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Multi飊verseOptimizationAlgorithmforClusterAnaly灢
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多元宇宙优化算法应用于聚类分析
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(1.广西民族大学信息科学与工程学院,广西南宁暋530006;2.广西高校复杂系统与智能计算重
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Abstract:暰Objective暱Clusteringisapopulardataanalysisanddataminingtechnique.Thek飊
meansclusteringalgorithmisoneofthemostcommonlyusedmethods.Howeverthek飊means
clusteringalgorithmishighlydependentontheinitialsolutionanditiseasytofallintolocal
optimalsolutions.暰Methods暱Forovercomingthesedisadvantagesofthek飊meansmethod,this
paperproposedMulti飊verseOptimizationAlgorithmfortheclusteranalysisandexperimenton
syntheticandreallifedatasets.Thenumericalsimulationexperimentsandcomparisonswere
carriedoutbasedonasetoftestdata.TheMVOalgorithm wascomparedwithArtificialBee
Colony(ABC)algorithm,CuckooSearch(CS),ParticleSwarm Optimization(PSO).暰Results暱
Fromtheexperimentalresult,wecoulddiscoverthatMVOperformedthebestinmostdataset
cases.WecouldeasilyfindthattheconvergencespeedofMVO wasfasterthanotheralgo灢
rithmsmentionedinthispaperinmostcases.Anotherfactcouldbefoundthatthestabilityof
MVOcouldreacharelativelyhighlevelaswell.暰Conclusion暱Bothnumericalexperimentresults
andthegraphicalexperimentresultsshowthatMulti飊verseOptimizationAlgorithmismore
competitivethanotheralgorithmsforsolvingtheclusteringproblem.
Keywords:datamining,k飊means,clusteringproblems,multi飊verseoptimizationalgorithm
摘要:暰目的暱聚类是数据分析和数据挖掘技术中最重要的概念,其中,k飊均值聚类算法是最常用的方法之一。
然而,k飊均值聚类算法高度依赖于初值,容易陷入局部最优解。为了克服k飊均值聚类算法存在的不足,暰方法暱
本研究提出一种利用多元宇宙算法(MVO)解决聚类分析问题的新算法,并进行一些数据集测试实验。暰结果暱
数值模拟实验表明多元宇宙算法解决聚类问题效果优于人工蜂群(ABC)算法,布谷鸟搜索(CS)算法、粒子群优

化(PSO)算法等。暰结论暱在大多数测试数据集的情况下

多元宇宙算法解决聚类分析问题具有收敛速度快、聚类

精度高和稳定性好的优点。
关键词:数据挖掘暋k飊均值暋聚类问题暋多元宇宙算法

中图分类号:TP186暋暋文献标识码:A暋暋文章编号:
1005灢9164(2017)03灢0263灢11

0暋Introduction

暋暋Dataclusteringistheprocessofgroupingto灢
gethersimilarmulti飊dimensionaldatavectorsintoa
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numberofclusters.Clusteringalgorithmshavebeen
appliedtoawiderangeofproblems,includingex灢
ploratorydataanalysis,data mining[1],imageseg灢
mentationand mathematicalprogramming[2].Re灢
searchinexactalgorithms,heuristicsandmeta飊heu灢
risticsforsolvingcombinatorialoptimizationprob灢
lemsisincreasinglyrelevantasdatasciencegrapples
withlargerandmorecomplexdatasets[3].
暋暋Clusteringalgorithmscanbegroupedintotwo
mainclassesofalgorithms,namelyhierarchicaland
partitioned.Inhierarchicalclustering,thenumberof
clustersneednotbespecifiedapriorbutbyparti灢
tionedmethodsitshouldbedetermined.Asare灢
sult,hierarchicalmethodscannotalwaysseparateo灢
verlappingclusters.Additionally,hierarchicalcluste灢
ringisstaticandpointscommittedtoagivencluster
intheearlystagescannotbemovedbetweenclus灢
ters[4].Whilethepartitionedclusteringdivideintwo
categories:Crispclustering whereeachdatapoint
belongstojustoneclusterandfuzzyclustering
whereeverydatapointbelongstoeveryclusterto
somedegree[5飊6].Thispaperadoptsthefirstmeth灢
od:Crispclustering.
暋暋Severaloptimizationtechniqueshavebeenpro灢
posedtoincreasetheperformanceofclusteringal灢
gorithms.Nikametalhaveproposedanefficienthy灢
bridevolutionary algorithm based on combining
ACOandSAforclusteringproblem.In1991,Zama灢
nietal[7]havepresentedAntColonyOptimization
(ACO)algorithmbasedonthebehaviorofantssee灢
kingapathbetweentheircolonyandasourceof
food.ThenShelokaretal[8]solvedtheclustering
problem usingthe ACO algorithm.Kennedyand
Eberhart[9]haveproposedParticleSwarmOptimiza灢
tion (PSO)algorithm whichsimulatesthe move灢
mentoforganismsinbirdflockorfishschoolin
1999.
暋暋Multi飊verseOptimization(MVO)isoneofthe
meta飊heuristicmethodsproposedby Mirjalili[10]in
2016.The maininspirationsofthatalgorithm are
basedonthreeconceptsincosmology.Theyare
whitehole,blackhole,andwormhole.Themathe灢
maticalmodelsofthesethreeconceptsaredeveloped
to perform exploration,exploitation and local
search.Exploitationandexplorationaretwomajor

