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Abstract

A schemefor pose-independentfacerecognitionispresented.An “unwrapped”
texturemapis constructedfromavideosequenceusingatexture-from-motion
approach,which is shown to be quite accurate.Simplelighting normaliza-
tion methodsimprove robustnessto directionaland/orvaryinglighting con-
ditions. Recognitionof singleframesagainstcalculatedunwrappedtextures
is carriedout usingprincipal componentanalysis. The systemis typically
betterthan90%correctin its identifications.

1 Intr oduction

Facerecognitionis currentlyaparticularlyactiveareaof computervision. Althoughwork
onfaceanalysiswasperformedaslongagoasthe1970s[1], currentinterestwasarguably
inspiredby the “eigenfaces”technique[2]. Subsequentworkers have applieda wide
variety of approaches,including varioustypesof neuralnetworks [3], hiddenMarkov
models[4] andshapeanalysis[5].

The vast majority of facerecognitiontechniques,including all thoselisted above,
concentrateon full-f aceimagery. This is partly becausesucha constraintsimplifiesthe
problemandpartly becausetypical currentapplicationsare for situationsin which the
subjectis cooperative. Therehasbeenwork on facerecognitionfrom profile imagery[6]
but themoregeneralproblemin whichtheheadorientationis unknownremainsrelatively
unexplored.Full 3D facerecognitionis touchedonin [7] andconsideredin moredetailin
[8]. Theareain which facerecognitiontechnologyarguablyhasthemostpotentialis in
policing, wherefull-f aceimageryis rarelyavailable. Hence,pose-independentschemes
areof practicalvalue.

To be able to perform pose-independentfacerecognition,one ideally would have
imagesof subjectscapturedat all possibleorientations.This is not a tractablesolution;
but it is easyto consideran“image” thatis aprojectionof theheadshapeontoa notional
cylinder ratherthanontoa plane.We termthis anunwrappedtexture map. Our scheme
involves taking eachimage(planarprojection)in a video sequence,tracking the head
from frameto frameanddeterminingthe headorientationin eachframe,thenmerging
theappropriateregion of theimageinto theunwrappedtexturemap. If theheadexhibits
a reasonableamountof motion,a fairly completetexturemapcanbeaccumulated.

Therearesimilaritiesbetweenthe texture tracker describedhereinandthat reported
in [9], thoughthe two weredevelopedindependently. However, therearesomeimpor-
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tantdifferences.[9] useda differencedecompositionoptimizationmethodfor determin-
ing posechangesbetweenframes.Iterative simplex optimizationis usedhere;although
computationallymoreexpensive,resultssuggestthat it is morerobust. Furthermore,our
scheme,althoughsub-real-timeon currentPC-classhardware,doesnot have to pausefor
lengthyoff-line calculationsat any stageduring tracking. Finally, [9] did not attempt
identification.This paperextendsour earlierwork [10] by includinga correctionfor the
effectsof illumination.

Identificationschemesappliedto conventional,planar imagescan be exploited on
unwrappedtexture maps,thoughcareis needed. For example,Kanade-like distances
betweeninterior featurescanbe used[1], ascaneigen-basedapproaches,asusedhere.
Most importantlyhowever, onecan comparea single frame of a person’s headwith a
portionof a texturemapto achieve identification.

Theremainderof thispaperis organizedasfollows. Theconstructionof aunwrapped
texturemap,themostimportantcomponentof thescheme,is describedin Sec2. Normal-
ization to accommodatechangesin illumination is discussedin Sec3. Theuseof these
texturesin aneigenfaces-likeidentificationschemeis discussedin Sec4. Conclusionsare
drawn in Sec5.

2 Construction of an Unwrapped TextureMap

2.1 Preliminaries

A 3D surfacemodelof the headbeingtracked is requiredin order to evaluatethe cor-
respondingtexture. An accuratemodelof the headis not required,thoughpoormodels
arelikely to affect the accuracy andstability of tracking. This work employs a tapered
ellipsoid asa user-independentheadmodel; this is a simpleshapeto control and,as it
is convex, meansthathiddensurfaceremoval canbeaccomplishedby back-faceculling
[11].

In computergraphics,a 2D texture is normally appliedto a 3D model. Associated
with eachvertex in eachfacetof a 3D modelis a 2D texturecoordinate.The rendering
processthendeterminestheappearanceof eachscreenpixel for eachfacetby interpolating
betweenthe texture coordinatesof the vertices. However, this techniquerequiresthe
reverseoperation:valuesareinsertedinto the texturemapwhenthe imagepositionsof
theprojectionsof verticesof theheadmodelhave beendetermined.Our implementation
of this usesOpenGL,which allows this processto be carriedout in hardware,even on
PC-classsystems.

