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Abstract

A novel colourimagesegmentationroutine,basedonclusteringpixelsin
colourspaceusingnon-parametricdensityestimation,isdescribed.Although
thebasicmethodologyis well known,severalimportantimprovementsto the
previouswork in thisareaareintroduced.Thedensityis estimatedataseries
of knot pointsin thecolourspace,andclusteringis performedby hill climb-
ingonthisdensityfunction.Thehill climbingis constrainedsuchthatnostep
crossesanintermediateVoronoidcell,ensuringthatall salientclustersarede-
tected.Most importantly, theproblemof scaleselectionhasbeenaddressed
usingastatisticallymotivatedapproach,by placingtheknotpointsaccording
to an estimateof the noisein theoriginal images,taking full accountof er-
ror propagationin thealgorithm. Thealgorithmhasbeenevaluatedbothon
syntheticdataandin the context of its applicationin a machinevision sys-
tem,specificallythecalibrationof velocity estimatesextractedfrom a novel
infraredsensorusedin a fall detector. The applicationof the techniqueto
medicalimagesandtexturerecognitionis alsodiscussed.

1 Introduction

Imagesegmentationis a fundamentaltask in computervision, and the applicationof
segmentationto colour imagesis usedin a wide rangeof tasks,includingcontent-based
imageretrieval for multimedialibraries [7], skindetection[2], objectrecognition[3], and
robotcontrol [9]. A varietyof approachesto this problemhavebeenadoptedin thepast,
which canbe divided into four groups:pixel-basedtechniques,suchasclustering [7];
area-basedtechniques,suchassplit-and-mergealgorithms [9]; edge-detection,including
theuseof colour-invariantsnakes [4]; andphysics-basedsegmentation[6]. A review of
themethodsandapplicationsof coloursegmentationis givenin [9].

Theapproachto imagesegmentationadoptedin thiswork reliesonclusteringof pixels
in featurespaceusingnon-parametricdensityestimation. The subjectof clustering,or
unsupervisedlearning,hasreceivedconsiderableattentionin the pastandtheclustering
techniqueusedhereis not original [7]. However, much of the work in this areahas
focusedon thedeterminationof suitablecriteriafor definingthe“correct” clustering.We
haveadoptedastatisticallymotivatedapproachto thisquestion,definingthesizerequired
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for a peakin featurespaceto beconsideredan independentclusterin termsof thenoise
in the underlyingimage. The methodfollows directly from our previous work on the
formationof self-generatingrepresentationsusingknowledgeof dataaccuracy [10]. Thus
wecanmaximisetheinformationextractedfrom theimageswithout introducingartefacts
dueto noise,andalsodefineanoptimalclusteringwithout theneedfor testingtheresults
with other, moresubjectivecriteria.

Thesegmentationprocessmapspixelsfrom anarbitrarynumber� grey-scaleimages
into an � -dimensionalgrey-level space,andcalculatesadensityfunctionin thatspace.A
colourimagecanberepresentedasthreegreyscaleimages,showing for instancethered,
greenandblue componentsof the image,althoughmany alternative three-dimensional
schemeshave beenproposed[11]. Thereforea colour imagewill generatea 3D space.
An imageshowing a numberof well-defined,distinctcolourswill generatea numberof
compactandseparatepeaksin thespace,eachcenteredon the coordinatesgivenby the
averagered, greenandblue valuesfor oneof the colours. The algorithmthenusesthe
troughsbetweenthesepeaksasdecisionboundaries,thusclassifyingeachpixel in the
imageasbelongingto oneof thepeaks.Eachpeakis givenalabel,whichis thenassigned
to thepixelsclusteredontothatpeak,andanimageof theselabelsis generatedasoutput.

