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5
Abstract

Facerecognition hasbeenpursuedby manyresearchers, but still remainsa largely unsolvedproblem. In

thispaper, wepresentseveral methodsfor makingfacerecognitionillumination–invariant. We�r stpresenta

computervisionorientedapproach, whereweuseShape–From–Shadingto determinethealbedo–integrated

normalmapof aninputhumanfaceimage. Wethenfrontallyrelight thealbedo–integratednormalmap,and

providethis normalizedimage to theclassi�er. Thenovel work wepresentis our improvedlighting model,

that takesboth attachedand castshadowsinto account. We also provide a summaryof existing image–

processingalgorithmsthathavehistoricallybeenusedfor illuminationnormalization.Wepresenta general

normalizationapproach basedon the luminanceequation,which removesdeepshadowedand specular

areasimplicitly. Weconcludebycomparingthefacerecognitionperformanceof thesealgorithmsandshow

thatsimpleimage–processingalgorithmscanprovideverygoodillumination invariance.



Chapter 1

Intr oduction

Computinga threedimensionaldescriptionof a scenefrom oneor more2–D imagesis a classiccomputer

visionproblem.A majorclassof algorithmsthatseeksto recover theshapeof objectsin ascenefrom oneor

moreimagesis Shape–From–Shading(SFS)[1]. Typically, SFSalgorithmsproducesurface–normalvectors

and/ordepthinformation;acollectionof surface–normalsandsurface–depthswill becalled“normal–maps”

and“height–maps,” respectively.

SFStechniquesthatoperateonmorethanoneimageof asubjecttakenfrom thesameviewpoint,but under

differentilluminationconditions,arecalledphotometricstereo[2] techniques.In thispaper, we proposean

algorithmto improvephotometricstereoby takingattachedandcastshadows into account.In Section2, we

describepreviousapproachesto photometricstereo,andourcontribution.

In Section3, we presentmethodsto overcometheeffectsof varyingilluminationon humanfaceimages,

for the purposeof improving facerecognition. In the areaof facerecognition,thereare two main ap-

proaches.Thecomputer–visionbasedapproachattemptsto representthehumanfacewith speci�c models

basedon its physicalstructure.Thepattern–recognitionapproachattemptsto representthehumanfacewith

broaderstatisticalmodels,oftenthatcanapplyto non-faceimagesaswell. In thispaper, weshow thatthese

approachescanbe combinedfor illumination normalizationof humanfaces,with favorableresults. One

methodweproposeis amodi�cation of theilluminationnormalizationalgorithmby Y. HsuandT. Chen[3]

suchthatshadowedpixelsareconsideredmissingdata.

We presenta numberof classicimageprocessingalgorithmsin Section4, andusethempre–processing

algorithmsfor face–recognition.ThesemethodsincludeGain/Offset correction,HistogramEqualization,

6
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HomomorphicFilters,andthe family of algorithmsknown asRetinex. In this section,we proposea sim-

ple image–processingalgorithmthat providesvery goodperformancefor facerecognition. Additionally,

we proposea methodof multi–resolutionprocessingthat combinesour proposedmethodwith any other

normalizationalgorithm.

Note: In this paper, scalarquantities(e.g. b, � ) areitalicized,vectorquantities(e.g. n, c) arein bold,

matrices(e.g.A , � ) arein capitalizedbold,andfunctions(e.g.e(x; s)) areitalicized.Thedimensionsof a

vectoror matrix will oftenbeparenthesizedin its subscriptto addclarity (e.g.A (M � N ) , � (d� 3)).



Chapter 2

Photometric Stereo

2.1. Prior Work: Woodham

Horn andBrooksoriginally proposeda surface–normalrecovery techniquebasedon the assumptionthat

all surfacesare Lambertian[1]. Woodham[2] introducedphotometricstereo,a techniquethat assumes

all surfacesareLambertian,andusesmany imagesof thesamesurfacetaken underdifferentillumination

conditionsto reconstructthesurface.Lambert's law canbeexpressedas:

b = max(� nT s; 0) (2.1)

whereb is the re�ected light intensity, � is the surfacealbedo(alsoreferredto as`texture'), n (3� 1) is the

surface–normalvector, ands(3� 1) is a vectorthatpointsto thelight source.Sincethemax functionmakes

Lambert's law non–linear, andthuslessanalyticallytractable,the re�ectanceequationusedin mostSFS–

relatedliteratureis:

b = � nT s (2.2)

Thisre�ectanceequationcanbeextendedto thecasewhereM > = 3 inputimagesof thescenearegiven,

andeachimageis lit by asinglepointlight–sourcelocatedatin�nity (eachwith adifferentlighting–direction

8
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vector).Theextendedre�ectanceequation(for asinglepixel) is writtenas:

bT = � nT S (2.3)

bT = r T S (2.4)

whereb (M � 1) is the vector containingthe light intensitiesof a single location in the sceneundereach

illumination, � is the surfacealbedo(constantacrossillumination) , n (3� 1) is the surface–normalvector

(constantacrossillumination),andS3� M is thematrix containingtheillumination–direction of eachimage

in its columns.Sinceboth� andn areindependentof theillumination, they canbecombinedinto a single

termr (3� 1) , thealbedo–integratednormal. Theleast–squaressolutioncanbeshown to be:

r T = bT Sy (2.5)

whereSy is thepseudo-inverseof S:

Sy = ST �
SST � � 1

(2.6)

Computingr T for everypoint in theimageyieldsanalbedo–integratednormal–map;thisalbedo–integrated

normal–mapcanberelit syntheticallyto yield asceneunderarbitraryilluminationconditions.

2.2. An Impr oved Illumination Model

All of theabove discussionof SFSassumedtheLambertianre�ectanceequation— Eqn. (2.2)— holdsfor

all input images.However, threeimportantphenomenacanupsettheresultsdeterminedfrom theLamber-

tian modelsigni�cantly: ambientlight, shadows andspeculars.In this paper, we focuson waysto detect

andeliminatethe effectsof shadows in SFS.This sectionexplainsthe effectsof shadows on the albedo–

integratednormal–map,andour methodof handlingshadows whenwe areprovided with multiple input

images(andtheir correspondinglight–directionvectors).

