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ABSTRACT

Thegoalofdataclusteringistodivideasetofdataintodifferentclusters,sothatthedatainthe
sameclustershowsomesimilarcharacteristics.Therearemanyclusteringmethodsforsatelliteimage
segmentation,suchask-means,c-means,iso-data,minimumdistancealgorithms.Eachmethodhas
certainadvantagesanddisadvantages,butgenerallytheyarebasedonbrightnessvaluetodividethe
pixelsoftheimageintoclusters.Actually,theprobabilityofoccurrenceoffrequencyofappearance
ofpixelhascertaineffectsonclusteringresults.Inthisarticle,theauthorsproposeamethodfor
clusteringsatelliteimagerybasedondensity.Itconsistsoftwomainsteps:findclustercentroidusing
densityanddataclusteringusingfuzzyc-Meansalgorithm(DFCM).Theresultsobtainedinthis
studycanbeusedtopotentiallyimproveclassificationaccuracyofsatelliteimage.
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INTRoDUCTIoN

Remotesensingdataclusteringisanextremelyimportantpartofsatelliteimageprocessing(Torahi&
Chai,2011;Mai,Trinh&Ngo,2016;Mai&Ngo,2015;Mai&Ngo,2018).Theresultsofsatellite
imageclassificationcanbeusedforavarietyofpurposes,suchasnaturalresourceresearchand
environmentalmonitoring,urbanplanningandensurenationaldefenseandsecurity.Meanwhile,
opticalremotesensingdatasourcesareoftenaffectedbyweatherconditionsandtheaccuracyofthe
receiver,thismaketheimageclassificationmorecomplicate(Ngo,Mai&Pedrycz,2015).Infact,
uncertaintyisinherentlypresentindecisionmaking.Assuch,itisincreasinglyimperativetoresearch
anddevelopnewtheoriesandmethodsbasedonfuzzyclustering(Li,2017).

Therearemanysatelliteimageclassificationmethods(Han,Chi&Yeon,2005;Gordo,Martinez,
Gonzalo&Arquero,2013),suchasmanualthresholdsmethods(Yangetal.,2016),unsupervised
classificationmethods(Genitha&Vani,2013),supervisedclassificationmethods(JogandDixit,
2016),fuzzyclusteringmethod(Rauf,Valentin&Leonid,2009)andmethodbasedonintuitionistic
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fuzzysets(Li,2004;Li&Cheng,2002).Thesemethodsoftenusesomecommonalgorithms,such
asK-means,c-Means,Iso-data,minimumdistanceandFuzzyc-means.Theseclusteringalgorithms
areessentiallyusingthesamestrategybasedonbrightnesstosplitintoclusters(Jog&Dixit,2016;
Raufetal.,2009)withoutregardtothedensityofthepixels,whilehighdensitypixelsareusually
locatednearthecentroidofthecluster(Peherstorfer,Pflüger&Bungartz,2012;Chen,Yan&Wang,
2014;Benmouiza&Cheknane,2016).

Manyscientistsinthefieldofremotesensingdataprocessinghaveproposedclusteringmethods
based on density of pixels, in which density based spatial clustering of applications with noise
(DBSCAN) is commonly used for satellite image classification (Khan, Rehman, Aziz, Fong &
Saravady,2014;Benmouiza&Cheknane,2016).Thisalgorithmrequiresonlyoneinputparameter
andsupportstheusersindetermininganappropriatevalueforit.Itdiscoversclustersofarbitrary
shapeanddivideshighdensityareasintoclusterwithoutdependonthesizeofdata.Intermsof
implementation, thisalgorithmisalsodifficult tofindtheoptimalradiusof thedensityfunction
aroundeachpixel.Inaddition,theexecutiontimeofthisalgorithmisquiteslow,especiallywhen
testedonlargedatasets,suchassatelliteimagery(Ngo,Mai&Nguyen,2012).Toovercomethese
limitations,many scientists are interested in improving this algorithm.Peherstorfer et al. (2012)
presentedagrid-baseddensityestimationmethodtoimprovethespeedofclustering.Chenetal.
(2014)improvedtheDBSCANalgorithmbyexpandingtheclusterswhichusesthemarginsofthe
objects,suchasapixel,toreducethecomputationtime.Theseimprovementssignificantlyreduce
clusteringtime;however,affecttheaccuracyofclusteringresults.

