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Abstract

Facerecanition hasbeenpursuedby manyreseachers, but still remainsa largely unsolvedproblem. In

this paperwepresentsereral methodgor makingfacerecanitionillumination—irvariant. We r stpresenta
computerisionorientedapproad, where weuseShape—Fom-Shadingo determinghealbedo—intgrated
normalmapofaninputhumanfaceimage. We thenfrontally relightthealbedo—intgratednormalmap,and
provide this normalizedimage to the classi er. Thenovel work we presents our improvedlighting model,
that takes both attached and cast shadowsinto account. e also provide a summaryof existing image—
processinglgorithmsthat havehistorically beenusedfor illumination normalization. e presenta geneal

normalizationappmoad basedon the luminanceequation,which remaes deepshadowedand specular
areasimplicitly. We concludeby comparingthefacerecanition performanceof thesealgorithmsandshow

that simpleimage—pocessingalgorithmscan provide very goodilluminationinvariance



Chapter 1

Intr oduction

Computinga threedimensionabdescriptionof a scenefrom oneor more2—-D imagesis a classiccomputer
visionproblem.A majorclassof algorithmsthatseekdo recovertheshapeof objectsin ascendrom oneor
moreimagess Shape—From-Shadif§FS)[1]. Typically, SFSalgorithmsproducesurface—normavectors
and/ordepthinformation;acollectionof surlace—normalandsurface—depthwill becalled“normal-maps”
and“height—-map$, respectiely.

SFStechniqueshatoperateon morethanoneimageof asubjectakenfrom thesameviewpoint, but under
differentillumination conditions,arecalledphotometricstereo[2] techniquesin this papeywe proposean
algorithmto improve photometricsteredoy takingattachedandcastshadavs into account.In Section2, we
describeprevious approachet photometricstereoandour contrikution.

In Section3, we preseninethoddo overcomethe effectsof varyingillumination on humanfaceimages,
for the purposeof improving facerecognition. In the areaof facerecognition,thereare two main ap-
proachesThe computervision basedapproachattemptdo representhe humanfacewith speci c models
basednits physicalstructure . The pattern—recognitioapproachattemptdo representhe humanfacewith
broaderstatisticalmodels pftenthatcanapplyto non-faceimagesaswell. In this paperwe shawv thatthese
approachesanbe combinedfor illumination normalizationof humanfaces,with favorableresults. One
methodwe proposds amodi cation of theillumination normalizatioralgorithmby Y. HsuandT. Chen[3]
suchthatshadeved pixelsareconsiderednissingdata.

We presenia numberof classicimageprocessinglgorithmsin Sectiond4, andusethempre—processing

algorithmsfor face—recognition.Thesemethodsinclude Gain/Ofset correction,HistogramEqualization,
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HomomaoarphicFilters, andthe family of algorithmsknowvn asRetine. In this section,we proposea sim-

ple image—processinglgorithmthat provides very good performancedor facerecognition. Additionally,
we proposea methodof multi—resolutionprocessinghat combinesour proposedmethodwith ary other
normalizationalgorithm.

Note: In this paper scalarquantities(e.g. b, ) areitalicized, vectorquantities(e.g. n, ¢) arein bold,
matricege.g.A, ) arein capitalizedbold, andfunctions(e.g. e(x; s)) areitalicized. Thedimensionof a

vectoror matrix will oftenbe parenthesizeth its subscripto addclarity (€.9.A (v n), (@ 3))-



Chapter 2

Photometric Stereo

2.1 Prior Work: Woodham

Horn and Brooks originally proposeda surface—normatecovery techniquebasedon the assumptiorthat
all surfacesare Lambertian[1]. Woodham[2] introducedphotometricstereo,a techniguethat assumes
all surfacesare Lambertian,andusesmary imagesof the samesurfacetaken underdifferentillumination

conditionsto reconstructhe surface.Lamberts law canbe expresseds:
b= max( n's; 0) (2.1)

whereb is there ected light intensity  is the surfacealbedo(alsoreferredto as “texture’), n(3 1y is the
surlace-normavector ands; 1y is avectorthatpointsto thelight source.Sincethe max functionmakes
Lamberts law non—linearandthuslessanalyticallytractable the re ectanceequationusedin mostSFS—
relatedliteratureis:

b= n's (2.2)

Thisre ectanceequatiorcanbeextendedo thecasevhereM >= 3inputimagesofthescenearegiven,

andeachimageis lit by asinglepointlight—sourcdocatedatin nity (eachwith adifferentlighting—direction



vector). Theextendede ectanceequation(for asinglepixel) is written as:

b" = n'sS (2.3)

b" = TS (2.4)

whereby 1y is the vector containingthe light intensitiesof a single locationin the sceneundereach
illumination, is the surfacealbedo(constantacrossillumination) , n; 1y is the surface—normabector
(constantcrossllumination),andSs v is the matrix containingtheillumination—directbn of eachimage
in its columns.Sinceboth andn areindependenobf theillumination, they canbe combinednto a single

termr s 1), thealbedo—-intgratednormal Theleast-squaresolutioncanbeshavn to be:
rm=pb'sY (2.5)

whereSY is the pseudo-iwerseof S:

&=gT ssT * (2.6)

Computingr T for every pointin theimageyieldsanalbedo—intgratednormal-mapthis albedo—intgrated

normal-maganberelit syntheticallyto yield a sceneunderarbitraryillumination conditions.

2.2 An Impr oved lllumination Model

All of theabove discussiorof SFSassumedhe Lambertiarre ectanceequation— Eqn. (2.2) — holdsfor
all inputimages.However, threeimportantphenomenaanupsetthe resultsdeterminedrom the Lamber
tian modelsigni cantly: ambientlight, shadavs andspeculars.In this paper we focuson waysto detect
andeliminatethe effects of shadavs in SFS.This sectionexplainsthe effects of shadas on the albedo—
integratednormal-mapand our methodof handlingshadavs whenwe are provided with multiple input
imagegandtheir correspondindight—directionvectors).