Therearetwo typesof shadows – attachedandcast(seeFig. 2.1). Attachedshadows occurwhenthe

surfacenormalpointsaway from thelight source;castshadows occurwhenonesurfacepreventslight from

reachinganother. Now considertheLS estimationof thesurface–normalof a givenpixel. Thesurfacenor-

malwill be“steeredtowards”thelight–directionvectorscorrespondingto thebrightestpixels,and“pushed
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cast shadow region

light source

attached shadow

lit surface

Figure2.1: Illustrationof Shadow Types

away” from the light–directionvectorscorrespondingto the darker pixels. When pixels underattached

shadow (for a given illumination direction)have a non–zerointensityin an image(oftencausedby inter–

re�ections), thenthesurface–normalwill be incorrectlysteeredcloserto that light–direction.Whenpixels

undercastshadows occur, thenthesurface–normalwill beincorrectlypushedaway from thecorresponding

light–directions.

To determineany shadow information,we �rst generatethe albedo–integratednormal–mapusing the

LS estimate(Eqn.2.5). Now we can�nd someof theattachedshadows in the input imagessimply from

Lambert's law, rewrittenhere:

b = max(� nT s; 0) (2.7)

Whenever nT s < 0, thesurfacenormalpointsaway from the light source,so we have found an attached

shadow. Note that this is an imperfectestimateof all the attachedshadows, sincethe albedo–integrated

normal–mapestimatewasderived from there�ectanceequation2.2 which doesnot take into accountany

shadows.

To determinecastshadows,weemploy ray–tracingfrom thesurfaceof thefacetowardsthelight–source.

Thus,thereis an inherentassumptionthat thesurfaceof thesubjectis smoothandthatoccludingsurfaces
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arevisible in theinput images,which is a reasonableassumptionfor many usefultasks,suchasthesurface

recovery of humanfaces,manufacturedobjects,or landscapes.To performtheray–tracing,we proposethe

useof a fastDDA approach(DifferentialDrawing Algorithm), which canbe thoughtof asan extension

of Bresenham's line algorithm[22]. Many peoplehave usedDDA approachesto ray–tracingheight–�elds

for thepurposesof rendering;see[23] for a similar approach.Essentially, we tracea “light–ray” from the

pixel in questiontowardsthe light source,updatingits heightat every pixel we traverse;simultaneously,

we integratealongthe surfacenormalsto �nd the heightsof thepixels that the light–ray traverses.If the

heightof the surfaceat any pixel is greaterthanthe heightof the light–ray, thenthe pixel in questionis

undera castshadow. An alternateapproachto this methodis to pre–integratethe normal–map(yielding

a height–map),ratherthanintegratingalongthenormal–mapwhenray–tracing.SincetheLS estimateof

the surface–normalsdoesnot guaranteeintegrability, betterresultsareobtainedfrom pre–integrating the

surfaceusingastableapproach;in thispaper, wegeneratedsurfacesby integratingalong256directionsand

averagedthesesurfacestogetherfor the�nal height–map.

Now that we areable to determineattachedandcastshadows, we usean iterative processto improve

the initial LS estimateof the albedo–integratednormal–map.In eachiteration, the shadowed pixels are

detected,andaresubsequentlyexcludedfrom theLS estimatein thenext iteration.Theoverall approachis

outlinedbelow:

1. Estimatethelighting directionvectorsfor eachinput image.

2. Estimatethealbedo–integratednormal–mapof theimageR from input imagesB 1 : : : B M

3. For eachinput imageB i

� For eachpixel B i;j , determinewhetherthat pixel is in eitherattachedor castshadow in this

iteration; attachedshadows aredeterminedby comparingthe currentsurfacenormalwith the

light directionvector, andcastshadows aredeterminedby performingray–tracing

� If pixel B i;j is in shadow, thenmarkthispixel asnon-Lambertianin this iteration

4. RecomputetheLS estimatefor thealbedo–integratednormal–mapR, usingonly pixelsnot marked

asnon-Lambertianfor this iteration

5. If solutionhasnotconverged,goto3
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Figure2.2: SyntheticInput Images

Figure2.3: Resultfrom originalSFSalgorithm– Eqn.(2.5)

Figure2.4: Resultfrom proposedmethod;noticetheimprovedareasaroundthehemisphere.

Wehavefoundthatthisapproachworkswell onsyntheticandhumanfaceimages.Thesyntheticexample

in Figures2.2, 2.3, 2.4 illustratesour algorithm's effect nicely. Figure2.2 is a 5 � 4 grid of imagesof a

hemisphereprotrudingfrom a plane,renderedwith Povray [24] (an additionalimagetaken with frontal

illumination, not shown, was also usedin the experiment). Figure 2.3 shows the height–mapthat was

recoveredby thepixel–wiseLS estimate(Eqn. 2.5). Noticetherampssurroundingthehemisphere– these

arecausedby thecastshadows in theinput images.In contrast,Figure2.4showstheresultof ouralgorithm;

theregionssurroundingthehemisphereareobviouslymuchmoreaccurate.Humanfaceresultscanbeseen

in Section5.



Chapter 3

FaceRecognition

3.1. Prior Work: Sim and Kanade

Sim andKanade's goal wasillumination invariancefor face–recognition;for this task,typically only one

input imageis providedfor agivensubject.To dealwith this limitation, they usedabootstrapsetof images

to modelthestatisticsof thealbedo–integratedsurface–normalr andthe�tting errore ateachpixel

e = b� r T s (3.1)

as independentGaussiandistributions. Assumingthat the faceimageswereall alignedandscaled,their

modelassumedthat the albedo–integratedsurface–normalat a given point on a humanfacefell within a

Gaussiandistribution, independentof the neighboringpixels. They computedthe statisticsof r ande for

eachpixel usingthe PIE database[25], andusedthe statisticsof r to computea Maximum-A-Posteriori

estimateof thealbedo–integratedsurface–normalsof aninput image.Sim andKanadeclaimedthatthere-

constructionerrortermeencapsulatedsomeof thenon–Lambertianeffectson images(shadows,speculars),

so they usedthestatisticsof this termto emulatetheseeffectson reconstructedimages.Oncethealbedo–

integratednormal–mapfor the input imagewascomputed,Sim andKanaderelit it with a largenumberof

illumination conditions,in orderto spanthe illumination spaceof the image. In this way, many imagesof

eachsubjectwouldbepresentedto theclassi�er for thegallery(trainingset).

