Eye detection using color cues and projection functions
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Abstract

We proposea heuristic approad for detectionof eyes
in close-upimages. The experimentalimages are steeo-
typical mug shotfaceswhich can be expectedin applica-
tions of face recanition systemssay in ATM vestilules.
We prove the efficacy of our proposedmethodin detection
of eyes,bothin indoor and outdoorenvironmentswvith con-
siderable scalevariationsand an allowablerotationin the
image plane We employa hierarchical search spacereduc-
tion techniqueto localize possibleeye areasin the image.
Thedistincthumanskincolor andlow intensityareasof the
eye ball are the primary cuesusedto locate eye regions.
Furtheron, eyevalidationis performedusingthemeanand
varianceprojectionfunctions.

Keywords : NormalizedRGB, illumination normaliza-
tion, connecteccomponentanalysis,projectionfunctions,
eye detection.

1. Introduction

One of the mostessentialpre-requisitesn building an
automatedystenmfor facerecognitionis eye detection De-
tectingthe eyes easeghe problemof locating otherfacial
featuressuchas noseand mouth requiredfor recognition
tasks. Eye detectionis invaluablein determiningthe ori-
entationof the faceand alsothe gazedirection. Eyesare
importantfacial featuredueto their relatively constanin-
teroculardistance Thevariousschemeshathave beenpro-
posedor eye detectioncanbe broadlycateyorizedinto two
approachesThefirst assumeshatthe approximatesye re-
gions are locatedor someconstraintsare imposedon the
faceimagesothateye windows canbe easilylocated.Eye
detectionis restrictedto thesewindows. However, it is gen-
erally difficult to locatethe eye windows in realworld sit-
uations.In thesecondapproachafacedetectionalgorithm
[1, 2] is usedto extract the approximateface region and
the detectionof eyesis carriedout on the identified face

area. However, several problemsare associatedvith such
approachesTheeye detectionaccurag depend®onthero-

bustnes®of the facedetectionalgorithm. Moreover, unless
the orientationof the faceis known, it is very difficult to

extractthe eye pair. The proposedschemedoesnotrely on

ary prior knowledgeof possibleeye windows noris it pre-
cededby a facedetectionalgorithm. In our schemecues
suchasthe distinct humanskin color andlow intensity of

theeye areusedto advantage.

Theremaindeof this papetis organizedasfollows. Sec-
tion 2 briefly reviews relatedwork. Section3 providesa
descriptionof the proposedalgorithm. Section4 critically
reviewsthepresenteavork. Thisis followedby conclusion.

2. Earlier work on Eye Detection

Ahuja et. al. [3] modelhumanskin color asa Gaussian
mixture andestimatemodelparametersisingthe Expecta-
tion Maximizationalgorithm. Yanget. al. [4] proposean
adaptve bivariate Gaussiarskin color modelto locatehu-
manfaces.Balujaet. al. [1] suggestneuralnetwork based
facedetectorwith orientationnormalization. Approaches
suchasthisrequireexhaustve training sets.Pitaset. al. [2]
usethresholdingn HSV color spacefor skin color extrac-
tion. However, this techniqueis sensite to illumination
changesndrace.

Huanget. al. [5] performthetaskof eye detectionusing
optimal wavelet paclets for eye representatiorand radial
basisfunctionsfor subsequentlassificationof facial areas
into eye andnon-g/e regions. Rosenfeldet. al. [6] usefil-
tersbasedn Gaborwaveletsto detecteyesin graylevelim-
ages.Fenget. al. [7] employ multi cuesfor eye detectioron
gray imagesusingvarianceprojectionfunction. However,
thevarianceprojectionfunctiononaeyewindow is notvery
consistent.Pitaset. al. [2] adopta similar approactusing
theverticalandhorizontalreliefsfor thedetectiorof theeye
pair requiringposenormalization.



3. Proposed M ethod

We achieve eye detectionin three stages. In the first
stagepossibleeye areasarelocalizedusingasimplethresh-
olding in HSV color spaceand normalized RGB color
space sequentially It is followed by a connecteccompo-
nentanalysisto quantify spatially connectedregions and
furtherreducethe searchspaceo determineghe contending
eye pairwindows. Finally the meanandvarianceprojection
functionsareemployedin eacheye pairwindow to validate
the presencef theeye.

3.1. Locating Possible Eye Areas

The input faceimageis illumination normalizedwith a
histogramstretchingoperation. It is essentiato eliminate
the noisein the imagewhich manifeststself in the lower-
mostanduppermosendsof the histogram.To this end,we
computethe cumulative sumof the histogram from either
endanddiscardpixelsbelowv 0.1% of thesum.Theresidual
histogramis now stretchecbver the entirerange. This op-
erationis individually performedon eachof theR, G andB
channelsFigurel clarifiesthis operationwherethethresh-
old is setto 1% for the purposeof clarity.
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Figure 1. (a) Histogram of the original image;
(b) 1% threshold histogram stretching

The possiblegye regionsareobtainedn threestagesin
thefirst stage,the illumination normalizedimageis trans-
formedinto theHSV spaceandlow intensityareasdetected
by thresholdingin V. In our experimentsaV valueof be-
low 90 in a scaleof 255 corresponddo the low intensity
regions. It is seenthatfor darkfacesthe skin coloredpix-
elslie within this threshold.To eliminatetheseskin pixels,

our secondstageusesthresholdingof the original imagein
thenormalizedRGB spaceavhichhasprovento beeffective.
Thethresholdsisedaredescribedelow:

96.0 < norm, < 120.0 1)
75.0 < normy < 86.0 (2)
where,
norm, = (r/(r+g+0b))*255.0 and

(9/(r+g+1b))x255.0

Thelow intensityregionsin the entireimageareidentified
by ANDing the resultsof the first two stages.In the third
stagea patchof theimageareaundereachof the extracted
possiblegye regions,obtainedoy ANDing operatioris ana-
lyzedfor skincolor. Thisis performedontheoriginalimage
in the normalizedRGB spacewith a wide thresholdto ac-
commodatevariousraces.We assumehatthe skin coloris
notdegradeddueto ary camereeffects.
Thethresholdsusedfor skin analysisare

90.0 < norm, < 145.0 3
60.0 < normgy < 100.0 (4)

Thus, we reducethe possibleeye candidatesfurther as
shavnin Fig. 5.

norm, =

3.2. Connected Component Analysis

In realworld scenesseveral objectsin the background
appearaslow-intensity areasin the imageand sometimes
with a skin-like region below. Also, in our thresholding
schemethe humanhair is a possibleeye candidate.To be
rid of thesecontenderswe usea simple aspectratio and
populationteston eachof the possibleeye areas. To use
thesetests, it is necessaryo quantify eachof the located
eye areasA connectedcomponenanalysisgroupsor clus-
tersspatially connectedegionsin theimage. Eachof the
clustersareputto anaspectatio testandspuriousclusters
eliminated. In our experimentswe requirethe clusteras-
pectratio to lie above 0.75. This testis proven effective
in discardingthe elongatedareascorrespondingo the hair
andotherbackgroundbjects.Prior to performingthe con-
nectedcomponentanalysis,a gray-level dilation improves
pixel connectvity.

We make useof theanthropometri&knowledgethateyes
occurasa pair within a specificdistancedependingon the
imagesize. The anglesof the linesjoining the centroidof
oneclusterto every otherclusterare measuredlongwith
thelengthof thelinesto discriminatebetweerpossiblesye-
pairs.Only thosepair of clusterghatlie within anangleand
distancethresholdare chosenas possibleeye-pairs. The
anglethresholdis + 20 degreesand distancethresholdis
1/6ththewidth of theimage justifiableif thefaceoccupies
aminimum of 25% of the entireframe. It is obsenedthat
thenostrilsarerejectedby employing this setof thresholds.

Theresultsat this stageareshavn in Fig. 6.



3.3. Eye Validation

The possibleeye candidatesat this stageare the eye-
brows, eyes, endsof the lip andhair (if the hair clusteris
split). Using horizontalprojections,eachof theselow in-
tensitypairsaresegregatednto analysisvindows asshavn
in Fig. 7. In eachof theseanalysiswindows, vertical pro-
jectionsareusedto divide thewindow into two parts,each
consistingof a low intensity area. In the caseof the ac-
tual eye-windaw, in eachpartof the analysisvindow, there
aretwo spatiallydisconnectedbw intensityclusterscorre-
spondingto the eye andthe eyebrown. In mostrealisticsit-
uationsiit is difficult to detectskin areabelow the eyebrav
andhencethe eyebrow clusteris eliminated.In eachof the
analysisvindows, theangleof theline joining thecentroids
of the two clustersis usedto normalizethe window in ori-
entation.Eachof suchwindows is subjectedo anenhance-
mentschemesoasto increasahecontrastbetweertheeyes
andskin. The contrastenhancementsesillumination nor-
malizationwith athresholdof 1% asexplainedabove. This
procesds precededy medianfiltering andgray scaleero-
sionto reducethe effect of noise.

At this juncture,we employ the ideaof reliefs or mean
projectionfunction[MPF] of Pitaset. al. andvariancepro-
jection function [VPF] of Fenget. al. to detectthe nose
bridge and eyes. Typical normalizedmeanand variance
projectionsin the vertical directionalongwith their differ-
encefor the eye pairwindow is shavn in Fig. 2. We argue
that,if the peakin the MPF, the valley in the VPF, andthe
peakin thedifferenceplot betweertheflatareasall of these
threecorrespondingo thenosebridge,lie approximatelyin
the samevertical position, thenthe analysiswindow is an
eye-windaw.

4. Discussion

The proposednethodis successfuin detectingeyes of
varying scale,within a certainallowable image planeori-
entation. The detectionschemeis insensitve to variations
in humanskin color and illumination to an extent. How-
ever, harshvariationsin illumination thatdrasticallychange
the appearancef skin color affect the performanceof the
algorithm. The algorithmis computationallyefficient asit
reliesonly on low level visual cuesand simple threshold-
ing. Thedrawvbackof the proposedschemaes thateyescan
be detectedonly in frontal close-upimages. However, in
a constraineddomainof application,the algorithmcanbe
employedwith confidence.

5. Conclusion

We presenta simpleandheuristicapproacho the prob-
lem of eye detectionin staticcolorimages. The methodis
devoid of ary intensive computationsand relies primarily
on cuessuchasthe low-intensity of the eye ball and skin
colorwhich arescaleandorientationinvariant.
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Figure 2. Enhanced eye pair window and its
Projection functions
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Figure 3. Original color Figure 4. lllumination Figure 5. Retained Low
image Normalized intensity regions
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Figure 6. Possible Eye Figure 7. Analysis
regions windows
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Figure 10. Result 3

Figure 12. Result 5 Figure 13. Result 6 Figure 14. Result 7



