HYDROLOGICAL CYCLE ALGORITHM FOR SOLVING
OPTIMISATION PROBLEMS

A THESIS SUBMITTEDTO AUCKLAND UNIVERSITY OF
TECHNOLOGY IN PARTIAL FULFILMENT OF THE REQUIREMENTS
FOR THE DEGREE OBPOCTOR OF PHILOSOPHY

Supervisors
Professojit Narayanan
Associate Priessor Jacqueline Whalley

2018

By
Ahmad Wedyan

School of Engineering, Computer and Mathematical Sciences



Abstract

This research proposes a new nainspired algorithm called thédydrological Cycle
Algorithm (HCA), which simulates the movement of watkops in the hydrological water
cycle.In the HCA, a collection of artificial water drops pass through various hydrological water
cycle stages, such as flow, evaporation, condensation and precipitaboter togenerate
solutions.Each stageplays an mportant role ingenerating the solution arttelps to avoid
premature convergencéhe HCAdiffers from other particldased algorithms by using direct
and indirect communication among the water drops, which helps to improve the overall
performance and sation quality. The similarities and differences between HCA and other
waterbased algorithmsre identified and the implications of these differences on overall
performanceare discussedn proofof-concept experiments, thedfectiveness and efficiency

of HCA areevaluatedon well-known discrete, continuous, static, and dynamic benchmarked
optimisationproblems.The experimental results were found to be competitive and validate the
effectiveness of the proposed algorithm and its ability to escape fraholotima solutionso
convergeon the global solutionIn conclusion,the HCA provides a newarticlebased
conceptual framework within which existing and future work in whtesed algorithms cdre
positioned
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Chapter 1 Introduction

This chapter introduces the waakconplished in this thesis. It providegganeral overvievof
various types obptimisationproblemsand thenatureinspired innovationdt also explains the
motivation, approaches and underlymegearch questionand clarifiegthe maincontributions
of this work Finally, the contents of the remaining chapmessummarised

1.1 Optimisation Problems

The termoptimisemeans to improve the performance of something as far as possible. In
computer sciencand operations researcan optimisationproblemfinds thebest solution
among a set of feasible solutions by trying different variations of the i(iRatklauf, 2011)

In simple terms, optimisation is the process of finding the best possible solDtomplex
optimisation problems are ubiquitous in the real woéspecially those requiring decision
making among a set of alternative$o solve many redife problems, we mathematically
formulate them asptimisationproblemsA typical optimisation problem contains abjective
function, variables, and constraints. The objective function is the functiom narbmised or
maximised. The variables are input to the objective function, and the constraints impose

restrictions and limiei ons on the variablesd® values.

Optimisation problems cdpe classifiednto continuous or discrete based on the value domain
of the variables, and into static or dynamic based on whether they afiadiependent or time
dependen(Biegler, 2010; Rothlauf, 2011Moreover, some problems cae categorisethto
single or mitiple objective problems. In multiplebjective problemsseveral objectives must
be optimisedsimultaneously, but these objectives sometimes conliiatlynamicproblems,

the variable values may be changed by unexpected events. The block diagrigoren-1
illustrates the classification of optimisation problems. An optimisation problem mapealso
classifed as a combination of these tyd®EOS, 2016)

Continuous = Constraint Single Static
objective
Optimisation
Problem
Discrete |—»{ Unconstrained Multiple » Dynamic
objectives

Figure 1-1. Classification of optimisation problems
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The most intractable optimisation problearg NP-hard (i.e. nordeterministic polynomial

time hard) problem@az & Moran, 1981 NP-hard problems include many rdék problems.

A solution is the act of solving a problem, however, there is no guarantee that this solution will
be the optimal especially for Nffard problemsThus,a solution may be approximate or the
best currently knownrA classical NPhard problem is the travelling salesman problem (TSP),

in which a travellingsalepersa must visit each of cities exactly oncend return to the start

city. The TSP caibe considereds a static discrete problem witlsiagle objectivdunction;

to minimise the total cost of visiting all cities. Another discrete optimisation problem is the
vehicle routing problem (VRP), which must serve a given number of customers at the
anticipation lowest total cost with the smallest number of vehitlese that the VRP is a
multiple-objectives problem that depends on the problem constraints. Moreover, because the
problem inputs may change over time, the VRP also constituthmamic optimisation

problem.

Finding the best solution to an MNfard problen by exhaustive search (i.brute force) is
infeasible because the solution space grows exponentially with the problem size. Moreover, an
optimal solution to an NHRard problem is not guarantedebr this reason, such problemse
solvedby metaheuristicalgorithms rather than exact or heuristic meth&stsact methods such

as dynamic programming and brareidbound are simple techniques suitable for small
problems with simpleonstraints. These methods valivaysfind a global solution. Heuristic
method are problentdependent techniquegich solve mediunsized problems by heuristics,

with no guarantee to find the global solution.

Metaheuristic methods are problemindependent, and may use different heuristics
simultaneously to find approximate solutioo large problems with complex constraints
(Talbi, 2009) Furthermore, metaheuristisethodsexpand the search space in anticipation of
bettering thesolutionwithin a reasonable executidime. When seeking an optimal solution,
metaheuristicalgorithms depend on two major processes (exploration and exploitation).
Explorationaims to acquire as much information as possible about promising solbgions
performing a random search in the solution space, tivsrsifying the generated solutions and
avoiding local optima. Exploitation returns the search to promising solutabsavebeen
previously exploredincreasing the chance of reaching thebal gtimum However, if the
exploitation is too deep, theearch becomes trapped in a local optimum, whereas intense
exploration may miss the global solutic@ontrolling the balance between exploration and

exploitation is usually considered critical when sbarg for more refined solutions as well as
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more diverse solution3.herefore the algorithm performance depends on the proper balance

between these two processes.

Metaheuristic algorithms cabe evaluatedusing the criteria of robustness, efficiency,
effectiveness, and applicabilifyralbi, 2009) For instance, if an algorithm is executed many
times to solve a specific problem, the results after eachwill differ because the selected
search path and the starting conditions vary among the runs. The number of evaluations required
to reach the optimalr bestknownresult may also vary from run to run. An algoritindefined

as robust (i.e., is perfomancestable) if its performance remains steady over different
executionsRobustness cdre measureldy the success rate of the algorithm, which defines the
number of successful executions (ending with acceptable solutions) relative to the total number
of executions. A solutiors deemedicceptable if the absolute difference between the obtained
and bestknown results is below a specified threshold. Therefore, to compare the robustness
performances of different algorithms on the same problem, we mustutertie average
performance (success rate) and its variation in each algoffihenefficiencies of algorithms
canbe comparedy averaging the number of evaluations in each algorithm (the fewer the
number of evaluations, the higher the efficiency). Thectifzeness of an algorithm measures

t he al gor it h arthestkreownisdlution withih @ realsanablé execution time, and

the quality of the results when the algorithsn executedon different problemqChase,
Redemacher, Goodman, Averill, & Sidhu, 2010he applicability refers to the simplicity of
adaptingthe algoritim to different types of problems. An applicable algorithm lmamdapted

to a new problem without major structural changes and withideittingthe relationship and

corsistency between the variabldsgure 1-2 presents a simple taxonomy of optimisation

algorithms.
Algorithms
l Y
Exact/ Blruteforce Y Metaheuristic
v v Heuristics l—i—l
Dynamic Brach and
programming Bound Nature Inspired Non-nature
Inspired
v v v
Greed Constructive Improvement
y Methods mthods

Figure 1-2. Taxonomy of optimisation algorithms

In order to create new algorithms, computer scienkiatseexploral the nature looking for

inspiration sources that can be used as computational appré@asbég problems.
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1.2 Inspiration from Nature

By exploring nature, we reveal its many astonishing mystefi@mughout life, humans are
continually learning from naturend emulating natural phenomenaTherefore,nature is
consideredas an inspirationalsourcefor many human innovationg’he process by which
humans copy natural behaviours is calBegdmimicry, a compendium of th&reek worddios
(life) and mimesis(imitate) (Benyus, 1997)As a science, ibmimicry refers to thehuman
simulation activities of natural phenomena, processes, strategies, elemeygteros 4o solve
various realife problems(Benyus, 1997; Passino, 200&enerally,naturesolvescomplex
problems in unique waythat maximise theefficiency and effectivenessf the solution
Therefore natural phenomena habeen widely observeldy scientists andlosopherswho
seek toanalyse and understandhem and explaintheir mechanismshen replicate themas
artificial systemsCountlessxisting systems and inventiohavebeencreatedoy mimicking
nature. For instancagfter studyingthe selfcooling sysém in termite densarchitect Mick
Pearceand his colleaguedesignedhe Eastgate Centre building in Zimbabweebe ventilated
and cooledased onthistermite dersystem. They were able tedue the energy consumption
neededfor cooling the building (Nel Yomtov, 2014) Among the most famous examples of

biomimicry is the construction and designeairly aergplanesbased on bird flight

In recent decades, a new field caldature InspiredComputing(NIC) hasemerged within the
computer scienceghis evolvingfield hasbeen embraced by mangmputer scientistslue to
its relevarteto thedesign ofcomputing models;omputationamaterials, angoveltechniques
(de Castro, 2006; Renberg, Bck, & Kok, 2012)indeed the mechanisms of sonmatural
phenomenare sufficiently weHunderstood to be adoptedproblemsolving algorithms.An
active branch of natural computiraglled NatureInspired Algorithms(NIAs) has received
increasiy attention andbeen massively developed recent year{ Br abaz on, OO6 N
McGarraghy, 2015)NIAs include models, methods, and algorithms inspited different
naturalsources or mechanisms. These algoritfotiew a systemat: procedurevith rigid rules
and some degree ofrandomnessBased on their inspiration sourcddJAs are broadly
categorsed asevolutionary biological, social swarm, physicalf chemical system@r., Yang,
Fister, Brest, & Fister, 2013pwing to thediversity oftheseinspiration sourcesNIAs adopt
different metaphors and pregsesTypically, the metaphorical name ah algorithmreflects

thesource of inspiration behints design.

Many observable natural phenomena are commeauseheir overall behaviour is influenced

by multiple elements This complexityis further incrasedby the «isting interactiors and
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relationshig amongthe elementsand theenvironment.Examples of such phenomeiaae

weather, water flow, earthquakesydanimal foraging process In addition the behaviours
of some natural systenaseunpredictal® and vaguewith a large degree of randomnéeBsese
systemsare best modelledy chaos theoryl. ampton, 200Q)In somebiological systemsthe

entities perform tasks and respond to external exbrasghdynamic interactionsvith other

entitiesin the systemThereforepy studying and understandinge workings of thesgystems
and how the entitieshare information and interadtring taskingwe candesign powerful
computer algorithmgAllen & Peissel, 1993; Chan, 2001)

Thisresearclidevelops a novelatureinspiredmetaheuristi@algorithm calledhe Hydrological
Cycle Algorithm (HCA)for solving optimisation problems’he algorithmis basedon the
hydrological water cycle, a welkinown natural phenomenahat describes the continuous
movement of watefrom land to sky and vice vergBavie, 2008) The waterflows by four
processesgvaporation, condensatioprecipitationand runoff Thecycling changes the state
of themovingwater, exerting a purifying effecCirculationbegins with the heating strface
water by the sunwhich changes thevater dropsto vapours which evaporate intdhe sky
(atmosphere)Once in thesky, the vapourcondensg into drops. As the condensedrops
combine withother drops, thegensifyandbecomemoreinfluenced bygravity force causing
precipitation When the ground becomes gsatied,the waterflows over the groundurface

and thecyclerepeats

The mechanisms of theeparate stagesnd the full cyclecan be readily exploitedn an
optimisation algorithmFirst, rivers without obstacles their way can beseen as seeking to
follow the shortest pathtowardsthe oceansSecond each stagg@laysan important role in
continuing thecycle, andeachinfluences the other stages Therefore the HCA algorithmis
dividedinto four stages thanimic the naturalredistribution offreshwaterflow, which enters
thesea through riverand returns to thandand rivers as raimfher i ver s car ve
p at hh@searah landscap®y soilremovaland depositionin the HCA, a collection of water
dropgets finds a solution by passinghroughthe fourstagesof the hydrological cycleEach
stageplays an important role igenerating the solutionThe water cycle and algorithm

procedurs are fully explainedn Chapter 3

1.3 Motivation s of the Research

This researchvas partly motivatety t h e @emsdndipassi@n @nddmirationof nature.
The ambiguity and mechanisms pétural phenomenanever fail to excite and surprise
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Moreover some natural systemsuch as those that adapt to dynamic changes in the

environmentwill always chalenge thecapability of humars.

Thedesign of efficient optimisation algorithms for solving hard problemsrsehresearched
topic in Computer Sciencé&his researctareahasresulted inmany different optimisation
methods that have been inspired by naland applied tsolving a diverseset ofreatworld
problems Scholars have successfully solved many problems by effigteof-the-art
optimisation algorithmsThese algorithms often work well for one type of problem but are
unable to solve a diffent problemIn other casesheyrequiremajor changes in their structure
or working mechanisnm order to bepplied to differentypes of problemsAdditionally, these
algorithms are not necessarily future proof, since different types of problemseimiiffesent
levels of diversity and complexityrhus, existing algorithms may not be able to effectively
solve new complex problems that continue to emérigereforethe request for new computer
algorithms that solve new types of problems is constarparding. Natural phenomena and
systems inspire the designs of multipurpose algorithms that can handle such problems.
Furthermore, le success and capability of NlAscouraged us to expand and develop this
field. This research is, in part, motivated by theed for optimisation algorithms that can be

applied tocomplex realife problems

TheNo-FreeLunch(NFL) theorems posit that no particular algorithm performs better than all
other algorithms for all problems and that what an algorithm gains in percemon some
problems carbe loston other problemd-or example, suppose that algorithcoutperforms
algorithmy in some problems. By the NFL theorem, algorithmvill outperform algorithmx

in other problemgWolpert & Macready, 1997)Consequently, we can infer that some
algorithms are more applicable and compatible with particular classes of optimisation problems
than others. Therefore, choosing the appropriate optimisation algorithm for a given problem is

a nontrivial process. Especialjjven thatthereareno clear guiélineson choosing the best
algorithm for a given problem in the literature. Conversely, the use of an algorithm and the
types of problems it can solvewell known In practice,an algorithm must be chosen based

onar esear c her,previous stgies of similargmblemr by triatanderror (X.-S.

Yang, Cui, Xiao, Gandomi, & Karamanoglu, 201BBhe questi on &6éwhy i s t
t han anot her f o defidsh elearqanswansteadan andwér eequited a deep
analysis ofeach algorithm and the integlationships among the algorithm parameters. In
addition, gorior full understandin@f the problem seardpace is requiredNonetheless, simple
factors may dictate the final ¢ h o mpliaty, o f a

flexibility and ability to escape from local optima.order to be able to develop algorithms that
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are more readily extended and used on a variety of different optimisation problems (a more
generic solution) we first need to understand whatasp® an algorithm make it better at
solving one type of problem than anothBEnus,this research also will investigate the nature of

the problems and existing algorithms and their applications in order to be able to achieve a
better nature inspired algthm. Thus,the structure of some algorithms makes it easier to apply
them on specific problem domain. For instance, the ant colony optimisation is readily applicable

on routingbased problems bause of its natural structure.

In spite of thepopularity d NIAs, many challenges remathatrequire further researcind
enhancement$-or example established watdrased algorithmsainot take into account the
broader concepts of the hydrological water cysleach ashow water drops and patlese

formed or the fact that water is a renewable and recyclable resourceisThegvious water

based algorithms patrtially utilised some stages of the natural water cycle and demonstrated only
some of the important aspects of a full hydrological water cycle for sotyatignisation
problemsThereforea furtheraim of thisthesisis to delve deeper into hydrological theory and

the fundamental concepts surrounding water droplets to inform the design of a nesatiptimi
algorithm.This is aim is based on the conjecttirh at an al gori thm t hat
system is likely to demonstrate improved performance and be able to solve a broader range of
optimisation problems with minimal modification. It is intended that frommiew algorithm

a new hydrologicabagd conceptual framewor&an be established which can be used to

inform and positiorexisting and future work in watdiased algorithms

One problem that any common algorithmiace is that thegannot escape from local optima
(stagnatioin Another is thathey oftenconverge too quicklpn a suboptimal solutiodhese
weaknesseare aresultof the designof the algorithmand improper implementation of the
exploration and exploitation processes. The correct balance between exploration and
exploitation is esential in optimisation algorithms, as bqilocessesargely influence the
convergence speed and the diversity of the generated sol(#igasval & Mehta,2014) A

further issue for many current algorithms, that can influence the degree of exploration and
exploitation among other things, tise lack of communication between the algorithm entities

This lack of communication oftesiegrade analgorithirs performance.

Motivated these issues that are inherent in many current optimisation algqrighmew
metaheuristi@lgorithmwas proposed, designed and evaluated in this research. The algorithm
wasbaseda naturalphenomenoythe water cycleFrom the onsethe algorithmwasdesigned

in orderto berobust, efficient, effective, flexible, and applicable to different kinds of problems.
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The design was informed by weakness identified in similar existing algorithms sourced from
the literature. The main premise fiis work that an algorithm that was closer to the natural
system, which was the inspiration for the algorithm, should provide solutions to the weaknesses

of other existing algorithms and thus givbeiterquality solution.

1.4 ResearchQuestions

Thisresearh aims toanswetthefollowing research questions:

Q1. How should we design an optimisation algorithm basethe hydrologicalwater cycle in
nature?

Q2.How dothe additional stages of theydrological cyclealgorithm influence theuality of
the solutions?

Q3. To what extentanthe hydrological cycle algorithsolve thdravelling salesman problem
andthe capacitated vehicle routing problém

Q4. Can the performance of thadgorithmcompete with those other similar algorithms?

Q5. What factors affect thperformarce of thehydrological cycle algorithmwhen solving
continuousoptimisation problems?

Q6. Can thehydrological cyclealgorithm deal withotherNP-hard problems?

Q7.To what extent catnehydrological cycle algorithnsope withthedynamicvehicle routing
problen®

1.5 Contributions of the Thesis

The main contribution of this thesssthedesignand implementation of @ovel naturanspired

algorithmcalledthe HCA. The developedalgorithmwas trialledon several kinds of Nfard

problems as a procbf-concept Initially, the algorithm was evaluatedin simulation

experimentshat revealed how thgarametes cooperate tavoidlocal optimasolutions These

experimentsalso elucidatedthe overall behaviour of the algorithmnd its behavioural
differences from theriginal Intelligent WateiDrops(IWDs) algorithm.

The HCA functionalitiesare builtinto a mathematical model, whids implementedin
MATLAB V. 8.4 (R20140 software The algorithmis evaluatedn optimisation problems in
different categories (discretepntinwous, static, and dynamic). Each remaining chapter of this
thesis explores a specific optimisation problem in one of thassgoriesand explains the
solution method of the algorithrithe performance of HCBK analysedn compaative studies

of the result®btained by HCA and other algorithms. It is worth mentioning that extending the

problem scope from static to dynamic is an interesting achievement by itsetfhagues for
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handling dynamic environments are scarce in the literaWweeover, throughhis extension,

we show how theyclic wateroperation came exploitedor dynamically updating the inputs.

To validate the full hydrological inspired framewotkhe HCAwasevaluatecon a variety of
operational research and logistiwsnchmarkegroblems including the travelling salesman
problem (HCATSP), continuous optimisation problems representsy mathematical
benchmark functions (HGEOBP), and thecapacitatedrehicleroutingproblem (HCACVRP).
The algorithmwas thenused to solve thdynamic CVRP (HCA-DCVRP). In each problem,
the algorithmwastestedon synthetic and benchmark datassiurcedrom theliterature.These
benchmarked problems are useful for evaluating performance characteristics of any new
approach, especially the effectiveness ofl@xgtion and exploitation process&nlving these
problems is challenging for most algorithmish e HCA G s psevalliabednrteans ofe
finding high-quality solutions and computational effort (number of iteratiods).the third
contribution a unique representatiorwas designedor the searchmace of the continuous

problem.

Finally, the effectiveness of the algoritienmeasuredy comparing its results with those of
othermetaheuristicalgorithms §tateof-the-artalgorithms).Our minimal criteron for success

is that the HCA algorithm performance is comparable to otherkmellvn algorithms including
those that only partially adopt the full HCA framework. Therefore, the main aim is not to prove
the superiority of HCA over other algorithmsistea, the aim is to provide researchers in
science, engineering, operations research and machine learning with a nevbasater
algorithm for dealing with optimisation problen®verall, the HCAprovides highquality
solutions to varioukinds of problems. fierefore, the HCA presents as a promising alternative

optimisation algorithm.

A further contribution is a comprehensive literature review presenting an analysis of the

strengths, weaknesses and application areas ofwethknown naturanspired algorithra.

1.6 Research Approach

This research desigres newnatureinspired algorithm. To this end it adoptsthe 'Design
Sciencé methodology the approachused in similar research (Peffers, Tuunanen,
Rothenberger, & Chatterjee, 200Theresearctproceeded througfour main phases:irst, a
strong knowledge of theesearctbackgroundvas acquired and distilled intocamprehensive
literature reviewleading to thenitial research questionBasedon these questionfe HCA
was designed and implementelext, thealgorithmwas testedn a series of experiments
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Before moving to complicated problems, the algorittwais runon asimple problemthat
verified its concgt and enableduning of the parametervalues During the test stage,
benchmarldatasetsvere collectedrom the literatureand the accuracy of the solution search
was evaluateth a statisticalanalysis.The obtained resultsrerealsocomparedvith thoseof
othermetaheuristicalgorithms and theperformanceand total execution time of the algorithm

were evaluatedThese key stepae illustratedn Figurel-3.

) (

wAnalysis and
Review

widentify
problem and
motivation

Define

Results objectives &

Validation &
Evaluation

Reseach
Questions

Simulation& use
algorithm to
solve problems

Modeling

oDemonstration
and
Experiments

ubDesign and
development

J

Figure 1-3. Design Science methodology

When basin@ new algorithnon anatural phenomengspecificstepanustbe followed First,
we must sharpen oyrerceptionby observing and studyintpe mechaisms of thenatual
phenomenonSecond,we must mimicthe structure of the natural phenomer{and hence
identify the main stages of the algorithrihis step provides an abstract view of@nceptual
model that explains some of thesumptioabeng consdered Third,we developnathematical
formulationsthat describes the overall behaviour of the algorithm and the relatisiashgng
the variables. The mathematical model provides an abstractwiéwnproved understanding
of a wider class afystemsCommonly, a mathematical model represemtdescribsreallife
situationsby numbers, variables and equatiofifie rumbersare constarnd, and variables
symbolise factors that change their valuadercertain conditionsThe equations explaithe
relation$ips amongthe variables anthe effects of the variables othervariablesIn the test
stage, thalgorithmshouldbe implementedon variousproblems.Finally, guided by the test
results, the mathematical modkelefinedand improved. These stegre simmarisedn Figure
1-4.
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Figure 1-4. Main stepsn developing a new naturdhspired algorithm
These stepmap to the main steps thedesign sciencenethodology.The study and analysis
of the natural phenomenon leadsthe definition ofthe objectives and motivatiorier the
research Building the mathematical model and designing the algoritomm steps inthe
development stagdhrough the testing and the evaluatisteps the results obtained are used

to helpimprove the algorithm.

1.7 Outline of the Thesis

Thisthesisis structurednto eight chapterassummarisedn Figure1-5.

Chapter 1
Introduction

A

Chapter 2
Literature Review

\
Chapter 3
Hydrological Cycle
Algorithm
I

Y Y Y A
Chapter 4 Chapter 5 Chapter 6 Chapter 7
Travelling Salesman Continuous Optimization Capacitated Vehicle Dynamic Vehicle Routing
Problem (TSP) Problems (COP) Routing Problem (CVRP) Problem (DVRP)

v

Chapter 8
Conclusions, Discussion &
Future Research

Figure 1-5. Organgation of thethesis

Theremaindeof the thesiss organsedas follows:

Chapter 2: This chapteranalyticaly reviews severalwell-known natureinspired algorithms.
Of particular interesarealgorithms inspiredby themovement and activitiesf natural water
Weaknessem the design of existing approacheslong with successful applications of these
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approaches, are also highlightdeinally, the chaptr compares the general procedures of

similar algorithms to identifyheir differences and similarities.

Chapter 3: This chapter begins with @etailed explanation of theaturalhydrological water
cycle, on which thealgorithmis basedlt then details ta HCA, includingthe main procedure,
its working mechanismand its mathematical modelThe HCA is competedagainstiIWD
algorithm in specificsystematieexperimentsFinally, the structureof HCA is comparedvith
those ofotherwaterbasedalgorithirs.

Chapter 4: Thischaptersolvesthe TSFoy HCA. The algorithms testedongeneratedynthetic
instancesand benchmark datasdrom the literatureThe performance of the algorithim

observedand analysedlheresultsof HCA andother algorithmsre compared

Chapter 5: This chaptersolvesCOPRs by HCA. The algorithmis testedon a benchmark of
continuous mathematictstfunctionsobtainedfrom the literatureThe efficiencies of HCA
and other algorithmare statistically compareéd new representationf cortinuous problems

is alsoproposed

Chapter 6: This chaptersolves acombinatorialoptimisation problem, namelythe CVRP, by
HCA. A mathematical formulationf the CVRPIis presentedand bcal improvement methods
for solving thisproblemare outlinedThe algorithmis testedon generated synthetic instances

and benchmark datasdétom the literatureThe obtained resultareanalysed and discussed

Chapter 7: This chaptersolves adynamial environmentproblem, namely, th®CVRP, by
HCA. Theproblemis overiewed andsomepossibleeventsn this problemare explainedThe
algorithmis testedon adapted andynthetic instances with various criterfdne computational

resultsanalysed and discussed

Chapter 8: This chapterdiscusses thevork undertaken in teithesisand concludes the study

It also suggests ideas and directivestiiture work.

1.8 Publications

The following research papers haveen composednd published throughout the doctoral
study of this researcfWWedyan & Narayanan, 2014; Wedyan, Whalley, & Narayanan, 2017,
2018) In these papersamthe main author, and have contributed more than 80% in each paper.

These published papers haaen useth different sections of this thesis.
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1 Wedyan, A. F.andNarayanan, A. (2014)Solving capacitated vehicle routing problem
using intelligent water drops algorithrim 10th International Conference on Natural
Computation, ICNC 2014ttps://doi.org/10.1109/ICN@014.6975880

A This paper was used in Chapter 6 to compia@eesultsof IWD algorithm with
HCA results

1 Wedyan A. F.Whalley J, and Narayanan A2017).i Hy dr ol ogi c al Cycl
for Continuous Opti mi z atsatiomvolR01g Arlicleids , 6 J
3828420, 25 pagesttps://doi.org/10.1155/2017/3828420

A This papehas beemsedin Sections 2 and 3 @hapter 3andin Sections 2, 3,
and 4 ofChapter 5.

1 Wedyan A. F.Whalley J, ard Narayanan A(2018).fiSolving the Traveling Salesman
Problem using Hydrological Cycle AlgorithméAmerican Journal of Operations
Researchvol. 8, No. 3,Article ID 1040612 (in press.

A This paperhas beemsedin Sections 1, 2 an8 of Chapter4.
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Chapter 2 Literature Review

fiBiology and computer scien¢dife and computatiofi are relatedl am

confident that at their interface great discoveramvait thosewhe e e k t h e mo

[Leonard Adleman, Scientific American, August 1998]

This chapter provides an extensive gtiehl review of the most wekstablished algorithms,
particularly, the naturspired algorithms. It also examines various common aspects of the
design process of natunespired algorithms A simple taxonomy of these algorithnis
presented based oneih natural sources. The natural source, features, working mechanism,
strength, and weakness of each algoriterdescribedThe pseudocode of each algoritien

also providedSimilar algorithmsare comparedh a comprehensive conceptualalysis that
attempts to identify the best application and success areas, and the most suitable problem

domains, of each algorithm.

This chapteis organisedas follows. Section 2.1 discusses toenmon aspects of designing
natureinspired algorithmsSection.2 review wenty-two algorithms and their applications to
different types of problems. Section »@vides a comparative analysis of these algorithms by
comparing the frameworks of similar types of algorith@snclusionsare presenteth Section

2.4,

2.1 Design of Natue-Inspired Algorithms

Natureinspired algorithmsre namedfter the sources that inspired them. In an NIA, natural
phenomenare viewedas processes that cea computationally modelle@he success oén
NIA depends on whether the algorithm properlyabaks its exploration and exploitation
behaviours. ManWIAs solve problems by following similar stefise., by sharing a similar
paradigm)(X.-S. Yang, Deb, Fong, He, & Zhao, 2018he common underlying process of
NIAs is presenteth Figure2-1.

Initialisation & Generate _| Find solutions (exploration &
initial population - exploitation )

A\ 4

Select

Evaluate

A\ 4

|

while (the stopping criterion is not me}———

Figure 2-1: General paradigm of a natur@spired algorithm
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Each step implements a particular gubcess towards generating the final solution. Although
many NIAs shareisiilar steps and certain characteristics, the designs and mathematical models
of each step differ among the algorithms. Points of difference include:

Algorithm entities.

Initial valuesof the entities.
Distributionof the entities.
Solution generation meahism
Moving the entities.
Choosing the next point.

Problem representation.
Evaluation and selection.
Termination condition.
Information sharing.
Auxiliary actions.

= =4 =4 4 A -
= =4 =4 =4 =4

The entitie$in an NIA usuallyperform specific operations and geneadéential soltions to

a problem,by interacting with the environment or with each otl@ée Castro, 2006)The
representation (i.e. metaphorical name), capabilitymongertes of an entity depends on the
algorithm.For instancethe entities in an ant colony optimisation (ACO) algoritdmeartificial

ants that generate solutions by moving from one place themdn ageneticalgorithm (GA),

the entitiesare artificialchromosomes that generate solutions through chromosomal operations
such as mutations and crossov@sspite these differences, the entities in any NIA algorithm
implement three common process$eself-adaptation, cooperation and competiéoim the

search for a global solution.

Seltadaptation is the process by which an entity improves itself in each iteration. Cooperation
is the ability of the entities to collaborate and share information tamweghe solution quality.
Competition represents the competitive survival ability of an e(ffshedi, Nezamabadi

pour, & Saryazdi, 2009)n some algorithms, the number of entities affects the quality of the
final solution A large number of entities can discover a large area of the sgaeich but
consume much computational tinteurthermore, the number of entitissnot fixedin some
algorithms where it may change (increase or decrease) based on some condiigns.
techniqgue may restrict the exploration of the search spacethvdtbecreasing aiumberof

entities or increasing the computational efforts when increasing the number of entities.

The configurations and strategies of the initial values also differ anhengigorithms. Some
algorithmsinitiali se the entities with randomly generated values; others assign no initial values
to the entitiesLike the number of entities, theitial entity values are known to influence the
solution quality(Maaranen, Miettinen, & Penttinen, 2007; L. Zhang, Yang, & Elsherbeni,

! The terms ntities agents,and ndividualsareinterchangealylused in different algorithms.
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2009) To enhance the performan@me algorithms initialise the entities using a systematic

function such as a Gaussian distribution kernel rather than randomly generated values.

When distributing theentities over the search spaseme algorithms distribute the entities
randomly or uniformly over a portion of the search space, while otheralsentities from the
same positionFor example, e particle swarm optimisation (PSO) algorithmsome of its
variants,customses the topology of the particle distributigMedina, Pulido, & Ramirez
Torres, 2009)

When generatingolutions, each algorithm discovers the search space in different ways under
different rules. The quality of the abhed solution depends on the exploratifre.
diversification)andexploitation(i.e. intensificationprocesses employed by the algoritirne

most effective NIAsprovide asuitable tradeff between exploration and exploitation.
Moderation is requiretbecause extreme exploratiganerates diverse solutions and may find

a highquality solution, but lowers the convergence speed, whereas an extreme (intense)
exploitation risks trapping in local optima or premature convergence. Some algorithms rely on
the rumber of entities to balandke exploration and exploitation. A large number of entities
widens the exploration area of the solution space but increases the execution time, whereas a
few entitiessearch only amall area of the solution space. Other aitjpns, such as the
gravitational search algorith(®SA), start with arextremeexploration of the search space and
gradually shift taan intensexploitation of the promising areas.

In most NIAs, the entities are continually moved from one point to anathirey explore the

search space. Therefore, the selection of the next best point critically affects the fitness of the
generated solution. Some algorithms, such
movements by pseudandom transition probabilityules. Other algorithms impose an
attractive force between the entities taHectstheirmovementor s hi ft t he pr e\
positions in random ways, like the PSO algorithm. Furthermore, a solutidrecanstructed

in parallel or sequentiallyn parallel solution constructiol solutions are incrementally built

by N entities. In sequential constructigneach entity builds one solutiom turn The

performances of these constructions depend on the prdaleiem solved

The evaluation step, whicevaluates the fithess of the solution obtained by each entity, is
similar for most NIAs. The solution quality measure depends on the objective function of the

problembeing solvedand whether the optimisation isranimisationor amaximisation
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At the end of each iterationthe evaluationis followed by a selection processvhich
comprehensively compares the solution qualities of all entities. Usually, the selection process
identifies the best entity (i.e. the elite entity) and uses its solution &teifuebest previous
solution This leadsto competitionamong the entities, as fitter entities will survive e
rewarded Selection is a cruci@girocesghat affects the search direction in subsequent iterations
by favouring or avoiding regions of tisearch space. In some problems, selection dramatically
improves the algorithm performance by reducing the effort needed to rediscover areas of
previous solutions. Algorithmselect the best solution (i.e., entity) d§ferent mechanisms

and techniqued he easiest and commonest metholestentity (i.e., elitism) selection based

on the fitness value, which incarnatée survival of the fittesprinciple (natural selection)
(Spencer, 1864More complicated and probdistic selection methods include roulette wheel,
tournament, and rank selection. Other algorithms, such as the simulated an(@Alng
algorithm, sometimes accept a Hoetter solution under some probabilistic critefTdnis

prevents the algorithm fromnapping inlocal optimal solutions.