13
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3.2. Illumination Normalization Using PCA

In contrastwith Sim andKanade's pixel–wiseapproachto collectingstatistics,the way Y. Hsu collected

the statisticsof humanfaceswas by generatinga PCA spaceof the albedo–integratedsurface–normals

[3]. Thesestatisticsareusedto computethealbedo–integratednormal–mapof the input image,sothatthe

imagecanbesyntheticallyrelit 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

b test (d� 1) andthealbedo–integratednormal–mapfor anentireimageas:

R (d� 3) =

2

6
6
6
6
6
6
6
4

(�n 1x ) (�n 1y) (�n 1z)

(�n 2x ) (�n 2y) (�n 2z)
...

(�n dx ) (�n dy) (�n dz)

3

7
7
7
7
7
7
7
5

(d� 3)

(3.2)

We de�ne thex– andy–directionsto bein theimageplane,andthez–directionastheheight–directionfor

surfacepoints.For notationalconvenience,R is put into vectorform r̂ , which is de�ned as:

r̂ (3d� 1) =

2

6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
4

(�n 1x )

(�n 1y)

(�n 1z)

(�n 2x )

(�n 2y)

(�n 2z)
...

(�n dx )

(�n dy)

(�n dz)

3

7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
5

(3d� 1)

(3.3)
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Thealbedo–integratednormal–mapsareassumedto beGaussianlydistributed,i.e.

r̂ � N (� r̂ ; � r̂ ) (3.4)

Thismeanswecanwrite:

r̂ = � r̂ + H r̂ c (3.5)

where� r̂ (3d� 1) is themeanalbedo–integratednormal–map,H r̂ (3d� q) is thematrix containingtheeigen-

vectorscorrespondingto theq largesteigenvaluesof � r̂ (3d� 3d) in its columns,andc(q� 1) is thevectorof

PCAcoef�cients (alsoknown asthespectrumof thesample).In otherwords,H r̂ (3d� q) is aPCA spacefor

faces.Thestatistics� r̂ andH r̂ arecollectedfrom a(preferablyvery large,representative) trainingset.

Sincethegoal is faceillumination normalizationon singleinput images,we wish to reconstructtheim-

age's albedo–integratednormal–mapandprojectit into thePCA space.However, theLS solutionin Equa-

tion (2.5) is not usefulin thesingleimagecase,becausethematrix SST will benon–invertible. Thus,the

PCAspaceisusedto computeaLS estimateof c. Thisis accomplishedby �rst estimatingthelight–direction

vectorsest. Lighting directionswereestimatedby pixel–wisecomparingtheinput imageto trainingimages

andcomputinga weightedsum;this light directionestimationtechniquewasusedby Sim andKanadein

[10]. Whenwe ranthis algorithm,we foundthattheestimatedlighting directionvectorsdid not vary from

theoriginaldirectionvectorsby morethan10%in theworstcases.Oncethelight–directionvectorhasbeen

estimated,thenormal–mapcanbeestimatedaswell. Let usde�ne thematrixSest astheKrönecker product

of sest andtheidentitymatrix I (d� d) :

Sest =

2

6
6
6
6
6
6
6
4

sest 0

sest

. . .

0 sest

3

7
7
7
7
7
7
7
5

(3d� d)

(3.6)
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Now Eqn.(2.5)canberewrittenas:

b test = ST
est r̂ (3.7)

=

2

6
6
6
6
6
6
6
6
6
6
4

sT
est r̂ 1::3

sT
est r̂ 4::6

sT
est r̂ 7::9

...

sT
est r̂ (3d� 2)::(3d)

3

7
7
7
7
7
7
7
7
7
7
5

(3.8)

SubstitutingEqn.(3.5) into Eqn.(3.7)resultsin:

b test = ST
est� r̂ +

�
ST

estH r̂
�

c (3.9)

�
b test � ST

est� r̂
�

=
�
ST

estH r̂
�

c (3.10)

Now wecantake theLS estimateof c, whichyields:

c =
�
ST

estH r̂
� y �

b test � ST
est� r̂

�
(3.11)

=
�
H T

r̂ SestST
estH r̂

� � 1 �
H T

r̂ Sest
� �

b test � ST
est� r̂

�
(3.12)

It canbeshown [3] thattheleast–squaressolutionfor c is equivalentto theMaximum–A–Priorisolution.

Now thata methodof generatingc from a singlefaceimagehasbeendescribed,c canbepluggedinto

Eqn.(3.5) to generatethe albedo–integratednormal–map̂r for the input image. Eachinput imageis relit

frontally beforepassingtheimageto theclassi�er.

In Figure3.1weshow imagesof theZ–componentsof eachalbedo–integratednormal–vectorin themean

and�rst 20eigenvectors;theimageshavebeenbiased(to 128),sothatnegative valuesareviewableasdark

values. Sincewe aregeneratingfrontally lit imagesof input faces,we simply take the Z–componentof

eachsurface–normalof r̂ to get the pixel values;this meansthat the �nal output imagesareeffectively

linearcombinationsof theseZ–componentimages.For thepurposeof visualization,wealsoshow the3–D

surfaceof themeanandthe�rst seveneigenvectorsin Figure3.2. Note that thesurfacesconstructedfrom

theeigenvectorsdo not have a physicalmeaningthemselves;only linearcombinationsof theeigenvectors
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(whicharealbedo–integratednormal–maps)areusedto reconstructthesurfacesof input images.

3.3. Further Impr oving FaceRecognitionby ConsideringShadows

In this sectionwe explain our expandedapproachto normalizingsingle input images. The approachis

a combinationof the methodsdescribedin Sections3.2 and2.2 — that is, we �nd the shadowed pixels

anddiscludethemfrom the estimateof the albedo–integratedsurface–normals.However, sincewe only

have a single input image,we considerall the shadowed pixels to be missingdata. We can generatea

weightvectorw containing0's in theelementscorrespondingto thepixelswhereshadows arefound,and

1's in the remainingelements. Thus, we are motivatedto usea weighted–SVDapproach(see[26] for

a thoroughdiscussion). The way we useweighted–SVDis: given an existing estimatefor the albedo–

integratednormal–map̂r anda weight vectorw 3d� 1 which indicatesthe presenceof shadows (with zero

values),wewish to �nd cM by solvingtheminimizationproblem:

argmin
cM

J (cM ) = k W (r̂ � (� r̂ + H r̂ cM )) k (3.13)

wherecM is thevectorof PCAcoef�cients wewish to obtain,W 3d� 3d = diag(w) is thematrixcontaining

theelementsof w in its diagonal,andtheremainingtermsarethesameasin Eqn.(3.12). TheLS solution

is:

cM = (H T
r̂ W 2H r̂ )� 1 H T

r̂ (W 2) (r̂ � � r̂ ) (3.14)

