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ABSTRACT 
 iIn ithis ipaper iwe itend ito igift iapplication iof ihybrid iclustering ialgorithms i.Data icluster ihelps ione irecognize ithe istructure iof 

iand ialter ithe iquality iof ihuge iquantities iof iinformation. iIt ia itypical itechnique ifor iapplied imathematics iknowledge ianalysis 

iand iis iemployed iin iseveral ifields, ias iwell ias imachine ilearning, idata iprocessing, ipattern irecognition, iimage ianalysis, iand 

ibioinformatics. iThe iwell-known iK-means ialgorithm, iwhich ihas ibeen isuccessfully iapplied ito imany ipractical iclustering 

iproblems, ihas iseveral idisadvantages idue ito iits iinitialization iselection. iHowever, iits iperformance idepends ion ithe iinitial 

icentroid istate iand ican ibe itrapped iin ithe ilocal ioptima. iGenetic ialgorithms iare ian ievolutionary ialgorithm ithat iis iinspired iby 

inature iand iused iin ithe iclustering ifield. iIn ithis ipaper, iwe ipropose ia ihybrid imethod. iA ihybrid itechnique ibased ion ithe 

icombination iof ithe iK-means ialgorithm, ithe igenetic ialgorithm, ithe iNelder–Mead isimplex isearch iand ithe iK–GA-NM–

PSO iparticle iswarm ioptimization  iis iproposed. iThe iKM-GA–NM–PSO isearches ifor icluster icentres iof ian iarbitrary idata 

iset ias iwell ias ithe iK-means ialgorithm, ibut ithe iglobal ioptima ican ibe ifound ieffectively iand iefficiently. iThe inew iKM– iGA- 

iNM– iPSO ialgorithm iis itested ion iUCI irepository idata isets iand icompared ito iK imeans iand iKM- iGA iclustering ialgorithms. 

iThis ialgorithm ican ibe iimproved, isuch ias iimage isegmentation iand iuniversity itime itabling.“ iThe inew itechnique iK-mean–

GA–NM-PSO ialgorithm iis itested ion idata isets, iand iits iperformance iis icompared iwith ithose iof ik-mean, iGA, iNM, iPSO iand 

iK-means iclustering. iResults ishow ithat iK–GA–NM-PSO iare ibetter ithan iother icluster.” 

Keywords:- i iK-means iclustering, iGenetic ialgorithm, iNelder-Mead isearch imethod, iParticle iswarm ioptimization; 

 

I. 

INTRODUCTION i 

Clustering iis ia ivery iimportant iunattended 

iclassification itechnique. ionce iused ion ia icollection  iof 

iobjects, iit ihelps idetermine isome iinherent istructures 

igift iwithin ithe iobjects iby iclassify-ing ithem iinto isubsets 

ithat ihave isome ithat imeans iwithin ithe icontext iof ia 

iselected idrawback. iadditional ispecifically, iobjects 

iwith iattributes ithat icharacterize ithem, isometimes  

irepre-sented ias ivectors iduring ia imulti-dimensional  

ihouse, iare isorted iinto isome iclusters. iClustering  iis iof 

imany itypes iand iin ioperation ivaried. iThe ifundamental 

ivariations iin iclustering iare ihierarchical iand ipartitional 

iclustering. iThere iare imany ialgorithms ifor 

iperformance. i 

Many ialgorithms ihave ibeen isuggested ifor iclustering. 

iHowever, idue ito ia iwide ivariety iof iapplications, 

idifferent idata itypes iand idifferent iclustering ipurposes, 

iwe ican inot ifind ia iunique ialgorithm ithat ican imeet iall 

irequirements isimultaneously. iClustering ialgorithms 

ican igenerally ibe idivided iinto itwo igroups:Algorithms  

iand ipartitional ialgorithms iof ihierarchy. iHierarchical 

iclustering ialgorithms ifind iclusters irecursively ieither iin 

iagglomerated imode i(bottom-up) ior iin idivisive imode 

i(top-down). iAgglomerative imethods ibegin iwith ieach 

idata iobject iin ia iseparate icluster iand imerge ithe imost 

isimilar ipairs isuccessively iuntil ithe iend icriteria iare imet. 

