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Abstract

This paper presentsa novel approach to extract hu-
man headboundaryin plain badkground image using
2D Morlet continuouswavelettransform. Continuous
wavelettransformand discrete wavelettransformhave
their specificpropertiessothat their specificfield of ap-
plications. In this paper we utilize the rich edg in-
formationprovidedbythecontinuousvaveletransform
in variousdirectionsto extract the headboundary and
thenfusethoseinformationto getthefinal result. An al-
gorithmfor face boundaryextraction is also described
in this paper Effectivenes®f the proposedmethodis
shownby our testswith Yale FaceDatabase

1. Introduction

Automaticrecognitionof humanfacesplaysanimpor-
tant role in mary applications,suchas personaliden-
tification, security systemsand humancomputerinter-
action [1]. Face detectionand segmentationare the
first and mostimportantstepsfor faceimageprocess-
ing and facerecognition. Location and descriptionof
headboundaryare the key problemin facesegmenta-
tion. Theheadboundaryalsohasa significanteffectin
model-basedmage coding [2] and someof the facial
featureextraction approache$3]. The face boundary
hasbeenusedin facerecognitionaspartof anextended
featurevector[4].

Wavelettransformhascometo be animportanttool
of mathematicahnalysiswith a wide andeverincreas-
ing rangeof applicationsin recentyeat A largeamount
of literature[7, 8] have shawvn that wavelet transform
hascertainimportantinherentgenericadvantagesand
soarenearlyoptimalfor a wide classof problems.The
wavelettransformusedin computewisionis arelatively
new concept-aboutl0yearsold, but yettherearequite
a numberof articleswritten usingthis technique.Most

of the papersarein the areaof imagecompressiorand
reconstruction.Few papercanbe foundin the areaof
humanfacerecognition. In [9] and[10], Gaborcon-
tinuouswavelet transformhasbeenusedfor facial fea-
tureextraction. In [5] discretewavelettransform—Haar
wavelet transformhasbeenusedfor facial edgedetec-
tion.

In this paper we proposea novel approachto ex-
tracttheheadandfaceboundariesisingMorlet wavelet,
a continuouswavelet transform. The 2D continuous
wavelettransformbasedn Euclideangroup(consisting
of rotationandtranslation)with dilation hasthe poten-
tial to analyzethe directionalfeaturesof theimageq6].
We are not aware of ary previous work that hasused
the directional effect of the continuouswavelet trans-
form in the areaof facerecognitionfor edgeextraction.
In this paper we usethe 2D Morlet waveletto extract
theheadboundariesn four directions. Theedgeimages
can complementwith eachother and nearly unbrolen
boundariexanbe composedy usingtheseimages.

This paperis organizedasfollows. In Section2, the
2D Morlet wavelet transformbasededgeextractionis
described.The algorithmsof the headandfacebound-
ary extraction are introducedin Section3. Section4
presentshe experimentalresultsand discussion.Con-
clusionis drawvn is Section5.

2. Wavelet Transform in Edge Detection
2.1 Continuous Wavelet Transform

A waveletis a complex-valuedfunction ¥ € L?(R?)
(abbreviatedasL? in therestof the paper)satisfyingthe
so-calledadmissibilitycondition

v 2
/%d{u < o0, (1)



where ¥ is the Fourier transformof ¥ and | w |=
Vw? 4+ wi. If ¥ is smoothenoughat the origin, then
the admissibilityconditionimplies, asa necessargon-
dition,

¥(0) = 0. @)

If ¥ further belongsto L!, then the definition of
Fouriertransformimpliesthat(2) is equivalentto

/lI!(x)dx =0, 3)

wheredx = dzdy,x = (z,y). Undermild conditions
on thefunction ¥ onecanshaw thatthe conditions(2)
or (3) is alsosufficientfor obtaining(1).

Let f be a two-dimensionakignal (image)of finite
enegy,i.e. f(x) € L?, andsometimes € L2NL'. The
generakontinuousvavelettransformof f is definedby

Wi(a,b) = / f) T p@)dx, ()

where0 < a € R, andb € R?.

The transformonly usesthe scalingand translating
effectson thewaveletfunction ¥.

Consider¥, 4 1, asafunctionontheEuclideargroup
with dilation,whereé € [0,27). Then

lIja,ﬁ,b(x)

wherepy is therotationaroundthe origin by angled in
theanti-clockwisedirection,with representation

=a '¥(a ' po(x = b)), ()

po(x) = (zcos® — ysinb, zsinf + y cos ).

The wavelet transformof f(x) basedon the Eu-
clideangroupis,

7(a,0,b) /f
*l/f

2.2 Edge Detection Using 2D Morlet Wavelet
Transform

a9b

U(alpp(x —b))dx. (6)

TheMorlet waveletis givenby thefollowing [6]:

\I’(X) _ elko xef2x-Ax _ eféko-Bkoeféx-Ax’ (7)
whereA is a2 x 2 positive definitematrix, B = A1,
ko, x € R2, andkg - x denotegheordinaryinnerprod-
uct of kg andx, andsoon. kg is a fixed parameter
indicatingthe directionof propagatiorof thewavelet.

