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Abstract

A methodfor detectingand tracking humanfacesin
color videosis presented.The methodfirst usesa chroma
chart with information about skin colors of variousraces
to determineregions of skin color in the first frameof a
video. A new chromachart is computedfor eac region,
which more preciselyrepresentghe color contentsof that
region. Chromachartsfor differentregionsthatare similar
are combined,while thosethat are consideably different
are kept sepaate Model facial patternsare thenusedto
detectfaceswithin theskinregions.Onceafaceis detected,
theparticular patternandcolor of thefaceare usedo track
theface Regionswhele facial patternsare notdetectedare
expectedto correspondo exposedparts of the body or of
thebadgroundandare ignored. Theproposednethodcan
track faceswith a high degree of accuracy oncethey are
identified.

1. Introduction and Background

This papertacklesthe problemof detectingand track-
ing humanfacesin videos. It is assumedhata video clip
containingoneor morehumanfacesis givenandthe cam-
eracapturingthe videois stationary Motion in the video
would thenbe dueto humanmovementandwould not be
from the cameraVideoscapturedor suneillancein banks
andsupermarktsarethekind of videosconsideredor anal-
ysishere.By trackinghumanfacesn videos,spatiotempo-
ral motion sighaturegepresentinghe motionsof facesare
generatedThe motionsignaturesanthenbe usedto char
acterizéhumanactities.

Attemptsto detecthumanfacesin imageshave been
madebeforeby Yow and Cipolla [5], and others;andre-
searcho detectskin regionsin imageshasbeenperformed
by Miyake et al. [2], and others. Considerableefforts
have alsogoneinto trackinghumansandunderstandingc-
tions of humansin videos. WachterandNagel[4] fitted a

modelfigureto projectionsof a personto track the person
in a video, and Polanaand Nelson[3] attachedreference
pointsthatcouldbetrackedto thebodyof apersorto study
bodymotions.Surweys of pastwork on trackinghumansn
videosandunderstandinghe performedactionshave been
givenby Aggarwal andCai[1].

The proposedracking processnvolvesdetectingskin-
color regionsin the first video frame, from amongskin-
color regions identifying thosethat correspondo human
facesandusingthe colorsandpatternof thefacego track
them.

The innovation proposedhereis a new tracking algo-
rithm thatis robust andfast. Oncea faceis detected,ts
color and patternare usedto trackit. The proposedalgo-
rithm cantrack a faceeven when considerablehangesn
the orientationand size of the faceoccur Stepsare also
built into the systemto detectandtrack new facesasthey
enterthevideo.

2. Detecting Skin-Color Regions

To characterizeskin colorsindependenof scenelight-
ing, RG B colorcomponentaretransformednto Lab color
componentand L, theluminancecomponentis discarded.
A chartrepresentinghea andb componentsf thecolorsis
thenpreparedThis chartis referredto asthe chromachart
sinceit containsinformation aboutthe chromaof colors.
Thechartshovn in Fig. 1awasobtainedby selectingl 300
skin sampledrom a large numberof images. We seethat
the chartis denselin someareaghanin others. However,
evenin very denseareastherearegapsin the chart. Since
it is very unlikely thatin a smallneighborhoodnary points
would belongto skin color while the otherpointsdontt, it
is necessaryo fill the gapsin the chart. To fill the gaps,
a radial basisfunction, suchasa Gaussianjs centeredat
eachsampleandthe sumof the basisfunctionsis computed
at eachchartentry Chartvaluesare then normalizedso
that the largestvalue becomesone. Therefore,valuesin
thenormalizedchromachartvary betweerD andl1. Higher



valuescorrespondo neighborhoodsvherea larger num-
ber of samplesare available, while smallervaluesfall in
the neighborhoodsvherea smallernumberof samplesare
available. The chartobtainedin this manneris shaovn in
Fig. 1b. Chartentriestherefore shaw likelihoodsof differ-
entchromasepresentingkin color.
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Figure 1. (a) 1300 skin samples. (b) Skin-
likelihood chart obtained from the skin sam-
ples.

By transformingthe skin colorsin Fig. 2ato skinlikeli-
hoodsusingthe chromachartof Fig. 1b,agrayscaleimage
similar to that showvn in Fig. 2bis obtained. Segmenting
thisimageby anoptimalthresholdingnethodproducese-
gions similar to thoseshowvn in Fig. 2c. To improve the
segmentationaccurag, after the initial skin regionsfrom
the chromachartof Fig. 1b areobtained,colorsof pixels
in eachregion are usedto createa nev chromachartfor
thatregion. Chromachartsfrom two or moreregionsare
thencombinedif they are sufiiciently close. Two chroma
chartsare consideredsufiiciently closeif the sum of their
absolutaifferencess smallerthana giventhresholdvalue,
whichis determinedxperimentally In Fig. 2b,thechroma
chartsobtainedfor the two regions were close enoughto
be combined. Using the combinedchromachart, the skin
likelihoodimageof Fig. 2b wasobtained.Segmentingthis
imageby theoptimalthresholdingnethodproducedhere-
gionsshawn in Fig. 2c. The optimalthresholdingmethod
finds the thresholdvalue at which changein the size of a
regionasafunctionof changen intensityis minimum. The
optimalthresholdvalue thereforejs onethatproducesre-
gion moststableunderthe variationof the thresholdvalue.

