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Abstract 

 

The iiObjective iiof iithis iithesis iiis iito iitalk iiabout iithe iiusage iiof iiFuzzy iiLogic iiin iipattern 

iirecognition. iiThere iiare iidifferent iifuzzy iiapproaches iito iirecognize iithe iipattern iiand iithe iistructure 

iiin iidata. iiThe iifuzzy iiapproach iithat iiwe iichoose iito iiprocess iithe iidata iiis iicompletely iidepends iion 

iithe iitype iiof iidata. ii 

Pattern iireorganization iias iiwe iiknow iiinvolves iivarious iimathematical iitransforms iiso iias iito 

iirender iithe iipattern iior iistructure iiwith iithe iidesired iiproperties iisuch iias iithe iiidentification iiof iia 

iiprobabilistic iimodel iiwhich iiprovides iithe iiexplaination iiof iithe iiprocess iigenerating iithe iidata 

iiclarity iiseen iiand iiso iion iiand iiso iiforth. iiWith iithis iibasic iischool iiof iithought iiwe iiplunge iiinto iithe 

iiworld iiof iiFuzzy iiLogic iifor iithe iiprocess iiof iipattern iirecognition. ii 

Fuzzy iiLogic iilike iiany iiother iimathematical iifield iihas iiits iiown iiset iiof iiprinciples, iitypes, 

iirepresentations, iiusage iiso iion iiand iiso iiforth. iiHence iiour iijob iiprimarily iiwould iifocus iito iiventure 

iithe iiways iiin iiwhich iiFuzzy iiLogic iiis iiapplied iito iipattern iirecognition iiand iiknowledge iiof iithe 

iiresults. iiThat iiis iiwhat iiwill iibe iisaid iiin iitopics iito iifollow. ii 

Pattern iirecognition iiis iithe iicollection iiof iiall iiapproaches iithat iiunderstand, iirepresent iiand 

iiprocess iithe iidata iias iisegments iiand iifeatures iiby iiusing iifuzzy iisets. iiThe iirepresentation iiand 

iiprocessing iidepend iion iithe iiselected iifuzzy iitechnique iiand iion iithe iiproblem iito iibe iisolved. ii 

In iithe iibroadest iisense, iipattern iirecognition iiis iiany iiform iiof iiinformation iiprocessing iifor iiwhich 

iiboth iithe iiinput iiand iioutput iiare iidifferent iikind iiof iidata, iimedical iirecords, iiaerial iiphotos, iimarket 

iitrends, iilibrary iicatalogs, iigalactic iipositions, iifingerprints, iipsychological iiprofiles, iicash iiflows, 

iichemical iiconstituents, iidemographic iifeatures, iistock iioptions, iimilitary iidecisions.. iiMost 

iipattern iirecognition iitechniques iiinvolve iitreating iithe iidata iias iia iivariable iiand iiapplying 

iistandard iiprocessing iitechniques iito iiit. ii 
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Chapter ii1 

 

Technology ii& iiTrends 

 

 ii ii iiFuzzy iilogic iiis iia iisuperset iiof iiconventional ii(Boolean) iilogic iithat iihas iibeen iiextended iito 

iihandle iithe iiconcept iiof iipartial iitruth ii- iitruth iivalues iibetween ii"completely iitrue" iiand 

ii"completely iifalse". iiIt iiwas iiintroduced iiby iiDr. iiLofti iiZadeh iiof iiU.C. iiBerkeley iiin iithe 

ii1960's. ii 

1.1 History ii 

 

A iipictorial iiobject iiis iia iifuzzy iiset iiwhich iiis iispecified iiby iisome iimembership iifunction 

iidefined iion iiall ii ii ii iipicture iipoints. iiFrom iithis iipoint iiof iiview, iieach iielement iiparticipates iiin 

iimany iimemberships. iiSome iiof iithis iiuncertainty iiis iidue iito iidegradation, iibut iisome iiof iiit iiis 

iiinherent…In iifuzzy iiset iiterminology, iimaking iifigure/ground iidistinctions iiis iiequivalent iito 

iitransforming iifrom iimembership iifunctions iito iicharacteristic iifunctions.“ ii1970, iiJ.M.B. 

iiPrewitt ii 

 iiFuzzy iilogic iiis iia iisuperset iiof iiconventional ii(Boolean) iilogic iithat iihas iibeen iiextended iito 

iihandle iithe ii ii iiconcept iiof iipartial iitruth ii- iitruth iivalues iibetween ii"completely iitrue" iiand 

ii"completely iifalse". iiFuzzy iiLogic iiis iiaimed iiat iiprecision iiof iiapproximate iireasoning. ii 

 iiThe iiuse iiof iifuzzy iilogic iifor iicreating iidecision-support iiand iiexpert iisystems iihas iigrown iiin 

iipopularity ii ii ii iiamong iimanagement iiand iifinancial iidecision-modeling iiexperts. iiStill iiothers 

iiare iiputting iiit iito iiwork iiin iipattern iirecognition, iieconomics, iidata iianalysis, iiand iiother iiareas 

iithat iiinvolve iia iihigh iilevel iiof iiuncertainty, iicomplexity, iior iinonlinearity. ii 

 

1.2 The iiData ii 

 

There iiare iidifferent iitypes iiof iidata iilike iiqualitative, iiquantitative, iinumerical, iipictorial, iitextural, iiand 

iilinguistic iior iiin iisome iicases iican iibe iiindifferent iicombinations iiof iithese. iiExamples iiof iithe iidata 

iisources iiare iimedical iirecords, iiaerial iiphotos, iimarket iitrends, iilibrary iicatalogs, iigalactic iipositions, 

iifingerprints, iipsychological iiprofiles, iicash iiflows, iichemical iiconstituents, iidemographic iifeatures, 

iistock iioptions, iimilitary iidecisions. iiThe iitechnique iior iimethod iiof iisearch iipattern iiis iiapplicable iito iiany 

iiof iithese iidata iitypes iiand iisources. iiThe iisearch iioption iiis iiused iito iiknow iithe iitechniques iifor iidata 

iiprocessing iiand iiusually iithe iidata iiset iiis iidenoted iiby iiX. ii 
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1.3  iiCluster iiAnalysis ii 

 

Clustering iiin iiX iihas iiclassically iimeant iithe iiidentification iiof iian iiinteger ii𝐶, 2 ≤ 𝑐 ≤ 𝑚 ii iiand 

iia iipartitioning iiof iiX iiby iic iimutually iiexclusive, iicollectively iiexhaustive iisubsets iiof iiX ii(the 

ii“clusters”). iiThe iimember iiof iieach iiand iievery iicluster iihave iimore iisimilarity iito iione iianother 

iithan iimembers iiof iiother iiclusters. iiIt iiwill iibe iiprecisely iiapplicable iifor iithe iimathematical 

iisimilarities iibetween iithe ii𝑥𝑘′𝑠 iiin iisome iioperational iisense. iiCluster iistructure iiin iiX iitells 

iiassociations iiamong iiindividuals iiof iia iipopulation. ii 

 

1.4 Classifications ii 

 

X iihas iibeen iidrawn iifrom iithe iidata iispace iiwhich iiis iidenoted iiby iiS, iii.e., iiX ii⊂ iiS ii. 

A iiclassifer iifor iiS iiis iia iidevice iiwhere iiS iiitself iiis iigoing iito iibe iipartitioned iiinto iic iidecision 

iiregions. iiClear iirepresentation iiof iithese iiregions iirely iion: ii• iiThe iinature iiof iiS ii 

• The iiway iiin iiwhich iithe iiregions iiare iiformed ii 

 

• The iimodel iiwe iichoose iisuch iias iion iithe iidata, iithe iisearch, iiand iithe iistructure. ii 

 

The iiabove iifactors iihave iian iieffect iion iithe iirole iiplayed iiby iia iisample iidata iiset iiX iifrom iidata 

iispace iiS iiin iiclassifier iidesign. iiX iiis iicommonly iiused iito iidelineate iithe iidecision iiregions iiin iiS. 

iiIt iiis iipossible iito iisearch iifor iistructure iiin iian iientire iidata iispace iiduring iithe iiprocess iiof 

iiclassification. iiThe iistructure iimay iienable iius iito iiclassify iisubsequent iiobservations iirapidly 

iiand iiautomatically. iiThe iimain iipurpose iiof iiclassification iiis iiconstruction iiof iitaxonomy iiof 

iithe iiphysical iiprocesses iiinvolved. iiClassification iiattempts iito iidiscover iiassociations 

iibetween iisubclasses iiof iia iipopulation. ii
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Chapter ii2 

 

Classical iiClustering iiAnalysis 

 

