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ABSTRACT
This paperdescribesan adaptve self-olganizing color
segmentationalgorithm and a transductie learning algo-
rithm usedto localizehumanhandin video sequencesThe
colordistribution at eachtime frameis approximatedy the
proposed.-D self-oiganizingmap(SOM),in whichschemes
of growing, pruningandmeming arefacilitatedto find anap-
propriatenumberof color clusterautomatically Dueto the
dynamicbackgroundsindchanginglighting conditions the
distribution of color over time may not be stationary An
algorithmof SOMtransductions proposedo learnthenon-
stationarycolor distribution in HSI color spaceby combin-
ing supervisedindunsupervisedearningparadigms.Color
cueandmotioncueareintegratedin thelocalizationsystem,
in which motion cueis emplogyed to focusthe attentionof
thesystem.This approachs alsoappliedto othertaskssuch
as humanfacetracking and color indexing. Our localiza-
tion systemimplementedn a SGI 02 R10000workstation
is reliableandefficientat 20-30Hz.

Keywords: colorsggmentationhandlocalization trans-
ductive learning,self-oiganizingmap

1. INTRODUCTION

In currentvirtual ervironment (VE) applications,key-
boardsmice,wandsandjoysticksarethe mostfundamental
input devices. However, thosedevices are eitherincorve-
nient or unnaturalin the senseof 3D or high DOF inputs.
Humanbody suchashand,is being consideredas a nat-
ural input “device” in humancomputerinteraction(HCI),
which motivatesthe researctof tracking,analyzingandrec-
ognizinghumanbody movementg7, 12, 13]. Althoughthe
goal of naturaluserinterfacesis to recognizeand under
standthemovementof humanbody thefirst stepto achieve
this goalis to reliably localizeandtrack humanbody parts,
suchasfaceand hand. Magneticsensorshave beenused
to supplysomemotioninformationdirectly, however, mary
magneticsensorgareplaguedoy magnetidnterferences[13
An alternatve is vision-basednterface(VBI). An example
is vision-basedjestureinterface,in which somecommand-
ing inputsarerepresentety a setof handgesturesuchas
pointing, rotating, starting,stopping,etc. In orderto recog-
nizethesehandgesturecommandsthe systemshouldlocal-
ize andtrackthemotionof humanhand.However, theartic-
ulationandnon-rigidity of handmale this tasknon-trivial.

In mostvision-basedapplicationsJocalizing and track-
ing objectsin video sequencesre two of the key issues,
sincethey supplyinputsto the recognitionpart of applica-
tion systemsGenerally localizationis to estimatea bound-
ing box for anobjectin imagesequencesyhile trackingin-
cludes2D trackingwhich estimate2D motion parameters,
3D trackingwhich givesthe positionandorientationof the
objectin 3D spaceandhigh DOF trackingwhich tracksthe
deformationof the object. In this senselocalization,which
estimatepositionandsizeof theobjectin 2D spacegxtracts
themostfundamentainformationof the object.

The difficulties in visual tracking come from comple
backgroundsunknavn lighting conditionsanddeformation
of theobject. Whenit needgo trackmultiple objectssimul-
taneouslythe problemis madeeven morechallenging.The
robustnessaccurag and speedareimportantto evaluatea
trackingalgorithm.

Differentimage featuresof the object supply different
cuesin trackingalgorithms. Edge-basedpproachesnatch
edgeof theobjectin differentimagesandregion-baseap-
proachesiseimagetemplatesUndersmallmotionassump-
tion thatassumeshereis little differencebetweertwo con-
secutve frames,theseapproachesan achie/e accuratere-
sults. However, whenthis assumptiordoesnot hold, which
is very oftenin practice,thesealgorithmswill be lost, and
therecovery hasto dependon someremedies At the same
time, edge-basedndregion-basedrackingmethodsyener
ally needmorecomputationatesourceswhich makesreal-
time applicationsystemshardto realize.

An alternatve is blob-basedracking,which doesnotuse
local imageinformation suchas edgeand region, but em-
ploys color, motionandroughshapedo segmentobjectsfrom
the background.Although humanhandis articulated,it is
more uniform in the senseof color, which makes this ap-
proachcomputationaéfficient androbust.

