Region-basedViatching for Robust
3D FaceRecognition

A. S.Mian, M. BennamourandR. A. Owens
Schoolof ComputerScienceandSoftware Engineering
The Universityof WesternAustralia
35 Stirling Highway, Crawvley, WA 6009,Australia
fajmal, bennamou,robyng@csse.uwa.edu.au

Abstract

We presenta novel region-basedmnatchingapproachfor automatic3D
facerecognitionwhich is robust to facial expressionsfacial hair, illumina-
tion changesndlarge occlusions Each3D facein thegalleryis segmented
of ine into threedisjoint regions, namelyeyes-foreheadnoseand cheeks.
Recognitionis performedon the basisof only the eyes-foreheadnd nose
regionsto avoid the effectsof expressionsndartifactsthatoccurin 3D faces
dueto amustacher beard.Thesawo regionsof thegalleryarematchedvith
a probeusinga modi ed versionof the ICP algorithm and their matching
scoresarefused.Theidentity of thegalleryfacewhich getsthehighestscore
is declaredastheidentity of the probe. Experimentsvereperformedon the
UND BiometricsDatabasevhichis sofar thelargestknown databasef 3D
faces.We achiezeda combinedidenti cation rateof 100%anda maximum
veri cation rateof 99.42%. Our resultsalsoshaw thatthe eyes-foreheads
the mostsigni cant region for 3D facerecognitionwith individual identi -
cationandveri cation ratesof 97.32%and97.25%respectiely.

1 Intr oduction

Biometricsare physiological(e.g. ngerprints andface)andbehaioral (e.g. voice and
gait) characteristicsisedto determineor verify anindividual'sidentity [4]. Veri cation is
performedby matchinganindividual'sbiometricwith thetemplateof theclaimedidentity
only. Identi cation, ontheotherhand,is performediy matchinganindividual'sbiometric
with thetemplateof everyidentityin thedatabaseln this paperwewill use‘recognition”
asacombinedermfor veri cation andidenti cation.

Thefaceis aneasilycollectible,universalandnon-intrusve biometric[15]. It is ideal
for suneillanceapplicationswhere ngerprinting or iris scannings not possible.Zhao
etal. [34] give a detailedsurwey of 2D facerecognitionalgorithmsand categyorizethem
into holistic matching feature-base(referredto asregion-basedin this work) matching
andhybrid methods Holistic methodsusethe faceasa wholefor recognition.Examples
of this methodincludethe eigenticesof Turk andPentland29] which usethe Principal

1we call it region-basedo differentiateit from featureshatareextractedby featureextractionalgorithms.



ComponentAnalysis (PCA), the Fisherfices[2] which useLinear DiscriminantAnaly-
sis(LDA), methodshasedon the Independen€ComponeniAnalysis(ICA) [1], Bayesian
methodgq23] and SupportVectorMachine(SVM) methodg26]. Neuralnetworks[18]
have alsobeenusedfor holistic facerecognition. The region-basednethodsextract re-
gionslike the eyes, noseand mouth and then matchthesefor facerecognition. These
methodsare basedon the distances/angleetweenfacial regionsor their appearances.
Examplesof this category include[12][27]. The graphmatchingapproach32] is one
of the mostsuccessfutegion-basedapproache§d4]. Region-basednethodscanprove
usefulin caseof variations(e.qg. illumination andexpressionjn theimageg34]. Hybrid
methodsusea combinationof the rst two approachesOneexampleis combiningthe
eigenfices,eigengesandeigennosd25]. Otherexamplesincludethe e xible appear
ancemodel-basednethod[17] and[14]. It is believedthatthe hybrid approacthasthe
potentialto achieve the bestresults[34].

2D facerecognitionis sensitve to illumination, posevariations,facial expressions
[34] andmake up. On the otherhand,3D facerecognitionhasthe potentialfor greater
recognitionaccurag andis capableof overcomingtheselimitations[7]. A brief surey
of 3D facerecognitionalgorithmsincludethefollowing. Chuaetal. [11] extractedpoint
signatureq10] of the rigid parts of the facefor expressioninvariantfacerecognition.
They reported100% recognitionresultsbut on a small gallery? of 6 subjects.Xu et al.
[33] performedautomatic3D facerecognitionby combiningglobal geometricfeatures
with local shapevariationandreported96.1%and72.6%recognitionrateswhenusinga
galleryof 30 and120subjectgespectiely. Lu etal. [19][20] usedfeaturedetectionand
registrationwith the ICP [3] algorithmfor 3D facerecognition.They reportarecognition
rate of 96.5%[20] (using a gallery of 18 subjects)with manualfeaturedetectionand
a recognitionrate of 90% [19] (using a gallery of 10 subjects)with automaticfeature
detection.Medioni andWaupotitsch21] alsouseda variantto the ICP algorithmfor 3D
facerecognitionandreporteda recognitionrateof 98%on a galleryof 100subjects.

