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Abstract

We presenta novel region-basedmatchingapproachfor automatic3D
facerecognitionwhich is robust to facial expressions,facial hair, illumina-
tion changesandlargeocclusions.Each3D facein thegalleryis segmented
of�ine into threedisjoint regions,namelyeyes-forehead,noseandcheeks.
Recognitionis performedon the basisof only the eyes-foreheadandnose
regionsto avoid theeffectsof expressionsandartifactsthatoccurin 3D faces
dueto amustacheorbeard.Thesetwo regionsof thegalleryarematchedwith
a probeusinga modi�ed versionof the ICP algorithmand their matching
scoresarefused.Theidentityof thegalleryfacewhichgetsthehighestscore
is declaredasthe identity of theprobe.Experimentswereperformedon the
UND BiometricsDatabasewhich is sofar thelargestknown databaseof 3D
faces.We achieveda combinedidenti�cation rateof 100%anda maximum
veri�cation rateof 99.42%.Our resultsalsoshow that theeyes-foreheadis
themostsigni�cant region for 3D facerecognitionwith individual identi�-
cationandveri�cation ratesof 97.32%and97.25%respectively.

1 Intr oduction

Biometricsarephysiological(e.g. �ngerprints andface)andbehavioral (e.g. voice and
gait)characteristicsusedto determineor verify anindividual'sidentity [4]. Veri�cation is
performedby matchinganindividual'sbiometricwith thetemplateof theclaimedidentity
only. Identi�cation, ontheotherhand,is performedby matchinganindividual'sbiometric
with thetemplateof everyidentityin thedatabase.In thispaper, wewill use“recognition”
asa combinedtermfor veri�cation andidenti�cation.

Thefaceis aneasilycollectible,universalandnon-intrusivebiometric[15]. It is ideal
for surveillanceapplicationswhere�ngerprinting or iris scanningis not possible.Zhao
et al. [34] give a detailedsurvey of 2D facerecognitionalgorithmsandcategorizethem
into holisticmatching,feature-based(referredto asregion-based1 in thiswork) matching
andhybrid methods.Holistic methodsusethefaceasa wholefor recognition.Examples
of this methodincludetheeigenfacesof Turk andPentland[29] which usethePrincipal

1Wecall it region-basedto differentiateit from featuresthatareextractedby featureextractionalgorithms.



ComponentAnalysis(PCA), the Fisherfaces[2] which useLinear DiscriminantAnaly-
sis (LDA), methodsbasedon theIndependentComponentAnalysis(ICA) [1], Bayesian
methods[23] andSupportVectorMachine(SVM) methods[26]. Neuralnetworks [18]
have alsobeenusedfor holistic facerecognition.The region-basedmethodsextract re-
gions like the eyes,noseandmouthand thenmatchthesefor facerecognition. These
methodsarebasedon the distances/anglesbetweenfacial regionsor their appearances.
Examplesof this category include[12][27]. The graphmatchingapproach[32] is one
of the mostsuccessfulregion-basedapproaches[34]. Region-basedmethodscanprove
usefulin caseof variations(e.g. illumination andexpression)in theimages[34]. Hybrid
methodsusea combinationof the �rst two approaches.Oneexampleis combiningthe
eigenfaces,eigeneyesandeigennose[25]. Otherexamplesincludethe �e xible appear-
ancemodel-basedmethod[17] and[14]. It is believedthat thehybrid approachhasthe
potentialto achievethebestresults[34].

2D facerecognitionis sensitive to illumination, posevariations,facial expressions
[34] andmake up. On theotherhand,3D facerecognitionhasthe potentialfor greater
recognitionaccuracy andis capableof overcomingtheselimitations [7]. A brief survey
of 3D facerecognitionalgorithmsincludethefollowing. Chuaet al. [11] extractedpoint
signatures[10] of the rigid parts of the facefor expressioninvariant facerecognition.
They reported100%recognitionresultsbut on a small gallery2 of 6 subjects.Xu et al.
[33] performedautomatic3D facerecognitionby combiningglobal geometricfeatures
with local shapevariationandreported96.1%and72.6%recognitionrateswhenusinga
galleryof 30 and120subjectsrespectively. Lu et al. [19][20] usedfeaturedetectionand
registrationwith theICP[3] algorithmfor 3D facerecognition.They reporta recognition
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 andWaupotitsch[21] alsouseda variantto theICP algorithmfor 3D
facerecognitionandreporteda recognitionrateof 98%ona galleryof 100subjects.