The iiclustering iianalysis iiconcerns iito iithe iipartition iiof iithe iidata iiinto iithe iiequallant 

iisubsets iialso iiknown iias iiclusters. iiThe iidata iiin iieach iiequallant iisubset iihas iithe iicommon 

iibehavior iisuch iias iidistance, iidensity iibased iialgorithm. iiDensity iibased iialgorithm iiis iia 

iimajor iiequallant iisubset iiwhich iiexplains iithe iinumber iiof iiunknown iicluster iiin iiadvance. iiIt 

iiprogressively iiincreases iithe iitotal iistrength iior iiconnectivity iiof iithe iicluster iiset ii(equallant 

iisubset) iiby iicumulative iiattraction iiof iithe iinodes iibetween iithe iiclusters. iiMajor iiclust iiis 

iithe iimost iipronounce iiand iisuccessful iialgorithm iiof iiunsupervised iidocument iiclustering. 

iiGraph iitheory iidepends iion iithe iialgorithm iiassigned iito iieach iidocument iito iithat iicluster 

iithe iimajority iiof iiits iineighbors iibelongs iito. ii 

The iinode iineighborhood iiis iigoing iito iibe iicalculated iiby iiusing iia iiparticular iisimilarity 

iimeasure iiwhich iihas iibeen iiassumed iito iibe iithe iiweight iiof iieach iiedge iibetween iithe iinodes 

iiof iithe iigraph. ii 

Major iicluster iitells iithe iinumber iiof iiclusters iiand iiassigns iieach iitarget iidocument iito 

iiprecisely iione iicluster. iiA iidifferent iiapproach iishould iibe iirequired iiin iiorder iito iidetermine 

iihow iithe iidocument iihas iito iibe iiassigned iito iimore iione iithan iione iicategory. iiThe 

iitraditional iimajor iiclust iialgorithm iideals iiwith iithe iicrisp iidata, iithe iianother iiversion iicalled 

iiF-major ii iiclust iideals iiwith iifuzzy iidat. ii 

 

2.1 ii ii ii iiK-MEANS iiCLUSTERING 

K-Means iiClustering iiis iian iiUnsupervised iiLearning iialgorithm iiwhich iigroups iithe 

iiunlabeled iidataset iiinto iidifferent iiclusters. iiHere iiK iidefines iithe iinumber iiof iipre-defined 

iiclusters iithat iineed iito iibe iicreated iiin iithe iiprocess, iias iiif iiK=2, iithere iiwill iibe iitwo iiclusters, 

iiand iifor iiK=3, iithere iiwill iibe iithree iiclusters, iiand iiso iion. 

It iiallows iius iito iicluster iithe iidata iiinto iidifferent iigroups iiand iia iiconvenient iiway iito 

iidiscover iithe iicategories iiof iigroups iiin iithe iiunlabeled iidataset iion iiits iiown iiwithout iithe 

iineed iifor iiany iitraining. 
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It iiis iia iicentroid-based iialgorithm, iiwhere iieach iicluster iiis iiassociated iiwith iia iicentroid. 

iiThe iimain iiaim iiof iithis iialgorithm iiis iito iiminimize iithe iisum iiof iidistances iibetween iithe 

iidata iipoint iiand iitheir iicorresponding iiclusters 

• The iialgorithm iitakes iithe iiunlabeled iidataset iias iiinput, iidivides iithe iidataset iiinto iik-

number iiclusters, iiand iirepeats iithe iiprocess iiuntil iiit iidoes iinot iifind iithe iibest iiclusters. iiThe 

iivalue iiof iik iishould iibe iipredetermined iiin iithis iialgorithm. iiThe iik-means iiclustering 

iialgorithm iimainly iiperforms iitwo iitasks: iiDetermines iithe iibest iivalue iifor iiK iicenter iipoints 

iior iicentroids iiby iian iiiterative iiprocess. 

• Assigns iieach iidata iipoint iito iiits iiclosest iik-center. iiThose iidata iipoints iiwhich iiare iinear iito 

iithe iiparticular iik-center, iicreate iia iicluster. 

Hence iieach iicluster iihas iidatapoints iiwith iisome iicommonalities, iiand iiit iiis iiaway iifrom iiother 

iiclusters. iiThe iibelow iidiagram iiexplains iithe iiworking iiof iithe iiK-means iiClustering 

iiAlgorithm: 

 

The iiway iik iimeans iialgorithm iiworks iiis iias iifollows: 

1) iiSet iiK ii– iiTo iichoose iia iinumber iiof iidesired iiclusters, iiK. ii 

2) iiInitialization ii– iiTo iichoose iik iistarting iipoints iiwhich iiare iiused iias iiinitial iiestimates iiof iithe 

iicluster iicentroids. iiThey iiare iitaken iias iithe iiinitial iistarting iivalues. 

 ii3) iiClassification ii– iiTo iiexamine iieach iipoint iiin iithe iidataset iiand iiassign iiit iito iithe iicluster 

iiwhose iicentroid iiis iinearest iito iiit. ii 

https://www.javatpoint.com/clustering-in-machine-learning
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4) iiCentroid iicalculation ii– iiWhen iieach iipoint iiin iithe iidata iiset iiis iiassigned iito iia iicluster, iiit iiis 

iineeded iito iirecalculate iithe iinew iik iicentroids. 

 ii5) iiConvergence iicriteria ii– iiThe iisteps iiof ii(iii) iiand ii(iv) iirequire iito iibe iirepeated iiuntil iino 

iipoint ii iichanges iiits iicluster iiassignment iior iiuntil iithe iicentroids iino iilonger iimove. iiCompute 

iithe iisum iiof iithe iisquared iidistance iibetween iidata iipoints iiand iiall iicentroids. 

Assign iieach iidata iipoint iito iithe iiclosest iicluster ii(centroid). 

Compute iithe iicentroids iifor iithe iiclusters iiby iitaking iithe iiaverage iiof iithe iiall iidata iipoints iithat 

iibelong iito iieach iicluster. 

The iiapproach iikmeans iifollows iito iisolve iithe iiproblem iiis iicalled iiExpectation-Maximization. 

iiThe iiE-step iiis iiassigning iithe iidata iipoints iito iithe iiclosest iicluster. ii 

The iiM-step iiis iicomputing iithe iicentroid iiof iieach iicluster. iiBelow iiis iia iibreak iidown iiof iihow 

iiwe iican iisolve iiit iimathematically ii 

The iiobjective iifunction iiis: 

 

 ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii  

where iiwik=1 iifor iidata iipoint iixi iiif iiit iibelongs iito iicluster iik; iiotherwise, iiwik=0. iiAlso, iiμk iiis 

iithe iicentroid iiof iixi’s iicluster. iiIt’s iia iiminimization iiproblem iiof iitwo iiparts. iiWe iifirst 

iiminimize iiJ iiw.r.t. iiwik iiand iitreat iiμk iifixed. iiThen iiwe iiminimize iiJ iiw.r.t. iiμk iiand iitreat iiwik 

iifixed. iiTechnically iispeaking, iiwe iidifferentiate iiJ iiw.r.t. iiwik iifirst iiand iiupdate iicluster 

iiassignments ii(E-step). iiThen iiwe iidifferentiate iiJ iiw.r.t. iiμk iiand iirecompute iithe iicentroids 

iiafter iithe iicluster iiassignments iifrom iiprevious iistep ii(M-step). iiTherefore, iiE-step: ii
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2.2 Drawbacks 

K ii iimeans iialgorithm iiis iigood iiin iicapturing iistructure iiof iithe iidata iiif iiclusters iihave iia 

iispherical-like iishape. iiIt iialways iitry iito iiconstruct iia iinice iispherical iishape iiaround iithe 

iicentroid. iiThat iimeans, iithe iiminute iithe iiclusters iihave iia iicomplicated iigeometric iishapes, iik 

iimeans iidoes iia iipoor iijob iiin iiclustering iithe iidata. iiWe’ll iiillustrate iithree iicases iiwhere iik 

iimeans iiwill iinot iiperform iiwell. 

First, iik iimeans iialgorithm iidoesn’t iilet iidata iipoints iithat iiare iifar-away iifrom iieach iiother 

iishare iithe iisame iicluster iieven iithough iithey iiobviously iibelong iito iithe iisame iicluster. ii 

Clustering iimodels iiare iigenerally iiinterpreted iigeometrically iiby iitaking iiinto 

iiconsideration iiof iitheir iiresponse iion iitwo-or iimore iithree iidimensional iiexamples. iiSome 

iidifficulties iiare iiintrinsic iiin iitrying iito iielaborate iithe iisuccessful iiclustering iicriterion iifor iia 

iiwide iispectrum iiof iidata iistructures. iiThe iiideal iicases iicompact, iiwell-separated, iiequally 

iiproportioned iiclusters iiare iiencountered iiin iithe iireal iidata iiof iithe iiapplications. ii 

Data iisets iiare iimixture iiof iishapes iias iispherical, iielliptical iiand iisizes iiare iiintensities, 

iiunequal iinumber iiof iiobservations, iiand iigeometries iiare iilinear, iiangular iiand iicurved. 