As explainedabove, not every pixel in the texturemapwill have thesameaccuracy.
Hence,eachpixel in the constructedtexture maphasa correspondingconfidencevalue
(forming a confidencemap). This is modelledastheratio betweentheareaof a pixel in
texturespaceandtheareain screenspacethatgaveriseto it. Theseconfidencevaluesare
centralto theway in which imagedataaremergedinto theunwrappedtexturemap.

Finally, a measureof the similarity betweentwo texturesis required. The measure
usedhereis � �������	�
���
������������ � ���������� ��� � �
��!
 ��������� (1)
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Figure1: Procedurefor constructingunwrappedtexturemap

where �"��������� is thesum-squareddifferencebetweentexturesfor the pixel at ��������� and� 
���
 ��������� is theminimumconfidencevaluefor thesamepixel.

2.2 Tracking by Optimization

The position and orientationof the headin the first frame of a sequenceis currently
specifiedmanually, thoughthis couldbeautomated.As outlinedabove, the “reference”
unwrappedtexture andconfidencemapsareinitialized from the image. The procedure
for accumulatingthe textureandconfidencemapsfrom subsequentframesis illustrated
in Fig 1. An estimatefor the head’s new positionandorientationis made;this canbe
simply thesameasin thepreviousframe,thoughsomepredictionscheme(e.g., Kalman
filtering) is probablybetter. Theheadmodelis transformedto this new positionandthe
imagetexture back-projectedonto it, facetby facet. A matchwith the referencehead
textureis thenperformed.Thesix positionandorientationparametersof theheadmodel
areadjustedusinga simplex optimizationschemeuntil thebest(smallest)matchvalueis
obtained.

With theoptimumparametersfound,theback-projectedtexturefor thecurrentframe
is mergedinto thereferencetexturemap.A pixel in thetexturemapis updatedonly if it
will resultin a higherconfidencevalue:if

�$#
is theconfidenceof apixel in thereference

imageand
� � thecorrespondingvaluefor thecurrentimage,then% #'& �(#�(#$)*� � % � & � ��$#+),� � (2)

and,providing
� ��- �$#

, thetexturemapvalue . # is updatedto. # & . # % #+) . � % � (3)

where . � is thevalueof texturemapfor thecurrentimage.
Thisprocedureis illustratedin Fig 2, whichshowsasingleframeof avideosequence.

Superimposedatthetopright of theframearetheunwrappedtextureandconfidencemaps
extractedfrom that frame,andsuperimposedat the top left arethe correspondingmaps
accumulatedover the entiresequenceto date. Note that, for performancereasons,the
accumulatedtextureis constructedwithout back-faceculling andhenceappearstwice at
slightly differing magnifications.Theconfidencemap,however, doesemploy back-face
culling. Fig 3 illustratestheaccuracy of thetracker with andwithout lighting correction
(seenext section)ontheuniformly lit “Boston”datasetusedin [9]. They capturedposition
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Figure2: Theconstructionof texturemapsby tracking

andorientationinformationof subjects’headsasthey movedusingamagnetictracker. As
expectedlighting correctionmakeslittle differenceto uniformly lit videosequences.

Comparedto the magnetictracker data, the RMS positionaland orientationerrors
from this texture tracker are 3.5 cm and 2.8/ respectively. Thesecomparewell with
previous resultson the Bostondataset.(Of course,thereis no guaranteethat the data
from themagnetictrackerarecorrect.)

3 Lighting Normalization

Strongdirectionalandvaryinglight sourcescanadverselyaffect tracking.Two stepsare
usedto normalizetheluminosityof thetextures.Thesecanbedonein a computationally
efficient mannerby makingthe assumptionthat illumination variesslowly comparedto
theframerateof thevideo. This assumptionis easilyjustifiedby plotting thecorrection
parametersagainsttime.

Globallighting changesareaccommodatedby calculatingthemeanandstandardde-
viationof thetexture’sluminositycomponent,givenby equations4,5,and6 below. These
areusedto adjusttheimageof thenext frame.By adjustingthewholeimage,not just the
texture,this needbedoneonly onceper frameratherthanfor every iterationof thehead
locationphase.