Multimodal facerecognitionwhich combinesthe3D shapesof facesandtheir corre-
spondingtexturemapshasalsobeeninvestigated.Theseapproachesgenerallyperform
separatematchingon the basisof 2D and3D facesandthenfusethe results. Changet
al. [9] useda PCA-basedapproachfor separate2D and3D facerecognitionandfused
thematchingscores.They reporteda recognitionrateof 93%and99%for 3D andmul-
timodal facerecognitionrespectively. Their gallery (275 subjects)is believed to be the
largestin 3D or multimodalfacerecognitionexperiments.Wanget al. [31] usedGabor
Wavelet�lters in the2D domainandthepointsignatures[10] in the3D domainandfused
theresultsusingSVM. They reporteda recognitionrateof above90%on a galleryof 50
subjects.Bronsteinet al. [8] proposedanexpressioninvariantmultimodalfacerecogni-
tion algorithm.They assumethefacialsurfaceto beisometricand�atten it to removethe
expressioneffects. However, this processequally�attens all facial featuresirrespective
of whetheror not they changewith facialexpressions(e.g.it �attens thenoseto someex-
tent). This lowersthediscriminatingcapability[16] of thefaces,which is likely to cause
deteriorationof therecognitionrateasthegallerysizeincreases.A detailedsurvey on3D
andmultimodalfacerecognitionis givenby Bowyeret al. [7] who concludethatthereis
still a needfor improvedsensors, recognitionalgorithmsandexperimentalmethodology.

We proposea novel region-basedapproachfor robust3D facerecognition.Themo-
tivationbehindour approachcomesfrom threeimportant�ndings in the2D facerecog-

2Thedatabaseof facesis calledthe“gallery” andthefaceto berecognizedis calledthe“probe”.



Figure1: Thefaceareais detectedin a2D image(top left) andcropped.Thecorrespond-
ing areaof thefacein the3D rangeimage(bottomleft) is alsocropped.Thecropped3D
faceis thensmoothed(columnthree)to removetheeffectsof noise.

nition survey of Zhaoet al. [34]. One,that theupperpartof thefaceis moresigni�cant
for recognitioncomparedto the lower part. Two, that region-basedmatchingcanprove
usefulin thecaseof expressionandilluminationvariations.Three,thattheeyes,thefore-
headandthenosearelesssensitive to facialexpressionscomparedto themouthandthe
cheeks.Our approachsimply extendstheseideasto the 3D facerecognitioncase.We
alsointegratefaceandskindetectionwith ouralgorithmto developafully automaticface
recognitionsystem.Notethatprior attemptshavebeenmadeto recognize3D facesusing
regionsor segmentshowever theseapproachesperformeda curvaturebasedsegmenta-
tion of the face(see[7] for details)asopposedto the region-basedsegmentationin our
case.Moreover, thecomponent-basedfacerecognitionproposedin [14] performsrecog-
nition on the basisof 2D components.Our approachcanbe consideredasmultimodal
in thesensethat it utilizesboth2D and3D data.However, at presentthe2D imagesare
only usedfor facedetection,landmarkidenti�cation andskin detection.Recognitionis
performedpurely on the basisof 3D faces. Our aim is to achieve the highestpossible
recognitionrateusingonly 3D facesandultimately fuseour algorithmwith a 2D face
recognitionalgorithmto furtherimprovetherecognitionperformance.

2 Of�ine Processingof the Gallery
TheUND 3D facedatabase[9][13] containsmultiplefrontalsnapshotsof 277individuals.
Eachsnapshotincludesthe3D rangeimageof an individual's facealongwith its regis-
tered2D colouredtexturemap. The resolutionof both2D and3D imagesis 480� 640
which is reasonablefor 2D imagesbut very high in the 3D case.Moreover, our recog-
nition algorithm doesnot requirehigh resolutionrangeimages. Therefore,we down
sampledthe 3D rangeimages(by a factorof 1

4) to 240� 320 by eliminatingalternate
rows andcolumns.Moreover, therearenoticeablevariationsin thepose,expressionand
spatialresolutionof theindividuals' differentsnapshots[22] andmostof the individuals



Figure2: Six pointsaremanuallyidenti�ed ona 2D facein orderto segmentthe2D and
its corresponding3D faceinto threeregionsi.e. eyes-forehead,noseandcheeks.

Figure3: Skin map(b) generatedfor the2D colouredeyes-foreheadimage(a). Theskin
mapis usedto remove non-skinareafrom thecorresponding3D eyes-forehead((c) and
(d)). Note:Smallholes(e.g.in theeyebrows)havebeeninterpolated.

wereacquiredupto theirshoulderlevel (Fig. 1 �rst column).Therefore,animportantpre-
processingrequirementwasto detectfacesin thesnapshots.We usedViola andJones'
[30] algorithmfor thedetectionof facesin the2D images.Thedetected2D facesaswell
astheir corresponding3D faceswerethencropped(Fig. 1 secondcolumn).

