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Abstract

A novel colourimagesegmentatiorroutine,basedn clusteringpixelsin
colourspaceausingnon-parametridensityestimationjs described Although
thebasicmethodologyis well known, severalimportantimprovementgo the
previouswork in this areaareintroduced.Thedensityis estimatedata series
of knot pointsin the colour spaceandclusteringis performedby hill climb-
ing onthisdensityfunction. Thehill climbingis constrainedguchthatnostep
crossesnintermediaté/oronoidcell, ensuringhatall salientclustersarede-
tected.Mostimportantly the problemof scaleselectionhasbeenaddressed
usingastatisticallymotivatedapproachby placingtheknot pointsaccording
to an estimateof the noisein the original images taking full accountof er
ror propagatiorin the algorithm. The algorithmhasbeenevaluatedboth on
syntheticdataandin the context of its applicationin a machinevision sys-
tem, specificallythe calibrationof velocity estimatesxtractedfrom a novel
infrared sensorusedin a fall detector The applicationof the techniqueto
medicalimagesandtexturerecognitionis alsodiscussed.

1 Introduction

Image sgmentationis a fundamentalkaskin computervision, and the applicationof
segmentationto colourimagesis usedin a wide rangeof tasks,including content-based
imageretrieval for multimedialibraries [7], skindetection[2], objectrecognition3], and
robotcontrol [9]. A varietyof approacheto this problemhave beenadoptedn thepast,
which canbe divided into four groups: pixel-basedechniquessuchasclustering [7];
area-basetkchniquessuchassplit-and-megealgorithms [9]; edge-detectiorincluding
theuseof colourinvariantsnales [4]; andphysics-basedggmentation[6]. A review of
the methodsandapplicationof colour sggmentatioris givenin [9].

Theapproacho imagesegmentatioradoptedn thiswork relieson clusteringof pixels
in featurespaceusing non-parametridensityestimation. The subjectof clustering,or
unsupervisedearning,hasreceved considerablattentionin the pastandthe clustering
techniqueusedhereis not original [7]. However, much of the work in this areahas
focusedon the determinatiorof suitablecriteriafor definingthe “correct” clustering.We
have adoptedh statisticallymotivatedapproacho this questiondefiningthesizerequired



for a peakin featurespaceto be consideredanindependentlusterin termsof the noise
in the underlyingimage. The methodfollows directly from our previous work on the
formationof self-generatingepresentationssingknowledgeof dataaccurag [10]. Thus
we canmaximisetheinformationextractedfrom theimageswithoutintroducingartefacts
dueto noise,andalsodefinean optimal clusteringwithout the needfor testingtheresults
with other moresubjectve criteria.

The sggmentatiorprocessnapspixelsfrom anarbitrarynumbermn grey-scaleimages
into ann-dimensionabrey-level spaceandcalculatesa densityfunctionin thatspace A
colourimagecanberepresentedsthreegreyscaleimages shaving for instancethered,
greenand blue component®f the image,althoughmary alternatve three-dimensional
schemedave beenproposed[11]. Thereforea colourimagewill generatea 3D space.
An imageshaving a numberof well-defined,distinct colourswill generatea numberof
compactandseparatgeaksin the space eachcenteredn the coordinategjiven by the
averagered, greenandblue valuesfor oneof the colours. The algorithmthenusesthe
troughsbetweenthesepeaksas decisionboundariesthus classifyingeachpixel in the
imageasbelongingto oneof thepeaks Eachpeakis givenalabel,whichis thenassigned
to the pixelsclusterecbntothatpeak,andanimageof theselabelsis generatecsoutput.