Tosolvetheaboveproblem,thisstudyproposedamethodforapproximatingthecentroidofcluster
basedonthedensityofpixels.Nextstep,theauthorsuseapproximationcentroidsforclassification
satelliteimageryusingthefuzzyc-meansalgorithm.

PRoPoSAL MeTHoDoLoGy

Scientific Basic
Density
Theconceptofdensitycanbeunderstoodasthequantityrepresentingtheamountofmatterinunitof
measure(length,area,volume).So,thepixeldensityisthefrequencyofthepixelperunitofmeasure.
Usually,thecentroidofclusteristheaveragevalueofthepixels,soifthepixelhashighfrequency
ofappearance,thatpixelisclosertothecentroidofcluster(Ngoetal.,2012).

Fuzzy C-Means Algorithm
Ingeneral,fuzzymembershipsinfuzzyc-meansclusteringalgorithm(FCM)achievedbycomputing
therelativedistanceamongthepatternsandclustercentroids(Bezdek&Ehrlich,1984).Hence,to
definetheprimarymembershipforapattern,FCMalgorithmdefinesthemembershipusingvalue
ofm.Theuseoffuzzifiergivesdifferentobjectivefunctionasfollows:
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Proposal Methodology
Oneofthedifficultiesofclusteringalgorithmsistheinitializationoftheinitialclustercentroid(Jog
&Dixit,2016;Raufetal.,2009),thisaffectsthestepstakenandresultsclustering,ifthecentroid
oftheinitiatorclusteristooclosetogetherortoofarapart,itwilleasilyleadtolocalconvergence,
whichmakestheclusteringalgorithmislowaccuracyorisunstable.Thereshouldbeanapproachto
initializingthecentroidofclustersthatmakesclusteringalgorithmsstableandefficient.Inthisstudy,
initializationofclustercenterwasproposedbasedonthedensityofpixelsandthefuzzyc-Means
algorithmappliedtothelandcoverclassificationonsatelliteimagery.

Infact,theimageinformationisstoredasnumericvaluessotheproblemofimagepartitionsis
usuallybasedonthedegreeofsimilarityamongthesevaluestodecidewhetheranobjectbelongsto
anyregionintheimage.Hence,thekeytodetermineapixelwillbelongtocertainareaisbasedon
thesimilarityofbrightness,whichiscalculatedthroughafunctionofthedistanceinthecolorspace
d
ik

betweenthepatternx
k

andthecentroidv
i
.

Inthat,thecentroidwillbeinthesamplesthatthedensitysurroundingthesampledataare
large. The concept of statistical variance mathematical model is used to solve the problem of
selectingasurroundingdatapoints.Forthefirststep,theexpectedpattern z i iscomputedbythe
followingequation:
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InwhichT = 1 if z ≥ 0 otherwiseT=0.
CallV

c
isasetofpixelsinorderofdensityfromhightolow.Findpixelsatisfyingthecondition:
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Putx
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and X=X\x
i
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IfV
c

islargethenwecanproceedwiththisalgorithmtoreducethenumberofcandidateclusters.
Thecalculationscanbespeededupbydividingtheinputdatasetintosubsets,thenthealgorithm
canbeappliedforthatsubsettofindingcandidatessetV

i
.CallVisthesetofallcandidates,then

∪ =V V
i

,applythisalgorithmwithsetVtofindingV
c

set.ThecentroidmatrixVcanbeinitialized
bychoosingthepatternsinV

c
accordingtothedensityofcandidates.

Theaboveapproachcanapproximate centroidof clusters, starting theFCMalgorithmwith
theseapproximatecentroidcenterswillreducethenumberofiterations,computationaltimeofthe
algorithmandimprovetheaccuracyofclusteringresults.ThedetailedDFCMalgorithmconsistsof
thefollowingninemainsteps:

Input:DatasetXwithNdatasample:X x x
N

= ( )1
,..., andx Rd∈ ,thenumberofclusterisC,stop

condition ε .
Output:Dataclusters.
Step 1:Calculatesampleexpectationsandstandarddeviationsbyformula(4)and(5),radiusofthe

spherer s
i d i

=
< <
min
1

inthem-dimensionalspace.

Step 2:DensitycalculationD
i
byformula(6).

Step 3:Findx
i
byformula(7),andassignx

i
toresultsetbyformula(8).

Step 4:CalculatedY x r x x
j i i j

= − − ≥{ }, || || 0 andsetX X Y= \ ,ifX = φ thengotoStep5,
elsegotoStep1.