Skin coloris astrongcuein humantracking. Segmenta-
tion is necessaryn trackingbootstrappingandin the cases
whensmall motion assumptiordoesnot hold. A naie ap-
proachis to collectsomeskin color samplefrom oneuser
and skin color regions are expectedto be separatedrom
thebackgroundy thresholdinghedistancesn color space.
However, thereis alarge variationof skin color for different
people.Oneof thesolutionsis to make astatisticamodelfor
skin color, andthe modelis tunedby collectinga very large
trainingdataset[4]. However, color may changewith light-



ing conditions,which may messup the skin color modelin
somecases Anotherproblemis thatcollectingsuchalarge
labeledtrainingdatasetis nottrivial.

Somesuccessfutrackingsystemshave beenbuilt based
on color segmentation[5, 3, 11, 14]. However, thereare
some challenging problemsrelatedto tracking by color
basedsegmentation[5], suchas clutteredbackgroundwith
colordistracterandchangindighting conditions.

In this paper we proposean adaptve color segmenta-
tion algorithm and a robust real-time localization system,
which apply to humanhandtrackingand motion capturing
applications. Different from the methodsof constructing
a uniqueskin color model, our proposedapproachtries to
adaptthe non-stationarycolor distributions by transducing
learnedcolor modelsthroughimage sequencesThe color
distribution at eachtime frameis approximatedy our pro-
posedl-D self-oiganizingmap(SOM), by which color clus-
tersin the HSI color spacearelearnedthroughanautomatic
self-olganizingclusteringalgorithmwithout specifyingthe
numberof clustersin advance. In orderto capturethe non-
stationarycolor distribution, the 1-D SOM iis transducedy
combingsupervisedand unsupervisedearning paradigms.
At the sametime, motion cueis emplgyed to focusthe at-
tentionof thelocalizationsystem.Our algorithmcanalsobe
appliedto othertrackingtasks.

The color seggmentation algorithm based on self-
organizingmapandthe transductiorof SOM arediscussed
in section2 andsection3 respectiely. Our proposechand
localizationsystemis presentedn section4. Someexperi-
mentalresultsareshavn in section5 andthe paperis con-
cludedin section6.

2. AUTOMATIC COLOR SEGMENTATION

Color hasalways beenconsideredas a strongtool for
imagesegmentation[2]. In a staticscene color difference
is one of the easiestglobal cuesto tell apartdifferentob-
jects.Color-basedseggmentatioris nothingnew, andits roots
arealmostasold ascolor videoitself. Eventoday colored
marlersarefrequentlyusedto facilitatelocatingobjectsin a
clutteredvideoscene.

Becausecolor is computationainexpensve, andit can
give more informationthan a luminance-onlyimageor an
edge-sgmentedimage, color-basedsegmentationis more
attractve thanedge-basedndluminancehistogramingech-
niques. Histogram-lile segmentationapproachesuch as
Color Predicate(CP) [5] work well when appropriately
thresholdingthe histogram. Although one thresholdcan
be easily found in two-peakhistogramthat correspondgo
simplebackgroundit is still hardto handleclutteredback-
groundbecausdinding goodthresholdsanbevery compli-
cated.Anotherapproachs to make parametriccolor models
by Gaussiardistribution or GaussiarMixtures [8, 4]. The
problemis thatthereis not enoughprior knowledgeto de-
terminethe numberof componentsf thedistributionin ad-
vance.

Our color sggmentationschemeis to approximatethe
colordistribution of animagein the HSI color spaceby 1-D
self-oiganizingmap(SOM),in whicheachoutputneuron(or

node)in SOMcorrespondto acolorcluster Self-oganizing
map(SOM) [6] is mainly usedfor visualizingandinterpret-
ing largehigh-dimensionafiatasetby mappingthemto low-
dimensionakpacebasedon a competitve learningscheme.
SOM consistsof aninput layerandan outputlayer Figure
1 shaws the structureof 1-D SOM. The numberof nodesin
input layer is the sameasthe dimensionof the input vec-
tor, while the structureof the outputlayercanbe 1-D or 2-D
connectedodesthatareconnectedo eachinput nodewith
someweights. Throughcompetition,the index of the win-
ing nodeis taken asthe outputof SOM. Hebbianlearning
rule adjuststhe weightsof the winning nodeandits neigh-
borhoodnodes. SOM is highly relatedto vector quantiza-
tion (VQ) andk-meanclustering. One good characteristics
of SOM is its partial datadensity preseration if properly
trained.