Performancevaluationfor coloursegmentatioralgorithmsis problematiclargely be-
causehedesiredresultisill-defined. Theaimis oftento extractsemanticallymeaningful
regionsof imageshutit thenbecomedlifficult to evaluatealgorithmicperformancen the
absencef groundtruth data.Severalauthorshave proposeddvaluationtechniquesusing
statistical [2], semantic[7], or ground-truthbased[8] metrics.Herewe evaluatethe per
formanceof thealgorithmin termsof its integrationinto a larger machinevision system.
The algorithmwas developedas part of a systemthat useda novel differentialinfrared
sensotasa fall detector The developmentandevaluationof the fall detectoralgorithms
aredescribedn moredetailelsevhere [1]. Thefall detectorusedanMLP neuralnetwork
to automaticallyrecogniseéhetemporalpatternsof vertical velocitiesproduceddy falling
humansubjects,and so a vital stepin the developmentof the systeminvolved measur
ing the correlationbetweenvelocity estimatesxtractedfrom theinfraredsensorandthe
physicalvelocitiespresentn the scene.Thereforean actressvas employed to perform
a setof simulatedfalls, which wererecordedwith boththe infraredsensoranda colour
CCD video camera. The colour sgmentationroutine was usedto extract the position
of the actressn framesof the colourvideo, allowing hervelocity to be calculated.The
ability of the algorithmto provide gold-standardiatafor this correlationanalysisgave
a subjectve measureof its performance However, the basicstatisticalpropertiesof the
algorithmwerealsoevaluatedhroughthe useof syntheticdata.

Theultimatemeasuref clusteringquality canbedefinedwith referenceo the Bayes
optimal clustering,the clusteringthat would be achievedif the underlyingdistributions
thatgeneratedhe datasetwereknown. The algorithmdescribechereplacesa decision
boundaryatthe pointof lowestdatadensitybetweerary pair of peaks.e. thepointwhere
the sumof the two distributionsis a minimum. This is equivalentto the assumptiorihat
thelocal generatoref thedataareequallylik ely atthis point. In fact,thereareaninfinite
numberof pairsof functionsthatcouldbe summedo produceary givendistribution, and
S0 no non-parametrienethodcanreplicatethe Bayesoptimal classificationfor all data.
However, if the local datadensityat the position of the decisionboundaryis low, the
numberof errorsintroducedwill be small. Therefore this approachmay be considered
ascloseasary non-paramentricnethodcanapproactio a Bayesoptimalclustering.



2 Method

The aim of the colour sggmentationroutine describedhere was to identify distinctly
colouredregionsin animagethat correspondedo physicalobjectspresenin the scene.
However, animagewill containbothchromaticandachromatianformation,soanobject
of asinglecolourthatis partly in shadev may appearo consistof two regionsof differ-
entcolour, andsomaybe split into two regionsby the sggmentation Somecolourspaces
(e.g. HSI, YIQ) separatehe achromatiq(l, Y) andchromatic(HS, 1Q) informationonto
differentaxes. Thereforetheachromatidnformationcanbe discardecandthe sggmenta-
tion performedon the remainingtwo chromaticdimensions.This confersthe additional
adwantageof reducingthe dimensionalityof the problem,andso reducingthe processor
time required. This approachwastried with limited success[1]. A moreeffective way
of removing theintensityinformationwasfoundto be normalisingthe RGB valuesprior
to ary colourspacecorversionsusingr = R/(R+ G+ B),g = G/(R+ G + B), and
b= B/(R+ G+ B) [5]. Thisis equivalentto finding theintersectiorof the colourvec-
torsin RGB spacewith the planeof constanintensitypassinghrough(1,0,0),(0,1,0)and
(0,0,1). It alsoretainsthe advantageof reducingthe dimensionalityof the colour space
from threeto two, sincer + g + b = 1 andsoary two of thesecomponentss sufficient
to describethe normalisedcolourvector However, in orderto form statisticalgroupings
of datapointswe mustalsohave knowledgeregardingdataaccurag. It is thereforedesir
ableto usethe colour spacethat hasthe simplestpossibleerror propagatiorfrom RGB.
Thereforea new colour spacereferredto aslJK wasdeveloped,a simplerotationof the
RGB colour spacewith no scaling,suchthatoneaxislay alongthevectorR = G = B,
andsorepresentedhe intensity I. The secondaxis J lay alongthe projectionof the R
axisontothe planenormalto theintensityaxis,andthethird axis K wasperpendiculato
theothers.Thecorversionfrom RGB wasperformedusingthe rotationmatrix
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Whenthis rotationwas appliedto the normalisedRGB space the valuesfor the inten-
sity axis | were uniform acrossthe imageasexpected. In practice,ary arbitrary setof
perpendiculaaxesin the normalisedcolour spacecanbe usedin the segmentation.The
algorithmwastestedwith all combinationsof pairsof r, g andb; with the the hueand
saturatiorfields from HSI; with the | andQ fieldsfrom YIQ; andwith theJandK fields
from the new colour space.lgnoring differencegdueto error propagationno significant
advantageof oneof thesechoicesoverthe otherswasfound.