ii 

 ii 

 ii 
 ii ii ii ii ii ii ii ii ii iiFigure2.0 ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii iiFigure2.1 ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii iiFigure2.2 ii 

 ii ii ii ii ii ii ii ii ii 

 ii iiFigure2.3 ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii iiFigure2.4 ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii 

iiFigure2.5 ii 
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 ii 
 ii 

Typical iiclusters iihave iibeen iiobtained iiby iithe iiprocessing iiof iithe iitwo iior iimore 

iidata iisets iiwith iithe iimethods iias iifollows: ii 

• Distance iibased iiobjective iifunction iialgorithm iiand ii 

• Distance iibased iigraphic-theoretic iimethod. ii 

This iikind iiof iitypical iibehavior iicould iibe iioccured, iieven iithough iiboth iialgorithms iiuse iithe 

iisame iidistance, iiit iimeans iithe iiequal iimeasure iiof iithe iisimilarity iibetween iithe iipoints iiin iiX, 

iibut iiwith iithe iidifferent iiclustering iiphenomenon iiin iithe iiprocess. iiWe iiemphasize iithe 

iisimilarity iimeasures iiby iibuilding iiblocks iifor iiclustering iicriteria, iiand iiin iithe iisimplest 

iimodels iithe iimeasure iiof iisimilarity iican iibe iiserved iias iia iicriterion iiof iivalidity, iibut iimore 

iigenerally iithe iisame iimeasure iican iibe iiused iiwith iivarious iicriteria iito iiyield iidifferent 

iimodels iiand iiresults iifor iithe iisame iidata iiset. ii 

 

 

 

 ii 
 ii ii ii ii ii ii ii ii ii ii iiFigure ii2.6 ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii iiFigure ii2.7 ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii iiFigure 

ii2.8 

 ii 
 ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii 

 

 

 

 ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii 
 ii 
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 ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii 

2.3 Graph-Theoretic iiMethods ii 

 

X iishould iibe iiregarded iias iithe iinode iiset iiin iithis iigroup. iiEdge iiweights iibetween iipairs iiof 

iithe iinodes iicould iibe iidepended iion iithe iimeasure iiof iisimilarity iibetween iipairs iiof iinodes. 

iiThe iicriterion iifor iiclustering iiis iicommonly iisome iimeasure iiof iiconnectivity iior iibonding 

iibetween iithe iigroups iiof iinodes-breaking iiedges iiin iiminimal iispanning iitree iito iiform 

iisubgraphs. iiThis iiis iioften iiused iithe iiclustering iistrategy. iiThese iisought iiof iitechniques iiare 

iiwell iiacceptable iito iidata iiwith iichains iior iipseudolinear iistructure. ii 

Example: iiThe iisingle iilinkage iitechnique iiis iiwell iisuited iito iidata iiof iifigures iiin iithe iiabove 

iiexamples. ii 

Some iidifficulty iimay iicause iito iithe iipure iigraph iitheoretic iimethods iidue iito iimixed iidata 

iistructures. iiData iiwith iihyper iielliptical iiclusters, iinoise, iiand iibridges iiare iiusually iibadly 

iidistorted iiby iigraph-theoretic iimodels iibecause iiof iitheir iichaining iitendencies ii 

 

2.4 Example iifor iiFuzzy iiSet ii 

• As iian iiexample, iiwe iican iiregard iithe iilinguistic iivariable iicolor iiwhich iihelps 

iius iito iiexplain iithe iiconception iiof iia iifuzzy iiset. iiIt iican iibe iidescribed iiby iia iilist iiof 

iiterms iiyellow, iiorange, iired, iiviolet iiand iiblue ii, iiwhere iieach iiterm iiis iia iiname iiof 

iithe iicorresponding iifuzzy iiset. ii 

Color ii= ii{yellow, iiorange, iired, iiviolet, iiblue} ii 

• The iinon-crisp iiboundaries iibetween iithe iicolors iican iibe iirepresented iimuch iibetter. iiA 

iisoft iicomputing iibecomes iipossible ii(see iiFigure iibelow). ii 

 ii 
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 ii 

Figure ii2-3: iiExample iiof iiFuzzy iisets iifrom iithe iilist ii“color” 

 

 

 ii 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fuzzy iivalues 
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Elements iiof ii"age" iihave iiassociated iidegrees iiof iimembership iiin iithe iidifferent iiset. ii 

Figure ii2-4: iiMembership iifunctions iiof iifuzzy iisets iiforming iithe iilinguistic 

iivariable ii“age” ii 

 ii 

Membership iifunctions iirepresentation ii 

Ann iiis ii28, ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii0.8 ii iiin iiset ii“Young” iiBob iiis ii35, ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii 

ii0.1 ii iiin iiset ii“Young” 

Charlie iiis ii23, ii ii ii ii ii ii ii ii ii ii ii ii1.0 ii iiin iiset ii“Young” iiDon iiis ii54, ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii0.0 ii 

iiin iiset ii“Young” ii 
 ii 

 ii 

2.5 Fuzzy iiand iiProbability iiconcepts: ii 

The iirelationship iiof iifuzzy iisets iiand iiprobability iihas iibeen iiintensively iidiscussed iisince 

iizadeh iiintroduced iifuzzy iisets iiin ii1965. iiRecently iiit iihas iibecome iiaccepted iithat iithey iican 

iibe iiconsidered iias iiindependent iiand iicomplementary iito iieach iiother. iiFuzzy iisets iiare 

iiindicators iifor iisimilarities iior iineighbourhood iirelations iiwhile iiprobability iiis iirelated iito 

iiprobabilistic iiuncertainity. iiFuzzy iiset iiis iidefined iiin iiterms iiof iithe iimembership iifunction 

iiwhich iiis iia iimapping iifrom iithe iiuniversal iiset iiU iito iithe iiinterval ii[0,1]. iiMembership 

iifunction iicould iibe iidefined iias iithe iigraphical iirepresentation iiof iithe iimagnitude iiof 

iiparticipation iiof iieach iiinput. iiIt iiassociates iia iiweighting iiwith iieach iiof iithe iiinputs iithat iiare 

iiprocessed, iidefines iifunctional iioverlap iibetween iiinputs, iiand iiultimately iidetermines iian 

iioutput iiresponse. iiFuzziness iiis iialso iiconsidered iias iione iiform iiof iithe iiuncertaintiy iiand iiit 

iiis iirelated iito iithe iilinguistic iivariables. iiLinguistic iivariables iiare iidescribed iias 

iimembership iifunctions. iiTo iiavoid iithis iiconfusing iithis iiwith iifuzzy iiuncertainty, iiwe 

iiexplicitly iirefer iito ii iiprobabilistic iiuncertainity iiwhen iiwe iiare iiin iithe iifield iiof iiprobability 

iitheory. 
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2.6 Fuzzy iiConcept: ii ii 

Let’s iiconsider iian iiexample, iia iibank iiwants iito iiclassify iitheir iicustomers iiinto iitwo iigroups iias 

iirich iiand iipoor iicustomers. iiObviously iithere iiis iino iicrisp iiseparation iibetween iirich iiand iipoor iiin 

iia iiway iithat iicustomers iiown iiless iithan ii2 iimillion iiSEK iiare iipoor iiwhile iithey iiown iia iifortune iiof 

ii2million iiSEK iior iimore iiare iirich. iiSo iiaccording iito iithe iiabove iiexplanation iia iiperson iiwith iia 

iifortune iiof ii2.1 iimillion iiSEK iiis iiconsidered iias iireasonably iirich iibut iistill iia iilittle iibit iipoor. iiThe 

iiindicator iifor iisimilarity iiin iifuzzy iisets iiis iicalled iimembership iidegree iiµ={0,.....,1}. iiA 

iimembership iidegreeµ ii=1 iiindicates iithat iian iiobject iicompletely iibelongs iito iiset iiand iia 

iimembership iidegree iiµ=0 iishows iia iitotal iidissimilarity iibetween iian iiobject iiand iia iiset. iiIn iiour 

iiexample, iithe iicustomer iiwith ii2.1million iiSEK iimay iihave iimembership ii 

degrees iiof iiµrich ii(2.1millionSEK) ii= ii0.65 iito iithe iiset iirich iiand ii iiµpoor ii(2.1millionSEK) ii= ii0.35 iito 

iithe iiset iipoor. iiThis iiindicates iithat iithe iicustomer iiis iirich iibut iinot iiextremely iiwealthy. iiHowever iia 

iicustomer iihaving ii30billion iiSEK iiwould iisurely iihave iimemberships iiof iiµrich ii(1billionSEK) 

ii=1.0and iiµpoor ii(1billionSEK) ii= ii0.0 ii. iiThere iiis iiprobabilistic iiuncertainity iineither iiabout iithe 

iifortune iiof iithe iicustomer iiwho iiis iihaving ii2.1million iiSEK iinor iiabout iithe iirules iifor iihow iito 

iiclassify iihim iiinto iione iior iiother iiof iithe iitwo iisets iiwhich iiare iidetermined iiby iithe iifunctions iigiven 

iiin iifigure2.2. ii 

So iithe iimembership iidegrees iido iinot iiindicate iiany iiprobability iiof iibelonging iito iithe iisets, 

iibut iisimilarities iiof iivalues iito iithose iisets. ii 

 

                                  

Figure 2-5: Fuzzy Concept  
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2.7  iiProbability iiConcept: ii 