Some algorithms implement optional auxiliary processes, such as local improvement methods,
at the end of each iteration. Some of these methods cannot be completed by a single entity, and
require cooperationamong all etities or some selected entities only. The ACO algorithm
conditionally implementsdaemon actionsafter eachiteration to handle theproblem
specificationgDorigo, Stitzle, & Stutzle, 2004)

The problem representation (i.e., the search space mapping) is the input to the algorithm. Some
problemsare easily representaghile others (especially those involving permutations) are
difficult or complex. Also, some problems cha representesh multiple ways with varying
degrees of difficulty. In these cases, the problem description determines vithetpbeoblem

will be easy or dficult to solve (Fink, 2002) Therefore, the problem in each algorithm should

be repesentedin a suitable form. Successful problesolving by an algorithm requires
compatibility between the problem representation and the algorithm specifications. Many
algorithmsare designedor a specific problenrepresentation, whicbhomplicatesor regricts

their applicability to other types of problentr instance, the problem may be represented as

a graph, or constructed in multidimensional space. For this reason, some pareleosularly

solvedby certain algorithms that deliver outstandingfpenance in those instances.

Algorithms differ not only in theirdesigns,but also in their number of parameters and
mathematical calculations in each st&pese differences vary the overp#rformancesand
complexities of different algorithms. Meanwhilne relationships and harmony among the
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variables influence whether the algorithm can escape local optima, and partly control the
exploration and exploitation processes. As the results of one step are input to the next step, the
performance of each stelepends on the success of its prior steps. Therefore, a defect in the

design of one step will degrade the performance of the successive steps.

A successfully designed algorithmust also ensureooperation and interaction between the
entities in thesysten. Typically, this carbe achievedy efficiently utilising the information
exchangeand sharingamong all or some of the entities. Such collectweblem solving
significantly enhances the overall performance of the algoridmd produce higkquality
solutions (al-Rifaie, Bishop, & Blackwell, 2012; Hogg & Williams, 199383ome algorithms
facilitate interaction and communicatiomenong the entities; others treat the entities as
autonomous agents with no interactions. In most algorithms, the entities communicate either
directly or indirectly. Most commonly, thggobalbestsolution is directly communicated to all
entities, guidinghem towards that location. Meanwhile, the entities communicate indirectly

through theenvironment.

In generalmany NIAs emulate natural phenomena through rules and randomrsteshAstic
algorithm embeds randomness within the various components a@llgbgthm (Brownlee,
2011) This randomness helps to produce diverse solutions, espéatialltimodalproblems,
and promotes escape froondesiredlocal solutions when seeking thglobal solution.
Obviously, if the randomness is insufficient, the algorithm becomes excess$etetyninistic
and generates the same solutions in multiple executi@mtsause of limiting the exploration

process.

Finally, algorithms differ in their behaviours. Fexample, some algorithms track the current
global bestsolution, whereas others save sevdadéstbest solutions. Furthermore, the
termination strategy of the algorithm dependstohe user 6s speci f.i cati
Common stopping criteria arthe maximum iteration number, maximum CPU time, -non
improvement of the solution quality after a certain numb@&eadtions,or improvement below

a specified threshold from the previously obtained solutions.

It is worth distinguishing algorithmsy theirlevel of inspirationwhichmeasureghe similarity
between the algorithm framework and the natural phenomenon mimicked by the algorithm.
Algorithms with a strong degree (correspondence or appeal) of inspiration completely simulate
all processes/activitiesbserved irthenatural phenomenon, whereas those with a weak degree

of inspiration simulate selected procesfesn the overall system. In some algorithms, the
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extent of the natural inspiratiesunclear.That is, when declaring thah algorithm is ingired

by nature we cannotalways clarify the extent of the natural inspirati@teer, Wirth, &
Halgamuge, 20090n the other hand, some algorithms incorporated or introduced other non
natural components to be part of the algorithaising the doubtsabout its authenticityln
addition some natural processes are more suitable for solving computatiobkdmsandare

more easily transferreghto computational processes, than others. On the other hand, some
natural systemspontaneouslpehave in certain ways. Therefore, iefexploiting a natural
phenomenon in an optimisation algorithm, we must understand what this phenomenon
accomplishes and optimises in nature. More detditait therationale behind natwi@spired

algorithmscanbe foundin Steeret al (2009)

In conclusion,the conceptual designs afgorithmsdiffer in manyrespects Moreover, the
various ways of implementing an algorithm (i.e. design strategiagially affect the
performance, convergence, success rate, and solution quality of the algorithm. Choice of the
best implementation will depend on the proble#ing solvedor canbe decidedrom previously
reported preferences

2.2 Nature-Inspired Algorithms

Throughout the past decades, the number of natgpred optimisation algorithms has
increasedremarkably These algorithm$iave been extensivelgvaluated and émanced to
improve their computational performanaed mitigate their weakness#githin this new era,
researchers are increasingly applyMbAs to reatlife problems.As the plethora of existing
NIAs cannotbe coveredn a single review, this sectiaeviews onlysome of thecommonly
usedalgorithms.The algorithmsare estimated to be @harticularimportance to the present
thesisbecause they share certain aspdtashalgorithm will be describe@ds mentioned in its

original version.
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NIAs canbe categdsedin different waysA simple categorisation he sourcef inspiration
behind the algorithn(Siddique & Adeli, 2015) which classifies NIAgnto the following
hierarchy:

1 Natureinspired algorithms

o Physicsbased algorithms (PBA)
o Chemistrybased algorithms (CBA)
o Biology-based algorithms (BBA)
A Evolutionary algorithms (EA)
A Swarm intelligencéased algorithms (SIA)

1 Non-natureinspired algorithms

Thesecategories, and a selection of algorithms in eatbgoryare elaborateth Figure2-2.
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Nature-Inspired Algorithm (NIA)

PhysicsBased Algorithms
(PBA)

Simulated Annealing (SA)

Central Force Optimization (CFO)

Gravitational Search Algorithm
(GSA)

River Formation Dynamics
Algorithm (RFDA)

Water Flow-Like Algorithm (WFA)

Water Wave Optimization

=
Chemistry-Based Algorithms
(CBA)

ChemicalReaction Optimization
(CRO)

(BBA)

Biology-Based Algorithms

Swarm Intelligence-based
Algorithms (SIA)

Evolutionary
Algorithms (EA)

Ant Colony Optimisation (ACO)

Genetic Algorithm (GA)

Non-Nature-Inspired Algorithm
(NIA)

Particle Swarm Optimization

(PSO

Differential Evolution
(DE)

Tabu Search(TS)

Artificial Bee Colony (ABC)

Intelligent Water Drops Algorithm
(IWDs)

Grenade Explosion Method(GSM)

Firefly Algorithm (FA)

Water Cycle Algorithm (WCA)

Fireworks Algorithm (FWA)

Bat Algorithm (BatA)

)

Cuckoo Search(CS)

Bees Algorithm(BA)

Figure 2-2: Classification of naturénspired algorithmgadaptedrom Siddique & Adeli, 201,5°.710
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Although this classification canhelp to distinguish algorithms, some algorithms che
classified into more than one of thedassesAmong the many algorithms proposed in the
literature, some algorithms provide highgprality solutions than others for the same praoble
These higkperformance algorithms have gained populaitgtheir use has extended to other
problems. Why an algorithm outperforms another on the same problem is difficult to discern,
but certain factors contribute to high performance, includit@urae design of the algorithm
(especially the mathematical model), powerful exploration and exploitation processes, ability
to escape from local optima, a good convergence rate, and few parameters to be tuned. The
most popular algorithmsire characterisefly high performance and efficiency, an easily
understood procedure, easy implementation, and easndibility to different types of
problems.

Two algorithms care partially or fully combinedhto hybrid algorithms which deliver high
performance and higguality solutions to optimisation problem&enerally,one algorithm
explores the solution space while the other exploits promising regions. Alternatively, the
strengths or properties of one algorithm substitute the weaknesses of another algorithm to
enhane theoverall performance(Rao Venkata & Savsani, 2012)lgorithms can also be
modified (i.e., altered in structur&) solve a particular kind of problem. Some algarithcan

be easily implemented and executed in a parallel technology, vdinaltes tasksacross
multiples processers and combines the results output by all processors.

Responding to thincreasingnterest in NIAs, many experts have compiled books desgribi
NIA procedure¢Brownlee, 2011; R Chiong, 2009; Engelbrecht, 2007; Rao Venkata & Savsani,
2012; Xing & Gao, 2013; XS. Yang, 2014aMany reviews of NIAs have ald®en published
(Bhuvaneswa, Hariraman, Anantharaj, & Balaji, 2014; Jr. et al., 2013; Kari & Rozenberg,
2008; Siddique & Adeli, 2015; Zang, Zhang, & Hapeshi, 2010)

The next sections examisemealgorithms as presented in the literatarenore detail focusing
on the critical gsects for this thesis namely, exploitatiand explorationtechniques, similar
aspectsand application problem typEor full details of the mathematical models and equations

of these algorithms the reader should refer to the original literature orptbe to

2.2.1 Physicsbased Algorithms (PBAS)

Physics is rich in theories, mechanisms, and phenomena relatedtéy objects and energy.
Physical theories include thermodynamics, quantum mechanics, fluids, and electromagnetism.

Physicists use mathematical modelsdescribe the possible relationships between objects,
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energy conservation, and the general properties of matter. Pisygmgernedy laws such as
conservation of mass, mo ment um, and energy

gravitation, andhermodynamic principles.

Computer scientists have designed many Rid38ed optimisation tools that exploit physical
principles, processes, concepts, motion mechanisms, or states of matter. Some PBA algorithms
are quite similar in their theoretical framefks reflecting the conceptual interconnection and
commonality between certain laws$ physicsor similar fundamentals agheselaws Some of

these algorithmare describeth the following subsections. Watbasedalgorithms (on which

this thesigs base) form asubcategorpf PBAs.A reviewof PBAscanbefoundin Biswaset

al. (2013) and Can and Alat42015)

2.2.1.1 Simulated Annealing Algorithm

The earliest PBA the simulated annealing (SA) algorittes formulated byXhachaturyan et

al. (1979) and then extended and usedsolving TSPby Kirkpatrick et al.(1983) Annealing

is the process of heatirgmetato its melting point, then allowing it to slowly cool. During the
cooling, the particlebecdme arrangeih a steady state (i.e., a low energy state). Metal particles
move easily at high temperatures and slowly at low temperafuaesLaarhoven & Aarts,
1987) To exploit this process in problesolving, SA has a temperaturepresenting variable
that starts at amitial value and gradually decreases to a specified value.

The SAis considereas gorobabilistic iterative algorithm; that is, a poistmovedn the search
space at every iteratiomhe position of the point represents a candidate solution of the problem
After evaluating the new position of the point, the SA upgl#te current bestolution if the

new position is better than any previous solutidowever, the SA accepts worse solutions
with various acceptable probabilities. The probability depends on the temperature, which
reducesas more of the solution spaisexplored Therefore, the SA allows wide exploration at
high temperatures and restricts or narrows the sealolwet temperatures. These processes
continue until the algorithm ceerges to the optimaldear optimabkolution.Figure 2-3 shows

the main pseudocode of the $Ased on our interpretation of the algorit(taglese, 1990)
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1 | PROCEDURE: Simulated annealing algorithm

2 | T :=initial temperature

3 | current point := generate a point in a random position

4 | REPEAT UNTIL: stopping criterion is met

5 WHILE iteration < maxim um iteration number
6 Point := move to a new position

7 /lcompare the two points

8 /I If the new point is better

9 IF( f (point) < f (Initial point))

10 current point := point

11 /I If the new point is worse

12 ELSEIF rand [0,1] < exp {- (f (point) i f (current point))
13 / T}

14 current point = point

15 END IF

16 END WHILE // until system reaches equilibrium state
17 T := U x T // decrease the temperature

18 | END REPEAT // reaches frozen state

19 | RETURN: current point

Figure 2-3. Pseudocode of simulated annealing

Owing to its simplicity, SA hadeenwidely appliedto various optmisation problems, both

discrete and continuou$able2-1 summarisesome recent applications of tB&.

Table2-1. Simulated annealing applications

Application References

(Kirkpatrick et al., 1983)(P. Tian & Yang, 1993)Bookstaber, 1997)Z. Wang,
Geng, & Shao, 2009jGeng, Chen, Yang, Shi, & Zhao, 201@¥ang Li, Zhou, &

TSP Zhang, 2011)(C. Wang,Lin, Zhong, & Zhang, 2015%)Zhan, Lin, Zhag, & Zhong,
2016) (X. Wu & Gao, 2017)
(Corana, Marchesi, Martini, & Ridella, 1987Lardoso, Salcedo, & Feyo de Azeved
COP 1996) (Bertsimas & Nohadani, 201Q)Avila & Valdez, 2015) (Kadry & El Hami,
2015) (Askarzadeh, Coelho, Klein, & Mariani, 2016)
VRP (Breedam, 1995)Y. Xiao, Zhao, Kaku, & Mladenovic, 2014)

The SA incorporates nentities,but finds asolutionsimply by evaluating a point generated at

a varying position (singlepoint search). Therefore, the SA generates one solution in each
iteration. The SA aaescape from local optima by accepting bad solutions. Thedreatacks

of the SA are the lack of communication or interactivity for improving the solution, the lack of
guidance by a heuristic function, and the large dependence of the performance on the
temperature (control parameter) and update technique. Therefordurfing this single
variable is a delicate proce#gsiother drawback is thathen applied to some probleptse SA
converges slowly to the optimal solution. However, the SA is advantages low memory

demands during execution and solution generation (i.e., memoryless algorithm).

Zhan et al(2016)solvedthe TSPusingSA and a listbased techniqué@.he main objectivef

the list base technigueas to simplify the tuning of the temperature valtibis technique

involves keepinga priority queue of values that control tbecreasean temperature.Each
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iteration, the lisis adaptedased on the solution search spddee maximum value in the list
is assigned the highest probability of becoming a candidate tempefédtei®A employsocal
neighboursearch operators such a®©pt (a.k.a 2-Optimal), 3-Opt (a.k.a 3-Optimal), insert,
inverse, and swaplhe 20pt and 30pt operations work by deleting two or three edges,
respectively, and reconnecting the edges in different orders to reduce the totdlheost.
effectiveness of this algorithm $ibeen measured variously sized benchmark instances. The
results were competitive with those of other algorithms.

Geng et al(Geng et al., 201130olved the TSRisingadaptive SA combined with greedy
search. The greedy seamhs intended to improve the convergence rate. The SA implemented
three types of mutations with different probabilities: vertex insertion, block insertion, and block
reversion. The algorithiwas teste@n sixty benchmark instancéshe resultshowed thathe

SA algorithmwas more effectiven some case@n terms ofCPU time and accuracy) than other
algorithms(like: ACO, GA, PSO, andeural network

Alfa et al.(1991) combined SA with th&-Opt operation to solv&RPs. Their algorithms
basedon a Route First and Cluster 8endapproachThe algorithm starts by building a large

tour thatvisitsall the nodes. At the end of each iteration, it then generates three random numbers
that indicate the locations of customénsthe tour tobe swappedand generates eight new
solutions by a 30pt enumeration. The best solutigrselectedvith a probability that depends

on the temperature value. In three examples with different numbers of customers (30, 50, and
75), the algorithm achieved the b&sbwn results, but only after an extnely long execution

time.

Lin et al.(2006)applied the SAo theCVRP. After building an initial solution using the savings
algorithm, theSA improves the solutionsing2-Opt and insertion. When tested on fourteen
benchmark instances, the algorithm found Hestknown solution in six instances, and

solutions with small percentage deviations from bestknown resultin the remaining

instances.

In Harmananiet al (2011) the CVRPwas solvedy SA combined with problerknowledge
information operators. The algorithm starts with a feasible initial solution that is
deterministically generated by a greedy algorithm. The SA produces new solutiap$wesin
types of transformations: one transformation moves the five closest nodes from one route to

another based on the vehicle capacity, the other selects the five most distant nodes and removes
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them from their routes. On Euclidean instances with intedgs eosts, the algorithm found the

bestknownsolution in smalinstancesand neaioptimal solutions in large instances.

2.2.1.2 Central Force Optimisation

Formato (2007) proposed a newBA called central force optimisation (CFO). The CFO
algorithmis basedon the motions of objects under gravitatibforces, which is known as
gravitational kinematics. In CFO, the entities are a set of probes that fly in the search space
under the gravitationdbrce. The probe has two properties (position and acceleration$ and
updatedollowing the laws of motiorof objects ina gravitational field The probe positiois
determinedn 3-dimensional Cartesian coordinatésalogoust o Newt onds | aw o
CFO is a deterministic algorithm (that is, its computation includes no randomness). Therefore,

the initial positions of the probeme deterministically selectébm a uniform distribution.

The probes generate solutions through continuous movements, and are attracted and accelerate
towardseach other according to the difference between their massesgtfe® the mass, the

greater the attraction. The mass of a probe reflects the fitness of its solution, corresponding to
the value of the objective functiontie optimisedin CFO,Formato(2007)used the differences
between the masses instead of the actual masses to avoid extreme pull tgoobbEssor
premature convergence. If the probe flies outside the boundargeeldcatedo the midpoint

between its initial position and the minimum or nmaxm value of the search spaE&gure2-4

shows th@pseudocode of the CH@sed on our interpretation of thigorithm(Formato, 2007)

1 PROCEDURE: Central Force Optimisation

2 | Generate a set of probes

3 | Compute initial probe positions (uniformly distribution)

4 | Calculate the initial accelerations for each probe

5 | Evaluate the fitness of each probe

6 | REPEAT UNTIL: stopping criterion is met

7 Update the position of each probe

8 IF (the new position of the probe outside the range )
9 Relocate the probe to a new position

10 END IF

11 Evaluate the fitness of each probe, and update its mass
12 Update the  acceleration of each probe

13 | END REPEAT

14 | RETURN: the position of the bes t probe

Figure 2-4. Pseudocode of the central force optimisation algorithm

The CFO algorithm halseen mostly applietb continuous domain problems. Some of these

applicationsare listedn Table2-2.
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Table2-2. Central force optimisation applications

Application References
(Formato, 2008)(Formato, 2009)(Asi & Dib, 2010} (Formato, 2011)(J. Liu &
COP Wang, 2014)(Yong Liu & Tian, 2015) (J-S. Wang & Song, 2015§J-S. Wang &
Song, 2015)

The main drawback of the CFOits deterministic nature. In some problems, this algorithm
generates the same solution at every iteration and risks becoming tragpedl imptimal
solutions. Furthermore, being determirdgstis performance depends on the quality of the initial

value of the probes. Also, as the movements depend only on the masses and not on the distances
between the probes, the algorithm may converge prematurely.

2.2.1.3 Gravitational Search Algorithm

The gravitabnal search algorithm (GSA), proposed by Rashedl.¢20(), is basedn the
principle ofmovingobjectsandN e wt taw@fs gr avi ty. According to
in theuniverseare attractedby a gravitationaforce whose magnitude is directly proportional

to the masses of the particles and inverpebportional tothe squaredlistancebetween the
particles. Therefore, the entities in the G&#& representeas objects with position and mass
properties. The position and mass of an object represent a possible solution to the problem and
the quality ofthat solution, respectively, arate updateéccording to the objective function.
Objects move continuously, and their new positiares influencedy the positions of other
objects. The magnitude of the gravitational force is biased toward objects ghtmhss. The
position of the most massive object is the position of the global best solution. Therefore, the
objects collaborate by direct communication through their gravitational forces.

To control the exploratignthe massive objects move more slowlyotigh the search space
than lighter objects. Moreover, tmalancethe exploration and exploitation processes, GSA
controls the number of objects that can influence other objects by specifying a iynvhérh
restricts the number of large influencers (frbestobjects) K is a parameter initialised based

on the user preferencéhis numbeis gradually reduceds the iterations proceed. Only the
bestobjects can attract the other objedthis technique is designed to gradualbcrease the
exploration while increasing the exploitation, thereby enhancing the performance of the
algorithm. However, if nowvell controlled,it may affect the exploration and expktibn ability

of the algorithmFigure2-5 shows asimple pseudocode of the GSA based on our interpretation
of the algorithm(Rashedi et al., 2009)
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PROCEDURE: Gravitational Search Algorithm

Initialise parameters: K - best, gravitational - constant, inertial

masses of agents (M), velocity(V), position (X)

Genera te an initial population, with random positions

REPEAT UNTIL: stopping criterion is met

FOR each object do:

Evaluate the fitness of each object
Calculate mass and acceleration for each object
Update position, acceleration, and velocity

10 Update worst(t) and best(t) fitness of the objects

11 Update global - solution

12 END FOR

13 | END REPEAT

14 | RETURN a solution

Figure 2-5. Pseudocode of the gravitational search algorithm

O©CoOoO~NOOOUOPR,WNE

Originally, the GSA was intended focontinuousdomain problems. Later, a binary
gravitational search algorith(Rashed Nezamabadpour, & Saryazdi, 2010yasadaptedor
problems with discrete variables. One drawback of GSA is the complex operations, which
increasethe computational time of solving a proble(Beheshti & Shamsuddin, 28). In
addition the GSA does not depend directly on gfebalbestlocation found sdar; instead

the entities are affected by the currentbgst solution for movement. Therefore, the location

of theglobal solution mightbe lostthrough the execuin, limiting the exploitation capability

of the algorithm(Yin, Guo, Liang, & Yue, 2017) Some problems solved by GSde

summarisedn Table2-3.

Table2-3. Applications of the gravitational search algorithm

Application References
(Yazdani, Nezamabagiour, & Kamyab, 2014)Mirjalili & Hashim, 2010}
COP (Gao, Vairappan, Wang, Cao, & Tang, 201®)n et al.,2017) (A. Zhang et al.,
2018)
TSP (Dowlatshahi, Nezamabagour, & Mashinchi, 2014)(Ibrahim, Ibrahim,

Ahmad, & Yusof, 2015b)

Wang and Son@015)analysed the effect of the parameters on the GSA performasomn
numeric test functions. They found that the accuracy and convergence rate of the akyerithm
extremely sesitive to the finetuning of the parameters.

Dowlatshahiet al (2014)solved the Euclidean TSfPe. the nodes correspond to points in a
two-dimensional spacandthe cost is the Euclidean distance between the nad#sy a
discrete GSA (DGSA})hat replaces theclasscal attractivemovement of entitiesvith a
technique callegath relinking The initial values of the entities are generated tandomised
greedy method, with each entity generating a solutidhe problem. The solution and other
informationare storedn two arrays calledour andinverse.This representation is considered

to facilitate the manipulation of the tours twyo typesof movement operations (dependent and
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independent). Dependent movement is achieved by a swap operator, while independent
movementis basedon a modified 20pt operation. The DGSA wasstedon a number of
differently sized benchmarkistances,and generated highguality solutions than other

algorithms in most of these instances.

To rectify the poor exploitation ability of GSXin et al., 2017xombined GSA with crossover.

The crossover was expected to improve the quality of the current solution and enhance the
exploitation capability of the algorithniitially, the entitiesare randomly distributeth the

search spacéo diversify thesolutions. The algorithnwas testedon a number ofhigh
dimensional benchmark test functions. The results confirmed the higher performance of the
modified GSA than therginal GSA.

Ibrahim et al.(2015a)proposed a discreet mulitate GSA and tested it on th&P. In this
algorithm, each entity maintains &@t® vector thastoresits possible solution to the problem.
Transitions between two states are made by a new mecharigdnone statis selectedrom
all candidate states in each iteration. This procgssatuntil the algorithm converges towards
the bestknown solution. When tested oa number ofbenchmarks instances, the solution

quality was improvedver that of the original algorithm.

2.2.1.4 Water-basedAlgorithms (W BAs)

A number ofoptimisationalgorithmsare base@n certain factors or processes relatedhe
activities and natural movements of water. TWBAs have demonstrated their ability in
solving different types obptimisationproblems Although these algorithms share a common
principled that water always flows towards lowladdghey differ in thei mathematical models
and staged he following subsections revieall of theknown WBAS in order of their published

date.

2.2.1.4.1 River Formation Dynamics

By eroding and depositing sediments, flowing water plagsuaial role in river formation.
These processdmve indirectly changed the landscape of the ground surface and helped the
formation of new riverbeds. Based on the mechanism of river form&admanal, Rodriguez,

and Rubioin (2007) proposed an optimisation algorithm called river formation dynamics
(RFD). RFD modelsentitiesas droplets thaflow on the ground, preferentially towards low
altitudes.The problemis representeds a graph with an altitude assignece&zh node. The

node altitude decreases when eroded bytbpsor increases when sedamtis depositedThe
probability of choosing a nodeg influencedy the altitude values of the surrounding nodes and

the distances between the nodes.
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The algorithm starts with number ofiropsand a flat graph representing the solution space

All nodeshave the same initial altitude. From their start nodes, the drops traverse the graph
towards a destination node. In each iteration, the nodes undergo various erosion processes,
followed by a deposition procesBhe deposition is appliezh all nodes tancreasehe altitude

range among the nodes and to allow exploration of different paths.

Analogously to SA, the drops in an RFD algorithm can choose adftiglde node with a
certainprobability. This featurenables escageom local optima by the explotiah of various
pathsand improves the search qualiBnother feature is the changimgmberof drops The
drops can gather when miggtat the same node. A single drop with higher size is generated as
result of gathering multiple drops. The drops stathwizeN, and may vary as they move.
When a drop splg it generates multiple drops with smaller sizhe advantage of gathering
drops is to reduce the computational effamtd improves the efficiencyigure 2-6 shows a
simple pseudocode of tHeFD based on our interpretation of the algoritiRabanal et al.,
2007)

PROCEDURE: River Formation Dynamics
Generate a set of drops
Initialise the drops and nodes altitude
REPEAT UNTIL: stop ping criterion is met
Move drops
Erode paths
Deposit sediments
Evaluate the drops
END REPEAT
0 | RETURN the best solution

Figure 2-6. Pseudocode of river formation dynamics

POO~NOUOWNE

The RFD algorithm has been tested on a numb&iRetomplete problems, such as TSP and
dynamic TSP(Rabanal, Rodriguez, & Rubio, 2008Minimum Spanning Tre€Rabanal,
Rodriguez, & Rubio, 2008a)jobot navigatio DNbk ows ki , Redl ar ski ,
and wireless routin@Sharma & Gupta, 2016)

In solving the TSPRabanal et a[2009)representethe problem as a landscape with all cities
initially at the same altitude. They slightly adjusted the representation by cloning theostart

city, allowing water to return to that city. Water movement is affected by the altitude differences
among the cities and the path distances. The solutions (avers@presenteals sequences of
cities sorted by decreasing altitude prevent the ater drops from immediately eroding the
landscape after each movemethie algorithm is modified to erode all cities when the drop
reachesthe destination city. This modification prevents quick reinforcement and avoids

premature convergence. When testecharumber off SPinstances, the algorithiwbtained a
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bettersolution than ant colongptimisation,but requireda longercomputational timeThe
authors concluded that the RFD algorithm is a good choiteeifsolutionquality is more

important than the coputational time.

2.2.1.4.2 Water Flow-like Algorithm

The water flowlike algorithm (WFA), developed by Yang and Wang(2007) mimics the
movemenbf water from high to lower altitudes. In WFA, the entitiester flovs) drift from
high-altitude locations to lowealtitude locations under gravitational force. The wditan
direction is affected by the grouridpology, which is mappedas a twedimensional array
approximating the solution space of the objective funciidhile travelling downhill, the water
may split into many sullows at intersections or on rugged terrain. The number of new sub
flows depends on the momentum and kinetic energy of the water flownogientum flows
generate more stiftows than lowmomerium flows. The locations of the new sflows are
determinedy locating theneighbourof the original flow. Moreover, the velocity and mass of
the original floware dividedamong the new suttows. In contrastmanysubflows will merge
when flowing thragh the same location. Therefore, WFA generates a solution by splitting,

moving and merging of the water flows.

Two additional processes (evaporation and precipitation) guide the algorithm towards better
solutions and the discovery of new areas. Evapmrattmoves part of the stagnated water
flows, and precipitation generates new water flows at different locations. A flow with sufficient
momentum can move from a lower to a higher altitude, widening the exploration area and
assisting escape frotocal optima. Unlike other metaheuristic algorithms, the WFA is self
adaptive as the number of water flows dynamically changes through the execution, mediated

by the merging, splitting, evaporation and rainfall operations.

Initially, the algorithm generates one weflew at a randontocation,and assigns # velocity

and a mass. As a watiow flows in different directions, it can split or merge later with other
flows afterthe split. The velocity determines whether the water can move; a stagnant water
flow remairs at its current location untilmergeswith another flow oevaporatesEach water

flow location (solution) at each altitude is evaluated usivepbjective functionFigure2-7
shows the pseudocode of the WB&sed on our interpretation of the algorit{fiaC. Yang &
Wang, 2007)
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1 | PROCEDURE: Water Flow - Like Algorithm

2 | Initialise parameters (velocity and mass, water - flow momentum, number
3 | of sub - flows split from a flow)

4 | Generate an initial water - flow in a random position
5 | REPEAT UNTIL: stopping criterion is met

6 FOR each flow, if velocity > 0

7 Move water -flo w

8 Check the splitting condition

9 Check the merging condition

10 Check the water evaporation condition

11 IF (more water - flow is required)

12 Precipitation

13 Check the merging condition

14 END IF

15 Update best - solution

16 END FOR

17 | END REPEAT

18 | RETURN: best - solution

Figure 2-7. Pseudocode of the water fldike algorithm

Although merging the water flows reduces the number of redundant searchesmanes

the computational cost, the mergers can limit the exploration processi(lmyng the number

of waterflows) and the number of generated solutions. Another drawback is that the water
flows are guidedy only one heuristic (altitude), which may lead to premature convergence.

The WFA hadeen appliedo various problems, such aslpacking problemé-.-C. Yang &
Wang, 2007)and themultiobjectivecontinuous problenfF.-C. Yang & Ni, 2014) The WFA

is also used to solve the T$8rour, Othman, & Hamdan, 2014jitially, a soldion to the
waterflow is generated using a nearesighbour heuristic. In successive iterations, they are
moved by insertions and-Q@pt procedures. The evaporation and precipitation operagi@ns
unchanged from theriginal WFA. These processespeatuntil the stopping criteriare met
The solutionis representeds asequencef nodes to be visited and stored ioreedimensional
array with length equalling the number of cities.

Zainudinet al. (2015) solved fourteen benchmark CVRP instances by the WFAh Bater

flow in the WFAI CVRP generates a candidate solution to the problem. The initial solution is
generated by randomly grouping customers into routes without violating the problem
constraintsZainudinet al. augmented the WFA algorithm with method$hsag swap, move,

and 20pt, which improve the solution quality. The splitting and moving operations shift the
locations of the water flows, and the swap operation mimics precipitaigmancingthe
locations of the weak water flows. The problé&nrepreseted as aonedimensionalarray
whose length equals tlmamber ofcustomers plus one for tliepot The CVRRWFA found

the bestknown solutions in 9 instances, and well competed with other algorithms in the
remaining instances. The authors also found atiogiship between the iteration number and

the solution quality.
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2.2.1.4.3 Intelligent Water Drops algorithm

The inkelligent water dropgIWD) algorithmis a populatiorbased optimisation algorithm
proposed by Hosseimn (ShahkhHosseini, 2007) The IWD was inspiredby the natural flow
behaviour of watem a river, ad by what happens in the journey from water drops to the
riverbed(ShahkHosseini, 2009)The IWD algorithm will be described in careful detail because
part of this thesis involvamodifying and extendinghis algorithm.

In nature, the movement wfater dropss governeby Eart hés gravity, th
and obstacles in the water flqWinogradov, 2009)Scatered water chooses tpathof least
resistancdi.e., the path with the least soil deposition and fewest obstattef)e absence of
obstacles, water dropsnder gravitational forgéake the shortest pata étraight pathtowards

the oceansDuring this movement, the water carries and deposits an amount of soil along its
path.Figure2-8 depicts a water drop carrying soil from one point to another along the riverbed.
The amount of carried sas reflectedn the size of the water drop. As seen in the figure, the
water drop enlarges as it travels downstreahile the amount of sodn the riverbed decreases.

The amount of soil carried by a water drop equals the amount of soil taken from the riverbed.

Therefore, the water drops accumulate soil from the riverbed as they traverse the waterway.

Figure 2-8. A water drop carrying soil while movirdpwnstrean{Shah7Hosseini, 2008P.19§
The maximum amount of soil thatwater drowancarry depende n t he dr opl et 6s
higher thevelocity, the more powerful the drop, and the greater the amolusoil carried.
Figure 2-9 depicts two watedropsmoving from one point to another. The faster water drop

(indicated by the large arrow) can carry more soil than the slower one.
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Figure2-9. Relationship between water drop velocity and amount of soil carried by the watdSthiadgy
Hosseini, 2008P.196

Conversely, the velocity of a water drop depends on the amount of soil between two points on
the pathln regins of less and more soil the velocity of tixater drop increases and decreases
respectively.The amount of soil added to the water drops also depends on the time in which
the water drop moves from its current location to the next one; droplets spendmgnre
between the two locations carry less sbile timebetween locationis calculatedy the linear
motion law (time =distancévelocity). Therefore, the time increases with decreasing velocity

or increasing distance between the two locations.

To simulate this natural flowing process, the generated \Wiesassignedmovement velocity
(IWD_Velocity and an amount of carried soWWD_Soi) (ShakHosseini, 2007)The values

of these two properties are changed and updated as each water drop moves from one point to
another. Initially, each IWD travels @& specific velocity and carries no soil. During its
movement, it removes some soil from the paths and increases its velocity. Additionally, the
IWD algorithm has two categories of parameters; static and dynamic parameters. The values of
the static paramets remain constant throughout the algorithm execution, whereas those of the
dynamic parameters continually change. Some of these dynamic parametersitiedised

after each iteration.