The first stepin the sggmentationwasto map the pixels x;—; n, from the original
imagesinto colour space producingan n-dimensionalscattegram S(g; ) wheregrey
levelsg: n, of pixelsatthesamepositionsin theimagesareusedascoordinatesn feature
space.To mapoutthewhole spacewvould be prohibitively expensvein termsof memory
andprocessotime in highdimensionaproblemsandsothedataitself wasusedto define
alist of Ny knotpointsG;—; n, <n, thatspanthespace Clusteringalgorithmshave been
extensvely studiedin the past,andpart of the original work in this algorithmconcerns
the techniqueusedto generatehis list. The traditional problemhasbeenthe definition
of the “correct” clusteringi.e. the correctscaleat which to definepeaksin the colour
space.If clusteringis performedat too small a scale,thenartificial peaksdueto noise



will be generatedCorversely if the scaleis too large thensmall but salientpeakswill
beabsorbednto nearbylarger peaks.Oneapproactto this problemhasbeento perform
the sggmentatiorat a rangeof scalesandthenselectthe correctscaleby applyingsome
measureof the quality of clusteringto the resultantimages [7]. However, this does
not solve the underlyingproblemof selectingthe correctscale: it simply redefineghe
problemasoneof selectinghe correctmeasuref the quality of clustering.

A statisticallymotivatedapproacho the problemof scaleselectionwasadoptedat-
temptingto definethe correctclusteringin termsof the propertiesof the noisein the
underlyingimages. The noisein thered, greenandblue fields from the original colour
imageswasestimatedusingthe width of verticaland horizontalgradienthistograms.It
wasassumedhatthenoisein eachfield wasuniform acrosgheimage,andthattheerrors
in eachfield wereuncorrelated.The errorswere propagatedhroughthe normalisation
andcolourspacecorversionequationsusingthe usualequation

0 0
0'f2=£ Oz +8_f y2+...,

wherez, y... arethevariablesn theequatiorfor f throughwhicherrorsarebeingpropa-
gated.Then,all distancemeasurements thefinal colourspacewverescaledby thelocal
erroralongeachaxis, suchthatthe noisewasapproximatelyunitary acrosshe whole of
the space.The knot pointscouldthereforebe placeda distanceof 0.5¢ = 0.5 apart,en-
suringthatsmallerpeaksdueto noiseartefactswereignored,whilst all salientpeakswere
mappedvith enoughknot pointsthatthey remainedliscriminable Althoughthis method
resultedn only aroughapproximatiorto thenoisein thefinal colourspacejt wasfound
to beaccurateenoughfor the purpose®f thealgorithm.In orderto minimisethenumber
of knot points Ny, the dataitself wasusedto generatehem. The algorithmloopedover
thedatapoints,maintaininga list of knot points,andaddingthe datapointto thelist if it
wasfurtherfrom all the existing knot pointsthanthe thresholddistanceof 0.5¢0.

Oncethe spacehad beenmappedin this way, the density at eachknot point was
estimatedusinga commonnon-parametri¢echinique [7]. The densityfunction f(g)
wasobtainedby corvolving the datasetg; with aunimodaldensitykernel K,,,,
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Thecorvolutionkernelusedwasa Gaussian,
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whereo g wasthe width of the kernel. The noisein the scaledcolour spacewasunitary,
soif thewidth of thekernelwassetto unity the spacevasblurredatthe scaleof themea-
suremenfaccurag, ensuringthatthe approximatiorfunctionfor the densitywassmooth.
However, thewidth of thekernelcouldbeincreasedo introduceadditionalblurring.
Thenext stepin thealgorithmwasto loop overthedatapointsg;, find thenearesknot
point G; to each,andthenhill climb in thelist of knot pointsto find the local peak. A
list of peakswasconstructedmaintaininga recordof the numberof datapointsassigned
to each,andthensortedsothatthe peakscould belabelledin orderof significance.The
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hill climbing wasthenperformeda secondime to assigntheselabelsto the datapoints.
A new imageshawing thelabelswasgeneratesoutput.