iAll idata iobjects ibegin iwith idivisive imethods i 

In ione icluster, idivide ieach icluster iinto ismaller iclusters 

irepeatedly, ieven iuntil ithe itermination icriteria ihave 

ibeen imet. iIn icontrast, ipartitional iclustering ialgorithms 

isimultaneously ifind iall iclusters iwithout iforming ia 

ihierarchical istructure. iA iwell-known iclass iof 

ipartitional iclustering ialgorithms iis ithe iclustering 

imethod ibased ion ithe icenter iand ithe imost icommonly 

iused. iThis iclass ialgorithm iis ian ialgorithm iof ik-means. 

iK-means iare ieasy ito iimplement iand iefficient iin imost 

icases i[ i1–2]. i isuffers ifrom iseveral idrawbacks idue ito iits 

ichoice iof iinitializations. iHowever, iits iperformance 

idepends ion ithe iinitial istate iof icentroids iand imay itrap iin 

ilocal ioptima. iThe igentic ialgorithm i(GA) iis ione 

ieffective imethod ifor ifind ioptimal isolution. iBut iGA 

ialgorithms iwith iother ialgorithms ican iprovide 

isufficient iresults, iwhile isome iclustering ialgorithms, 

iwhile iworking ivery iwell, iprovide ifairly igood iresults, 

iare ibound iby ia iconstraint i/ icondition ithat ineeds ito ibe imet 

iand isatisfied ifor itheir iprecise iand isuccessful ioperation. 

 

Genetic ialgorithms itypically ibegin iwith isome 

icandidate ioptimization isolutions iand ithese icandidates 

ievolve itowards ia ibetter isolution ithrough iselection, 

icross- iover iand imutation. iThe ibasic iidea iis ito isimulate 

inature's ievolution iprocess iand idevelop isolutions ifrom 

ione igeneration ito ithe inext.These igenetic ialgorithms, 

iwhich icould iconverge ito ia ilocal ioptimum, iare 
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iinsensitive ito ithe iinitialization iprocess iand ieventually 

iconverge ito ithe iglobal ioptimum.  iParticle iswarm 

ioptimization i(PSO), ia ipopulation-based ialgorithm ihas 

ia islow iconvergence irate. iThis iproblem ican ibe iresolved 

iusing  ithe ilocal iline isearch imethod iNelder iMead i(NM). 

iIn ithis ipaper, iwe iexplore ithe iapplicability iof ithe ihybrid 

iK-means ialgorithm, iGentic ialgorithm i,Nelder-Mead 

isimplex isearch imethod, iand iparticle iswarm 

ioptimization i(K– iGA-NM–PSO) ito iclustering  idata 

ivectors.build ia inew ihybird iapporach ithat ienhances ithe 

iquality iof ithe iclustering i(reduces ithe iupcoming ierror). 

 iK-Mean iAlgorithm 

K-mean iintroduce iby iMacQueen, i1967 i[8] i. iK-Means 

iclustering iaims ito idivide in iobjects iinto ik iclusters iin 

iwhich ieach iobject ibelongs ito ithe inearest imean icluster. 

iThis imethod iproduces idifferent iclusters iof idifference 

iexactly ik. iThe ibest inumber iof iclusters ik ithat ilead ito ithe 

igreatest idistance iis inot iknown ias ia ipriori iand imust ibe 

icalculated ifrom ithe idata. iThe iaim iof ithe iK- imeans ithat 

iagglomeration  iis ito icut iback ithe ioverall iintra-cluster 

ivariance ior ithe isq. ierror ifunction i[10]. iThe iobjective 

ifunction iis i 

 

 i i i i i i i i i i i i i i  i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i  i i i i i i i i i i i i i i i i i i i i i i i i i i(1) 

 

Where i i i i  iis ia idistance imeasurement  

ichosen ibetween ithis idata ipoint iand ithe icluster icentre, iis 

ia idisplay iof ithe idistance iof in( inumber iof idata ipoints) 

idata ipoints ifrom itheir irespective icluster icanters iThe 

ialgorithm iis icomposed iof ithe ifollowing 

isteps[11]:Given iK, ithe iK-mean ialgorithm 

1. iRandomly ichoose ithe iinitial i"K" icentroids. 

2. iAssign ieach iobject ito ithe iclosest icentroid icluster. 

3. iCalculate ievery icentroid ias ithe imean iof iassigned 

iobjects. 

Repeat ithe ilast i2 isteps iwithout ialteration. 