Multimodal facerecognitionwhich combineghe 3D shape®f facesandtheir corre-
spondingtexture mapshasalsobeeninvestigated.Theseapproachegenerallyperform
separatematchingon the basisof 2D and 3D facesandthenfusethe results. Changet
al. [9] useda PCA-basedpproachfor separate?D and 3D facerecognitionandfused
the matchingscores.They reporteda recognitionrate of 93% and99%for 3D andmul-
timodal facerecognitionrespectiely. Their gallery (275 subjects)is believedto be the
largestin 3D or multimodalfacerecognitionexperiments.Wanget al. [31] usedGabor
Wavelet Iters in the2D domainandthepoint signature$10] in the 3D domainandfused
theresultsusingSVM. They reportedarecognitionrate of above 90% on a gallery of 50
subjects.Bronsteinet al. [8] proposedan expressiorinvariantmultimodalfacerecogni-
tion algorithm. They assumehefacial surfaceto beisometricand atten it to removethe
expressioneffects. However, this processequally attens all facial featuresirrespectve
of whetheror notthey changewith facialexpressionge.g.it attensthenoseto someex-
tent). This lowersthe discriminatingcapability[16] of thefaceswhichis likely to cause
deterioratiorof therecognitionrateasthegallerysizeincreasesA detailedsurvey on 3D
andmultimodalfacerecognitionis givenby Bowyer etal. [7] who concludethatthereis
still aneedfor improvedsensos, recanition algorithmsand experimentaimethodolgy.

We proposea novel region-basedapproactfor robust 3D facerecognition. The mo-
tivation behindour approachcomesfrom threeimportant ndings in the 2D facerecog-

2Thedatabasef facesss calledthe“gallery” andthefaceto berecognizeds calledthe“probe”.



Figurel: Thefaceareais detectedn a2D image(top left) andcropped.Thecorrespond-
ing areaof thefacein the 3D rangeimage(bottomleft) is alsocropped.The cropped3D
faceis thensmoothedcolumnthree)to remove the effectsof noise.

nition surwey of Zhaoetal. [34]. One,thatthe upperpartof the faceis moresigni cant

for recognitioncomparedo the lower part. Two, thatregion-basednatchingcanprove
usefulin the caseof expressiorandillumination variations.Three thattheeyes,thefore-

headandthe nosearelesssensitve to facial expressioncomparedo the mouthandthe
cheeks. Our approachsimply extendstheseideasto the 3D facerecognitioncase. We

alsointegratefaceandskin detectionwith ouralgorithmto developafully automatidace
recognitionsystem.Notethatprior attemptshase beenmadeto recognize3D facesusing
regions or sggmentshowever theseapproacheperformeda curvaturebasedsegmenta-
tion of the face(seg[7] for details)asopposedo the region-basedsementationin our

case.Moreover, the component-basef@dcerecognitionproposedn [14] performsrecog-
nition on the basisof 2D components.Our approachcan be consideredas multimodal
in the senseahatit utilizesboth 2D and3D data. However, at presenthe 2D imagesare
only usedfor facedetection landmarkidenti cation andskin detection.Recognitionis

performedpurely on the basisof 3D faces. Our aim is to achieve the highestpossible
recognitionrate usingonly 3D facesand ultimately fuse our algorithmwith a 2D face
recognitionalgorithmto furtherimprove therecognitionperformance.

2 Ofine Processingof the Gallery

TheUND 3D facedatabas][13] containgnultiple frontal snapshotsf 277individuals.
Eachsnapshotncludesthe 3D rangeimageof anindividual's facealongwith its regis-

tered2D colouredtexture map. The resolutionof both 2D and3D imagesis 480 640
which is reasonabldor 2D imagesbut very high in the 3D case. Moreover, our recog-
nition algorithm doesnot require high resolutionrangeimages. Therefore,we down

sampledthe 3D rangeimages(by a factor of %) to 240 320 by eliminating alternate
rows andcolumns.Moreover, therearenoticeablevariationsin the pose,expressiorand
spatialresolutionof the individuals' differentsnapshot$22] andmostof the individuals
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Figure2: Six pointsaremanuallyidenti ed ona 2D facein orderto sggmentthe 2D and

its correspondin@D faceinto threeregionsi.e. eyes-foreheadhoseandcheeks.
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Figure3: Skin map(b) generatedor the 2D colouredeyes-foreheadmage(a). The skin
mapis usedto remove non-skinareafrom the correspondin@D eyes-forehead(c) and
(d)). Note: Smallholes(e.qg.in the eyebrons) have beeninterpolated.

wereacquiredupto theirshouldetevel (Fig. 1 rst column).Thereforeanimportantpre-
processingequirementvasto detectfacesin the snapshotsWe usedViola and Jones'
[30] algorithmfor the detectionof facesin the 2D images.Thedetected®D facesaswell

astheir correspondin@®D faceswerethencroppedFig. 1 secondcolumn).