In the spaceof Fouriertransform:

A

U(k) = (detB)%e—%[(k—ko)B(k—ko)]

¢~ sko-Bko,—3k-Bk_ 8)
The secondtermin (7), andthat of (8) accordingly is
the correctionterm that guaranteeshat ¥ satisfiesthe
admissibilitycondition(1). If | ko | is chosenlarge,

lko| > 7(;:25)% = 5.34 [6], thenthe first term
of (8) is closeto zerofor k = 0 thatmeansthat (2) is
nearlysatisfiedwithout the seconderm. In practicethe
secondterm (i.e. the correctionterm)is negligible. In
the applicationthat follows, we will take A = I and
drop the correctionterm. Thus our (truncated)Morlet
waveletreads[10]:

Tar() = cHo%e T, ©
Wy (k) = o= pel (10)
Basedon (6) and(9), we canget
Wy(a,0,b) =
a! //f(a:,y)lIlM(aflpg(x —b))dzdy, (11)
whereb = (by,b,) and

‘I’M(Cflpg(x—b)) = e e (x— b)e 202 [~ b|2

Basedon the factthatrotationpreseresinner prod-
uct:

ko - pg(x —b) = p_gko - p-gpo(x —b) = p_gko - (x —

therotationof x—b by ananglef in theanticlockwise
is of the sameeffect astherotationof ko by theangled
in the clockwise. Sowe can pre-setthe directionkg.
Our methodconsistsof thefollowing steps.

(i) Choosea small paramete. Our experimentsin
belowv shav thatwith a = 4 theedgeextractionhas
goodenoughperformance.

(ii) Choosea vectorkg of a large modulusandfix it
all the time. Basedon the fact that k canrotate
to (0, ko), in below we choosekq = (0, ko) with
ko = 6.

(iii) Choosdd; = 0°, 45°, 90° and135°,i = 1,2, 3,4,
respectiely, which are suitablefor detectinghead
boundary contours being orthogonal (or nearly)
with the directions90°, 135°,0° and45°, respec-
tively. Combiningthoseedgeimagesn four direc-
tions, nearlyunbrolenheadedgecanbedetected.
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Figurel: Diagramfor headboundaryextraction
Having chosenthe parametersthe rotatedwavelet
functionis readas
1
‘I’M(Zpoi (x = b1,y — b2))
— e%i[(m—bl) sin 6;+(y—b2) cos Gi]e— 3% [(z—b1)2+(y—b2)2]7
wherei = 1, 2, 3,4. Thenthe Morlet wavelettransform
becomes:
(a) (b)
Wf a Hz,b)
Figure2: Morlet wavelettransformbasededgeextrac-
//f (@, )T (Zpo.(x = b1,y —b2))dzdy. (12) g, (a) Originalimage.(b) Edgeimage.
Thediscreteformateof (12)is
flowchartof the algorithmfor headboundarydetection
bty bty is shawn in Fig.1.
Wi(a,0;,b) ~ Z Z f(@,y) Theoretically signalsarerepresentedvith a number
z bi— % y=ba— 7§ of largewaveletcoeficients.Noiseis evenly distributed
1 acrosswavelet coeficients and is generallysmall [7].
‘I'M(Zpai (@ —b1,y —b2)). (13) Thresholdingechniques usedto selectthewaveletco-

In ourapplicationthechoiceN = 16 correspondso
amodesttomputatiorcost.

3. Head and Face Boundary Extraction

3.1 Head Boundary Extraction

Headboundaryrefersto the outermostoundaryof the
head,while the face boundaryrefersto the face con-
tour excluding the hair, shouldersand the neck. The

efficients.Firstthemodulusof thetransformcoeficients
arecomputedandthenthe maximumof the coeficients
T is found. Denoteby B; thebinaryimageafterwavelet
coeficientthresholdingwith differentd;. The B; satisfy
thefollowing relation:

0 |We (a,6:,b)|>T—C
255 |Wei (a,0;,b)| <T —C,
(14)

Bi(z,y) = {
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Figure3: Binary imagesof Fig.2(a)in four directionsafterapplyingMorlet wavelet. (a) 8; = 0°. (b) 8, = 90°. (c)

0, = 45°. (d) 64 = 135°.
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Figure4: Edgeextractionthroughthe skeletonizingandcontourtracingalgorithm. (a) Edgeimageafter skeletonizing
algorithm. (b) Headboundaryafter contourtracingalgorithm. (c) Headboundaryimage.

wherei = 1,2,3,4. C' = 30 is basedon our experi-
ments.Fig.3illustratesthe binaryimagesin four direc-
tionsafterapplyingtheMorlet wavelet. Theoriginalim-

ageis showvn in Fig.2(a). Fig.2(b)is the edgeimageaf-

terfusingthefourimagesshownnin Fig.3. Fromtheedge
imagewe canseethemethodwe proposedtanretainun-
brokenheadedgesthoughtherearesomenoisesin the
image.TheHilditch skeletonizingapproacH11] is used
to obtainthe singlepixel wide boundariesasshown in

Fig.4(a). Contourtracingalgorithmis thenusedto get
the location of the boundarypointsin the imagecoor

dinate systemand at the sametime deletethe noises.
Fig.4(b)shovs theimageafterperformingcontourtrac-
ing algorithm. The headboundaryimageof Fig.2(a)is

shavnin Fig.4(c).