The iisame iibank iimay iiface iithe iiprobabilistic iiuncertainity iiabout iithe iiwealth iiof iithe 

iicustomer. iiFor iiexample, iia iinew iicustomer iidriving iiup iiwith iian iiold iibicycle iimight iibe 

iiconsidered iiof iihaving iia iifortune iiof iisay, ii5 iiSEK iiwhile iiit iimight iibe iiassumed iithat iia 

iicustomer iicomes iito iithe iibank iiin iia iibig iilimousine iicould iihave iia iimillions iiof iiswedish 

iikronars. iiHowever iithese iiare iionly iithe iiguesses iiof iithe iibank iiemployees. iiThe iivehicles 

iiof iithe iicustomers iiare iiindicators iifor iithe iiwealth iibut iino iiproof. iiSo iithe iibank iiclerks iihave 

iito iiact iiunder iiprobabilistic iiuncertainity. iiThe iibiker iicould iibe iia iibillionaire iiwhile iiother 

iicustomer iiwho iicomes iito iithe iibank iiin iia iilimousine iimight iibe iia iidebt-ridden iicomman. ii 

 ii 

The iibiker ii(BI) iimight iibe iihaving iithe iifortune iiof ii5 iiSEK iiwith iia iiprobability iiof iiPBI(5 ii 

SEK)=0.9 iiand iia iifortune iiof iione iimillion iiSEK iiwith iia iiprobability iiof iiPBI(1MILLION 

iiSEK)=0.1 iiwhile iithe iilimousine iicustomer ii(LI) iihas iithe iiprobabilities iias iifollows: 

iiPLI(5sek)=0.2 iiand iiPLI(1million iisek)=0.8. ii 

In iithis iiexample iionly iiprobabilistic iiuncertainty iiis iitaken iiinto iiconsideration. iiIn iicontrast 

iito iithe iifuzzy iiconcept iias iishown iiin iithe iiprevious iisection, iithe iiamounts iiof iimoney 

ii(5SEK iiand ii1 iimillion iiSEK) iiare iinot iiexamined iiwith iirespect iito iitheir iisimilarity iito iithe 

iisets iipoor iiand iirich. ii 

2.8 Combined iiFuzzy iiand iiProbability iiConcept: ii 

 

The iifuzzy iiand iiprobability iiconcepts iiare iiindependent iiand iithey iican iibe iicombined. iiLets iiconsider 

iithe iiexample iiof iithe iibike iirider. iiFirst iithe iibank iiclerks iiestimate iithe iifortune iiof iithe iinew 

iicustomes: iithe iibike iimight iibe iihaving iithe iifortune iiof ii5 iiSEK iiwith iia iiprobability iiof iiPBI(5 

iiSEK)=0.9 iiand iia iifortune iiof iione iimillion iiSEK iiwith iia iiprobability iiof iiPBI(1MILLION iiSEK)=0.1. 

iiNow iithe iigiven iiamounts iiof iimoney iiare iiexamined iiwith iirespect iito iitheir iisimilarity iito iithe iisets 

iirich iiand iipoor. ii5 iiSEK iimay iibe iiclassified iiwith iithe iifollowing iimembership iidegrees: iiµPOOR 

ii(5SEK) ii= ii0.95and iiµRICH ii(5SEK) ii= ii0.05. iiFor ii1 ii 

million ii SEK ii we ii may ii get ii the ii membership ii degree ii as ii follows: ii 

µPOOR ii(1MILLIONSEK) ii= ii0.02 iiand iiµRICH ii(1millionsek) ii= ii0.98. 
 ii 

Combining iithe iiprobability iiand iifuzziness iiwe iifinally iiget: iiThe iibiker iidoes iibelong iiwith iia 

iiprobability iiof iiPBI=0.9 iiand iito iia iimembership iidegree iiof iiµPOOR ii= ii0.95to iithe iiset iipoor iias iiwell iias 

iito iithe iiset iirich iiwith iiµRICH ii= ii0.05.With iia iiprobability iiof iiPBI ii= ii0.1 iiand iiwith iia iimembership 
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iidegree iiof iiµRICH ii= ii0.98 iihe iibelongs iito iithe iiset iirich iiand iias iiwell iias iito iithe iiset iipoor iiwith iiµPOOR ii= 

ii0.02. ii ii 

 ii 

 

Features iiof iithe iifunction: 

 
Figure ii2-6: iiTriangular iimembership iifunctions 



 

 

Chapter ii3: 

 

Fuzzy iiLogic iiand iiFuzzy iiClustering 
 ii 

3.1 Fuzzy iilogic: ii ii 

Fuzzy iilogic iiis iithe iiconvenient iiway iito iimap iian iiinput iispace iito iian iioutput iispace. ii 

Example: iiHow iigood iiyour iiservice iiwas iiat iiyour iiresturant, iiand iiwe iiwill iidecide iiwhat iithe 

iitip iishould iibe. ii 

 ii

 
 ii 
 ii 
 ii 
 ii ii ii ii ii ii ii ii ii ii ii ii ii ii iiFigure ii3-1: iiAn iiinput-output iimap iifor iithe iitipping iiproblem 

 ii 
 ii 

It iiis iiall iithe iimatter iiof iimapping iiinputs iito iithe iiappropriate iioutputs. iiWe iihave iia iiblack 

iibox iibetween iiinput iiand iithe iioutput iiand iithe iiblack iibox iicontains iiany iinumber iiof iithings 

iisuch iias iifuzzy iisystems, iilinear iisystems, iiexpert iisystems iineural iinetworks, iidifferential 

iiequations, iiinterpolated iimulti-dimensional iilookup iitables iiand iietc... iiThere iiare iimany 

iiways iito iimake iithe iiblack iibox iiwork, iiit iiturns iiout iithe iifuzzy iiis iioften iithe iibest iiway. ii ii 

 ii 

3.2 K-Means iiClustering iiNumerical iiExample iiand iiAlgorithm: ii 
 ii 

What iiis iiK-means iiclustering? ii 
 ii 

It iiis iian iialgorithm iito iiclassify iior iito iigroup iithe iiobjects iidepending iion iiattributes/features 

iiinto iiK iinumber iiof iigroup. iiK iiis iia iipositive iiinteger iinumber. iiThe iigrouping iiis iidone iiby 

iiminimizing iithe iisum iiof iisquares iiof iidistances iibetween iidata iiand iithe iicorresponding 

iicluster iicentroid. iiThus, iithe iipurpose iiof iiK-mean iiclustering iiis iito iiclassify iithe iidata. ii 

 ii 
 ii 
 ii 
 ii 

Example: ii ii 

 

Let iius iiconsider iiwe iihave ii4 iiobjects iias iithe iitraining iidata iipoint iiand iieach iiobject iihas ii2 

iiattributes. iiEach iiattribute iirepresents iicoordinate iiof iithe iiobject. ii 

 ii 

Object ii Attribute 

iiindex ii 

1(X) 

ii 
:Weig

ht ii 

Attribute ii2(Y): iipH ii 
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Medicine iiA ii 1 ii   1 ii 

Medicine iiB ii 2 ii   1 ii 

Medicine iiC ii 4 ii   3 ii 

Medicine iiD ii 5 ii   4 ii 

 ii 
 ii 

These iiobjects iibelong iito iitwo iigroups iiof iimedicine(cluster ii1 iiand iicluster ii2). iiNow iiwe 

iihave iito iidetermine iiwhich iimedicines iibelong iito iicluster ii1 iiand iiwhich iimedicines iibelong 

iito iithe iiother iicluster. iiEach iimedicine iirepresents iione iipoint iiwith iitwo iicoordinates.The 

iiattribute ii1(X) iiand iiatrribute ii2(Y) iivalues iiare iiassigned iito iithe iiobjects iiwhich iigive iithe 

iicluster iiidentification ii(which iimedicine iibelongs iito iicluster ii1 iiand iiwhich iimedicine 

iibelongs iito iicluster ii2). ii 

 ii 
Numerical iiExample: ii 

 ii 

In iithe iibegining iiof iithe iiK-means iiclustering ii, iiwe iidetermine iia iinumber iiof iiclusters iiK 

iiand iiwe iiassume iithe iiexistence iiof iithe iicentroids iior iicenters iiof iithese iiclusters. iiWe iican 

iitake iiany iirandom iiobjects iias iithe iiinitial iicentroids iior iithe iifirst iiK iiobjects iican iialso iiserve 

iias iithe iiinitial iicentroids. ii 
 ii 

Then iithe iiK-means iialgorithm iiwill iido iithe iithree iisteps: ii 

Iterate iiuntil iistable ii(No iiobject iimove iigroup): ii 

 ii 
1.Determine iithe iicentroid iicoordinates ii 

2. iiDetermine iithe iidistance iiof iieach iiobject iito iithe iicentroids ii 

3.Group iithe iiobjects iibased iion iiminimum iidistance ii(we iihave iito iifind iithe iiclosest iicentroid) ii 

 

 

 

 

 

