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Abstract

This paper presentsa novel approach to extract hu-
man headboundaryin plain background image using���

Morlet continuouswavelettransform. Continuous
wavelettransformand discretewavelettransformhave
their specificpropertiessothat their specificfield of ap-
plications. In this paper we utilize the rich edge in-
formationprovidedbythecontinuouswavelettransform
in variousdirectionsto extract the headboundary, and
thenfusethoseinformationto get thefinal result.Anal-
gorithm for faceboundaryextraction is also described
in this paper. Effectivenessof the proposedmethodis
shownby our testswith Yale FaceDatabase.

1. Introduction

Automaticrecognitionof humanfacesplaysan impor-
tant role in many applications,suchas personaliden-
tification, securitysystemsandhumancomputerinter-
action [1]. Face detectionand segmentationare the
first andmost importantstepsfor faceimageprocess-
ing and facerecognition. Location and descriptionof
headboundaryare the key problemin facesegmenta-
tion. Theheadboundaryalsohasa significanteffect in
model-basedimagecoding [2] and someof the facial
featureextraction approaches[3]. The faceboundary
hasbeenusedin facerecognitionaspartof anextended
featurevector[4].

Wavelet transformhascometo be an importanttool
of mathematicalanalysis,with a wide andever increas-
ing rangeof applications,in recentyear. A largeamount
of literature[7, 8] have shown that wavelet transform
hascertain important inherentgenericadvantagesand
soarenearlyoptimal for a wide classof problems.The
wavelettransformusedin computervisionis arelatively
new concept– about10yearsold, but yet therearequite
a numberof articleswritten usingthis technique.Most

of thepapersarein the areaof imagecompressionand
reconstruction.Few papercanbe found in 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-
tracttheheadandfaceboundariesusingMorlet wavelet,
a continuouswavelet transform. The 2D continuous
wavelettransformbasedonEuclideangroup(consisting
of rotationandtranslation)with dilation hasthe poten-
tial to analyzethedirectionalfeaturesof theimages[6].
We are not aware of any previous work that hasused
the directionaleffect of the continuouswavelet trans-
form in theareaof facerecognitionfor edgeextraction.
In this paper, we usethe 2D Morlet wavelet to extract
theheadboundariesin four directions.Theedgeimages
can complementwith eachother and nearly unbroken
boundariescanbecomposedby usingtheseimages.

This paperis organizedasfollows. In Section2, the���
Morlet wavelet transformbasededgeextraction is

described.Thealgorithmsof theheadandfacebound-
ary extraction are introducedin Section3. Section4
presentsthe experimentalresultsanddiscussion.Con-
clusionis drawn is Section5.

2. Wavelet Transform in Edge Detection

2.1 Continuous Wavelet Transform

A wavelet is a complex-valuedfunction ���
	���
�� ���
(abbreviatedas 	�� in therestof thepaper)satisfyingthe
so-calledadmissibilitycondition:�������
�� � � �� � ��� ��� �! �"$# (1)
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where
�� is the Fourier transformof � and

� � � %& � �'�( � �� . If � is smoothenoughat the origin, then
theadmissibilityconditionimplies,asa necessarycon-
dition, ��)
+* � % *-, (2)

If � further belongsto 	 ' # then the definition of
Fouriertransformimpliesthat(2) is equivalentto� ��
/. � � . % *0# (3)

where � . % ��12��3 #4. % 
 1 # 3 � . Undermild conditions
on the function � onecanshow that the conditions(2)
or (3) is alsosufficient for obtaining(1).

Let 5 be a two-dimensionalsignal (image)of finite
energy, i.e. 56
/. � �7	�� , andsometimes58�9	��;:<	 ' . The
generalcontinuouswavelettransformof 5 is definedby=?> 
�@2#4A � % � 56
�. � �CBED FG
�. � � .<# (4)

where*H !@I�7� , and AJ�9�K� .
The transformonly usesthe scalingand translating

effectson thewaveletfunction � .
Consider�CBED LMD F asafunctionontheEuclideangroup

with dilation,whereNH�PO *-# �RQ � . Then� B;D LSD F 
�. ��T @ � ' ��
�@ � 'VU L 
/.7WPA �X� # (5)

where
U L is therotationaroundtheorigin by angle N in

theanti-clockwisedirection,with representationU L�
�. � % 
 1ZYM[�\ N]W 3�\4^`_ N0# 1Z\4^a_ N ( 3bYS[�\ N � ,
The wavelet transform of 56
/. � basedon the Eu-

clideangroupis,=P> 
+@2#XN-#4A � % � 56
�. � �CBED LMD Fc
/. � � .% @ � ' � 56
�. � ��
�@ � ' U L 
�.dWPA �X� � .<, (6)