The hill climbing was further subdvided into several stages. The first wasto run
throughthe list of knot points, find the m nearesheighbourdo each,andcalculatethe
gradientin betweerthe point G; andeachof its neighbourda;—; ,,,. A pointerwasthen
addedto the knot point leadingto the neighbourin the directionof greatesgradient. In
orderto make this stepmorestatisticallyrigorous,ratherthanusinga simplegradient
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thata Gaussiarfunction with standarddeviation equalto the blurring parameteusedin
thepreviousstagecenteredttheneighbouringknotpoint G ; andnormalisedo its height
f(G;), would have hadto the point beingconsideredvasused.This wasequivalentto a
gradientcalculationwith an exponentiallyweighteddistancemeasureandso biasedthe
choicein favour of closerpoints,preventingsmallpeaksfrom beingeliminated.

In orderto performthehill climbingreliablyaconstraintvasplacedontheneighbour
ing knot pointsconsidered.The knot pointstesselatéhe spacewith Voronoidcells,and
no stepshouldcrossover anintermediatecell. If this wereallowed, it would be possible
for thehill climbing to crossvalleysin the densityfunctionandlink togetherstatistically
discriminablepeaks. Therefore ary stepthat crossedanintermediatecell wasrejected.
Referringto Fig. 1, if the stepAB wasbeingconsideredijt wascomparedo all other
stepsfrom the samepoint e.g. AC. The planeshisectingthesevectorsarenecessarilyhe
Voronoidboundariedf nointermediatecellslie betweertheknotpoints. Thereforejf the
planebisectingAC intersectsAB (pointl) atlessthanhalf of its length(to the mid-point
M), AB mustcrossanintermediatecell. TheangleABZAC is givenby

, AB.AC
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Making useof thefactthatAl is the hypotenusef aright-angledtriangle,the condition
for astepto berejecteds
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Theprocessotime requiredby thealgorithmis dictatedby the numberof knot points
usedto mapthe spaceandthis alsocontrolsthe accurag of the segmentation.The most
difficult syntheticproblemspresentedo the algorithmwerefoundto requirea threshold
distanceof 0.50. Forimagesof realscenesproducingfeaturespacesvith largenumbers
of peaks this thresholddistancewould requireanimpracticalamountof processotime.
However, the algorithmproducedsemanticallymeaningfulsegmentationdor all images
of real scenegresentedo it with a thresholddistanceof o, requiring approximately
110minutesof processotime on a Pentiumlll 800 MHz PC. It wasalsofoundthatfor
the majority of imagesthe thresholddistancecould be increasedo asmuchas 5o with
virtually nolossin performancereducingthetime takento 5 minutes.