Althoughtheregionsobtainedasa resultof this thresh-
olding have thecolor of skin, thereis noguarante¢hatthey
actuallybelongto skin. Someregionsmaybelongto objects
in the scenethathave similar color. This processhowever,
canreliably identify andeliminatethoseregionsthatdo not
representhe skin. Facesarethenlocatedin the remaining

Figure 2. (a) An image containing two faces.
(b) The skin-likelihood image. (c) Segmen-
tation by optimal thresholding. (d) Detected
faces.

skin-colorregionsusingfacialmodels.

3. Detecting the Faces

In orderto detectfacesin animage modelsrepresenting
differentviews of a facearefirst created.At presentonly
three(frontal, left, andright) views of an averagefaceare
used.To createan averageface,differentfacialimagesare
overlaid by an affine transformatiorin sucha way thatthe
centersof the eyesand mouthin the frontal view, andthe
centerof aneye, thetip of the nose,andoneearin aside-
view imagecoincide. Thenthe averageintensitiesof the
overlaid facesare determined. The averagefacial models
obtainedin this mannerareshovn in Fig. 3. The geome-
try of anaveragefaceis obtainedby averagingthe coordi-
natesof the centersof the eyesandthe mouthof the front-
view faces,andthe coordinateof centerof aneye, thetip
of nose,andthe centerof an earin the side-viev images.
Only theinterior portionsof the averagedacesareusedin
matchingn orderto eliminatedifferenceslueto hair styles,
hats, and the backgroundin images. Eachmodel is ob-
tainedby averagingl6 faceswith nofacialhairandglasses
from amongthe facedatabasef KriegmanandBelhumeur
at Yale University andthe facedatabas®f Achermannat
Universityof Bern.

A facial region containsfeatures suchasthe eyesand
themouth,whichdonothavethecolorof skin. After image
segmentation,thesefeaturesappearas subrgions within
skin regions. The subrgionsarehypothesize@sthe eyes
andthe mouthin the frontal-view image,or asan eye in
a left or a right side-viev image. In a side-viev image,
the mouthregion may connectto the backgroundthe ear
may not be detectedandonly oneof the eyesmay be vis-
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Figure 3. (a) Front-vie w, (b) left-vie w, and (c)
right-vie w models of the face.

ible. Sincethedirectionat which a personis viewedis not
known, all threeviews areconsideredn the matching,and
the correctview is determinedby finding the model that
produceghe highestmatchratingwith the skinregion.

All combination®f zero,one,two, andthreesubrejions
areusedin the matching. Fewer thanthreesubregyionsare
consideredn the matchingevenwhenmorethanthreesub-
regionsare available becausesomeof the subrgjionsmay
be dueto noise.Sinceall detectedsubreyionscouldbedue
to noise, a facial modelis also matchedto the region in
suchaway thatthe verticalaxis of a modelalignswith the
major axis of the region andits width is the sameasthat
of the region. Among all matchesthe one producingthe
highestmatchratingis selectedo identify the orientation
andsize of the face. If the highestmatchrating is belon
a thresholdvalue, it is assumedhat a face doesnot exist
in the skinregion. In ourimplementationthe match-rating
thresholdvasdeterminedxperimentallyin suchaway that
the probability of falselydetectinga faceis the sameasthe
probabilityof missingaface.

This methodof hypothesisand verificationenablesde-
tectionof facesat arbitraryscalesandorientations.Figure
2d shaws the facesdetectedn the skin regionsobtainedin
Fig. 2c. Dueto occlusion scendighting, andotherfactors,
somefacesmay be missedor somenon-faceregions may
be classifiedasfacedn thefirst frameof avideoclip. Such
mistalesarecorrectedaterwhensubsequentideoframes
areprocessed.

4. Tracking the Detected Faces

Onceafaceis detectedits coloris usedto tracktheskin
region containingthe facein subsequentrames,and the
patternof the detectedaceis usedto locatethefacein the
next frame. Using the specificcolor and patternof a face
simplifiesdetectionandimprovesaccurag. Sincemotion
of a person$ headfrom one frameto the next is limited,
aboundingwindow is definedfor eachfaceand,therefore,
segmentatiorandmatchings performecdnly within thede-
finedwindow. Imagesegmentationis still neededn order
to determinethe boundaryof the face,but the processs

muchfastemow sinceit is limited to asmallwindow. After
thefirst video frame, detectionis fasterandmoreaccurate
becausghe exactchromaandthe exact patternof theface
areknown.