The3D faceswerequitenoisyandwerethereforesmoothed(seeFig. 1 secondrow)
usingTaubin's algorithm[28] (50 iterations). Next, the cropped2D faceswereusedto
manuallyidentify six controlpoints(Fig. 2-a).Notethatit is irrelevantwhethertheiden-
ti�cation of thesecontrolpointsis donemanuallyor automatically, asthis is performed
of�ine. No manualinterventionis requiredduring the online recognitionphase.More-
over, theof�ine manualprocesscanalsobereplacedwith anautomaticfeaturedetection
algorithm[5]. Theidenti�ed controlpointsarethenusedto segmentthe2D face(seeFig.
2-b) aswell asthe corresponding3D face(Fig. 2-c) into threedisjoint regionsi.e. the
eyes-forehead,thenoseandthecheeks.To remove theartifactsin the3D eyes-forehead
region becauseof hair and eyes [7], we useda skin detectionalgorithm [6] to detect
theskinpixelsin thecoloured2D imageof theeyes-forehead.Thepointsin the3D eyes-
foreheadregionwhichdid notcorrespondto thedetectedskinpixelswereremoved.Fig.3
illustratestheskin detectionprocess.In this paper, we only usedtheeyes-foreheadand
thenosefor region-based3D facerecognitionsincetheseregionsaretheleastaffectedby
facialexpressions[34] andthey alsoavoid theproblemsrelatedto amustacheor beard.

3 Region-basedMatching

Duringonlinerecognition,theprobefaceis �rst detectedin the2D imageusingthealgo-
rithm of Viola andJones'[30]. Thedetectedfacein the2D imageandits corresponding
3D dataarethencropped.This is followedby thesmoothing[28] of the3D faceandskin
detection[6] asdescribedin Section2. Next, the3D probefaceis matchedwith there-



Figure4: (a)(b) Front andtop views of a gallery eyes-foreheadregisteredcoarselyto a
probe.Prior to registration,theprobewasrotated20o eachaboutthex,y andz axes.(c)(d)
Ourmodi�ed ICPalgorithmsuccessfullyconvergesto aglobalminimum.Note:Someof
theholeshavebeeninterpolated.

gions(eyes-foreheadandnose)of thegalleryfacesby registeringthegalleryregionsone
by oneto theprobe.Notethattheonlinerecognitionprocessis fully automaticbecausea
prior segmentationof theprobefaceis not required.Detailsof theeyes-foreheadmatch-
ing aregivenin Section3.1andthatof thenosematchingaregiven in Section3.2. The
individual matchingscoresarefused(seeSection3.3) to calculatetheoverall similarity
of a galleryfacewith a probe.

3.1 Eyes-foreheadMatching

Theeyes-foreheadof eachgallery faceis matchedby registeringit to theprobeface.A
prior segmentationof the probefaceis not required. Registrationis performedin two
steps.First, theeyes-foreheadof thegallery is coarselyregisteredto the corresponding
region of theprobe.This initial registrationis very coarseandis performedby aligning
thecentroidof thegalleryeyes-foreheadto thecentroidof theuppertwo third region of
theprobeface3. This coarsealignmentprovidesaninitial estimatewhich is suf�cient for
onwardre�nementwith our modi�ed versionof theICP algorithm[3] (explainedbelow
in this section)in the secondstep. Fig. 4-a-bshow the initial coarseregistrationof a
galleryeyes-foreheadto a probeusingtheabove approach.The coarseregistrationwas
performedafterrotatingtheprobeby 20o eachaboutthex,y andz axes.Noticethesignif-
icant registrationerror betweenthe two rangeimages.However, the re�nementprocess
successfullyreducesthis error andconvergesto a global minimum in Fig. 4-c-d. Our
registrationapproachproducesreliableresults(seeSection4) becauseof the following
reasons.One,our modi�ed ICP algorithmre�nes the coarseregistrationhierarchically
in orderto caterfor large initial misalignments.Two, becauseof its uniquestructure,it
is highly unlikely that the eyes-foreheadregion will get stuck in a local minimum and
thereforeit doesnot requirea goodinitial coarseregistrationfor onwardre�nementwith
ourmodi�ed ICPalgorithm.This is in contrastto thecaseof registeringtwo complete3D
faces(e.g. in thecaseof [19][20][21]), whichmayeasilygetstuckin a localminimumif
theinitial coarseregistrationis notaccurate.