Figure 1. 1-D SOM structure

Oneof theproblemsof mary clusteringalgorithmsis that
the numberof clustersshouldbe specifiedin advance. The
succes®f the clusteringalgorithmdepend®on the specified
numberof clusters.lt is the samecasein thebasicSOM al-
gorithm. Themoreoutputneuronsthehighertheresolution,
sinceoutputneuronscorrespondso clusters Differentnum-
berof clusterleadsto differentresultsof tessellatiorof the
patternspacelf lessneuronsareused dataof lower density
will be dominatedby the patternsof higherdensity Onthe
otherhand,if morenodesare used,the orderedmappingis
hardto be obtained.

One possible approach to this problem is cross-
validation. Although the structureof the SOM, such as
the numberof output neurons,is fixed eachtime, a good
structurecanbe determinedaftervalidatingseveral different
structures However, this approachdoesnot offer flexibility
to find an appropriatestructureof SOM, andit is not fast.
An alternatve is to embedsomeheuristicsto dynamically
changehe structureof SOM in training. Our algorithmcan
automaticallyfind an appropriatenumberof clustersby the
scheme®f growing, pruningandmeming.

Growing Scheme: Our algorithmis alsoa competitve
learningschemevhich dealswith theproblemof how to find
the competitionwinner In the SOM algorithm, the output
of a nodeis the distancebetweenthe input vector and the
weightvectorof thenode.Thedistanceneasuremertanbe
definedas:

D(x —wi) = |[x — wil| @



whereD is a distancemeasuremertietweerthe input vec-
tor x andtheweightvectorw; of nodei of SOM. Themea-
suremenhereis Euclideardistancehowever, otherdistance
measuremertanalsobe used.

In standardSOM, the nodewith the smallestoutputis
takenasthewinnerec.

¢ =arg minD(x — w;) (2)

In somecaseshowever, whentheoutputsof all nodesare
nearlythe samedeterminingwinnerby finding the smallest
outputis not suitable.In this situation,theinput vectormay
be too far from every weight vectoror in the centerof the
corvex hull of theweightvectors.If currentinputisincluded
in ary of theclusterstheweightvectorof thatclusterwill be
misplacedunnecessarilpy adjustingcheweight. So, it is not
arobustway to malke the smallesioneasthewinner. In this
situation,a new nodecouldbe generatedby takingtheinput
astheweightvectorof the new node,which is explainedin
figure2.
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Figure 2. Growing scheme of SOM. w; is
the weight vector, and x is an input vector.
(left) when the input vector is too far from
every weight vector so that the output of
all nodes are nearly the same, if current
input x is included in any of the clusters,
say wa, the weight vector of that cluster
will be misplaced unnecessarily. (right) In
this situation, a new node is created and

W4 =T.

By comparinghemeanvalueandthemedianvalueof the
outputsof all nodeswe make arule to detectthis situation.
So,thecompetitioncanbedescribedas:

yi = D(x —w;) Vi 3)
wherey; is the outputof theith nodewith weightvectorw;.
The competitionwinnercanbe foundby:

o4 a9 min; yi, if mean(y) = median(y); @
~ | NULL, otherwise.
Pruning Scheme: In thetrainingprocesswhenanodeis
rarelyto be awinner, it meanghatthis clusterhasvery low
densityor canbetaken asnoise. So, this kind of nodescan

be pruned. In practice,a thresholdis setto determinesuch

nodes.

Merging Scheme: In the training processthe distance
betweentwo weight vectorsof eachtwo nodesare calcu-
lated. If two weightvectorsarenearenoughwe canmege

thesetwo nodeshy assigninghe averageof thetwo weights
to thenew node.
Algorithm: Thealgorithmis summarizedsbelow:

e Initially setthe numberof nodesN to 2, whichis ac-
cording to two clusters,and randomly initialize the
weightsw; = w;(0),: = {1, 2}, wherew, (k) rep-
resentsheweightvectorof theith nodeatthekth iter-
ation.

e Draw aninputx from thetrainingsamplesetrandomly
tothe SOM.

e Findthewinneramongthe nodesusingequation4.