Therearetwo typesof shadws — attachedand cast(seeFig. 2.1). Attachedshadavs occurwhenthe
surfacenormalpointsaway from thelight source castshadas occurwhenonesurfacepreventslight from
reachinganother Now considerthe LS estimationof the surface—normabf a givenpixel. The surfacenor

malwill be*“steeredowards”thelight—directionvectorscorrespondingo the brightestpixels,and“pushed
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Figure2.1: lllustrationof Shadev Types

away” from the light—directionvectorscorrespondingo the darler pixels. When pixels underattached
shadev (for a givenillumination direction) have a non—zeraintensityin animage(often causedy inter-
re ections),thenthe surface—normaWwill beincorrectlysteeredloserto thatlight—direction.Whenpixels
undercastshadavs occur thenthe surface—normavill beincorrectlypushedaway from the corresponding
light—directions.

To determineary shadwv information,we rst generatehe albedo-intgratednormal-mapusingthe
LS estimate(Eqn.2.5). Now we can nd someof the attachedshadavs in the input imagessimply from
Lamberts law, rewritten here:

b= max( n's; 0) (2.7)

Wheneern's < 0, the surfacenormalpointsaway from the light source sowe have found an attached
shadwv. Note that this is animperfectestimateof all the attachedshadavs, sincethe albedo—intgrated
normal-mapestimatewasderived from the re ectanceequation2.2 which doesnot take into accountary
shadws.

To determinecastshadavs, we emplg ray—tracingrom the surfaceof thefacetowardsthelight—source.

Thus,thereis aninherentassumptiorthat the surfaceof the subjectis smoothandthat occludingsurfaces



11
arevisible in theinputimageswhichis areasonablassumptiorior mary usefultasks,suchasthe suriace

recovery of humanfacesmanufcturedobjects,or landscapesTo performtheray—tracingwe proposehe
useof a fastDDA approach(Differential Drawing Algorithm), which can be thoughtof asan extension
of Bresenhans line algorithm[22]. Many peoplehave usedDDA approacheso ray—tracingheight— elds
for the purpose®f rendering;see[23] for a similar approach Essentiallywe tracea “light—ray” from the
pixel in questiontowardsthe light source,updatingits heightat every pixel we traverse;simultaneously
we integratealongthe surfacenormalsto nd the heightsof the pixels thatthe light—ray traverses.If the
heightof the surfaceat ary pixel is greaterthanthe heightof the light—ray thenthe pixel in questionis
undera castshadav. An alternateapproachto this methodis to pre—intgratethe normal-map(yielding
a height—-map)ratherthanintegratingalongthe normal-mapwvhenray—tracing. Sincethe LS estimateof
the surface—normalgloesnot guaranteentegrability, betterresultsare obtainedfrom pre—intgrating the
surfaceusinga stableapproachin this papeywe generatedurfacesby integratingalong256directionsand
averagedhesesurfacestogetheifor the nal height—-map.

Now thatwe are ableto determineattachedand castshadevs, we usean iterative processo improve
theinitial LS estimateof the albedo—intgratednormal—-map.In eachiteration, the shadeved pixels are
detectedandaresubsequentlgxcludedfrom the LS estimatean the next iteration. The overall approachis

outlinedbelow:
1. Estimatethelighting directionvectorsfor eachinputimage.
2. Estimatethe albedo—intgratednormal-mapf theimageR from inputimagesB ;:::By
3. For eachinputimageB;;

For eachpixel Bj; , determinewhetherthat pixel is in either attachedor castshadw in this
iteration; attachedshadevs are determinedoy comparingthe currentsurace normalwith the

light directionvector andcastshadavs aredeterminedy performingray—tracing

If pixel Bj; isin shada, thenmarkthis pixel asnon-Lambertiann thisiteration

4. Recomputdhe LS estimatefor the albedo—intgratednormal-ma@R , usingonly pixels not marked

asnon-Lambertiarfor this iteration

5. If solutionhasnot corverged,goto3
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Figure2.2: SyntheticlnputImages

Figure2.4: Resultfrom proposednethod;noticetheimproved areasaroundthe hemisphere.

We have foundthatthis approactworkswell on syntheticandhumanfaceimages.Thesyntheticexample
in Figures2.2,2.3, 2.4 illustratesour algorithms effect nicely Figure2.2isa5 4 grid of imagesof a
hemisphererotrudingfrom a plane,renderedwith Povray [24] (an additionalimagetaken with frontal
illumination, not shawn, was also usedin the experiment). Figure 2.3 shavs the height—-mapthat was
recoseredby the pixel-wiseLS estimatg(Eqn. 2.5). Notice the rampssurroundinghe hemisphere- these
arecausedy thecastshadws in theinputimages.In contrastFigure2.4 shavs theresultof ouralgorithm;
theregionssurroundinghe hemispherareolviously muchmoreaccurate Humanfaceresultscanbe seen

in Sectionb.



Chapter 3

FaceRecognition

3.1 Prior Work: Sim and Kanade

Sim andKanades goal wasillumination invariancefor face—recognitionfor this task,typically only one
inputimageis providedfor a givensubject.To dealwith this limitation, they useda bootstrapsetof images

to modelthe statisticsof the albedo—intgratedsuriace—normait andthe tting errore ateachpixel

e=b r's (3.1)

asindependenGaussiardistributions. Assumingthat the faceimageswere all alignedand scaled,their
modelassumedhat the albedo—intgratedsurface—normaht a given point on a humanfacefell within a
Gaussiardistribution, independenbf the neighboringpixels. They computedhe statisticsof r ande for
eachpixel usingthe PIE databasg25], and usedthe statisticsof r to computea Maximum-A-Posteriori
estimateof the albedo—intgratedsurface—normalsf aninputimage.Sim andKanadeclaimedthatthe re-
constructiorerrorterme encapsulatedomeof thenon—-Lambertiaeffectsonimageqshadws, speculars),
sothey usedthe statisticsof this termto emulatetheseeffectson reconstructedmages.Oncethe albedo—
integratednormal—-magor theinputimagewascomputed Sim andKanaderelit it with a large numberof
illumination conditions,in orderto spanthe illumination spaceof theimage. In this way, mary imagesof

eachsubjectwould be presentedo the classi er for thegallery(trainingset).