Ourmodi�ed ICPalgorithmproceedsasfollows. First,ahighthreshold(equalto 4dr ,
wheredr is the resolutionof the 3D probe)is chosenfor establishingcorrespondences

3For moreaccuracy, thetransformationresultingfrom thenosealignment(Section3.2)canbeusedfor the
coarseregistrationfor theeyes-forehead.



betweenthetwo datasetsandtheregistrationis iteratively re�ned till thenumberof cor-
respondencesreachesamaximumsaturationvalue.Only thosepointsof thetwo datasets
whicharecloser(in 3D) than4dr areconsideredcorrespondingin orderto avoid establish-
ing correspondencesoutsidethe region of overlap. Next, a moreconservative threshold
(equalto 2dr) is chosenfor establishingcorrespondencesandtheresultingregistrationis
furtherre�ned. Thestoppingcriterionis againthemaximizationof thenumberof corre-
spondences.At the �nal stage,the stoppingcriterion is changedandthe iterationsstop
whentheregistrationerrorbetweenthetwo rangeimagesstabilizesat a minimumvalue
i.e. thereis no signi�cant changein the registrationerror for a pre-speci�ednumberof
iterations.Moreover, correspondencesareestablishedbetweenall pairsof nearestpoints
exceptfor thosewhosemutualdistanceis greaterthanthethreshold(2dr) in thexy plane
only. Pointswhich areclosein thexy plane,but far in thez dimension4 , areconsidered
correspondingpoints.Thesepointsprovideusefulinformationregardingthedissimilarity
betweentheprobeandgalleryeyes-forehead.TheaverageregistrationerroreF between
theeyes-foreheadandtheprobeis calculatedusingEqn.1.

eF =
1

ndr

n

å
i= 1

kGFiR + t � Pik (1)

In Eqn.1,GFi andPi arethecorrespondingpointsof thegalleryeyes-foreheadandthe
probefacerespectively. R andt aretherotationmatrix andtranslationvectorthataligns
thegalleryeyes-foreheadto theprobe.n is thetotal numberof correspondingpointsand
dr is theresolutionof theprobe.

3.2 NoseMatching

Thenoseof eachgalleryfaceis matchedby registeringit to theprobenose.As in thecase
of theeyes-forehead,aprior segmentationof thenoseregionof theprobeis notnecessary.
The registrationin this caseis also performedin two steps. First, the gallery noseis
coarselyregisteredto theprobe.Unliketheeyes-foreheadregion,thenoseregistrationcan
easilygetstuckin a local minimumin casethe initial coarseregistrationis not accurate
enough. Therefore,we useda more robust approachfor the coarseregistrationof the
gallerynoseto theprobe.Wedetectedtheridgeline [24] andthepointof maximumslope
of thegalleryandprobenosesandalignedthem. Thenoseridge is detectedasfollows.
The probefaceandthegallerynoseareslicedhorizontallyat varying stepsanda cubic
splineis �tted into eachsetof slicedpoints(seeFig. 5-a).A splineis usedsothatthepeak
of eachslicecanbeaccuratelydetectedevenif it lies in betweentwo datapoints. Next,
a line is passedthroughthepeakpointsof all theslicesusingRANSAC. This line forms
the noseridge line asshown in Fig. 5-b. In the caseof the probe,every slice may not
containthenose.Therefore,a decisionis madebaseduponthecurvaturesof thespline,
thelengthof sidesandareaof thetriangle(Fig. 5-a)on whetheror not theslicecontains
thenose.Thepoint of maximumslopeof eachnoseis detectedasfollows. Theprobeis
verticallyslicedat its detectedridgeline, a cubicsplineis �tted into theslicedpointsand
thepoint of maximumslopeis thendetectedin thespline(seeFig. 5-c).

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

4Thesubjectsarefacingthepositive z-axis.



Figure5: (a)A horizontalsliceof a3D face.Thedatapointsareinterpolatedwith acubic
spline.Thepointsof maximumslopesaredetectedandtheirmidpointis usedto detectthe
peakof thespline.(b) A line is passedthroughthedetectedpeakpointsusingRANSAC
to �nd thenoseridgeof the3D face(shown aspoint cloud). (c) Thefaceis slicedat the
ridgeline to detectthepoint of maximumslope.

correspondencesat the�nal stageareestablishedin asimilarwayto theinitial two stages.
TheaverageerroreN betweenagallerynoseandaprobeis calculatedusingthesameEqn.
1 (replacingeF by eN andGFi by GNi ).