 

 
 ii 

Figure ii3-9: iiK-Means iiAlgorithm iiFlow iiChart ii ii ii 

 ii 
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 ii 

The iifollowing iinumerical iiexample iiis iigiven iito iiunderstand iithis iisimple iiiteration ii 

Suppose iiwe iihave iiseveral iiobjects ii(4 iitypes iiof iimedicines) iiand iieach iiobject iihave iitwo 

iiattributes iior iifeatures iias iishown iiin iithe iitable iibelow. iiOur iiaim iiis iito iigroup iithese iiobjects 

iiinto iiK=2 iigroup iiof iimedicine iidepending iion iithe iitwo iifeatures ii(pH iiand iiweight iiindex). ii 

 

 

 ii 

Object ii Feature 

iiindex ii 

1 

ii 
(X): 

ii 
weig

ht ii 

Feature ii2(Y): iipH ii 

Medicine iiA ii 1 ii    1 ii 

Medicine iiB ii 2 ii    1 ii 

Medicine iiC ii 4 ii    3 ii 

Medicine iiD ii 5 ii    4 ii 

 ii 
Each iimedicine iirepresents iione iipoint iiwith iitwo iifeatures iias ii(X ii,Y). ii 

 

3.3 Initial iivalue iiof iithe iicentroids: 
 ii 

In iithis iiwe iiuse iimedicine iiA iiand iiB iias iithe iifirst iicentroids. iiLet iic1 iiand iic2 iiare iithe iicoordinate 

iiof iithe iicentroid, iithen iic1= ii(1,1) iiand iic2=(2,1). ii 
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 ii 
Objects-centroids iidistance: ii ii 

 

We iicalculate iithe iidistance iibetween iicluster iicentroid iiand iieach iiobject. iiWe iiuse iiEuclidean 

iidistance, iithen ii iithe iidistance iimatrix iiat iiiteration ii0 iiis: ii 

 ii 

 

 ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii  ii 

Each iicolumn iiin iithe iidistance iimatrix iirepresents iithe iiobject. iiThe iifirst iirow iiof iithe 

iidistance iimatrix iicorresponds iito iithe iidistance iibetween iieach iiobject iiand iithe iifirst 

iicentroid. iiThe iisecond iirow iiis iithe iidistance iibetween iieach iiobject iiand iithe iisecond 

iicentroid. iiFor iiexample iithe iidistance iibetween iithe iithird iiobject iiC(4,3) iiand iithe iifirst 

iicentroid iiis ii3.61 iiand iiits iidistance iito iithe iisecond iicentroid iiis ii2.83. ii 

 ii 
 ii 

Object iiClustering: ii ii 

 

We iiassign iieach iiobject iito iicluster ii1 iior iicluster ii2 iirespectively iiwhen iibasing iion iithe 

iiminimum iidistance. iiSo, iimedicine iiA iiis iiassigned iito iigroup ii1, iimedicine iiB iiis iiassigned 

iito iigroup ii2, iimedicine iiC iito iigroup ii2 iiand iimedicine iiD iito iigroup ii2. iiThe iielement iiof iithe 

iigroup iimatrix iibelow iiis ii1 iiif iiand iionly iiif iithe iiobject iiis iiassigned iito iithat iigroup ii 

 ii 
 ii 

 
 ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii 
 ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii 
 

ii ii 
Iteration ii1, iidetermine iicentroids: ii ii 

 

Group ii1 iihas iionly iione iimember iiso iithe iicentroid iiremains iiin iic1= ii(1,1). iiGroup ii2 iinow iihas iithree 

iimembers, iiso iithe iicentroid iiis iithe iiaverage iicoordinate iiamong iithe iithree iimembers iiC2= ii(11/3, ii8/3). ii 

 ii iiIteration ii1, iiObjects-Centroids iidistances: ii iiThe iinext iistep iiis iito iifind iiout iithe iidistance iiof 

iiall iiobjects iito iithe iinew iicentroids. ii 
 ii 
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 ii 
 iiIteration ii1, iiObjects iiclustering: ii ii 

 

Similar iito iistep ii3, iiwe iiassign iieach iiobject iibased iion iithe iiminimum iidistance iiand iithe iigroup 

iimatrix iiis iishown iibelow. ii 

 
 

Iteration ii2, iidetermine iicentroids: ii ii 

 

Group ii1 iiand iiGroup ii2 iiboth iihave iitwo iimembers, iiso iithe iinew iicentroids iiare iic1=(3/2 ii, ii1) 

iiand iic2=(9/2 ii, ii7/2). ii 

 ii 
 

Iteration ii2, iiObjects-Centroids iidistances: ii ii 

 

We iihave iinew iidistance iimatrix iiat iiiteration ii2 ii ii ii ii iias ii 

 

 
 

 ii 
 iiIteration ii2, iiObjects-Clustering: ii iiWe iiassign iieach iiobject iibased iion iiminimum iidistance ii 

 

We iiobtained iithe iiresult iias iiG2=G1
 iifrom iithe iigrouping iiof iiprevious iiiteration iiand iithis iiiteration iiwe 

iiconclude iithat iithe iiobjects iido iinot iimove iigroup iianymore. iiSo iithe iicomputation iiof iithe iiK-means 

iiclustering iihas iireached iiits iistability iiand iino iimore iiiteration iiis iineeded. iiWe iiconclude iithe iifinal iigrouping 

iias iiresults. ii 

 ii 
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Object ii Feature ii1 ii(X): 

iiweight iiindex ii 

Feature ii2(Y): 

iipH ii 

Group ii(result) ii 

Medicine iiA ii 1 ii 1 ii 1 ii 

Medicine iiB ii 2 ii 1 ii 1 ii 

Medicine iiC ii 4 ii 3 ii 2 ii 

Medicine iiD ii 5 ii 4 ii 2 ii 
 ii 
 ii 

3.4 iiK-Means iiAlgorithm iiClustering iiPlot: ii 

3.4.1 K-Means iiAlgorithm: ii 
 ii 

The iiK-means iiClustering iiAlgorithm ii 

 

The iiK-means iialgorithm iican iibe iiconsidered iithe iiworkhorse iiof iiclustering iialgorithms. iiIt iiis iia iipopular 

iiclustering iimethod iithat iiminimizes iithe iiclustering iierror iicriterium. iiHere iifollows iithe iiK-means iialgorithm. ii 

1. Initialization: iiChoose iiK iivectors iifrom iithe iitraining iivector iiset iiX iiat 

iirandom. iiThese iivectors iiwill iibe iithe iiinitial iicentroids iiµk. ii 

2. Recursion: iiFor iieach iivector ii𝑥𝑛  iiin iithe iitraining iiset, iilet iievery iivector iibelong iito iia 

iicluster iik. iiThis iiis iidone iiby iichoosing iithe iicluster iicentroid iiµk iiclosest iito iithe iitraining iivector ii𝑥𝑛. ii 

kn ii= 

iiargmin iik ii_ ii 

(xn ii− iiµk)T ii(xn ii− iiµk) ii(3) ii 

The iifunction iichooses iithe iicluster iiwhich iiminimizes iithe iiEuclidean iidistance iibetween iithe iicentroid iiand iithe 

iitraining iivector. ii 

3. Test: iiRecompute iithe iicentroids iiµk iiby iitaking iithe iimean iiof iithe iivectors iithat iibelong iito 

iithis iicluster. iiThis iiis iidone iifor iiall iiK iicentroids. iiIf iino iivector iibelongs iito iiµk, iicreate iia iinew iicentroid iiµk iiby 

iiassigning iiit iia iirandom iivector iifrom iithe iitraining iiset. iiIf iinone iiof iithe iicentroids iiµk iichanged iifrom iiprevious 

iiiteration, iithe iialgorithm iiterminates. iiOtherwise, iigo iiback iito iistep ii2. ii 

4. Termination: iiFrom iithe iiclustering, iithe iifollowing iiparameters iiare iifound. ii 

• The iicluster iicentroids iiµk. ii 

• The iiindex ii𝑘𝑛  iithat iiindicates iiwhich iicentroid iitraining iivector iixn iibelongs iito. iiTask ii4-A: 

iiWrite iia iiMatlab iifunction iifor iiK-means iiclustering, iikmeans. iiUse iithe iifunction iiprototype iilisted iibelow. ii 

Task ii4-B: iiWrite iia iiMatlab iifunction iito iicalculate iithe iismallest iidistance iifrom iia iifeature iivector 

iito iia iicluster iicentroid, iik iimeans iid. iiUse iithe iifunction iiprototype iilisted iibelow. ii 

Task ii4-C: iiIn iithe iifile iitask4.mat iithere iiis iia iimatrix iiof iifeature iivectors, iiX. iiFind 

iithe iicentroids iiusing iithe ii 

K-means iiclustering iialgorithm, iiusing iiK ii= ii3 iiclusters. iiThe iifeature iivectors iiare iitwo 

iidimensional iiand iithe iiclustering iican iitherefore iibe iivisualized iiand iiverified iieasily. ii 

 ii 
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3.5 The iiFUZZY iiC-means ii iiAlgorithm ii 
 ii 