issueswhendesigningameta飊heuristic.TheMVO
algorithm has manyadvantagessuchasasimple
structure,immediatelyaccessibleforpracticalappli灢
cation,easeofimplementationandspeedtoacquire
solution.Soithascapturedmuchattentionandhas
beensuccessfullyappliedtoawiderangeofpractical
optimization problemsincluding realengineering
problems.Thispaperpresentsanew optimization
approachtodataclusteringbasedontheMVOand
analysisofconsumptionstructureofChineseurban
residents based on Dynamic Clustering Method
rate.

1暋Relatedwork

暋 暋Recently,bioinspiredstochasticsearch meth灢
ods,especiallythealgorithmsbasedonpopulation
behaviorandself飊organizationofsocialinsectsand
animals,knownasSwarmIntelligencealgorithms,

havebeenconsideredasanemergingalternativeto
traditionalclustering methods,because are very
suitabletodealwithglobaloptimizationproblems.
Thesealgorithmsareeffective,robustandadaptive,

producingalmostoptimalsolutionsthroughmecha灢
nismsofevolution.Numerousstudieshavebeen
performedconcerningclusteringusingSI.Mostof
thememployParticleSwarm Optimization(PSO),

thesimplestSIalgorithm,whichistheSIparadigm
thathasreceivedwidespreadattentioninresearch.
Nowadays,manyscientistsworkondatacategori灢
zingintheclusterswithdifferentmannerssuchas
meta飊heuristicalgorithmsthattheyaremostlyused
forsolvingoptimizationproblems[11].MVO algo灢
rithmforclusteringistoevolveasetofpossible
clusterscentroids(candidatesolutions)fordetermi灢
ninganalmostoptimalpartitioningofadataset.An
importantadvantageofMVOalgorithmappliedto
dataclusteringtaskistheirabilitytohandlelocal
minimabyrecombinationandcomparisonofvarious
candidatesolutions.
暋暋Multi飊verseOptimization(MVO)Algorithmis
anovelmeta飊heuristicalgorithminspiredbythe
phenomenonofmulti飊verse.Thealgorithm mainly
containstransferprogressandpositionupdatepro灢
gress.Thealgorithmhasadvantagessuchassimple
structure,lessparameters,easytounderstand,ex灢

462 GuangxiSciences,Vol灡24No灡3,June2017



cellentsearchability.Inrecentyears,Multi飊verse
optimization (MVO)algorithm hasreceived more
andmoreattentionofdomesticandforeignschol灢
ars,andhasbeensuccessfullyappliedtovarious
fields.Inview ofthelow accuracyoftraditional
methods,efficiencyisnothighandeasytofallinto
localoptimuminsolvingclusteringproblems.This
paperadoptstheMVOalgorithmtosolveclustering
problems.SimulationresultsvalidatethattheMVO
algorithmisfeasibleandefficienttosolvetheclus灢
teringproblems.
暋暋Inthispaper,dataclusteringproblemissolved
bypopulationbasedalgorithm (Multi飊verseOptimi灢
zation Algorithm).Forexplainingtheevaluation
processexplicitly,wesupposethatgivendatasetD
shouldbedividedintoKsubsets.Andthedimension
ofindividualofdatasetDism.Inordertooptimize
thecoordinatesofcentersofKsubsets,itiseasyto
findthatthedimensionofsolutionshouldbeK*m.
Theindividualinthepopulationcanbedescribedas
s=c1,c2,…,c( )k .Agreatclassificationshouldmin灢
imizethesumofdistancesvalue.Soweshouldtry
tominimizethedistancebetweenindividualdiand
thecenter(cj)ofsubsetitbelongsto.Finally,the
proposedalgorithmaimsatminimizingtheobjective
function,whichcanbeexpressedasfollowing:

暋暋f(D,C)=暺
n

i=1
min{暚di-ck暚k=1,2,…,K}

WhereD=(d1,d2,…,dn)isthegivendataset,C=
(c1,c2,…,ck)isthecentersofsubsets(G1,G2,…,

Gk).

2暋Multi飊verseoptimizationalgorithm

暋暋Multi飊verseOptimizationAlgorithm (MVO)is
inspiredbythetheoryofmulti飊verseinphysics,

Three mainconceptsofthe multi飊versetheory
(whitehole,blackhole,andwormhole)(seeFig.1)

aremathematicallymodeledtoconstructtheMVO.
Weutilizetheconceptsofwhiteholeandblackhole
inordertoexploresearchspaces[12] by MVO.In
contrast,thewormholesassist MVOinexploiting
thesearchspaces.Weassumethateachsolutionis
analogoustoauniverseandeachvariableintheso灢
lutionisanobjectinthatuniverse.Inaddition,we
assigneachsolutionaninflationrate,whichispro灢

portionaltothecorrespondingfitnessfunctionvalue
ofthesolution.Wealsousethetermtimeinsteadof
theiterationsinceitisacommontermin multi飊
versetheoryandcosmology.Thefollowingrulesare
appliedtotheuniversesofMVO:

暋暋Fig.1暋Whitehole,blackhole,andwormhole[13飊14]

暋暋(1)Thehigherinflationrate,thehigherproba灢
bilityofhavingwhitehole.
暋暋(2)Thehigherinflationrate,thelowerproba灢
bilityofhavingblackholes.
暋暋(3)Universeswithhigherinflationratetendto
sendobjectsthroughwhiteholes.
暋暋(4)Universeswithlowerinflationratetendto
receivemoreobjectsthroughblackholes.
暋暋(5)Theobjectsinalluniversesmayfaceran灢
dommovementtowardsthebestuniverseviaworm灢
holesregardlessoftheinflationrate.
暋暋(6)Inordertomathematicallymodelthe
white/blackholestunnelsandexchangetheobjects
ofuniverses,weutilizedaroulette wheelmecha灢
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nism.
暋 暋 Attheeachiteration,wesorttheuniverse
basedoftheirinflationratesandchoseoneofthem
bytheroulettewheeltohaveawhitehole[15].The
followingstepsaredoneinordertodothis.Assume
that

暋暋u=

x1
1 x2

1 … xd
1

x1
2 x2

2 … xd
2

汅 汅 汅 汅

x1
n x2

n … x

é

ë

ê
ê
ê
ê
êê

ù

û

ú
ú
ú
ú
úúd

n

,

wheredisthenumberofvariablesandnisthenum灢
berofuniverses.

暋暋xj
i=

xj
k暋暋r1 <NI(Ui)

xj
i暋暋r1 曒NI(Ui

{ )
,

wherexj
iindicatesthejthvariableoftheith uni灢

verse,Uishowstheithuniverse,NI(Ui)isnormal灢
izedinflationrateoftheithuniverse,r1isarandom
numberin(0,1),xj

kindicatesthejthvariableofkth
universe selected by a roulette wheelselection
mechanism.ProcedureofthebasicMVOisasfol灢
lows:

SU=Sorteduniverses
NI = Normalizeinflationrate f( )itness ofthe
universes
暋暋foreachuniverseindexedbyi
暋暋Black_hole_index=i;

foreachobjectindexedbyj;

暋暋r1=rand 0,[ ]( )1 ;

if暋暋r1 <NI(Ui)

暋暋 white_hole_index=
Roulete_Wheel_Selection(-NI);

暋暋 U(Black_hole_index,j)=
SU(White_hole_index,j);