Performanceevaluationfor coloursegmentationalgorithmsis problematic,largelybe-
causethedesiredresultis ill-defined.Theaimis oftento extractsemanticallymeaningful
regionsof images,but it thenbecomesdifficult to evaluatealgorithmicperformancein the
absenceof groundtruthdata.Severalauthorshaveproposedevaluationtechniques,using
statistical [2], semantic[7], or ground-truthbased[8] metrics.Hereweevaluatetheper-
formanceof thealgorithmin termsof its integrationinto a largermachinevision system.
The algorithmwasdevelopedaspart of a systemthat useda novel differential infrared
sensorasa fall detector. Thedevelopmentandevaluationof the fall detectoralgorithms
aredescribedin moredetailelsewhere [1]. Thefall detectorusedanMLP neuralnetwork
to automaticallyrecognisethetemporalpatternsof verticalvelocitiesproducedby falling
humansubjects,andso a vital stepin the developmentof the systeminvolved measur-
ing thecorrelationbetweenvelocity estimatesextractedfrom theinfraredsensorandthe
physicalvelocitiespresentin the scene.Thereforean actresswasemployed to perform
a setof simulatedfalls, which wererecordedwith both the infraredsensoranda colour
CCD video camera. The colour segmentationroutinewasusedto extract the position
of theactressin framesof the colourvideo,allowing hervelocity to becalculated.The
ability of the algorithmto provide gold-standarddatafor this correlationanalysisgave
a subjective measureof its performance.However, thebasicstatisticalpropertiesof the
algorithmwerealsoevaluatedthroughtheuseof syntheticdata.

Theultimatemeasureof clusteringqualitycanbedefinedwith referenceto theBayes
optimal clustering,the clusteringthat would be achieved if the underlyingdistributions
thatgeneratedthedatasetwereknown. Thealgorithmdescribedhereplacesa decision
boundaryatthepointof lowestdatadensitybetweenany pairof peaksi.e. thepointwhere
thesumof thetwo distributionsis a minimum. This is equivalentto theassumptionthat
thelocalgeneratorsof thedataareequallylikely at thispoint. In fact,thereareaninfinite
numberof pairsof functionsthatcouldbesummedto produceany givendistribution,and
sono non-parametricmethodcanreplicatethe Bayesoptimal classificationfor all data.
However, if the local datadensityat the position of the decisionboundaryis low, the
numberof errorsintroducedwill besmall. Therefore,this approachmaybe considered
ascloseasany non-paramentricmethodcanapproachto a Bayesoptimalclustering.
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2 Method

The aim of the colour segmentationroutine describedhere was to identify distinctly
colouredregionsin an imagethatcorrespondedto physicalobjectspresentin thescene.
However, animagewill containbothchromaticandachromaticinformation,soanobject
of a singlecolourthat is partly in shadow mayappearto consistof two regionsof differ-
entcolour, andsomaybesplit into two regionsby thesegmentation.Somecolourspaces
(e.g. HSI, YIQ) separatetheachromatic(I, Y) andchromatic(HS, IQ) informationonto
differentaxes.Therefore,theachromaticinformationcanbediscardedandthesegmenta-
tion performedon theremainingtwo chromaticdimensions.This conferstheadditional
advantageof reducingthedimensionalityof theproblem,andsoreducingtheprocessor
time required.This approachwastried with limited success[1]. A moreeffective way
of removing theintensityinformationwasfoundto benormalisingtheRGB valuesprior
to any colourspaceconversions,using ��� �������
	��
	���� , ��� ��������	��
	���� , and� � ��������	��
	���� [5]. This is equivalentto finding theintersectionof thecolourvec-
torsin RGBspacewith theplaneof constantintensitypassingthrough(1,0,0),(0,1,0)and
(0,0,1). It alsoretainsthe advantageof reducingthe dimensionalityof the colourspace
from threeto two, since � 	 � 	 � ��� andsoany two of thesecomponentsis sufficient
to describethenormalisedcolourvector. However, in orderto form statisticalgroupings
of datapointswemustalsohaveknowledgeregardingdataaccuracy. It is thereforedesir-
ableto usethecolourspacethathasthesimplestpossibleerrorpropagationfrom RGB.
Thereforea new colourspacereferredto asIJK wasdeveloped,a simplerotationof the
RGB colourspacewith no scaling,suchthatoneaxis lay alongthevector

� � � � �
,

andso representedthe intensity  . The secondaxis ! lay alongthe projectionof the R
axisontotheplanenormalto theintensityaxis,andthethird axis " wasperpendicularto
theothers.Theconversionfrom RGB wasperformedusingtherotationmatrix#$  !"

%& � #'$ () * () * () *+) , - () , - () ,. () + - () +
%0/& #$ ���

%&21
Whenthis rotationwasappliedto the normalisedRGB space,the valuesfor the inten-
sity axis I wereuniform acrossthe imageasexpected. In practice,any arbitrarysetof
perpendicularaxesin thenormalisedcolourspacecanbeusedin thesegmentation.The
algorithmwastestedwith all combinationsof pairsof r, g andb; with the the hueand
saturationfieldsfrom HSI; with theI andQ fieldsfrom YIQ; andwith theJ andK fields
from thenew colourspace.Ignoringdifferencesdueto errorpropagation,no significant
advantageof oneof thesechoicesover theotherswasfound.