Clustering iiis iithe iiprocess iiof iigrouping iifeature iivectors iiinto iiclasses iiin iithe iiself iiorganized iimode. iiChoosing 

iithe iicluster iicenters iiis iicrucial iito iithe iiclustering. iiFuzzy iiclustering iiplays iian iiimportant iirole iiin iisolving 

iiproblems iiin iithe iiareas iiof iipattern iirecognition iiand iifuzzy iimodel iiidentification. iiThe iiFCM iialgorithm iiis 

iimore iisuited iito iidata iithat iiis iimore iior iiless iievenly iidistributed iiaround iithe iicluster iicenters. iiThe iiFCM 

iialgorithm iilumps iithe iitwo iiclusters iiwith iinatural iishapes iibut iiclose iiboundaries iiinto iia iilarge iicluster. ii ii 

Fuzzy iic-means ii(FCM) iiis iia iimethod iiof iiclustering iiwhich iiallows iione iipiece iiof iidata iito iibelong iito iitwo iior 

iimore iiclusters. iiThis iimethod ii(developed iiby iiDunn iiin ii1973 iiand iiimproved iiby iiBezdek iiin ii1981) iiis 

iifrequently iiused iiin iipattern iirecognition. iiIt iiis iibased iion iiminimization iiof iithe iifollowing iiobjective iifunction. ii 

 

where iim iiis iiany iireal iinumber iigreater iithan ii1, iiui,j iiis iithe iidegree iiof iimembership iiof iixi iiin iithe iicluster iij, iixi iiis 

iithe iii iith iiof iid-dimensional iimeasured iidata, iic iij iiis iithe iid-dimensional ii 

center iiof iithe iicluster, iiand ii||*|| iiis iiany iinorm iiexpressing iithe iisimilarity iibetween iiany iimeasured iidata iiand iithe 

iicenter. ii 

Fuzzy iipartitioning iiis iicarried iiout iithrough iian iiiterative iioptimization iiof iithe iiobjective iifunction iishown 

iiabove, iiwith iithe iiupdate iiof iimembership ii iiui, iij ii iiand iithe iicluster iicenters ii iic iij iiby: ii 

 
 CN N 

This iiiteration iiwill iistop iiwhen iimaxi, iij ii{ui, iij ii(k+1) ii−ui, iij ii(k)}< iiε, iiwhere iiε iiis iia iitermination iicriterion iibetween 

ii0 iiand ii1, iiwhereas iik iiare iithe iiiteration iisteps. iiThis iiprocedure iiconverges iito iia iilocal iiminimum iior iia iisaddle 

iipoint iiof iiJm. iiA iisaddle iipoint iiis iia iipoint iiin iithe iidomain iiof iia iifunction iiwhich iiis iia iistationary iipoint iibut iinot 

iia iilocal iiextremum. iiThe iialgorithm iiis iidescribed iiwith iithe iifollowing iisteps: ii 

1. Initialize iiU= ii[ui,j ii]matrix,U ii
(0)

 ii 

2. At iik-step: iicalculae iivectors iiC ii
k

 ii=[c iij ii] iiwith iiU ii
(k)

 ii ii 

  

3. If ii||U ii
(k+1)

 ii−U ii
k

 ii||< iiε iithen iistop; iiotherwise iireturn iito iistep ii2. ii 
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3.6 Example-C iiMeans iiAlgorithm-Implementations ii 

 

Clustering iianalysis iiis iithe iiprocess iiof iigrouping iithe iiunity iiaccording iiwith iithe iisimilar iicharacters iiin iithe 

iidata iiconcentration. iiIt iiis iiwidely iiapplied iiin iithe iifield iiof iidata ii 

U ii
(k),U ii

(K+1)
 iidrawing, iiimage iipartition, iimodel iiidentification iiand iisignal iicompression. ii 

The iiproblem iiof iifirst iiclass iiclustering iican iibe iitreated iias iirestriction iioptimal iiproblem. iiIts iitarget iiis iito 

iisearch iithe iioptimal iiclassification iiof iisample iiset, iito iimake iiclustering iifunction iibased iion iierror iiof iiintra 

iiclass iiand iiinter-class. ii(The iimain iidifference iibetween iiintra iiclass iiand iiinter-class iiis iithe iidata iiare iipooled 

iito iiestimate iithe iimean iiand iivariance) ii 

C-Mean iiAlgorithm ii(CMA) iiis iithe iicommon iiway iito iisolve iithis iikind iiof iiproblem. iiThis iialgorithm iiis iieasy 

iiand iiits iiconvergence iispeed iiis iivery iifast iibut iiit iiis iisensitive iito iithe iiinitialization iicondition iiand iiit iihas 

iidifferent iiclustering iiresult iifor iidifferent iiinitialization iivalue. iiClustering iimethod iibased iion iigenetics 

iialgorithm iican iisolve iithe iiproblems iiof iiinitialization iisensitivity iiof iiCMA iiand iihas iia iilot iiof iichance iito iiget 

iithe iioptimal iisolution. iiThis iiexample iiin iivirtue iiof iioptimum iimechanism iivertebrate iiimmune iisystem 

iicombining iiCMA iiputs iiforward iione iikind iiof iihybrid iiclustering iialgorithm iiwhich iikeeps iithe iimechanism 

iiof iiindividual iivariety. iiAnd iialso iiput iiforward iinew iiimmune iiselection iistrategy. iiUsing iithis iistrategy iiwe 

iican iiovercome iithe iiimmature iiconvergence iiphenomenon. ii 

 



 

 

Chapter ii4: 

 

Implementation 

 

In iithis iichapter iiwe iihave iidiscussed iitwo iibasic iiexamples iialong iiwith iitwo iiother iipractical iiexamples. iiIn 

iithe iibasic iiexamples iiall iithe iicalculations iiare iigiven iiso iithat iireaders iican iiunderstand iithe iipractical 

iiexamples iiproperly. ii ii 

4.1 iiExample ii1 ii 

 

Let iiX={X1 iiX2 iiX3 iiX4 ii},there iiare iithree iielements iidivided iiin iitwo iisubsets iiwhich iiare iinon-empty iiby 

iimatrices. ii 

 ii ii ii ii ii ii ii ii ii 

 

 

Each iielement iibelongs iionly iito iione iiclustering 

 ii 

X ii={X1, iiX2, iiX3, iiX4, iiX5} ii 

 ii  ii ii ii ii ii 
 ii  ii 
^ 
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Where iiS1 ii= ii0/ iiX1 ii+ ii0.25/ iiX ii2 ii+ ii0.5/ iiX3 ii+ ii0.75/ iiX ii4 ii+1/ iiX5 ii 
 ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii 
^ 

 ii ii ii ii ii ii ii ii ii ii ii ii ii iiS2 ii=1/ iiX1 ii+ ii0.75/ iiX ii2 ii+ ii0.5/ iiX3 ii+ ii0.25/ iiX ii4 ii+ ii0/ iiX5 ii 

We iiuse iidistance iibetween iitwo iiobjects iiXk iiand iiXl iias iithe iifunction iid ii: iiX×X ii→R iisuch 

iithat ii ii ii 

 iid(X iik ii, iiX iil ii) ii=dkl ii≥ ii0 ii 

d(X iik ii, iiX iil ii) ii= ii0 iiif iiX iik ii= iiX iil ii 

 iid(X iik ii, iiX iil ii) ii=d(X iil ii, iiX iik ii) ii 

Let iiX ii
={X1,........, iiXn ii}, iiVcnis iithe iiset iiof iiall iireal iic×n iimatrices, iiwhere iil ii≤ iic 

ii≤ iin iiis iian iiinteger. ii 

The iimatrix iiu ii= ii(uik ii) ii⊂ iiVcn iiis iicalled iia iicrisp iic-partition iiif ii 

 

4.2 iiExample ii2 ii 

Here iiwe iihave iidiscussed iithe iisecond iibasic iiexample iialong iiwith iithe iiwhole iialgorithm. 

iiBut iiin iithis iiexample iiwe iihave iitaken iidifferent iiparameters iiinto iiaccount. ii 

 ii 

X ii={(1, ii6),(1, ii6),(2, ii8),(3, ii6),(6,6),(8, ii1)} ii 

 
 ii 
 ii 
k=6, iic=2, iim=1 ii 

 ii 
 ii ii ii ii ii ii 
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 ii ii ii ii ii  
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ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii

 
 

 
 ii 
 ii 
 ii 
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d11=d(x1,v

3
1)=
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 =2.306 

 
 ii 
 ii 

4.3 iiFuzzy iiclustering iianalysis iiand iiFuzzy iiC-means iialgorithm iiImplementations ii 

 