When applying the IWD algorithm, the problem to be solved shibellgresenteds a graph
with a set of nodes and a set of edges. The amount of soil along eadk eukigisedto a
specific value. The algorithm then generasesumber ofwater drops (usually equal to the
number of nodgs and randomly distributes the on the nodes (imitating a precipitation
process). Each IWD continually moves from one node to another without violating the problem
constraints (imitating runoff process)rhis process continues until each IWD has visited all
nodes and completed itslgtions, thus completing the current iteratidine algorithm stops
when the maximum number of iteratioissreachedor when some other termination criteria
are met The IWD equationstatedlater in this sectiomre takerfrom ShahHosseini(Shah
Hosseini, 2007yvithout modification.
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Initially, a water dop moving to another node must choose the nodetiatiighestprobability
among the unvisited nodes. The probability of visiting a node depends on the existiagpil

the patheadingto thatnode,and is given b¥eq. (2.1).

. i ¢ ik
U
B, Qi ¢ W0 (2.1)

where () is the current node anp (s the next candidate node to be visited by the current IWD,

and

p
-1 Qi ¢ ap (22)

Qi ¢ dk

Here- iis a constanequalto a very small value (i.e. 0.001), to prevent possible division by

zero.The g 6oail(i, j) is afunction used in theomputationas follows:
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Theminfunction returns the minimum value among its arguments. Once visited by an IWD, a
nodeis storedn thevisited listvcd of t hat | WD, which prevents
While moving from nodé to nodej, anIWD updates its velocityelV°(t+1) according to the
amount of soil existing on that pathhe velocity increase is larger on paths with less soil
Mathematically, this behavious representeds follows:

(V)
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wherethe parameteray, bv, andcv control the velocity update process. The value of these
parameters can be adjus&xperimentallyln addition each IWD updates the amount of soill

along the edge between nodesdj by the following equation:

wl .

i £ AR —— — h
Wi WwiEo QAL QA 0 p (2.5)

wherethe parameteras bs andcsinfluence the rate of changethe amount o$oil. The travel

time of an IWD between two nod&scalculatedhs follows:
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The parameter = 0.0001 reverses the sign of a negative velocity. HUD represents a problem
dependent heuristic function. After calculating the changes in the soil, the amount of soil
existing on an edge decreases as follows:

YEWR O p o i@ n Yioédp 2.7)
The coefficientp = 0.9 controls the amount of soil decrease. The amount of removead soill
addedo the amount of soioil*P carried by the water drop, as follows:
Y& Qo YE Qa Vi ¢ @t (2.8)

At the end of each iteration, the solution generated by eachsWaluatedand the best local
solution is selected and compared with the bkedtalsolution found so faif the local solution
(L_So) is better than any previous solution, the global solutdr§p) is updatedvith the new

value:

0.°Ye Q' QYE a"QYE (2.9)
0°YE O &R 0QI Q
Moreover, the best IWs rewardedy updating the global soil along the edges bHebngs

to its solution, as follows.
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whereNcis a variable representitige number ohodes. By applying the above steps, the IWD
algorithm incrementally anstructs the solutions until the maximum number of iteratisns
reached Therefore, the IWD algorithm cdre considereds a populatio-based constructive
algorithm.Figure2-10shows the pseudocode of the IWIQaithm based on our interpretation
of the algorithm(ShakhHosseini, 2007)
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1 | PROCEDURE: Intelligent Water Drops

2 | Initialise static and dynamic parameters (initial soil, initial soil,

3 | other control parameters)

4 | Create and distribute a set of IWDs

5 | REPEAT UNTIL: st opping criterion is met

6 WHILE all IWD not completed their solution

7 FOR each IWD

8 Choose the next node

9 Update IWD velocity

10 Update soil amount on the used edge

11 Update the soil carried by the IWD

12 END FOR

13 Evaluate the solution of each IWD

14 IF (anewsolutionis betterthanthe current best - solution )
15 Update the  best - solution with the new solution
16 END IF

17 END WHILE

18 | END REPEAT

19 | RETURN: best - solution

Figure 2-10. Pseudocode of the intelligent water drops algorithm

ThelWD algorithm proposed by Shdtiosseini(ShakHosseim 2007)was testedn the TSP
Experimants confirmed that the IWD algorithoansolve this problem, and obtains good results

in someTSP instances. In a later publicatio(GhakHosseini, 2008)modified their IWD
algorithm and incorporated a new heuristic for solving the multiple knapsack problem (MKP).
In the knapsack problem, a set of items must be fitted into a limited kikagega&city while
maximising the profit. The modified IWD algorithfound thebestknown solutions in some

of the tested MKP instances.

This algorithm attracted the attention of other researchers, who improved it and applied it to
other problems. For exanglDuan et al2008)solved the airobot path planning problem by

an IWD algorithm.This problemseeks the path between two points in the airspace under
constraints and the requirements of reasonable perform&xperimentsconfirmed the

feasibility of the proposelWD algorithmin solving the target problem

Msallam & Hamdar{2011)presented an improved gdave IWD algorithm. The adaptive part
changeghe initial value of the soil and the velocity of the water drops during the execution.
The changés madewhen the quality of the results no longer improves, or aftertaimumber

of iterations. Moreovethe initiatvalue chang&as basedn the obtained fitness value of each
water dropMsallam and Hamdan used some of the modifications proposed irHgIsgRIni

(2009) that is, the amount of soil along each edge is reinitialised to a common value after a
specified number of iteration, except for the edges that belong to the best solution give less soil.
These modifications diversify the exploration of Swutionspaceand help the algorithm to
escape from local optima. When tested on the TSP, the new adaptive IWD algorithm

outperformedhe original IWD.
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The IWD has alsdeen appliedo continuousoptimisationproblems. Shalidosseini(2012)
utilised binay variables in the IWD and created a directed grapiviofR) nodes, wheré/
denotes the number of variables, &identifies the precision (number of bits) of each variable,
assumed as 32. The nodes in the graph were connectedMyRxdirected edgegach taking

a value of zero or one (s€&gure2-11). One advantage of this representation is its intuitive

consistency with natural water flow in a specific direction.

O, P, 0.8 ¢

Figure 2-11. Representation of a continuous problem in the IWD algorithm

The IWD algorithm was also augmented with a mutabiased local search to enhance its
solution quality. In this process, an edge is selected at random from a solution aoeld &yl
another edge, whicis keptif it improves the fitness value. This process is repeated 100 times
for each solution. After mutating all of the generated solutions, théssgiddatedalong the
edges belonging to the best solution. However, theaMari e s 6 v al ues must
binary to real numbers toe evaluatedFurthermore, once the mutation (but not the crossover)
is introducednto IWD, whether IWD offers advantages over standard evolutionary algorithms

using simpler notations for contious numbers is doubtful.

Booyavi et al.(2014)solved the CVRP by an improved IWD algorithm that embeds features
such as the saving ke as anotheneuristic,and generates a candidate list. The convergence
of the algorithms improvedby imposing anini maxrule (lower and upper bound) on the soll
updating formula. All IWDs start from the depot and select their nestomersfrom the
candidate list. The solutiorege sequentially builthat is, one IWD starts when tpeor IWD

has finishedFurthermore, the obtained solutions are enhanced ush@pa @peration. At the

end of each iteration, the elite IWRse favouredy reducing tke amount of soil on the edges
belonging to their solutions. When tested on fourteen benchmark instances, the improved
algorithmwell controlledthe exploration and exploitatiggrocesseand effectively solved the

instances.

Thesestudiesdemonstrate thebdity of the IWD algorithm to solvalifferent optimisation
problemsin addition the results of the IWD algorithm are very promising compared with those
of other metaheuristics algorithms. However, iM® algorithm does not exploit the properties
of full water cycling in natureso its performanceas limitedfor some problemsAnalysing

the IWD reveals it has some parametkegarenot fully exploited This limits the performance

of the algorithmFor instances, the carrying soil by a water dsopot fully exploited andthe
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velocity of a water drojs increasedvithin small ratios More limitation will be discusseth
Section 4of Chapter 3.

2.2.1.4.4 Water Cycle Algorithm

Thewater cycle defines the continuous movement of the watengh different stagestween

the sky and the earth. On the ground, water flows downhill in different directions, forming
streams and rivers that eventually reach theosemean Streamsare generallysmaller than
rivers,and can form riverby joiningother small streams. Hawer, streams differ from rivers

in many aspects. Streamseshallower water bodies and transfer less water than rivers. Rivers
are typically deeper than streams, with wider banks, meaningribats can transfer more
sediments. In nature, water fromfdifent sourcesvaporatesand later descends to the earth as

precipitation.

Part of the water cycle, and tbgfting of river and stream waters towards gea,nspired the

water cycle algorithm (WCA) b¥skandaret al. in(2012) The WCA generates a set of
raindrops and randomly distributes them in the search space. The locations of these raindrops
evolve to minimise the objective function. The best raindrop is selected to represent a sea. A
certain number (determined by the user) of the top wihtgrsare then markeds rivers, and

the remaindearemarkedas streams. The streams flow towards thersi or directly to the sea.
Eventually, all streams and rivers reach the sea location. In this classification hierarchy, the sea,
rivers and streams represent tlybalbest locatbest and other potential solutions,
respectively. The evaporation procdssffers the algorithm from premature convergence.
Evaporation is applied when a river and $seeare separatelly less than a specified threshold.

The chosen threshold value determines the search capability; a large value encourages

explorationanda smédl value facilitatesexploitation near the optimal solution.

Consequent to water evaporation, the precipitation proeesgs the searchith new streams
createdn different locations. After revaluating the new stream locations, the rivers and sea
are relocatecht the updated best locatiofsgure 2-12 presentsa simple pseudocode of the
WCA based on our interpretation of the algorit{iaskandar et al., 2012)

55



1 | PROCEDURE: Water Cycle Algorithm

2 | Initialise parameters (number o f raindrops, number of rivers, number
3 | of streams, evaporation threshold [ dmax])

4 Generate a set of initial streams in random locations

5 Evaluate the locations of the streams

6 Determine the rivers and sea

7 | REPEAT UNTIL: stopping criterion is met

8 Flow streams t oward rivers

9 Flow rivers toward sea

10 Evaluate the new location of the streams and the rivers

11 IF the new location of the stream is better than one of the rivers
12 Exchange positions of river with the stream

13 END IF

14 IF the new location of the river is better tha n seabds | ocaq
15 Exchange positions of sea with the river

16 END IF

17 IF (Evaporation condition is satisfied)

18 Generate new streams

19 END IF

20 Reduce the value of dmax

21 | END REPEAT

22 | RETURN: Location of the sea ( best - solution )

Figure 2-12. Pseudocode of the water cycle algorithm

WCA constructs a solution using a population of streams, where each stream is a candidate
solution. It initially generates random solutions by distributing the strasdiféerent positions
trooghout the problembés di mensi ons. The best
number of streams are considered as rivers. The streams are guided towards the rivers and sea

The sea position is tiggobatbestsolution, whereas the river locatiosm® localbest solutions.

In each iteration, if a stream is sufficiently fhe streamgosition carbe swappeith any of

the river positions or (countémtuitively) the seaposition. Specifically, if a stream solution is
better than that of a rivethat stream becomes a river, and the corresponding river becomes a
stream. The same process ochgveerrivers and sea. The rivers/streams partially evaporate
when theynearthe sea (i.e., when their separation from the sea is close to zero). Following
evaporation, rainfall generates new streaatsdifferent positions. Th& evaporation

precipitation processes help the algorithm to escape from local optima.

The computational effort, accuracy and efficiency of the WCA has been evaluated on
constrained andnconstrained continuous proble(Bskandar et al., 2012; Sadollah, Eskandar,
Bahreininejad, & Kim, 2015b)The WCA has also been appliedwalti-objectivecontinuous
problems(Sadollah, Eskandar, Bahreininejad, & Kim, 2015a)

An improved version of WCA called dual/stem (DSWCA) habeen presentefibr solving

constrained engineering optimization problginso, Wen, Qiao, & Zhou, 2016)he DSWCA

improvements involved adding two cycles (outer and inner). The outer, ay@decordance

with the WCA is designed to perform exploration. The inner cycle is based on the ocean cycle
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and designedas an exploitation procesA. process mimickinghe confluenceof rivers was

included to improve convergence speed. The improvements aim to help the original WCA avoid
falling into local optimal solutions. The DSWCA provdleetter results than WCAn a further
extension of WCA, Heidari et a[2017)proposed a chaotic WCA (CWCA) that incorporates
thirteen chaotic patterns with WCA movement process to ingprotWVCA 6 s per f or ma
deal with the premature convergence probl&he experimental resulshowedimprovement

in controlling premature convergence. However, WCA and its extensions introduce many
additional features many of whiateviate from the essenacd the inspiration fromnature
These MAunnat urtaimgroveapgrtbimanceoamds makei WA competitive with

nonwater based algorithms.

2.2.1.4.5 Water Flow Algorithm

In his PhD thesis, Traf2011)propose thewater flow algorithm (WFA)nspired by the natural
flow of water from high areas to lower areas T r a n 6 ssimalatestber metednoiogical
part of the hydrological cycle, alongside sl erosion procesélran, 2011) Thewater cycle
and erosion processes ameendedto balance the exploration and exploitatzapabilities of
the WFA.

In nature, the erosion rate depends on the amount of precipitation, type of soil, falling force of
the water at that location, the veloattythe flowing water, and other facto/s. each iteration,

the WFA creates a cloud that generates a random number of drops of water (DOWS). The
DOWs arerandomly distributecht different locations on thground,and flow through the
erosion processthe longitudes and latitudes (i.e. location coordinates) of the DOWSs on the
ground constitute the possible solutions. The altitude of a DOW represents its fithess, which is
calculated based on the corresponding objective function of the problem. For exansple, i
minimisationproblem, a DOW with a smaller altitude has a higipgality solution than a DOW

at higher altitudeThe gravitational force that moves the DOWSs to different locations is
represented by a heuristic functj@md the movement occurs by d-siiding search algorithm.

A DOW can move to differentlocation only when it meets the erosion condition; that is, when

its solution quality has not improved after a specified number of iterations. In essence, erosion
prevents the DOW from trapping indal optimal solutions, and facilitates the finding of the
global solution. Precipitation generates a number of new drops of atdter locations of the

clouds.

The WFA utilises three types of memory, namely, a positionRHisf), an ureroded positin
list (UE-list), and an eroded position ligE{ist). The P-list keeps track of the besblution
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locations found so far. ThEE-list stores the locations of DOWSs that have not yet met the
erosion condition. Th&-list (tabu list) stores the previouschtions of the eroded DOWs that
have been eroded, preventing the algorithm from generating new DOWSs at these |odaisons.

is intended to reduce the computational time.

In WFA, the erosion capability depends only on the amount of precipitation artintsftarce.
The amount of precipitation equals the nundferew DOWSs that haveeen generate@rosion
can occur when the amount of precipitation reaches a fixed thredWolEr0). The falling
force is associated with the objective function at tbattion, and is also affected by the
distance between the cloud and a DOW on the ground. For instance, the twaCdl @uratC2

in Figure2-13 have the same altitude, but the falling force is larger at the lowerdndéthan

at the higher locatioiX. Therefore, the chance of erosion is higher at lower locationsathan
higher locationsThis process helps the algorithm to intensify the search near theblesal

solutions.

Figure 2-13. Relationship between altitude and erosion capability in the WFA

Figure 2-14 shows a simple pseudocode of MWA~A based on our interpretation of the
algorithm (Tran, 201).
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1 | PROCEDURE: Water Flow Algorithm

2 | Initialise parameters (maximum number of clouds ( MaxCloud ), maximum
3 | number of DOWSs for each cloud ( MaxPop), minimum number of DOWSs to start

4 | erosion process ( MinEro ), maximum iterations number without improvement

5 | (( MaxUIE)

6 | REPEAT UNTIL: stopping criterion ismet ,or MaxCloud is reached

7 Create a new cloud

8 Randomly generate a set of DOWSs less than MaxPop, with locations
9 not in E- list

10 FOR each DOW

11 Apply a local search algorithm to move the DOW to a new

12 location

13 END FOR

14 Evaluate the location of each DOW

15 Evaluate the soil hardness

16 Update P- list and UE list

17 FOR each location in UE list

18 IF (erosion condition ismet )

19 /IApply erosion process based on ero sion capability
20 WHILE new location is found, or reach MaxUIE

21 Apply steepest descent hill - sliding algorithm
22 IF (the new better solution is found )

23 Update UE list, P- list, and E- list;
24 END IF

25 END WHILE

26 END IF

27 END FOR

28 | END REPEAT

29 | RETURN: best - solution (best loca tion from P- list)

Figure 2-14. Pseudocode of the water flow algorithm

The WFA algorithm was testedon three problems: thpermutation flow shop scheduling

problem the quadratic assignment problem, and @\éRP (Tran, 2011) The algorithm

delivered promising results. Howevérr an6s WFA f ocuses

O mthe&rr os i

phases of the natural cyclsuch as evaporation and condensation, were neglected. These

omittedstages are considered importanthe real watecycle and significantly influencéhe

generation of water drops.

To solve theCVRP, Tran modified his original algorithm into the twlevel WFA (2LWFA)
algorithm, and linked it with LING®software. In the first level, LINGO construcisiumber

of initial solutions for the problem. The solutioase generatelly solving the mathematical

CVRP model based on the integrity constraints and the decision variables. Next, the obtained

solutions are adjusted to feasible values by two proposeckguoes,checkandfit and

perturbation schemeThe perturbation scheme corrects infeasible solutions by a- cross

exchange operation. In the second level, the modified WFA findglti@l optimalsolution

among all feasible solutions. The erosion processmplemented by a variablg-Opt

neighbourhoodearch K = 3 or 4), whilethe 2LWFA exploration phase is performed by the 2

2LINGO is a comprehensive tool designed to heders tobuild and slve linear optimsation models quickly,

easily, and efficientlysee:http://www.lindo.comy
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Opt procedureThe performance of the modifiedgorithm was tested on a small benchmark
CVRP dataset (with 10 instances). The expental results showed that relative to the original
WEFA, the 2LWFA improved the quality of the initial solutions generat@dhgthe first level

by 20.9% on averagdran, 2011)

2.2.1.4.6 Water Wave Optimisation

In seas and oceans, wateovament creates waves that propagate towards the shore. These
wavesare poweredy geophysical mass flow energy and wind, and undergo refraction and
breaking based on the water depth and presence of obstacles. Furthermore, waves have different
wavelengthsand travel avariousspeeds. The wavelengths depend mainly on the water depth
and the current speed of the waves; the longer the wavelength, the higher the speed. When a
wavemovesfrom deep to shallow water, its height increases and its wavelength skechea

addition deepwater waves will more likely disperse than waves in shallow wetéen a

wave reaches the shore, it breaks lasdsits energy.

The water wave optimisation (WWO) algorithm, recently proposed byiriuzheng ir§2015),

is based on the motions of particles in wataves. In WWO, wave setge considereds

entities subjected to three operations: propagation, refraction, and brd&diergplution space

of the problems representeds a multidimensional space analogous to the seabed topography.
The quality of thavave solution (its location) is evaluated using the inveesgth of the seabed,

being worst (lowest fitness) at the deepest part of the seabed, and high in shallow waters. Each
wave has two properties, a height and a wavelength. A good wakiarsctesedby a large

height (high energy) and short wavelength, whereas a weak eslew-amplitude with a

long wavelength.

During the execution process, each wave changes its location or creates a new wave through
the propagation operation. If a wave movessule of the spatial dimensignis is reset at a
random location within the rangéthe new location improves the fitness of the wave, the wave
height is set to the maximum height. Otherwise, the original height wave is decreased by one.
This techniquallows the higHitness waves to extend the exploitation, while the-fiimess

waves explore the local regions. Furthermore, the wave height determines whether the wave
will survive in successive iterations; a wave with zero height neduaks teplacedThe height

of a wave increases when the wave propagates from-timsgs location (deep water) into a
high-fitness location (shallowwater). Otherwise,the wave height will decrease. The
wavelengthof each wave isipdated at the end of each iteration
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In WWO, waves with zerdneightare refractedso the directions of the waves are deflected
significantly in deep wateWave breaking is applied on a wave timatstimprove its solution
by performingmorelocal searchs around a promising locatidfigure2-15 presentsa simple
pseudocode of th&/WO based on our interpretation of the algoritfitheng, 2015)

1 PROCEDURE: Water Wave Optimisation

2 | Initialise parameters (velocity and mass, wate r - flow momentum, number
3 | of sub - flows split from a flow)

4 | Generate a set of water waves in a random position

5 | REPEAT UNTIL: stopping criterion is met

6 FOR each wave

7 Propagate a wave to a new location

8 Evaluate the new location

9 IF the new location is better th an the old location

10 IF (the new location better than the best - solution
11 found so far)

12 Apply breaking operation on the wave

13 Update the  best - solution with the new value
14 END IF

15 ELSE

16 Decrease the  wave length by 1

17 IF ( wave length equal to zero)

18 Apply refraction on the wave

19 END IF

20 END IF

21 Update the wavelength of the wave

22 END FOR

23 | END REPEAT

24 | RETURN: best - solution

Figure 2-15. Pseudocodef water wave optimisation

The WWO algorithm habeen testedn somecontinuous bnchmark problem@. Wu, Zhou,
& Lu, 2017; Zheng, 2015pnd on a real train scheduling problem in Clfiftzeng, 2015)

Wu, Liao, and Wand2015) tested the WWO algorithm on theSP. In WWO, each wave
generates a solutioand its fitness is measured by the total cost of the Tdwe wavelength of

the wave is inversely proportiahto the fitness; the better thlsolution, the shorter the
wavelength. For the TSP, the WWO operatoese adaptetb handleproblems with a discrete
domain. The propagation operator mutateddieswith a probability equal to the wavelength.
Thereforea bad solution (i.e., a longavelength solution) was more likely to be mutated. The
refraction operator enhanced the tour by choosing a random subsequence of cities from the best
solution found so far, and replacing it with a subsequence of the origimalThe breaking
operation generated number ofnew waves by performing swap operations between two
previous waves. The algorithm was tested on seven benchmark instances of different sizes. In
comparison studies, the WWO algorithm competed well agdiegenetic algorithnandother
optimisation algorithms and solved the TSP with good results, but with slightly longer

computational time than the genetic algorithm.
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Wu et al.(2017) applied the WWCfor function optimgation and enginering problemsAn

elite oppositioAbased strategis used toenhane the convergence rate and accuracy of the
calculation, mainly by improving the diversity of the generated solufioa breaking operation
was combinedavith a local neighbourhood searttat further searched the promising areas. The
propagation operation was redesigrted better balance the exploration and exploitation
processesWhen evaluatedon benchmark test functions, the algorithm achieved a higher
convergence rate with more precgsgutions than other algorithms.

2.2.2 Chemistry-based Algorithms

Chemistrybased algorithms simulate chemical laws or the behaviours of atoms or molecules
in chemical reactions. However, this category has received little attention from computer
science scholar One possible reason is the difficulof detecting a relationship or

correspondence between a chemical reaction and an implementation of an optimisation

algorithm.

2.2.2.1 Chemical ReactionOptimisation Algorithm

The chemicalreactionoptimisation (CRO) algorihbm was first articulated bjzam and Li

(2010) In any chemical reaction, the substance molecules interact to reach the most stable
(lowest energystate or the equilibrium state. Therefdhes CRO simulates the movements of

the molecules induced by chemical reactidrse solution to a problem is generated by a set

of molecules Each molecule consists afnumber ofatomswith defined properties, such as
atom type,bond length bond torsion and bond angle. The authors of the CRO algorithm
grouped these properties and described them amdteeular structureThe molecules came
distinguishedby their numbers of atoms or their properties. Each molecule in the CRO has
potential and kinetienergies, whose values depend on the objective furttiog solvedThe
representation of the molecular structure depends on the problem. The molecular structure
changes (i.e., a new solutiamfound when the new potential energy exceeds the previoes o

or when the sum of the new potential and kinetic energy exceeds the old potential energy.
Higherenergy molecules have more possibilities to change their structures and generate
different solutions than lovenergy molecules. The kinetic energy varididéps the algorithm

to escapérom localoptimasolutions.

During any chemical reaction, molecules collide with each other or with the container walls.
These collisions give rise to four elementary reactions that occur under different conditions,
namely, synthesis, otwall ineffective collisions,intermolecular ineffectivecollisions and
decompositionlLam & Li, 2010) Which reaction occurs determinedoy a random value
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between [0 1] and a usespecified threshold. These elementary reactions are used to
manipulate the solutions and help tedistributionof energies among the reacting molecules.
Each el ementary reaction exerts a drmérd,er en-
the number of molecules can change in any iteration. The number of molecules is unchanged
during onwall or intermolecularcollisions,increased irdecompositionand decreased in a
synthesis collision. Thereby, the collision reactions control etkyglorationto-exploitation

ratio. Specifically, decomposition and synthesis control the exploration, while twalbar
inter-molecular collisions control the exploitatidAigure2-16 shows the main pseudocode of

the CRObased on our interpretation of the algoritfiram & Li, 2010)

1 | PROCEDURE:Chemical Reac tion Optimisation

2 | Initialise parameters (potential and kinetic energies, PopSize ,
3 Minimum potential energy MinPE, MoleColl , buffer)

4 | Create a number of molecules

5 | Randomly distribute molecules in the solution space

6 | REPEAT UNTIL: stopping criterion is met

7 B := Generate random number from [0, 1]

8 IF B > MoleColl

9 /I'Uni - molecular collision

10 Select one molecule at random

11 Apply (O n- wall ineffective collision Or Decomposition)
12 ELSE

13 /I Inter - molecular collision

14 Select two molecules at random

15 Apply ( Intermolecular ineffective collision Or Synthesis)
16 END IF

17 Evaluate the fitness of each molecule

18 Update global solution

19 | END REPEAT

20 | RETURN: global - solution

Figure 2-16. Pseudocode of the chemical reaction optimisation algorithm

The CRO maintains the energy conservation law, which states that eaargt be created or
destroyed, but only transformed framme form to anothefincropera, DeWitt, Bergman, &
Lavine, 2007)In CRO, the energies can transfer between the molecules and the container walls
(the energies whichre storedn a buffer). Energy conservation in CRO is simila that in
simulatingannealing, and the decomposition and synthesis operations are analogous to the GA
crossover and mutation operations, respectifledyn & Li, 2012) The main drawback of the

CRO is the high number of required parameters. The CRO algorithinelkasevaluatedn

discrete and continuous domains in various optimisation engineering problemalft=4).
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Table2-4. Chemical Reaction Optimisation applications

Application References
(Lam & Li, 2010) (Bechikh, Chaabani, & Said, 201%). J. Q. Yu, Lam, & Li,

cop 2015) (Z. Li, Li, Nguyen, & Chen, 2015YDandu, 2013)(Nouioua &Li, 2017)
TSP (Sun, Wang, Li, & Gao, 2011)
VRP (Dam, Li, & FournierViger, 2016)

Sun et al(2011)solved the TSP bgombining CRO with LiinKernighan local searchingach
moleculerepresentedne possible solution. The functionalities of the four elementary reactio
were replacevith local search method§he onwall ineffective collision was simulated by 2
Opt and 30pt operationsNew solutionsvere generatebly the decomposition reaction, which
mixed an existing solution with eandomlygenerated solution using modified crossover
operation. The intemolecularineffectivecollision generated two new solutions @ripssover

of two previous solutions. The synthesis reaction generated a new s@latiotwo previous
solutions by an operation calletistancepreseving crossover The proposed algorithm and
two existing algorithmsvere evaluatedn various benchmark instances, and the results were

reportedasrelative deviations from the belshown results.

To solve the CVRFDam et al(2016)combined CRO with anified tabu search (UTSWhich
searches the localeighbourhoodunder problem constraints. Thelgion of each molecule

was storedn a vector, and a delimiter separated each sequence of customers according to the
vehicle capacityThe intermolecular ineffective collision operator is a specialised genetic
crossover used tainimisethe number of Veicles required. Other reaction operators performed
different types of crossover, swap, or mutation operations adapted frgartegcalgorithm.

The UTS corrected any generated solution that violated the prablestraintsand guided the
algorithm towads convergence and thestknown solution. The algorithmvas evaluatedn

a number obenchmark instances. The algorithm proved efficient and yielded higher quality
solutions than othenetaheuristi@lgorithms.

2.2.3 Biology-based Algorithms (BBA)

This categoy refers to computational optimisation algorithmspiredby biological systems,
biological activitiesprganismphenomena, and natural evolut(@h-S. Yang, 2005)Recently,

there has been an immense and rapid development of algorithms in this category, as computer
scientists have relied on biological systems for inspiration BB#s canbe classifiednto two

major subsets: evolutionary algorithms @And swarm intelligenebased algorithms (SE).
Conceptually, however, the two subsets overlap. The following subsections briefly discuss
some of thesalgorithms,and their applicationto NP-hard problems.
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2.2.3.1 Evolutionary Algorithms

In nature, diverse species emerge and develop through natural selection and inheritance,
improving their ability to survive, compete and reproduce. Evolution by natural selection of the
fittest individualsis knovn as Darwinian theoryDarwin, 1968) EA algorithmsare base@n

the processes and mechanisms of natural biological evo(tioen & Smith, 2003)EAS solve
optimisation problems by a few common mechanisms, typically, by simplified versions of
reproduction, mutation, recombination, and selecfidrese operations play important roles in

the modificationand propag#on of genetic features (i.e., DNA and chromosomes) from

parents to offspring in the population.

EAs assign a genotype representatecodedasfixed-lengthstrings or vectors, to individuals

in the population. Later, the genotype minstconvertedo its actual value (its phenotypiy
evaluationFogel, 1995)The fitness of an individu# determinedby the quality of its solution

to the objective function. Each individual in the population strives to survive in successive
generations qurvivalof- thefittest principle), and the individual with higher fithess will

surviveand reproduce with higher probability than those with lower fitness.

2.2.3.1.1 Genetic Algorithm

The genetic algorithm is a weéthown evolutionary algorithm introduced by Hollandli&75
This populatiorbased algorithm simulatesthe genetics underlying the natural selection
process. The entities in Ga#e representess chromosomes (i.e.satof genes)Traditionally,
each chromosomis encodedas a binary string or arra@g andls), but in certain problem
domains, chromosomesan also be encoded iasegersreal numberspr charactergMitchell,
1998)

Each chromosome represents a candisialtégionand evolves toward tHeestknownsolution.

The chromosome can be alt@grby operations such as selection, mutation, crossover, and
recombinationThe chromosomes in the initial population contamdomly generatedalues.

By repeatedly applying the genetiperations, the GA guides tlsaromosomesowards the
bestknownsoluion. At the end of each iteratiotine obtained solutions are evaluated using an
objective function. In every iteration, the population is regenerated or modified to form a
generationfor the next iteration. The algorithm usually stops when a terminabadition,

such as reaching the maximum number of generations, i heeGA operations play specific
rolesin finding thebestknown solution,and canbe adaptedo suit therepresentation. The

selection operation determines which chromosomes amongoitidagion will reproduce
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Selection can be based on rank, elitism (fithess), tournament outcome, or roulette wheel

selection.

The selected chromosoma®subjectedo crossover (exploitation) and mutation (exploration)
operations. Crossover simulates tteproduction process, by which two selected parents
produce offspringln this operationt h e p ehromasamesaie splitatdifferent points, then
reconnected after genetic exchange to form new chromosomes. The crossover operation
generates one or twahildren that inherit some features from both parents. It thus behaves as
an exploitation mechanism that converges the algorithm towardbet&nown solution.
Common implementations of crossover are-pamt, two-point, or blendedfor reaknumber

case) crossovergWong, 2015)

The GA mutation operation resembles the natural random chamgeganisms' genes. The
mutation operation selects one chromosomdilgrwor alters some of its genes. This operation
helps the algorithm to escape from loogtima,and canbe viewedas arandomizationor

exploration mechanisnfigure2-17 shows the pseudocode of the @Aolland,1992.

PROCEDURE: Genetic Algorithm

Initialise parameters (population size, chromosome size, max generation
crossover  type, crossover rate, mutation type, mutation rate, selection
strategy)

Create a population

Randomly generate the values for each chromosome

Evaluate the population

generation := 1

REPEAT UNTIL: stopping criterion is met

10 Select individuals for reproducti on

11 Apply crossover and mutation

12 Evaluate the fitness of each individual

13 Replace the old population with the new generation

14 generation := generation +1

15 | END REPEAT

16 | RETURN: global - solution

Figure 2-17. Pseudoade of genetic algorithm

OCoOoO~NOUITA,WNE

The GA has solved countless complex and {dghensional problems of various types in
academia anehdustry,and provides higiguality solutions with excellent performance. Like
other algorithms, GA has some weaknesses. Firspeittormance is sensitive to the initial
parameter value3his sensitivity was clarified by Maaranen et@007) who investigated the
importance and effect of the initial population values on the quality of the final solution.
Additionally, parameter tuning significantly influences the search capability, and proper tuning
is time-consuming Some problems are notgly represented by the GAinally, GA is
computationally expensivgiassan, Cohanim, de Weck, & Venter, 2005)
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Chelouah and Siarry (200@)so considered the choice of the initial populatatues,and

modified the algorithm to intensify the search in the most promising area of the solution space.
The man problem with standard GAs faptimisatonc ont i nues to b-e the
termisno ; t hat I s, the fitness for exploitatioao

exploration of alternative solutions in the solution space.

Since itsinception GA hasbeen extensively applie problems incontinuousor discrete
domains. GA applications to continuous multimodal functiaresreviewedn Casag2015)
and Digalakis and Margarit(2002)

GA has alsdeen appliedo TSPs invariousconfigurationgBraun, 1991; Grefenstette, Gopal,
Rosmaita, & Van Gucht, 1989)arranaga, Kuijpers, Murga, Inza, and Dizdargl@rranaga,
Kuijpers, Muga, Inza, & Dizdarevic, 1999jeviewed the different representations and
operators of GAs iTSP applicationsOther papers have surveyed the application of different
GA versionsto the TSP (Moorthy, 2012; Potvin, 1996; Rao & Hedge, 2015; Vaishnav,
Choudhary, & Jain, 2017)

Takahash{2005)solved the TSRisinga modified GA withadaptablecrossover operators. In

this algorithm, the current crossover operator cachangedoby another type of crossover
operator at any time of the execution. The change is applied when the fitness of theaflivid
stabilises. The crossover operation aims to minimise the total cost of the tours. In the early
stages, the algorithm selects the city closest to the current city. The change of crossover
operatorss best appliethetween the first ar@Brditeration.On data of 200 cities, the algorithm

improved the quality of the obtained solutions over other tested algorithms.