The first stepin the segmentationwas to mapthe pixels 35476 (98 :5; from the original
imagesinto colour space,producingan � -dimensionalscattergram < ��= (98 > � wheregrey
levels

= (98 : ; of pixelsatthesamepositionsin theimagesareusedascoordinatesin feature
space.To mapout thewholespacewouldbeprohibitively expensivein termsof memory
andprocessortimein highdimensionalproblems,andsothedataitself wasusedto define
alist of ?�@ knotpoints A 4B6 (98 :DCFEG: ; thatspanthespace.Clusteringalgorithmshavebeen
extensively studiedin the past,andpart of the original work in this algorithmconcerns
the techniqueusedto generatethis list. The traditionalproblemhasbeenthe definition
of the “correct” clusteringi.e. the correctscaleat which to definepeaksin the colour
space.If clusteringis performedat too small a scale,thenartificial peaksdueto noise
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will be generated.Conversely, if the scaleis too large thensmall but salientpeakswill
beabsorbedinto nearby, largerpeaks.Oneapproachto this problemhasbeento perform
thesegmentationat a rangeof scales,andthenselectthecorrectscaleby applyingsome
measureof the quality of clusteringto the resultantimages [7]. However, this does
not solve the underlyingproblemof selectingthe correctscale: it simply redefinesthe
problemasoneof selectingthecorrectmeasureof thequalityof clustering.

A statisticallymotivatedapproachto theproblemof scaleselectionwasadopted,at-
temptingto definethe correctclusteringin termsof the propertiesof the noisein the
underlyingimages.The noisein the red,greenandblue fields from the original colour
imageswasestimatedusingthe width of verticalandhorizontalgradienthistograms.It
wasassumedthatthenoisein eachfield wasuniformacrosstheimage,andthattheerrors
in eachfield wereuncorrelated.The errorswerepropagatedthroughthe normalisation
andcolourspaceconversionequations,usingtheusualequationHJI + �LKNMKJO

+ HJP + 	 KNMKJQ
+ HJR + 	 17171BS

whereO
S
Q
171B1

arethevariablesin theequationfor M throughwhicherrorsarebeingpropa-
gated.Then,all distancemeasurementsin thefinal colourspacewerescaledby thelocal
erroralongeachaxis,suchthat thenoisewasapproximatelyunitaryacrossthewholeof
thespace.Theknot pointscouldthereforebeplaceda distanceof

. 1 T H � . 1 T
apart,en-

suringthatsmallerpeaksdueto noiseartefactswereignored,whilst all salientpeakswere
mappedwith enoughknotpointsthatthey remaineddiscriminable.Althoughthismethod
resultedin only a roughapproximationto thenoisein thefinal colourspace,it wasfound
to beaccurateenoughfor thepurposesof thealgorithm.In orderto minimisethenumber
of knot points ? @ , thedataitself wasusedto generatethem. Thealgorithmloopedover
thedatapoints,maintaininga list of knot points,andaddingthedatapoint to thelist if it
wasfurtherfrom all theexistingknot pointsthanthethresholddistanceof

. 1 T H .
Oncethe spacehad beenmappedin this way, the densityat eachknot point was

estimatedusinga commonnon-parametrictechinique [7]. The densityfunction M ��=N�wasobtainedby convolving thedataset
= 4 with aunimodaldensitykernel "VUFW ,

M ��=N� � �?YX[Z476 (98 :5; " U W ��=]\^= 4 �
1

TheconvolutionkernelusedwasaGaussian,

"VU_W ��=N� � �` acb Hed�f -�gihhkj hW S
where HJd wasthewidth of thekernel.Thenoisein thescaledcolourspacewasunitary,
soif thewidth of thekernelwassetto unity thespacewasblurredat thescaleof themea-
surementaccuracy, ensuringthattheapproximationfunctionfor thedensitywassmooth.
However, thewidth of thekernelcouldbeincreasedto introduceadditionalblurring.

Thenext stepin thealgorithmwasto loopoverthedatapoints
= 4 , find thenearestknot

point A 4 to each,andthenhill climb in the list of knot pointsto find the local peak. A
list of peakswasconstructed,maintaininga recordof thenumberof datapointsassigned
to each,andthensortedsothat thepeakscouldbelabelledin orderof significance.The
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hill climbing wasthenperformeda secondtime to assigntheselabelsto thedatapoints.
A new imageshowing thelabelswasgeneratedasoutput.