暋暋endif
暋endfor
endfor

暋暋Toprovidelocalchangesforeachuniverseand
havehighprobabilityofimprovingtheinflationrate
usingwormholes,assumingthatwormholetunnels
arealwaysestablishedbetweenauniverseandthe
bestuniverseformedsofar.Themechanismisas
follows:
暋暋xj

i=

Xj+TDR* ubj-lb( )j *r4+lb( )j 暋r3 <0.5
Xj-TDR* ubj-lb( )j *r4+lb( )j 暋r3 曒0.{ 5

,

whereXjindicatesthejthvariableofthebestuni灢
verseformedsofar;TravellingDistanceRate(TDR)
(in Fig.2)isacoefficient;Wormhole Existence
Probability(WEP)isanothercoefficient;lbjisthe
lowerboundofjthvariable;ubjistheupperbound
ofjthvariable,r2 ,r3,r4arerandomnumberscho灢
senfrom (0,1).Hereistherandomnumberfrom0
and1 ofthetwonumbers.Wormhole Existence
Probability (WEP)and Travelling Distance Rate
(TDR).Theformercoefficientisfordefiningthe
probabilityofwormhole暞sexistenceinuniverses.It
isrequiredtoincreaselinearlyovertheiterationsin
ordertoemphasizeexploitationastheprogressof
optimizationprocess.Travellingdistancerateisalso
afactortodefinethedistancerate(variation)that
anobjectcanbeteleportedbyawormholearound
thebestuniverseobtainedsofar.Incontrastto
WEP,TDRisincreasedovertheiterationstohave
morepreciseexploitation/localsearcharoundthe
bestobtaineduniverse.

暋暋WEP=min+l* max-minæ

è
ç

ö

ø
÷

L
,

min(minimum)=0.2,max(maximum)=1,listhe
currentiteration,Lshowsthemaximumiterations.

暋暋TDR=1-l
1
p

L
1
p

,

Wherepdefinestheexploitationaccuracyoverthe
iterations.Inequals6isdefinedtheexploitationac灢
curacyovertheiterations.Thehigherp,thesooner
andmoreaccurateexploitation/localsearch.

Fig.2暋WEPversusTDR

ProcedureofthebasicMVOisasfollows:

foreachuniverseindexedbyi
foreachobjectindexedbyj
暋暋暋r2=random (0,1( )) ;
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ifr2 <Wormhole_existance_probability
暋暋暋r3=random (0,1( )) ;
暋暋暋r4=random (0,1( )) ;
ifr3 <0.5
U(i,j)=Best_universe(j)+
Travelling_distance_rate*((ub(j)-lb(j))*r4 +
lb(j));
暋暋else
U(i,j)=Best_universe(j)-
Travelling_distance_rate*((ub(j)-lb(j))*r4 +
lb(j));
endif
暋endif
endfor
endfor

3暋Simulationexperiments

3.1暋Experimentalenvironment
暋 暋 Allofthealgorithmsareimplementedin
MATLABR2012a.Thealgorithmsarerunonthe
same machine with AMD A10飊6700 CPU with
Radeon(tm)HDGraphics@ 3.70GHz,4.00GB
RAMandWindows7OperatingSystem.
3.2暋Comparisonofeachalgorithmperformance
暋暋Theproposed Multi飊verseoptimizationalgo灢
rithm compared with mainstream swarm intelli灢
gencealgorithms,CS[16飊19],PSO[20飊21],ABC[22飊24],re灢
spectivelyusingthemeanandstandarddeviationto
comparetheiroptimalperformance.Thesettingval灢
uesofalgorithm controlparametersofthe men灢
tionedalgorithmsaregivenbelow.
暋暋CSsetting:pa =0.25havebeenusedasrecom灢
mendedin,thepopulationsizeis50.
暋暋PSOsetting:weightfactor氊=0.7298,c1=c2=
1.4962,thepopulationsizeis50.
暋暋ABCsetting:limit=5Dhasbeenusedasrec灢
ommendedin,thepopulationsizeis50.
暋暋MVOsetting:ministheminimum (0.2inthis
paper),maxisthemaximum (1inthispaper),lin灢
dicatesthecurrentiterationandLshowsthemaxi灢
mumiterations.p (Inthispaperequals6)defines
theexploitationaccuracyovertheiterations.The
higherp,thesoonerand moreaccurateexploita灢
tion/localsearch.Thepopulationsizeis50.Andthe
maximum generations ofallalgorithms are set
1000.