The 3D faceswerequite noisy andwerethereforesmoothedseeFig. 1 secondow)
using Taubin's algorithm[28] (50 iterations). Next, the cropped2D faceswere usedto
manuallyidentify six controlpoints(Fig. 2-a). Notethatit is irrelevantwhethertheiden-
ti cation of thesecontrol pointsis donemanuallyor automatically asthis is performed
of ine. No manualinterventionis requiredduring the online recognitionphase.More-
over, theof ine manualprocessanalsobereplacedwvith anautomatideaturedetection
algorithm[5]. Theidenti ed controlpointsarethenusedto segmentthe 2D face(seeFig.
2-b) aswell asthe corresponding@D face(Fig. 2-c) into threedisjoint regionsi.e. the
eyes-foreheadthe noseandthe cheeks.To remove the artifactsin the 3D eyes-forehead
region becauseof hair and eyes[7], we useda skin detectionalgorithm[6] to detect
theskin pixelsin thecoloured2D imageof the eyes-foreheadThe pointsin the 3D eyes-
foreheadegionwhichdid notcorrespondo thedetectedkin pixelswereremoved. Fig. 3
illustratesthe skin detectionprocess.In this paper we only usedthe eyes-foreheadnd
thenosefor region-base®D facerecognitionsincetheseregionsaretheleastaffectedby
facialexpression$34] andthey alsoavoid the problemsrelatedto a mustacheor beard.

3 Region-basedviatching

During onlinerecognition the probefaceis rst detectedn the 2D imageusingthealgo-
rithm of Viola andJones'[30]. The detectedacein the 2D imageandits corresponding
3D dataarethencropped.Thisis followedby the smoothing 28] of the 3D faceandskin
detection[6] asdescribedn Section2. Next, the 3D probefaceis matchedwith the re-
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Figure4: (a)(b) Frontandtop views of a gallery eyes-foreheadegisteredcoarselyto a
probe.Priorto registration theprobewasrotated20° eachaboutthex,y andz axes.(c)(d)
Ourmodi ed ICP algorithmsuccessfullycorvergesto a globalminimum. Note: Someof
theholeshave beeninterpolated.

gions(eyes-forehea@ndnose)of thegalleryfacesby registeringthe galleryregionsone
by oneto the probe.Notethatthe onlinerecognitionprocesss fully automaticbecause
prior sgmentatiorof the probefaceis not required.Detailsof the eyes-foreheadnatch-
ing aregivenin Section3.1 andthatof the nosematchingaregivenin Section3.2. The
individual matchingscoresarefused(seeSection3.3) to calculatethe overall similarity
of agalleryfacewith aprobe.

3.1 Eyes-breheadMatching

The eyes-foreheaaf eachgalleryfaceis matchedby registeringit to the probeface. A
prior segmentationof the probefaceis not required. Registrationis performedin two
steps.First, the eyes-foreheaaf the galleryis coarselyregisteredto the corresponding
region of the probe. This initial registrationis very coarseandis performedby aligning
the centroidof the gallery eyes-foreheado the centroidof the uppertwo third region of
the probeface’. This coarsealignmentprovidesaninitial estimatewhichis sufcient for
onwardre nementwith our modi ed versionof the ICP algorithm([3] (explainedbelon
in this section)in the secondstep. Fig. 4-a-bshav theinitial coarseregistrationof a
gallery eyes-foreheado a probeusingthe abose approach.The coarseregistrationwas
performedafterrotatingthe probeby 20° eachaboutthe x,y andz axes.Noticethesignif-
icantregistrationerror betweenthe two rangeimages.However, the re nementprocess
successfullyreduceghis error and cornvergesto a global minimumin Fig. 4-c-d. Our
registrationapproachproduceseliableresults(seeSection4) becausef the following
reasons.One,our modi ed ICP algorithmre nes the coarseregistrationhierarchically
in orderto caterfor large initial misalignments.Two, becausef its uniquestructure,it
is highly unlikely that the eyes-foreheadegion will get stuckin a local minimum and
thereforeit doesnotrequirea goodinitial coarseregistrationfor onwardre nementwith
ourmodi ed ICP algorithm. Thisis in contrasto the caseof registeringtwo complete3D
faceg(e.g.in the caseof [19][20][21]), which may easilygetstuckin alocal minimumif
theinitial coarseregistrationis notaccurate.