Genetic iAlgorithm i(GA): 

GAs iwas ideveloped iby iHolland i[12] iand imore 

idelineate iby iGoldberg i[13] ias iimprovement 

iapproaches ito ifind ia inear-global ioptimal isolution. 

 iGA istarts iwith ia igroup  iof ipotential isolutions 

i(chromosomes). iNext, igenetic irule iare iused ikinds iof 

ioperators i(selection, imutation  iand icrossover) iare 

iapplied ione ionce ianother ito iget ia ibrand inew igeneration 

iof ichromosomes. iThis imethod iis irecurrent itill ithe 

itermination icriterion iis imet. 

Genetic irule icould ibe ia ipopulation-based iprobilistic 

isearch iand iimprovement itechniques, iwich iwork 

isupported ithe imechanisms iof inatural igenetic iscience 

iand inetural ievoluation. 

Algorithmically ithe ibasic isteps igiven ithat, i[14]-[15]: 

 iStep iI i[Start]: irandom ipopulation iof ichromosomes iis 

igenerated, ithat iis, isuitable isolutions ifor ithe iproblem. i 

Step iII i[Fitness]: ithe ifitness iof ieach ichromosome iin ithe 

ipopulation iis ievaluated. i 

Step iIII i[New ipopulation]: ia inew ipopulation iis icreated 

iby irepeating ithe ifollowing i 

steps: i1) iSelection: iSelect itwo iparents i(chromosomes)  

ifrom ia ipopulation iaccording ito itheir ifitness ivalue. iThe 

ichance ifor ieach ichromosome ito ibe iselected, ias ia iparent, 

iis idetermined iaccording ito iits ifitness. 

 i2) iCrossover: iAccording ito ithe icrossover iprobability 

i(Pc), inew ioffspring i(children)  iis igenerated ifrom 

iparents. i 

 

It iis iused ito igenerate itwo inew iindividuals i(offspring) 

iusing  itwo iexiting ione i(parents) iwho ihave ibeen ichosen 

ifrom ithe icurrent ipopulation. iCrossover imethods ivary 

iin inumber. iIn igeneral, ithe iinteger iand ibinary imethods 

ibased ion ithe isingle ipoint iover iof ithe iindividual iare 

ipopular 

 

In ithe iuniform icrossover ibits ithe isecond’s iparent iis irandomly icopied ifrom ithe ifirst. 
 i i 

(2) 

 i i iUniform iCrossover 

 

 

3) iMutation: iAccording ito imutation iprobability i(Pm), inew ioffspring iat ieach ilocus i(position iin ichromosome) iis 

imutated. 

Parent i1 11001011 Offspring i1 11011111 

 iParent i2 11011101 Offspring i2 11000100 

 Mutation iPoint 

Offspring 1010010010 
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 i i i i i i 
 

 i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i(3) 

Mutation  iOperator 

4) iAccepting: inew ioffspring iis iplaced iin ithe inew 

ipopulation. 

 iStep iIV i[Replace]: iUse inew igenerated ipopulation ifor ia 

ifurther irun iof ithe ialgorithm. i 

Step iV i[Test]: iIf ithe iend icondition iis isatisfied, ireturn ithe 

ibest isolution iin icurrent ipopulation iand istop. i 

Step iVI i[Loop]: iGo ito istep iII. iThe iFlowchart iof iSimple 

iGAs iis ishown iin iFigure i1 

 

 i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i  i i i i iNelder-Mead iAlgorithm: 

This isimple isearch imethod, ifirst ideveloped iby 

iSpendley,Hext iand iHimsworth i(1962) i[16] iand 

isubsequently irefined iby iNelder iand iMead i(1965)[17], 

iis ia iderivative-free iline isearch imethod iused ito ifind ithe 

iminimum ior imaximum iobjective ifunction. iSee, ifor 

iexample, iOlsson iand iNelson i(1975)[18] i iThe ifitness 

ifunction ivalue iat i(N+1) iof ithe iinitial isimplex iis 

ievaluated. iIn ithis, ithe ifunction's ivalue iis ihigh iand inew, 

iand ithen ireplaced iby ia igood ipoint. iWhich ican ibe ilocated 

iin ia inegative igradient iform i(direction). iThese iare 

iconsidered ia idirect iline isearch itechnique ias ione iof ithe 

ibest iresources. iFour ibasic ipractices iin ithis iprocess 

iProcessing  iper- isoil iis iapplicable. iReflecting, 

idiversifying, istoring iand ireducing ithese ilocal isurface 

ipoints ican ibe imore iintensive iand ithe igeneral ican imake 

igreat iprogress iin iitself. iThus, iin ithe iexample ibelow, ithe 

ifunction iof itwo ivariables iis iminimized i(N=2) 

2) iThe ibasic iNM iprocedure iis ishown. iStarting iwith 

ipoint iB iand ithe iinitial istep isize, ian iinitial isimple idesign 

iis iconstructed ias iA, iB iand iC, ias ishown iin iFig.1. 