Other researchemsaveused the GA algorithm to solve the VRP and its variants. Baker and
Ayechew(2003)tried different GAtechniquesn theVRP, and obtained higlquality solutions

while acceleratig the convergence of the algorithfine techniques included varying the initial
population (structuring it using the sweep algorithm or randomising it), and applying different
neighbourhood search methods(pt, swappinga-interchange)They selected the parents by
tournament selection and generated offspring by crossover of two (randomly chosen) points.
Finally, the algorithnwas teste@n 14 instances of the VR a comparison evaluation, the
solutions of theiralgorithm were approximately 0.5% above the Hesiwn results of tabu

searching.

Braysy and Gendrea(Braysy, 2001)reviewed the application dBA in VRPs with time
windows. They tren compared the results of thessvestigationswith those of recent
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metaheuristics algorithms on the same probl&ure GA wasoutperformedby other

algorithms but not to any significant extent.

Prins(Prins, 2004 presented a hybrid Gfor largeVRP instanced-e resolved the weakness

in the standard crossover operatiminga specialsplitter procedure The GAwas hybridised
with a locdsearch procedure as a mutation operator. On benchmark instances withangede

of customer numbers (5883), his algorithm outperformed the tabu search in 14 Christofides

instances.

Jeon, Leep, and Shif@007)applied a hybrid GA to a VRP with heterogens vehicles and
more than one depothey generated the initial solution by improved heuristic methbiks.
proposed algorithm enhanced bgene exchange operatianda flexible mutation rateThey
also appliedsENIlexchange operations and roetehangs. This algorithm outperformed the

existing GA on some VRP instances.

Masum, Shahjalal, Faruque, and Sari@f11)mixed the GA with some heuristics during the
crossover process. Howevdris algorithm required many generations to optimise the results.
To alleviate this problem, they added an insertion heuristic to enhance the crossover result, but

this process consumed more runtime than the original algorithm.

William et al. (2008)hybridised the GA with the savings method dimel nearesheuristic for
amulti-depotVRP. They developed two versions of the hybrichgec algorithm. In the first

and second versions, the initial soluti@re generatechndomly and by applying the savings
and nearestneighbour algorithms, respectively. Both versions employ a swap procedure to
improve the solution quality. The two vemss were testecand compared omstancesof

different sizes. The second versautperformedhe first version.

Hanshar and OmbuBerman(2007)solved the DVRRIsinga GA, thatrepresents a candidate
solution by a chromosome consisting of positive and negative integer.fogesitive node
denotes that the customer is not assigned to a vehicle, whereas a negative node represents a se
of clustered customers thatveabeen committed to a vehicléhe authorsassumed only a
pickupscenario, which must handle the arrival of new customers overAimeent scheduler
is used to generata sequenceof static VRPs and control GAA new and effective
representation and crossover operati@ne introducedor this problem. A specific number of
the population was randomly selected using the tournament techifggievolution adopted
an elitist strategy that passed the top 1% of solutions onto the next genekatittion was
performedby an inversion operator thatverses the order of the customers between two points.
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The performance of the modified GA and two other algorithms (tabu search and ACO, for
comparisonyere evaluatedn a set of benchmarks derived from the static VRP. The proposed
GA minimised the tra@l costs(19 out of 21)more effectivelythan tabu and ACO.

Elhassania, Jaouad, and Ahn{2@14)applied the GA to a DVRP that must minimise the total
travel cost while dealing with the arrival of new customéheir approach divides the dayo

several equal periods. In each period, the event manager creates a static VRP and inputs it to
the GA, which generates a solutidn.terms ofminimising the travel cost, the proposed GA

competedvell with other approaches in the literature.

Using a gimilar approach t¢Montemanni, Gambardella, Rizzoli, & Donati, 2008pdAllah,

Essam, and Sark&017)modified the GA foDVRPs Their modification assists the algorithm

to diversify the generated solutions and escape from local optima. The DVRP considers the
changingcustomers as the system progres3d® algorithm improves the initiaolution
generation of the population in each time slice, the selection process, the swap mutation, and
the detection of théocal optimalcondition. Initial solutions for the population are generated

by heuristic and nadom procedureselectioris achievedy a modified tournament technique

that increases the population diversity by sometimes seldesisfif individuals. The solutions

are enhancedly applying reverse and swap processes on the chromosomes. An emaluati
approach calledveighted fitnessvas also presentedn each time slice, the GA solves a
sequence of static VRPs produced by the event manager. The improved GA outperformed other

algorithms in both timévased and weighted fithess evaluations.

2.2.3.2 Swarm Intelligencebased Algorithms

Swarmintelligencebased algorithmsimulate the foraging, migrationgproduction and prey
evasion behaviours of organismSpecies such as ants, bees, wasps, spiders, fish, birds, and
bacteria achieve their intended roles (ptete their work tasks) by forming groups of moving
individuals and the coordination of their activities. Groups of these spE@ensidereds
decentralised distributed, adaptive, anselforganizedsystems(X.-S. Yang, 2014b)The
maximum performance of a biological system requirdsllacollaboration interaction, and
communication among alhdividualsin the group, and the overall succepends on the
collective behaviour and contribution of all individuals. Individuals communicate in different

ways, either directly among themselves or indirettttpugh the environment.

In SIAs, the solution for a problem emerges through interactions among the entities (collective
behaviour). These interactions are consequetatstodivision and conflict avoidance
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2.2.3.2.1 Ant Colony Optimisation Algorithm

Ants are congleredto besocial insects. Millions of ants live together in a colony, performing
different roles either inside or outside the nest. Worker ants play a very important role in
foraging for food. Single antgenerallyaccomplish very little, but collaborag groups can
complete massiviasksand solve complex problems. Obviously, the success and efficiency of
foraging antsdependon their ability to coordinate andrganisetheir activities. Such
coordination requires kigh degree of communication among #ugts. Ants communicate by
depositing a&hemicalmaterial called @heromonewhich signals the promising paths to other

ants. This process is known stigmergy(Jackson & Ratnieks, 20Q6By intensifying their
pheromone deposits, ants provide an indirect communication channel that establishes a short
path between their nest and the food sadrggally, the ants will randorwalk until they find

a food source, which is essential for locating different food souwdesn the forager ants find

a good food source, they lay a pheromone trail on the soil surface as they return to the nest. The
quantity of pheromondepends on the contied ability of the food sourde attract the other

ants, thereby reinforcing the good pathallowing the pheromone trail, other ants find fibed

source, setting up a positive feedbakchanisnthat increases the probability of more ants
choosing thesame pathAnts scent the pheromone using thentennaeandare more attracted
towards intense pheromone deposits. The pheromone evaporates slowly, allowing the discovery

of new food sources in new regions when the current source is exhausted.

Another facinating feature of ants is their ability to deal with environmental changes. For
example, when an obstacle blocks the current path to the food source, the ants seek an
alternative short path to the fo¢@oss, Aron, Deneubog, & Pasteels, 1989%eeFigure2-18.
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Figure 2-18. Ant behaviour around an obsta¢Rerretto & Lopes, 2005P. 583

Ant sysems provide an excellent inspiration source dptimisationalgorithms. The field
began inl991,whenMarco Dorigo and his colleagues proposed variants of an ant system (AS)
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algorithm that simulates the behaviour of reaits and applied them to th€SP (Dorigo,
Maniezzo, & Colorni, 1991b)

In his PhD thesi$1992) Marco Dorigomodified and improved the AS algorithm as &@O
algorithm. The main improvements were changing the transitions rules into complex
pseudorandomproportionalrulesand al |l owing the pheromones
trails over time. The ACO algorithm generates a set of artificialthatexplare the solution
spacedy thesame foraging principle used by real ants. The ants follow the shortest path between
the nest and a food source. As a foraging ant moves from one place to another, it deposits an
artificial pheromone on its path. The amounpb&romone deposit depends on the quality and
guantity of the solution, and the path distance. Other ants will prefer and follow the path with
the highest pheromone ratibable2-5 summariseshe chronological development of the ACO

algorithm and its variant®origo et al., 2004)

Table2-5. Chronological order of ACO algorithms

Variant name Year Reference
Antsysiem 1991 g 7o, 1003 Dorige, Mamezzo, & Colorni, 1996)
Elitist AS 1992 (Dorigo et al., 1991a)Dorigo et al., 1991hYDorigo, 1992)
Ant-Q 1995 (Dorigo & Gambardella, 1995pPorigo & Gambardella, 1996)
Ant colony system 1996 (Gambardella & Dorigo, 1996jDorigo & Gambardella, 1997b)
Max-Min AS 1996 (Stutzle & Hoos, 1996)Stutzle & Hoos, 1997)Stitzle & Hoos, 2000)
Rankedbased AS 1997 (Bullnheimer, Hartl, & Strauss, 1997)
ANTS 1999 (Maniezzo, 1999)

Typically, an ACO problenis representeds a graph witla number ohodes and edgeé
number ofartificial ants are placed either on dam node®r the same node, depending on the
problem specificationThe ants traverse between nodesdifferent directions (random walk),
depositing an amount of artificial pheromone on the edgeBme elapses, the repeatedly used
paths accumulatenore pheromone than the less travelled paffiserefore, each edge is
assigned a variable representing the amount of pheromone. The amount of deposited
pheromone depends on the length of the edge or the fithess of the solution generated by the
ants. In generathe pheromone concentration is higher on shorter paths than on longer paths.
When visiting a new node, an ant calculates the probability of all possible nodelscamses
the most probable node. Therefore, the edges with more pheromone tigheraharce of
being selected. At the end of each iteration, the pheromones are partially evajpqeteednt
the algorithmfrom falling into local optimaThe pheromone amount is decreased more on the
long paths than on short paths. Over time, some edgebevi#ipeatedlyfavoured, marking
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them as possiblbestknown solutions. The ants can build teelutionin parallel (each ant
moves to one node in each iteration) or in series (one ant finds one solution in each iteration).
Furthermore, the quality of the gaated solutions can be improveddsmon actiongFigure
2-19shows the basicseudocode of the ACO algorithmdapted fron(Dorigo, Birattari, & St,

2006)

1 | PROCEDURE: Ant Colony Optimisation

2 | Initialise parameters (Swarm size, initial pheromone, other control

3 | parameters)

4 Generate a set of ants

5 | FOR each edge

6 edge := initial pheromone

7 END FOR

8 REPEAT UNTIL: s topping criterion is met

9 Place ants at the starting points

10 FOR each ant

11 Choose the next node based on the pseudo - random - rule
12 Update pheromone trail

13 END FOR

14 Apply Demon actions

15 Evaluate the constructed solutions

16 Apply pheromone evaporation from all edges

17 Apply global pheromone update on edges belonging to the bestlocal
18 solution

19 Update the global best solution

20 | END REPEAT
21 | RETURN: Global best - solution
22 | END PROCEDURE

Figure 2-19. Pseudocode of ant colony optintiea

The foraging behaviour and exploratory pattern&rgentineantshavebeen tested indouble

bridge experiment(Deneubourg, Aron, Goss, & Pasteels, 1990; Goss et al., .1B88)e
experimental setup, real am®re placedn a container, and the nesas separateffom the

food source by a bridge with two branches. The branches were set equal (i.e., a-diaapaad

bridge) or unequal (i.e., one branch being longer than the otherfFiga® 2-20. The ant
behaviours were monitored measure their exploratory abilityn both experiments, thents

were able to find the shortest path. Inspired by these experiments, researchers investigated the
convergence of the artificial ants in the ACO algorithmsimulation experimentsalled
doublebridge The resultprovedthat the ACO converges and tllifferentpercentages of the

ants pass over the two bridges.
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Figure 2-20. Doublebridge experiments

The main feature of the ACO is the emergenc
and collaboration The ACO algorithmis also advantagedy the ease of parallel
implementationMoreover, ACO carbe simply combinedvith heuristics that influence the
ant sé choi ce therebyiingrogingrnhe wverall performance. However, in the
simple ACO version, the ants tend to stagnate and fall into local optima, especially-sizarge
problems. Moreover, the slow convergence rate of A@@eases théme to reach the global
optimum solution. The ants in ACO must be guided by a problependent heuristic,
especially in the early stages of the execution, because alladgedially depositedvith the
same amount of pheromone. Some of these weaknessdsleamesolveah different variants
or extensions of ACO.

Different optimeation problems have been solved by AC®@gh various enhancement
techniques. The ACO algorithm hasebesuccessfully applied, tested and evaluated on
countless problems attiscreteor continuous domaindlany COPshave also been solved by
ACO. For example, Mathur et §r000)divided the function domain in@ number ofegions
representing trial solution spaces for #mts to explore. They then distributed two types of ants
(global and local) within these regions. During their exploration, the global and local ants
updated the global and local fithess of the regions, respectively. The solution gueity

improvedby adding mutation and crossover operations.

Socha and Dorig2008)extended the ACO algorithm to continuous domain problems. In this
version, the discrete probability is replaced by atiooous probability and the next point to

visit is selected by a Gaussian probability density function. The pheromone evaporation
procedure is modified, and old solutions are removed from the cangmlateon pool and
replaced with new and better solutsoEach ant solution is weighted by its own fitnegarious

COPs have been solved by ACQ) Chen, Zhou, & Luo, 2017; Garai, Debbarman, & Biswas,
201 3; Guo & Zhu, 201 2; Li ao, de Oca, Ay di n
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Emrullah, & Dereli, 2013; J. Xiao & Li, 2011; X. Zhang, Zhang, & Gao, 20&0hy ACO
inspired approaches that @epfrom the original ACO structur@ilchev and Parmee 1995;
Dréo and Siarry, 2004; Liu et al. 2014; Monmarché et al. 2000)

Ant colonies havdeen appliedo the TSP (Dorigo & Gambardella, 1997a; Stutzle & Hoos,
1997)on symmetric and asymmetric gragi@&mbardella & Dorigo, 1996}-or solving TSPs,

Hlaing and Khing(2011)initialised the ant locationby a distribution approach that avoids
search stagnation, and places eaclatone city. The ACGs improvedby a localoptimisation
heuristic that chooses the netbsest city, and by an inforien entropy that adjusts the
parameters. Whetestedon a number obenchmark instances, the improved ACO delivered
promising results; especially, the improvements increased the convergence rate over the
original ACO.

Among the many problems solved by A@& the VRP ands variants. The firsantsystem

for VRPs was proposed l§Bullnheimer, Hartl, & Strauss, 1999)hey improved the solution
quality using some heuristic values such as savings-@ut.2ZThey measured the influence of

the number of elitist ants on the solution quality, and the initial placement of the ants on the
results. The algorithm was tested for different paranstes,and achieved promising results

when competed with othergadrithms.

For solving the @RP, Tan et al(2012)combined ACQwith improvedheuristic methods such
as 20pt, 30pt, and swap. These improvement strategies enhanced the performance of ACO,

but also ncreased the runtime of the algorithm.

Khoshbakht and Sedighpo(011)modified the ACO algorithm by adjusting the evaporation
rate equation. This amendment aims to avoahature convergence while depositing more
pheromones on strong solutions. The evaporationisdbasedon the problem size and the
current iteration number. In a CVRP evaluation, th®@@ operation improved the solution

quality over the original ACO.

Ezzatneshar(2010) solved the VRP by mixing thACO algorithm with an exact algorithm.
First, he apgied the ninimum spanning treeising a Kruskal or Prim algorithm. He then
constructed the solution by applying an ant colony on each bréheliesulivas enhanceby
local improvement searches such aS and3-Opt. His algorithm yielded thdestknown

solutionsfor some VRP instances.

74



Mazzeo and Loisea{Mazzeo & Loiseau, 2004jied variousechniques and combinations of
the ACO component® enhance the solution quality of the VRP tabu list prevented the
algorithm from selecting previously selected customers. The solution was built in both
sequential and parallel implementatiolmsthe sequential constryetn ant generated a solution
before the nexantcould begin. In parallelhe ants generated their solutions at the same time.
The antavere randomly distributean different customer locations. The authors also tested two
types of transition rules: randerand pseudsandom proportional rules. At the end of each
iteration, a gbbal pheromone update and an improvement operati@p{Pwere appliedto

the best solutions (selected by #iike-antstrategy). Furthermore, the number of neighbours in
the selection pool was reduced by a candidate list. The algorithm stops whenximeima
number of iterationss reachedr when there is no improvement over a certain number of
iterations. The authors found that parallel is superiorséguentialbuilding, and the
improvement operation enhanced the quality of the solutions. The bdslatatist size was

25% of the total number of customers. Whiestedon three benchmark instances, the
algorithms obtained very good results for problem sizes up to 50 customers, and promising
results in larger instances. Comparisons with the resultsthadr algorithms proved the

competitiveness of their ACO algorithm.

Bell and McMullen(Bell & McMullen, 2004)solved the VRP by modifying an ACO designed

for TSPs. Similarly toMazzeo and Loisea(Mazzeo & Loiseau, 2004jhey improved the
solution quality by techniques such a©ft and a candidate list. Starting from the depot, all

ants choose the next node from a candidate list. The ants build a sekdioentially, using
theinverse of the distance between the customers as a second heuristic for deciding the next
node.In this agorithm, large VRP instances are solvednltiple ant colonies. The authors
tested both single and multiple ant colonies with different candidatgizes. The candidate

list size was found to affect the solution quality and the computational timesoliiteon lay

within 1% of the besknown solution in smalhstancesandwas improvedy the multiple ant

colonies in large instances.

For solvingDVRPsby ACO, Montemanni et a{2002)borrowed an idea proposed by Kilby et

al. (1998) which divides the DVRP into a sequence of static VRPs. Therefore, the working day
T is dividedinto several time slices(s), each of lengtA/nts. The new orders arriving during

a time sliceare postponetb the next time slice. In each slitiee dispatcher (@vents manager)
creates a static VRP by considering all newly arrived orders in that time, exceetuéée and
committed orders. After tracing the vehicle locations and their capacities, the VRP is solved by

ACO andthe current routeare updated using the obtained solution. The main objective of each
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static VRP is minimising the travelling time. The-@it time (Tco and advanced commitment
time (Tag are userdefined parameters. Thd&co and Tac control the number of orders for
processing and the orders committed to the drivers, respectively. The w&Otestecbn
artificial instances adapted from benchmark static VRPs, varying the number of available
service vehicles, length of the working day, and the service time of each ordberfare,

the ACOwas testean a real DVRP casd@he authors introduced an important feature called
the pheromone conservation proceduhat propagates information about the good solutions
from one timeslice to the next. The solution is facilitated leweral dummy depots (one for
each vehicle), marking the location of the last customer committed to the vdhicle.
experimental tests, the ACO yielded good results provided that the slice \esgpinoperly
tuned (between 10 and 50).

Tian, Song, Yao, anHu (2003)solved the DCVRP by a hybrid ant system. Old information
from the previous seardl preservedy depaiting pheromone. They proposed a technique
initialisesthe pheromone on new nodes (customers), and applies@ thethod to improve
the vehicle routes. They tested their algorithm on three instancedlifféhent parameter
settings The results demotrated that the hybrid ant system outperformed the staraddrd

system.

Rizzoli, Montemanni, Lucibello, and Gambardg|zD07)solved a set of redife DVRPsby

ACO. The first problem, based on a supermarket chain in Switzerland, was associated with time
windows. The second problem involved atidligition company in Italy requiring both pickup

and delivery. The third problem was a thilependent VRP of freight distribution in Padua
City, ltaly. The final problem was a DVRP in Lugano City, Switzerland, which receives

requests from new customers itigrthe delivery.

Ahmmed, Rana, Haque, and Mam@008)designed a multiplACO solution for the DVRP

with time window (DVRPTW). One ACO minimises the number of required vehicles, while
the other minimises the travelling distance. The two colonies collaborate by exchanging
information, represented by pheromone update. The proposed algordbnestedn a set of

56 benchmark problems.

Jun, Wang, and Zhen{P008) solved the DVRPTW by a hybrid mulbjective ACO
algorithm. The pheromone updaeontrolledoy an evolutionary algorithm, which also speeds
the convergence of the algorithm. Tlvehicle humber and costre treatedas independent

objectives. The algorithm performed well in simulation experiments.

76



2.2.3.2.2 Particle Swarm Optimisation

The particle swarm optimisatidi? SO)algorithm was proposed by Kennedydaaberharin
1995 This algorithm simulates thsocialbehaviour of animal groups, such as flocks of birds
and schools of fish. PSO & stochasticoptimisationalgorithm Each particle in the PSO
algorithmrepresents ainglepossiblesolution andis definedby its velocity and position in a
swarm of like particles. Tiseparticlescontinuously movavithin a multrdimensional search
space,and accordingly update their velbes and positions. The velocity update of each
particle is based oits previous velocity and previous best positipersonal influendeof the
particle, and on the local or global best positemarm influence The positions then updated
accordingo thenewly obtained velocityThis update process &ffected by a random number

that helps the algorithm to escape from local op{iBanyadi, Michalewicz, & Li, 2014)

PSOstarts with a swarm of particles distributed randomly in the search $p&eeh iteration,

the particles generate solutions that are evaluated according to the objective funb&on to
optimised Each particle updates psevious best solutiorpbesj to obtain a new solution. At

the end of each iteration, the best solution among all particles becomes tHeekicadlution
(Ibes). If Ibestis better than any previous solution, it replaces the current gbasalsolution
(gbes}. Thegbestis sharecamong all particles during all iteratiorss the iterations proceed

the particles gradually converge towards the positiogbafst Local optimal solutionsare
overcomeby different techniques, such as increasing the number of particles and inserting a
randomvalue into the velocity updatd=igure 2-21 is the basic pmudocode of the PSO
algorithm adapted fronfKennedy, 2011)

1 | PROCEDURE: Particle Swarm Optim isation Algorithm

2 Initialise parameters (particle sizes, velocities, positions)

3 | Create a number of particles

4 | Randomly distribute particles in the solution space

5 | REPEAT UNTIL: stopping criterion is met

6 FOR each particle

7 Update the velocity

8 Update the positi on

9 Evaluate the fitness of each particle

10 IF the new value is better than the previous best value
11 (pbest )

12 Update the current pbest with the new value
13 END IF

14 IF pbest is better than Ibest

15 Update Ibest

16 END IF

17 END FOR

18 IF Ibest Dbetter than gbest

19 Update gbest

20 END IF

21 | END REPEAT
22 | RETURN: global best solution
Figure 2-21. Pseudocode of the particle swarm optimisation algorithm
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PSOhas beempplied widely to variout/pes ofoptimisation problems on continuous domains.
Typically, the PSO algorithm guides the whole swarm towards thedasadf thepbestand
gbestparticles The main problem with applying PSO discretedomains is finding the proper
encoding and mapping onto the solution sp&cezhang, WangandJié s a prdvides b e

comprehensive survey &t50and its application§015).

James and Russell (1998%amined the performance of the PSO algorithm on continuous
optimisation functions. Later, researchers such Gisen et al. (2013)nodified the PSO

algorithm to cop with premature convergence

The performance of PSO has ate®n improvedby applying crossover and mutation operators
(e.g.,Esquivel and Coello, 2003Pnce such GA operatosse introducedthe advantages of
PSO over standard evolutionary approaches to the paoblem become questionable. Further
surveys and reviews of using PSO for GQ@¥ere conducted by Bonyadi and Michalewicz
(2017) Kaur and Kauf2015) and Yu Liu et al(2011)

Ai and Kachitvichyanuku(Ai & Kachitvichyanukul, 2009%olved the CVRPTW with capacity
time windowswith as heuistic PSO algorithm. This work extend#gkir previouspaperwhich

solved the CVRPusing the standardPSO algorithm.When tested on some CVRPTW
benchmark datasets, tieuristic variant obtainedbestknown solutions in small instances

(with 25 50 customes) within a reasonable time.

In the TSP solution of Shi, Liang, Lee, Lu, and W&2@07) an uncertain searching technique
is associateavith the particle movements in PSO. The convergence speadreasedy a
crossover operation that eliminates intersectionthentours. The update equations of the
original PSO are modified to suit the TSP problem. The proposed algaviéisnextendetb
generalised SPs by employing generaliseachromosome. On various benchmark instances,

the proposed algorithm proved morei@ént than other algorithms.

Zhong, Zhang, and Ch€R007)developed a modified discrete PSO, called C3DR&@O,SPs.
C3 refers to a mutation factor thealancesthe exploitation and exploration in the update
equation, buffers the algorithm against trappinglanal optima, and avoids premagur
convergence. The solution of each partisleepresenteds a set ofonsecutivedges, requiring
modifications in the update equations. The C3DRE&S testedn six benchmark instances
with fewer than 100 cities. The proposed algorithm yielded mom@gersolutions within less

computational timehan the original PSO algorithm.
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Wang, Huang, Zhou, and Pa(2003)solved the TSP by a PS@ith varioustypes of swap
operations, which assist the algorithm in finding the best solutibhs. swapoperation
exchanges the positions of two cities, or the sequence of cities between &go Vdlaen tested

on a 14node problem, the algorithm searched only a small part of the search space due to its

high convergence rate.

The CVRP has been solved by a hybrid discrete PSO alga@th@hen, Yang, & Wu, 2006)

This algorithm combines PSO witm &A that controls ie acceptance solutioasd assists
escape from local optima. Each particle generates its own sdiotioe CVRP, whichs saved

in a 2D array with length equalling theumber ofcustomeranultiplied by the numberof
potential vehicles. The poktb-point movement sequence of a particle represents a tour of the
vehicle The second row of the array stores a binary vdlifal{e customer of interegt served

by a relevant vehicle, and 0 otherwise). To improve the solution quality, the positions of two
customers are swapped by a paxchange operation. The hybrid algorithm was tested on
number ofbenchmark instances with different sizdis. higher performance than other
algorithms was somewhat compromised byltimger computational time

Ai and Kachivichyanukul(Ai & Kachitvichyanukul, 2009¢onfigured a PSO whttwo solution
representations and tested it on the CVRP. The two represent&@i®hs(dSR?2) arrange the
solutions and facilitate the decoding process. The quality of the constructed solutions is
enhanced by three local improvement methoddpg 1-0 exchange, and-1 exchange. The
distance between a customer and a vehicle dictates the priority of servicing that customer by
the vehicle. When tested on several benchmark instanc&&Rthenmprovement enabled near
optimal solutions but increased therquutational effort. Overall, the proposed algorithm solves

the CVRP with higher proficiency than other PSO algorithms.

Khouadjia et al.(2012) compared the DVRP solutions @&daptedPSO and variable
neighbourhood search (VNS)he event scheduler creates static instances in divided time slices
and controls the customers committed to vehidlesal searching is performed by2a0pt
operator The PSO and VN&re implementeth a simpé discrete representation that allows

the insertion of new customers into planned routes. Both algorithms were testewwty a
designed set of benchmarks amexisting benchmarks in the literature. The VNS provided
shorter routes than existing approasfwhereas PSO produced new best solutions. On the new
benchmarks, PSO and VNS provided superior solutions in small and large instances,
respectively. Additionally, PSO outperforms VNS in highly dynamic instaas@gNS serves

fewer customers than PS@dmaintains only one solution.
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Okul ewi cz a@l3)opdsedzaitwstage PSO foDVRPs In the first stage,
customersare assignetb specific vehicles by PSO, which constitutes a bin packing problem.
Next, the best customer sequence for each velsdeundby PSO (one PSO instance per
vehicle), which costitutes solving a TSP. As implemented in Montemanni €2a02) the
working day is dividd into a series of time slices. In evaluation tests, the proposed algorithm

outperformed other approaches in 6 out of 21 benchmark instances.

Okul ewi cz a(20d7)pMpo8ed @awio-phlase multswarm PSO for solving DVRPSs.

The initial solutions are generated by a clustering heuriBlie PSOs in the first and second
phases assign requests to vehicles and optimise the obtained routes, respectively. Information
is directly passedetween subsequent states. When tested and assessed on benchmark instances,
the algorithm proved more effective than other algorithms published in the literature.

2.2.3.2.3 Atrtificial Bee Colony Algorithm

Bees aresocialflying insectghat (like ants) live in coldas. Each group of bees is responsible

for a specific task. Worker bees are required to collect nectar and pollen from flowers, which
feed the colony and enable honey production. When scouting bees discover a food source, they
return to the hive and commigate the location, distance and type of the food source to other
bees. Depending on the distance of the food sourcepbdesm a dancwith aspecificpattern

(the saecalled round or waggle dance) that aetely depicts the information.

In 2005 Karaboga proposed an artificial bee colony (ABfptimisation algorithm that
simulates thdehaviourof real bees when collectirffgod and sharing information. The ABC
algorithm generates a set of artificial b@ésying differentrolesin the solution construction.

The number of bees in each category (employed, onlooker, angl saowary. Typically, the
swarmis dividedinto ~50%employed bees, ~50% onlookers, and one scoufbeeemployed

bees mark the locations of the best solutions; each bee visits one of the solutions and returns to
the hive, where it dances in front of the onlookers. The dance informs the location atyd quali

of the solution to the onlookers, who have remained in the hive waiting for information from
the employed bees. Having obtained the necessary information, the onlookers must choose
among the locations found by the employed bees. As the onlookerslpcaterns with digh
percentage of nectathe quantity of nectar determines gwution quality. Here, a solution is

the location of a food source, aitgl quality is evaluated by the objective functidime scout

bees fly continuously and randomly iiffdrent directions to find new food sources (new better
solutions).When the food source of an employed bee is exhausted (i.e., a better solution has

been founyl that bee becomes a scout and beg@aschingor new solutionsThe problenis
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representeth a multidimensional space, where the locations of the food sources represent the

coordinates of a potential solution.

The ABC algorithm performs three steps: moving the employed and onlooker bees to the food
sources, calculating the nectar amounts,cmdrolling the number of scout bees and directing
them towards new possible areas. The algorithm starts with a random distribution of the
employed bees in the seasgfaceand calculates the nectar amount in each location (the fitness

of each location). fie onlooker bees calculate the probability of selecting each location based
on the nectar amount. The chance of being visited by an onlooker bee increases at locations
with high nectar amoungkigure 2-22 gives the pseudocode of the ABC algorithrased on

our interpretation of the algorith(iKaraboga, 2005)

PROCEDURE: Atrtificial Bee Colony
Initialise parameters (population size, number of employed bees,
number of onlookers, number of scouts)
Generate an initial population at random positions
Send the scout bees
REPEAT UNTIL: stopping criterion is met
Send employed bees to find food sources
Calculate nectar amounts
Onlooker bees calculate the probability of visiting each source
10 Send onlooker bees to good food sources, and calculate nectar
11 amounts at nearby areas
12 Scout bees perform random search to find new food sources
13 Memorise the best food source (best - solution location) found so
14 far
15 | END REPEAT
16 | RETURN: best - solution

Figure 2-22. Pseudocode of the artificial bee colony

OCoO~NOOUTR,WNPE

The employed and onlooker bees in the ABC algoritbnitrol theexploitation, while the scout
bees control the exploration process. The ABC algorithm has successflvbd different
problems, but is mostly applied to unconstrained and constrained continuous problems. Some

of thesaesearches are listed Trable2-6.

Table2-6. Applicationsof the artificial bee colony algorithm

Application References
TSP (Karaboga & Gorkemli, 201); (Kiran, Iscan, & Gundiiz, 2013(Kocer & Akca, 2014)
(Hu et al., 2016)(Choong, Wong, & Lim, 2017)
(Karaboga & Basturk, 2007{Kiran & Babalik, 2014) (Huo, Zhang, & Zhao, 2015)
coP (Yavuz, Aydin, & Stutzle, 2016)B. Liu, Li, & Pan, 2016)(Gan Yu, 2016)(Yaghoobi &
Esmaeili Toudeshki, 2016)B. Zhang, Liu, Zhang, & Wang, 201 {Liang, Wan, & Fang,
2017) (Cui, Li, Zhu, et al., 2017)Cui, Li, Wang, et al., 2017)Q. Lin et al., 2018)
CVRP (Szeto, Wu, & Ho, 2011)Brajevic, 2011)(S. Z. Zhang & Lee, 2015)

Szeto et al(2011) applied the ABC to th€VRP. The ABGCVRP first builds an initial

solution by sequentially assigning ammdomcustomer to one vehicle route, and evaluates the

81



cost of the initial solutions. The onlooker bees select the best solutions by the wohbste
technique, and finabther possible solutions gevenneighbourhood operations (involving
swaps, reversals and insertions with different variations and setups). They then calculate the
nectar amounts (qualities) of the solutions. After ranking the solutiote®mployed beeme
assigned to the best ones, and the poor soluaomsabandonedlhe scout bees continue
looking for new solutions until they find a new best solution, when their role changes to
employed. These steps repeat until the termination condgiomet The CVRP solutionis

storedin a vector with length equalling the number of customers plus the possible number of
vehicles. In this vector, the order of customerbeaovisitedoy a vehicl e i s se
starting from the depot. When tested on two beratk datasets, the ABCVRP
outperformed the original ABC implementation, but rieggh longer computational time.

Brajevic (2011) solved the CVRP by an adjusted ABC that stores the solution in a two
dimensional array. The length of tfiest row is the product of thecustomer and vehicle
numbes. Each cell of the secodw stores either O or 1. The algorithm starts with randomly
distributed initial solutions. The routes in each solution must be checked to ensure that they
satisfy the problem constraints. The overall solution quality is improved by arawtpion
procedure (i.ea 20pt) that changes the value anspecificcell of each route. Moreover, an
exchange operation randomselectstwo customers (one from each of two routes) and
exchanges their positions. The algorithm westedon twelve smalscale instances from the
literature, varying the maximum number of iterations to suit the problem size. In some

instances, the algorithm tended to becarappedn local optima.