Ourmodi ed ICP algorithmproceedssfollows. First,a highthresholdequalto 4d;,
whered; is the resolutionof the 3D probe)is chosenfor establishingcorrespondences

3For moreaccuray, thetransformatiorresultingfrom the nosealignment(Section3.2) canbe usedfor the
coarseaegistrationfor the eyes-forehead.



betweerthetwo datasetsandthe registrationis iteratively re ned till the numberof cor-
respondencegaches maximumsaturationvalue.Only thosepointsof thetwo datasets
whicharecloser(in 3D) than4d, areconsideredorrespondingn orderto avoid establish-
ing correspondencesutsidethe region of overlap. Next, a moreconserative threshold
(equalto 2d;) is choserfor establishingcorrespondenceandthe resultingregistrationis
furtherre ned. Thestoppingcriterionis againthe maximizationof the numberof corre-
spondencesAt the nal stagethe stoppingcriterionis changedandtheiterationsstop
whentheregistrationerror betweerthe two rangeimagesstabilizesat a minimumvalue
i.e. thereis no signi cant changen the registrationerrorfor a pre-speci ednumberof
iterations.Moreover, correspondencesreestablishedetweerall pairsof nearespoints
exceptfor thosewhosemutualdistances greaterthanthethreshold(2d,) in thexy plane
only. Pointswhich areclosein the xy plane,but farin thez dimensiort , areconsidered
correspondingoints. Thesepointsprovide usefulinformationregardingthedissimilarity
betweerthe probeandgallery eyes-foreheadThe averageregistrationerror e between
theeyes-forehea@ndthe probeis calculatedusingEqgn. 1.

19
e = n_drakGFiR+t Pk 1)
i=1

In Eqn. 1, Gg; andP; arethecorrespondingointsof thegalleryeyes-foreheadndthe
probefacerespectiely. R andt aretherotationmatrix andtranslationvectorthataligns
thegalleryeyes-foreheado the probe.n is the total numberof correspondingpointsand
dr is theresolutionof the probe.

3.2 NoseMatching

Thenoseof eachgalleryfaceis matchedy registeringit to the probenose.Asin thecase
of theeyes-forehead prior sgmentatiorof thenoseregion of the probeis notnecessary
The registrationin this caseis also performedin two steps. First, the gallery noseis
coarselyregisteredo theprobe.Unliketheeyes-foreheadegion, thenoseregistrationcan
easilygetstuckin alocal minimumin casetheinitial coarseregistrationis not accurate
enough. Therefore,we useda more robust approachfor the coarseregistrationof the
gallerynoseto the probe.We detectedheridgeline [24] andthepointof maximumslope
of the gallery and probenosesandalignedthem. The noseridge is detectedasfollows.
The probefaceandthe gallery noseare slicedhorizontallyat varying stepsanda cubic
splineis tted into eachsetof slicedpoints(seeFig. 5-a). A splineis usedsothatthepeak
of eachslice canbe accuratelydetectedavenif it liesin betweentwo datapoints. Next,
aline is passedhroughthe peakpointsof all the slicesusingRANSAC. This line forms
the noseridge line asshavn in Fig. 5-b. In the caseof the probe,every slice may not
containthe nose. Thereforea decisionis madebaseduponthe curvaturesof the spline,
thelengthof sidesandareaof thetriangle(Fig. 5-a) on whetheror notthe slice contains
the nose.The point of maximumslopeof eachnoseis detectedasfollows. The probeis
vertically slicedatits detectedidgeline, acubicsplineis tted into theslicedpointsand
the point of maximumslopeis thendetectedn the spline(seeFig. 5-c).

Oncethe gallery noseis coarselyregisteredto the probe,the registrationis further
re ned with our modi ed ICP algorithmdescribedn Section3.1. However, in this case,

4Thesubjectsarefacingthe positive z-axis.
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Figure5: (a) A horizontalsliceof a3D face.Thedatapointsareinterpolatedwith a cubic
spline. Thepointsof maximumslopesaredetectedindtheir midpointis usedto detecthe
peakof thespline. (b) A line is passedhroughthe detecte¢peakpointsusingRANSAC
to nd thenoseridge of the 3D face(shavn aspoint cloud). (c) Thefaceis slicedatthe
ridgeline to detectthe point of maximumslope.

correspondencedthe nal stageareestablishedh asimilarwayto theinitial two stages.
Theaverageerrorey betweeragallerynoseandaprobeis calculatedusingthesameEqgn.
1 (replacinge: by ey andGg; by Gy;).