 

 

 

 

 

 

 

 

 

 

 iFig.1. iNM iDual-dimensional icase ialgorithm 

ioperations. 

 

1. iSort ithe iA, iB, iand iC ifunction ivalues. iAssume iif(C) i< 

if(B) i< if(A) iis ithe ihighest iof ithe ithree ifunction ivalues iand 

imust ibe ireplaced. iIn ithis icase, ia ireflection iis imade iin  

ipoint iD ito ipoint iE ithrough ithe icentre iof iBC. 

 i2. iIf if(E) i< if(C) iis iexpanded ito ipoint iJ. iThen iwe ireplace iE 

ior iJ iwith ir ifor iA, idepending ion iwhich ifunction ivalue iis 

ilower. i 

3. iIf if(E)>f(C), ithere iis ia icontraction ito ipoint iG ior iH ias ia 

isubstitute ifor iA, idepending ion iwhich iof if(A) iand if(E) iis 

ilower, iprovided ithat if(G) ior if(H) iis ilower ithan if(C). iIf 

ieither if(G) ior if(H) iis igreater ithan if(C), ithe icontraction 

ifailed iand ia ishrinkage ioperation iis icarried iout. iThe 

ishrinkage iprocedure ireduces ithe isize iof ithe isimplex iby 

imoving ieverything ibut ithe ibest ipoint iC ihalfway ito ithe 

ibest ipoint iC. iWe've igot inew ipoints iA iand iB. iReturn ito 

istep i1. 

 i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i  i i i i i i i iPSO iAlgorithm: 

PSO istands ifor iparticle iswarms ioptimization i(PSO) iit iis 

imost ipopular i ievolutionary ioptimization itechniques 

ideveloped iby iKennedy iand iEberhart i(1995)[19,20]in 

ithis ialgorithm ipopulation ibased iand ievolutionary iin 

inature. i 

It iis iinspired iby ithe icollective ibehavior iof ibirds iflying 

iaround iin ithe isky i- ithose iwho iare iengaged iin isearch iof 

itheir ifood iand iare isame ias ifish ischooling i[21]. iThis 

isearch ispace iis iapplied ito ia ifitness ifunction i ito ireach 

igood iresults. i iThe iparticles iswarm ithrough ithe ifitness 

ifunction isolved ito isearch ispace ito ifind ithe imaximum 

ivalue ireturn iby ithe iobjective ifunction. i iThat ia iused ia 

inumber iof iparticles iconstitute ia iswarm imoving iaward 

iin isearch ispace ilocking  ifor ithe ibest isolution. ieach 

iparticle iin isearch ispace iadjusts iits i“swarm” iaccording 

ito iown iswarm iexperience ias iwell ias ithe iswarm 

iexperience iof ithe iother iparticle.PSO iis isame ias ia 

igenetic ialgorithm, ibut ithe imain idifference iis ithat ithey 

icannot iapply ifiltering. iThis imeans ithat iall 

ithe imembers iof ithe ipopulation iSurvive 

ithrough ithe ientire isearch i iprocess. iThe 

ifollowing  isteps iof ithe iPSO ialgorithm: 

 

1.initialization iprocess. iRandomly 

igenerate i5N ipotential isolutions icalled'' 

iparticles',' iN ibeing ithe inumber iof 

iparameters ito ibe ioptimized iand ia 

irandomized ivelocity iis iassigned ito ieach 

iparticle. 

 

 i2. ivelocity iUpdate i. iThe iparticles ithen' ifly' ithrough 

ihyperspace iwhile iupdating itheir iown ivelocity, iwhich iis 

iachieved iby itaking iinto iaccount itheir iown ipast iflight 

iand ithat iof itheir icompanions.' iThe ivelocity iand iposition 

iof ithe iparticle iis idynamically iupdated iwith ithe 

Mutated iOffspring 1010110010 
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ifollowing  iequations i[22]. 