Step 5:GivensetofcentroidsV v
c j
= { } .

Step 6:Calculatethevalueofthemembershipfunctionaccordingtotheformula(2).
Step 7:Updatecentroidbyformula(3).
Step 8:Stopcondition: J Jt t( ) ( )+ − ≤1 ε ,iftruegotoStep9,elsegotoStep6.
Step 9:Assignthepixelstotheclusteraccordingtotheformula(2)andgiventheclusteringresult.
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Theproposedalgorithmconsistsof9steps,wheresteps1to5areperformedtoapproximate
centroidofclusters;steps6to9applythefuzzyc-meansalgorithmtoclassifythelandcover.This
algorithmcanbeappliedtodifferenttypesofmultispectralimages,wherethenumberofchannels
isthedimensionofeachpixel.

Indicator
Toassesstheeffectivenessofalgorithmsandthequalityofclusters,theauthorsuseanumberof
indicatorsthatarewidelyusedinclusteringproblemssuchasMeanSquaredError(MSE)index
(Wang&Bovik,2009),ImageQualityIndex(IQI)(Wang&Bovik,2002).

• MSEindex:
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correspondingtotheoriginalimageandsegmentresultsimage.Thebestvalue1isachievedifand
onlyify x

i i
= ,thelowestvalueof-1occurswheny x x

i i
= −2 with i N= 1, .

TheoneofsimplestandmostwidelyusedcriterionmeasureforclusteringisSumofSquared
Error(SSE).Itisdefinedas:
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∀ ∈=
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whereCisthenumberofclusters,Niisthenumberofelementinithclusterandvkisthecentroidof
ithcluster.

eXPeRIMeNT

Intheexperiments,authorshaveselectedtheproblemofclassificationonsatelliteimagerytotestthe
proposedalgorithm.Inthat,step1istheinitialpre-processingstep,selecttheprocessingareaonthe
satelliteimageandImagegeometrycorrection.ImplementtheDFCMalgorithmtoclassifyinginto
sixclusters,basedonthecentroidofeachclustertoassigncorrespondingtosixtypesoflandcover.
Thefinalstepistoevaluatethequalityoftheclassificationresults.Thedetailsofproposedalgorithm
forlandcoverclassificationfromSPOT5andLandsat7ETM+multispectralimagesconsistofthe
followingthreemainsteps:

Step 1:Multispectralimagepreprocessing.
Step 2: Apply proposed method for classifying land cover in remotely sensed imagery. This

multispectralimagewillbeclassifiedintosixclassesrepresentingsixtypesoflandcovers:

Step 3:Evaluatetheaccuracyofclassificationresults.

TheproposedmethodisprogrammedinVisualStudioC++2010withm=2.

Case #1
Inthisexperiment,Landsat7EnhancedThematicMapperPlus(ETM+)imagetakenin30September
2009coveringapartofHanoicity,Vietnam(seeFigure1)wasused.Landsat7ETM+imageconsists
ofeightspectralbandswithaspatialresolutionof30metersforband1to5and7,10metersfor
panchromaticband(band8).Spatialresolutionforthermalinfraredband(band6)is120meters,but
isresamplingto30meterspixels.

TheresultsoflandcoverclassificationwereshowninFigure2,inwhich2a,2b,2cand2dare
classificationresultsofK-means,DBSCAN,FCMandDFCMproposedalgorithm,respectively.Table
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1showedthecomparisonofclassificationresultsobtainedbyusingK-means,DBSCAN,FCMand
DFCMalgorithm.Ascanbeseen,therewasasignificantdifferenceontheareaofregionsclassified
by theaforementionedalgorithms.Thebiggestdifferencewasbetween the regionsclassifiedby
K-meansandDFCMalgorithms.

Inthisstudy,toevaluatethequalityofclusters,weconsideredthedifferentvalidityindices,such
asMeanSquaredErrorindex(MSE)andImageQualityIndex(IQI).Itcanbeseenthattheaccuracy
oflandcoverclassificationusingK-meansalgorithmwasverylow.Manyobjects,suchasbaresoil
andwater,baresoilandsparsevegetationweremisclassified.Theaccuracyoflandcoverclassification
wasimprovedwhenusingDBSCANandFCMalgorithms;however,itwasnotsohigh.Theresults
ofcalculationofIQIandMSEindicesby4algorithmsK-means,DBSCAN,FCMandDFCMwere
showninTable2.ItcanbeseenthattheFCMandDFCMalgorithmsprovidedbetterclassification
resultthantheotheralgorithms,suchasK-meansandDBSCAN.