Zhang and Le€2015) solved the CVRP by an adjusted ABC tiraproves the exploration

ability over theoriginal ABC algorithm. The solution of eabkeeis storedn a vector, in which

the customer Ssequencaiy arespparatdh tyh e0 dvse.hi Ed @ <
sequence represents a vehicle tour. The algorithm starts with feasible permutation solutions that
are randomly generated to improve the algorithm performance. The emplegedhase
searches theeighbourhoody peforming acustomisedswap operation called theestroute

mapping crossovemhichfinds superior new solutions. Whestedon benchmark instances,

the adapted algorithm significantiytperformedhe original ABC.

Kiran, Iscan, and Gundi(2013)proposed aliscrete ABC algothm for TSPs They replaced

the original ABC update equations by wkiliown TSPneighbourhoodsearch operations
reported in the literature. These operations are applied between two points or between two node
sequencesThe pointto-point operationsre ramlom swap, 30pt and random insertion. The
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sequence operatiorase randonmswap, random insertion, random reversing, random reverse
swap, and random reverse insertion. Initially, each employed bee is assigned a random
permutation solution. The modified ABQgarithm was teste@long with other algorithms on

nine benchmark instances, and ge promising results.

To solve the TSP, Kocer and Ak¢a014)improved the ABC algoritm with local search
techniques. The tasks of the bees are determined by a deuizkimg mechanism based on a
loyalty function and the fitness function. In compariseith other algorithms, the-@pt
operation was found to enhance the solution qualitg.eXperimental results demonstrated the

ability of the algorithm to solve smadize problems.

2.2.3.2.4 Bees Algorithm

Another algorithm based on the foraging behaviour of honeybees liegksdgorithm (BA),
developed by Pham et §005) The BA generates solutions by combining neighbourhood and
random searches. Initially, the scout bees are randomly distributed at different locations in the
search space. The fitnesses of the locations visited by the scout bees are evahgtbd us
objective function. The bees at the fittest locati@an§idereds selected or elite bees) perform

an extended neighbourhood search to find new promising solutions. These new |arations
re-evaluated, andhe best of them recruit mumber ofnew bees, which perform additional
nearby searches. To control the number of explored locations, only a proportion of the highest
fithess bees will survive to the next iteration. At the start of the next iteration, the survivors are
again randomly distributkin different locations. The BA repeats the above operations until the
termination conditions met Figure2-23 shows the pseudocode of the simplestiizsed on

our interpretation of the algorithPham et al., 2005)

1 | PROCEDURE: Bees Algorithm

2 | Initialise parameters (humber of scout bees, numbe r of selected sub -
3 | locations for neighbourhood search, number of best locations, number

4 | of bees recruited to the best locations, number of bees recruited to

5 | other locations)

6 | Generate anumber of scout bees and distribute them at random locations
7 | Evaluate th e solution quality of the bees

8 | REPEAT UNTIL: stopping criterion is met

9 Select elite bees.

10 Choose top locations for neighbourhood searching

11 Recruit new bees for the best new locations, and evaluate the

12 fithess

13 Choose the best bees

14 Allow the other bees to ra ndomly search and evaluate the fitness

15 | END REPEAT

16 | RETURN: best - solution

Figure 2-23. Pseudocode of the tssgorithm
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The BA has mostly been applied ¢ontinousbenchmark functiongNasrinpour, Bavani, &
Teshnehlab, 2017; Pham et al., 2006; Pham & Castellani, 2009, 2014, R&ifoNn(2016)
enhanced the BA to solve the VRP. The initial solutions are generagadibsertion heuristic,
and later solutions are obtained by a langeghbourhood search operation. Finally, the
obtained solutions are enhanced by a repair heuristic usirgnterchange operation (wits

= 2). In an experimental evaluation, the aition outperformed the original BA, delivering
high-quality solutions wiiin a short computational time.

2.2.3.2.5 Firefly Algorithm

A firefly is awinged insecthat produces visible light by a chemical reaction, a phenomenon
known asbioluminescenceFireflies arevery active at night, using their light to attract small
prey insects. Male fireflies also blink to attract female mates (i.e., make mating calls), alerting
them to the malesd | ocations. Naturally,
femalesof the same species. The specific patterns of the flashing lights enable communication
and location detection among the fireflies. The light varies in intensity and flashing rate. The
light intensity at a location is inversely proportional to distance fiteensource (i.e., follows

the inverse square lavi)varren & Warren, 1958)Therefore, thdirefliesé lights are visible

only within a Imited distance.

The firefly algorithm (FA) is amptimisationalgorithm inspired by thbehaviourand activity

of fireflies (X.-S. Yang, 2008)The artificial fireflies are assumed to be unisex, enabling their
mutual attraction. A fireflyattractsother fireflies with a strength that depends on the brightness

of its light. Less bright fireflies are attracted towards brighter fireflies. The attractiveness is also
proportional to the Cartesian distance (speaididius) between the fireflies. As mentioned
above, the perceived intensity reduces with increasing distance from the light source. As the
attractiveness is affected by the varying light brightness and distances between the fireflies, the
fireflies performdiverse movements in the search space and explore many regions. When a
firefly is not attracted to any other fireflies, it mowesmdomlythrough the space. The light
brightnesgepresentshef i r efiftnésy (@es, its solutioguality), and is measuredsing the
objective function. The light of arfyrefly is assumed to be visible everywhere in the problem
domain. Therefore, the brightest firefly will attract all other fireflies and represents the global

solution

The algorithm begins with multiple fifiees distributed randomly through the search space.
Once its solution has beavaluatedthe firefly is assigned a light brightness based on its
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solution quality. The brighter the fireflies glgreater their attractivenegsgure2-24 gives the
pseudocode of the Fidased on our interpretation of the algorittx+S. Yang, 2008)

PROCEDURE: Firefly Algorithm
Initialise parameters ( light absorption coefficient)
Generate a set of fireflies
Distribute the fireflies randomly in the search space
Evaluate the fithess of each firefly
Calculate the light intensity according to the objective function
REPEAT UNTIL: stopping criterion is met

FOR each firefly i

FOR each firefly i

10 IF light of firefly i <light of firefly i
11 Move firefly i toward firefly j
12 END IF
13 Update the attractiveness based on the distance
14 Evaluate the fitness of the new
15 Update the light intensity
16 END FOR
17 END FOR
18 Sort the fireflies by their fithesses
19 Identify the global best firefly
20 | END REPEAT
21 | RETURN: best - solution

Figure 2-24. Pseulocode of the firefly algorithm

OCoO~NOUTRA,WNPE

Originally, the FA was applied wontinuougproblemge.g., X:-S. Yang, 2009)However, only

the brightness guides the fireflies to the global solution, so the FA converges very quickly.

To solve the TSP, Kumbharana and Par(@@y 3)adjusted the FA for use on discrete domains
byrecust omi sing the fireflies6 movement s. T
permutationsThe similarity between two solutions is measured by the Hamming distance,

by calculating the number of swapeps required to reach similarity between two solutions.

The firefly movements are represented by a propasegfsion mutatioroperation.The FA

provided better results than other algorithms in some of the instances.

2.2.3.2.6 Cuckoo Search

The cuckoo has a fascinating unexplained breeding behaviour. The cuckoo parasitically impels
other birds to mind itewn eggs until they hatch. Reproduction begins when the female cuckoo
lays a single egg in another birdsst,leaving thenest owner with the tasks of nurturing and
breeding. The cuckoo selects a host bird whose eggs resemble its own eggs. Alternatively, by
a mysterious mechanism, it can mimic the peé
own. To maximize the chae of its own egg hatching, the cuckoo displaces one egg from the
host nest. However, some of the host birds recognise the new egg as an imposter, and will throw
it out or abandon theest. Furthermore, cuckoos must synchronise theitagag operations

with those of their host species to guarantee that all eggs will hatch together. Characteristically,

85



cuckoo eggs have a shorter incubatione thanthe eggs of other birds. Therefore, when
hatched, the cuckoo chick throws the remaining unhatched egggemrthe host hatchlings,
out of the nest. The cuckoo chick can then remain alone and receive @ibthéhereby

increasing its survival opportunity.

Inspired by the aggressive reproduction strategy of the cuckoo, Yang ari@@édesigned

an optimisation algorithm known as cuckoo search (CS). In CS, each of the gececktas

lays ane egg in a randomly selected nest. The number of available host nests is limited. The
host bird discovers the cuckoo egg with a certain probability. If the cuckois égggovered

the host either abandons the nest and builds a new ordiffarantlocation, or ejects the egg

from the nest. Each egg represents a solution, and a cuckoo egg represents a new potential bettel
solution. The quality of the egg is evaluated using the objective function of the problem. If the
cuckoo egg is better than an exigtiegg, the weak egg is removed and replaced with the

cuckoo's egg. Only the nest containimgh-quality eggs remasiin the succeeding iterations.

Levy flightsmprove the performance of CS by enabling better exploration of the search space.
Levy flights describethe randorwalk behaviour of some foraging animals, namely, linear
movements separated by sudden changeliréction (Bartumeus Ferré, 2005Figure 2-25

shows the main pseudocode of @®based on our interpretation of the algorittn-S. Yang

& Deb, 2009)

1 | PROCEDURE: Cuckoo Search

2 Initialise parameters (abandon rate, nest number, Levy step size,
3 | discovery probability)

4 | Generate cuckoos

5 | Generate a set of host nests

6 | REPEAT UNTIL: stoppi  ng criterion is met

7 Produce a new cuckoo egg using Levy flights

8 Evaluate the fitness of the egg

9 Select one of the nests at random

10 IF (cuckoo egg is better than the existing egg)

11 Replace the weak egg with the cuckoo egg

12 END IF

13 Evaluate the fitness of all n ests and rank them
14 Abandon the low - quality nests and build new ones.

15 Update the  best - solution found so far

16 | END REPEAT

17 | RETURN: best - solution

Figure 2-25. Pseudocode of cuckoo search

For performance enhancenteCSusestwo kindsof random walk (local and global). The CS

has solve& number obptimisation problems, some of whiahe summariseith Table2-7.
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Table2-7. Cuckoo search applications

Application References
TSP (Jati, Manurung, & Suyanto, 2014uaarab, Ahiod, & Yang, 2014)
coP (Tuba, Subotic, & Stanarevic, 2011X.-S. Yang & Deb, 2013)Singh & Singh, 2015)

(Kordestani, Firouzjaee, & Reza Meybodi, 2018)

Jati et al(2012)solved the TSP by a discrete CS. The solution is repessasta permutation
sequence of nodes and stored in an array. Each cuckoo starts with a random solution and
generates one solution per iteration. The difference between a solution and the best solution
found so far is measured using a discrete step smkisabased on the number of different
edges between the two solutions. The solution space is exploited by performing a local random
walk around the best solutions. The solutions are updated using the inversion mutation
operationTo guarantediversity ofthe generated solutions, a selection process checks whether
any cuckoos yield the same solution in each iteration. The algorithm obtained good results on
simple benchmark instances, but tended to falllotal optima in complex instances.

Ouaarab et a{2014)presented another discrete CST&Ps In their algorithm, a cuckoo egg
represents a solution, and thee sldcatibnscorrespondo city locations. The solution (tour)

is saveds a cyclic permutation. The neighbourhood is searched by two operatiopsand
doublebridge, which elicit amalland a large change, respectively. The step lemdgites to

the Levy flight size. Whetestedon forty-one benchmark instances, this CS outperformed other

algorithns in terms of solution quality.

2.2.3.2.7 Bat Algorithm

Bats are the wor | dAlthougb lbats haved eyeg and gan see, theyarélys .
mainly on their ears to discover and locateeunding objects at night. Bats possess a superior
sonar system callegtholocationby which they detect prey, search for food sources, and avoid
obstacles. Bats emit ultrasonic sounds of spespesific frequencieswhich disperseand
bounce off neapobjects(Surlykke, Boel Pedersen, & Jakobsen, 2008hen bats receive the
echoes, they extract the information from them (obtaining detailegeisnaf the environment)

and behave accordinglyhe informationcontains the sizes and shapes of objects, distance
the objects, and currespeed of thdat. Other features of the produced sound are loudness,

pulse rate, frequency, and wavelength.

The eholocation mechanism of bats inspired the development of a metaheuristic algorithm
called the bat algorithm (BA)X.-S. Yang, 2010)In the BA,a number ofrtificial bats fly in

a multidimensional search space. Each bat has two properties (velocity and location) that are
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updated at every iteration. The sound generated by each diaracterised by its loudness,

pulse rate, and frequency. The values of these varidgeshdonthg u al i t y

For simplicity, the frequencig restrictecbetween a specified maximum and minimum. Also,
the pulse rate is limited to tmange [0, 1], wher& is the maximum. One bat marks the location

of the bessolutionand guidestte other bats to this locatidfigure2-26 shows the pseudocode

of the BAbased on our interpretation of the algfan (X.-S. Yang, 201Q)

of

1 | PROCEDURE: Bat Algorithm

2 | Initialise parameters

3 | Generate a set of bats

4 | Randomly initialise velocity and location of all bats

5 | Evaluate the fithess of each bat

6 | Calculate pulse rates and loudness

7 REPEAT UNTIL: stopping criterion is met

8 Move the bat to a new location by adjusting the frequency
9 Update the velocity and location of the bat

10 IF ( rand > pulse rates)

11 Select a solution from the candidate solutions at random
12 Perform local search (random walk) around the selected
13 solution

14 END IF

15 Generate a new so lution by moving bats randomly

16 IF (rand < loudness, and the new solution is better than the
17 previous  solution)

18 Accept the new solution

19 Increase the pulse rate

20 Reduce the loudness

21 END IF

22 Rank the bats and identify the best - bat (best - solution)
23 | END REPEAT

24 | RETURN: Best - solution

Figure 2-26. Pseudocode of the bat algorithm

a

b ai

If the frequency variations in the BA are replaced with a random variable, and the loudness and

pulse rate are set to 0 and 1, respectively, the BA becomes identical (¥ PSCrang, 2010)

The BA also shares somsanilarity with the harmony search algorithm.

The BA has solved several engineering optimisation probl¢fsS. Yang & Hossai

Gandomi, 2012)numerical optimisation probleni€hakri, Khelif, Benouaret, & Yang, 2017;

P. W. Tsai, Pan, Liao, Tsai, & Istanda, 2011, Yilmaz & Kugcuksille, 2048 TSPs (Osaba,
Yang, Diaz, lbpezGarcia, & Carballedo, 2016; Saji, Riffi, & Ahiod, 2014)aha, Hachimi

and Moudder{2015)adapted the BA for solving the CVRP. They represented the solution as a

set of vectors (one vector for each required vehicle). They alsmegthéhe solution quality

by introducing insertinvert, two singlepoint swap, and singlpoint swap operations. When

testedon nine benchmark instances, the adapted BA well competed wi¥the
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2.2.4 Non-Nature-Inspired Algorithms

This section reviews thregumanrrmadealgorithms that were not inspired by natwehile
these are nonatureinspired algorithms, they share similar steps with nanspgired
algorithms.Therefore, it worth comparing their performance with natnspired algorithms.

2.2.4.1 Tabu Search agorithm

Tabu search (TS) israetaheuristi@lgorithmintroduced by Glovein 1986 In simple terms,

the TS combines a local seamhheuristics with memory. The local search techniques can be
suited to the requirements and constraints of the problem. The memory trackssthrecant
solutions and saves them imatastructure called a tabu list. The number of solutions held by
the memory depends on the implementation technique afShand can be many (lorigrm
memory) or few (shosterm memory). The taldist helps thealgorithm to avoid revisiting (also
referred to as cycling) the stored solutions, thus reducing the computational time. In some
problems, when the search space comprises both feasible and infeasible solutions, a solution is
added to the tabu list if it glates the problem constrainie basic pseudocode of the iES
givenin Figure2-27 (Glover,19869.

1 PROCEDURE: Tabu Search

2 Initialise parameters (Tabu - listmax - size)

3 best - solution :={}

4 | Tabu-list:={}

5 | REPEAT UNTIL: stopping criterion is met

6 Perform local search

7 Evaluate the fitness of all solutions and rank them

8 New solution := Obtain a solution from the candidate list
9 IF (New solution not in Tabu - list and better than best - solution)
10 best - solution := New solution

11 ELSE

12 Add the New solution to the Tabu- list
13 END IF

14 IF (the size of Tabu -list>max - size)

15 Remove the oldest solution from the list

16 END IF

17 | END REPEAT

18 | RETURN: best - solution

Figure 2-27. Pseudocode of tabu search

The TS has successfully solved difficult optimisation problems such as symn&RstKnox,

1994) TS implementations aheTSP have been recently reviewed in BEXL2) The review
analyses the effect of differemhplementations of TS for solving TSPs. It found that many
studies tested TS on small TSPs (100 nodes or less), and it identified the effect of the initial

solution on the final solution. Furthermore, the stbenn memory is commonly used with TSP.

Gendeau et al(1994)used TS tsolve a VRP with capacignd route length constrain&eir
algorithm includes an insertion procedure that moves a customer from oneorthgenext
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adjacent route. The algorithwas testedn 14 benchmark instances with different numbers of
customers (50L99).Their TS outperbrmed some of the existing algorithms and achieved the
bestknown solution in some instances. Barbarosoglu and Og289)also solved the VRP

by TS.

Braysy et al(Braysy & Gendreau, 2003urveyed theise of the T&lgorithms in VRPs with
time windows.They compared and analysed these algorithms onkrelvn benchmark
instancesThe survey revealed thatelalgorithms are very competitive, and TS algorithm is a

good approach to tackle VRPTW.

Yang, Li, and Li(2007)proposed an algorithm calleshglebased crossover TS fGVRPSs. In

this algorithm, the exploration and exploitation processes are implemented by a GA crossover
operator and an elite selection strategy, respectively. The-baggsl operation, which is based

on the sweep heuristic, improves the performance of the algoritthen tested on twelve
CVRP benchmark instances, the proposed algorithm proved more efficient than the sweep

algorithm and the original TS.

2.2.4.2 Firework Algorithm

Fireworks are combustible chemicals tlakate spectacular effects and patterns during
explosons.Ignited fireworks produce light, noise, and smoke, and generate floating materials
that burn and create coloured sparks or flames. Depending amahefacturingquality,
firework explosions can bepectacular events or fizzler§he quality of a firavork is
determinedby the numbers and locations (distributions) of the generated sparks. A good
explosiongeneratesnany sparkgoncentrateavithin a small range around the main location

of the firework. In contrast, a bad firework generates a few, rarydecattered sparks within a

large region of the space.

Tan and Zhu(2010) designed a firework algorith (FWA) that imitates the explosion
mechanism and firing process of fireworks. A set of fireworlsead in differentdirections of

the search space. When a firework explodes,generatedparks fill the space around the
original location of the firewdk, enablingurtherlocal searching. Therefore, the FWA searches

two neighbourhoods: one near the origin of the firework, the other around its sparks. The spark
locations are then evaluated using the objective function. These processes are repedted in eac
iteration until the maximum number of iteratiossreachedpr theglobal optimalsolutionis

found In the FWA, a good firework (a strong firework with a high explosion amplitude)

represents a good solution or a solution that is very close to a dotdrsaConsequently, the
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search is extended to the immediate neighbourhood of the good firework. Alternately, the
search radius can be extended far from the main firework locttiéind better locations.
Figure 2-28 shows a simple pseudocode of the FWA based on our interpretation of the
algorithm(Y. Tan & Zhu, 20D).

1 | PROCEDURE: Firework Algorithm

2 | Initialise parameters (number of sparks generated by each firework)

3 | Select anumber of random locations for fireworks

4 | REPEAT UNTIL stopping criterion is met

5 Fire n fireworks into the selected locations

6 FOR each firework do

7 Evaluate the solution quality of the firework

8 Generate a number of sparks based on the firewo
9 Scatter the sparks of the firework according to amplitude
10 of explosion

11 Evaluate the solution quality of th e sparks

12 END FOR

13 Rank all the solution, and keep the n locations in the next

14 iteration

15 Update the best solution

16 | END REPEAT

17 | RETURN: best - solution

Figure 2-28. Pseudocode of the firework algorithm

The FWA has been enhanced by adding a mutation operator and a selection strategy. The
mutationis based on &aussian distribution, and the selection strategy determines which
fireworks will continue in successivigerations. Selection is determined by the Euclidean
distance between the fireworkehe chance of choosing a firework increases with increasing

distance from other fireworks, which diversifies the solutions in the follpvt@rations.

In FWA, the explosion operation is mainly responsible for botlal and global searching.
Because the algorithm lacks other heuristics that decide the locations of new fireworks (apart
from sparks that create diversity), the FWA is prongaliing in local optima. The fireworks

do not interact and do not affect each other, but are affected by the location of the global
solution. Moreover, the FWArocedure focusesn the promising areamly, without moving

the search into other areas. THgoathm may also require ng timeto reach the global

solution.

The FWA hasbeen validatesn different types of problem#cluding numerical function
optimisation(Y. Tan & Zhu, 2010)the TSP (Y. Tan, 2015) and the CVRKAbdulmajeed &
Ayob, 2014)

Tan (2015)solved the TSP by the FWA. The original explosion technique in this algorithm is
adaptedfor discretedomains, whichare not effectively handled by random local search
methods. There are two explosion operaticasvo-edgeswap operation (©Dpt) and a three
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edge swap operation-@pt) i and a 2HOpt mutation operation for discrete problems. The
selection strategy chooses the higHesess fireworks and sparks. In experimental evaluations,
the algorithm effectively solved small instances, bus watperformed by other algorithms in
large instances. This weak performance is attributable to lack of interaction among the

fireworks.

Abdulmajeed and Ayol(2014) solved the CVRP by the FWA. The CVRP solution is
representeads a vector of customer sets (vehicle loads) separated by 0s. An initial sution
randomly generatedithin the bounds of the problem constraint. New solutemesgenerated

by a neighbourhood search operation implementedigomswapandrandommoveactions.
This algorithmobtained thébestknown solution insix out of fourteen benchmark instances,
and was competitive with other algorithms in the remainingntes.

2.2.4.3 Grenade Explosion Method

A grenade is a small deadly explosive device (i.e., a bomb), usually thrown by hand. Different
types of grenades have different explosion capabilities. Once the safesyrpmoved the
grenade will detonate after @ertan amount of time or when it hits the ground. The
destructiveness of a grenade explosiepends on theumber of generated shrapnel pieces and
their spread distance. To maximise the destruction, the targeted objects must lie within a
specific radius of th explosion, which cabbe achievedby trying to throw the grenade close to

the objects.

The grenade explosion method (GEM) is an evolutionary algorithm that optimisesiesd
problems(Ahrari and Atai 201Q)The explosion mechanism of the GEMoids thecrowding

of candidate solutions around a local minimum. The GEM explodeswer ofgrenades in a
two-dimensional space, generm a number oshrapnel pieces. The shrapnel pieces are thrown

in random directions, destroying objects in their vicinity. The radius of the thrown shrapnel
pieces is controlled by a specific parameter, and any objects within this lenddsacgyed A

large lengttfavoursexploration, whereas a small length allows exploitation of the near regions.
Therefore, the search capability depends on selecting the proper spatial extent of the explosion.
The GEM calculates the losses and effdgceéach piece oftgapnel. High losses and effects
indicate valuable objects within the searched area. Another grenade is thrihenvaluable

area, incurring greater loss, and the algorithm eventually converges.

A GEM feature called théerritory radius prevents two greades from searching in a close
vicinity. This feature disperses the grenades, encouraging exploration of the entire search space.
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The territory radius is controlled by a variable whose value depends on the problem domain or
the user preferences. The nunsbef grenades and produced shrapnel pieces also nsei to

the prablem domain.Figure 2-29 shows a simple pseudocode of the GEM based on our
interpretation of the algorithifAhrari & Atai, 2010)

1 | PROCEDURE: Grenade Explosion Method

2 | Initialise parameters (Number of grenades, number of shrapnel pieces
3 | Ng, shrapnel length)

4 | Generate n grenades a ndrandomly distribute them at separate locations
5 | REPEAT UNTIL stopping criterion is met

6 Evaluate the fithesses of the grenades and rank the grenades

7 Produce a number of shrapnel pieces for each grenade

8 IF (the new location of the shrapnel is outside the feasible
9 region)

10 Relocate it inside the feasible region

11 END IF

12 Evaluate the fitness of the new shrapnel

13 IF (a new solution is better than the best current solution)

14 Check the territory radius

15 Move the grenade to that location

16 END IF

17 | END REPEAT
18 | RETURN: best - solution

Figure 2-29. Pseudocode of the grenade explosion method

The GEM has many crucial parameters that requarefultuning Improper parameter settings

will slow the convergence rate tife algorithm or trap it in local optima. Theegade and its
shrapnel play similar roles to the employed and onlooker bees, respectively, in the ABC
algorithm, and selecting thmumberof grenades in the GEM has the same effect as choosing

the number of bees in the ABC algorithm.

The GEM has mainly beetested on multimodal benchmark functigAsrari & Atai, 2010)

In terms of runtime, the GEM outperformed other algorithms in seven out of eight benchmark
tests. However, thalgorithm must maintain the nentuitive territory radius that prevents
shrapnel pieces from approaching each other, forcing them to spread uniformly over the search
space. An explosion range for the shrapnel is also required. These control paramk&tesdiwor

in problem spaces containing many local optima, as the global optinfoonafter suitable
exploration. However, the relationship between these control parameters and problem spaces

with unknown topology is unclear.

2.3 Comparison betweerNature-Inspired Algorithms

The working mechanisms of different algorithms share certain similarDiespite being
inspired by different sources and employing different mathematical models and computational
techniques, allnatureinspired algorithms guide the engisi towards the best solution.
Convergence to the global optimum is achieved by enhancing paths with more phetessone
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soil, attraction to the globddest, heaviest or brightest entity, attraction to sea locations, or some
similar mechanism. Regardleds@chnique, the way of controlling the technique and the effect

of one entity on other entities must be carefully considered, as these factors affect the
convergence rate of the algorithm and the likelihood of trapping in local optimal solution. Two
algoiithms can be distinguished by their control parameters and mathematical formulations, or
by comparing the steps of the algorithms. Many studies compare the performances of multiple
algorithms on a specific problem.

The abovementioned algorithms can be sifeed as tradbased or poinbased algorithms.
Trail-based (or edgbased) algorithms assign values to the trail lines that connect points. The
entities of the algorithm choose the edge with the highest visitation probability among the
edges. Therefor@n entity moves from one place to another along a connection (i.e., an edge)
between the occupied and seaorbe occupied site. This restricts the movements to nodes with
connections to other nodes. The proper input for-brasled algorithms is usually graph
representation with no globally best edge. The ACO and IWD algorithms are examples of trail
based algorithms. In contrast, pebdsed algorithms assign values to the positions of points.
In each iteration, the entities move to a hiighess point o to one with higher visitation
probability than the other points. In some pdiased algorithms, choice of the next node is
affected by the position of the globaést point. Such algorithms are characterised by free
movement of the entities in a multdkensional space; the entities are not required to move
along connections between the points. Algorithms in this category include PSO, GSA, CFO,
and FA.

Based on these differences, we can understand thabdsslb algorithms are suitable for
discrete (e.gcombinatorial) problems in which the node sequence is important. In contrast,
pointbased algorithms are suitable for continuous domain problems, in which the values of the

points are more important than their ordering.
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Figure 2-30. Structures of traibased poinbased algorithms

In the traitbased structure d¥igure 2-30 (A), an entity at positiors must choose between
nodes 1, 2 and. Thicker connection lines (edges) will be selected with higher probability than
thinner lines. In this case, the entity will preferentially visit node 2. In the-pas¢d structure
of Figure 2-30 (B), the thtkness of the circle represents the fitness of the point. In this case,

entity S will preferentially select node 1.

Various algorithms will be compared in the following paragraphs. These algorithimmspred

from different sources, but share similar Winog mechanisms. For example, the entities in the
GSA and PSO algorithms continuously move through a multidimensional space, but their
motions are governed by different techniques. For instance, the particles in PSO move towards
the Ibestand gbestpositions without considering the distances between the particles. In the
GSA, the object dynamics depend on the overall forces exerted by other entitibe anedr

particle distanceslherefore, GSA does not use memory to traclgthestor Ibestpositions.

The GSA and CFO algorithms aveth based on Newton's laws of motion, but differ in their
formulations and expressions. More specifically, the two algorithms differ in their mass
calculations and usage of the gravitational constant. Moreover, CFO is anidetic
algorithm, whereas GSA is a stochastic algorithm. Finally, the initial values of the entities are
assigned by a deterministic rule in CFO, and by random selection in GSA. One advantage of
CFO is that the probe movement depends on the mass ditdsetween two attractive entities
(which avoids extreme pullingwhereas in GSA, all objects move towards the heaviest object.

Th CFOtechnique helps to avoid tapping in local optimal solutions.
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Both PSO and GA algorithms assign random values to tha jpitpulation. The PSO requires

Nno crossover or mutation operations,the particles move towards the locations of the global
and local best solutions while updating their locations and velocities. The GA solves a problem
through the survivabf-thefittest principle. PSO is generally more easily implemented than

GA, as fewer parameters need to be tuned.

The GSA, CFO, PSO, FA, and BA algorithms share similar concepts, but generate their
solutions using slightly different approachedn these algorithmshé entities are initially
randomly distributedn an N-dimensional searchpace, themearrange as the weak entities
move towards the strongest one. Typically, the location of the gh@salsolutiond*) is shared
among the entities. However, the waysrepresenting the attraction and controlling the
attraction differ among the algorithniGreen, Aleti, & Garcia, 2017)'he main weakness of
these algorithms itheir tendency for premature convergence, and consequent trapping in local

optima.

The WCA and PSO algorithms share similar structures but use different nomenclatures for their
components. For instance, the PSO algorithm specifieglibstand Ibestpoints, where the
gbestpoint guides (or effects) tHbestpoints towards its own locatio&imilarly, the WCA
represents the localest and globdbest solutions bya number ofrivers and the sea,
respectively. The streams and rivers are guided towards ahénseSO, a particle atpbest

point updates its position towards thbestpoint. Analogously, the WCA exchanges the
positions of the sea and a river with higher fitness than the sea. Differently from PSO, the WCA

applies evaporation amdiningoperatons that help the algorithm to escape from local optima.

The BA and ABC algorithmare inspired by the behaviours of foraging bees, but slightly differ

in their implementations. First, the ABC algorithm uses fewer parameters than the BA
algorithm. Secondhe bee types in ABC are called employed, onlooker, and scout, whereas in
BA, they are called elite, recruit, and scout. Third, the BA directs the search for top locations
by an elitist strategy and neighbourhood searching, which increase the convepgexkcd ke

ABC combines a local search method with a global search strategy, and the bees memorise the
best previous locations. Finally, the bees in ABC share information through their wiggle dance,
whereas information sharing is absent in BA. The scoind®th algorithms perform random
searches in the solution space. Further experimentally based comparisons are reported
elsewherdKaraboga & Akay, 2009; H. Li, Liu, & Li, 2010)

96



Table2-8 summarises and highlights the main similarities/differences among the above algorithms.

Table2-8. Conceptual comparisons among algorithms inspired by living andiving natural phenomena

. . . . . Depend on Accept Changin
Algorithm, . Entity attributes or ) Source of Initial values of Direct b P 9ing
Entity type ) Problem representation L . S global best bad movement number of
Year properties inspiration entities communication . . -
solution solution entities
SA . . . . . metal annealing
single point fitness onedimensional random no no yes random no
1981 process
S difference
deterministic
. . - . . between
CFO position,acceleration,  multidimensional search . . values using
probes motion of objects . no yes no masses no
2007 and mass space uniform
o (towards
distribution .
bigger mass)
GSA . position, acceleration, multidimensional search . . . N top-best towards bigger
objects . motion of objects random positions no . no no
2009 velocity, and mass space solutions mass
RFD drops velocity, momentum raoh river formation same altitudes o o es regions with s
August, 2007 P energy grap mechanism y low altitudes y
velocity, m . .
WF-LA elocity, ass., . multidimensional search . .
water flow momentum, and kinetic movement of water random locations no no yes lower attitudes yes
May 2007 . space
energies
IWD - . . . .
intelligent velocity, soil, and water flows into based on user regions of less
September, g . graph . no no no } no
2007 water drop carried soil rivers preferences soil
longitude, latitude, three hvdrological cvele
WFA different types of multidimensional search 9 Y . .
drops of water in meteorology+ random locations no no no lower altitudes no
2011 memory, and force of space .
. erosion process
gravty
WCA - . water cycle + " .
. multidimensional search .y . random posions rivers and sea
November streams location streams/rivers drift no yes no i, no
space for streams positions
2012 toward the sea
WWO . multidimensional search water waves motion .
waves height and wavelength random locations no no no shallow water yes
2015 space phenomena
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. . . . . Depend on Accept Changin
Algorithm, . Entity attributes or ) Source of Initial values of Direct b P 9ing
Entity type . Problem representation L . S global best bad movement number of
Year properties inspiration entities communication ) . "
solution solution entities
CRO June potent'lal and kinetic multidimensional search |nteract|0n§ of . p'0|.nt of
2010 molecules energiesmolecular space molecules in a random locations no no no minimum yes
structures P chemical reaction energy
GA natural selection
1975 chromosome fitness a vector or string process and random values no no no better fitness no
evolution
. A aths with
ACO tracking of ant antsoé fo based on user - P
ants graph . indirect no no more no
1991 movements mechanism preferences
pheromone
PSO article velocity and position multidimensional search social behaviouof random values no es no movement no
1995 P y P space bird flocking y towardsgbest
ABC - multidimensional search beesd fo . paths with
bees position . random locations yes yes no no
2005 space mechanism more nectar
BA - multidimensional search beesd for . top-elite
bees position . random locations no yes no . no
2005 space mechanism positions
FA ) . . multidimensional search flashing behaviour . brightest
firefly position and light S random locations no yes no " no
2008 space of fireflies entities
CS . number of e est multidimensional search . ) . high
Cuckoo bird . 99%) breeding behaviour random locations no yes no g . no
2009 locations space probability
velocity and position of A
y P - . batso6 ech random walk +
BA pulse rates (frequency multidimensional search ) .
bats systen - find random locations no yes no loudness and no
2010 or wavelength) and space e
prey/food emission rate
loudness
local search o
TS . . . . . . finding new
list tabu list set of liss combined with random solutions no - no . no
1986 better solution
memory usage
osition, expsion - . explosion
FWA ) P . o multidimensional search P . . Strong
fireworks amplitude, and number mechanism and random locations no yes no . no
2010 space . explosions
of sparks sparks generation
osition, radius, and - . explosion .
GEM P multidimensional search P . . highestloss
grenades number of shrapnel mechanism and random locations no yes no no
2010 space areas

pieces

shrapnel generation
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As can be seen ifable 2-8, algorithms based on nasdrphenomena share many similar
featuresSome of these features have been impdoor extended to deal with different types
for problemsHowever, the performance of each algorithm must be experimentally evaluated

on a specific problenm order to conduct comparisans

The review othesealgorithmsshows that naturiaspired swarm ggroaches tend to introduce
evolutionary concepts of mutation and crossover for sharing infornatestape local optima

to adopt norplausible global data structures to prevent convergence to local optima or add
more centraied control parameters to guerve the balance between exploration and
exploitation in increasingly difficult problem domains, thereby compromising- self
organizationWhen such approaches are modified to deal with COPs, complex and unnatural
representations of numbers may also beired that add to the overheads of the algorithm as
wel | as |l eading to what may be appear to b

complexities of a continuous problem.