. 

 

 
Where ic1 iand ic2 iare itwo ipositive iconstants, iw iis ian 

iinertia iweight, iand ir1 iand ir2 iare irandom inumber 

igenerated i[23, i24]. 
 i 

i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i  II. HYBRID IAPPROACH I I IKM-

GA-NM-PSO 

An iimprovement iover ithe ialgorithm iis ia ihybrid 

itechnique ibased ion icombining ithe iK-means ialgorithm 

iwith ivarious iother ialgorithms. iThe icombined 

iapproach iof idifferent ialgorithms itherefore iprovides 

ibetter iperformance iusing ithe igoodness iof ithe iwhole 

ialgorithm ito iovercome ithe idisadvantage iof iany 

iparticular ialgorithm. iGenetic ialgorithm iis ione iof ithe 

imost icommonly iused ievolutionary ialgorithm 

itechniques ito isolve ia iclustering iproblem. iTherefore, ia 

ihybrid idata iclustering ialgorithm ibased ion iGA iand ik-

means i(GA-KM), iwhich iuses ithe iadvantages iof iboth 

ialgorithms. iThe iGA-KM ialgorithm ihelps ithe ik-means  

ialgorithm ito iescape ilocal ioptimum. iGA ihas ibeen 

ishown ito ibe iable ito idetermine ithe ibest icluster 

iinitialization iand ito ioptimize iinitial iparameters. i.GA 

idefines ia irandomly igenerated ipopulation iof ipeople. 

iThese ipeople iare iinvolved iin ithe igeneration iof inew iand 

ibetter ioffspring iby imutation i/ icrossover. iDecision  ion 

ibetter ioffspring  i/ iindividuals iis iachieved iby ifitness. iThe 

igreatest ibenefit iof igenetic ialgorithms iis ithat ithe ifitness 

ifunction ican ibe ichanged ito ichange ithe ialgorithm's 

ibehaviour. iThere iis ia iwide ivariety iof irepresentations iof 

iindividual ior ichromosomes. iThe isolutions iare 

itraditionally irepresented iusing ifixed ilength istrings, iin 

iparticular ibinary istrings, ibut ialternative iencoding ihas 

ibeen ideveloped. iThe imain ifocus iof ithe iGA-based 

ialgorithm iwas ito igenerate ihigh-quality iclusters iin 

ioptimized itime. iThe ifocus iof ithe icurrent iresearch iwas 

ito iuse iGA ias ian iinitial icentroid iselection itool iand ito 

istudy ithe iperformance iof iimproved iclustering iof ik-

means. iThe iapplications iof iGA-based ik imeans ihave 

ibeen itested iin iliterature ion istandard idata isets, ibut 

ieducational idata iset ispecifically ifrom ithe iproblem iof 

ischool ichildren ihas inot ibeen iinvestigated. iCurrent 

iresearch ihas ifocused ion ideveloping ian iappropriate 

isystem ito istudy ischool ichildren's iproblems iusing ibasic 

ik-means iand iimproved ik-means i(GA iwith ik-means). 

iConsequently, ithe iapproach ito ithe idevelopment iof ia 

inew ialgorithm iwas iproblematic iand ithe iselection  

icriteria ior iinitial icentroid iinfluenced ithe inature iof ithe 

idomain. iIn ishort, iaccording  ito ithe iproblem iarea, ithe 

ifitness ifunction iin iGA ihas ibeen idefined. iApart ifrom 

iidentifying ipreferable itechnique ifor iout iof ischool 

ichildren iproblem, ithere iis ialways ia ineed ito ianalyze 

iquality iof iclusters. iThere iwill ibe igood i imethod i ito 

imeasure ithe iquality iof ithe ibetter i iclusters iand 

iperformance iof iclustering. iThe ihybrid i(KM-GA-NM-

PSO) ialgorithms icontain iall ithe ibest ifeatures iof ithe 

iexisting ialgorithm ithat iovercome ithe ilimitations iof ithe 

iindividual ialgorithm iwhen icombined. iThe 

iimprovement iof ithis icombined iapproach iwill ilead ito 

ieven ibetter iresults. iThis iwill ibe irequires ia iminimum 

inumber iof ievaluations iof ifunctions ito iachieve ithe 

ioptimum isolution. iCompared ito iother imethods, ithe 

ihybrid iapproach iwill ibe iproduces ihigh-quality iclusters 

iwith ismall istandard ideviations ion iselected idata isets. iIt 

iis iproposed ito icombine iKM-GA iwith iNM-PSO. iThis 

icombination iof ihybrids iimproves ithe iquality iof idata 

iclustering iand iimproves ithe ialgorithm. 
  