The iiimpact iiof iihydrological iiforecasting iiresults iimainly iiperformance iiuncertain iifactor iisuch iias 

iihydrology, iimeteorology, iigeography iiand iigeology. iiThese iifactors iihave iia iicertain iiamount iiof iirandom iiand 

iifuzzy. iiHow iito iimake iiuse iiof iifuzzy iianalysis iito iisuch iistatistics iithese iiuncertain iifactors, iicombining iiwith 

iiregional iirunoff iimodel iiand iicomplementing iiclassification iiof iireal-time iiflood iiforecasting iiis iithe iifocus iiof 

iithis iistudy. iiWe iihave iichosen iiChao iiER iiriver iiof iiLu iiZhou iistation iias iia iiforecasting iistation iiand iihave iitried 

iito iiuse iifuzzy iimath iiand iihydrological iiforecasting iiknowledge iiof iihistory iito iiextract iithe iiimpact iifeature 

iifrom iithe iihistorical iioccurred iifloods iiand iiselect iithe iimost iiappropriate iiimpact iifactor iito iibe iifuzzy 

iiclustering. iiFuzzy iiclustering iishows iithe iiimpact iifeature iiof iisame iitype iiof iihistory iiflooding iihas iisame 

iidegree iiof iiinfluence iito iiflooding. iiIn iireal-time iiforecasting, iithe iiimpact iicharacteristics iiof iireal-time 

iiflooding iiand iithe iicharacteristics iiof iia iisample iihistorical iiflooding iiare iianalyzed iiby iifuzzy iiclustering iito 

iiget iithe iimembership iiof iia iireal-time iioccurrence iiflooding iirelative iito iidifferent iicategories iiof iiflood iiand iido 

iioperations iiin iireal-time iiflood iiforecasting. ii 

4.3.1 iiFuzzy iiclustering iianalysis ii 

Hydrological iiforecasting iifactor iiis iivery iivague, iias iia iiresult iithat iithe iifuzzy iicluster iianalysis iiis iiapplied iito 

iiclassification iiof iiflood iiforecasting iiflood iicategories iiin iiorder iito iimake iiclassification iimore iirealistic, iithe 

iigotten iiresult iiis iimore iicomprehensive, iidetailed, iireasonable iithan iithe iitraditional iiclassification iibut iialso 

iiprovide iithe iiclassification iibase iifor iifinial iireal-time iiforecasting. ii 

The iigenerally iiwelcomed iipractical iiapplication iiis iithe iifuzzy iiclustering iimethod iibased iion iithe iiobjective 

iifunction iithat iiis, iiclustering iiis iiboiled iidown iiinto iia iiconstrained iinon-linear iiprogramming iiproblem iiby 

iioptimizing iisolution iito iiobtain iithe iifuzzy iipartition iiand iicluster iiof iidata iisets. iiThe iimethod iiis iidesigned 

iisimple iia iiwide iirange iiof iiproblemsolving iiand iieasy iito iiachieve iion iithe iicomputer. iiIn iifuzzy iiclustering 

iialgorithm iibased iion iithe iiobjective iifunction iithe iialgorithm iitheory iiof iiFuzzy iiC-MEANS iiis iibetter iiand 

iiapplied iimore iiwidely. ii 

However, iiC-MEANS iialgorithm iidoes iinot iiconsider iithe iiproblem iiof iiextent iiimpact iiof iithe iihydrological 

iiforecasting iiimpact iifactor iion iiforecasting iiresults iibut iiin iithe iiactual iiapplication iidue iito iithe iicalculation 

iiand iitheoretical iireasons iiof iiprediction iimodel iithe iicontribution iiof iiimpact iifactor iito iithe iiprediction iiresult 
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iiis iinon-uniform iiand iiin iiaccordance iiwith iiPrinciple iicalculation iiof iithe iiforecasting iimode iiselect iiimpact 

iifactor iione iipart iiis iimeasured iihydrologic iidata, iithe iiother iipart iiis iithe iihydrological iiproperties iidata. iiIn 

iiorder iito iireflect iithe iiextent iiof iiimpact iiof iinumerical iidata iion iithe iiforecasting iiresults iiweighted 

iioptimization iiis iicomplemented iiin iisample iifeature iiwith iifeature iiselection iitechniques iiRelief. ii 

 

4.3.2 iiThe iifuzzy iic-means iiclustering iibased iion iiweighted iifeature ii 

In iiorder iito iiconsider iieach iidimensional iifeature iiof iivector iisample iiof iihistorical iiflood iimake iicontribution 

iito iipattern iiclassification, iito iimake iiuse iiof iifeature iiselection iitechnique, iito iiput iiforward iia iiC-MEAN iifuzzy 

iiclustering iialgorithm iibased iion iithe iicharacteristic iiweighting, iiwhich iimakes iiuse iiof iifeature iiselection 

iitechnology iifeatures iiRELIEF iialgorithm iito iiweighted iiselect iifeature iinot iionly iimade iithe iiclassification 

iimore iieffective iithan iian iiordinary iiC-MEAN iifuzzy iiclustering iialgorithm iiand iican iialso iianalyze iithe 

iicontributions iiand iidegree iiof iiimpact iiof iieach iidimensional iicharacteristics iito iithe iiclassification iiresults 

iiand iiprovide iia iireference iifor iithe iifeature iiextraction iiof iireal-time iiforecasting. ii 

When iithe iicharacteristics iiweight iiwill iibe iidirectly iiapplied iito iifuzzy iiC-MEAN iiclustering, iithe iiobjective 

iifunction iifuzzy iiclustering iican iibe iiexpressed iias: ii 

 
Jm ii(where iim=1,……n ii) iidenotes iithe iiweight iiof iieach-dimensional iicharacteristics iiof iithe iisample. iiWhen iithe 

iiobjective iifunction iiJm iiachieves iithe iiminimum, iiit iigets iithe iioptimal iiresult iiof iifuzzy iiclustering, iiit iiis iineeded 

iito iipoint iiout iithat iithe iisamples iiof iihistorical iiflood iicontain iipart iiof iiflooding iiproperty iidata iineeding iiartificial 

iievaluation, iia iipart iiof iiproperty iidata iiis iinot iiinvolved iiin iithe iicalculation iiof iiflood iiforecasting iimodel iiwhich 

iimainly iiworks iiin iifuzzy iiclassification, iitherefore iithe iiweighted iivalue iiof iithis iipart iiof iiattribute 

iicharacteristics iiis iidefined iias iia iirelatively iismall iinumber iiin iiorder iito iireduce iithe iiimpact iimade iiby iiartificial 

iievaluation iierror iiof iiattribute iidata iito iiforecasting iiresult iiin iireal-time iiforecasting. iiAt iilast iirelevance 

iibetween iireference iicharacteristics iifactor iiand iiprediction iiobjection iimake iithe iiposted-weight iito iiall iiof iithe 

iipreferred iicharacteristics. 

Due iito iithe iilimitations iiand iiparticularity iiexisting iiin iithe iiacquisition iiof iihistorical iiflood iisamples iiin iigeneral, 

iithe iibig iiof iibasin iiflood iiis iimedium-sized iifloods, iilow iiincidence iirate iito iithe iilarge iiflood. iiIn iithe iisample 

iicollection iiprocess, iithe iidifference iibetween iithe iiquantities iiof iivarious iitypes iiof iisamples iiis iivery iilarge, iifrom 

iithe iipoint iiof iiview iiof iithe iicalculation iimethod iiof iicharacteristics iiweight iivalue. iiThis iiwill iibe iithe iidifference 

iibetween iithe iiquantity iiwill iimake iia iilarge iieffect iion iiselection iiof iisample iicharacteristics. iiIn iiorder iito 

iiminimize iithis iiimpact iias iimuch iias iipossible. iiIn iiaccordance iiwith iithe iidistribution iiof iiall iikinds iiof iidifferent 

iisamples, iiset iinumber iiwhich iiis iimost iiclose iito iipoints iito iibe iidynamic iiin iiRELIEF iialgorithm. ii 
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4.4 iiExample iianalysis iicalculation ii 

In iiorder iito iitest iithe iivalidity iiof ii iifuzzy iiC-means iialgorithm ii-weighted iibased iion iithe iicharacteristics iiof 

iiweight, iithe iiproposed iiaccuracy iiof iihistorical iiflooding iiof ii"CAO iiER iiriver" iibasin iiis iicomparably iianalyzed 

iiaround iithe iiproposed iifuzzy iiby iithis iimethod. ii ii 

4.4.2 iiFlooding iiFeature iiSelection ii ii 

 

The iikey iiof iiFCM iialgorithm iilies iithe iiprior iigiven iicluster iinumber iiof iiC, iitherefore, iithis iireview iiaccords iito iithe 

iiiterative iiself-organizing iianalysis iitechnology, iiuses iimeaning iiof iioptimal iiclassification iito iibuild iifunction iiF 

iiof iiinter-class iiand iiextra-class iidistance iiof iiFuzzy iiCluster iiAnalysis iito iiachieve iithe iiC-MEAN iifuzzy 

iioptimization iialgorithm iitogether, iito iiobtain iithe iibest iicluster iisample iiin iithis iiexample iifor iiCategory ii5. ii 