We begin the illumination normalizationby estimatingthe albedo–integratednormal–mapof the input

imageusing the methoddescribedin Section3.2; that is, we startby computingthe LS estimateof the

albedo–integratednormal–map̂r without consideringshadows. We thenusethis initial albedo–integrated

normal–mapto generateaheight–map,andlocateattachedandcastshadowsusingthemethodsdescribedin

Section2.2.Thecurrentalbedo–integratednormal–mapandtheweight–vectorareusedwith Eqn.(3.14)to

computea new albedo–integratednormal–map.Theprocessof �nding shadows andusingthatinformation

to re�ne the estimateof the albedo–integratednormal–mapis repeateduntil the solution converges(i.e.

whenthechangein reconstructionerrorbetweeniterationsreachesa threshold).

An outlineof our iterative approachis asfollows:
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Figure3.1: Z-Componentsof Mean(UpperLeft) andFirst 20Eigenvectors

Figure3.2: Surfaceof Mean(left) andFirst 7 Eigenvectors
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1. Estimatethelighting directionvectorfor theinput image.

2. Estimatethealbedo–integratednormal–mapof theinput imagêr by usingEqn.(3.12)andEqn.(3.5);

thatis, usethePCA–spaceto constructaninitial estimateof thegeometry

3. Computew by �nding attachedandcastshadows

4. ComputetheLS estimatefor cM usingEqn.(3.14)

5. Recomputêr usingcM in Eqn.(3.5)

6. If thesolutionhasnotconverged,goto3

3.4. Impr oving Robustnessby Considering Ambient Light

Whenwe introducedtheLambertianmodel,we madetheassumptionthatsceneswerelit by a singlepoint

light source,andthe algorithmsdescribedup until this point rely on the imageshaving no ambientlight.

However, in practicefaceimagesaretakenunderavarietyof illuminationconditions.Therefore,wepropose

asimplemethodfor removing ambientlight from inputimages,sothatinputimagesbettermatchthelighting

modelthattheprevioussectionsassume.

A popularmodelfor ambientlight is anadditive termscaledby thesurfacealbedo,so thenew lighting

model(for a givenpixel i ) becomes:

bi = � i sa + � i nT
i s (3.15)

wheresa is theconstantambientterm.Noticethatsa is assumedto bethesamefor everypixel in thescene.

Sincewe collect theprior statisticsof faceimagesin the trainingstageof our normalizationalgorithm,

we canextractthemeanalbedofrom themeanalbedo–integratednormal–mapof thePCA spaceby taking

themagnitudeof eachalbedo–integratednormal–vector. We now formulateanexpressionfor b0
i , thesetof

pixel valuesthatcorrespondto thebi 's but do notcontainambientlight.

b0
i = bi � � � i sa (3.16)

= � i sa + � i nT
i s � � � i sa (3.17)
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Figure 3.3: Images2 through8 of PIE Subject0, applying ambientlight removal to imagesthat were
illuminatedwith ambientlight

Figure3.4: Images2 through8 of PIESubject0, applyingambientlight removal to imagesthatweretaken
withoutambientlight

where� � i is themean–albedofor the i ' th pixel. Usingthis approximatemodel,we cansearchfor a value

of sa that bestrepresentsthe ambientlight presentin the image. Our methodconsiderssa optimal when

a certainpercentageof the b0
i 's fall nearzero. We experimentallydeterminedthat a goodvalue for this

thresholdis closeto 3%.

To show that this methodworks well, we have includedexampleimagesof PIE subject0. Figure3.3

shows the resultof our ambientlight removal methodwhenappliedto PIE imagesthat were taken with

ambientlight; Figure3.4 shows the resultwhenappliedto imagesthat weretaken without ambientlight.

Noticethatafterprocessingthe imageswith ambientlight, theresultslook very similar to theoriginal PIE

imageswithout ambientlight. Also notethatafterprocessingtheimageswithout ambientlight, theresults

donotdiffer muchfrom theoriginal images.



Chapter 4

Image–ProcessingAlgorithms

In this section,we presenta numberof image–processingalgorithmsthat performcontrastenhancement.

Gain/offset correctionandhistogramequalizationareclassicalgorithmsthat make the input imagespan

theentiredynamicrangeof theoutputchannel(8–bit greyscalein this paper).Retinex is analgorithmby

E. Land [30], that wasdesignedto emulatethe humanvisual system.The remainingalgorithmsthat we

discuss(HomomorphicFiltering,Single–ScaleRetinex, Multi–ScaleRetinex, andtheproposedmethod)all

assumethesamere�ectancemodel,whichcanbedescribedwith there�ectanceequation.

There�ectanceequation,de�ned for eachpixel at location(x; y), is:

B (x; y) = R(x; y) � I (x; y) (4.1)

whereB (x; y) is the image,R(x; y) is theperceived re�ectance,andI (x; y) is theperceived illumination.

Thus,to performillumination normalizationonesimply dividesthe I (x; y) term off of B (x; y), thepixel

value.Severalproposalshave beenmadefor determiningI , with varyingcomplexity.

4.1. Gain/Offset Corr ection

Thegoalof this methodis to make thesignaloccupy the full dynamicrangeof thechannel.This method

relieson assuminganunderlyingprobabilitydensityfunctionof thepixel intensities.If theunderlyingpdf

21
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Figure4.1: Gain/Offset Correction(Gaussian)appliedto a PIE imageilluminatedby only a singlepoint
light source

Figure4.2: Gain/OffsetCorrection(Gaussian)appliedto aPIE imageilluminatedby point light sourceand
ambientlight

is assumedto beuniform,theneachoutputpixel bout (x; y) is computedas

bout (x; y) =
255

bmax � bmin
� bin (x; y) (4.2)

wherebmax is thelargestpixel valuein theinput image,bmin is thesmallestpixel valuein theinput image,

andbin is theinput image.Naturally, thismethodis verysensitive to noiseandimagecontent.