i i iExperimental iresults 

Step i1: iK-mean imethod iapply 

Randomly ichoose i“k” icentroids ifrom idataset ifor 

idesired iclusters 

Assign ito ieach idata iobject ito ithe icluster iwith ithe icloset 

icentroids 

Update ithe icentroids iby icalculating ithe imean ivalue iof 

iobject iwithin iclusters i 

 irepate istep i1.2, iand i1.3 iuntil itermination icertroids i iare 

imet. 

Step i2:Generate iinitial ipopulation iof isize ii({j1, ij2, 

ij3,......, iji}). 

J1= ik-mean i(dataset) 

J2=min i(dataset) 

J3=mean i(dataset) 

J4=max i(dataset) 

J5=Ji= irandom ivalue iof i(dataset) 

Step3: iGA ialgorithm iapply 

Apply icrossover ioperator ion iN iparticle i(GA). 

Apply imutation ioperator ion iupdate iN iparticle i(GA). 

Step4: iNM isimplex imethod iapply i 

Initialization: iGenerate ia ipopulation iof isize i3N+1. 

Evaluation iand iRanking: iEvaluate ithe ifitness iof ieach 

iparticle irank ithem ion ithe ibasis iof ifitness. 

Apply iNM ioperator ito ithe itop iN+1 iparticle iand ireplace 

ithe i(N+1) 

 iParticle iwith ithe iupdate. 

 iStep iPSO ialgorithm iapply 

Apply iPSO ioperator ifor iupdating ithe iremaining i2N 

iparticles. 

Selection: ifrom ithe ipopulation iselect ithe iglobal ibest 

iparticle iand ithe ineighbourhood ibest iparticles. 

Velocity iUpdate: iapply iupdate ito ithe i2N iparticle iwith 

iworst ifitness iaccording iequations i(3) i& i(4); 

Step5:If ithe itermination  iconditions iare i inot imeet ithen 

igo ito iback i4. i2. 

 Experimental I result 

Iris iData iSet iWe iused ithe iIris idata iset ito ibring iour 

ialgorithms ia ipragmatic iresult. iIn ithis icase, ieach idata iset 

iin ithe iIris iData iSet ihas ithe inumber iof itheir iown 

 i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i iV iid i

New= i( iW i* iV iid i

old
 i)+c1* ir1 i* (p iid- i ix iid i

old) i+c2 i* ir2 i* i(p ig id i i- i ix iid i

old
 i) i i i i i i i i i i i i i i i i i i i i i i i i i(4) 

 i i i i i i i i i i i i i i i i i i i i i i i i i i i i i  i i i i i i i 

 i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i iX iid i

New
 i= ix iid i

old
 i i+ iV iid i

New
 i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i  i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i

 
 i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i  i i i i i i i i i i i i i i i i i i i i i i i i(5) 
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idistributions ithat ithese iitems iof iclusters iand idata iare 

iimportant ito. iIris iis iused ito iset iup ia igood icomparison 

iand ialgorithm ifor idata isets. iIn ithis idata iset i(n=150, id=4, 

ik=3) iit ihas ithree iequal isquares iof i50 isquares. iIn ithis idata 

iset iwe ihave i150 isamples. iIt icovers ieach iclass itype iof ia 

iclass iiris iFlowers, iin iwhich ifour-digit iproperties iare 

ialso iincluded. iThese idata isets iare isuch ithat ithe ilength iof 

ithe isepal iin icm, iwidth iand iheight iof ithe ipetals iWidths 

iare iin icenti-meters. iThere iis ino imissing ivalue iin ithis 

idata iset. 