暋暋Inthissection,eightdatasetsareselectedto
testifytheeffectivenessoftheproposedalgorithm,
includingtwoartificialdatasetsandsixreal飊lifeda灢
tasets(selectedfromtheUCImachinelearningre灢
pository).Thereareartificialsetone,artificialset
two,Iris,Contraceptive Method Choice (CMC),
Statlog(Heart),BalanceScale,Haberman暞sSur灢
vival,Wine.
3.2.1暋Artificialdatasetone
暋暋Artificialdatasetone(N=250,d=3,K=5).
Thisisathree飊featuredproblem withfiveclasses,
whereeveryfeatureoftheclassesisdistributedac灢
cordingtoClass1飊Uniform (85,100),Class2飊Uni灢
form (70,85),Class3飊Uniform (55,70),Class4飊U灢
niform (40,55),Class5飊Uniform (25,40).The
clusteringresultofMVOforart1inFig.3.Andthe
convergencecurvesofalgorithmsareshowninFig.
4.InFig.5,itistheresultofanovatestforartificial
datasetone.

Fig.3暋TheclusteringresultofMVOforart1

Fig.4暋Theconvergencecurvesofalgorithmsforart1
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Fig.5暋Theanovatestofalgorithmsforart1

暋暋InFig.3everycolorrepresentsoneclass.Class
coloredgreenandclasscoloredredarenotmixedto灢
gether.Andothersarethesame.Fourconvergence
curvescanbeseeninFig.4,whichisthecomparison
forartificialdatasetone.Wecandiscoverthatthe
curveofMVOismuchsmootherthanotheralgo灢
rithmsexpectPSO.Anditsconvergencespeedis
faster.Fig.5istheanovatestfordatasetart1.We
canfindthatthestabilityofMVOiswell.
3.2.2暋Artificialdataset
暋暋Artificialdatasettwo(N=600,d=2,K=4).
Thiswasatwo飊featuredproblem withfourunique
classes.Atotalof600patternsweredrawnfrom
fourindependent bivariate normal distributions,
whereclassesweredistributedaccordingto:

暋暋N2(毺=
miæ

è
ç

ö

ø
÷

0
,暺 0.5 0.05

0.05 0.
é

ë
êê

ù

û
úú

é

ë
êê

ù

û
úú5
),

wherei=1,2,3,4,m1=-3,m2=0,m3=3,m=6.毺
and暺beingmeanvectorandcovariancematrix,re灢
spectively[22].TheclusteringresultofMVOforart2
inFig.6.Andtheconvergencecurvesofalgorithms
areshowninFig.7.InFig.8,itistheresultofanova
testforartificialdatasettwo.

Fig.6暋TheclusteringresultofMVOforart2

Fig.7暋Theconvergencecurvesofalgorithmsforart2

Fig.8暋Theanovatestofalgorithmsforart2

暋暋Fourconvergencecurvesforartificialdataset
twoareshownin Fig.7.Thecurveof MVOis
smootherthanABCandCScanbediscoveredeasi灢
ly.FasterconvergencespeedofMVOcanbefound
aswellasPSO.Fig.8showsthatMVOhasahigh
degreeofstability.Andfourconvergencecurvesfor
artificialdatasettwoareshowninFig.7.Thecurve
ofMVOissmootherthanotherscanbediscovered
easily.Fasterconvergencespeedof MVO canbe
foundaswell.Fig.8showsthatMVOhasahighde灢
greeofstability.
3.2.3暋DatasetIris
暋暋Irisdata(N=150,d=4,K=3):Thisdataset
with150randomsamplesofflowersfromtheiris
speciessetosa,versicolor,andvirginicacollectedby
Anderson.Fromeachspeciesthereare50observa灢
tionsforsepallength,sepalwidth,petallength,and
petalwidthincm.ThisdatasetwasusedbyFisher
inhisinitiationofthelinear飊discriminant飊function
technique.TheclusteringresultofMVOforIrisis
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inFig.9.Andtheconvergencecurvesofalgorithms
areshowninFig.10.InFig.11,itistheresultof
anovatestforIris.