13
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3.2 lllumination Normalization Using PCA

In contrastwith Sim and Kanades$ pixel-wiseapproachto collecting statistics,the way Y. Hsu collected
the statisticsof humanfaceswas by generatinga PCA spaceof the albedo—intgrated surface—normals
[3]. Thesestatisticsareusedto computethe albedo—intgratednormal-mayof theinputimage,sothatthe
imagecanbe syntheticallyrelit with frontal illumination. Thenonly frontally—lit imagesareprovidedto the
classi er, for boththegalleryandprobe(test)sets.

To describethis method,we begin by de ning a column vector containingthe d—pixel input image

Diest (@ 1) andthealbedo-intgratednormal-magdor anentireimageas:
2
(n 1) (nly) (n1z)
(n2x) (nZy) (nZZ)
R 3 =

(nax) (ngy) (Nngz)

(3.2)

(d 3

We de ne thex— andy—directionsto bein theimageplane,andthe z—directionasthe height—directiorfor
surfacepoints. For notationalconvenienceR is putinto vectorform £, whichis de ned as:

3

2
(N 1)
(nay)
(N 1)
(N 2x)
fEd 1 = E:z; (3.3)

(ndx)
(nay)

(ndz)

@d 1)
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Thealbedo—intgratednormal-mapsreassumedo be Gaussianhdistributed,i.e.

fONC s p) (3:4)

This meanswe canwrite:

f= a+Hpc (3.5)

where (34 1) Is themeanalbedo—intgratednormal-mapH ¢ 34 g is the matrix containingthe eigen-
vectorscorrespondingdo the g largesteigevaluesof  a (34 3qy in its columns,andcq 1) is thevectorof
PCA coefcients (alsoknown asthe spectrunof thesample).In otherwords,H a 34 o is aPCA spacefor
faces.Thestatistics » andH  arecollectedfrom a (preferablyvery large, representate) trainingset.
Sincethe goalis faceillumination normalizationon singleinput images we wish to reconstructheim-
ages albedo—intgratednormal-magpandprojectit into the PCA space However, the LS solutionin Equa-
tion (2.5) is not usefulin the singleimagecase pecausehe matrix SST will be non—irvertible. Thus,the
PCAspaceas usedo computea LS estimateof c. Thisis accomplishethy rst estimatinghelight—direction
vectorsegs:. Lighting directionswereestimatedy pixel-wisecomparingheinputimageto trainingimages
andcomputinga weightedsum; this light directionestimationtechniquewasusedby Sim and Kanadein
[10]. Whenwe ranthis algorithm,we foundthatthe estimatedighting directionvectorsdid not vary from
theoriginal directionvectorsby morethan10%in theworstcasesOncethelight—directionvectorhasbeen
estimatedthenormal-maganbeestimatedaswell. Let usde ne thematrix Ses; astheKronecler product

of Sest @andtheidentity matrix| g q:

Sest 0

Sest

Sest = (3.6)

HOOOOOoD N

(3d d)
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Now Eqgn. (2.5) canberewritten as:

b = Slp 3.7
test 2est 3 ( )
Sgstf‘lzﬁ
Sgstf‘4::6

Sestt@d 2):(34)

Substitutingeqgn. (3.5) into Egn. (3.7) resultsin:

best = Sgst n* SestHr C (3.9)

Drest Sest » = SestHe C (3.10)
Now we cantake theLS estimateof ¢, whichyields:

SliHr ” brest Sl o (3.11)

(@)
I

1

HESestSigHr ~ HRiSest brest St o (3.12)

It canbeshawn [3] thattheleast—squaresolutionfor c is equivalentto the Maximum—A—Priorisolution.

Now thata methodof generating: from a singlefaceimagehasbeendescribedgc canbe pluggedinto
Eqgn. (3.5) to generatehe albedo—intgratednormal—-magt for the inputimage. Eachinputimageis relit
frontally beforepassingheimageto theclassi er.

In Figure3.1we shav imagesf theZ—componentsf eachalbedo—intgratednormal—ectorin themean
and rst 20 eigewectors;theimageshave beenbiasedto 128),sothatnegative valuesareviewableasdark
values. Sincewe are generatingrontally lit imagesof input faces,we simply take the Z—componenbf
eachsurface—normabf # to get the pixel values;this meansthatthe nal outputimagesare effectively
linearcombination®f theseZ—componenimages.For the purposeof visualization,we alsoshav the 3—D
surfaceof the meanandthe rst seven eigemwectorsin Figure3.2. Note thatthe surfacesconstructedrom

the eigevectorsdo not have a physicalmeaningthemseles; only linear combinationsof the eigervectors
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(which arealbedo—intgratednormal-mapsareusedto reconstructhe suriacesof inputimages.

3.3 Further Impr oving FaceRecognitionby Considering Shadows

In this sectionwe explain our expandedapproachto normalizingsingle input images. The approachis
a combinationof the methodsdescribedn Sections3.2 and 2.2 — thatis, we nd the shadeved pixels
anddiscludethemfrom the estimateof the albedo—intgratedsurface—normals.However, sincewe only
have a single input image, we considerall the shadeved pixels to be missingdata. We can generatea
weightvectorw containing0's in the elementscorrespondingo the pixels whereshadws arefound,and
1's in the remainingelements. Thus, we are motivatedto use a weighted—SVDapproach(see[26] for
a thoroughdiscussion). The way we useweighted—-SVDis: given an existing estimatefor the albedo—
integratednormal-mapt anda weightvectorwsy 1 which indicatesthe presenceof shadas (with zero

values)wewishto nd cy by solvingtheminimizationproblem:
argmin J(cm) =kW(@# ( a+ Hpem)) k (3.13)
Cm

wherecy isthevectorof PCA coefcients wewishto obtain,W 34 394 = diag(w) is thematrix containing
theelementf w in its diagonal andthe remainingtermsarethe sameasin Eqn.(3.12). The LS solution
is:

em = (HEW2He) THI(W?2) (¢ ) (3.14)

We bgyin the illumination normalizationby estimatingthe albedo—intgratednormal-mapof the input
imageusingthe methoddescribedn Section3.2; thatis, we startby computingthe LS estimateof the
albedo—intgratednormal-mapt without consideringshadavs. We thenusethis initial albedo—intgrated
normal-mapo generate height-mapandlocateattachedndcastshadas usingthe methodslescribedn
Section2.2. The currentalbedo—intgratednormal-mamndthe weight—ectorareusedwith Eqn.(3.14)to
computea new albedo—intgratednormal-mapTheprocesf nding shadavs andusingthatinformation
to re ne the estimateof the albedo—intgratednormal—-magpis repeateduntil the solution corverges(i.e.
whenthe changean reconstructiorerrorbetweeriterationsreachesthreshold).