2.2 Edge Detection Using
���

Morlet Wavelet
Transform

TheMorlet waveletis givenby thefollowing [6]:��
�. � %feEgah�iEj kle �bmn koj pqk W e �rmn h�iEj sth�i;e �rmn koj pqk # (7)

where u is a
�Iv?�

positive definitematrix, w % u � ' ,xcy #X.P�9�z��# and
xcyC{ . denotestheordinaryinnerprod-

uct of
x y

and .<# and so on.
x y

is a fixed parameter
indicatingthedirectionof propagationof thewavelet.

In thespaceof Fouriertransform:���
 x � % 
 � eE| w � mn e �bmn�} ~ h � h iV� j s ~ h � h i����W e � mn h�iEj sGh�i;e � mn hoj sth , (8)

The secondterm in (7), andthat of (8) accordingly, is
the correctionterm that guaranteesthat � satisfiesthe
admissibility condition (1). If

� x y �
is chosenlarge,

i.e.
� x y �)� Q 
 �� � � � mn
�%�� , ��� [6], then the first term

of (8) is closeto zerofor
x % * that meansthat (2) is

nearlysatisfiedwithout thesecondterm. In practicethe
secondterm (i.e. the correctionterm) is negligible. In
the applicationthat follows, we will take u %��

and
drop the correctionterm. Thusour (truncated)Morlet
waveletreads[10]:�C�P
/. � %�eEgah�i;j koe ��� �M� nn # (9)�� � 
 x � %fe � � �S��� i � nn , (10)

Basedon(6) and(9), wecanget=?> 
+@�#4N-#XA � %@ � ' ��� 56
 1 # 3 � �C�?
�@ � ' U L 
/.9WPA �4� ��1���3 # (11)

whereA % 
+� ' #�� � � and�C�P
�@ � '�U L 
/.9W?A �X� %�e;g � i� j ��� ~ k � F � e � mn � n�� k � F � n ,
Basedon the fact that rotationpreservesinnerprod-

uct:x y { U L 
/.9WPA � % U � L x y { U � L U L 
�.dW�A � % U � L x y { 
�.dWPA � #
therotationof .�WrA byanangleN in the �-�q�E �¡�¢�£c¡ x¥¤  �¦E§
is of thesameeffectastherotationof

x y
by theangleN

in the ¡�¢+£c¡ x¥¤  +¦�§ . So we canpre-setthe direction
x y

.
Our methodconsistsof thefollowing steps.

(i) Choosea small parameter@ . Our experimentsin
below show thatwith @ % � theedgeextractionhas
goodenoughperformance.

(ii) Choosea vector
x y

of a large modulusandfix it
all the time. Basedon the fact that

x
can rotate

to 
�*0#�¨�© � , in below we choose
xcy % 
�*0#�¨�© � with¨�© %�ª

.

(iii) ChooseN g % *�« , � � « , ¬�*­« and ®E� � «�#�¯ % ®�# � #4�0#X�0#
respectively, which aresuitablefor detectinghead
boundarycontoursbeing orthogonal (or nearly)
with the directions ¬�*­«R#�®�� � «R#�*�« and � � «R# respec-
tively. Combiningthoseedgeimagesin four direc-
tions,nearlyunbrokenheadedgecanbedetected.
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Figure1: Diagramfor headboundaryextraction

Having chosenthe parameters,the rotatedwavelet
functionis readas�C�½
 ®� U LÀ¿ 
 1 W�� ' # 3 W�� � �X�% e2Án g } ~`Â �¥Ã m �MÄ�Å � LÀ¿�Æ ~aÇ �¥Ã n �SÈÊÉ�Ä LX¿ � e � mÁ n�} ~aÂ �¥Ã m � n Æ ~aÇ �¥Ã n � n � #
where ¯ % ®�# � #4�-#4�0, ThentheMorlet wavelet transform
becomes:= > 
+@2#XN g #4A � %®� ��� 56
 1 # 3 � ��
 ®� U LX¿ 
 1 WË� ' # 3 WË� � �4� ��1���3 , (12)

Thediscreteformateof (12) is= > 
+@2#XN g #4A ��Ì ®� Ã m ÆZÍ nÎÂEÏ Ã m � Í n
Ã n ÆZÍ nÎÇSÏ Ã n � Í n 56
 1 # 3 �� � 
 ®� U L ¿ 
 1 W�� ' # 3 W�� � �X� , (13)

In ourapplication,thechoiceÐ % ® ª correspondsto
amodestcomputationcost.