3.2 FaceBoundary Extraction

The faceboundaryis moredifficult to be detecteddue
to the poor edgecontrastin the face boundary The
flowchartof the algorithmfor faceboundaryextraction
is shovnin Fig.5.

(a) Inner hair boundary extraction

In thisstepthehairregionis detectedisinghistogram
thresholdingtechnique.In the histogram the first peak
arearepresentshe dark regions of the image, suchas
hair, eyes, eyebravs and mouth. Choosean intensity
valuebetweenthe first two peakareasasthethreshold.
ThebinaryimageB(z, y) consistsof mostpixelsin the
hairregion. Fig.6(a)demonstratetheresultafterthresh-
olding. Contourtracingalgorithmis thenusedto getthe
outlinesof eachdarkregionswhoseareasarelargerthan
a presetvalue p. Fig.6(b) showns the image after per
forming contourtracing algorithm. The largestregion
in B(x,y) is hair region. Thentheinner hair boundary
canbeextracted.Fig.6(c) shavs theimageof innerhair
boundary

(b) Cheek boundary location

Accordingto the hairstyles two facemodelscanbe
constructed Onecorrespondso the shorthairstylethat
the bottomsof the hair are above the earsasshowvn in
Fig.8(b). Anothercorrespondso the long hairstylethat
the bottomsof the hair are belov the earsas shavn
in Fig.2(a). To the long hairstyle,the cheekboundary
is includedin the inner hair boundary To the short
hairstyle, the following approachis usedto locatethe
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Figure6: Innerhairboundarxtraction. (a) Binaryimage.(b) Hair boundaryaftercontourtracingalgorithm.(c) Inner
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Figureb: Diagramfor faceboundaryextraction

cheekboundary

Assumethat (b, , hi,), (hr,,hr,) representhe in-
nerleft andright hair bottompoints,respectiely, which
canbe locatedfrom the inner hair boundary Fromthe
headboundaryand hair boundary it is easyto detect
ears’positionwherethey areoutsidethe inner hair bot-
tom points. Denotethe left andright earbottompoints
as(zg,y1), (zr, yr), respectrely. Straightline segments
between(hy, , hy,) and(zi, y1), (hr,,hr,) and(z,, yr)
areusedto approximateheleft andright boundariegor
thecheek.

(c) Chin boundary location

In the faceimage,the contrastat the chin is usually
very low (very weakedges)5]. The edgedetectingre-
sultin this part cannot berelied. In our approachwe
usea segmentof ellipseto approximatehe chin shape.

i
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Figure7: Ellipsemodel

Theellipsemodelthatis usedto approximatehechin
shapds shown in Fig.7. Theequatiorfor it is:

[y —y") — (= —a")k]
2

[(z—2')+ (y —y)k]* +

P+ k)
= =0 (15)

where,

k= (hr, —hi,)/(hr, — 1,)
' = (h, +he,)/2
y' = (b, + hr,)/2
= /(hr, = )2 + (Br, — )2
p=bla

a andb aretheradiuseson Y and X axis, respec-
tively. (h¢, , hy,) isthetop pointof theinnerhairbound-
ary. The faceboundarydetectedfor Fig.2(a)is illus-
tratedin Fig.8(a).

4. Experiment Resultsand Discussion

The Yale Face Databasevas usedin the experiments.
The databaseontainsfront view imagesof 15 people.
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Figure8: Examplesof results

For eachpersortherearel1 grey level imageswith dif-

ferent expressions. Out of thesell images,the head
boundaryextractionalgorithmwassuccessfufor 9 im-

ages.Thealgorithmwasnot effective for 2 imagesdue
to onesidedlight conditiondin the background.Face
boundaryextraction algorithm relies on the inner hair
boundarylocationto someextent. It is not applicable
to the baldheadsTherewere 117 imagesprocessedby

the face boundarydetectionalgorithm and about84%

boundariesvere picked out. Fig.8 shavs someof the
resultimages.

5. Conclusion

In this paper we proposea novel headboundaryex-
tractionapproachwhich involvesuseof 2D continuous
wavelet transform. Directionalinformation of the 2D
continuouswaveletenableghe systemto extractsingu-
larities of imagesin variousdirections. The edgede-
tectedby usingwavelettransformin differentdirections
cancomplimentwith eachotherandcangetbackthelost
edgeinformation. It cansolve the problemwherethe
standardoundarydetectionbecomesneffective dueto
edgebreaking.Ourfuturetaskis to find additionalinfor-
mationnearthe chin andaccordinglyadjustthe ellipse
segmentto getmoreaccuratdaceboundary
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