An outline of ouriterative approachs asfollows:



3.1: Z-Component®f Mean(Uppe

Figure3.2: Surfaceof Mean(left) andFirst 7 Eigervectors
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1. Estimatethelighting directionvectorfor theinputimage.

2. Estimatethealbedo—intgratednormal-mamf theinputimagef by usingEqgn.(3.12)andEqgn.(3.5);

thatis, usethe PCA—spacdo constructaninitial estimateof thegeometry
3. Computew by nding attachedandcastshadas
4. ComputetheLS estimatefor ¢y, usingEgn.(3.14)
5. Recomputé usingcy in Eqn.(3.5)

6. If thesolutionhasnotcorverged,goto3

3.4. Impr oving Robustnessby Considering Ambient Light

Whenwe introducedthe Lambertianmodel,we madethe assumptiorthatscenesverelit by a singlepoint
light source,andthe algorithmsdescribedup until this point rely on the imageshaving no ambientlight.
However, in practicefaceimagesaretakenunderavarietyof illumination conditions.Thereforewe propose
asimplemethodior remaoring ambientight from inputimagessothatinputimagesettermatchthelighting
modelthatthe previous sectionsassume.

A popularmodelfor ambientlight is an additive term scaledby the surfacealbedo,so the new lighting
model(for agivenpixel i) becomes:

b= isat+ in's (3.15)

wheres, is theconstanambientterm. Noticethats; is assumedo bethe samefor every pixel in thescene.
Sincewe collectthe prior statisticsof faceimagesin the training stageof our normalizationalgorithm,

we canextractthe meanalbedofrom the meanalbedo—intgratednormal-mapof the PCA spaceby taking

the magnitudeof eachalbedo—intgratednormal—ector We now formulatean expressiorfor bP, the setof

pixel valuesthatcorrespondo the b;'s but do not containambientlight.

¥ = b s (3.16)

= isat iN's s, (3.17)
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Figure 3.3: Images?2 through8 of PIE Subject0, applying ambientlight removal to imagesthat were
illuminatedwith ambientight

}

Figure3.4: Images2 through8 of PIE Subject0, applyingambientlight removal to imagesthatweretaken
withoutambientlight

where , is themean—albeddor thei'th pixel. Usingthis approximatenodel,we cansearchfor a value
of s, thatbestrepresentshe ambientlight presentn the image. Our methodconsiderss, optimalwhen
a certainpercentagef the b,os fall nearzero. We experimentallydeterminedthat a good value for this
thresholds closeto 3%.

To shawv that this methodworks well, we have includedexampleimagesof PIE subject0. Figure3.3
shaws the resultof our ambientlight removal methodwhen appliedto PIE imagesthat were taken with
ambientlight; Figure 3.4 shaws the resultwhenappliedto imagesthat were taken without ambientlight.
Noticethatafter processinghe imageswith ambientlight, the resultslook very similar to the original PIE

imageswithout ambientlight. Also notethatafterprocessingheimageswithoutambientlight, theresults

do notdiffer muchfrom theoriginalimages.



Chapter 4

Image—ProcessingAlgorithms

In this section,we presenta numberof image—processinglgorithmsthat perform contrastenhancement.
Gain/ofset correctionand histogramequalizationare classicalgorithmsthat make the input image span
the entiredynamicrangeof the outputchannel(8—bit greyscalein this paper). Retine is analgorithmby
E. Land [30], thatwasdesignedo emulatethe humanvisual system. The remainingalgorithmsthat we
discusgHomomorphid-iltering, Single—Scal&etine, Multi-ScaleRetine, andthe proposednethod)all
assumehe samere ectancemodel,which canbe describedvith there ectanceequation.

There ectanceequationde ned for eachpixel atlocation(x; y), is:

B(x;y) = R(x;y) 1(x;y) 4.1)

whereB (x; y) istheimage,R(X; y) is the percevedre ectance,andl (x; y) is the percevedillumination.
Thus,to performillumination normalizationonesimply dividesthe | (x; y) termoff of B (Xx; y), the pixel

value.Severalproposalfave beenmadefor determining , with varyingcompleity.

4.1 Gain/Offset Corr ection

The goal of this methodis to make the signaloccuy the full dynamicrangeof the channel.This method

relieson assumingan underlyingprobability densityfunction of the pixel intensities.If the underlyingpdf

21
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A

Figure4.1: Gain/Ofset Correction(Gaussianpppliedto a PIE imageilluminated by only a single point
light source

-~

Figure4.2: Gain/Ofset Correction(Gaussianpappliedto a PIE imageilluminatedby pointlight sourceand
ambientlight

is assumedo be uniform, theneachoutputpixel byy: (X; y) is computedas

ot (X y) = ﬁ B (%;¥) .2)

wherebnax is thelargestpixel valuein theinputimage,bmin is the smallestpixel valuein theinputimage,
andby, istheinputimage.Naturally this methodis very sensitve to noiseandimagecontent.

If the underlyingpdf is assumedo be Gaussianthenthe goalis to transformthe imagesuchthatthe
meanof the pixel intensitiesis 128 andthe standardieviation of the pixel intensitiesis 128, Here isa
parametethatdetermineshedynamicrangeof the outputimage;we choseto set = 2 sincetwo standard

deviationscapture95% of the pixels. Theresultingexpressiorfor eachpixel is

128

in

bout (X; y) = (br (x;y)  in)+ 128 (4.3)

where i, and i, andthe meanandstandarddeviation of the inputimageb;, . Figures4.1and4.2 shav

examplesof this algorithmappliedto PIE imageswithout andwith ambientight.