Fig.9暋TheclusteringresultofMVOforIris

Fig.10暋TheconvergencecurvesofalgorithmsforIris

Fig.11暋TheanovatestofalgorithmsforIris

暋暋Convergencecurvesoffouralgorithmsfordata
setIrisareshowninFig.10.ThecurvesinFig.10
showthatMVOhasafasterconvergencespeedthan
ABCandPSO.AndtheconvergencecurveofMVO
issmootherthan CS.Higherlevelofstabilityof
MVOcanbediscoveredinFig.11,whichshowsthe
anovatestresultforIris.
3灡2灡4暋DatasetContraceptiveMethodChoice
(CMC)

暋暋ContraceptiveMethodChoice(N =1473,d=
10,K=3):Thisdatasetisasubsetofthe1987Na灢
tionalIndonesiaContraceptivePrevalenceSurvey.
Thesamplesaremarriedwomen whowereeither
notpregnantordonotknowiftheywereatthetime
ofinterview.Theproblemistopredictthecurrent
contraceptive methodchoice (no use,long飊term
methods,orshort飊term methods)ofawomanbased
onherdemographicandsocioeconomiccharacteris灢
tics.TheclusteringresultofMVOforCMCisin
Fig.12.Andtheconvergencecurvesofalgorithms
areshowninFig.13.InFig.14,itistheresultof
anovatestforCMC.
暋暋AndfourconvergencecurvesfordatasetCMC
areshowninFig.13.ThecurveofPSOandCSis
smootherthan MVO.Butfasterconvergencespeed
ofMVOcanbefoundaswell.Fig.14showsthatthe
stabilityofMVOandPSOareinhighlevel.Andthe
stabilityofMVOisbetterthanABCandCS.

Fig.12暋TheclusteringresultofMVOforCMC
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Fig.13暋TheconvergencecurvesofalgorithmsforCMC

Fig.14暋TheanovatestofalgorithmsforCMC

3.2.5暋DatasetStatlog(Heart)

暋暋Statlog(Heart)dataset(N=270,d=13,K=
2):Thisdatasetisaheartdiseasedatabasesimilar
toa database already presentin therepository
(HeartDiseasedatabases)butinaslightlydifferent
form.TheclusteringresultofMVOforheartisin
Fig.15.Andtheconvergencecurvesofalgorithms
areshowninFig.16.InFig.17,itistheresultof
anovatestforHeart.

Fig.15暋TheclusteringresultofMVOforHeart

Fig.16暋TheconvergencecurvesofalgorithmsforHeart

Fig.17暋TheanovatestofalgorithmsforHeart

暋暋Fig.16showsthatCSisfasterthanthoseof
otheralgorithmsfordatasetHeart.AndMVOper灢
formsthesecondbest.ABCshowstheweaknessof
itsabilitytosolvingclusteringproblemfordataset
Heart.HighlevelofstabilityofMVOcanbediscov灢
eredinFig.17,whichshowstheanovatestresult
forHeart.
3.2.6暋DatasetBalanceScale
暋暋BalanceScaledata(N=625,d=4,K=3):This
datasetisgeneratedtomodelpsychologicalexperi灢
mentalresults.Eachexampleisclassifiedashaving
thebalancescaletiptotheright,tiptotheleft,orbe
balanced.Theattributesaretheleftweight,theleft
distance,therightweight,andtherightdistance.
Thecorrectwaytofindtheclassisthegreaterof
(left - distance*left - weight)and(right -
distance*right-weight).Iftheyareequal,itis
balanced.TheclusteringresultofMVOforScaleis
inFig.18.Andtheconvergencecurvesofalgorithms
areshowninFig.19.InFig.20,itistheresultof
anovatestforScale.
暋暋Fig.19showstheconvergencecurvesofmen灢
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tionedpopulationbasedalgorithms.Fasterconver灢
gencespeedcanbediscoveredeasilyfromthatMVO
isthebest.MVOisfasterthanPSO,ABCandCS.
AndinFig.20,thestabilityofMVOisalsobetter
thanothers.

Fig.18暋TheclusteringresultofMVOforScale

Fig.19暋TheconvergencecurvesofalgorithmsforScale

Fig.20暋TheanovatestofalgorithmsforScale

3.2.7暋DatasetHaberman暞sSurvival
暋暋Haberman暞sSurvival(N=306,d=3,K=2):

Thedatasetcontainscasesfromastudythatwas
conductedbetween1958and1970attheUniversity
ofChicago暞sBillingsHospitalonthesurvivalofpa灢
tientswhohadundergonesurgeryforbreastcancer.
Itrecordstwosurvivalstatuspatientswithageof
patientattimeofoperation,patient暞syearofopera灢
tionandnumberofpositiveaxillarynodesdetected.
TheclusteringresultofMVOforSurvivalinFig.
21.Andtheconvergencecurvesofalgorithmsare
showninFig.22.InFig.23,itistheresultofanova
testforSurvival.
暋暋Fig.22showstheconvergencecurvesfordata
setSurvival.FromFig.22,MVOisthesecondbest.
AndMVOisbetterthanABCandPSO.Highde灢
greestabilityofMVOcanbefoundfrom Fig.23
easily.