3. Head and Face Boundary Extraction

3.1 Head Boundary Extraction

Headboundaryrefersto theoutermostboundaryof the
head,while the faceboundaryrefers to the facecon-
tour excluding the hair, shouldersand the neck. The

(a) (b)

Figure2: Morlet wavelet transformbasededgeextrac-
tion. (a)Original image.(b) Edgeimage.

flowchartof the algorithmfor headboundarydetection
is shown in Fig.1.

Theoretically, signalsarerepresentedwith a number
of largewaveletcoefficients.Noiseis evenlydistributed
acrosswavelet coefficients and is generallysmall [7].
Thresholdingtechniqueis usedto selectthewaveletco-
efficients.Firstthemodulusof thetransformcoefficients
arecomputedandthenthemaximumof thecoefficients
T is found.Denoteby w g thebinaryimageafterwavelet
coefficientthresholdingwith different N g . The w g satisfy
thefollowing relation:w g 
 1 # 3 � %ÒÑ * � = LÀ¿ÓGÔ 
+@�#4N g #4A � �o�ÖÕ WË×� ��� � = LÀ¿ÓGÔ 
+@�#4N g #4A � �  Õ WË×�#

(14)
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(a) (b) (c) (d)

Figure3: Binary imagesof Fig.2(a)in four directionsafterapplyingMorlet wavelet. (a) N ' % *�« . (b) N � % ¬�*­« . (c)N;Ø % � � « . (d) N;Ù % ®E� � « .

(a) (b) (c)

Figure4: Edgeextractionthroughtheskeletonizingandcontourtracingalgorithm.(a)Edgeimageafterskeletonizing
algorithm.(b) Headboundaryaftercontourtracingalgorithm.(c) Headboundaryimage.

where ¯ % ®�# � #4�0#X� . × % ��* is basedon our experi-
ments.Fig.3 illustratesthebinary imagesin four direc-
tionsafterapplyingtheMorlet wavelet.Theoriginal im-
ageis shown in Fig.2(a).Fig.2(b)is theedgeimageaf-
terfusingthefour imagesshown in Fig.3.Fromtheedge
imagewecanseethemethodweproposedcanretainun-
brokenheadedges,thoughtherearesomenoisesin the
image.TheHilditch skeletonizingapproach[11] is used
to obtainthe singlepixel wide boundaries,asshown in
Fig.4(a). Contourtracingalgorithmis thenusedto get
the locationof the boundarypoints in the imagecoor-
dinatesystemand at the sametime deletethe noises.
Fig.4(b)shows theimageafterperformingcontourtrac-
ing algorithm. Theheadboundaryimageof Fig.2(a)is
shown in Fig.4(c).

3.2 Face Boundary Extraction

The faceboundaryis moredifficult to be detecteddue
to the poor edgecontrastin the face boundary. The
flowchartof thealgorithmfor faceboundaryextraction
is shown in Fig.5.

(a) Inner hair boundary extraction

In thisstepthehairregionis detectedusinghistogram
thresholdingtechnique.In thehistogram,thefirst peak
arearepresentsthe dark regionsof the image,suchas
hair, eyes, eyebrows and mouth. Choosean intensity
valuebetweenthefirst two peakareasasthe threshold.
Thebinaryimage wK
 1 # 3 � consistsof mostpixelsin the
hairregion. Fig.6(a)demonstratestheresultafterthresh-
olding. Contourtracingalgorithmis thenusedto getthe
outlinesof eachdarkregionswhoseareasarelargerthan
a presetvalue

U
. Fig.6(b) shows the imageafter per-

forming contourtracingalgorithm. The largestregion
in wz
 1 # 3 � is hair region. Thenthe innerhair boundary
canbeextracted.Fig.6(c)shows theimageof innerhair
boundary.

(b) Cheek boundary location

Accordingto the hairstyles,two facemodelscanbe
constructed.Onecorrespondsto theshorthairstylethat
the bottomsof the hair areabove the earsasshown in
Fig.8(b). Anothercorrespondsto thelong hairstylethat
the bottomsof the hair are below the earsas shown
in Fig.2(a). To the long hairstyle,the cheekboundary
is included in the inner hair boundary. To the short
hairstyle, the following approachis usedto locatethe
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(a) (b) (c)

Figure6: Innerhairboundarextraction.(a)Binary image.(b) Hair boundaryaftercontourtracingalgorithm.(c) Inner
hairboundary.