4.2 Histogram Equalization

Thegoalof histogramequalizatioris to transformtheinputimagein suchaway thattheoutputimagehasa

uniform pdf. To accomplistthis, theimages pdf mustbeapproximatedrst, which canbedoneby takinga
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Figure4.3: HistogramEqualizationappliedto a PIE imageilluminatedby only a singlepointlight source

i

-

>

Figure4.4: HistogramEqualizationappliedto a PIE imageilluminatedby point light sourceandambient
light

histogram.Oncethe pdf is obtainedthecdf canbe computedtheinversecdf providesthe mappingbetween
input pixel valuesandoutputpixel values.Figures4.3 and4.4 shav examplesof this algorithmappliedto

PIE imageswithoutandwith ambientight.

4.3. ClassicRetinex

Retinex (a combinationof thewordsretinaandcortex) wasoriginally proposedy E. LandandJ. McCann
[30] asan algorithmthat modelsthe humanvisual system. Althoughits original purposewas for color
constany, it performswell asa contrast—enhancemeaigorithmtoo. For our experimentsve usedcodeby
B. Funtetal [31], whichimplementghe Frankle-McCanvariationon the Retinec algorithm.

TheRetin algorithmworksby operatingopntheimagepixelsin thelog domain.An outputimagebuffer
is createdand initialized to all ones. Thenfor eachpixel, a randompathis followed, with a “sequential
product”’computedalongthe way (the sequentiaproductis intializedto 1 for eachpath). Four operations
areperformedalongthe path,wheneachneighboris visited: (1) theratio of the currentinput pixel (on the
path)to thepreviousinputpixel is computed(2) thatratiois multiplied with thesequentiaproduct,(3) if the
sequentiaproductis greatetthana certainthresholdt is resetto 1, and4 the sequentiaproductis averaged
with the currentoutputpixel. Dependingon the lengthsof the pathsandthe threshold differentamountsof
contrasicanbeachieved (globalversudocal). Figures4.5and4.6 shav examplesof this algorithmapplied

to PIEimageswithout andwith ambientlight.
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Figure4.5: ClassicRetinex appliedto a PIEimageilluminatedby only asinglepointlight source

/

Figure4.6: ClassicRetinex appliedto a PIE imageilluminatedby pointlight sourceandambientlight

4.4. Homomorphic Filtering

Homomorphicltering is oftenusedn medicalimaging.Homomorphiclters startby takingthelog of each
pixel, to enhancdhe contrastin dark regionsandreducecontrastin bright regions. Thus,the re ectance

equationbecomes:

log(B) = log(R) + log(l) (4.4)

Theassumptiorwith homomorphicltering is thatlighting changeslonly andsmoothlyacrossanimage.
Basedonthis assumptionareasonablapproximatiorfor log (1) would bealowpass- lteredversionof the

log—inputimagelog (B ), whichwe will denoteL PF, _(log (B)). Thisgivesus:

log(R(x;y)) = log(B(x;y)) [LPF. (log(B))I(x;y) (4.5)

An exponentis thenappliedto log (R(x; y)) ascomputedn Equation4.5to invertthelog functionapplied

to R(x; y), resultingin the nal expression:

R(x;y) = exp(log (B(x;y)) [LPF: (log(B))I(x;Y)) (4.6)

Figures4.7 and4.8 shav examplesof this algorithmappliedto PIE imageswithoutandwith ambientight.



Figure4.8: HomomorphicFiltering appliedto a PIE imageilluminatedby point light sourceandambient
light

4.5 Single—ScaleRetinex

Single—Scaldetine by Z. Rahmar{35] is similarto homomorphicltering. It differsin the placemenbf
thelog function,andit doesnot usean exponent. The lowpass Iter is alsode ned asanFIR lter. It is

formulatedas

R(Xy) = log(B(x;y)) log([(B ?H)I(XY)) (4.7)
_ B(XY)
= log m (4.8)

Where[B ?H ] denotegheconvolution of theinputimageB with the GaussiarkernelH . Convolution with
H effectively performsalowpasslitering operation After thisinitial stepof computingR(x; y), gain/ofset
correctionis appliedto malke the nal imageviewable. For our nal implementationye useda rst order
IIR Butterworth lter to performthe lowpass lter, sincethe performancewas always betterthan using
FIR lters. Figures4.9and4.10shav examplesof this algorithmappliedto PIE imageswithout andwith

ambientight.

4.6. Multi-Scale Retinex

Onevery visible problemwith the Single—ScaldRetinex algorithmis the “halo—ing” effect at sharpbound-

aries.An exampleof halo—ingcanbeseerbelav thenoseof thesubjectin Fig. 4.11.Z. Rahmaret.al. [34]
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Figure4.9: Single—Scal&etin appliedto a PIE imageilluminatedby only a singlepoint light source

>

Figure4.10: Single—ScaldRetinex appliedto a PIE imageilluminated by point light sourceand ambient
light

proposeda methodto suppresshis effect and maintainbettercolor constang, which they dubbed‘Mul-
tiscaleRetinex.” Recallthatthe original Retinex constructiorusedGaussianmpulse—responselR Iters
to performthe lowpass Iter. Multiscaleretinex generateseveral lowpassimagesby using Gaussian®f

differentwidths (variances)andcombineghemwith a weightedsum. For generalusage satishctory per

formances gainedwith equalweighting.

4.7. Perception Model with Companding and Smoothnes<onstraint

R. Grossand V. Brajovic [32] proposedan algorithm basedon the Retinex Equationand Webers law.
Webers law stateghatthe percevedintensityof aregionwith intensityB (X; y) is proportionaito %;
i. e.thepercevedintensityvarieslogarithmicallywith theinputintensity Thegoalonceagainisto nd the

re ectanceR(x; y); thisis accomplishedby minimizing the objectve function:

zZZ z2Z
J(R) = G YIR(GY)  B(xy))2dxdy + (RZ(x;y) + RE(x; y)) dxdy (4.9)

Where (X;Yy) % encodesheperceptiormodel,theentire rst termcauseshesolutionto befollow
theperceptiormodel,andthesecondermis asmoothnessonstraint.Thisis avariationalcalculusproblem,

andtheresultingEulerLagrangesquations:

R(x;y) + W(Rxx (x;y) + Ryy(x;y)) = B(x;y) (4.10)
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This can be descretizednto a rectanguladattice and numericallysolved with Multigrid algorithms(see

[33]). [32] claimsthattheuseof Webers law causeshealgorithmto handleboundarie$n shadavedregions
aswell asin brightareassince (x;y) measuretherelatve intensityof neighboringpixels. However, mary

of theartifactsfoundin Retinex arealsofoundin theresultsof this algorithm.