After thenew headlocationhasbeenfound,thetextureis regeneratedfrom theorig-
inal image,new statisticsarecalculated,andtheseareusedto adjustthe texture’s mean
andcontrast(standarddeviation) prior to merging with the referencetexture map. The
useof standarddeviation ratherthanrangeprovidesrobustnessto the “salt andpepper”
noisecommonin videosignals.0�1 �32 �54 &76 1 �82 �54 ):9 1 �32 �54 )<; 1 �82 �54= (4)
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Figure3: Head-trackingaccuracy underuniform lighting
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correction framestracked sequences distance angular
completed error error

None 84.5 3 0.158 0.367
globalonly 140.8 11 0.062 0.172
global+ local 172.8 17 0.050 0.092

Table1: Averagelighting correctionperformance

? &A@�B�DC ��� 0�1 �32 �54 (5)E � & � @�B�GF @ C ��� � ? F 0H1 �82 �54 � � (6)

Local lighting changesarethennormalizedthougha similar process.Local changes
in lighting, whena directionallight sourceis usedto illuminate the face,canbe simply
modelledif theheadis assumedto bea smoothLambertiansurface.Oncetheselighting
effectsaremodelled,they cansimply beremovedby subtraction.

Planar, bilinear and bicubic lighting mapscould all be usedto approximatethese
effects to varying degreesof accuracy. Bilinear lighting mapsas definedby (7) were
foundto work well. Thesecapturethelighting trendacrossthetextureandhaveonly four
parametersto find. I ��������� &KJ�L ) J � � ) J"M � ) JON �"� (7)

The parameters
J�L

–
J"N

are found by minimizing the RMS error betweenthe reference
andcurrenttexture’sluminosities.Alternatively, thereferenceandasynthetic,flat-valued
imagecanbeused.Thelight mapcanthenbesubtractedfrom thetexturesto removethe
lighting effects.

As before,the light mapfrom the previous frame is usedto correctthe texturesin
thecurrentframeto reducecomputation.Again, to move computationoutsidethehead-
locatingoptimizationloop, the negative of the light mapis usedto adjustthe reference
texturemaptemporarilyratherthanthecurrenttexturemap.

The “Boston” varying light datasetwasusedto verify that thesesimple techniques
work. Some27 sequencesof threesubjectswith strongly-varyingsideillumination were
tracked.Fig 4 showshow therobustnessof thetracker is significantlyimprovedby light-
ing correction.

A criterion for trackingfailure is helpful in evaluatingperformance.Whenthe esti-
matedvelocityexceedsarealisticvaluethisoftensignifiestheonsetof failure(asthesim-
plex optimizerjumpsinto a local ratherthanthedesiredsolution). It cannotdetectslow
drift of accuracy, but this rarely leadsto catastrophicfailure. This criterion hasproven
a very usefulmeasureof robustnessasit requiresno groundtruth data. Table1 shows
four suchmeasures:theaveragenumberof framestrackedbeforefailure,thenumberof
sequencestrackedto completionwithout failure;andtheRMSpositionalandangularer-
rorsbetweenre-alignedmagneticandoptical tracking. Careshouldbe takencomparing
theseresultsto thatof [9] astheir sequencesarelongeranddifferentfailure criteriaare
employed.
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Figure4: Improvementin robustnessthoughlighting normalization



180

0

0.2

0.4

0.6

0.8

1

0 0.2 0.4 0.6 0.8 1

T
ru

e 
m

at
chP

False match

weighted
unweighted

weighted + light normalised

Figure5: ReceiverOperatingCharacteristic

4 RecognitionUsingDerived TextureMaps

To explorerecognition,theauthorsusedthe“Boston” dataset,whichconsistsof nine200-
framevideosequencesfor eachof fivesubjects.This is admittedlyasmalldataset,sothe
resultspresentedhereshouldbetreatedwith somecaution.(A somewhatlargerdatasetis
in theprocessof beingcollectedby theauthors.)

Two forms of the well-established“eigenfaces”recognitionscheme[2] have been
examined.Thefirst form simply usescontrastnormalizationbeforeprincipalcomponent
analysis(PCA) but assumeseachtexture pixel hasthe sameaccuracy, which is not the
case.The secondform weightsthe varianceof eachelementof eachfacevectorby its
correspondingconfidencevalue.Usingthenotationof [2]:Q & R @@ )<�TSU�V LBW U�X SC
 V L�Y 
 W 
 (8)Z � & � Y � F Q � � W � (9)

where
W

is theconfidencevectorfor animage.
The heuristicweightingattemptsto take into accountpixel variancethat is caused

by low confidencepixel noiseratherthantrue inter-facevariation. A simpleEuclidian
nearestneighbourclassifieris usedto identify subjectsin theseven-dimensionalweight
space.