Inner hair boundary
extraction

Cheek boundary
location

Chin boundary
location

Face boundary image

Head boundary image

Figure5: Diagramfor faceboundaryextraction

cheekboundary.
Assumethat 
+Ú0ÛaÜo#VÚ-ÛaÝ � , 
+Ú�ÞXÜo#VÚ0ÞÀÝ � representthe in-

nerleft andright hairbottompoints,respectively, which
canbe locatedfrom the inner hair boundary. From the
headboundaryand hair boundary, it is easyto detect
ears’positionwherethey areoutsidetheinnerhair bot-
tom points. Denotethe left andright earbottompoints
as 
 1 ÛX# 3 Û � , 
 1 Þ�# 3 Þ � , respectively. Straightline segments
between
+Ú0ÛaÜo#VÚ-ÛaÝ � and 
 1 ÛÀ# 3 Û � , 
+Ú�ÞXÜl#VÚ0ÞXÝ � and 
 1 Þ�# 3 Þ �areusedto approximatetheleft andright boundariesfor
thecheek.

(c) Chin boundary location

In the faceimage,the contrastat the chin is usually
very low (very weakedges)[5]. Theedgedetectingre-
sult in this part cannot be relied. In our approach,we
usea segmentof ellipseto approximatethechinshape.

ßà
á

âã/ä­å Ü­æ äoå Ý�ç ã/äoè Üoæ äoè Ý�çã/äoé Ü æ äoé Ý çã�êlé æìë é ç ã�ê è æÊë è ç
Figure7: Ellipsemodel

Theellipsemodelthatis usedto approximatethechin
shapeis shown in Fig.7.Theequationfor it is:O`
 1 W 12í � ( 
 3 W 3oí � ¨oî � ( O`
 3 W 3 í � W!
 1 W 1 í � ¨­î��U �% ï ��
À® ( ¨l� �� (15)

where,ðññññ
ò ññññó
¨ % 
+Ú�ÞÀÝ�WôÚ-ÛõÝ ��ö 
+Ú�ÞXÜ÷WËÚ-Û`Ü �1 í % 
+Ú0ÛaÜ ( Ú0Þ4Ü �4ö �3 í % 
øÚ-ÛõÝ ( Ú0ÞXÝ �4ö �ï % & 
+Ú�ÞXÜ�W�Ú0ÛaÜ � � ( 
+Ú�ÞÀÝ÷W�Ú0ÛõÝ � �U % � ö @@ and � are the radiuseson ù and ú axis, respec-

tively. 
øÚ-û�Ü-#�Ú0û/Ý � is thetoppointof theinnerhairbound-
ary. The faceboundarydetectedfor Fig.2(a) is illus-
tratedin Fig.8(a).

4. Experiment Results and Discussion

The Yale FaceDatabasewas usedin the experiments.
The databasecontainsfront view imagesof 15 people.
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(a) (b) (c) (d)

Figure8: Examplesof results

For eachpersonthereare11 grey level imageswith dif-
ferent expressions. Out of these11 images,the head
boundaryextractionalgorithmwassuccessfulfor 9 im-
ages.Thealgorithmwasnot effective for 2 imagesdue
to onesidedlight conditiondin the background.Face
boundaryextraction algorithm relies on the inner hair
boundarylocation to someextent. It is not applicable
to thebaldheads.Therewere117 imagesprocessedby
the faceboundarydetectionalgorithm and about ü��oý
boundarieswerepicked out. Fig.8 shows someof the
resultimages.

5. Conclusion

In this paper, we proposea novel headboundaryex-
tractionapproachwhich involvesuseof

���
continuous

wavelet transform. Directional information of the
���

continuouswaveletenablesthesystemto extractsingu-
larities of imagesin variousdirections. The edgede-
tectedby usingwavelettransformin differentdirections
cancomplimentwith eachotherandcangetbackthelost
edgeinformation. It cansolve the problemwherethe
standardboundarydetectionbecomesineffectivedueto
edgebreaking.Ourfuturetaskis to find additionalinfor-
mationnearthe chin andaccordinglyadjustthe ellipse
segmentto getmoreaccuratefaceboundary.
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