2.4 Conclusions

Natureis a rich source of inspiration for designers of opgation algorithms. These robust
natural sources dynamically adapt to environmental changes in the optimal manner. By
observing and studying these systems, computer scientists and engineers have designed new
and powerful optimisation algorithms. Essentialthe features of anatural process or
phenomenon (conceptual framework) are transformed into a computational process or
information processing fqsroblemsolving However, some natural sources are better viewed

or described as an optimisation problemrtiother sources.

The NIAs field has advanced under thentinuousdemand for new algorithms with different
structures that can solve new problems with new features. The usability of novel algorithms,
and their applicability to largsize problems, has beéacilitated by massive improvements in
computational powerAmong thehuge numbepf developed algorithms, choosing the most
suitable algorithm for a specific problem is a difficult taBere arao guidelines are available
though it is generally acctgal thatcertainalgorithms are more applicable to specific types of

problems than others

The literature review also revealdte similarities among various algorithms inspired wholly
or partially by the same inspiration source. The success of an algoritthich largely
determines its popularity, dependsproper algorithm desigease of use of the algorithemd
appropriate exploratiarexploitation balanceAlgorithm design must also consider the trade
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off between the computational time and solutioaldqy. Solution quality can be improved by
modifying the algorithm procedure, adapting the computational equations, and/or introducing
otherartificial factors. There is alway®om for improvement in any algorithm. Researchers
continually seek better wayd adjusting the parameter values or updating them dynamically.

Proper representation of the problateo crucially affects the performance of the algorithm.

Finally, althoughresearchers dispute the need for further algoritfngful ideasand systems
that will inspire new developments are waitindpaxiscoveed A good example is the natural
hydrological water cycle, in which flowing water seeks the shortest path towards oceans or seas

while avoiding obstacles. More details are provided in the ctegiter.
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Chapter 3 Hydrological Cycle Algorithm

ALook deep into nature, ancdaoetttbhen you v

[Albert Einstein

3.1 Introduction

This chapter presents the developisigps in the developmermtf the HCA for solving
optimisation problemsThe HCA simulates the movement of watérough the hydrological

cycle.

Section3.2 provides an overviewf the water cycle in nature, explaining in detail the main
stages of this cycle. Sectidi3addr esses the HCAG6s main str
model.Section3.4 illustrates the differences between the IWD and the HCAisasdpported

by comparing experiment&inally, sectior8.5 summarises a conceptuamparison between

the HCA, wateilike algorithms, and other established natmspired algorithms.This
comparison aimto highlight the major differenceand similarities between HCA and other

waterbasedalgorithmsin terms oftheir structures.

3.2 Hydrological Water Cycle in Nature
Water is one of t hesouncesand forrdssaroummd Bhtof the &drth. Inb | e

nature, water is always movinghis movement is called the watsycle,and is one of the most
complicated andmportant systemsn earth The water cycle, also known as the hydrologic

cycle, describes the continuous movement of wattra environmenthere every single drop

of water on earthakes part in this cycl@®avie, 2008) The term hydrology means the study of
water, in which the term fAbhydwaaceri,s amrdi gihree
means studyit is renewable because water particles are constantly circulating from the land to
the sky and vice versa. Therefore, the amount of water remains constant. Water droplets move
from one place to another by natupddysical processes, such as evaporation, condensation,
precipitation, and runoff. In these processes, the water passes through different states as shown

in Figure3-1.
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Vaporisation

Figure 3-1. The states of the watéBplung, 2015)

The water cycle supports us with fresh and pure watsoit is importantto both the weather

and the climate and redistributes water around the e&hil. cycle is powered by solar
radiation Therefore, the water cycle starts when the surface water gets heated by the sun,
causing the water from different sources to change wajpour and evaporate into the
(atmosphere). The water vapour then cools and condenses as it rises to become drops. These
drops combine with each other and eventually become so saturated and dense, then they fall
back because of the force of gravitya process called precipitation. The resulting water flows

on the surface of the earth into ponds, lakes, and oceans where it again evaporates back into the
atmosphere. Then, the entire cydeepeatedThis cycleis describedn Figure3-2 (Periman,

2015)
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Figure 3-2. The hydrological water cyci@erlman,2015.

The water balance cdre expressedy a mathematical equatidhatdescribes the hydrologic

processes within @me period as follows(Davie, 2008)
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0 Y O Y wY (3.1)

Or, 0 Y O O VY m (3.2)

where, P: Precipitation, R Surface Runoff,G: Groundwater flow,E: Evaporation,T:

Transpirationgp Schangen storage in a specifitame period
Here, the research focuses on the main four stages of the water cycle, which are:

Flow (Runoff)
Evaporation

Condensation

= =/ =4 =4

Precipitation

3.2.1 Flow (runoff)

The general process of water flow and its actions are explainedysbvin Chapter 2 Section
22143.Wat er movement plays an i mport ahhisispart
becausdlowing water drops are full of energy aade able taarve the ground during their

movementforming streams and rivers

As the water flowsdownrivers and streams, d@llectssediment and transports it away from

the original locationThis is known as erosion and depositidimnese processahang the
topography of the ground by forming new paths with more soil removal, ¢adhey of other

paths as they become less likely to be chosen as a result of too much soil deposition. These
processes are highly dependent on the velocity of water. For instance, a river is continually
picking up and dropping off sediment from one pomtaihother. When the river flow is fast,

soil particles are pickedp, and the opposite happens when the river flow is diosvto the
insufficientof its velocity Mor eover, there is a strong rel
and the suspension lbd.e., the amount of dissolved soil in the water) that it currently carries.
The water velocity is higher when only a small amount ofisailrriedas opposed to when a

large amount of soil isarried

Waterflow occurswhen rainfalls on soilthatis fully saturated or when a large amount of rain
falls over a short periodTypically, the flowis estimatedas the difference between the
precipitation and the evaporation that does not infiltrate the soil and therefore moves over the

surface. There are senal factors that affeche amount ofvater flow on the grounduch as
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rainfall amount, rainfall duration, soil type, land topography, temperature, wind, and humidity
(Maidment, 1993)

Inadditon t he term fAfl ow bedefinedis the voluniedfwster ma rvgre o

passing a defined point over a specific pef®duthard, 2006)Therefore, the flow rate equals

flow velocity multiplied by the crossectional areseeFigure3-3 (Periman2015.

T

Subsection

=t Width
Vi In each subsection:
Vo Area = Depth x Width
Velocity : :
Depth Discharge = Area x Velocity

Figure 3-3. The relationshipetween discharge, velocity, and a(@a&riman2015.

The crosssectional areas calculatedby multiplying the depth by the width of the stream.
Therefore, the velocity of the flowing watisrdefinedas the quantity of dischargivided by

the crosssectional are@Eq.(3.4)). In nature rivers have a neaniform depth and width along

their length.
0 ® & (3.3)
0 . 0

Ny — 34
® = C w 0 (3.4

0j® . 0
o 2%¢co0 2 (35

W W w

whereQ is flow rate,A is crosssectionakrea,V is velocity,Wis width, andD is depth Based

on thesdormulas, it carbe notedhat there is an inverse relationship between the velocity and
the crosssectional are&Colby, 1961) The velocity increases when the crggstional area is
small, and vice versa. If we assume that the i a constant flow rate (velocity x cross
sectional ares constant) and that the width of the rivefixed, then we can conclude that the
velocity is inversely proportional to the depth of the river, in which case the velocity decreases
in deep wateand vice versa. Therefore, the amount of soil depositzdases as the velocity
decreasesTlhis explains why less soit takenfrom deepwater, and more soi$ takenfrom
shallowwater. A deep river will have water moving more slowly than a shallegr.rEven

with this explanation, the velocity mde variedwithin the different layers of the river. The
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velocity will be faster near the water surface compared with the velocity near the riverbed due
to the friction with the riverbed material. A plotftddw velocity versus depth of flow is called
the velocity profile, which idlustratedin Figure3-4 (Southard2006.

_—
 ———
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Figure 3-4. Flow velocity versus depth

As identified ealier, the water velocity keeps fluctuating within the different positions in the
river over timeln addition to river depttthere are other factors affectitige velocity of water
drops and causes them to accelerate or decel@fase factors includebstructionsamount

of soil existing in the pathippographyof the landforce of gravity, variations in the channel

crosssectional area, and the amount of dissolvedsiig carrieqthe suspension load).

3.2.2 Evaporation

Evaporatioroccus when solar radtion hits the surface of water or land leading to an increase
in temperatureWhenwaterreaches a sufficient temperatire. maximum evaporatiopoint

of 100°C) it changes from a liquid state a gaseous statdhe vapour(gas)rises into the
atmosyhere, leaving behind impurities (salt and soMhen a direct change occurs from the
solid to the gaseous state without passlimgughthe liquid state, it is called sublimatioNater

canalsoevaporate from other sources, sucliram plants throughranspiration

According toBishop and Lockef2002) water particles are in continuous motion on the surface

of the water.The source of this motion is the kinetic energy of these particles. This energy
varies from oe particle to anotheKinetic energy increases witinincrease in temperature
(kinetic energy of a particle particletemperaturedhus,aparticle that haa highkinetic energy

has a greater chanad breakng its connection with other particles am$camg into the
atmosphereTherefore, the number of particles that evaporate increases as the temperature
increasesThis kinetic energy can be transferred from one particle to another if they collide,
and the amount of energy transmitted depends onthew collide. The water temperature
decreases when the particles with a high temperature leave theinvatgorocess called

evaporative coolingBishop & Locket, 2002)
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Evaporation is very important in the water cycle as it ensures the systaains inbalanceln

addition the evaporation process helpsdecrease the temperature and keep the air moist and
has an important influence on weather and climate. There are some important factors which
affect the evaporation rate (i.e., the amount of liquid changing to gas per secaddition to
temperatureThe factors affecting evaporation radee temperature, surface area, wind speed,

air pressure, humidity, and densiGenerally, in nature, it is difficult to measure the precise
evaporation ratelue to theexistence of different sources of evaporatibance,estimation

techniques are requirébBavie, 2008)

3.2.3 Condensation

In this process, the water vapour changes from a gaseoutosddtquid stateCondensation
increases when the water vapour cools to 3€cause of the low temperature in the
atmophere. This process plays an important role in the formation of clouds. Additionally, the
condensation process affects air circulation in which hot air rises and cold air descends.

Condensation is amssentialprocessas it completeshe water cycle. Whemwater vapour
condensest releaseshe sameamount of thermal energy initially required to convievapout
This energy is then relead into the environment agaifhe condensation process is the
opposite of the evaporation process. Particles with kiigétic energy and high temperature
have a greater chance to evapor@ehop & Locket, 2002) The amount of heat thas
removedat the evaporation stage is strongly related to the amount of heat #ulatecat the

condensation stage.

The condensation process is important in the formation of new ardyaer particles. The
process starts when water vapour rises into the sky; then, as the temperature decreases in the
higher layer of the atmospheitee particles with a lower temperature have a greater chance to
condensegBishop & Locket, 2002)Figure 3-5 (a) shows that there are no attractions (or
connections) between the particles at high temperature. As the temperature lowers, the particles

collide and combine wlhteach other and start to fosmall clustes as shown irFigure3-5 (b).

106



0 O @
o0 0 0 Qo 30
o000 0.‘ %
A Tt - oa %O
O o © ®

(a) Hot water (b) Cold water

Figure 3-5. lllustration of the effect of temperature on water drop{Bishop & Locket, 2002

Evaporation and condensation are competing processes and occur sequentially. The
condensation ratéhe number of gas particles that return to ligstiateper seond) depends

largelyon the vapour pressuaadincreases if the temperature of the gadecreased

An interesting phenomenon in which some of the stronger (Jangger drops may eliminate
other weaker (smaidl) water drops occurs during the condelmgprocess as some of the water
drop$® known as collectors fall from a higher layer to a lower layer in the atmosph#re (
tropospherg Figure 3-6 depicts the action of a water drop falling and colliding wittaken

water dropsesulting inwater drop growh as a result of coalescence with other water drops

Figure 3-6. A collector water drop in actiofWallace & Hobbs2006.

Only water drops that are sufficiently large will survive the trip to the groutitbwi vanishing
in the lower layers of the atmosphere. Of the numerous water droplets in the cloud, only a

portion will make it to the ground

3.2.4 Precipitation

Precipitation is the process of water drops falling from the atmosphere to the ground. Different
forms of precipitation such as drizzle, rain, hail, snow, sleet, and freezing rain may occur based
on the surrounding temperature. Precipitation occurs as a result of the continuous condensation
of water vapour to form water drops. These drops grow by cail@hd coalescence with each
other, until they become heavier and then fall as a result of the force of gravity.
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Precipitation is important to complete the water cycle. It supports the earth with fresh and pure
water and helps to maintain the balancehi@ atmosphere. This planet would be a massive
desert without precipitation. The chance of precipitation increases when the atmasphere
saturatedvith water vapour. The precipitation rate dam determinedby the amount and the

duration of rainfall.

Theprocess oprecipitation may occur in different placasd indifferent amountdn addition
raindropsvary invelocity and size. After the precipitation process, water drops can spread in
several waysSomewater drops may flow on the grourathersmaypenetrate the soil to form

groundwateor maybe interceptethy plants.

3.3 The ProposedAlgorithm

Given the brief description of the hydrological cycle above, the IWD algorithmbean
interpretedas covering only one stage of the overall water éythe flow stage Although the

IWD algorithm takes into account some of the characteristics and fwaboedfect the flowing

water drops through rivers, and the actions and reactions along the way, the algorithm neglects
otherfeatures of the full hydrogeological procekat could be useful in solving optimisation

problems

Studying the hydrological wet cycle along with the IWD algorithgave us the inspiratioto
design a new and more powerful algorithm within which the original IWD algorithm (with

modifications) can be considered a subpart Fégere3-7.

The proposed algorithm called Hydrological Cycle Algorithm (H@Abasedn a simulation
of the water movement through the hydrological cytherefore, it is a watdvsased algorithm.
To emulate the movement of the water drops in this natural hydroleager cycle the
algorithm haseen dividednto four main staged$:low (Runoff), Evaporation, Condensation,
and Precipitation. Each stage will have the same functiorzeditye correspondingtage in the
natural hydrological cycle Each stage alsthas arole in constructing the solutionA
mathematical modevas designetbr the maimactivitiesthatoccur at each stagéhese stages
work to complement each other and occur sequentially. olitygut of the current stages

consideredas input to the next gia.

In our first development of HCA, we considditemperatureo bethe main factor driving the
water cycle. The whole cycle starts when there is a change in the temperature. We assumed that

the algorithm starts wittheflow stage.
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Figure 3-7. Relationship between water cycle, IWD algorithm and HCA

The HCA canbe also consideredto be a swarnzintelligence optimisationalgorithm, as it
simulates the behaviour otallectionof water dropsnoving through the water cyclie swarm
algorithms, a number ofcooperative homogenousntities explore and interact with the
environment to achieve a goal, which is usually to findgtbbaloptimalsolution to a problem
through exploration rad exploitation. Cooperation can be accomplished by some form of
communication that allows the swarm members to share exploration and exploitation
information to produce highuality solutiongal-Rifaie et al. 2012; Hogg and Williams 1993)

The aim of exploration i® acquire as much information as possible about promising solutions,
while the explatation ains to improve such promising solutions. Controlling the balance
between exploration and exploitation is usually considered critical when searching for more
refined solutions as well as more diverse solutions. Also important is the amount otoemplo

and exploitation information to be shared, and when.

Information sharing in natus@spired algorithms usually includes metrics for evaluating the
usefulness of information and the mechanisms for how it shieudharedin particular, these
metricsand mechanisms should not contain more knowledge or require more intelligance

can be plausibly assigned to the swarm entities, where the emphassisrgencef complex
behaviour from relatively simple entities interacting in maotelligent wayswith each other.
Information sharing can be done either randomly orramalomly among entities. Different
approaches are used to share information such as direct or indirect interaction. Two sharing
modelsare: oneto-one, in which explicit interactioncours between entities; and maioy

many (broadcasting), in which interaction occurs indirectly between the entities through the
environmen{Ding et al. 2011)

Usually, either direct or indirect interaction between entisesmployedn an algorithm for

information sharing, and the use of both typeshe same algorithris often neglected~or
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instance, the ACO algorithm uses indirect commui@oafor information sharing, where ants

lay amounts of pheromone on paths depending on the usefulness of what they have explored.
The more promising the path, the more pheromone is added, leading other ants to exploit this
path further. Pheromone not drectedat any otheantin particular. In the artificial bee colony

(ABC) algorithm, bees share information directly (specifically, the direction and distance to
flowers) in a kind of waggle dancin@od & Panchal, 2013)The information received by

other bees depends on which bee they observe and not the information gathered from all bees.
In a GA, the information exchange occurs directly in the form of crossover operations between
selected members (@mosomes and genes) of the population. The quality of information
shared depends on the members chasethere is no overall store of information available to

all members. In PSO, on the other hand, the particles haveotheiinformation as well as

aaccess to global information to guide their exploitatidinis can lead to competitive and
cooperative optinsation techniqueéyuhua Li, Zhan, Lin, Zhang, & Luo, 2015)owever, no

attemp is made in standard PSO to share information possessed by individual particles. This
lack of individuatto-individual communication can lead to early convergence of the entire
population of particles to a neaptimal solution. Selective information shagi between
individual particles will not always avoid this narrow exploitation problem but, if undertaken
properly, could allow the particles to find alternative and more diverse solution spaces where
the global optimumlies. As can be seen from the abalrscussion, the distinctions between
communication (direct and indirect) and information sharing (random orar@om) can

become blurred.

In HCA, we utilise both direct and indirect communication to share information among selected
members of the wholeogpulation. Direct communication occurs in the condensation stage of
the water cycle, where some water drops collide with each other when they evaporate into the
cloud. On the other hand, indirect communication occurs between the water drops and the
enviroment via the soil and path depth. Utilising information sharing helps to diversify the
search space and improve the overall performance through better exploitation.

Furthermore, in some algorithms, indirect communication is used not just to find a possible
solution but also to reinforce on previous promising solutions. In some cases, such
reinforcement may lead the algorithmgettingstuck in the same solution, which is known as
stagnation behaviou(Mavrovouniotis & Yang, 2010)Such reinforcement can also cause a
premature convergence in some problems. Therefore, an important feature used in HCA to
avoid ths problem, which is the path depithe depths opathsare constantly changing, and
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deep paths will have a lower chance of being chosen compared with shallow paths. More details

will be providedabout this feature later in this chapter.

TheHCA can be dscribed formally as consisting of a set of artifisiater dropgWDs), such
that

060 wOhROh OO ,wherenO 1
The characteristics associated with each water drop are as follows:

T VWP The velocity of the water drop.
f Sdl'VP: The amount of soil the water drop carries.

1 [ :The solution quality of the water drop.

Carrying
Soil
Solution
Quality

Figure 3-8. Water drop characteristics

Typically, theinput to the HCA isany forms of a graph represeta of the problem solution

space. The graph can be a fully connected undirected @ap(iN, E), whereN is the set of

nodes andt is the set of edges between the nottesrder tofind a solution, water drops are
distributed randomly over the nodestbé graph and made to traverse the graph through the
edges to find the best solution. The characteristics associated with each edge are the initial

amount of soil and edge depth.

The initial amount of solil is the same for all the edges. The depth me#seicistance from

the water surface to threverbed,and carbe calculatedby dividing the length of the edge by

the amount of soil. Therefore, the depth varies and depends on the amount of soil that exists on
the path and its length. The depth of thehpatreases when more s@@lremovedover the

same lengthA deep path can be interpreted as either the path being lengthy or there being less
soil. Figure 3-9 andFigure 3-10 both illustrate the relationship between path depth, soil, and
path length.
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Figure 3-9. Depth increases with length increases for the sameuat of soil

Depth = 10/500
=0.02

=0.01

I Depth = 10/1000

! Length= 10 B Length= 10

Figure 3-10. Depth increases when the amount of isaieducecver the same length

The HCA goes through number otycles and iterations to find a solution to a problem. One
iterationis consideredcomplete when all water drops have generated solutions based on the
problem constraints. A water drop iteratively constructs a solution for the problem by
continuously moving between the nodes. Each iteration consists of specific stepsagehich
explainedoelow). On the other hand, a cycle represents a varied number of iterations. The main
advantage of considering a cyclic scheme in addition to the iterations is the utilisation of the
execution time. Because the algorithm lasycle some improements operations cdre
appliedevery cycle (i.e., every few iterations) instead of every iteration. In other algorithms,
these operations have b executedit the end of each iteratioAvoiding end of iteration
operationshelps in minimising the oveltaexecution time required to find a solution. In
addition, this gives the algorithithe chance to improve the results obtained from certain
iterations.Finally, the cycle prevents the algorithm from being stuck in the same solutions by

re-initialising sone of the parameters every cycle.

A cycle starts when the temperature reaches a specific value, which makes the water drops
evaporate, condense, and precipitate again. This procedure continues until the termination
conditionis met The functionality of eaeh of thesestagesanswers one of the following

questions:

I How to choose the next node to visit?
1 Whenthe water drops wikvaporate?
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How many water drops wikkvaporate?

Whichwater drops shouldvaporate? (How to choose among the water drops?)
What is tle purpose of the condensation stage?

What is the purpose of the precipitation stage?

= =4 4 A

3.3.1 Flow Stage (Runoff)

This stage represents the construction stage where the HCA explores the seardfhisiace.
carried out by allowing the water drops to flow (scaitleor regrouped) in different directions

and constructing various solutions. Each water drop constructs a solution incrementally by
moving from one point to another. Whenever a water drop wants to move toward a new node,
it has to choose betweddifferent numbers of node¢various branches). It calculates the
probability of all the unvisitechodes,and chooses the highest probability node taking into
consideration the problem constrainihis can be describedas a state transition rule that
determines th@ext node to visit. In the HCA, the node with the highest probability bveill
selected The probability of the ede is calculated using E.6):

v QYE @R Q0 QM0
v o S (36)
B, QY¢ WN QO QM0

whered  "Qis the probability of choosingodej from node, andvcis the visited list of each
water drop. Thé&(Soil(i, j)) is equal to the inverse of the soil betweamdj, and is calculated
using Eq(3.7). The g(Depth (i, k) is the inverse of tbepth and calculated using Eq. (3.8).

P
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3.7)

J=0.01 is a small value that is used to prevent division by zero. The second factor of the

transition rule is the werse of depth, which is calculated based on(&8).

P
0'Q A0
Depth (, j) is the depth between two nodesndj, and calculated by dividing the lengtt the

"Q0'Q A0 (3.9)

path by the amount of soiThis canbe expresseds follows:
0 'Q&"EQ

0RO — ez (3.9)

The depth values might have a vemgall value. Therefore, it can be normalised to be within a

specific range (i.e. [1100]) to be consistenwith thevalues ofother variablesThe depth of the
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path is constantly changing because it is influenced by the amount of existing soil, where the
depth is inversely proportional to the amount of the existing soil in the path of a fixed length.
The consideration of depth helps when the soil amounts are the sameecendifiathsbut

paths havalifferent depthsespecially in the first few iteration¥herefore, a water drop will
choose a shallower path over a deeper.dils offers the opportunity to explore new paths

and diversify the generated solutioii$is alsosimulates the behaviour of the flowing water

on the ground, where the water stadsspread over the ground until some of the paties
carvedas a result of more water flowing on these pdtbhsus asume the following scenario
(depictedby Figure3-11), where water drops have to choose between nbde8 after node

S

@ QQ (}
0 (4) o .0
(5] b

() (®) (®)

Figure 3-11. The relationship between soil and depth over the same length

Initially, both edges have the same length and sanmuat of soil (line thickness represents

soil amount). Consequently, the depth values for the two edges will be the same. After some
water drops chose nodg to visit, the edge FA) as a result has less soil and is deeper.
According to the new state tratisn rule, the next water drops will be forced to choose node

B because edges@) will be shallower than§A). This technique provides a way to avoid

stagnation andxplorethe search space efficiently.

3.3.1.1 Velocity Update

After selecting the next node, thater drop moves to the selected node and marks it as visited.
Each water drop has a variable veloc\y. Here, it is more accurate use the terrfivelocityo
instead of Aspeedo, where the water dr;op ve
or the rate of changing of its position (i.e., the speed of an object is the magnitude of its velocity)
(Colby, 1961) The velocity of a water drop might be increased or decreased while it is moving
basedon the factors mentioned alm Mathematically, the velocity of a water droptahe

(t+1) can be calculated using E§.10).

@ w pTT @
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Equation(3.10) defines how the water drop updates its velocity after each moventeci,is

illustratedin Figure3-12.

0Old Velocity New Velocity

T RARE

Random number Amount of Soil Carrying Solution Depth of
between [0, 1] on the path Soil Quality the path

Figure 3-12. Factorsthat affect the new value of velocity

Eachterm of the equation influences the new velocity of the water drop, whereis the
current water drop velocity, arilis a uniformly distributed random number between [0, 1]
that refers to the roughnessefficient. The roughness coefficient represents factors that may
cause the water drop velocity to decrede, path twist, fils, soil hardnessgravitational
accelerationand other obstacles that existtheir path Owing to difficulties measurinthe

exact effect of these factors, some randomness is considered with the velocity.

The secondermof theexpressionn Eq. (3.10) reflectsthe relationship between the amount of

soil existing on a path and the velocity of a water drop. The velocity of the water drops increases
when they traverse paths with |l ess soil
emphasiss thistermin the velocity update equati@nd helps the water drops emphasise

and favour the path witfewer soils over the other factar$he thirdterm of the expression
represents the relationship between the amount of soil that a water drogerglgwcarrying

and its velocity. Water drop velocity increases with decreasing amount difesagj carried

This gives weak water drops a chance to increase their velocity, as they do not hold much soil.
The fourthterm of the expressiorrefers tothenver se rati o of a wate
velocity increasing with higher fitness. The firtarm of the equation indicates that a water

drop will be slower in a deep path than in a shallow path.

3.3.1.2 Soil Update
Next, the amount of soil existing on the patid the depth of that pa#ltreupdated. A water

drop can remove (or add) soil from (or to) a path while moving based on its veldugys
expressed by E¢3.11).
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PN represents a coefficient (i.e., sediment transport rate, or gradation coefficient) that may
affect the reductiomn the amount ofoil. The soil carbe removednly if the current water

drop velocity is geater than the average of all other water drops. Otherwise, an amount of soil

is added(soil deposition).This simulates thesituationin which a water drogs able to carry

more soil if its velocityis high enough otherwise it will depositsomethesoili t 6 s carry
Consequently, the water dragpable totransfer an amount of soil from one placeatwther,

and usually transfers it from fast to slow parts of the path. The increasing soil amount on some
paths favours the exploration of other pathsrduthe search process and avoids entrapment in
local optimal solutions. The rate of chanigethe amount ofoil existingbetween nodé and

nodej depends on the time needed to cross that path, which is calculated ug®d&q.

R P
Y
VYé e 505 0 (3.12)

such that,

0Qi 0 GEA'Q
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(3.13)
Equation (3.12) shows that the amount of sbiing removeds inversely proportional to time.
Based on the second law of motion, time equals distance divided by velocity. Therefore, the

time is proportional to velocitgnd inversely proportional to path length.

Furthermore, based on equat{@11), the amount of soil being removed or added is inversely
proportional to the depth of the paffhis is because shallow soils will Easy to remove
compared to deep soils. Therefore, the amount obsailg removeavill decrease as the path

depth increasedhisis because the velocities of the water drops are higher in the upper layers
of the channel compared to the low velocityhe tower layers, seleigure3-13. This factor
facilitates exploration of new paths because less soil is removed from the deep paths as they
have been used many times befdreis may extend the time needed to search for and reach

bestknownsolutions.
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Figure 3-13.The relationship between the soil deposition and the depth as the vislagtreased

The depth of the path increases with more Beihg removedless amount of soil over the

same length will make it deeper, more snier the same length will make it shallower). The

depth of the path needs to be updated when the amount ekisting on the path changés.

is worth clarifying that the depth factor is not limited to the relationship between the soil and

the distanceThe depth cabe customisedccording tdhe problem specification (i.e., problem

heuristic) or user preferences. For example, for the job scheduling problem, the depth can

represent the time interval between the jobs.

3.3.1.3 Carrying Soil Update

In the HCA algoithm, we considered that the amount of soil the water drop carries reflects its

solution quality.This canbe donéby embedding h e

gual ity

of

t he

wat €

its carrying soil valueFigure3-14 illustrates the fact that a water drop with more soil carried

has a better solution.

A Soil

getter

Figure 3-14. Relationship between the amount of carrying soil and its quality

To simulate this association, themaunt of soil that the water drop is carryisgupdatedwvith

a portion of the soibeing removedrom the path divided by the last solution quality found by

that water drop. Therefore, the water drop with a better solution will carry mor&lsisitan

be expresseds follows:

Y€ Qa “YE Qa

YYé G

3.14)

The idea behind this step is to let a water drop preserve its previous fitness value. Later, the

amount of carrying soil valus usedn updating the velocity of the water drops.
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3.3.1.4 Temperature Update
The final step that occurs at this stage is updating of the temperature. The new temperature
value depends on the solution quality generated by the water drops in the previous iterations.

The temperature will be updated as follows:

AAT B p 4AT B YAAI P (3.15)
where,
4A1 B .
o) n
Y'YQ& I
n’4AID) S (3.16)
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andwherece f f i ci ent b is deter mi ned YDaiscalculatedn t h ¢
using Eq(3.17).
YO 0 QD000 ab odda 6 Q (3.17)

such that,
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According toEg. (3.15), theincreasen temperature will be affected by the difference between
the best solutionMinValue and the worst solutiortMaxValug. A lesser difference means
there was noa lot ofimprovement in the last few iterations and, as a result, the temperat
will increase(i.e.,temperaturés inversely proportional with solution qualjtyl his means that
there is no need to evaporate the water drops as long as they can find different solutions in each
iteration. The flow stage will repeat a few times Liiite temperature reaches a certain value.
When the temperature is sufficient, the evaporation stage begins.

3.3.2 Evaporation Stage

As in nature, evaporatigplays an important role ithe continuance of the water cycléhis

stage is very important prevening the algorithm from sticking with the same solution in
every iteration. Therefore, in this stage, the number of water drops that will evaporate (the
evaporation rate) when the temperature reaches a specific value is first determined. The
evaporation rates chosen randomly between one and the total number of water drops; this is

because of the difficulty in identifying a specific rate in nature, se€3BEd).

OY Y®E QEOa o Qi (3.19
whereERis evaporation ratandN is numberof water drops.
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Alternatively,in some situation, the evaporation rate can be updated to increase gradaally in
linear fashion.Therefore, the rate of evaporati can be determinedasedon Eg. (3.20).
Identifying the best way may depend on the problem search space.

oY DEN p P (3.20)

5
where, ER: Evaporation rate,= iteration numberg: current iterationM: maximum iteration

number, andPopsize population size.

Equation(3.20) shows that evaporation rate increases linearly from one up to the mimber

of water drops. According to the evaporation rate, a specific number of water drops is selected
to evaporate. The selection d®ne using the roulettevheel selection method, taking into
consideration the solution quality of each water dropy@e selected water drops evaporate

and go to the next stage. On the other hand, as the water drops evaporate the temperature value

will reduce Thisis similar to the evaporative cooling phenomenon in real life.

3.3.3 CondensationStage

In this stage, as themperaturelecreasesvater dropslrawcloser to each other, then collide

and combine or bounce off. These operations are useful as they allow the water drops to be in
direct physical contact each other. This stage represents the collective and cooperative
behaviour between all the water drops. A water drop can generate a solution without direct
communication (by itself); however, communication between water drops may lead to the
generation of better solutions in the next cybilethe HCA, physical contad used for direct
communication between water drops, whereas the amount of soil on thaedgiepth values

can be considered indirect communication between the water drops. Direct communication
(information exchange) has been proven to improve solugjoality significantlywhen
employed inother algorithmgMavrovouniotis & Yang, 2010)

In HCA, the condesation stage is considerénl be a problemdependent stage and can be
redesigned to fit the problem specification. For example, one way of implementing this stage
to fit the TSPis to use local improvement methods. Using tHesal methods enhances the
solution quality and generates better results in the next cycle (i.e., minimises the total cost of
the solution); with the hypothesis that it will reduce the number of iterations needed and help
to reach the optimal/ne@ptimal solution fasteExpression(3.21) shows the evaporated water
(EW) selected from the overall population, whanepresents the evaporation rate (number of

evaporated water drops):
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Initially, all the possible combinations (as pairs) are selected from the evapwedtgdirops
to share their information with each ot collision When two water drops collide, there is
a chance of either the two water drops merging (coalescence) or bouncing off each other. In
nature, determining which operation will take plackased on factors such as the temperature
and the velocity of each water drop. In this research, we considered the similarity between the
water dropsd solutions to determine which
than or equal to 50%etweent wo water dropso6 solutions, thi
and bounce off each other. Mathematically, thislmanepresenteais follows:

6&0:t@@O h  "YQ4& Qa hb 1Ob «

. (3.22)
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Finding the similaritypetween the solutionthe measure dfow closéwo solutions are to each
other, is problemdependentWhen two water drops cale and merge, one water drop will
(i.e., the collectorpecome more powerful by eliminating the other onetardeforeacquires
the characteristicef the otheli.e., its velocity).This merging operation iasefulto eliminate

and refinesimilar solutbns.