3 Reaults

In orderto demonstrat¢he basicpropertiesof the algorithm,a syntheticdatasetthat ex-
hibited the mostdifficult problemit could be expectedto solve wasgeneratedThis data
setconsistedof the two imagesshown in Fig. 2. Eachimagehada dynamicrangeof
50, with theintensityvaryingsmoothlysuchthatthey generatednextendedhorseshoe-
shapedtlusterin featurespace A circularregion wasremovedfrom the samepositionin
bothimagesto generatea secondcompactcluster Finally, uncorrelatedsaussiamoise
with 04 = 6 wasaddedto each. Fig. 2c shows the scattegramfor thesetwo images,
overlaidwith themapof knot pointsproducedy the segmentatioralgorithm.Dueto the
difficulty of this segmentationproblemit wasfound necessaryo placethe knot points
0.50 apartin orderto separat¢hetwo clusters Fig. 2d shovstheoutputof thealgorithm,
which clearlydetectedhe smoothlyvaryingbackgroundandthe circularregionsassepa-
rateclustersin featurespace At thepointof closesapproachhetwo featuresoverlapped
at approximatelythe 2o 4 points. In this simple examplethe resultof the sggmentation
wasdictatedalmostentirely by the knot pointsalongthe troughin the densityfunction
betweerthetwo peaksn featurespace Sincetheknotpointswereextractedfrom thedata
itself, the positionof the decisionboundarycouldvary by up to 0.5D from thetroughin
the underlyingdatadensity where D wasthe thresholddistancein units of o between
the knot points. The sggmentatiorroutinethereforeproducedapproximatelys% to 10%
misclassificatiorfor this data,which canbe seenin the segmentatiorresult. Theimpor-
tantfeatureof this datais thatit demonstratethe ability of the algorithmto link together
the extended‘horseshoe’clusterwithout linking it to the enclosectircular cluster even
atthe pointsin theformerwhich lay closerin colourspaceto the peakof the latter This
hasimportantimplicationsfor the sggmentatiorof colourimageswhereinter-reflections
betweenobjectsof different colour can causethe apparentcolour of an objectto vary
smoothlyover its surface,evenif its true colouris uniform. This canbe consideredan
importantcriterionfor arny colour segmentatioralgorithm,sincethosealgorithmswhich
assumeompactgircularclustersin colourspacetypically fail undertheseconditions.
Thesynthetidmagesshovedthatthealgorithmhadtheexpectedstatisticalproperties.
In orderto evaluateits ability to extractsemanticallymeaningfulregionsfrom imagesit
wasappliedto a setof colourvideo sequencesf anactressimulatingfalls, recordedas
partof thefall detectordevelopmentprojectdescribedabore. Fig. 3ashavs oneframe
from oneof the sequencesandthe J andK fields of the normalisedandrotatedcolour
spaceareshownn in Figs. 3b and3c respectiely. Fig. 3d shavs the sgmentationwhich
was performedwith a thresholddistanceof 50 betweenthe knot points, and detected
twelve regions. The grey levels of the regionscorrespondo the numberof pixels they
contain. The shirt region was successfullyidentified, allowing thresoldingto be used
to extractit, asshown in Fig. 4a. Figs. 4b to 4e shav the resultsof thresholdingfor
selectedramesfrom the restof the fall. During the courseof the developmentof the
algorithm,the ability to extractthe shirt region from theseimageswasusedasa system-
level measuref its performancelt wasfoundthat,in orderto successfullyperformthese
segmentationsthe useof a normalisedcolour spacewasneededo remove illumination
effectsfrom theimagesthatconsideratiorof theerrorpropagatiowasneededn orderto
mapthedatadensityin suchawayto preventeitherover- or undersegmentationandthat
the Voronoid checkingstepwasvital in orderto preventthe hill climibing from linking
togetherdiscriminablepeaksin the densityfunction. The final algorithm,incorporating



thesethreefeatureswasusedsuccessfullyto calculatevelocitiesin eachof 780frames.

Finally, the algorithmwasappliedto two standardmagescollectedfrom the Univer-
sity of SoutherrCaliforniaSignalandimageProcessingnstitutewebsite®. Fig. 5 shovs
animageof jellybeans.andits segmentatiorwith a thresholdof 5¢. The sggmentation
detected?4 regions: 2 coveringthe backgroundand4 coveringthe differentcoloursof
jellybeans.Theremainingl8 coveredminority regionsin theimage,consistingof shad-
ows and inter-reflectionsat the boundariesof objects. Figs. 6a-dshowv the resultsof
thresholdingo extractthe four differentcoloursof jellybeans.Fig. 7 shavs animageof
a houseandits sggmentationwith a thresholddistanceof 2o, detectingeleven regions:
sky; walls; shadevedregionsof thewalls; roof; andwhite regions(windowsills, guttering
etc.). Theremainingsix againaccountedor minority regionsin theimage.Fig. 7eshowns
theresultof thresholdingo extractthewhite regionsof theimage.

It is clearfrom boththejellybeansandhouseémageghatthenew sggmentatiorrotuine
is ableto extractsemanticallymeaningfulregionsfrom images.The colournormalisation
andthe ability of the algorithmto link extendedbut continuousclustersin featurespace
allow the algorithmto copewith illumination changesandinter-reflectionsrespectiely.
In thecaseof the SIPlimages colourcorrectionhadbeenappliedat the time the original
photographsvere scannedgquialentto offsettingthe origin of the colour space. The
normalisationwas thereforeunableto completelyremove illumination effectsfrom the
imagesaccountingor theminority regionsin thesggmentatiorresultandtheappearance
of theshadavedareasf thewallsin thehouseémageasaseparateegion. Thejellybeans
imagesalsoillustratesthat, asexpected the algorithmis unableto copewith highlights,
sincesaturationn theseregionsdestrgs the colourinformation.