4.8 Ratio Images

We proposea simplemethodof approximatinghere ectanceimage:

B(x;y)

ROGY) = TpF, (B)I(x;Y)

(4.11)

Thisis similarto automaticgain—controin the spatialdomain.Notice thatwith this method for low—noise
imagesR will mostly containvaluescloseto 1, so somepost—processing requiredto make the image
viewable.We foundthatapplyinggain/ofsetcorrectionto R did not produceviewableresults;thiswasdue
to theintensityof a few edgesdominatingtheimagein mostscenesHowever, scalingthe imageintensity
by a x edfactorandthensaturatingall the pixel valuesgreaterthan255 producedvery goodresults. The
x edfactor isdenedas = 222 where isaparametethatspeci eshow muchlocal contraswill be
retainedForexampleif = 2,thenR(x;y) cantake onvaluedessthan2 withoutsaturatingWe call these
resultingimages‘Ratio Images, notto be confusedwith “Quotientimages”asintroducedy Riklin-Raviv

etal [14].

Theresultingimagegendto presere edgesvhile turninglargeareasof solid colorsor slow gradientsnto
solid—coloredregions(with valuel). A cutof frequeng thatis very high will male thefractionapproach
1, whereasa very low cutof will make the fraction approachB (x; y). We foundthata cutof frequenyg
(! ¢) between0:1 and0:2 workedwell on faceimagesin the PIE databaself othercutoff frequencies
arechosenwe foundthatthe performancealegradesalthoughnot by a large amount.AlthoughFIR Iters
with very wide Gaussiarimpulse—-responseasgere usedfor Single—ScaldRetin, we used rst orderlIR
butterworth Iters in our experimentdor their effectiveneson smallimages.

SincellR lters do not have a linearphaseresponseandif they arecausallyimplementedhe outputis

delayedhy shifting the Itered imagein spacebeforeperformingthe divide, betterresultscanbe obtained.
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Figure4.11:“Ratio Image”appliedto a PIE imageilluminatedby only a singlepoint light source

Figure4.12:“Ratio Image”appliedto a PIE imageilluminatedby pointlight sourceandambientight

This canbeexpresseds
B(Xy)
[LPF. (B)I(X  x;y )

where( x; y) determinethe amountto shift the lowpassimage. Many re ectanceapproximationsR , . ,

(4.12)

R,.,(xy) =

canbecomputeddy varying( x; y); thesere ectancesanbeaveragedogethembeforeapplyingthescaling
andsaturation.
Examplesof this “Ratio Image”algorithmappliedto PIE imageswith andwithout ambientlighting can

beseenn Figs.4.11and4.12.

4.9 Combining Algorithms

One very easyway to combine SFSand the “Ratio Image” is to perform the SFS processingat a low

resolutionthenusetexture—mappindo restorehetestimageto full resolution.Thetexturemapis generated
by dividing the input imageby the upsampledow-resolutionimage. For example,we could take a test
imageDbiest (100 100), anddovnsampleit to by (20 20). We apply a SFS-basedormalizationalgorithm
to byg, resultingin afrontally lit (dovnsampledfacewe call b,g 20 20).- Separatelywe form the texture
mapT (100 100) DY performingtheoperation:T = biest=LPF) =0:2 (Dtest). Now we upsampleb g to get
bn (100 100), @andperformthe pixelwise multiplicationbnorm (X;y) = bn(X;y) T(X;y) to getour nal

normalizedmage,bnorm. Thisis illustratedin Fig. 4.13.
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Chapter 5

Results

In thissectionwe demonstratéhe performancef thealgorithmsdescribedn Section®.2and3.3. We used
croppedscaledimagesof 64 subjectdaken under21 illumination conditionsfrom the CMU PIE database
[25] for our experiments Therearetwo datasetsn the PIE databaseimageshatwerelit with a pointlight
sourceandimagesthatwerelit with a pointlight sourceandambientlight. We usedthe Torchlibrary [27]

for its Matrix routinesin ourimplementation.

5.1 Photometric Stereo

For our rst setof experimentswe shav thatour photometricsterecalgorithmyields betterreconstruction
errorthanthe LS solutionin Egn. (2.5). We measurdhe reconstructiorerror by relighting the recovered
albedo-intgratednormal—-mapwith theillumination directionsof eachof the inputimagesandtakingthe
sumof squaregixel differencegthesamecriteriathatis beingminimizedby theLS solution). Comparisons
were madeon imagesfrom ve subjects(0, 1, 6, 7, and 10) at resolutionsof 33x33and 100x100,with
varying input imagelighting conditions. The threeinput image setswere: (a) all 21 PIE illumination
conditions[ 2 ... 22] (seeFig. 5.1 for the input imagesfor PIE subject0), (b) 7 illumination conditions
includingfrom avarietyof directiong 2,4, 6, 8,10,12,1] (seeFig. 5.2),and(c) 7 illumination conditions
with light sourceganostly at extremeangleq 2, 3, 4, 8, 15,16, 17] (seeFig. 5.3). Figure5.4 containsall
theimagesof subject6 of the PIE databasearrayedrom 2 ... 8 onthetoprow, 9... 15in themiddlerow,
andl16... 22 onthebottomrow (Fig. 5.1is similarly arrayed).Table(5.1) summarizesheresults.Notice

thatwe receve a substantiaimprovementin reconstructiorerrorwhenmostlyshadevy imagesareincluded
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Figure5.2: Imagesof PIE SubjectO usedfor testcase(b)

d 4 d

Figureb5.3: Imagesof PIE SubjectO usedfor testcase(c)