 

III. PERFORMANCE IMEASURE 

The iIris idata iset ihas ibeen iused iin iseparate i idifferent 

idifferent ialgorithms, ia ipredominantly iKM ialgorithm,  

iGA, iNM,PSO i iAlgorithm iand iK-GA-NM-PSO 

iAlgorithm ihave ibeen ideveloped iin ia itable. iIn iwhich 

igood iresults ihave ibeen ifound iand ithe iindividual's ibest 

iperformance ihas ibeen ireceived. iThat icompares ito 

iother iclustering ialgorithms. iK-mean ialgorithm iin  

isome icases ithere iare iproblems.  iJust ias iin ithe ibeginning, 

ithere imay ibe ia iset iof isolutions ifor ithe iK-GA imatching 

isolution ito ithe iproblem iof ia isatellite ibase iand iits 

isolutions. iSo, iwe iare iusing ithe iPSO ialgorithm. iWith ithe 

ihelp iof ialgorithms,  iit ihelps ito imaintain ithe iintegrity iof 

iall ialgorithms iand isimultaneously isolve itheir 

iproblems. iThis iis ihow ithe iNM ialgorithm ihas ibeen 

idefeated iagain. iNM ialgorithm ihelps ius ito iprovide ia ilot 

iof iefficient ilocal iresearch iprocess ifrom ialgorithms. iBut 

ithe iNM ialgorithm iis idependent ion ithe istarting ipoint iand 

ithis iconvergence iis isensitive ito ichoose ithe irandomly 

ithe istarting ipoint iand ithis ican ialso ibe ian ialgorithms 

iincrease ipercentage iin ialgorithm. 

 

Table i1 ishows i ithe icomparison iof iintra icluster idistance. 

 

 

K 

value 

k-mean GA NM PSO k-mean+ 

iGA+NM

+PSO 

K=1 68.6166 66.0783 60.0123 70.256

8 

35.1443 

K=2 82.6219 68.635 59.3256 94.256

4 

50.6701 

K=3 129.5325 92.3585 91.6584 135.25

67 

20.3042 

K=4 203.5256 150.1065 149.2569 278.25

47 

48.0000 

K=5 355.2576 121.4141 360.5698 396.45

67 

91.2340 

K=6 328.016 198.7141 365.1245 421.25

84 

68.2677 

K=7 432.2051 268.4564 456.2584 547.12

34 

48.8133 

K=8 516.0121 339.368 591.4568 621.54

87 

16.2100 

K=9 645.2582 367.8258 679.2465 754.25

47 

54.5613 

K=10 766.1073 241.8844 790.4658 875.25

47 

33.0444 

 

 i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i iTable i2 i ishows ithe iefficiency icomparison. 

 

K 

ivalue 

k-mean GA NM PSO k-mean 

i+GA+N

M+PSO 

K=1 41.0214 43.1249 42.2547 43.5684 40.2547 

K=2 57.2167 53.2647 54.2555 55.2658 52.5802 

K=3 25.2365 24.1257 64.2347 65.1235 22.3043 

K=4 52.15465 53.1234 53.1236 55.2584 50.0000 
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K=5 95.2547 97.2547 92.1547 94.2547 93.2324 

K=6 80.2547 79.2547 76.2648 75.4578 78.2354 

K=7 56.5684 56.2314 49.2547 48.8945 51.8233 

K=8 19.2547 18.2145 19.2654 14.2354 16.3212 

K=9 59.2500 58.2564 57.1265 54.2588 56.6481 

K=10 35.2648 38.2654 35.1567 31.1572 32.0147 

 
 i 
 i i i i i i i i iFig.2 icomparsion iof iintra icluster idistances. i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i i iFig. i3 iefficiency icomparison. 
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Table i2 i& ifig i3 ishow ithe iefficiency icomparison. 