4 Conclusions

This paperhasdescribeda novel colour sgmentatioralgorithm,which operatesy clus-
tering pixelsin colour spaceusing non-parametricenisty estimationfollowed by hill-
climbing. The pixelsfrom the original imagesare clusteredonto local peakswhich are
thenlabelled,and animageof theselabelsis returnedasoutput. The traditional prob-
lem of selectingthe correctscaleto generatea sggmentationshowning all of the salient
peaks,neitherartificially splitting peaksdueto noiseartefacts,nor artificially meiging
statisticallysignificantpeaksdueto selectingtoo high a scale,hasbeenaddressedising
a statisticallymotivatedapproach. This consistedof mappingthe spaceat a resolution
determinedusing the statisticalproperitesof the underlyingimages. This ensuredhat
localisedpeaksat small scalesdueto noisewere smoothedout, without destrging sig-
nificant peaksthroughoversmoothing.Neverthelessthe algorithmincludesthe ability
to apply additionalblurring to the featurespace andthusgeneratea bifurction diagram
shawing the significanceof peaksdetectedht variousscales An exampleof the success-
ful segmentationof the mostchallengingsyntheticdatasetthat the algorithmcould be
expectedto copewith hasbeengiven. Furtherexamplesshaving the performancef the
algorithmon colour video imagesshaving simulatedfalls have also beengiven. This
taskhasbeenusedasthe evaluationcriterion for the developmentof the algorithmand
we believe thata system-leel measuref sggmentatiorperformances perhapghe only
objective definition. The algorithmsuccessfullyextractedthe pixelsin the actresseshirt,
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allowing the centroidof the shirtandthusthe velocity of theactresgo be calculated Ex-
amplesof theapplicationof the algorithmto somestandardmageshave alsobeengiven,
shawing its ability to extractsemanticallymeaningfulregionsfrom images.

The algorithm hasbeendesignedo work with an arbitrary numberof dimensions,
andseveral 2D exampleshave beengiven. It couldalsobe appliedto higherdimensional
problemsconsistingof a stackof medicalimagesof the sameregion generatedising
differenttechniquese.g. MRI scanswith varying modalities, PET and CT scansetc.
Eachof thesetechniqgueshasvariousstrengthsandweaknessem termsof their ability
to differentiatebetweendifferent tissues. The segmentationalgorithm could combine
the information contentof eachimagein a statisticallyrigorousway to achiere near
optimal tissueclassification,maximising the information contentin the outputimage.
Themethodcouldalsobeappliedto texture segmentatiorandrecognition,usingsuitable
texture measure the placeof theoriginal pixel valuesto generatahe featurespace.
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5 Figures

Figurel: Thedervationof theVoronoidcell crossingconstrainfor thehill climbing. The
solid pointsareknot pointsandthe dashedines arethe cell boundariesThe darker line

is theboundarycrossedy theallowed stepAC. Theconstrainteststhattheintersection
| of this planewith the stepAB is atlessthanhalf thelengthof AB, to themid-pointM.

(a) Firstimage (b) Secondmage (c) Scattegram (d) Segmentation

Figure2: The“horseshoe’syntheticdata(a, b), scattegram(c), shaving themapof knot
pointsproducedy thealgorithmwith athresholddistanceof 0.50, andsegmentatiorn(d).

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

Figure3: Segmentatiorof aframeof colourvideo.
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Figure4: Resultsof thresholdinghe sggmentectolourvideosequencéo extracttheshirt

region. Theresultfor theframeusedin Fig. 4 is givenin (a), and(b) to (e) shav selected
framesfrom therestof thefall. The actresss falling away from the cameraandsothe

shirtregion graduallybecome®bstructedy herlower body:

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

Figure5: Thejellybeanamage.

(@) (b) () (d)

Figure6: Resultof thresholdinghe jellybeansimagesegmentatiorto extractthe yellow
(a), black(b), red(c), andgreen(d) jellybeans.

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

Figure7: Thehouseémage,andtheresultof thresholdinghe sggmentatiorto extractthe
white regions.