e If(winner!'=NULL), adjustthe weightsof the winner
nodec andits two neighborhoodhodec — 1 andc + 1.

we(k +1) = we(k) + n(k)(x — wo(k))
Wer(k +1) = et (k) + (k) a(k) (x = we1(k))
Werr(k+1) = weir (k) + (k) a(k) (x = wesa (k)

where n(k) is the stepsize of learning, «a(k) is a
neighborhoodunction, & is the counterof iteration.

o If thereis nowinner, grow a nev noden accordingto
thegrowing schemew,,(k+1) = xandN = N +1.

e If anodeis rarelywin, deleteit accordingto pruning
schemeN = N — 1.

e Calculatethe distancebetweeneachtwo nodesand
performmerging scheme.

In our sggmentationalgorithm, training datasetis col-
lected from one color image, and each data vector is
weightedHSI vector i.e. x = { aH, (S, vI}, wherewe
seta = 8 =1and~ = 0.1. Pixelswith largeandsmallin-
tensitiesarenotincludedin thetrainingdataset,becauséue
andsaturationbecomeunstablen this range.Oncetrained,
the 1-D self-oganizingmapis usedto label eachpixel by
its HSI value. The pixel labelis theindex of the nodein the
self-oiganizingmap.

3. TRANSDUCTION OF SOM

Oneof the problemsof trackingby color sggmentatioris
thatthe unknavn lighting conditionsmay changethe color
of the object. Evenin the caseof fixedlighting sourcesthe
color may still be different sincethe object may be shad-
owed by otherobjects. If we could find someinvariantsto
thelighting conditions this problemcouldbe easilysolved.
However, thereare still no suchinvariantsin the state-of-
the-art. Thesesituationsbring somedifficulties to the ap-
proachof makinga uniqueandfixedskin colormodel,since
the distribution of skin color is non-stationanthroughim-
agesequencesothatthestatisticsof thedistribution arenot
fixed.

Since we neither assumestatic backgroundsor fixed
lighting conditions.the probability densityfunctionsof col-
orsin acertaincolor spacesuchasHSI or normalizedRGB,
will be non-stationary At eachtime frame, the distribution
of color is modeledby the proposedl-D SOM, in which
eachneuronrepresenta color clusterof currenttime frame.
This 1-D SOM alsooffer asimplecolor classifiehy compe-
tition amongits outputneuronsthroughwhich theimageat



currenttime frame canbe sggmented.However, this classi-
fier may not be goodfor the next time framebecausef the
non-stationarygensityof color.

Model adaptationover time was ever addressedn [8],
in which a Gaussianmixture model was used, and a lin-
earextrapolationwasemplo/ed to adjustthe parametersf
the modelby a setof labeledtraining datadravn from the
new frame.However, sincethe new imageis notsggmented,
theselabeleddatasetis hardto obtain.

Our solution to this problemis called transduction of
OM, which is to updatethe weightsand structureof the
trainedSOM accordingto a setof new training datasothat
thetransduce@®OM captureshe new distribution. The new
training datasetin the transductiorconsistsof both labeled
andunlabeledsamplesThealgorithmis describedelow.

e WD — (WD i = 1. 0D} arethe
weightsof SOM at time framen — 1. The training
datasetx™ = {x{"™ k = 1,---,N} is drawn ran-
domly from theimageat time framen. We useWW™)
to represenSOM attime framen.

e The training dataset X is classifiedby the SOM
w™=Y  andis partitionedinto two parts: a labeled
datasetXl(”) and an unlabeleddataset X\ . If a
samplex\™ is confidentlyclassifiedoy W™, then
put this sampleto the setXl(”) and label it with the
index of thewinning neuronof W™ 1) otherwiseput
it to X{™ andletit unlabeled.

e Unsupervised updating: The algorithmdescribedn
section2 is emplo/ed to updateVV™ 1 by the unla-
beleddatasetX{™ .

e Supervised updating: The labeleddataset Xl(”) is
usedin this step. (x, lx) is dravn from Xl(”), where
I is thelabelfor x;. Thewinning neuronfor theinput
Xy iSc.

W& pal —wY), if e = s
We ' = (n—1) (n—1)\ .
We — a(xp — we ), if ¢ # li;

After severaliterationstheSOMattimeframen—1 is trans-
ducedto n.