in theinput set. Fig. 5.5 shawvs the surface(not including albedo)computedoy the LS solutionon the left
andthe proposedsolutionon theright, for subject6 in the 100x100(a) casefrom a frontal view. Fig. 5.6
shavs the samesurfacefrom apro le view. Theverticallinesin Fig. 5.6 projectdown to a planebelaw the
facesurface,to aid the viewer in judging the relative heightsof partsof the surface. Notice the protruding
lower facethatis computedoy the LS solution(Fig. 5.6, left side). Theidentity of the subjectis presered
betterby the proposedsolution(Fig. 5.5), andthe heightof the lower half of the faceis moreconsistently
computed(Fig. 5.6). We can attribute the improved heightto the LS estimationphenomenordescribed
earlier of shadaved pixels being“pushedaway” from the light directionthey were capturedunder Since
pixels on the side of the faceare often undershadw, this tendsto male their estimatedsurface—normals
steepethanthey shouldbe;theresultis the poorly determinecheightof the lower facearea.We alsoshav

similarimagesof subjectO of the PIE databasén Figuresb.1,5.7,and5.8.
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TestCase | Avg. % Impr ovementin ReconstructionErr or.
33x33(a) 74
33x33(b) 292
33x33(c) 2246
100x100(a) 7.16
100x100(b) 115
100x100(c) 1287

Table5.1: Percentmprovementof SquarecError from LS solutionto Proposedolution

I IR R D
R S

Figure5.4: All 21 Imagesof Subject6 of the PIE database

5.2 FaceRecognition— SFS

We conductedour experimentswith frontal imagesof 64 subjectsfrom the PIE databasetaken with the
locationof the ash bulb at 21 differentlocations,with and without ambientlight (overhead uorescent
lights). Theimageshave beenscaledandcroppedandareataresolutionof 100x100.We useda Support—
Vector Machineclassi er [28] in the recognitiontests. The Torch library [27] was usedfor its matrix
manipulationroutines.Whenwe saythatwe aretestinga given algorithms performanceywe meanthatwe
are usingthat algorithmsas a pre—processingtepfor both the gallery and probeimagesprovided to the
classier.

We startby presentinghe resultsof the Shape—From—-Shadirmpsedvork. For thefacerecognitiontask
we usedan SVM classi er [28], and comparethe performanceof imageswith no pre—processingafter

normalizingusingthe algorithmdescribedn Section3.2 (referredto as SFS+PCA)andthe normalizing
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Figure5.5: Surfaceof PIE Subject6, FrontalView; LS solution(left), proposedsolution(right)

—»

Figure5.6: Surfaceof PIE Subject6, Pro le View; LS solution(left), proposedsolution(right)
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Figure5.8: Surfaceof PIE Subject0, Pro le View; LS solution(left), proposedsolution(right)
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TestCase RecognitionRate
Baseline- (6,7,8,9, 10) 28
SFS+PCA: (6,7,8,9,10) 58
SFS+PCA+SDet- (6,7, 8,9, 10) 62
Baseline- (3,5, 9, 13,16) 27
SFS+PCA: (3,5,9,13,16) 53
SFS+PCA+SDet- (3,5, 9,13,16) 55

Table5.2: RecognitionRatesof Baseline,SFS+PCA and SFS+PCA+SDet Methods,whengallery and
probeimageshave no ambientlight

TestCase RecognitionRate
Baseline- (6,7,8,9, 10) 37
SFS+PCA: (6,7,8,9,10) 45
SFS+PCA+SDet- (6,7, 8,9, 10) 46
Baseline- (3,5,9,13,16) 23
SFS+PCA: (3,5,9,13,16) 59
SFS+PCA+SDet- (3,5, 9, 13,16) 61

Table5.3: RecognitiorRatesof Baseline SFS+PCAandSFS+PCA+SDet Methodswhengalleryimages
have no ambientlight, but probeimagesdo have ambientlight

algorithminvolving PCA and shadev—detectionin all the SFSsteps(referredto as SFS+PCA+SDet).
Twenty-four(24) of the PIE subjectsvereusedto computethe PCA—spaceandthe remaining40 subjects
were usedfor recognition. The PCA spacecontained20 eigeivectors,andthe imageswere processeét
aresolutionof 25x25pixels. Naturally eachimagewasprocessedndependentlythis is the single—ace—
imagenormalizationtest). Table(5.2) shavs theresultsof the threeimagesetsbeingcomparedwhendif-
ferentsubset®f theimagesareusedasthegallerysetfor theclassi er, andthegalleryandprobeimagesio
notcontainambientight. Theparanthesizelistsin the rst columnshav which PIEilluminationsarebeing
usedfor the gallery for eachsubject: (6,7,8,9,10)areall relatvely frontal lighting, whereag3,5,9,13,16)
spansxtremeillumination variationin the X—direction. Table(5.3) shavs the recognitionresultswhenthe
gallery containsimageswith no ambientlight, but the probeimagesdo containambientlight. We cansee
agreatdealof improvement(roughly doubletherecognitionrate,from ~ 25%to ~ 50—-60%)whenwe per
form eitherof our algorithmsversusperformingno pre—processin@ndthe shadav—detectiorenhancement

to thenormalizationalgorithm(SFS+PCA+SDet) providesanadditionalimprovementof 2—4%aswell.
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Fromthis, we cansaythatourillumination normalizationalgorithmis ableto improve recognitiondramat-

ically undera variety of conditions. The normalizedimagesof subjectO of the PIE databasareshavn in
two groups:Figuress.9,5.10,and5.11areimageswith no ambientlight, andFigures5.12,5.13,and5.14

areimageswith ambientlight. Noticethatall of the normalizedmagesappeato befrontally lit.
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TestCase RecognitionRate
Baselinglunprocesse®IE) 31
SFS+PCA+SDet 40
SFS+PCA+SDetw/ Ratiolmage 42
Gain/OfsetCorrection 48
HistogramEqualization 47
Canry EdgeDetector 65
ClassicRetine 36
Homomorphid-iltering 41
Single—Scaldetine 43
Ratiolmage 88
Ratio Image w/ Shifts and Avg. 93
Ratiolmage,SobelFilter 73
Ratiolmage,Canry EdgeDet. 54

Table5.4: RecognitionRatesof mary algorithmsfor the (gallery/probedatasetase(noamb/noamb)