The icomparison iperformance ishown iin ithe itable iis 

imaking  iit ishow ias i i iKM i,GA, iNM, iPSO ivs ik-mean-GA-

NM-PSO ipeople ihave ibeen ireproduced iand iindividual i 

iclusters iare imade iin iand ibetween ithem. iAnd 

icalculation iof iperformance idetails ietc. iThus iall ithe isets 

iof iKM-GA-NM-PSO ialgorithms iare itested iand ias iwell 

ias isolutions iof ihigh-quality iclusters ihave ibeen 

ideveloped. iWhich iare idesigned iin ithe iform iof idistance 

iof ithe ibest iinter icluster. iAlso idiscovered iare ithe istorms 

istandard i ideviation iand ithe ismallest ifound ito inear 

ioptimal isolution iof ithe irun iother ialgorithm imay itrap 

ilocal ioptima iin isome iof irun. i iIt iis i ifound ito i ibetter iresults i, 

ithus iKM-GA-NM-PSO ikeeps iAlgorithm ia istronger 

ione. iThis iK-MEAN ialgorithm irequires ia ismaller 

inumber icompared ito iother ialgorithms iand iit iis iin  

irelation ito ithe ifunctional ivisits. iIn ithis iway iwe ican isay 

ithat iby iusing ithe iresult iof iK-MEAN iin iKM-GA-NM-

PSO, ithe iGA iis iin ia igood iway, iwhich iis ia igreat iway ito iget 

iaccess ito ia igreat itool ifrom ia isingle iGA iIs iof ialgorithm 

iproduces inew igeneration ipopulation ifrom itraffic ifor 

igeneration iof ipig iproduction iand ithe ienvironment iis 

iresolved ito ia inew ibaby ienvironment. iIn ithis iway ia 

ichild's isolution ihas imany ifeatures iof ihis imeasurement 

iwhich ican ibe icreated ifrom inew iparents ito inewborn 

ibabies. iBut istill ithere iis inot ia igood istart iwith iGA, ia igood 

istart iwith ithe icombination iof iKM-GA ito iovercome iits 

ishortage ican ibe istarted iand inew iparents ifrom inew 

iparents ican ibe iproduced, iAnd ia isuitable ipopulation isize 

ican ialso ibe imade. iThus, iKM-GA ican ibe ibetter iequipped 

iwith ialgorithmic icombination ithan iPSO, imeaning ithat 

ithe inew ipopulation ican ibe icreated iat ithe ionset iof ithe 

icluttering iprocess iand  ican ibe ispeeded iup iin ithis 

isituation iand ithe ihealth istatus ican ibe idiscarded ibecause 

iit iLess icluttering ineeds ilesser iworking ipeople, iAfter iwe 

ihave idone iall ithe iprocedure, iwe ican isay ithat ithe 

ioutcome iof iPSO iand iNM-PSO iclustering ican ibe 

irevised. iWith ithe iK-MEAN ialgorithm, ithis ihybrid 

ialgorithm iends iwith ithe ifirst iK-MEAN ialgorithm iand iif 

ithere iis ino ichange iin ithis icluster's isatire irayon ivector, iin 

ithe icase iof iK-PSO, iK-MEAN ialgorithm iresults iin ione 

iparticle iused iin ithe iform. iThe i5N-1 iparticles istart 

irandomly,  iso ithis ihybrid iis iused iin iK-GA-NM-PSO. 

iThe i3N-1 iangle icreates ithe ipoints icontinuously iand 

iNM-PSO ithen iforms ithis iform ito icomplete ithe iprocess. 

Overall, ithe iresults ishow ithat ithe iproposed ialgorithm iis 

ian iefficient iapproach iand iopen isome iresearch 

idirections iin ithe ifield iof ioptimization  i[25 i– i48]. 
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IV. CONCLUSION 

The iclustering iof idata iobjects iuses ia ihybrid imethod 

i(coded ias iGA-KM) ibased ion ia igenetic ialgorithm i(GA) 

iand ik-means ialgorithm. iIt iattempts ito isimultaneously 

iexploit ithe imerits iof itwo ialgorithms, iwhere ithe ik-

means iare iused ito igenerate ithe iinitial isolution  iand ithe 

iGA iis iused ias ian ialgorithm ifor iimprovement. iThe 

iexisting ialgorithm's iperformance iis icompared ito iother 

iapproaches. iThe icomparisons iof ihow ithe iexisting 

ialgorithm iovercomes ik-means iand iGA's ishortcomings  

ialone. iTo iachieve ithe ioptimal isolution, iit irequires ia 

iminimum inumber iof ifunction ievaluations. iIn iaddition, 

ithe iproposed iapproach iwill icombine ithe iexisting 

ialgorithm iwith iNM-PSO ithat ican iproduce ihigh-quality 

iclusters iwith ia ismall istandard ideviation ion iselected 

idatasets icompared ito iother imethods. iThe iproposed 

imethod  ican ibe iapplied ito iother iapplications iin ifuture 

iresearch, isuch ias iimage isegmentation iand icollege itime 

itabling. iAnother idirection iof iresearch iis ithe 

icombination iof ithe iKM-GA-NM-PSO iwith iother 

iheuristic iapproaches iand itheir iapplication ito idata 

iclustering. 
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