3.3 Fusion

TheerrorseF andeN of eachgallery facearefusedusingEqn. 2 to calculateits overall
similarity Swith theprobe.Theidentity of thegalleryfacewith thehighestvalueof Sis
declaredastheidentity of theprobe.We testedthreedifferentfusionrulesnamely, sum,
weightedsumandproductandobservedthattheproductrule (Eqn. 2) producesthebest
recognitionresults.

S=
1

eNeF
(2)

4 Results
We performedour experimentson theUND 3D facedatabase[9][13] comprising2D/3D
imagesof 277subjects.Thesizeof thegallerywas277andthenumberof testedprobes
was 671. A singlesnapshot(2D and3D face)per individual wasusedin the gallery.
Recognitionwasalsoperformedon thebasisof matchinga singlesnapshotof a probe
with thegallery. Fig. 6 shows our identi�cation resultsin theform of rankidenti�cation
rateon the basisof individual andcombinedregions. Note that individually, the eyes-
foreheadperformedmuchbetterthanthenosewith arankoneidenti�cation rateof 97.3%
comparedto 81.8%in the caseof the nose. At rank eight, the eyes-foreheadreached
100%andthenosereached98% identi�cation rate. After fusion,a combinedrank one
identi�cation rate of 100% wasacheived. This can be comparedwith the recognition
rateof 93%acheivedby Changet al. [9] on thesamedatabasewhenusinga holistic 3D
matchingapproach.Our recognitionratesarereportedassuming100%facedetection.
The automaticfacedetection[30] rate in our experimentswas 99.2%. The remaining
0.8%facesweremanuallydetected.

The above identi�cation experimentsamountedto 170909(671� 277) veri�cation
trials. Outof these,671weregenuine(aprobewasmatchedwith its correctidentity in the



Figure6: Identi�cation results.

gallery)andtheremaining170238wereimpostors(aprobewasmatchedwith anidentity
in the gallery other than its own). The veri�cation performanceof our algorithmwas
analyzedby calculatingthe genuineandimpostorprobability distributions(Fig. 7 �rst
row) andplottingtheROC(ReceiverOperatingCharacteristic)curves(Fig. 7 secondrow)
for the individual andcombinedmatchingresults. Notice that the overlapbetweenthe
genuineandimpostordistributionsgetssmalleraswe go from thenoseto thecombined
scores.Moreover, thedistancebetweenthetwo probabilitydistributionsin thecombined
caseis much greaterthan the individual cases.The ROC curves(Fig. 7 secondrow)
show thefalseacceptanceratesversusthefalserejectionrates.Theseratesvary with the
selectedthresholdfor veri�cation. For comparison,weselectedthethresholdatwhichthe
sumof thesetwo errorsbecomesminimumfor a givenROC curve. With this criterion,
theerror rates(falseacceptance+ falserejection)were6.91%,2.75%and0.58%for the
nose,eyes-foreheadandthecombinedcaserespectively.

Notethattheaboveexperimentswereperformedafterdown samplingthe3D facesof
theUND databaseby a factorof 1

4 which shows a strengthof our algorithmthat it does
not requirehigh resolutionscanners.Anotherimportantadvantageof our region-based
matchingapproachis that it can operateunder large occlusions. In our experiments,
the eyes-foreheadregion coveredonly 22.4% and the nosecoveredonly 7.5% of the
areaof a faceon average.Therefore,a probefacewhich is 77.6%occludedandwhose
eyes-foreheadregion is only visible canstill berecognizedby our algorithmwith 97.3%
accuracy. This is of greatsigni�cance in surveillanceapplicationswherethe complete
facemaynotalwaysbevisible to thesensor.

5 Summary and Conclusions
We presenteda novel region-basedmatchingapproachfor robust 3D facerecognition.
Our algorithmis fully automaticanddoesnot requireany manualinteractionduringthe
online recognitionprocess.Unlike mostexisting publishedwork in theareaof 3D face
recognition,we performedour experimentsusing the largestavailable databaseof 3D
faces.We achieved100%recognitionrateby matchingonly the 3D eyes-foreheadand
noseregionswhich is a crucial accomplishmentin theareaof expressioninvariantface
recognition.In thefuturewe intendto utilize theremaininginformationcontainedin the
2D imagesandthecheeksregionusingnon-rigidmatchingtechniquesin orderto further
improvetheveri�cation performance.



Figure7: Veri�cation results. Notice the differencein the vertical scalesbetweenthe
graphsof thesecondrow.
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