M 'Op @ 'Op 0o (3.23)

On the other hand, when two water drops collide and bounce off, they share information with
each other about the goodness of each andénow much aode contributes to their solutions.

The bouncof f operation generates information t
solutions quality in the next cycle leynphasig on the best nodes. The informatigenerated

is available and accessible tbwaater drops and helps them to choose a node that has a better
contribution from all the possible nodes at the flow stdges information consists of the
weight of each node. The weight measures a node contribution ratio to a solution\ghadity

can be customisedccording to the probletreing solvedThe idea behind sharing these details

is to emphasise the best nodes found up to that point. Within this exchange, the water drops will

favour those nodes in the next cycle. Mathematically, the weggtiie calculateds follows:

0€QQ

VDQWE ¢ QQ 3.24
W QAKX ¢ Yo (3.29)
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Finally, this stage is used to update tjh@baltbestsolution foundup to that pointin addition
to that, at this stage, the temperature vadueduced byp0° C. The lowering andsing of the

temperaturéelpto prevent the water drops from sticking with the same solution every iteration.

3.3.4 Precipitation Stage

This stage is considerdldetermination stage, as the algorithm clewkether the termetion
conditionhas beemet If the condition habeen metthe algorithm stops with the lagibbal
bestsolution. Otherwise, this stage is responsibleréimitialising all the dynamic variables,

such as the amount of the soil on each edge, depthhsf, plae velocity of each water drop, and

the amount of solil it holds. The-neitialisation of the parameters happens after certain iterations

and helps the algorithm to avdidingtrapped n | ocal opti ma, whi ch me
performance irthe next cycle. Moreover, this stageconsideredas a reinforcement stage,

which is used tplace emphasis othe best water drop (the collectofhis is achieved by
reducing the amount of soil on the edges that belong to the best water drop ss#etibq,

3.25).

Yé B T@ozi € @Rh ! "AON 6 Qi o (3.25)
The idea behind that is to favour these edges over the other edgesaxt cycle.

3.3.5 The HCA Procedure

Figure3-15explains the steps of the HCA algorithm, &igure3-16 explains the pseudocode
for evaporation, condensation and precipitastages
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PROCEDURE:Hydrological Cycle Algorithm
1. % PROBLEM INPUT Undirected  graph with edge weights.
2. % OUTPUT: The best solution
3. BEGIN
4, Read data file
5. Initialisation of the parameters
6. Initialise static parameters
7. Initialise dynamic parameters
8. Generate i nitial water drops (WDs) population
0. Distribute WDs randomly on nodes
10. | WHILE (termination condition is not met || iteration <
11. iteration - max)
12. Cycle =Cycle + 1
13. % Flow stage
14. REPEAT
15. Iteration = iteration +1
16. FOR each water drop
17. Choose next Node (Eq. (3.6))
18. Update velocity (Eg. (3.10)
19. Update Soil and depth of the edge (Eq. (3.11))
20. Update carrying soil (Eq. 3. 14))
21. END FOR
22. Calculate the fithesses of the solutions
23. Update local optimal solution
24. Update Temperature (Eq. (3.15))
25. UNTIL (Temperature = Evaporation - Temperature) // end a
26. cycle
27. Evaporation stage (WDs)
28. Condensation stage (WDs)
29. Precipitation stage (WDSs)
30. | END WHILE

RETURN solutions

END PROCEDURE

Figure 3-15. The HCA algorithm pseudocode
PROCEDURE:Evaporation (WDs) PROCEDURE:Condensation (WDs)
1. | Evaluate the solution quality 1. | Information exchange (WDs)
2. | ldentify Evaporation Rate (Eg. 2. (Egs. (3.21) i1 (3.24)
3. (3.19)) 3. | Identify The collector (WDs)
4. | Select WDs to e vaporate 4. | Update global solution
5. | END PROCEDURE 5. | Update the temperature
6. | END PROCEDURE
PROCEDURE:Precipitation (WDs)

1. | Evaluate the solution quality
2. | Reinitialise dynamic parameters
3. | Global soils update (belong to best WDs) (Eq. 3. 25))
4. | Generate a new WDs population
5. | Distr ibute the WDs randomly
6. | END PROCEDURE

Figure 3-16.The Evaporation, Condensation and Precipitation pseudocode

3.3.6 The HCA Flowchart

Figure 3-17 represents the overdlbwchart of the HCA algorithm and describes the role of

each stage.
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Figure 3-17. The HCA algorithm flowchart

3.3.7 Solution Generator

Basically,to find a solutiona number o&rtificial water drops are generated. These water drops

might be placeth the same node of a graph or distributed randoddgendandn the problem

being solved The water drops flow using the edges of graph The water drops build

solutions in parallel, wére each time a water drop chooses only one node. Then, the next water

drop chooses a node, and so on. This process continues until all of the water drops visit all the

nodes. Alternatively, a sequential technique candaethatallows a water drop to sit all the

nodes then the next water drop can start. Each water drop may generate a different solution

during its flow. However, as the algorithm iterates, some water drops start to converge towards

the best water drop solution by selecting the highesire s pr obabi | i ty.

for a problem carbe representeds a matrixjn which each row consists of a water drop

solution.
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At the end of each iteration,dlgenerated solutiorsse evaluatedand the best one is used to
update the locdbest solution. While, at the end of each cycle, the gibbat solution willbe
updated The edges belonging to the best solution are favoured with less amount of soil.
Subgquently, the water drops start flowing and generating solutions until the termination

conditionis met

3.3.8 HCA Parameters, Assumptions, and Platform

Adjusting the values of the parameterglificult and can be considered as optimisation
problem itself The parameter adjustment has an impact on the performance of algorithms.
There are different strategies to find the best values for these parafetesme algorithms,
the parameters need to beweed even itheyare to be used to solve differenttansces of the
same problem. There are two possible technitprggarameter tuning detail@dtheliterature
The first technique relies on conducting a series of tiiglg different combinations of the
parameters values eaaktempt The aim of thigprocess is to find the best settifag these
parametersThe best parameter setting is timet can produce a higuality solution. The main
drawback othe bytrial technique is that it requires a long timeatthieve the begtarameter
values The seond technique is to use one of the walbwn optimisation algorithms (i.e.,
genetic algorithm or neural network algorithm) to tune the new algorithm pararf€tess

Yang & Karamanoglu, 2013)

In the HCA,a number oparametersvereconsidered to control the flow of the algorithm and
help to generate a solution S o me of t hes e need toabmadjusteds 6
experimentallyaccordingo the problem domain, such as number of water diogsiaximum
number of iterationsin order to find the best values for these parameters, we have used
structural problems that are easy to be evaludigle3-1 lists the parameters and their values

asused inthe HCA. Some values were obtaineddoyducting somereliminary experiments

124



while others are based on values used in previous studiesvorth mentioning that these

parameters and their valuedivioe used for all experiments unlestherwise stated.

Table3-1. HCA parameters and their values

Parameter name Parameter value Obtained
Number of water drops Equal to number of nodes experimentally
Maanum number of Double the number of node experimentally
iterations
Initial soil on each edge 10000 (ShahHosseini, 2009)
Initial velocity 100 (ShahHosseini, 2007)
Initial depth Edge length/soil on that edg assumption

Initial cartied soil 1 experimentally
Velocity updating U=2 experimentally
Soil updating 0 (= 0.99 experimentally
Initial temperature 50, b=10 experimentally
Maximum temperature 100 experimentally

Some assumptions have been made to simplify the use of this algdnttma.first version of

HCA, the width of the path has nmtenconsidereas a factor thaffectsthe velocity valugo
reduce the number of parametekdditionally, the depth value might be very small, therefore,

it has been normalised to be within the rang&QQ] to be within the same range of the other
variabks.Finally, the amount of soil has been restricted to be within a maximum and minimum
value in order to avoid negative values. The maximum value set to be the initial soil value,

while the minimum value is fixed at one.

The algorithmwasimplemented using/ATLAB V.8.4 (R2014h. All the experimentsvere
conducted on a computer wisimIntel Core 154570 (3.20GHz) CPU and 16GB RANMR the
Microsoft Windows7 Enterpriseplatform

3.4 The Difference between HCA and IWDAIgorithm

The aim of this section i® clarify the major similarities and differences between the HCA and
IWD algorithms based on the mathematfcaimalisationof each oneDespite the fact that the

IWD algorithmis usedwith major modifications as a subpart of the HCA, there are major
differencesdetween IWD and the HCAoreover, despite the twaldgorithms shang the same

source of inspiratioil water movement in natuietheyare inspiredy different aspects of the

water processemndevents. Therefore, there are major differences between MiEha HCA.

In addition we identify some of the |1 WD algorit
addressed these iIissues. One of wateredropsi nasl ar
entities to generate a solutidn.addition in the HCA a water ap has velocity and can carry

soil in asimilarmannerto IWD algorithm.
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The following subsections explaim specific detailthe differences between the algorithms.

Later, the effect othe HCAmodifications will be tested using structural experiments

3.4.1 Choosing theNext Node

Choosing the next node to visit is very crucial and can himnghampact on theyuality of the
final solution In particular,this canbe observedvhen most algorithm entities keep choosing
the same nodes repeatedly because thare other factor affecting their decisiosaddition

the possibility of skecting the next node increassgh an increase in theumber of nodes to
choose fromIn the original IWD algorithm, the probability of selecting the next node is
calculated bsed on theamountof soil (seeEqg. (2.1)). Thus a path with less soil has a better
chanceof beingselectedhanapathwith more soil.This isbecausén naturewvater drops always

favour apathwith less soil

In contrast, in the HCA algorithriine probability of selecting the next nodeanassociation

between the soil and the deptrhich enables the construction of a variety of solut{sesEq.

(3.6)). This association is useful when the same amount of soil exists on different paths;
therefa e , the pathsdé depths are used to diffe
association helps to create a balance between the exploitation and exploration of the search
processThe edge with a lesser depthchosenand this favours exploratioAlternatively,

choosing the edge with less soil will favour exploitatidhis advantage was found to be most
notable in the first few iterations where the amount of soil is the same on all the graph edges
(see sectioR.4.6experimental proof). The deptf the path can be considered to be another

heuristic function, that can be customised based on the problem being solved.

3.4.2 Updating the Water Drop Velocity

The velocity of water dropglays an important role iguiding the algorithm to discover new
paths, a it affectshe amount o$oil existing on the edges. As the veloartgreasesmore soil

will be removedrom anedge. In the original IWD algorithm, the water drops EHge(2.4) to

update their velocity after they move from one place to anctherincrease in the velocity is

very small {mperceptibl¢. Equation(2.4) of IWD usesonly the amount of soil that exists on

the path tancreasehe velocity.The updatedoesnot consider thatvater dropvelocity might

also decreasghe more solil is carried (in weight) the lower the velociBgnversely, in HCA
additionalcrucialfactors thateflect the path situaticareconsideredThese factorallow water

drops tonot only increaséut also todecreaseelocity (seeEq. (3.10)) and gives other water
drops a chance to compete. The velocity of water drops plays an important role in guiding the

algorithm to discover new paths (water drops travelling at a high velocity can carve out more
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paths than those at a lower velocityhus, the fluctuation in velocity prevents one water drop

dominating the other water drops

3.4.3 Updating the Soil Exist on Each Path

One of the main factors thatfects the next edgehoiceis the amount oolil existing on that
edge. In the original IWD gbrithm, the amount of soil that exists betweamdj is updated
usingEq. (2.5) that removes sailn contrastin the HCA the soitupdate equation enabliesth
soil removal and deposition (sés. (3.11)). The underlying idea is to help the algorithm to
improve its exploration, avoigremature convergence, and avioging trappedah local optima.

3.4.4 Updating the Carrying Soil for Each Water Drop
In the original IWD algorithm, the water drops & (2.8) to updatehe amount of sotarried

by each water drop. The equation only reflextshange irthe amount ofsoil carried Thus
eachwater drop endsp carrying d@auge amount of soiln addition the amount of sotarried
(or carrying soi) was only usedh a global soil updat In contrastjn the HCA, the carrying
soil parameters alsoencoded with the solution quality; more szmtried thebetterthesolution
seeEq. 3.14). Including the solution quality in thearrying soil parametepreseres the
previous quality This carrying soil parameter, as has been explained in sectioni8.dlgo

usedto update water drop velocity

3.4.5 Other Differences

The major difference between the two algorithms rely on the existence of three critical stages
(i.e., evaporation, condensation, precipitation), whach associateavith the changes in
temperature. Thessages are believad improve the performance of tiaégorithmand pay
important roles in the construction of better solutidiise stages help the algorithm to avoid

being trappedn local optimasolutionsand mai nt ai n t he -intalisingab!| e s
somevariablesat the end of each cycle. These stages may @fireach iteration or after a

few iterations,dependanbn the goodness of the flow stage. Finally, in IWD only indirect
communication is consideredepresented by soil while both direct and indirect

communications are consideredivwe HCA as explaireeearly on.

3.4.6 Experiments andResults

A number ofsystematic experiments were conducted to measure thé HfeKormance and

analyse how the variables affect each otlénding a solution Additionally, the analysis aims

to find out how the usage of thete stages ay affect the obtained resuli&hese experiments

can validate the ability of the algorithm to avoiding convergence on local optimal solutions.
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The same experiments were performed for the IWD algorithm and the HCA in order to

differentiate the performances

3.4.6.1 Experiment 1
The purpose of this experiment is to explain how the values of certain variables have changed
after a number of iterations. The maximum number of iterations was set to fifty. The following

three variables were evaluated

1 Theamount ofsoil on the edges.
1 The velocityof the water drops.

1 The amount of carrying soil.

Figure3-18illustrates a simple graph of five equidistant nodeghis experimenta number
of waterdropsequal to theaumber of nodes, have been placed at Wo@ad will move toward
nodeE. All the edges have the same amount of soil.

Figure 3-18. Five nodes with the same distance between them

The IWD and the HCA algorithmwere executesn the same grapand thdar common
variableswere initialised with the same values. The average valokthese variablesvere
monitored and recorded at the end of each iteraiure 3-19 shows the average value for

these variables after fifty iterations using the IWD algorithm.
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A: Velocity of IWDs B: Carrying soil of IWDs
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Figure 3-19. IWDs Velocity, carrying soil, and soil exist on edges using IWD algorithm

The result of the)@eriment revealed defects in the design ofrtteghematicamodel of the

IWD algorithm. Figure 3-19-A shows thatthe average velocity of all the IWDs increased
slightly over fifty. In Figure 3-19-B, the average amount of soil carried by IWDs is large.
Finally, inFigure3-19-C, the average amount of soil existing on all the edges decreases sharply
in the first few iterations, uittthe amount of soil becomes negati@ne of the issues that
emerged$rom these findings is the algorithnr&bility to generate diverse solutioly rapidly
removing soil from certain edges leddshe possibility of premature convergence, which has

animpacton its efficiency.

Figure3-20shows the average values for the same variables along witbptievariable using
the HCA.
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A: Velocity of WDs B: Carrying soil of WDs
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Figure 3-20. IWDs Velocity, carrying soil, and soil exist on edges using HCA.

In HCA, changing in the vaks of these variables implies thteadinessf the mathematical
model design. For instance, the average velocityadér dropsvas increasing and decreasing,
indicating that somevater drog increased their velocity and some have decreased as intended.
Similarly, the average amount of the carried soayer drog was increasing and decreasing.

It was observed thdahe maximum average amount of soil on the eddesrease gradually

within the first few iterationsThesefindings explain the relativelgoodinterrelatedoetween

the algorithm stages.

Anothercritical weakness of the IWD algorithm is iitsability to make a different selection
among asetof nodes that have similar probabilitigdijla, Wong, Lim, Khader, & AlBetar,

2014) To explain this problem, let us assume thatimber ofvater drops havieeen placedt

nodeS and they have to choose the next node to visit between node 1, 2 argh@wasn
Figure3-21-A. The probabilityfor each nodés calculated based on Hg.1). In this example,

all the nodes have the same probabilRg@.33) because the sanamount of soil exists on

each path. Henceyater drops have no preference for any of the edgesording tothe IWD
algorithm procedure, once a water drop moves to a node, it will update the existing soil on that
path. Let us assume that the first wadesp chose the first node and it updatled soilto
become 900, sefeigure 3-21-B. When the second water drop has to choose, it calculates the
probability for all the three nodes again. Consequently, the second water drop will choose the

first node because it has the highest probability. The same prooassfor the last wadr
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drop, and it will choose the same node. This problem leads to the generation of the same solution
by all the water drops, dkey will continue to choose the same nodes as the first water drop
The main reason that there is otber heuristic or randoness associated with the probability

calculation to influence the decision of each water drop.

P(1) =0.33 P(1) = 0.357

&
8

P(3) =0.33 P(3) =0.321
S Soil = 1000 5_’@
Sor
P(3) =0.33 P(3) =0.321
(A) (B)

Figure 3-21. Three nodes witthe same edges' lengths

The same problem persists even wiglnying pathlengths, as shown iigure3-22.

P(1) =0.33 P(1) =0.357

P(3) =0.321

~O

(A) (B)
Figure 3-22. Three nodes with different edgéngths

One of the more common ways to address this problem is to include another heuristia that
affect the calculation of the probabilsiesuch as the inverse of the path length, seé3gg).
o P oi 8 P oo
0 E (3.29)
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However, this is not a guaranteed solution, because the water drops will always favour the
shortest paths. In the previous example, all the water dvopkl choosenode 2, as ibasthe
shortest edgesenerallythediscussed problem is related to thesignof the exploration and

exploitation processes.

In thedesign of theHCA, it was hypothesised thatdbes not matter which node is chosen first,
because after a few iterations the chosen Ipatbme deeper anthfluencesother water drops

to choose diffeznt pathsln other words,lte chance of using the same path decreases the longer

it is used To test this assumptiptwo experimentsvereconducted to check the behaviour of

the water drops in the HCA when it comesmosinghe next node to visit. Them of these
experimentsvas to validate the design of the exploration and exploitation process. Particularly,
the effect of using the depth as a second factor (i.e., bias) to control the process of choosing the

next node.

The experiments are designed dxhsn the doublebridge experiments which wereriginally
designedo measure the behavio(ire. its convergencend explorationability in the search
spacgof ACO algorithm(Dorigo et al., 1996)in the doublébridge experiment, the water drops
have to choose betwedwo possiblgpaths(two bridges) to move from one point to another.
The bridges may have the same or different lengthBigmre 3-23, water dropsre placedt
pointA and they have to move to polBusing bidge C or D. In the first case, the total cost of
the two possiblgathsis the sameln contrastin the second case, the cost of using brilge
D-B is less than the cost of usiAgC-B.

4/C\—
< @ 1

N P

Case 1: Equal bridges

4%
©

D

Case 2: Unequal bridges
Figure 3-23. A bridge experiment

One of theobjectivesof these experiments is to check whether the water drops will be able to
discover theshortestwo bridgepathor will always follow the same path, regardless of bridge
length. Therefore, two directed graphgere designed based on the two caseschEgraph

consists of six nodes.
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3.4.6.2 Double-equal Bridge Experiment:

The first graph is assumed to have ®gualbridges.The main goal of this experiment is to
explain how the water dropgll choose the next node to visit in case the candidate nodes have
the sameprobability of being chosen, s&ggure 3-24. A furthergoal of this experiment is to
demonstrate that the HCA algorithimas the ability teexplore the domain of the problem as
much as possible (i.e., convergence ratéjhere in some problemdinding the
minimum/maximum valuesf the objectivefunctionis not always the main goal, but finding

various solutions is ultimately important such as scheduling or classification problems.

In this experiment,is water dropswere placedat the starting poinfnodeS) and will flow

O— O
o

Figure 3-24. An equal bridge graph

towards the end poirjhodeE).

The node s o6forthisgraphivereenatérezbs listed inTable3-2. Then, the algorithms

were executed

Table3-2. Equal bridge nodésoordinates

Node X. Y.
coordinate coordinate
S 0 5
A 5 5
B 10 10
C 10 0
D 15 5
E 20 5

In both algorithms, the edgesereinitialised with the same amount of soil and the same initial
velocity. In the IWD algorithmthe choice of the next node is biased only by the amount of the
soil. In HCA, the choice of next node is biased by the amount of the soil and the depth of the
path, with more emphagmsacedon the amount of soil; such that a path with less soil and less
depth has a higher probabilityh@ depth is calculated based on #&meountof the soil that

exists on the path and its length. Therefore, in this graph, both the amount of soil and the depth

of each bridge are the same. When the first water drop reasties ithe decision point), it
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has to choose between nd8l@ndC. Therefore it calculates the probability of each node. In
both algorithms, the probability of choosing ndgler nodeC is the sameThis probabilitycan

be interpretedas each bridge has 5% chance of being selected. In tkituation both
algorithmswill choose the first node with the higher probability (i.e. nBjleand will update

the amount of soil existingn the edgéetweerA andB. The depths thenupdated accordingly

in the HGA. As explained earlier, the water drops in the IWD algoritamtinue to choose the
same nodeTable 3-3 shows the probability of choosing each bridge, and the chosen bridge

using IWD algorithm

Table3-3. The soil and probability for each node in equal bridge using IWD algorithm

V[\)/?ct)zr Bridge Soil Sum (Soil) 1/Soil Probability chosen edge
WD 1 A-B 10000 0.00020 0.000100 0.50000 A-B
A-C 10000 0.000100 0.50000
WD 2 A-B 988.85 0.00111 0.001011 0.91001 A-B
A-C 10000 0.000100 0.08999
WD 3 A-B 87.73 0.01150 0.011398 0.99130 A-B
A-C 10000 0.000100 0.00870
WD 4 A-B -2.378 -0.42050 -0.420597 1.00024 A-B
A-C 10000 0.000100 -0.00024
WD 5 A-B -11.408 -0.08756 -0.087657 1.00114 A-B
A-C 10000 0.000100 -0.00114
WD 6 A-B -12.293 -0.08125 -0.081348 1.00123 A-B
A-C 10000 0.000100 -0.00123

In contrastto IWD, in the HCA,water drops will keeflowing, and the selected bridge may
change each time a water drop reaches the decision point as the ansmiarad the depth
are changedeventually, the algorithm arrives at the best solutiorickvis in this experiment

is either one of the two bridges

Table 3-4 shows how the amount of soil and the deptfange and how they affect the
probability of choosing the next node. These valese takerduring the execution of the
HCA in the first iterationlt was observed that half the water drops chose bi#dBeD, and

the other half chose bridgeC-D. Thus, unlike IWD, the HCA was able to generate different
solutions by exploring both bridges
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Table3-4. The soildepthand probability for each node in equal tge using HCA

‘[’)Vritsr Bridge  Soil Depth:SDO:ftance/ Noggg'tﬁed 5 e1|/3 o Probability ng;g”
woi AB 10000 0.000700 1.08783 091926 05 A-B
A-C 10000 0.000700 1.08783 091926 0.5

wpp AB 896051 0000781 109595 0.91245 0.49814
A-C 10000 0.000700 1.08783 091926 050186  A-C
wos AB 896051 0000781 109595 091245 0.49988
A-C 902257  0.000776 1.09542 091290 050012 A-C
woa AB 896051 0000781 1.09595 091245 050198 A-B
A-C  8060.71  0.000868 110467 0.90525  0.49802
wos AB 803173 0000872 110499 090499  0.49993
A-C 806071  0.000868 110467 0.90525 050007 A-C
wog AB 803173 0000872 110499  0.90499 050208 A-B
A-C 726239  0.000964 111422  0.89749  0.49792

The algorithm was able to generate different solutiopsexploring the two bridgeghis
demonstrates that each of the two bridges used 50% approximately for each. The final obtained

resultsare presenteith Figure3-25.

Equal bridge
L

Water Order of nodes B

drops \

WD 1 S A C D E ‘

WD 2 S A B D E ‘. . . .
-~ S A D E

WD 3 S A C D E 4

WD 4 S A B D E )

WD 5 S A C D E c

WD 6 S A B D E ﬂU 5 1.0 15 20

X-axis

The original h
The final solution of each water drop e original grap

Equal bridge Equal bridge
10 10 e

B

Y-axis
a

C

. L
0 5 10 15 20
X-axis

Figure 3-25. Thefinal resultsof the HCA on the equdlridge experiment

3.4.6.3 Double-unequal Bridge Experiment:
This experimenuses a graph witainequabridge lengthss illustratedn Figure3-26.
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Figure 3-26. An unequal bridge graph

The nodes6 coor asenteeedarelistedonfTable3b5i s gr aph

Table3-5. Unequal bridge nod@&coordinates

Node X_ Y.
coordinate coordinate
S 0 5
A 5 5
B 10 15
C 10 0
D 15 5
E 20 5

The same initial stepsere followedas in the equal bridge experiment. In the IWD algorithm,
the two edges have the same probability; hence, the water dropsuednthoosing the first
edge A-B). When,the IWD transition rulevasmodified by considering the inverse of the path
length, according t&q.(3.28). The algorithm was able to find the shortest path. However, none
of the water drops chose tlumgerbridge.Thisindicates the inability of the IWD algorithm to

discover more of the search space.

In HCA, the two bridges have the same amount df bot thedepth will be different as they

have different length€Once the first water drop has reached the decision point, it chose node

C because it has the highest probabilRy(B)= 0.491,PA(C)=0.509).Table3-6 illustratesthe

changes in the soil amount and the depth as the water drops cross the bridges during the first
iterationof the HCA
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Table3-6. The soil, depth and probability for each node in unequdge using HCA

ngézr Bridge ~ soil et Distance/ Nogmeg'tﬁed 5 elé 4 Probabilty ng;i”
w1 AB 10000 0001100 112972 088517 0.49083
A-C 10000  0.000700 108905 091823 050917  A-C
A-B 10000  0.001100 112900 0.88574  0.49%0
WD2 ac 900342 0.000777 109608 091235 050740  A-C
A-B 10000  0.001100 112900 0.88574  0.49464
WD3  ac 806829  0.000868 110509 090491 0.50536  A-C
wpa AB 10000 0001100 112900 0.88574  0.49677
A-C 727408  0.000962 111456 089722 050323  A-C
A-B 10000  0.001100 112900 0.88574  0.49913
WDS ac 655387  0.001068 112513 088879 050087 A-C
A-B 10000  0.001100 112900 0.88574 050182  A-B
WDE ac 588342 0.001190 113730 0.87927  0.49818

TheA-C bridgebecame deeper with more soil remoMegcausét was usedntensivelyby the
water dropsConsequently, this allowed the use of the next bridgB)(as it is shallower.
Despitethe algorithmusingbothbridges, it succeeded in providing the best solution at the end

of theexecution. The finaesultsare presenteth Figure 3-27.

Un-Equal bridge
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Figure 3-27. Thefinal-resultsof the HCA on the unequhlidge experiment
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In summary, based on the experimental results, the HCA algorithm shows an ability to deal
with the two bridge scenariosvith promisingperformance. Moreover, the fluctuation in the
depthsof edgesappears to be able to promote exploration of different promising areas in the

search space amoid stagnation

3.5 Similarities and Differences toOther Water-basedAlgorithms

In this section, thenajor similarities and differences between the HCA and atlaéerbased
algorithms such as IWD, WCA, and WFA are highlighted. While these algorithms share the
same source of inspiration, water movement in nature, they are inspired by different aspects of
the water processeshe parameters, operations, exploration techniques, the formalisation of
each stage, and solution construction differ in both algorithmreeddition, none of them takes

into account the full water cycle and the activities assocwiirdvater movement. The partial
simulation of a natural process may limit the algorithm performance, especially in terms of
exploration and exploitation capabilities which can lead to problems such as stagnation,

increased computational effort, or premataonvergence.

The WCA omits some important factors in the natural water cycle. In WCA, no consideration
is made for soil removal from the paths, which is considered a critical operation in the formation
of streams and riverén WCA there is no temperatiand the evaporation rate is based on a
ratio based on quality of solutiomhere is no consideration also for the condensation stage in

WCA, which is one of the crucial stages in the water cycle.

The WFA mimics the hydrological cycle in meteorology #melerosion process of water flow.

The framework and working mechanism of WFA differ from HCA in many points, such as: the
WFA did not consider the velocity of water drops or amount of soil that will be removed or
deposited. The WFA depends only on thevfistage of the water cycle, while the other stages
are optional and can be utilised if necessary for some problems. In WFA, moving the drops is
based on using local search methods, and there is no specific heuristicingelonthe

algorithm.

The HCA haautilised the major components of the natural water cyidie. added advantage

of HCA is that all stages of the hydrological water cycle are included, leading to an overall
conceptual framework under which other wdiased algorithms can be placed. In &ddi

the inclusion of all stages allows both direct and indirect communication to take place among
particles, leading to enhanced swarm intelligefi@ble 1 summarises the major differences
between IWD, WCA, WFA, and HCA based on some criteria.
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Table3-7. A summary of the main differences between IWD, WCA, WFA, and HCA

Criteria IWD WCA WFA HCA
actions and reactions .
. the hydrological
that occur to water  streams and rive : thefull
o I cycle in meteorology :
Inspiration drops in rivers . hydrological
. flow towards the sea  and the erosion
(Water drops flow in cycle
. phenomenon
rivers)
Entities intelligent water dreams clouds are generatec artificial water
drops then,drops of water drops
moving from higher
Flow Stage  moving water drops changln_g'streamS pos_lt'lons to lower moving water
positions positions based on drops
erosion capability
based on soll

based on river and

Choosing the
sea positions

based on the soil

next node
Velocity aways increases N/A
Soil update removal N/A
: . equal to the amount
CEnming) <ol of soil removed from N/A
a path
N/A when theriver
Evaporation position is very close
to the sea position
if the distance
Evaporation N/A between a river and
rate the sea is less than
the threshold
_ N/A
Condensation N/A
N/A randomly distributes

Precipitation

apply a local search
algorithm (altitude)

N/A

N/A
N/A
(optional)

no improvement
after a maximum

andpath depth
increases and
decreases
removal and
deposition
is encoded with
the solution
quality
based on the
temperature
value, which is
affected by the
percentage of

number of iterations improvements in

al the DOWs

N/A

(optional)

a number obtreams generate new DOWs

the last set of
iterations

random number

enable
information
sharing (direct
communication).
Update the
globalbest
solution, which
is used to
identify the
collector.
reinitialises
dynamic
parameters suct
as soil, velocity,
and carrying soil
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3.6 Summary

This chapter discussed thgdrologicalwater cycle in naturgndthe continuous movement of
water droplets between the earth and ke IWD algorithm was examined and the key aspects
of its implementation discussed. Aspects of the water cycle that were omitted in IWD were
identified and their potential to enhance exploration and exploitatiaadsss$ed in detail.

A new naturanspired algorithm called the HCA is presentethis algorithm was
conceptualised by delving deeper into hydrological theory. A framework was designed that
describes the steps of the HCA and a mathematical model buittefiaés a set of variables

and equations that describes the working mechanism of the HCA

The differences between other walbaised algorithms and the HCA algorithm are highlighted.
The HCA has a stronger conceptual link with the natural water cycle whgraced with other

water based algorithmgrguably, this closer conceptual link with the natural system has
resulted in an improved model. The results of the two structured experiments showed that the
HCA performed better than IWD on theo-bridge problem. It is demonstrated that this
improved performancis due to the exploration and exploitation processes inherent in HCA. In
summary, the experimental results reported in this section are promising and indicate the
convergence ability of the HCA owing tthe proper balance between exploration and
exploitation.This guarantees, at least in the context of these experiments, that the HCA can

proceed towards a global solution

In conclusion, if a natursspired approach is to be considered as a renvedisefil addition

to the already large field of overlapping methods and techniques, it needs to embed the two
critical concepts of selbrganisation and emergentism at its core, with intuithoglged (i.e.,
naturebased) informatiorsharing mechanisms for eftae exploration and exploitation, as

well as demonstrate performance which is on par with related algorithms in thelrield.
particular, it should be shown to offer something a bit different from what is already available.
We contend that the HCA satis§i these criteria and while further development is required to
test its full potential, it carbe confidently usedy researchers dealing witbptimisation
problems.The performance of HCA and its convergence were promising using the -double
bridge experimets. However, optimisation problems are more complicated than these
experiments. Hence, the HCA must be tested and evaluated on different benchmarked
optimisation problems. In order sxhievethat, the next chapters demonstrate the application

of HCA on dfferent types of problems.
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Chapter 4 Solving the Travelling Salesman Problem using HCA

A Pr o bolvingnis huntingit is savagepleasureandwe are borntoi t . 0
[Thomas Harrig

This chaptereports on work thatvaluates the performance of the HCA atistretedomain

problem, namely, theavellingsalesmarproblem (TSP)Although many approaches can solve

the TSP with high quality, the TSP remains an effective way of testing a new algorithm on
discrete problems. Thereforbgtmain goais tomeasurehe algoritmé s abi I i ty t o
nearly optimise) the soluticior a simple NFhard problemTo tune the parameter valy¢ise

HCA wasfirst testedon several structural TSP instances with different geometric sHdpese
instancesvere designedor easy evalation and demonstration of the optimal solution. Next,

the HCAwas testedn standard benchmarked symmetric TSP datasets from the liteTdtere.
resultsof these experimentsere evaluatedand the solution quality amtimberof iterations

were comparewith those of othemetaheuristi@lgorithms.