Since iithe iiprediction iimodel iiapplied iithe iirunoff iimodel iiused iiin iisub-humid iiareas, iitherefore iifirstly iiselect 

iirainfall iiintensity iiin iigreatest iitime, iiinitial iiwater iicontent iiof iisoil, iithe iiaverage iirainfall iiintensity iiand iithe 

iiinitial iiflow iito iitake iipart iiin iimodel iicalculation iiwhich iiis iicharacterized iiby iibasic iinumerical iicharacteristics iiof 

iifuzzy iiclustering. iiHowever, iithe iihydrological iielement iiinfluencing iiformation iiof iithe iiimpact iiof iiflooding iihas 

iia iistrong iirandomness iiand iifuzziness, iiand iiuncertainty iipredictor iifactor iiis iivery iipowerful, iiin iiorder iito iifully 

iireflect iibasin iirainfall iicharacteristics iiand iidistribution iiof iirainfall. iiIn iiaccordance iiwith iidistribution iiformation 

iiof iipre-rainfall iiand iiits iiextend iicontribution iito iithe iiflood iipeak, iiselect iithree iiproperty iiimpact iicharacters iisuch 

iias iia iirainstorm iicenter, iirain iitrend iiand iiproperty iion iishape iiof iirain iitype. iiIn iithe iicalculation iiof iifuzzy 

iiclustering iianalysis, iiit iiis iinecessary iithat iithe iiproperty iicharacteristic iinumerical iivalue iiof iirainfall iichanges 

iiinto iia iinumerical iivalue iicharacteristics. iiLocation iiof iirainstorm iicenter iiaccords iithe iifive iilevels: iithe iiupper 

iireaches, iimiddle iiand iiupper iireaches, iimiddle iireaches, iithe iimiddle iiand iilower iireaches, iievaluates iifrom ii1to ii5 

iiaccording iito iitheir iidegree iiof iiinfluence iiof iiflooding iipeak. iiTrend iiof iirainfall iiaccords iifrom iibottom iito iitop, 

iiupstream, iimidstream, iifrom iitop iito iibottom, iilower iireaches iiof iithe iifive-levels, iigives iievaluation iifrom ii1to ii5 

iiaccording iito iitheir iidegree iiof iiinfluence iion iithe iiflooding iispeak. iiShape iiof iirain iitype iiinterpolates iievaluation 

iiin iiaccordance iiwith iithe iifigure ii4-1. ii 

The iirain iicharacteristics iiduring iithe iilargest iitime iibased iion iiforecasting iicalculating iiperiod iias iiunity iiselect iithe 

iigreatest iiperiods iiof iirainfall iimaking iiimpact iion iiflood iipeak. iiInitial iiwater iicontent iiof iisoil iirefers iito iithe iiwater 

iicontent iiof iisoil iiduring iithe iiearly iiperiod iiof iiprediction iicalculation. iiThe iiaverage iirainfall iiintensity iiis iithe 

iipeak-hour iirainfall iiof iirain iipeak. iiThe iiinitial iiflow iirefers iito iithe iiflow iivalue iiof iiearly iiperiod iiof iiforecasting 

iicalculation iiin iithe iiforecast iisection. iiThese iicharacteristics iicompose iiseries iiof iicharacteristics iisamples iiof iithe 

iibasin iihistorical iiflood, iishown iiin iiTable ii4- ii14-1. ii 

Property ii ii ii ii ii1 ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii2 ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii3 ii 
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 ii 
Figure ii4-1: iiSketch iifor iievaluate iiproperty iion iithe iishape iiof iirain iitype ii 

 ii 

Table ii4- ii1: iiFeature iiand iiflood iipeaks iirunoff iiof iihistorical iiflood iisample iiTable ii4-2: iiSample iidata iifor 

iirainfall iiintensity iiaccording iito iioptimal iiclassification ii 

 

Flood iiNo. iiNo. ii iiinitial iiwater ii ii ii ii ii iiaverage iirainfall ii ii ii ii ii ii ii iiinitial ii ii ii ii ii ii ii ii ii ii ii 

iiflow iiof iiflooding ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii iicontent ii/mm ii ii ii iiintensity/(mm*h-1
 ii) ii iiflow/(m3*s-

1) ii ii ii ii iipeak/( iim3*s-1) ii 

 

860410 ii ii ii ii ii ii1 ii ii ii ii ii ii ii89.1 ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii12.6 ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii74.51 ii ii ii 

ii ii ii ii ii ii ii ii ii ii691 ii 

860708 ii ii ii ii ii ii2 ii ii ii ii ii ii ii85 ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii15.7 ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii60.98 ii ii ii 

ii ii ii ii ii ii ii ii ii ii532 ii 

860905 ii ii ii ii ii ii3 ii ii ii ii ii ii ii69.8 ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii19.7 ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii38.6 ii ii ii ii ii 

ii ii ii ii ii ii ii ii ii ii937 ii 

860919 ii ii ii ii ii ii4 ii ii ii ii ii ii ii68.6 ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii7.2 ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii33.37 ii ii ii 

ii ii ii ii ii ii ii ii ii ii630 ii 

870620 ii ii ii ii ii ii5 ii ii ii ii ii ii ii68.7 ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii7.2 ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii33.55 ii ii ii 

ii ii ii ii ii ii ii ii ii1220 ii 

870722 ii ii ii ii ii ii6 ii ii ii ii ii ii ii43.2 ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii7 ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii93.13 ii ii 

ii ii ii ii ii ii ii ii ii ii ii ii592 ii 

870727 ii ii ii ii ii ii7 ii ii ii ii ii ii ii90 ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii16.6 ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii194 ii ii ii ii ii ii 

ii ii ii ii ii ii ii ii ii ii2093 ii 

870908 ii ii ii ii ii ii8 ii ii ii ii ii ii ii59.1 ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii13.2 ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii89.4 ii ii ii ii 

ii ii ii ii ii ii ii ii ii1490 ii 

880617 ii ii ii ii ii ii9 ii ii ii ii ii ii ii74.3 ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii14.9 ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii48.23 ii ii 

ii ii ii ii ii ii ii ii ii1080 ii 

880807 ii ii ii ii ii10 ii ii ii ii ii ii28.5 ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii32 ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii71.2 ii ii ii ii 

ii ii ii ii ii ii ii ii ii1389 ii 

value  

shape of  
rain type  
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890411 ii ii ii ii ii11 ii ii ii ii ii ii51.8 ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii5.3 ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii12.7 ii ii ii ii 

ii ii ii ii ii ii ii ii ii ii ii660 ii 

890522 ii ii ii ii ii12 ii ii ii ii ii ii81.6 ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii8.7 ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii ii241 ii ii ii ii ii ii 

ii ii ii ii ii ii ii ii ii ii ii825 ii 

 



 

 

 ii 

Chapter ii5: 

 

 iiConclusion 

The iiC-means iialgorithm iiis iitreated iias iia iinew iisearch iioperator iiso iithat iiproposed iialgorithm iiobtains iithe 

iicharacters iiof iistrong iiability iiof iipart iisearching iiand iismall iioperation iiin iiorder iito iifaster iithe iipart iisearch 

iioptimum iispeed. iiTherefore, iithe iitextual iialgorithm iican iiconverge iito iithe iioptimum iifaster iiand iihas iihigher 

iiaccuracy. iiThe iialgorithm iican iibe iiextended iito iiother iiclustering iimodel iiwhose iiobjective iifunction iican iibe 

iirepresented iiin iiterms iiof iioptimization iiof iiclustering iicentres. ii 

From iithe iifeatures, iiconcepts iiand iiproperties iidiscussed iiabout iipattern iirecognition iiit iiis iievident iithat iiFuzzy 

iilogic iican iiindeed iibe iipart iiof iithis iivast iiuniverse iiof iidata iithereby iifinding iiitself iiin iivarious iiapplications 

iiand iimeasures iiin iirelation iiwith iipattern iirecognition. ii ii 

5.1 iiFuture iiof iitechnology ii ii 

The iifuture iiregarding iipattern iirecognition iistill iilooks iibright. iiAs iilong iias iiman’s iidetermination iito iisolve 

iievery iicomplex iiproblem iiprecisely iiand iiperfectly iipersists, iione iican iinever iisee iithe iihorizon iibeyond iii.e. iithe 

iiphilosophy iithat iito iisolve iicomplex iiproblems iiapproximate iireasoning iiand iiimperfections iiare iigood iienough 

iiand iithis iiis iiwhere iifuzzy iilogic iiand iiits iivariants, iiin iithis iicase iifuzzy iidata iiand iidifferent iipatterns, iiwill 

iiremain iiprevalent. ii 

It iihas iibeen iia iiwonderful iiexperience iito iilearn iinew iivast iiuniverse iiin iithe iiform iiof iiFuzzy iiLogic iiand iihaving 

iithe iiknowledge iiof iiFuzzy iipattern iirecognition iihas iiindeed iigiven iia iidifferent iidimension. iiThe iithesis 

iipresented iihas iidone iiquite iia iibit iiof iijustice iiin iiknowing iiabout iithis iitopic iiright iifrom iiintroduction iito iifuzzy 

iilogic iiand iipattern iirecognition, iithe iireasons iiand iiits iiuses, iito iiC iimeans iialgorithms iienhancement, 

iisegmentation iiusing iiFuzzy iiand iifinally iiits iiapplications. ii 

 ii 



 

 

 ii 
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