Fig.21暋TheclusteringresultofMVOforSurvival

Fig.22暋TheconvergencecurvesofalgorithmsforSurvival
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Fig.23暋TheanovatestofalgorithmsforSurvival

3.2.8暋DatasetWine
暋暋Winedata(N=178,d=13,K=3):Thisisthe
Winedataset,whichisalsotakenfrom MCIlabora灢
tory.Thesedataaretheresultsofachemicalanaly灢
sisofwinesgrowninthesameregioninItalybut
derivedfromthreedifferentcultivars.Theanalysis
determinesthequantitiesof13constituentsfoundin
eachofthethreetypesofwines.Thereare178in灢
stanceswith13numericattributesinWinedataset.
Allattributesarecontinuous.Thereisno missing
attributevalue.TheclusteringresultofMVOfor
WineisinFig.24.Andtheconvergencecurvesofal灢
gorithmsareshowninFig.25.InFig.26,itisthe
resultofanovatestforWine.
暋暋ConvergencecurvesfordatasetWineinFig.25
clearlyshowthat MVO hasafasterconvergence
speed.Anditshighdegreeofstabilitycanbediscov灢
eredinFig.26,whichistheanovatestforWine.

Fig.24暋TheclusteringresultofMVOforWine

Fig.25暋TheconvergencecurvesofalgorithmsforWine

Fig.26暋TheanovatestofalgorithmsforWine

暋 暋Becausethe MVO algorithm hasadvantages
suchassimplestructure,lessparameters,easyto
understand,excellentsearchability.sufficientexper灢
imenthasbeencarriedouttoeighttheabilityof
proposedMVOforsolvingclusteringproblems.For
validatingeightcomprehensively,eightdatasetsare
used.Fig.1-26showthecomparisonofconver灢
gencecurves,clusteringresultandtheanovatestre灢
sultsfordifferentdatasets.Fromthesecomparison
figures,wecaneasilyfindthattheconvergence
speedofMVOisfasterthanotheralgorithmsmen灢
tionedinthispaperinmostcases.Anotherfactcan
befoundthatthestabilityofMVOcanreacharela灢
tivelyhighlevelaswell.

4暋Conclusions

暋 暋Dataclusteringisa methodforcategorizing
similarordissimilardata.Nowadays,manyresear灢
chesareworkinginthisfield.Multi飊verseoptimiza灢
tionalgorithm (MVO)fordataclusteringhasbeen
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proposedinthispaper.Weexperimentedperform灢
anceofourproposaloneightdifferentdatasetsand
comparedtheresultswithPSO,ABC,CS.Forget灢
tingbetterperformance,weran10timeswith1000
iterations.Thegraphicalexperimentresultsshow
that Multi飊verseoptimizationalgorithm is more
competitivethanotheralgorithmsforsolvingthe
clusteringproblem.TheMVOisusefulforsolving
dataclusteringproblem.Futurestudieswillextend
thefitnessfunctiontoexplicitlyoptimizetheintra飊
clusterdistances.Moreelaboratetestsonhigherdi灢
mensionalproblemsandlargenumberofpatterns
willbedone.
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点以及拓扑控制存在的问题,提出一种基于节点链路

角度最优化的拓扑优化控制算法 LAOADT。实验

对比结果表明,在满足约束条件下,该拓扑优化控制

算法不但使节点链路之间角度控制在相对最大范围,
减小了定向通讯时信道的干扰,同时也改善了 WMN
网络的丢包率、延迟、吞吐量等性能,从而进一步提高

了 WMN网络的整体性能。这验证了基于节点链路

角度最优化的拓扑优化控制方案的可行性和实用性。
下一步将继续研究 WMN 网络中多信道分配算法以

及在北部湾海洋研究中的技术应用等问题,进一步优

化 WMN网络在应用领域的整体性能。
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