The rest of this chaptes organisedas follows. Section 4.bverviews the TSP and its
formulation.Section 4.2resentghe configuration oHCA andexplains its application to the
TSP. Section 4.8emonstrate the feasibility of solving TSRstancesy HCA and compares
the results with those of other algorithms. Discussion and conclusieqsesenteith Section
4.4,

4.1 Introduction

The TSP is a welknown classical problem in which a salesperson must visiy eesignated

city exactly once, and return to the starting point, via the shortest possible route. Such a path is
known as aHamiltoniancycle (Held, Hoffman, Johnson, & Wolfe, 198450r centuries, the

TSP has attracted researchers' attention owing to the simplicity of its formulation and
constraints. However, despite being easy to describauatersand, the TSP iglifficult to
solve(Hoffman & Padberg, 2013Because a vast amount of information besn amassezh

the TSP and thbehaviourof TSP algorithrs are easily observethe TSHs now recognised

as a standard benchmarking problem for evaluating new algorithmgcenparing their
performances with those efktablished algorithms. Many rddé problems and applications

can alsdoe formulatechs TSPsand some optimisation problems with different structures can
be reducedr transformed to TSPs, such asjibleschedulingproblem, theknapsackproblem,

DNA sequencing, integrated circuit (i.e., VLSI circuits) design, drilling problem, and the
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satisfiallity problem (Davendra, 2010; Matai, Singh, & Lal, 201®inally, a TSP can be
classified as a combinatoriaptimisationproblem, as it requires finding the best solution from

a finite set of feasible solutions.

Typically, a TSPs representeds a complete undirected weighted graph, where eachisiode
connectedo all other nodes. ThgraphG = (V, E) consists of a set df nodes (i.e. cities)
connected by a set Bfedges (i.e. roads), where the edgesassociate@ssigned) with various
weights. The weight is a nhonnegative number reflecting the distandeatbecost, otime of
travelling that edge. Given the node coordinates (locations), the Euclidean distance between

two nodes andj canbe calculateds follows:

0Qi 6 EWLQ » © W W (4.1)
The TSP can be a symmetric or asymmetric weighted problem. syni@etricproblem, the
path from nodé\ to nodeB has the same weight as the path from ridtenodeA. In contrast,
paths in theasymmetricproblem may be unidirectionalr carry differentweights in each
direction. Mathematically, the TSP che formulateds Eq(4.2) (Hoffman & Padberg, 2013)

whereDj represents the distance between nodesl].

0 Q¢ QG QO W o 4.2

subject to
"AQ pB HAQ Q (4.3

e
o
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In Eq.(4.3), the decision viaablesX; are set to 1 if the connecting edge is part of the solution,

and O otherwise:

p O dBQE W & @B QEDED QW
m 0&Ri 0Q Q
The TSP is consideredan NRhard problem, meaning that its complexity increases

@) (4.4

exponentially with increasing number of citi@herefore,the number of possible solutions
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rises rapidly as the number of cities iesases. Practically, the TSP finds the best order of the
visited nodes at the lowest cost, whoelmbe interpreteds a permutation problem. The number

of possible solutions fann-city problem is given by:

66aORINEa60 LS VMR o (4.5)
Equation(4.5) calculates the number of possible waysarrangingn cities into an ordered
sequence (with no repeats). As thartihg node is unimportant, there arel()! ratherthann!
possiblesolutions. The result is divided by tvbecaus¢ f or exampl e) rout e
Y 5 Y1) is the same as (1 Y 5 Y 4areignGedY 2

Figure4-1 shows a simple TSP with five nodes.

Figure 4-1. TSP instance with five nodes

In this example, there are five nodes with 120 possibleisnkit The number of possible
solutions carbe reducedo sixty by ignoring theeversaoutes, which have the same total cost.

One of the best solutions is (2 Y 1Y 5Y4Yz:
solution with the same cost but a differentasr t i ng node is (1Y 5Y4Y3

In general,small TSPsare most easily solvetly trying all possibilities (i.e. exhaustive
searching).This can be achievediy bruteforce, branckandbound, or the exact algorithm
(Saiyed, 2012)These methods generate all possibilities and choose thecdsastolution.
Although thesdechniques will guarantee the optimal solution, they become impractical and

expensive (i.e. requinenreasonabléme) when solvindarge TSP instances.

A simple alternative is a greedy heuristic algorithm, which solves the TSP using aiteurist
function. Such algorithms cannot guarantee the optimal solution, asléhegtperform an
exhaustive search. However, they perform sufficiently many evaluations to find the
optimal/near optimal solutiodMany greedy algorithms haveen developefibr TSPs, such as
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the nearesheighbar, insertion heustics, and dynamic programmingechniques.
Metaheuristi@algorithms can also provide higfuality solutions to large TSP instances. Some
of these algorithmgere discussenh Chapter 2.

4.2 The algorithm Setup

This section explains the specifications and the-$&8Btion process of the HCA.

4.2.1 Problem Representation andSolution Generator

Typically, the input of the HCA algorithns representeds a graph. In this research, the TSP
is assumedb be symmetric, andcting on dully connected graph. To soltke TSP problem
by HCA, we initially placea number ofvater dropgandomly on the nodes. The water drops

move from node to node along the edgesl each water drop has visited each node.

The candidate TSP saions are storedn a matrix, where each row represents a different
solution generated by a water drop. Therefore, a water drop solution consists of the order of the
visited nodes (with no repeat visits). The length of each row (i.eauheberof columng is
denoted by anddetermined by th&tal number of nodes (see K4.6)).
n:(fb O pc 8 ¢ Il
w0 p ¢ 8 £,
YE 0O 0 Q& é)l P ¢ 8 ¢&n (4.6)

I é 8 y

wO p ¢ 8 eV
After evaluating the generated solutions, the best soligi@elected Edges belong to this
solution are favoured with less amount of soil. At the end of each iteration, thech$Cks
whether the temperatuiehigh enough tevaporate the water drops. At the condensation stage,
the evaporated water drops share their information regarding the most promising node
sequenceThe similarities between the solutions of the water slrape measured by the

Hamming distanceThe algorithm then proceeds as described in Se8wdrChapter 3.

4.2.2 Local Improvement Operations

The quality of generated tours claa improvedoy many operations, suask-Opt (wherek =

2, 3, or 4)Helsgaun, 2002006) These operations enhance the performance of the algorithm
andminimisethe number of iterations to reach thestknownsolution. In the present problem,
we apply the Dpt operatioronthe selected water drops that will evapoedtihe condensian

stage The 2-Opt operation swaps the order of two edges at one, tand keeps the tour

connected. The swappimgsults ina new tour, which is accepted if it minimises the total cost
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(Blazinskas & Misevicius, 2011; Rocki & Suda, 201JR2pure4-2 describes thpseudocodef
the 20pt operation. This operatids repeatedintil a stopping criterion is met, such as no
further improvements after@rtain numbeof exchanges, or when tmeaximumnumber of

exchangess reached

PROCEDURE:2- Opt operation
INPUT: A route, distance  matrix
Original - Route : =route
Current -cost : = CalculateTotalDistance(route)
REPEAT: until no further improvement
FORx :=1 to Length(route) T 1
a :=route[x]; b = route[x+1]
FORy :=x+1 to Length(route) i1 1
c :=rout e[y];d . = route[y+1]
Edgel:(a, b)
Edge2:(c, d)
l(a, b) and (c, d) can be swapped with (a, c¢) and (b, d)
Il or (a, d) and (c, b)
route : = CreateNewEdges(Edgel, Edge?2) C El: =(a, d),
E2: =(c, b)
/[Reverse Order of nodes between b and c
New- cost : = CalculateT otalDistance(route)
IF (new - cost < current - cost)
New Route : =route
Current -cost :=new - cost
ELSE
route :=O0riginal - Route
END IF
END FOR
END FOR
END REPEAT
RETURN New Route, new - cost
END PROCEDURE

Figure 4-2. Pseudocode of th2-Opt operationadapted from Burtscher, 2014)

Figure 4-3 demonstrates the operation e©pt. In this example, the algorithm selects edges (2,
7) and (3, 8)andthencreates new edges (2, 3) and (7, 8). The order of the nodes between the

two edgesnust alsde reversed

ONY.CamO. Q—R—4

& 5 @ (5
® V—=® &—0~—®

Figure 4-3. Example of removing an intersectionb@pt

4.2.3 HCA Parameters andProcedure

The HCA parameter values for this problem are the same as gi@attion3 of Chapter 3.
The maximum number of iteratisequals 2imesthe number of node&igure4-4 explains
the stepsn solving the TSP by HCA.
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Figure 4-4. TSP solution procedure of HCA

4.3 Experimental Results andAnalysis

The HCAwas tested and evaluated two groups of TSP instance$;uctural and benchmark
The runtime and solution quality of the benchmark resuttiee compareavith those of other

algorithms.

4.3.1 Structural TSP Instances

To assess the validity of the generated output, we designed and generated synthetic TSP
structuresvith differentgeometricshapes ¢ircle, square, and triangléjhe performance of the

HCA is easier tobe evaluaté on these TSP structuréisan randomisednstances. Several
instancewith different numbersf nodes were generated for eattucture and were input to

the HCA algorithm with and without the@pt operationThe HCA wasxecued ten timesor

each instancelhe percentage difference (i.e., theviation percentage) between the obtained

and thebestknownvaluewas calculateas follows:

0 c:)g O QEGRHD QR ¢ WwEHa 6 Q
C

000 Qe —— - pnmb (47

In the circular structure, the circle circumfereneas dividedinto various numbers ohodes.

Note that the number of nodes influences the intefal distance, witfewernodes increasing
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the distance between nodes. The node numiasrvariedas 25, 50, 75, 100, 125, and 150,
where the first and last nodes have the same catedilhe shortest path lengtias calculated
by the circle circumference formula (2%). The circlewas centredt (1, 1) and its diameter
was seto 2 (i.e.,r = 1). Consequentlyits circumference was 6.28. The obtained resaes

reportedn Table4-1.

Table4-1. TSP results on a circular structure

. With 2-Opt Without 2-Opt
Instance  Optimal
Name Solution  Result 'ﬁ\rﬁe Difference Result %\rﬁe Difference
Circle_25 6.28 6.28 0.72 0% 6.28 0.65 0%
Circle 50 6.28 6.28 4.48 0% 6.28 4.47 0%
Circle _75 6.28 6.28 15.43 0% 6.28 15.13 0%
Circle _100 6.28 6.28 38.60 0% 6.28 37.23 0%
Circle _125 6.28 6.28 80.49 0% 6.28 74.50 0%
Circle _150 6.28 6.28 146.68 0% 6.28 136.99 0%

As shown inTable4-1, the HCA found the shortest path in each instance of this structure, both
with and without the Dpt operation. The circle instances are relatively easy to solve because
the distance decreases with increasing number of nodes. Thus, the soil aridaentediuced

more quickly on shorter edges than on longer edges, steering the algorithm towards the shorter
edges Figure 4-5 shows the output of the HCA on circular TSPs wdifierent numberof

nodes.

A circle of 25 nodes

A circle of 50 nodes

Y-axis

X-axis 0 0.5 1 15 2
X-axis
1. Cost=6.28 2. Cost=6.28
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Figure 4-5. TSP solutions on circular grids

Next, the TSRvas solvedn a square structure. Here, the nodlese evenly spacad anNxN

grid. The shortest tour distance was the product of the number of nodes and the distance between
the nodes (assumed as one unit). For example, in tpeit6(8x8) grid, the shortest path was

(1x16 = 16).For an odchumber of nodes, the cost ohvtelling to the last nodeas basedn

the length of the hypotenuse (1.41 in the present examples). Ten insiaticekfferent
numberf nodes wergeneratedand solved by the HCA with and without th€pt operation.

The resultsre listedn Table4-2.
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As shown inTable4-2, the HCA obtained the optimal results (the shortest path)viatthand

Table4-2. TSP results on a square structure

. With 2-Opt Without 2-Opt
Instance  Optimal
Name Solution  Result 'ﬁ\rlr?e Difference  Result 'I"i;\rg?e Difference

Square_9 9.41 9.41 0.10 0% 9.41 0.01 0%
Square_16 16 16 0.22 0% 16 0.22 0%
Square_25 2541 25.41 0.65 0% 25.41 0.64 0%
Square_36 36 36 1.74 0% 36 1.72 0%
Square_49 49.41 49.41 4.35 0% 49.41 4.33 0%
Square_64 64 64 9.90 0% 64 9.55 0%
Square_81 81.41 81.41 20.53 0% 81.41 19.58 0%
Square_10C 100 100 39.55 0% 100 39.44 0%
Square_121 121.41 121.41 74.054 0% 121.41 72.38 0%

Square_144 144 144  130.93 0% 146.89

125.18 0.02%

without the 20pt oper ation. The

slightly from the optimal The outputs of HCA with-®pt on square grids of differenzesare

shownin Figure4-6.
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Figure 4-6. TSP solutions on square grids

Finally, the TSRvas solvedn anequilateratriangular grid. The number of nodess varied
as 9, 25, 49, 81, 121, and 1@%ble4-3 lists the obtained resultsitiv and without the Dpt

operation.
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Table4-3. TSP results on a triangular structure

Instance Opuma] With 2-Opt Without Z-Opt
Name Solution Result Time Difference  Result Time Difference
Triangle _9 10.24 10.24 0.08 0% 10.24 0.08 0%
Triangle _25 27.07 27.07 0.67 0% 27.07 0.66 0%
Triangle _49 51.899 51.899 4.40 0% 51.899 431 0%
Triangle 81 84.727 84.727 20.89 0% 86.485 19.98 0.02%
Triangle _121 125.556 125.556 74.51 0% 127.964 70.87 0.0191%
Triangle_169 174.38 174.38 230.05 0% 182.97 210.74 0.049%

The HCA with and without ©pt operation produced almost similar results, except for the

triangles with 121 and 169 nodeshere using 2pt gave better result§he TSP is more

difficult on the triangularstructure than on the othetructuresbecause maniiypotenuses

connect the nodes to different layerse outputs of the HCA using@pt on triangular grids

with different node numbewre reportedh Figure4-7.
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Figure 4-7. TSP solutions on equilateral triangular grids

The experimental results indicate whether thgoalhm can generate different optimal
solutions f any) for the same problem in different runs. This ability depends on the
nondeterministic design of the algorithtHCA was found tosometimesgenerate alternate
optimal solutions. For exampleigure4-8 displays two optimal solutions for the same prohlem
Triangle_121generated by HCA

A Triangle o|“3121 nodes

A Triangle of’;121 nodes

9 118444120

8| wImn 11 117
71 10910 11 112
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Figure 4-8. Two optimal solutions of HCA on an equilateral triangular grid

The average execution timé® solving the TSRwvith the HCA for all probleminstancesare
listedin Table4-4. The execution time of the HCA increases with increasing number of nodes
because of the information sharing proc®ggh increasng number of nodesé solution space
increases exponentia)lya defining characteristic of NFard problems this also affects
execution time.The execution time also largely depends on ithelementationof the
algorithm, and on the compiler, machinggecification and operating system usdtl.is

possible to reducdaé execution time by improving the implementation of the algorithm
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Table4-4. Average execution time of TSP on circular, square and triangular grids

Instance Size With 2-Opt Without 2-Opt
Avg. time (sec) Avg. time (sec)

9 0.09 0.045

16 0.22 0.22

25 0.68 0.65

36 1.74 1.72

49 4.375 4.32

50 448 4.47

64 9.9 9.55

75 15.43 15.13

81 20.71 19.78

100 39.075 38.335

121 74.282 71.625

125 80.49 74.5

144 130.93 125.18

150 146.68 136.99

169 230.05 210.74

Figure4-9 plots the average execution time dsiraction of node number.
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250
With 2-Opt
%‘ 200 Without 2-Opt
f
)
£ 150
g
100
©
o
>
< 50
0
0 20 40 60 80 100 120 140 160 180

Number of nodes

Figure 4-9. Relationship between HCA execution time and instance size

Figure 4-9 showes thathte 20pt operationhaslittle affect on the execution time in small
instancegproblems with a low node count)ut noticeably increases the execution time in
larger problemd-However, 20pt was found to improve the quality of the solution for structures

with a high number of nodes.

4.3.2 Benchmark TSPInstances

Next, theHCA was appliedo a number ostandard benchmark instances from the TSPLIB
library (Reinelt, 1995) The selected instances have different structures with different numbers
of cities. ®me of these instances are geographical and based cityeahps others are based
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on VLSI applications, drilling, and printed circuit boards. The edggghts (distances)
between the nodes were calculated the Euclideandistance(Eg. (4.1)), and rounded to
integers. The TSP file format is detailed in Reir{@@91) Reinelt listed for every problem
either the value of a provably optimal solution or an interval given by the best known lower and
upper bound. The optimality of solutions has been proven by beargtbut or branckhand

bound algorithms.

For comparing optimisation algorithms applied to a camrset of problems, a paired sample
t-test is the best choice because it provides a pairwise comparison between two subjects. All
the statistical comparisons in this research have been achieved using a paired dastpiks t
paired samplestest compargetwo sample means from the same population regarding the same
variable at two different times such as during atpst and postest. A paired test is the test of

the null hypothesis that the means of two subjects are equal. The ptestdst used for
correlated observations and thus is theoretically more powerful than the unptestd t
Furthermore, paired-tests are more comprehensive and compelling than unpatestst

because they are done with subjects that have similar characteristics.

On thebenchmark problems, the HCA was combined with th@p2 operation, whichwas
foundto haveimproved the solution quality in structural instances with large numbers of nodes.
The results are presentedTiable4-5. In this table, the number in each instance name denotes
the number of cities, and the difference column denotes the percentage difference lfresh the

knownsolutionusing Eq.(4.7).
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Table4-5. HCA results on benchmark TSP instances

Instance Node BestKnown

No. HCA Difference %
name number result

1 berlin52 52 7542 7542 0

2 ch130 130 6110 6110 0

3 ch150 150 6528 6528 0

7 d198 198 15780 15780 0

4 eil51 51 426 426 0

5 eil76 76 538 538 0

6 eil101 101 629 629 0

8 kroA100 100 21282 21282 0

9 kroA150 150 26524 26614 0.00339
10 kroA200 200 29368 29368 0

11 kroB100 100 22141 22141 0

12 kroB150 150 26130 26132 0.00008
13 kroB200 200 29437 29455 0.00061
14 kroC100 100 20784 20749 0

15 kroD100 100 21294 21294 0

16 kroE100 100 22068 22068 0

17 lin105 105 14379 14379 0

18 pr76 76 108159 108159 0

19 pri07 107 44303 44303 0

20 pri24 124 59030 59030 0

21 pri36 136 96772 96861 0.00092
22 rat195 195 2323 2323 0

23 st70 70 675 675 0

24 ts225 225 126643 126643 0

Average 29534.6 29542.9
T-test P-value) 0.12174

Table4-5 shows that the HCA achievadhigh performancehen solving TSPThe HCA found

the bestknow solution in 20 of 24 instances, and the differences in the other instances were
unremarkableA T-Test paired two sample for means (studertEsts) is use to ascertain if

the null hypothesis (means of two populations are equal) can be accepted or 18jeceethe

pi value is not less than our alpha, O.0fre is no significant differende the means between
theobtainedresultsandbestknownresults It can be concluded that our approach is no worse
than previous reported best resuliable 4-6 reports the minimum, average, and maximum

values of the cost, time and iteration number among 10 HCA executions for each instance.
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Table4-6. Minimum, average, and maximum HCA results on benchmarknsg&ces

Instance Time Iteration Instance Time Iteration
Cost Cost
name (s) number name (s) number
Min 7542 5.15 5 Min 29455  455.53 35
berlin52 Avg. 7565.3 5.36 37.9 kroB200 Avg. 29519.9 464.62 200.6
Max 7758 5.78 55 Max 29612 474.95 305
Min 6110 93.1 53 Min 20749 39.54 11
chl®d Avg. 6128.9 95.8 168.2 kroC100 Avg. 20751 39.74 71
Max 6177 101.6 359 Max 20769 39.96 303
Min 6528 150 17 Min 21294  40.10 5
chl150 Avg. 6550.8 1576 154.4 kroD100 Avg. 21416.4 40.43 151.4
Max 6570 1621 347 Max 21772  40.79 299
Min 15780 415 47 Min 22068 40.27 23
d198 Avg. 15785.3 422 209.6 kroE100 Avg. 22152.9 40.63 107
Max 15794 432.7 593 Max 22389 41.07 203
Min 426 4.70 11 Min 14379 46.59 11
eil51 Avg. 426.85 4.73 47.2 lin105 Avg. 1435.6 47.25 111.8
Max 430 4.79 86 Max 14412 47.75 263
Min 538 16.19 11 Min 108159 16.47 5
eil76 Avg. 5385 16.34 47.8 pr76 Avg. 108163.3 16.58 32
Max 539 16.45 137 Max 108202 16.84 215
Min 629 41.37 34 Min 44303 48.25 5
eill01  Avg. 632 41.60 99.9 prl07 Avg. 44367.5 48.84 80
Max 638 41.85 274 Max 44438 49.35 293
Min 21282 40.39 23 Min 59030 78.60 5
kroA100 Avg. 21308.1 40.7 112.4 pri24 Avg. 59030 79.19 47
Max 21369 41.0 275 Max 59030 79.96 101
Min 26614 161.4 11 Min 96861 109.96 41
kroA150 Avg. 26742.2 1627 204.2 pri36 Avg. 96985.1 110.93 204.2
Max 26917 163.7 371 Max 97235 113.14 371
Min 29368 461.1 29 Min 2323 385.41 29
kroA200 Avg. 29396.3 470 150.2 rat195 Avg. 2334.6 390.44 314.6
Max 29518 479.5 299 Max 2343  396.57 557
Min 22141 39.7 5 Min 675 12.42 11
kroB100 Avg. 22222 40.0 19.4 st70  Avg. 676.5 12.59 77.2
Max 22258 40.4 101 Max 681 12.71 182
Min 26132 158 83 Min 126643 626.73 125
kroB150 Avg. 26216.2 161.3 217.4 ts225 Avg. 126788.1 63624  336.2
Max 26329 165.1 419 Max 126962 643.72 647

The results iMTable4-6 demonstratéhe efficiency and effectiveness of the HCA algorithm. In
particular,the average result andestknown solution are very close in all instances. The
maximum difference was 0.00823% on the kroAXlshchmark,and zero on the prl24
benchmak. Moreover, the HCA optimised the solution on most benchmarks within a few
iterations.This early convergencis attributedio information sharing among the water drops,
and the use of the-@pt operation in the condensation stage. The solutions to tiodrnark

instancesre displayedh Figure4-10.
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Figure 4-10. HCA outputs on benchmark instances
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The minimal cost in HCAwas comparedvith the reported results of other watased
algorithms, namely, the intelligent water drops (IWD) algorithm and its modifications, water
wave @timisation (WWO), the water flowke algorithm (WFA), and river formation
dynamics (RFD). The comparisoaee summariseith Table4-7. The results of the original and
a modified IWD (columngl and 5, respectivgl were takerfrom (ShahHosseini, 2007and
from (Gulcl, Gulcl, Kahmmanli, Campus, & Selcuklu, 2013)espectively. The results of
another modified IWD, called the exponential ranking selection IWD (BRS; columné),
were extractedrom (Alijla et al., 2014) The results of columng and 8 were taken from
(Msallam & Hamdan, 2011who implemented the IWD and their proposedpista IWD on
TSP instances. The WWO results (column 9) were taken ¥orB. Wu et al., 2015)The
WFA and RFD results (columns 10 and 11) were borrowed (8nour et al., 2014and from
(Rabanal et al., 2009)espectively. The best results are marked in kaoidl f

Table4-7. Best results of HCA, the original IWD, modified IWDs, WWO, WFA, and RFD

Instance oSt Original  twp  ERS __AdaptveWD o wea  RFD

name known HCA IWD (4) ®) IWD IWD AIWD ©) (10) 11
result (6) (7) (8)

berin52 7542 7542 - 7542 - - - - -

ch130 6110 6110 - - 6316 - - 6338 6110

ch150 6528 6528 - - - - - 7014 6528

eil51 426 426 471 426 429 434 426 427 426 4419

eil76 538 538 559 540 545 552 538 557 538

eil101 629 629 - 639 654 - - - 629

kroAl00 2128 21282 23156 21429 21959 23183 21304 21668 21282

kKroAl50 26524 26614 . - . . - - 26524

kroA200 29368 29368 - - 31680 - - 31064 29368

kroC100 20749 20749 - 20816 - - - - -

n105 14379 14379 - 14393 14696 - - - -

pr76 108159 108159 - 109608 - - - - -

ratl9s 2323 2323 - - - 2461 2338

st70 675 675 - 676 - 710 675 - -

ts225 126643 126643 - - 275791 127325

Average  24791.7 24797.7 8062 19563.2 10897 50521.8 25434.3 11178 11426 4419
(T-test) P-values vs HCA 0.4025 0.2701 0.158 0.3219 0.1878 0.1302 0.2813

The numbers of instances solved by these algorithms are insufficient for calculating an accurate
P-value statistic Moreover, some of these algorithms perform as well as HCA in certain
instances. However, as confirmedTiable4-7, HCA outperforms the original IWD algorithm

and its various modification®ne plausible reason for the poor performance of the IWD
algorithm is the premature convergence and stagnatilmcahoptimal sdutions. In contrast,

HCA can escape from local optima by exploiting the depths of the paths along with the saill
amount. These actions diversify the solutions. The most competitive opponent to HCA was
WFA, which also optimised the solutions in the testestances. In contrast, the WWO

performed poorly because this algorithm was originally designed for contingousain
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problems, and its operations need adjustment for combinatorial problems. Moreover, the WWO
adopts a reducing populatisize strategy, whitdegrades its performance in some problems.

Finally, the WWO suffers from slow convergence because it depends only on the altitude of
the nodes.

The performances of HCA, IWD, adaptive IWBIWD) and modified IWD (MIWD) are
further compared ifable4-8. The best and average results of IWD and AIWD were taken

from (Msallam & Hamdan2011) while those of MIWD were taken froifghakhHosseini,
2009)

Table4-8. Best and average results of HCA, IWD, AIWD, and MIWD.

Instance HCA IWD AIWD MIWD
Name Best Avg. Best Avg. Best Avg. Bed Avg.
Eil51 426 426.85 434 443.2 426 428.4 428.98 432.62
St70 675 676.5 710 724.93 675 682.5 677.1 684.08
Eil76 538 538.5 552 564.43 538 542.86 549.96 558.23

KroA100 21282 21308.1 23183 23548.37 21304 21586.73 21407.57 21904.03
rat195 2323 2334.6 2461 2480.6 2338 2347.8
ts225 126643 126788.1 755791 276140.75 127325 128323.5

Average 29912.8 29947.6 130521.8 50650.4 25434.3 25652.0 5765.9 5894.7

T-test (P-values) vs HCA 0.3722 0.3656 0.3570 0.2867 0.3209 0.3611

This comparison aims to compathe robustness of HCA and other algorithDespite there
being no significant differences between the resliest, averagelhe average results are
closer to thebestknown resultsin HCA than in the other algorithmsuggestinghe superior
robustnes of HCA.Table4-9 compares the runtimes of the HCA, IWD and AIWD. The best

and average execution times and iteration numbers of the IWD algorithms were taken from
(Msallam & Hamdan, 2011)

Table4-9. Average execution times and best and average iteration numbers in HCA, IWD, and Adaptive
IWD

HCA IWD Adaptive IWD
Instance - - -
name Avg. Iteration Avg. Iteration Avg. Iteration
Time (s) [Best, Avg.] Time (S) [Best, Avg.] Time (s) [Best, Avg.]
eil51 4.73 [57, 47.2] 154.537  [1,509, 3000] 180.648 [190, 3000]
st70 12.59 [83, 77.2] 434.193 [960, 3,500] 453.631 [1769, 3500]
eil76 16.34 [46, 47.8] 567.208  [2147, 3,500] 571.251 [752, 3500]
kroA100 40.7 [89, 112.4] 1364.979 [3,698,3750] 1365.752 [2397, 3,750]
rat195 390.44  [401, 314.6] 2023.162 [604,5000] 2335.9392  [4995, ~]
ts225 636.24 [365,336.2] 3969.892 [1, 5000] 4162.92 [3,850, 5000]
Average 142.1 1419.0 1511.7
T-test (P-value) for Avg. Time 0.1162 0.1200
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According toTable4-9, HCA reaches the best solution after fewer iterations than IWD and
AIWD. This result confirms the superior efficiency of HCA. Moreover, adding the other stages
of the water cycle did not affect the average execution time of Hi@Awre 4-11 plots the

average execution times of the three atbars implemented on five benchmark problems.
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2500 AIWD
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eil51 st70 eil76 kroA100 rat195 ts225
Instance size

Figure 4-11. Average execution times of HCA, IWD, and Adaptive IWD

Solution searching by HCA was compared with those of otherkmeilvn algorithms, namely,
an ACO algorithm combined with fast opposite gradient search (F@E®) (Saenphon,
Phimoltares, & Lursinsap, 20143 genetic simulated annealing ant colony system R8O
(GSAACS PSO)(S-M. Chen & Chien, 2011)an improved discrete bat algorithnB#)
(Osaba et al., 20163etbasedPSO(S-CLPSO)(W.-N. Chen et al., 2010n modified discrete
PSO with a newly introduced mtitan factor C3 (C3DPSO); results taken fro(@hong et al.,
2007) an adaptive simulated annealing algorithm with greedy searchi@SAGeng et al.,
2011) the firefly algorithm (FA)(M. Wang, Fu, Tong, Li, & Zhao, 20165 hybrid ACO
enhanced with dual NN (ACOMAIMNN) (C.-F. Tsai, Tsai, & Tseng, 20043 discrete PSO
(DPSO)(Shi et al., 2007)a selforganizing neural network using the immune system (ABNET
TSP)(Masuti & de Castro, 2009)and an improved discrete cuckoo search algorithm (IDCS)
(Quaarab et al., 2014)able4-10 summarises the comparison results.
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Table4-10. Best results obtained by HCA and other optimisation algorithms

Bestknown ) GSAACS S C3D- ACOMAC - ABNET -
Instance name result HCA FOGSi ACO PSO IBA CLPSO PSO ASA-GS FA DNN DPSO TSP IDCS
berlin52 7542 7542 7546.62 7542 7542 7542 7544.37 7544.36 - 7542 7542 7542
ch130 6110 6110 - 6141 - - 6110.72 - - - 6145 6110
ch150 6528 6528 - 6528 - - 6530.9 - - - 6602 6528
eil51 426 426 426 427 426 426 426 428.87 428.87 430.01 427 427 426
eil76 538 538 546.83 538 539 538 538 544.37 552.61 546 541 538
eil101 629 629 633.40 630 634 629 640.212 - 638 629
d198 15780 15780 - - 15809 15830.6 15,955.6 - 15781
kroA100 21282 21282 22414 21282 21282 21282 21282 21285.4 21285.4 21,408.23 - 21333 21282
kroA150 26524 26614 - 26524 - 26537 26524.9 - - 26678 26524
kroA200 29368 29368 29717 29383 - 29399 29411.5 - - 29600 29382
kroB100 22141 22141 - 22141 22140 - 22139.1 22139.07 - - 22343 22141
kroB150 26130 26132 - 26130 - - 26140.7 - - - 26264 26130
kroB200 29437 29455 - 29541 - - 29504.2 - - - 29637 29448
kroC100 20749 20749 - 20749 20749 20824.6 20750.8 - - - 20915 20749
kroD100 21294 21294 - 21309 21294 21405.6 21294.3 - - - 21374 21294
kroE100 22068 22068 - 22068 22068 - 22106.3 - - - 22395 22068
lin105 14379 14379 - 14379 - 14379 14383 14383 - - 14379 14379
pr76 108159 108159 108864 - - 108159 108159 - 108280 - 108159
pri07 44303 44303 - - 44303 44301.7 44346 - - - 44303
prl24 59030 59030 - - 59030 59030.7 59030 - - - 59030
pri36 96772 96861 - - 97547 96966.3 97182.74 - - - 96790
rat195 2323 2323 - - - 2345.22 - - - 2324
st70 675 675 678.93 - 675 675 675 677.11 677.11 - 675 - 675
ts225 126643 126643 - - - - 126646 - - - - 126643
Average 29534.6 29542.9 21353.3 16062.2 24479.2 20585.0 5730 29554 29669 9587 23494 16051 29536.5
(T-test)P-values versus HCA 0.1120 0.6755 0.3327 0.3088 - 0.1129 0.2684 0.1536 0.3360 0.0014 0.1890

N o t e mearts fnéorrect value
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Although the complexity othe TSP increases with increasing number of cities, the HCA
outperformed the other algorithms in most instankE@svever, he P-values indicate therare

no significant differencesbetween HCA and other algoritlsmexceptbetween HCA and
ABNET-TSP. TheHCA competed with other algorithms such as the IDCS algorithm; indeed,
the results of HCA and IDCS were not noticeably different deetarge problemsThe high
performanceof HCA wasagainattributedto the effective design of the HGRAat included an
information sharing process among the water drops proces$elps theHCA exploit the
promising solutions and increases the speed of algorithm convergeeeelditional stages of
the HCA assist with exploring different solutions (enhancing the segpalitity), and prevent
trapping in local optima.

4.3.3 HCA ConvergenceEvaluation

This section analyses the performance of the HCA and its convergence rate. As previously
stated, the maximum iteration numb&as setto three times the number of nodes in the
instance Figure4-12 shows the convergence of the algorithm on the berlin52 instance. The cost

along the Yaxis denotes the total route length.
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Figure4-12. Local (blue) and global (red) best solutions on bé&2in

According to Figure 4-12, the solutionwas optimisedafter 65 iterations. Thderlin52
benchmark is relatively easy to solve because the node distribution reduces the possibility of
falling into local optima. The localnd global solutions are the best solution at the end of each
iteration and the best solution amoalj iterations respectively. Note that thalgorithm

converges towards thmestknownsolution.In addition the HCAgenerated different solutions
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in evey iteration andthe search procesgs preventetfom stagnating by theepth factor and
the information sharing among the water dropke depth factor increases the chance of
selecting previously unexplored or litilssed pathsrigure4-13 shows the convergence of the
algorithm on the eil51 instance. The solutias optimisedt the 64th iteration.
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Figure 4-13. Local (blue) and global (red) best solutions d& &

Figure4-14illustrates the convergence behaviour of the HCA on the eil67 instance. Here, the

solutionwas optimisedht iteration 171.

Figure 4-14. Local (ble) and global (red) best solutions orvéil
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