4.LOCALIZATION SYSTEM

Our localizationsystemis basedon color sggmentation.
And motion segmentationand region-graving methodare
alsoemplo/edto malke the systemmorerohustandaccurate
without introducingtoo much computationcost. Figure 3
shavs the overview of thelocalizationsystem.

Thefirst frametakenby acamerds usedto initially train
the SOM by the proposedself-oiganizing clusteringalgo-
rithm that hasbeendescribedn section2. In this initial-
ization stage,the color distribution in the sceneis initially
mapped. In our experiments the training is fast (lessthan
1 sec)with a 640x480colorimage. Theinputsof the SOM
arethe HSI value of pixels, andthe outputsarethe indexes
of winning nodesof SOM throughcompetition.Typically, it
takeslessthan6 nodesto segmentindoorworking environ-
ments.

For eachnewly capturedcolorimageattime framet, the
SOMis transducedby the algorithmdescribedn section3.

Video sequence

Unsupervizsed
learning

Color segmentation

» Supervised
learning

_ - Background
| Motion segmentation < “ACEA

Shape analysis

Localized blobs

Figure 3. Localization system framework

SuchSOM is usedto segmenttheinputimageto find differ-
entcolor regions. This stagecanbe doneon a lower reso-
lution imagethe make the segmentatiorfaster Morphology
operatorsare usedto getrid of noise. After eachpixel has
beenlabeled,the SOM shouldbe updatedagainby the su-
pervisedupdatingschemedescribedn the section3. The
labeledtraining datasetis randomlyselectedrom the seg-
mentedmage,ignoringthosethataretoo bright or dark.

Sincetheremay be mary differentcolorsin the work-
ing space,andif the systemdoesnot specify which color
to track, how to determinewhatto trackis a problem. One
possiblesolutionis to specifya color region suchashuman
handor face. Anothersolutionis to usesomerulesto au-
tomatically find an interestedcolor from motion intention.
If we detecta motion region by examinethe frame differ-
enceor optic field, the color of thatregion is takento bethe
interestectolor.

Therearesomecasesn whichseveralobjectshave nearly
the samecolor. For instance,tracking two facesor two
handsis neededn recognizingsign languages.Whenthe
color segmentatioralgorithmseparatethemfrom the back-
ground, there are someways to locate eachregion. One
methodis to usethe sameschemeof our self-oiganizing
clusteringto find the centroidof eachisolatedblob. Another
way is to usea region-graving techniqueto label eachblob
or usesomeheuristicsto find boundingboxes.

5. PERFORMANCE

Our color segmentationalgorithm hasbeentestedwith

a large variety of pictures. And our localization system
that integratesthis color sgmentationalgorithm has run
under a wide range of operatingconditions. The global
handtrackingsystembasedon our color sggmentatiorsup-
plies someinputsfor our articulatedhandmotion capturing
algorithm[13. Experimentshawv thatour color segmenta-
tion algorithmis fast, automaticand accurate andthe pro-
posedlocalizationsystemis rohust, real-timeandreliable.
This color segmentationalgorithm can also be appliedto
othersegmentatiortasks.



5.1. Performance of Segmentation

Oneparametewve shouldspecifyis the maximumnum-
ber of clusters.If the scends simple,we setthe maximum
numberof clustersto 2 or 3. If the scends comple, we set
it to 10 or more.In betweenye use6.

Figure 4. Color segmentation results. Left
column are source color images, middle
column are segmented images and right
column are interested color regions.

Figure 4 shav somesggmentationresults. Left column
aresourcecolor images,middle columnare sggmentedm-
ages,and right column are separatectolor regions. The
colorsof sggmentedcolor regionsarethe averagecolors of
theseregions. Eachpixel in the sourceimagesis assigned
a label by our color sggmentationalgorithm, andthis label
is usedasa maskto separat¢hecorrespondingolor region.
Ourseggmentatioralgorithmworkswell throughthesesxper
iments.Whenthe backgrounchaslesscolor distractersthis
algorithmfindsexactcolor regions. Sincetextureis notused
in thesegmentationsggmentatiorresultswill benoisywhen
thereis color distractertexturein thebackgroundHandand
faceimagesaretakenfrom acheapcameran theindooren-
vironmentin our labs. Our algorithmcanalsosuccessfully
segmenthandregion andfaceregion.