If the underlyingpdf is assumedto be Gaussian,thenthe goal is to transformthe imagesuchthat the

meanof the pixel intensitiesis 128, andthestandarddeviation of thepixel intensitiesis 128
� . Here� is a

parameterthatdeterminesthedynamicrangeof theoutputimage;wechoseto set� = 2 sincetwo standard

deviationscapture95%of thepixels.Theresultingexpressionfor eachpixel is

bout (x; y) =
128

� � � in
� (bin (x; y) � � in ) + 128 (4.3)

where� in and� in andthemeanandstandarddeviation of the input imagebin . Figures4.1 and4.2 show

examplesof thisalgorithmappliedto PIE imageswithoutandwith ambientlight.

4.2. Histogram Equalization

Thegoalof histogramequalizationis to transformtheinput imagein suchawaythattheoutputimagehasa

uniformpdf. To accomplishthis,theimage'spdf mustbeapproximated�rst, whichcanbedoneby takinga
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Figure4.3: HistogramEqualizationappliedto aPIE imageilluminatedby only asinglepoint light source

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

histogram.Oncethepdf is obtained,thecdf canbecomputed;theinversecdf providesthemappingbetween

input pixel valuesandoutputpixel values.Figures4.3and4.4show examplesof this algorithmappliedto

PIE imageswithoutandwith ambientlight.

4.3. ClassicRetinex

Retinex (a combinationof thewordsretinaandcortex) wasoriginally proposedby E. LandandJ.McCann

[30] asan algorithmthat modelsthe humanvisual system. Although its original purposewas for color

constancy, it performswell asacontrast–enhancementalgorithmtoo. For ourexperimentsweusedcodeby

B. Funtetal [31], which implementstheFrankle–McCannvariationon theRetinex algorithm.

TheRetinex algorithmworksby operatingontheimagepixelsin thelog domain.An outputimagebuffer

is createdandinitialized to all ones. Thenfor eachpixel, a randompathis followed, with a “sequential

product”computedalongtheway (thesequentialproductis intializedto 1 for eachpath). Four operations

areperformedalongthepath,wheneachneighboris visited: (1) theratio of thecurrentinput pixel (on the

path)to thepreviousinputpixel is computed,(2) thatratiois multipliedwith thesequentialproduct,(3) if the

sequentialproductis greaterthanacertainthresholdit is resetto 1, and4 thesequentialproductis averaged

with thecurrentoutputpixel. Dependingon thelengthsof thepathsandthethreshold,differentamountsof

contrastcanbeachieved(globalversuslocal). Figures4.5and4.6show examplesof thisalgorithmapplied

to PIE imageswithoutandwith ambientlight.
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Figure4.5: ClassicRetinex appliedto aPIE imageilluminatedby only asinglepoint light source

Figure4.6: ClassicRetinex appliedto aPIE imageilluminatedby point light sourceandambientlight

4.4. Homomorphic Filtering

Homomorphic�ltering is oftenusedin medicalimaging.Homomorphic�lters startby takingthelog of each

pixel, to enhancethe contrastin dark regionsandreducecontrastin bright regions. Thus,the re�ectance

equationbecomes:

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

Theassumptionwith homomorphic�ltering is that lighting changesslowly andsmoothlyacrossanimage.

Basedon thisassumption,a reasonableapproximationfor log (I ) wouldbea lowpass-�lteredversionof the

log–inputimagelog(B ), whichwewill denoteLPF ! c (log (B )). Thisgivesus:

log(R(x; y)) = log(B (x; y)) � [LPF ! c (log (B ))](x; y) (4.5)

An exponentis thenappliedto log (R(x; y)) ascomputedin Equation4.5 to invert thelog functionapplied

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

R(x; y) = exp(log (B (x; y)) � [LPF ! c (log (B ))]( x; y)) (4.6)

Figures4.7and4.8show examplesof thisalgorithmappliedto PIE imageswithoutandwith ambientlight.
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Figure4.7: HomomorphicFilteringappliedto aPIE imageilluminatedby only asinglepoint light source

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

4.5. Single–ScaleRetinex

Single–ScaleRetinex by Z. Rahman[35] is similar to homomorphic�ltering. It differs in theplacementof

the log function,andit doesnot usean exponent.The lowpass�lter is alsode�ned asan FIR �lter . It is

formulatedas

R(x; y) = log (B (x; y)) � log ([(B ? H )](x; y)) (4.7)

= log
�

B (x; y)
[B ? H ](x; y)

�
(4.8)

Where[B ?H ] denotestheconvolutionof theinput imageB with theGaussiankernelH . Convolutionwith

H effectively performsalowpass�ltering operation.After this initial stepof computingR(x; y), gain/offset

correctionis appliedto make the�nal imageviewable. For our �nal implementation,we useda �rst order

IIR Butterworth �lter to perform the lowpass�lter , sincethe performancewas always betterthan using

FIR �lters. Figures4.9 and4.10show examplesof this algorithmappliedto PIE imageswithout andwith

ambientlight.

4.6. Multi–Scale Retinex

Onevery visible problemwith theSingle–ScaleRetinex algorithmis the“halo–ing” effect at sharpbound-

aries.An exampleof halo–ingcanbeseenbelow thenoseof thesubjectin Fig. 4.11.Z. Rahmanet.al. [34]
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Figure4.9: Single–ScaleRetinex appliedto aPIE imageilluminatedby only asinglepoint light source

Figure4.10: Single–ScaleRetinex appliedto a PIE imageilluminatedby point light sourceandambient
light

proposeda methodto suppressthis effect andmaintainbettercolor constancy, which they dubbed“Mul-

tiscaleRetinex.” Recallthat theoriginal Retinex constructionusedGaussianimpulse–responseFIR �lters

to performthe lowpass�lter . Multiscaleretinex generatesseveral lowpassimagesby usingGaussiansof

differentwidths(variances),andcombinesthemwith a weightedsum. For generalusage,satisfactoryper-

formanceis gainedwith equalweighting.

