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Abstract

A schemdor pose-independefdcerecognitionis presentedAn “unwrapped
texturemapis constructedrom avideosequencesingatexture-from-motion
approachwhich is shovn to be quite accurate.Simple lighting normaliza-
tion methodsmprove robustnesgo directionaland/orvaryinglighting con-
ditions. Recognitionof singleframesagainstcalculatedunwrappedextures
is carriedout using principal componentanalysis. The systemis typically
betterthan90%correctin its identifications.

1 Intr oduction

Facerecognitionis currentlya particularlyactive areaof computewision. Althoughwork
onfaceanalysisvasperformedaslongagoasthe197091], currentinterestwasarguably
inspired by the “eigenfaces”technique[2]. Subsequentvorkers have applieda wide
variety of approachesincluding varioustypesof neuralnetworks [3], hiddenMarkov
models[4] andshapeanalysig5].

The vast majority of facerecognitiontechniquesjncluding all thoselisted above,
concentraten full-faceimagery This is partly becauseucha constraintsimplifiesthe
problemand partly becausdypical currentapplicationsare for situationsin which the
subjectis cooperatie. Therehasbeenwork on facerecognitionfrom profile imagery[6]
but themoregeneraproblemin whichtheheadorientationis unknovn remaingelatively
unexplored.Full 3D facerecognitionis touchedbnin [7] andconsideredn moredetailin
[8]. Theareain which facerecognitiontechnologyarguablyhasthe mostpotentialis in
policing, wherefull-f aceimageryis rarely available. Hence,pose-independersthemes
areof practicalvalue.

To be able to perform pose-independerface recognition,one ideally would have
imagesof subjectscapturedat all possibleorientations.This is not a tractablesolution;
but it is easyto consideran“image” thatis a projectionof the headshapeontoa notional
cylinder ratherthanonto a plane. We term this an unwrappedtexture map Our scheme
involvestaking eachimage (planarprojection)in a video sequencetracking the head
from frameto frame and determiningthe headorientationin eachframe,thenmerging
the appropriataegion of theimageinto the unwrappedexture map. If the headexhibits
areasonablamountof motion,afairly completetexture mapcanbeaccumulated.

Therearesimilaritiesbetweerthe texture tracker describechereinandthat reported
in [9], thoughthe two were developedindependently However, thereare someimpor-
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tantdifferences[9] useda differencedecompositioroptimizationmethodfor determin-
ing posechangedetweenframes. Iterative simplex optimizationis usedhere;although
computationallymoreexpensve, resultssuggesthatit is morerobust. Furthermorepur
schemealthoughsub-real-timeon currentPC-classhardware,doesnot have to pauseor
lengthy off-line calculationsat arny stageduring tracking. Finally, [9] did not attempt
identification. This paperextendsour earlierwork [10] by including a correctionfor the
effectsof illumination.

Identificationschemesappliedto corventional, planarimagescan be exploited on
unwrappedtexture maps,though careis needed. For example, Kanade-lile distances
betweeninterior featurescanbe used[1], ascaneigen-basedpproachesasusedhere.
Most importantly however, one can comparea single frame of a persons headwith a
portionof atexture mapto achiese identification.

Theremaindeof this paperis organizedasfollows. The constructiorof aunwrapped
texturemap,themostimportantcomponenof theschemeis describedn Sec2. Normal-
izationto accommodatehangesn illumination is discussedn Sec3. The useof these
texturesin aneigenfices-lilkeidentificationschemas discussedh Sec4. Conclusionsre
drawvnin Secb.

2 Construction of an Unwrapped Texture Map

2.1 Preliminaries

A 3D surfacemodel of the headbeingtracked is requiredin orderto evaluatethe cor-
respondingexture. An accuratemodelof the headis not required,thoughpoor models
arelikely to affect the accurag andstability of tracking. This work employs a tapered
ellipsoid as a userindependenheadmodel; this is a simple shapeto control and, asit
is corvex, meanghat hiddensurfaceremoval canbe accomplishedy back-faceculling
[11].

In computergraphics,a 2D texture is normally appliedto a 3D model. Associated
with eachvertex in eachfacetof a 3D modelis a 2D texture coordinate.The rendering
processhendeterminesheappearancef eachscreerpixel for eachfacetby interpolating
betweenthe texture coordinatesof the vertices. However, this techniquerequiresthe
reverseoperation:valuesareinsertedinto the texture mapwhenthe imagepositionsof
the projectionsof verticesof the headmodelhave beendetermined Our implementation
of this usesOpenGL,which allows this procesgo be carriedout in hardware, even on
PC-classystems.

As explainedabove, not every pixel in the texture mapwill have the sameaccurag.
Hence,eachpixel in the constructedexture map hasa correspondingonfidencevalue
(forming a confidencenap. Thisis modelledastheratio betweerthe areaof a pixel in
texturespaceandthe areain screerspacehatgaveriseto it. Theseconfidencevaluesare
centralto theway in whichimagedataaremegedinto the unwrappedexture map.