3.3 Fusion

Theerrorse: andey of eachgalleryfacearefusedusingEqn. 2 to calculateits overall
similarity Swith the probe. Theidentity of the galleryfacewith the highestvalueof Sis
declaredastheidentity of the probe. We testedthreedifferentfusionrulesnamely sum,
weightedsumandproductandobsenedthatthe productrule (Eqn. 2) produceghe best
recognitionresults.

S= — )

4 Results

We performedour experimentson the UND 3D facedatabas¢9][13] comprising2D/3D
imagesof 277 subjects.The sizeof the gallerywas277 andthe numberof testedprobes
was671. A single snapsho{(2D and 3D face)per individual was usedin the gallery.
Recognitionwas also performedon the basisof matchinga single snapshotof a probe
with thegallery. Fig. 6 shavs ouridenti cation resultsin theform of rankidenti cation
rate on the basisof individual and combinedregions. Note that individually, the eyes-
foreheadperformedmuchbetterthanthe nosewith arankoneidenti cation rateof 97.3%
comparedo 81.8%in the caseof the nose. At rank eight, the eyes-foreheadeached
100%andthe nosereached®8% identi cation rate. After fusion, a combinedrank one
identi cation rate of 100% was acheved. This canbe comparedwith the recognition
rateof 93% achevedby Changetal. [9] onthe samedatabasevhenusinga holistic 3D
matchingapproach.Our recognitionratesare reportedassumingl00% facedetection.
The automaticface detection[30] ratein our experimentswas 99.2%. The remaining
0.8%facesveremanuallydetected.

The above identi cation experimentsamountedtio 170909(671 277) veri cation
trials. Outof these 671weregenuingaprobewasmatchedwith its correctidentity in the
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Figure6: Identi cation results.

gallery)andtheremainingl70238wereimpostorga probewasmatchedvith anidentity
in the gallery otherthanits own). The veri cation performanceof our algorithmwas
analyzedby calculatingthe genuineandimpostorprobability distributions (Fig. 7 rst
row) andplottingtheROC (Recever OperatingCharacteristickurves(Fig. 7 secondow)
for the individual and combinedmatchingresults. Notice that the overlap betweenthe
genuineandimpostordistributionsgetssmalleraswe go from the noseto the combined
scores Moreover, the distancebetweerthe two probability distributionsin thecombined
caseis much greaterthanthe individual cases. The ROC curves(Fig. 7 secondrow)
shav thefalseacceptanceatesversusthefalserejectionrates. Theseratesvary with the
selectedhresholdor veri cation. For comparisonye selectedhethresholdatwhichthe
sumof thesetwo errorsbecomesninimum for a given ROC curve. With this criterion,
theerrorrates(falseacceptance falserejection)were6.91%,2.75%and0.58%for the
nose gyes-foreheadndthe combinedcaserespectiely.

Notethatthe above experimentsvereperformedafterdowvn samplingthe 3D facesof
the UND databasdy a factorof %1 which shavs a strengthof our algorithmthatit does
not requirehigh resolutionscanners.Anotherimportantadwantageof our region-based
matchingapproachis that it can operateunderlarge occlusions. In our experiments,
the eyes-foreheadegion coveredonly 22.4% and the nosecoveredonly 7.5% of the
areaof afaceon average.Therefore,a probefacewhich is 77.6%occludedandwhose
eyes-foreheadegion is only visible canstill be recognizedy our algorithmwith 97.3%
accurag. This is of greatsigni cancein suneillanceapplicationswherethe complete
facemaynotalwaysbevisible to the sensor

5 Summary and Conclusions

We presentedh novel region-basednatchingapproachfor robust 3D facerecognition.
Our algorithmis fully automaticanddoesnot requireary manualinteractionduringthe
online recognitionprocess.Unlike mostexisting publishedwork in the areaof 3D face
recognition,we performedour experimentsusing the largestavailable databasef 3D
faces.We achiezed 100% recognitionrate by matchingonly the 3D eyes-foreheadnd
noseregionswhich is a crucialaccomplishmenin the areaof expressioninvariantface
recognition.In the future we intendto utilize theremaininginformationcontainedn the
2D imagesandthe cheekgegion usingnon-rigid matchingtechniquesn orderto further
improve theveri cation performance.



Figure 7: Veri cation results. Notice the differencein the vertical scalesbetweenthe
graphsof thesecondow.
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