4.7. PerceptionModel with Compandingand SmoothnessConstraint

R. Grossand V. Brajovic [32] proposedan algorithm basedon the Retinex Equationand Weber's law.

Weber's law statesthattheperceivedintensityof a regionwith intensityB (x; y) is proportionalto � B (x;y )
B (x;y ) ;

i. e. theperceivedintensityvarieslogarithmicallywith theinput intensity. Thegoalonceagainis to �nd the

re�ectanceR(x; y); this is accomplishedby minimizing theobjective function:

J (R) =
Z Z

� (x; y)(R(x; y) � B (x; y)) 2dxdy + �
Z Z

(R2
x (x; y) + R2

y(x; y))dxdy (4.9)

Where� (x; y) � � B (x;y )
B (x;y ) encodestheperceptionmodel,theentire�rst termcausesthesolutionto befollow

theperceptionmodel,andthesecondtermis asmoothnessconstraint.Thisis avariationalcalculusproblem,

andtheresultingEuler-Lagrangeequationis:

R(x; y) +
�

� (x; y)
(Rxx (x; y) + Ryy(x; y)) = B (x; y) (4.10)
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This canbe descretizedonto a rectangularlattice andnumericallysolved with Multigrid algorithms(see

[33]). [32] claimsthattheuseof Weber's law causesthealgorithmto handleboundariesin shadowedregions

aswell asin brightareas,since� (x; y) measurestherelative intensityof neighboringpixels.However, many

of theartifactsfoundin Retinex arealsofoundin theresultsof thisalgorithm.

4.8. Ratio Images

Weproposeasimplemethodof approximatingthere�ectanceimage:

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

[LPF ! c (B )](x; y)
(4.11)

This is similar to automaticgain–controlin thespatialdomain.Noticethatwith thismethod,for low–noise

imagesR will mostly containvaluescloseto 1, so somepost–processingis requiredto make the image

viewable.Wefoundthatapplyinggain/offsetcorrectionto R did notproduceviewableresults;thiswasdue

to theintensityof a few edgesdominatingtheimagein mostscenes.However, scalingthe imageintensity

by a �x edfactorandthensaturatingall thepixel valuesgreaterthan255producedvery goodresults.The

�x edfactor� is de�ned as� = 255
� , where� is a parameterthatspeci�eshow muchlocal contrastwill be

retained.For example,if � = 2, thenR(x; y) cantakeonvalueslessthan2 withoutsaturating.Wecall these

resultingimages“Ratio Images,” not to beconfusedwith “QuotientImages”asintroducedby Riklin-Raviv

etal [14].

Theresultingimagestendto preserveedgeswhile turninglargeareasof solidcolorsor slow gradientsinto

solid–coloredregions(with value1). A cutoff frequency that is very high will make thefractionapproach

1, whereasa very low cutoff will make the fraction approachB (x; y). We found that a cutoff frequency

(! c) between0:1� and0:2� worked well on faceimagesin the PIE database.If othercutoff frequencies

arechosen,we foundthat theperformancedegrades,althoughnot by a largeamount.AlthoughFIR �lters

with very wide Gaussianimpulse–responseswereusedfor Single–ScaleRetinex, we used�rst orderIIR

butterworth �lters in ourexperimentsfor their effectivenesson smallimages.

SinceIIR �lters do not have a linearphaseresponse,andif they arecausallyimplementedtheoutputis

delayed,by shifting the�ltered imagein spacebeforeperformingthedivide,betterresultscanbeobtained.
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Figure4.11:“Ratio Image”appliedto aPIE imageilluminatedby only asinglepoint light source

Figure4.12:“Ratio Image”appliedto aPIE imageilluminatedby point light sourceandambientlight

Thiscanbeexpressedas

R� x ;� y (x; y) =
B (x; y)

[LPF ! c (B )](x � � x ; y � � y)
(4.12)

where(� x ; � y) determinetheamountto shift the lowpassimage. Many re�ectanceapproximationsR � x ;� y

canbecomputedby varying(� x ; � y); thesere�ectancescanbeaveragedtogetherbeforeapplyingthescaling

andsaturation.

Examplesof this “Ratio Image”algorithmappliedto PIE imageswith andwithout ambientlighting can

beseenin Figs.4.11and4.12.

4.9 Combining Algorithms

One very easyway to combineSFSand the “Ratio Image” is to perform the SFSprocessingat a low

resolution,thenusetexture–mappingto restorethetestimageto full resolution.Thetexturemapisgenerated

by dividing the input imageby the upsampledlow–resolutionimage. For example,we could take a test

imageb test (100� 100), anddownsampleit to b td (20� 20). We apply a SFS–basednormalizationalgorithm

to b td , resultingin a frontally lit (downsampled)facewe call b nd (20� 20). Separately, we form thetexture

mapT (100� 100) by performingtheoperation:T = b test =LPF ! =0 :2� (b test ). Now we upsamplebnd to get

bn (100� 100), andperformthe pixelwise multiplication bnor m (x; y) = bn (x; y) � T (x; y) to get our �nal

normalizedimage,bnor m . This is illustratedin Fig. 4.13.
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Figure4.13:Block diagramdemonstratingacombinationof SFS–andRetinex–basednormalization.



Chapter 5

Results

In thissection,wedemonstratetheperformanceof thealgorithmsdescribedin Sections2.2and3.3.Weused

cropped,scaledimagesof 64 subjectstakenunder21 illumination conditionsfrom theCMU PIE database

[25] for ourexperiments.Therearetwo datasetsin thePIE database:imagesthatwerelit with a point light

source,andimagesthatwerelit with a point light sourceandambientlight. We usedtheTorchlibrary [27]

for its Matrix routinesin our implementation.

5.1. Photometric Stereo

For our �rst setof experiments,we show thatour photometricstereoalgorithmyieldsbetterreconstruction

error thanthe LS solutionin Eqn. (2.5). We measurethe reconstructionerror by relighting the recovered

albedo–integratednormal–mapwith theillumination directionsof eachof theinput images,andtakingthe

sumof squaredpixel differences(thesamecriteriathatis beingminimizedby theLSsolution).Comparisons

weremadeon imagesfrom � ve subjects(0, 1, 6, 7, and10) at resolutionsof 33x33and100x100,with

varying input imagelighting conditions. The three input imagesetswere: (a) all 21 PIE illumination

conditions[ 2 . . . 22 ] (seeFig. 5.1 for the input imagesfor PIE subject0), (b) 7 illumination conditions

includingfrom avarietyof directions[ 2, 4, 6, 8, 10,12,1 ] (seeFig. 5.2),and(c) 7 illuminationconditions

with light sourcesmostlyat extremeangles[ 2, 3, 4, 8, 15, 16, 17 ] (seeFig. 5.3). Figure5.4 containsall

theimagesof subject6 of thePIEdatabase,arrayedfrom 2 . . . 8 on thetop row, 9 . . . 15 in themiddlerow,

and16 . . . 22 on thebottomrow (Fig. 5.1 is similarly arrayed).Table(5.1)summarizestheresults.Notice

thatwereceiveasubstantialimprovementin reconstructionerrorwhenmostlyshadowy imagesareincluded
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Figure5.1: All 21 Imagesof Subject0 of thePIEdatabase