Case #2
ThesecondexperimentisselectedinareaofChuProngdistrict,GiaLaiprovince(Centralhighlandsof
Vietnam).RemotesensingdatausedintheclassificationisSPOT5multispectralimageinDecember
2009(Figure3).SPOT5multispectralimagesconsistoffivespectralbandswithaspatialresolution
of10metersforband1to3,20mforshortwaveinfrared(SWIR)band(band4)and5meters(nadir)
forpanchromaticband(band5).

Inthisexample,wealsoclassifytheimageintosixclassesasforExperiment1.Theclassification
resultsareshownintheFigures4(a-d).Itcanbeseen,manyobjects,especiallywater,aremisclassified
whenclassificationusingK-meansandDBSCANalgorithms (Figure4a,4b).Theseerrorshave
significantlyimprovedwhenusingFCM,especiallyDFCMalgorithms(Figure4c,4d).

Figure 1. Landsat 7 ETM+ image of the Hanoi region



International Journal of Fuzzy System Applications
Volume 8 • Issue 2 • April-June 2019

8

Figure 2. Result of land cover classification from Landsat image: a) K-means; b) DBSCAN; c) FCM; d) DFCM proposed algorithm

Table 1. Results of land cover classification in the experiment 1 region

Class K-Means DBSCAN FCM DFCM

1 8.753% 7.954% 7.055% 6.955%

2 14.447% 16.445% 18.443% 19.442%

3 13.218% 15.215% 20.210% 21.209%

4 25.659% 21.663% 15.670% 14.671%

5 23.651% 22.453% 19.656% 18.657%

6 14.272% 16.270% 18.967% 19.067%
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Table3showstheresultsofdeterminingtheareaofsixlandcoverclasses.Ascomparedwith
theresultsintheexperiment1,theresultsalsoshowedthattheareaoflandcoverclassesisdifferent,
inwhichthebiggestdifferencebetweenK-meansandDFCMalgorithms.

Table4presentstheaccuracyassessmentofclassificationresultsusingK-means,DBSCAN,
FCMandproposedalgorithms(DFCM).ItcanbeseenthattheK-meansalgorithmhasthelowest
accuracyinthisdataset.TheaccuracyofclassificationresultsisenhancedbyusingDBSCANand
FCMalgorithms.Theresultsalsoshowthattheaccuracyoflandcoverclassificationishighestwhen
usingproposedalgorithm(DFCM).

Case #3
Intheexperiment3,weusedSPOT5multispectralimages(band1to3)andshortwaveinfrared
(SWIR,band4)bandsinTanAndistrict,LongAnprovince.Theinputimagewastakenin2007with
spatialresolution10mformultispectralbandsand20mforSWIRband(Figure5).

Aswiththeexperiment1andexperiment2,sixclassesoflandcoverwasclassifiedbyusing
K-means,DBSCAN,FCMandDFCMalgorithms.TheresultsoflandcoverclassificationfromSPOT
5imageareshowninFigure6(a-d).

Table 2. The various validity indices computed from Landsat image in the experimental case #1

Index K-Means DBSCAN FCM DFCM

MSE 0.2413 0.1721 0.0982 0.0981

IQI 0.2843 0.4183 0.5643 0.5631

SSE 147.9054 111.7842 86.4691 69.4386

Figure 3. SPOT 5 images in Chu Prong region, Gia Lai province
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Figure 4. Result of land cover classification from SPOT image in Gia Lai province: a) K-means; b) DBSCAN; c) FCM; d) 
DFCM algorithm

Table 3. Results of land cover classification in region of Dak Lak province

Class K-Means DBSCAN FCM DFCM

1 15.287% 10.530% 7.055% 6.016%

2 13.057% 16.294% 18.443% 19.638%

3 14.773% 14.631% 20.210% 21.423%

4 23.942% 20.831% 15.670% 14.819%

5 18.114% 21.590% 19.656% 18.845%

6 14.827% 16.125% 18.967% 19.259%
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Theanalyticalresultsobtainedshowthatclass1(rivers,ponds,lakes)wasmisclassifiedinto
class2(rocks,baresoil).Table5indicatesthattherewasasignificantdifferenceintheareaofsix
landcoverclasseswhenclassificationusingK-means,DBSCAN,FCMandDFCMalgorithms.As
wellasthetwoexperimentsabove,thebiggestdifferenceinareaofsixlandcoverclassesisbetween
K-meansandDFCMalgorithms.