5.2. Performance of Localization

A typical hand-trackingscenariois controlling the dis-
play or simulatinga 3-D mousein desktopervironments.A
cameramountedat the top of the desktopcomputerlooks
belov at the keyboard areato give an image sequenceof
moving a hand. Anothertypical applicationis to track hu-
manface.Our localizationsystemis ableto simultaneously
localizemultiple objectswhichis usefulin trackingof mov-
ing human.

Sinceour localizationsystemis essentiallypbasedon a
global segmentationalgorithm, it doesnot largely rely on
the trackingresultsof previous frames. Evenif the tracker
maygetlostin someframesfor somereasonsit canrecover
by itself without interferingthe subjects.In this sensethe
trackingalgorithmis very robust.

Our proposedsystemcanhandlechanginglighting con-
dition to someextend becauseof the transductionof the
SOM color classifier At the sametime, sincethe hueand
saturationare given moreweightthanintensity our system
is insensitve to the changeof lighting intensitysuchasthe
objectsare shadaved or the intensity of the light source
changes.However, thereare still someproblems. Insuffi-
cientlighting, too stronglighting, very darkandbrightback-
groundmay bring sometroublesto the color sgmentation
algorithm,sincehueandsaturatiorbecomeaunstableandthe
systemdoesnot give moreweightsto intensity If thelight-
ing condition changedramatically the color segmentation
algorithmmayfail sincethetransductiorcannotbe guaran-
teed.

One localizationresultsof our experimentsis given in
Figure 5. In this experiment, a hand is moving around
with the interferenceof a moving book. The book is
also shadingthe light so that the color of skin is chang-
ing. The blue boxes are the boundingboxes of the inter-
estedcolor region. A demosequenceanbe dowvnloadedat
http://www.ifp.uiuc.edu/"yingwu.

Our localizationsystemis very robustandefficient from
thisexperimentin whichthebackgrounaf thescends clut-
tered. Sincea book is interferingthe handby shadingthe
light, our localizationsystemcanstill find a correctbound-
ing box. Sometimesdueto the suddenchangeof lighting
conditions the tracker maybe lost. However, it canquickly
recover to continueworking. Differentskin tonesdo not af-
fect our system. The first imagewith the interestedcolor
region is usedto initially trainthe SOM sothatit canwork
with nearly ary users,which hasbeentestedin our other
experiments.

6. CONCLUSION

Localizationof interestedobjectsin video sequencess
essentiato mary computervision applications. Cluttered
backgroundunknavn lighting conditionsandmultiple mov-
ing objectsmalke trackingtaskschallenging. Computervi-
sion techniquessupply good ways to humancomputerin-
teractionby understandinghe movementof humanbody
whichrequiresarobustandaccuratevayto trackthehuman
body suchashandandface. This paperpresented robust



Figure 5. Results of localization with 18
frames taken from image sequences. A
moving hand with interfering of a book is
localized. The blue boxes are the bounding
box of the interested color region.

localizationsystembasedon self-oiganizingcolor segmen-
tation and SOM transduction.A 1-D SOM is usedto tes-
sellatethe HSI color spaceautomatically Imagesare sey-
mentedby this 1-D SOM througha competitionprocessand
eachpixel of theimageis labeledby the index of the win-
ning node. Sincethe lighting conditionandthe background
arenotfixed, generally the distribution of colorsin theim-
agesequences not stationary In orderto capturethe non-
stationarycolor distribution, the 1-D SOM is transducedy
combingsupervisedand unsupervisedearning paradigms.
Experimentsshav that our localization systemis capable
of reliable tracking multiple objectsin real time on one-
processodesktopSGI O2 workstation.

Thetransductiorof SOM classifieris not mature,andit
needsmore efforts to find a betterway to combinesuper
visedandunsupervisedbarningschemesSincethe process
of competitionamongall nodesis essentiallyparallel, the
trackingsystemcanbe mademuchfasterby parallelimple-
mentationof the competitionprocess.Currently our local-
ization systemoffers a boundingbox of the interestedob-
jects. Shapeanalysisof localizedobjectswill beextendedo
estimatethe 3D motionof the objects.
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