Finally, a measureof the similarity betweentwo texturesis required. The measure

usedhereis
\/ Cn Zcmw v) d(u,v) 0

U, v)
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Figurel: Procedurdor constructingunwrappedexture map

whered(u, v) is the sum-squaredifferencebetweentexturesfor the pixel at (u,v) and
Cmin(u,v) is theminimumconfidenceraluefor the samepixel.

2.2 Tracking by Optimization

The position and orientationof the headin the first frame of a sequences currently
specifiedmanually thoughthis could be automated As outlinedabove, the “reference”
unwrappedexture and confidencemapsareinitialized from the image. The procedure
for accumulatinghe texture and confidencemapsfrom subsequenframesis illustrated
in Fig 1. An estimatefor the heads new position and orientationis made;this canbe
simply the sameasin the previous frame,thoughsomepredictionschemee.g., Kalman
filtering) is probablybetter The headmodelis transformedo this new positionandthe
imagetexture badk-projectedonto it, facetby facet. A matchwith the referencehead
textureis thenperformed.Thesix positionandorientationparametersf the headmodel
areadjustedusinga simplex optimizationschemauntil the best(smallest)matchvalueis
obtained.

With the optimumparameter$ound, the back-projectedexture for the currentframe
is memgedinto thereferencdexture map. A pixel in thetexture mapis updatedonly if it
will resultin ahigherconfidencevalue:if C, is the confidenceof apixel in thereference
imageandC; thecorrespondingaluefor thecurrentimage,then

C, o

WTZCT+Ci Wi:Cr+Cz' (2)
and,providing C; > C,, thetexture mapvalueV,. is updatedo
Ve = VW, + V;W; (3)

whereV; is thevalueof texture mapfor the currentimage.

Thisproceduras illustratedin Fig 2, which shovs a singleframeof avideosequence.
Superimposedtthetopright of theframearetheunwrappedextureandconfidencenaps
extractedfrom that frame, and superimposedt the top left arethe correspondingnaps
accumulatedver the entire sequenceo date. Note that, for performanceeasonsthe
accumulatedextureis constructedvithout back-faceculling andhenceappeargwice at
slightly differing magnifications.The confidencemap,however, doesemploy back-face
culling. Fig 3 illustratesthe accurayg of the tracker with andwithout lighting correction
(seenext section)ontheuniformly lit “Boston” datasetisedin [9]. They capturedposition
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Figure2: The constructiorof texturemapsby tracking

andorientationinformationof subjectsheadsasthey movedusingamagnetidracler. As
expectedighting correctionmaleslittle differenceto uniformly lit videosequences.

Comparedto the magnetictracker data, the RMS positionaland orientationerrors
from this texture tracker are 3.5 cm and 2.8° respectiely. Thesecomparewell with
previous resultson the Bostondataset. (Of course,thereis no guaranteahat the data
from the magneticracker arecorrect.)

3 Lighting Normalization

Strongdirectionalandvaryinglight sourcesanadwerselyaffect tracking. Two stepsare
usedto normalizethe luminosity of thetextures. Thesecanbedonein a computationally
efficient mannerby makingthe assumptiorthatillumination variesslonly comparedo
the framerateof thevideo. This assumptions easilyjustified by plotting the correction
parameterggainstime.

Globallighting changesreaccommodatebly calculatingthe meanandstandardie-
viation of thetexture’'sluminositycomponentgivenby equationgt, 5, and6 below. These
areusedto adjusttheimageof the next frame.By adjustingthewholeimage,notjustthe
texture, this needbe doneonly onceperframeratherthanfor every iterationof the head
locationphase.

After the new headlocationhasbeenfound,thetextureis regeneratedrom the orig-
inal image,new statisticsare calculated andtheseare usedto adjustthe texture’s mean
and contrast(standarddeviation) prior to merging with the referencetexture map. The
useof standarddeviation ratherthanrangeprovidesrobustnesdo the “salt and pepper”
noisecommonin videosignals.

. T(u,v +gu,v +bu,v
i) = (u,v) (3) (u,v) (4)
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Figure3: Head-trackingaccurag 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

Tablel: Averagdighting correctionperformance

1
- — 3 5
m= i St (5)

sd= \/ wl_ DD (M=) (6)

uv

Local lighting changesrethennormalizedthougha similar process.Local changes
in lighting, whena directionallight sourceis usedto illuminate the face,canbe simply
modelledif the headis assumedo be a smoothLambertiansurface.Oncetheselighting
effectsaremodelled they cansimply beremovedby subtraction.

Planar bilinear and bicubic lighting mapscould all be usedto approximatethese
effectsto varying degreesof accurag. Bilinear lighting mapsas definedby (7) were
foundto work well. Thesecapturethelighting trendacrosghetextureandhave only four
parameterso find.