5.3 FaceRecognition— The Big Picture

We now focusour attentionontheimageprocessinglgorithmspresentedh Sectiord. Althoughsubstantial
gainsin recognitiorperformanceanbeachiezedwith the SFSmethodswe wereableto achieve evenhigher
levels of performanceawith simpleimageprocessinglgorithms.Below, we shav the averageperformance
of thesealgorithmswhenonegalleryimageis providedfor eachsubjectitheperformanceivenbelow is the
averageof therecognitionratesthat areachieved whenPIE images3, 5, 9, 13, 16, and20 areusedasthe
gallerysets.For eachalgorithmthatwe test,4 testsareconductedthesetestsshav the performanceavhen
different PIE datasetgwith no ambientlight, with ambientlight) are usedfor the gallery andprobe. We
will abbreviate “with no ambientlight” as“noamb’; and“with ambientlight” as“amh” Thefour possible
combinationsywhich we write in theform (gallery/probe)are(noambnoamb)— Table5.4, (noamb,amb)
— Table5.5,(amb,noamb)— Table5.6,and(amb,amb)— Table5.7. We believe thisis indicative of real—

world performancesincetherearemary applicationsvhereonly a singleimageof a subjectis available.

Note that we additionallytestedthe Canry edgedetector{20]; we did this becausdhe methodsthat per
formedbest(suchasthe Ratio Image)seemedo presere the edgesof the input imagesanddiscardthe

remainingfeatures.However, we canseethat the Ratio Imageis not simply performingedge—gtraction,



Figure5.9: SubjectO of the PIE databaséno ambientlight)

Figure5.10: Subject0 of the PIE databaséno ambientlight), normalizedwith SFS+PCA

Figure5.11: SubjectO of the PIE databas¢no ambientight), normalizedwith SFS+PCA+SDet
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Figure5.12: Subject0 of the PIE databas¢with ambientlight)

Figure5.13: Subject0 of the PIE databas¢with ambientlight), normalizedwith SFS+PCA

Figure5.14: SubjectO of the PIE databas¢with ambientlight), normalizedwith SFS+PCA+SDet
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TestCase RecognitionRate
Baselinglunprocesse®IE) 3
SFS+PCA+SDet 37
SFS+PCA+SDetw/ Ratiolmage 39
Gain/OfsetCorrection 48
HistogramEqualization 47
Canry EdgeDetector 26
ClassicRetine 32
Homomorphid-iltering 31
Single—Scaldetin 35
Ratiolmage 62
Ratio Image w/ Shifts and Avg. 64
Ratiolmage,SobelFilter 33
Ratiolmage,Canry EdgeDet. 14

Table5.5: RecognitionRatesof mary algorithmsfor the (gallery/probedatasetase(noamb/amb)

TestCase RecognitionRate
Baselingunprocesse®IE) 3
SFS+PCA+SDet 17
SFS+PCA+SDetw/ Ratiolmage 18
Gain/OfsetCorrection 40
HistogramEqualization 39
Canry EdgeDetector 21
ClassicRetine 25
Homomorphid-iltering 18
Single—Scaldetin 39
Ratio Image 60
Ratiolmagew/ ShiftsandAvg. 54
Ratiolmage,SobelFilter 21
Ratiolmage,Canry EdgeDet. 17

Table5.6: RecognitionRatesof mary algorithmsfor the (gallery/probedatasetase(amb/noamb)
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TestCase RecognitionRate
Baselinglunprocesse®IE) 58
SFS+PCA+SDet 52
SFS+PCA+SDetw/ Ratiolmage 62
Gain/OfsetCorrection 75
HistogramEqualization 76
Canry EdgeDetector 96
ClassicRetine 90
Homomorphid-iltering 79
Single—Scaldetine 74
Ratiolmage 99
Ratio Image w/ Shifts and Avg. 100
Ratiolmage,SobelFilter 96
Ratiolmage,Canry EdgeDet. 93

Table5.7: RecognitionRatesof mary algorithmsfor the (gallery/probedatasetase(amb/amb)

sinceit yieldsmuchhigherrecognitionratesthanusingthe Canry edgedetectomy itself. We alsotried ap-
plying edgeextractionto theimagesgeneratedby the Ratio Image(denotedas“Ratio Image,SobelFilter”
and“Ratio Image,Canry EdgeDet” in thetables).However, the performancas signi cantly worsewhen
theseedgedetectorsare used,so clearly both edgeinformationandtexture is beingusedby the classi er.
We canconcludefrom the datathatthe “Ratio Imagew/ ShiftsandAvg” providesthebestfacerecognition

rates,outof all theimageprocessinglgorithmstested.



Chapter 6

Conclusion

In our nal remarks,we can say that the Lambertianmodeltypically usedfor SFScan be extendedto
accountfor the presencef shadws, yielding favorableperformanceThe overall approachwhenmultiple
input imagesof the samesubjectare provided, is to startwith an estimateof the surface,anditeratvely
nd theshadeved pixels anddiscludethemfrom the subsequerguriaceestimate.Following the proposed
approacthasyieldedupto a22%improvementin squareckrror. We canalsoconcludethatourillumination
normalizationapproactor facerecognitionis capableof improving recognitionratesdramatically undera
varietyof situations.

We have alsofound that certainsimple image processingalgorithmscan provide excellentresultsfor
illumination normalization. The “Ratio Imagew/ Shifts and Avg.” provided the bestfacerecognition
rates,andthe imagequality is also(subjectvely) good. Oneinterestingresultof this work is nding that
imageswhich areeasierfor humandgo recognizeeaturesn, arenot necessarilfthe bestimagesto provide
to classi ers. This is clearwhenwe look at the recognitionrates;imageprocessingalgorithms(suchas
Single—Scaldretinex) whosegoal is to make imageslook betterfor humansdo not performaswell asthe
“Ratio Image”which producesnoreun—naturalmages.

Futurework includesapplyingthe “Ratio Image”to video, which could involve operationssuchasap-
plying the lowpass Iter over time andusingmotion—compensatiorEf cient implementationgor useon

embeddedystemsshouldbe possiblewith this algorithmaswell.
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