The hill climbing was further subdivided into several stages. The first was to run
throughthe list of knot points,find the l nearestneighboursto each,andcalculatethe
gradientin betweenthepoint A 4 andeachof its neighboursAVm 6 (98 n . A pointerwasthen
addedto theknot point leadingto theneighbourin thedirectionof greatestgradient.In
orderto make this stepmorestatisticallyrigorous,ratherthanusingasimplegradiento M 4 8 mp�qM � A m �D\ M � Ar4 �A m \ Ar4

S
thecontribution o M 4 8 m � M � AVm �HJd ` asb f -utwvJx9yzvG{�| hhkj W h

S
thata Gaussianfunctionwith standarddeviation equalto theblurring parameterusedin
thepreviousstage,centeredattheneighbouringknotpoint AVm andnormalisedto itsheightM � AVm � , would have hadto thepoint beingconsideredwasused.This wasequivalentto a
gradientcalculationwith anexponentiallyweighteddistancemeasure,andsobiasedthe
choicein favourof closerpoints,preventingsmallpeaksfrom beingeliminated.

In orderto performthehill climbingreliablyaconstraintwasplacedontheneighbour-
ing knot pointsconsidered.Theknot pointstesselatethespacewith Voronoidcells,and
no stepshouldcrossoveranintermediatecell. If this wereallowed,it would bepossible
for thehill climbing to crossvalleys in thedensityfunctionandlink togetherstatistically
discriminablepeaks.Therefore,any stepthat crossedan intermediatecell wasrejected.
Referringto Fig. 1, if the stepAB wasbeingconsidered,it wascomparedto all other
stepsfrom thesamepoint e.g.AC. Theplanesbisectingthesevectorsarenecessarilythe
Voronoidboundariesif no intermediatecellslie betweentheknotpoints.Therefore,if the
planebisectingAC intersectsAB (point I) at lessthanhalf of its length(to themid-point
M), AB mustcrossanintermediatecell. TheangleAB } AC is givenby~ ���0�c� - ( ��� 1 �V�� �]� �7� �V� � 1
Making useof thefact thatAI is thehypotenuseof a right-angledtriangle,thecondition
for astepto berejectedis � �]� ����� �]� � � � � � �V� � +� �]� 1 �V� �

1
Theprocessortimerequiredby thealgorithmis dictatedby thenumberof knotpoints

usedto mapthespace,andthis alsocontrolstheaccuracy of thesegmentation.Themost
difficult syntheticproblemspresentedto thealgorithmwerefoundto requirea threshold
distanceof

. 1 T H . For imagesof realscenes,producingfeaturespaceswith largenumbers
of peaks,this thresholddistancewould requireanimpracticalamountof processortime.
However, thealgorithmproducedsemanticallymeaningfulsegmentationsfor all images
of real scenespresentedto it with a thresholddistanceof H , requiring approximately
110minutesof processortime on a PentiumIII 800MHz PC.It wasalsofoundthat for
the majority of imagesthe thresholddistancecouldbe increasedto asmuchas

T H with
virtually no lossin performance,reducingthetime takento 5 minutes.
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3 Results

In orderto demonstratethebasicpropertiesof thealgorithm,a syntheticdatasetthatex-
hibitedthemostdifficult problemit couldbeexpectedto solve wasgenerated.This data
setconsistedof the two imagesshown in Fig. 2. Eachimagehada dynamicrangeof
50,with theintensityvaryingsmoothlysuchthatthey generatedanextended,horseshoe-
shapedclusterin featurespace.A circularregionwasremovedfrom thesamepositionin
both imagesto generatea second,compactcluster. Finally, uncorrelatedGaussiannoise
with He� �q� wasaddedto each. Fig. 2c shows the scattergramfor thesetwo images,
overlaidwith themapof knotpointsproducedby thesegmentationalgorithm.Dueto the
difficulty of this segmentationproblemit wasfound necessaryto placethe knot points. 1�T H apartin orderto separatethetwo clusters.Fig. 2dshowstheoutputof thealgorithm,
whichclearlydetectedthesmoothlyvaryingbackgroundandthecircularregionsassepa-
rateclustersin featurespace.At thepointof closestapproachthetwo featuresoverlapped
at approximatelythe

a H � points. In this simpleexamplethe resultof the segmentation
wasdictatedalmostentirely by the knot pointsalongthe troughin the densityfunction
betweenthetwo peaksin featurespace.Sincetheknotpointswereextractedfrom thedata
itself, thepositionof thedecisionboundarycouldvary by up to

