation do
15: Select the Npop/5K best individuals
16: Apply mutation operators to the best individual and generate the gene-apportion
17: end for
18: end for
19: return B and J of each individual in B
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Algorithm 3 Locally improve the quality of an individual

Input: A, J , P
path
ijk , ctijk, c

s
jk

Output: The improved A and J
1: Find all Pm for A, record Pα and Pβ for all Pm . Pass-by insertion
2: for each Pm do
3: Delete it from A
4: Insert it between Pα and Pβ, form the new A′

5: Calculate the fitness J ′ of A′

6: if J ′ < J then
7: A← A′, J ← J ′

8: end if
9: end for

10: for each Ak do . 2-nearest-neighbor swapping
11: for j ← 1, lk − 1 do
12: Swap akj and akj+1, get the new A′

13: Calculate the fitness J ′ of A′

14: if J ′ < J then
15: A← A′, J ← J ′

16: end if
17: end for
18: end for
19: return the improved A and J
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Algorithm 4 Least-waiting-time decoding algorithm

Input: Intermediate A obtained after decoding single-robot tasks and determining Pα for all
two-robot tasks, ctijk, c

s
jk, (Rk, Pα, Pβ) for all two-robot tasks

Output: The phenotype A
1: Calculate the arriving time τaα for all two-robot tasks
2: Allocate an NT × 4 matrix V to store (Rk, Pα, Pβ, τ

a
α)

3: Allocate a row vector L to store the first active positions in task sequences of all robots,
each element Lk ← 1

4: repeat
5: Sort all rows of V in ascending order by τaα
6: Find the index m of element V (1, 2) in the task sequence of robot V (1, 1)
7: LV (1,1) ← m+ 1, U ← ∅
8: for i← 1, NR do
9: if Ri 6= V (1, 1) then

10: j ← 0
11: repeat
12: j ← j + 1
13: Calculate the waiting time cw if inserting V (1, 3) into Ai as the j-th element
14: Add (i, j, cw) into U as the last row
15: until j = length(Ai) + 1 or aij is a subtask of a two-robot task
16: end if
17: end for
18: Find the minimal value of the third column in U , which is in the n-th row
19: Insert V (1, 3) into AU(n,1) as the U(n, 2)-th element, the waiting time is U(n, 3)
20: LU(n,1) ← U(n, 2) + 1
21: Delete the first row of V , recalculate τaα for two-robot tasks in V
22: until V = ∅
23: return A
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Algorithm 5 Encoding algorithm using the combination-based coding strategy

Input: P , N s, ctijk, c
s
jk

Output: The set of subtask groups Q
1: for k ← 1, NR do . Calculate C ′

2: for i← 1, NP do
3: for j ← 1, NP do
4: if i 6= j then
5: c′ijk ← ctijk + csik + csjk
6: else
7: c′ijk ← +∞
8: end if
9: end for

10: end for
11: end for
12: Allocate a row vector V to store all elements c′ijk (c′ijk 6= +∞) . Determine H
13: Sort V in ascending order, n← length(V )
14: H is the (0.05n)-th element in V
15: c′ijk ← +∞ for all elements c′ijk satisfying c′ijk > H . Combine subtasks
16: l← 0, Q← ∅
17: repeat
18: l← l + 1
19: Find the minimal element c′abk in C ′

20: if c′abk ≤ H then
21: Ql ← {Pa, Pb}, c′ijk ← +∞ for all elements in columns a and b
22: if N s > 2 then
23: repeat
24: Find the minimal element c′βmk in all rows α (Pα ∈ Ql)
25: if c′βmk ≤ H then
26: Add Pm to Ql, c′ijk ← +∞ for all elements in column m
27: end if
28: until c′βmk > H or length(Ql) = N s

29: end if
30: end if
31: c′ijk ← +∞ for all elements in all rows α (Pα ∈ Ql)
32: until c′abk > H
33: P ′ ← (P\Q)
34: if P ′ 6= ∅ then
35: repeat
36: Find a random subtask Pn from P ′, delete it from P ′, Ql ← Pn, l← l + 1
37: until P ′ = ∅
38: end if
39: return Q
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Algorithm 6 Greedy decoding algorithm using the combination-based coding strategy

Input: Z, Q, ctijk
Output: The phenotype A

1: for each Zk do
2: Ak ← ∅, n← 0
3: for i← 1, lzk do
4: repeat
5: Find the minimal ctnαk in all elements ctnjk (Pj ∈ zki )
6: Add Pα into Ak as the last element, n← α, delete Pα from zki
7: until zki = ∅
8: end for
9: end for

10: return A
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In this dissertation, methods for optimal multi-robot task allocation (MRTA) prob-

lems resulting from industrial plant inspection missions that involve both single- and 

two-robot tasks were developed. A novel hybrid genetic algorithm was developed 

by combining a subpopulation-based genetic algorithm for global optimization with 

local search heuristics. It did not only distribute and sequence all tasks, but also 

formed temporary robot coalitions that are required for two-robot tasks which in-

troduce spatial and temporal constraints into the optimization problems.

Four alternative coding strategies were developed for the proposed hybrid genetic 

algorithm: subtask-, task-, combination-, and decomposition-based coding. These 

coding strategies can be used to solve the multi-robot task allocation problems for 

inspection problems with different environmental information and computational 

requirements. The performance of the proposed hybrid genetic algorithm with dif-

ferent coding strategies was evaluated in case studies on inspecting a large storage 

tank area of a petroleum refinery.
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