Table6showsthattheclassificationaccuracyofK-means,DBSCAN,FCMandDFCMalgorithms
byusingMSEandIQIindices.Theobtainedresultsshowthattheproposedalgorithmhasachieved
thehighestaccuracywhencomparedtotheotheralgorithms,suchasK-means,DBSCANandFCM.

Insummary,fromthreetestareas, theconfusionintheclassificationisoftenbetweenwater
andbaresoil,especiallywetsoil,duetothedifferenceinspectralcharacteristicsisnotgreat.The
confusionisalsofoundwhenvegetationclassesclassification,especiallybetweengrassesandtrees.
Withsatelliteimageryaverageresolution,thedifferencesofclassificationresultscanbeacceptable
inassessmentoflandcoveronalargearea,reducingcostscomparedtoothermethods.

Furthermore,theauthorsprovetherobustnessofDFCMalgorithmbytestingonimageswith
differentsizes(Table7).Theresultsshowedthat,theDFCMalgorithmisratherstableandalwaysfaster

Table 4. The various validity indices from SPOT image in the experiment 2 region

Index K-Means DBSCAN FCM DFCM

MSE 0.3283 0.1982 0.1098 0.0963

IQI 0.1987 0.5762 0.6731 0.6984

SSE 132.9342 109.7648 79.7632 65.9823

Figure 5. SPOT 5 image in Tan an region, Long an province
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Figure 6. Result of land cover classification from SPOT image in Tan An province: a) K-means; b) DBSCAN; c) FCM; d) DFCM algorithm

Table 5. Results of land cover classification in the experiment 3 region (Tan An area)

Class K-Means DBSCAN FCM DFCM

1 1.082% 2.978% 6.770% 12.457%

2 28.082% 26.186% 22.394% 16.706%

3 24.059% 22.164% 18.372% 16.476%

4 17.897% 17.518% 16.950% 16.570%

5 13.469% 15.365% 19.157% 21.053%

6 15.410% 15.789% 16.358% 16.737%
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thantheotherthreealgorithms.Finally,theaboveexperimentsshowthattheDFCMalgorithmthe
authorsproposedisbetterthanK-means,DBSCANandFCMalgorithms.Moreover,thecomputational
timeoftheDFCMalgorithmisalsofasterthantheremaining3algorithms.

CoNCLUSIoN

ThispaperpresentsanewmethodforlandcoverclassificationbycombinedpixeldensityandFuzzy
c-meansalgorithm.Theresultsshowedthattheproposedalgorithmhassignificantlyimprovedthe
landcoverclassificationaccuracy.Inallthreeexperimentswithotherremotelysenseddata,wecarry
out30timesclassificationswithK-means,DBSCANandFCMalgorithmsandthenchoosethebest
results.Meanwhile,weonlyperformoncewithproposedalgorithm(DFCM).

Inallthreeclassificationexperimentsfromremotelysenseddata,theMSEandSSEindiceswhen
usingproposedalgorithmarealwayssmallerthanusingK-means,DBSCANandFCMalgorithms.
Meanwhile,theIQIvaluewhenusingDFCMalgorithmisgreaterthanusingthethreeremaining
algorithms(case#2andcase#3).Forthecase#1,thedifferencebetweenIQIvalueswhenusingFCM
andDFCMalgorithmsisnegligible,andmuchgreaterthanusingK-meansandDBSCANalgorithms.

Theproposedapproachcanbeappliedtoothertypesofsatelliteimages,whichsavescostsand
timecomparedtootherwaysoflandcoverclassification.

Table 6. The various validity indices computed from the SPOT image in the experiment 3 region (Tan An area)

Index K-Means DBSCAN FCM DFCM

MSE 0.5421 0.3761 0.1762 0.1287

IQI 0.3651 0.5198 0.6261 0.7198

SSE 126.8947 99.6823 102.7836 75.8729

Table 7. Comparison of computational time in seconds by various algorithms

STT Size of Image (Pixel)
Computational Time (s)

K-Means DBSCAN FCM DFCM

1 512×512 10.462 24.784 2.561 1.873

2 1024×1024 57.387 108.323 9.104 3.562

3 2048×2048 112.644 192.873 21.082 5.213
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