. 1�Tc�
from thetroughin

the underlyingdatadensity, where

�
wasthe thresholddistancein units of H between

theknot points.Thesegmentationroutinethereforeproducedapproximately5% to 10%
misclassificationfor this data,which canbeseenin thesegmentationresult. Theimpor-
tantfeatureof thisdatais thatit demonstratestheability of thealgorithmto link together
theextended“horseshoe”clusterwithout linking it to theenclosedcircularcluster, even
at thepointsin theformerwhich lay closerin colourspaceto thepeakof thelatter. This
hasimportantimplicationsfor thesegmentationof colourimages,whereinter-reflections
betweenobjectsof differentcolour cancausethe apparentcolour of an object to vary
smoothlyover its surface,even if its true colour is uniform. This canbe consideredan
importantcriterionfor any coloursegmentationalgorithm,sincethosealgorithmswhich
assumecompact,circularclustersin colourspacetypically fail undertheseconditions.

Thesyntheticimagesshowedthatthealgorithmhadtheexpectedstatisticalproperties.
In orderto evaluateits ability to extractsemanticallymeaningfulregionsfrom images,it
wasappliedto a setof colourvideosequencesof anactresssimulatingfalls, recordedas
partof the fall detectordevelopmentprojectdescribedabove. Fig. 3ashows oneframe
from oneof the sequences,andthe J andK fields of the normalisedandrotatedcolour
spaceareshown in Figs. 3b and3c respectively. Fig. 3d shows thesegmentation,which
was performedwith a thresholddistanceof

T H betweenthe knot points, and detected
twelve regions. The grey levels of the regionscorrespondto the numberof pixels they
contain. The shirt region was successfullyidentified, allowing thresoldingto be used
to extract it, asshown in Fig. 4a. Figs. 4b to 4e show the resultsof thresholdingfor
selectedframesfrom the restof the fall. During the courseof the developmentof the
algorithm,theability to extracttheshirt region from theseimageswasusedasa system-
level measureof its performance.It wasfoundthat,in orderto successfullyperformthese
segmentations,theuseof a normalisedcolourspacewasneededto remove illumination
effectsfrom theimages;thatconsiderationof theerrorpropagationwasneededin orderto
mapthedatadensityin suchawayto preventeitherover- or under-segmentation;andthat
the Voronoidcheckingstepwasvital in orderto prevent thehill climibing from linking
togetherdiscriminablepeaksin the densityfunction. Thefinal algorithm,incorporating
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thesethreefeatures,wasusedsuccessfullyto calculatevelocitiesin eachof 780frames.
Finally, thealgorithmwasappliedto two standardimagescollectedfrom theUniver-

sity of SouthernCaliforniaSignalandImageProcessingInstitutewebsite1. Fig. 5 shows
an imageof jellybeans.andits segmentationwith a thresholdof

T H . Thesegmentation
detected24 regions: 2 coveringthebackground,and4 coveringthedifferentcoloursof
jellybeans.Theremaining18 coveredminority regionsin theimage,consistingof shad-
ows and inter-reflectionsat the boundariesof objects. Figs. 6a-d show the resultsof
thresholdingto extractthefour differentcoloursof jellybeans.Fig. 7 showsanimageof
a houseandits segmentationwith a thresholddistanceof

a H , detectingeleven regions:
sky; walls;shadowedregionsof thewalls; roof; andwhiteregions(windowsills,guttering
etc.).Theremainingsix againaccountedfor minority regionsin theimage.Fig. 7eshows
theresultof thresholdingto extractthewhite regionsof theimage.

It is clearfrom boththejellybeansandhouseimagesthatthenew segmentationrotuine
is ableto extractsemanticallymeaningfulregionsfrom images.Thecolournormalisation
andtheability of thealgorithmto link extendedbut continuousclustersin featurespace
allow thealgorithmto copewith illumination changesandinter-reflectionsrespectively.
In thecaseof theSIPI images,colourcorrectionhadbeenappliedat thetime theoriginal
photographswerescanned,equivalentto offsettingthe origin of the colour space.The
normalisationwasthereforeunableto completelyremove illumination effectsfrom the
images,accountingfor theminority regionsin thesegmentationresultandtheappearance
of theshadowedareasof thewalls in thehouseimageasaseparateregion. Thejellybeans
imagesalsoillustratesthat,asexpected,thealgorithmis unableto copewith highlights,
sincesaturationin theseregionsdestroys thecolourinformation.