The template-matchingrocesds demonstratedéh Fig.
4. Figure 4a shavs the templateobtainedfrom the first
framein a video. This templatecontainsthe facial pat-
ternfor a particularindividualin frameone. This patternis
searchedh frametwo of thevideo,within aslightly larger
areacalledthe searcharea. Thisis shovn in Fig. 4b. The
searchareais a window centeredat the faceregion repre-
sentingthe templatebut is slightly largerto allow possible
motion of the facefrom oneframeto the next. The sizeof
thesearchareacanbeestimatedrom themaximummotion
of apersonin avideo.

The resultsof both image segmentationand template
matchingare neededo correctlytrack a face. Imagesey-
mentatiorcapturegheboundaryof thefaceandhelpselim-
inatepartsof the scenethatdo not belongto theface,such
asthe backgroundor the hair. Segmentationalone, how-
ever, may missthe exactfacialboundarywhena skin-color
region in the scenefalls next to the faceor a part of the
faceis occludedby anobjecthaving the color of skin. The
role of templatematchingis to locatethefacewithin a skin
region and, if the detectedskin region is muchsmalleror
largerthanthetemplate adjustthetemplatefor matchingin

thesubsequerframe.
-
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Figure 4. (a) A template in a video frame. (b)

(a) (b)
The search area in the subsequent frame. (c)
Segmentation of the search area. (d) Next
template selected for matc hing.

Theabove processantrackafaceaslongasaportionof
it is visible. Evenwhenthe facialfeaturessuchasthe eyes
or the mouth becomeinvisible, the processcansstill track
theface.

After processingvery k frames(typically & = 30), the
new frameis assumedo bethefirst framein thevideoand
facesin it are againdetectedusing the processdescribed
above. This processot only detectsfacesnewly entering
thevideo, it alsodetectdfacesthatweremissedearlierdue
to smallsize,occlusion lighting, shadav, or otherfactors.
If new facesareobtainedthey areaddedo thelist of faces
to betracked. If thereis aneedto trackthe facesthatwere



missedearlier thefacesarebacktracleduntil eitherthebe-
ginning of the video or a frame wherethe faceentersthe
videois reached.
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Figure 5. (a) A video sequence containing a
person moving back and then forward while
facing the camera. (b) The depth map of
the tubular structure obtained by tracking the
facial region in the spatiotemporal domain.
(c) A horizontal cross-section of the tubular
structure . (d) The motion signature obtained
by tracing the centroid of the tubular struc-
ture.

Motion of apersonsfacecontainsconsiderabléinforma-
tion aboutactuvities performedby the person.By tracking
aface,we cantracea tubular structureof the kind shavn
in Fig. 5bin spatiotemporaspace.A cross-sectiomf this
tubular structurewith a horizontalplaneis shavn in Fig.
5c¢. By tracingthe centroidof this tubular structure we ob-
tain a motion signatureasshaown in Fig. 5d. Suchmotion
signatureganbeusedto characterizéddumanactuities.

5. Reaults

The computationalrequirementsof the face detection
and tracking algorithm are as follows. Determinationof
facesin animageof size 0 0 pixels takes 25 sec-
ondson average.The exacttime depend®n the numberof
facesin animage. Trackingof facesandskin regionsfrom
onevideoframeto the next takesabout2 secondsvhena
few personsarepresent.Thesemeasurementeflectcom-
putationtimeson anSG1 02 R10000computer

Thefacedetectioralgorithmdetectsabout90 percenf
thefacesn imagesof size 0 0 pixelswhencontain-
ing a few faces. The facedetectionaccurag decreasess
the numberof facesincreasesAs morefacesappeatin an

image thefaceshecomesmallerandfacialfeaturesbecome
lessobvious. Amongthefacesmissedn thefirst frame,80
percentof them are detectedater whensubsequentideo
framesare processed.This rate increasesvhen a person
walkstowardthe cameraandit decreasewhenthe person
walks away from the camera.Oncea faceis detectedthe
faceis trackedwithoutary erroruntil it become®ccluded.
An occludedfacewill be detectedagainwhenit becomes
visible.

6. Conclusions

Thefirst stepin analyzingvideoscontaininghumanss
thedetectiorandtrackingof humarnfaces A robustmethod
for detectingandtrackinghumanfacesin color videoswas
presented.Oncethe algorithmlocks onto a face, it tracks
thefaceevenwhenonly a smallportionof it is visible. By
trackingthe face, motion signaturesare generatedywhich
then canbe usedto characterizénumanactvities. Future
work will focusonanalyzinghesemotionsignatureso rec-
ognizevarioushumanactuities.
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