Thetestprocedureadoptedis in accordancewith [12], whichdescribesthedistinction
between“verification” and“identification” in Table2. Eachvideosequencewastreated
asa separatesample,andusedonly for training,testing,or impostersamples.A “leave-
one-out”testingmethodologywasused,resultingin about1,800separatetests.Theresult
of thetestingis shown in Fig 5 for bothconventionalandweightedPCAwith andwithout
lighting correction. Overall performanceis summarizedin Table2, which is commen-
suratewith front-face-onlytechniques.Indeed,theerror rateis similar to thatof [2], so
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Database Equalerrorrate Error rate
(verification) (identification)

Boston(tracked,PCA) 16% 6%
Boston(tracked,weightedPCA) 10% 2%
Boston(tracked,lightingnormalized,WPCA) 10% 4.2%

Table2: Recognitionperformance

the extensionof the techniqueto accommodateunwrappedtexture mapsis introducing
no new significantsourcesof error. It is alsoapparentthat recognitionperformanceis
appreciablybetterusingtheweightedPCA, justifying theweightingtermsintroducedin
thecalculationof thecovariancematrix.

5 Conclusionsand Further Work

This paperpresentsinitial resultsfrom a “texture-from-motion”schemethat is beingde-
velopedfor pose-independentfacerecognition. The approachto building texture maps
appearsto be reasonablyeffective, as demonstratedhere. We have demonstratedthat
classicalfront-faceschemescanbe adaptedfor useon texture maps. Recognitionper-
formanceis promising,thoughnot yet comparableto the bestfront-face-onlyschemes.
Althoughonly singleframeidentificationsarepresentedin this paperto aid comparison
with other work, identificationsmadefrom successive framescanbe usedin a voting
schemeto accumulateimprovedaccuracy.

Face-featurenormalizationanda moresophisticatedclassifierhave not yet beenin-
cludedin this scheme.It is anticipatedthat thesewill improve recognitionrates,just as
it doeswith conventional,front-faceschemes.In thelongerterm,it is intendedto extract
shapeinformationat thesametimeastextureinformation,andourexpectationis thatthis
will leadto a furtherimprovementin performance.

References

[1] T. Sakai,M. Nagao,andT. Kanade. Computeranalysisandclassificationof pho-
tographsof humanfaces. In Proc. First USA-JapanComputerConference, pages
55–62,1972.

[2] M. Turk andA. Pentland.Eigenfacesfor recognition.Journal of CognitiveNeuro-
science, 3(1):71–86,1991.

[3] S. Lawrence,C. Giles, A. Tsoi, andA. Back. Facerecognition: A convolutional
neuralnetwork approach.IEEE Trans.Neural Networks, 8:98–113,1997.

[4] F. Samaria.Facesegmentationfor identificationusinghiddenmarkov models. In
Proceedingsof the 1993British MachineVision Conference, pages399–408,Uni-
versityof Surrey, 1993.



182

[5] A. Lanitis, T. J. Cootes,andC. J. Taylor. An automaticfaceidentificationsystem
usingflexibleappearancemodels.In Proceedingsof the1994BritishMachineVision
Conference, pages65–74,Universityof York, 1994.

[6] A. SamalandP. A. Iyengar. Automaticrecognitionandanalysisof humanfacesand
facialexpressions:A survey. PatternRecognition, 25(1):65–77,January1992.

[7] R.Brunelli andT. Poggio.Facerecognition:Featuresversustemplates.IEEETrans.
PatternAnalysisandMachineIntelligence, 15(10):1042–1052, October1993.

[8] S. McKenna,S. Gong,andJ. J.Collins. Facetrackingandposerepresentation.In
Proceedingsof the 1996British MachineVision Conference, pages755–764,Uni-
versityof Edinburgh,1996.

[9] MarcoLa CasciaandStanSclaroff. Fast,reliableheadtrackingundervaryingillu-
mination. In Proceedingsof theIEEE Conferenceon ComputerVision andPattern
Recognition, June1999.

[10] MichaelC. Lincoln andAdrian F. Clark. Pose-independentfaceidentificationfrom
videosequences.In Proceedingsof the Third InternationalConferenceon Audio-
andVideo-BasedBiometricPersonAuthentication, volumeLNCS 2091,pages14–
19,Halmstad,Sweden,June2000.Springer-Verlag.

[11] J. D. Foley, A. van Dam, S. K. Feiner, and J. F. Hughes. ComputerGraphics:
PrinciplesandPractice. Addison-Wesley SystemsProgrammingSeries.Addison-
Wesley, 1990.

[12] Association for Biometrics. Best practices in testing and
reporting performance of biometric devices, January 2000.
http://www.afb.org.uk/bwg/bestprac10.pdf.