4 Conclusions

This paperhasdescribeda novel coloursegmentationalgorithm,which operatesby clus-
tering pixels in colour spaceusingnon-parametricdenistyestimationfollowed by hill-
climbing. Thepixels from theoriginal imagesareclusteredonto local peaks,which are
thenlabelled,andan imageof theselabelsis returnedasoutput. The traditionalprob-
lem of selectingthe correctscaleto generatea segmentationshowing all of the salient
peaks,neitherartificially splitting peaksdue to noiseartefacts,nor artificially merging
statisticallysignificantpeaksdueto selectingtoo high a scale,hasbeenaddressedusing
a statisticallymotivatedapproach.This consistedof mappingthe spaceat a resolution
determinedusing the statisticalproperitesof the underlyingimages. This ensuredthat
localisedpeaksat small scalesdueto noiseweresmoothedout, without destroying sig-
nificant peaksthroughoversmoothing.Nevertheless,the algorithmincludesthe ability
to applyadditionalblurring to the featurespace,andthusgeneratea bifurction diagram
showing thesignificanceof peaksdetectedat variousscales.An exampleof thesuccess-
ful segmentationof the mostchallengingsyntheticdataset that the algorithmcould be
expectedto copewith hasbeengiven. Furtherexamplesshowing theperformanceof the
algorithmon colour video imagesshowing simulatedfalls have alsobeengiven. This
taskhasbeenusedasthe evaluationcriterion for the developmentof the algorithmand
we believe thata system-level measureof segmentationperformanceis perhapstheonly
objectivedefinition.Thealgorithmsuccessfullyextractedthepixelsin theactressesshirt,

1http://sipi.usc.edu/services/database/Database.html
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allowing thecentroidof theshirt andthusthevelocityof theactressto becalculated.Ex-
amplesof theapplicationof thealgorithmto somestandardimageshavealsobeengiven,
showing its ability to extractsemanticallymeaningfulregionsfrom images.

The algorithmhasbeendesignedto work with an arbitrarynumberof dimensions,
andseveral2D exampleshavebeengiven. It couldalsobeappliedto higherdimensional
problemsconsistingof a stackof medical imagesof the sameregion generatedusing
different techniquese.g. MRI scanswith varying modalities,PET and CT scansetc.
Eachof thesetechniqueshasvariousstrengthsandweaknessesin termsof their ability
to differentiatebetweendifferent tissues. The segmentationalgorithm could combine
the information contentof eachimagein a statisticallyrigorousway to achieve near-
optimal tissueclassification,maximisingthe information contentin the output image.
Themethodcouldalsobeappliedto texturesegmentationandrecognition,usingsuitable
texturemeasuresin theplaceof theoriginalpixel valuesto generatethefeaturespace.
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5 Figures

Figure1: Thederivationof theVoronoidcell crossingconstraintfor thehill climbing. The
solid pointsareknot pointsandthedashedlinesarethecell boundaries.Thedarker line
is theboundarycrossedby theallowedstepAC. Theconstraintteststhattheintersection
I of this planewith thestepAB is at lessthanhalf thelengthof AB, to themid-pointM.

(a)First image (b) Secondimage (c) Scattergram (d) Segmentation

Figure2: The“horseshoe”syntheticdata(a,b), scattergram(c), showing themapof knot
pointsproducedby thealgorithmwith athresholddistanceof

. 1�T H , andsegmentation(d).

(a) Videoframe. (b) J (c) K (d) Segmentation.

Figure3: Segmentationof a frameof colourvideo.
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(a) (b) (c) (d) (e)

Figure4: Resultsof thresholdingthesegmentedcolourvideosequenceto extracttheshirt
region. Theresultfor theframeusedin Fig. 4 is givenin (a),and(b) to (e) show selected
framesfrom therestof the fall. Theactressis falling away from thecamera,andso the
shirt regiongraduallybecomesobstructedby herlowerbody.

(a)Original. (b) J. (c) K. (d) Segmentation.

Figure5: Thejellybeansimage.

(a) (b) (c) (d)

Figure6: Resultof thresholdingthejellybeansimagesegmentationto extracttheyellow
(a),black(b), red(c), andgreen(d) jellybeans.

(a)Original. (b) J. (c) K. (d) Segmentation. (e) Thresholding.

Figure7: Thehouseimage,andtheresultof thresholdingthesegmentationto extractthe
white regions.