Figure5.2: Imagesof PIE Subject0 usedfor testcase(b)

Figure5.3: Imagesof PIESubject0 usedfor testcase(c)

in the input set. Fig. 5.5 shows thesurface(not includingalbedo)computedby theLS solutionon the left

andtheproposedsolutionon theright, for subject6 in the100x100(a) casefrom a frontal view. Fig. 5.6

shows thesamesurfacefrom apro�le view. Theverticallinesin Fig. 5.6projectdown to a planebelow the

facesurface,to aid theviewer in judgingtherelative heightsof partsof thesurface.Noticetheprotruding

lower facethat is computedby theLS solution(Fig. 5.6, left side).Theidentity of thesubjectis preserved

betterby theproposedsolution(Fig. 5.5),andtheheightof the lower half of thefaceis moreconsistently

computed(Fig. 5.6). We canattribute the improved height to the LS estimationphenomenondescribed

earlier, of shadowed pixelsbeing“pushedaway” from the light directionthey werecapturedunder. Since

pixels on the sideof the faceareoften undershadow, this tendsto make their estimatedsurface–normals

steeperthanthey shouldbe;theresultis thepoorly determinedheightof thelower facearea.Wealsoshow

similar imagesof subject0 of thePIEdatabasein Figures5.1,5.7,and5.8.
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TestCase Avg. % Impr ovementin ReconstructionErr or.
33x33(a) 7.4
33x33(b) 2.92
33x33(c) 22.46

100x100(a) 7.16
100x100(b) 1.15
100x100(c) 12.87

Table5.1: PercentImprovementof SquaredError from LS solutionto Proposedsolution

Figure5.4: All 21 Imagesof Subject6 of thePIEdatabase

5.2. FaceRecognition– SFS

We conductedour experimentswith frontal imagesof 64 subjectsfrom the PIE database,taken with the

locationof the �ash bulb at 21 different locations,with andwithout ambientlight (overhead�uorescent

lights). Theimageshave beenscaledandcropped,andareat a resolutionof 100x100.We useda Support–

Vector Machineclassi�er [28] in the recognitiontests. The Torch library [27] was usedfor its matrix

manipulationroutines.Whenwe saythatwe aretestinga givenalgorithm's performance,wemeanthatwe

areusingthat algorithmsasa pre–processingstepfor both the gallery andprobeimagesprovided to the

classi�er.

Westartby presentingtheresultsof theShape–From–Shadingbasedwork. For thefacerecognitiontask

we usedan SVM classi�er [28], andcomparethe performanceof imageswith no pre–processing,after

normalizingusingthe algorithmdescribedin Section3.2 (referredto asSFS+PCA),andthe normalizing
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Figure5.5: Surfaceof PIESubject6, FrontalView; LS solution(left), proposedsolution(right)

Figure5.6: Surfaceof PIESubject6, Pro�le View; LS solution(left), proposedsolution(right)
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Figure5.7: Surfaceof PIESubject0, FrontalView; LS solution(left), proposedsolution(right)

Figure5.8: Surfaceof PIESubject0, 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+S.Det - (6, 7, 8, 9, 10) 62
Baseline- (3, 5, 9, 13,16) 27
SFS+PCA- (3, 5, 9, 13,16) 53
SFS+PCA+S.Det - (3, 5, 9, 13,16) 55

Table5.2: RecognitionRatesof Baseline,SFS+PCA,andSFS+PCA+S.Det Methods,whengallery and
probeimageshave noambientlight

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

Table5.3: RecognitionRatesof Baseline,SFS+PCA,andSFS+PCA+S.DetMethods,whengalleryimages
have noambientlight, but probeimagesdo have ambientlight

algorithm involving PCA and shadow–detectionin all the SFSsteps(referredto as SFS+PCA+S.Det).

Twenty-four(24) of thePIE subjectswereusedto computethePCA–space,andtheremaining40 subjects

wereusedfor recognition. The PCA spacecontained20 eigenvectors,andthe imageswereprocessedat

a resolutionof 25x25pixels. Naturally, eachimagewasprocessedindependently(this is thesingle–face–

imagenormalizationtest).Table(5.2)shows theresultsof thethreeimagesetsbeingcompared,whendif-

ferentsubsetsof theimagesareusedasthegallerysetfor theclassi�er, andthegalleryandprobeimagesdo

notcontainambientlight. Theparanthesizedlistsin the�rst columnshow whichPIEilluminationsarebeing

usedfor the gallery for eachsubject: (6,7,8,9,10)areall relatively frontal lighting, whereas(3,5,9,13,16)

spansextremeilluminationvariationin theX–direction.Table(5.3)shows therecognitionresultswhenthe

gallerycontainsimageswith no ambientlight, but theprobeimagesdo containambientlight. We cansee

agreatdealof improvement(roughlydoubletherecognitionrate,from ~ 25%to ~ 50–60%)whenweper-

form eitherof ouralgorithmsversusperformingnopre–processing,andtheshadow–detectionenhancement

to thenormalizationalgorithm(SFS+PCA+S.Det)providesanadditionalimprovementof 2–4%aswell.
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Fromthis,we cansaythatour illuminationnormalizationalgorithmis ableto improve recognitiondramat-

ically undera varietyof conditions.Thenormalizedimagesof subject0 of thePIE databaseareshown in

two groups:Figures5.9,5.10,and5.11areimageswith no ambientlight, andFigures5.12,5.13,and5.14

areimageswith ambientlight. Noticethatall of thenormalizedimagesappearto befrontally lit.
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TestCase RecognitionRate
Baseline(unprocessedPIE) 31
SFS+PCA+S.Det 40
SFS+PCA+S.Detw/ RatioImage 42
Gain/OffsetCorrection 48
HistogramEqualization 47
Canny EdgeDetector 65
ClassicRetinex 36
HomomorphicFiltering 41
Single–ScaleRetinex 43
RatioImage 88
Ratio Imagew/ Shifts and Avg. 93
RatioImage,SobelFilter 73
RatioImage,Canny EdgeDet. 54