J(u,v) = p1 + pau + p3v + pyuv (7)

The parameterg;—p,4 are found by minimizing the RMS error betweenthe reference
andcurrenttexture’sluminosities.Alternatively, thereferenceanda synthetic flat-valued
imagecanbeused.Thelight mapcanthenbe subtractedrom thetexturesto removethe
lighting effects.

As before,the light map from the previous frameis usedto correctthe texturesin
the currentframeto reducecomputation.Again, to move computationoutsidethe head-
locating optimizationloop, the negative of the light mapis usedto adjustthe reference
texture maptemporarilyratherthanthe currenttexture map.

The “Boston” varying light datasetwas usedto verify that thesesimpletechniques
work. Some27 sequencesf threesubjectswith strongly-\aryingsideillumination were
tracked. Fig 4 shavs how therobustnes®f thetrackeris significantlyimprovedby light-
ing correction.

A criterionfor trackingfailure is helpful in evaluatingperformance Whenthe esti-
matedvelocity exceedsarealisticvaluethis oftensignifiesthe onsetof failure (asthesim-
plex optimizerjumpsinto alocal ratherthanthe desiredsolution). It cannotdetectslow
drift of accurag, but this rarely leadsto catastrophidailure. This criterion hasproven
a very usefulmeasureof robustnessasit requiresno groundtruth data. Table 1 shows
four suchmeasuresthe averagenumberof framestracked beforefailure,the numberof
sequenceackedto completionwithout failure; andthe RMS positionalandangularer-
rors betweerre-alignedmagneticandoptical tracking. Careshouldbe taken comparing
theseresultsto that of [9] astheir sequencearelongeranddifferentfailure criteriaare
employed.
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Figure4: Improvementin robustnesshoughlighting normalization
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Figure5: Recever OperatingCharacteristic

4 RecognitionUsing Derived Texture Maps

To explorerecognition theauthorsusedthe “Boston” datasetwhich consistof nine 200-
framevideosequencefor eachof five subjectsThis is admittedlya smalldatasetsothe
resultspresentedhereshouldbetreatedwith somecaution.(A someavhatlargerdatasets
in the proces®f beingcollectedby theauthors.)

Two forms of the well-established'eigenfaces”recognitionscheme[2] have been
examined.Thefirst form simply usescontrastnormalizationbeforeprincipalcomponent
analysis(PCA) but assumegachtexture pixel hasthe sameaccurag, which is not the
case. The secondform weightsthe varianceof eachelementof eachfacevectorby its
correspondingonfidenceralue.Usingthe notationof [2]:

<1+2] le)zl“nwn (8)

o, = (T —9)w; 9)

v

wherew is theconfidencevectorfor animage.

The heuristicweighting attemptsto take into accountpixel variancethatis caused
by low confidencepixel noiseratherthantrue interfacevariation. A simple Euclidian
nearesneighbourclassifieris usedto identify subjectsin the seven-dimensionalveight
space.

Thetestprocedureadopteds in accordancevith [12], which describeghedistinction
betweert'verification” and“identification” in Table2. Eachvideo sequencevastreated
asa separatesample andusedonly for training, testing,or impostersamples A “leave-
one-out"testingmethodologywasused resultingin aboutl,800separateéests.Theresult
of thetestingis showvnin Fig 5 for bothcornventionalandweightedPCA with andwithout
lighting correction. Overall performancds summarizedn Table 2, which is commen-
suratewith front-face-onlytechniques.indeed,the errorrateis similar to thatof [2], so
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Database Equalerrorrate Errorrate
(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 accommodateinwrappedexture mapsis introducing
no new significantsourcesof error. It is alsoapparenthat recognitionperformances
appreciablybetterusingthe weightedPCA, justifying the weightingtermsintroducedn
the calculationof the covariancematrix.

5 Conclusionsand Further Work

This paperpresentsnitial resultsfrom a “texture-from-motion”"schemehatis beingde-
velopedfor pose-independeriicerecognition. The approachto building texture maps
appeargo be reasonablyeffective, as demonstratediere. We have demonstratedhat
classicalfront-faceschemesanbe adaptedor useon texture maps. Recognitionper
formanceis promising,thoughnot yet comparabldo the bestfront-face-onlyschemes.
Although only singleframeidentificationsare presentedn this paperto aid comparison
with otherwork, identificationsmadefrom successie framescan be usedin a voting
schemdo accumulatéemprovedaccurag.

Face-featuranormalizationanda more sophisticateatlassifierhave not yet beenin-
cludedin this scheme.lt is anticipatedthatthesewill improve recognitionrates,just as
it doeswith corventional front-faceschemesin thelongerterm,it is intendecdto extract
shapdanformationat the sametime astextureinformation,andour expectationis thatthis
will leadto afurtherimprovementn performance.
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