Table5.4: RecognitionRatesof many algorithmsfor the(gallery/probe)datasetcase(noamb/noamb)

5.3. FaceRecognition– The Big Picture

Wenow focusourattentionontheimageprocessingalgorithmspresentedin Section4. Althoughsubstantial

gainsin recognitionperformancecanbeachievedwith theSFSmethods,wewereabletoachieveevenhigher

levelsof performancewith simpleimageprocessingalgorithms.Below, we show theaverageperformance

of thesealgorithmswhenonegalleryimageis providedfor eachsubject;theperformancegivenbelow is the

averageof therecognitionratesthatareachieved whenPIE images3, 5, 9, 13, 16, and20 areusedasthe

gallerysets.For eachalgorithmthatwe test,4 testsareconducted;thesetestsshow theperformancewhen

differentPIE datasets(with no ambientlight, with ambientlight) areusedfor the gallery andprobe. We

will abbreviate “with no ambientlight” as“noamb,” and“with ambientlight” as“amb.” Thefour possible

combinations,whichwe write in theform (gallery/probe),are(noamb,noamb)— Table5.4,(noamb,amb)

— Table5.5,(amb,noamb)— Table5.6,and(amb,amb)— Table5.7.Webelieve this is indicativeof real–

world performance,sincetherearemany applicationswhereonly asingleimageof asubjectis available.

Note that we additionallytestedthe Canny edgedetector[20]; we did this becausethe methodsthat per-

formedbest(suchasthe Ratio Image)seemedto preserve the edgesof the input imagesanddiscardthe

remainingfeatures.However, we canseethat theRatio Imageis not simply performingedge–extraction,
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Figure5.9: Subject0 of thePIEdatabase(noambientlight)

Figure5.10:Subject0 of thePIE database(noambientlight), normalizedwith SFS+PCA

Figure5.11:Subject0 of thePIEdatabase(noambientlight), normalizedwith SFS+PCA+S.Det



39

Figure5.12:Subject0 of thePIEdatabase(with ambientlight)

Figure5.13:Subject0 of thePIEdatabase(with ambientlight), normalizedwith SFS+PCA

Figure5.14:Subject0 of thePIEdatabase(with ambientlight), normalizedwith SFS+PCA+S.Det
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TestCase RecognitionRate
Baseline(unprocessedPIE) 3
SFS+PCA+S.Det 37
SFS+PCA+S.Detw/ RatioImage 39
Gain/OffsetCorrection 48
HistogramEqualization 47
Canny EdgeDetector 26
ClassicRetinex 32
HomomorphicFiltering 31
Single–ScaleRetinex 35
RatioImage 62
Ratio Imagew/ Shifts and Avg. 64
RatioImage,SobelFilter 33
RatioImage,Canny EdgeDet. 14

Table5.5: RecognitionRatesof many algorithmsfor the(gallery/probe)datasetcase(noamb/amb)

TestCase RecognitionRate
Baseline(unprocessedPIE) 3
SFS+PCA+S.Det 17
SFS+PCA+S.Detw/ RatioImage 18
Gain/OffsetCorrection 40
HistogramEqualization 39
Canny EdgeDetector 21
ClassicRetinex 25
HomomorphicFiltering 18
Single–ScaleRetinex 39
Ratio Image 60
RatioImagew/ ShiftsandAvg. 54
RatioImage,SobelFilter 21
RatioImage,Canny EdgeDet. 17

Table5.6: RecognitionRatesof many algorithmsfor the(gallery/probe)datasetcase(amb/noamb)
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TestCase RecognitionRate
Baseline(unprocessedPIE) 58
SFS+PCA+S.Det 52
SFS+PCA+S.Detw/ RatioImage 62
Gain/OffsetCorrection 75
HistogramEqualization 76
Canny EdgeDetector 96
ClassicRetinex 90
HomomorphicFiltering 79
Single–ScaleRetinex 74
RatioImage 99
Ratio Imagew/ Shifts and Avg. 100
RatioImage,SobelFilter 96
RatioImage,Canny EdgeDet. 93

Table5.7: RecognitionRatesof many algorithmsfor the(gallery/probe)datasetcase(amb/amb)

sinceit yieldsmuchhigherrecognitionratesthanusingtheCanny edgedetectorby itself. Wealsotriedap-

plying edgeextractionto theimagesgeneratedby theRatioImage(denotedas“Ratio Image,SobelFilter”

and“Ratio Image,Canny EdgeDet” in thetables).However, theperformanceis signi�cantly worsewhen

theseedgedetectorsareused,soclearlybothedgeinformationandtexture is beingusedby theclassi�er.

Wecanconcludefrom thedatathatthe“Ratio Imagew/ ShiftsandAvg.” providesthebestfacerecognition

rates,outof all theimageprocessingalgorithmstested.



Chapter 6

Conclusion

In our �nal remarks,we can say that the Lambertianmodel typically usedfor SFScan be extendedto

accountfor thepresenceof shadows, yielding favorableperformance.Theoverall approachwhenmultiple

input imagesof the samesubjectareprovided, is to startwith an estimateof the surface,and iteratively

�nd theshadowedpixelsanddiscludethemfrom thesubsequentsurfaceestimate.Following theproposed

approachhasyieldedupto a22%improvementin squarederror. Wecanalsoconcludethatour illumination

normalizationapproachfor facerecognitionis capableof improving recognitionratesdramatically, undera

varietyof situations.

We have also found that certainsimple imageprocessingalgorithmscanprovide excellent resultsfor

illumination normalization. The “Ratio Imagew/ Shifts and Avg.” provided the best facerecognition

rates,andthe imagequality is also(subjectively) good. Oneinterestingresultof this work is �nding that

imageswhich areeasierfor humansto recognizefeaturesin, arenot necessarilythebestimagesto provide

to classi�ers. This is clearwhenwe look at the recognitionrates;imageprocessingalgorithms(suchas

Single–ScaleRetinex) whosegoal is to make imageslook betterfor humansdo not performaswell asthe

“Ratio Image”whichproducesmoreun–naturalimages.

Futurework includesapplyingthe “Ratio Image” to video,which could involve operationssuchasap-

plying the lowpass�lter over time andusingmotion–compensation.Ef�cient implementationsfor useon

embeddedsystemsshouldbepossiblewith thisalgorithmaswell.
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