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Abstract

In the Fall of 2000we collecteda databas@®f over 40,000facialimagesof 68 people.Usingthe
CMU 3D Roomwe imagedeachpersonacrossl 3 differentposesunder43 differentillumination
conditions,andwith 4 differentexpressionsWe call thisthe CMU Pose|llumination,andExpres-
sion(PIE) databaseWe describeheimaginghardware,the collectionprocedurethe organization

of theimagessereralpossibleusesandhow to obtainthedatabase.



1 Introduction

Peopldook very differentdependingonanumberof factors.Perhapshe 3 mostsignificantfactors
are: (1) the pose;i.e. the angleat which you look at them, (2) theillumination conditionsat the
time, and (3) their facial expression;e.g. smiling, frowning, etc. Although several other face
databasesxist with alarge numberof subjectd Philipset al., 1997, andwith significantposeand
illumination variation[Geoghiadeset al., 200d, we felt thattherewasstill a needfor a database
consistingof afairly large numberof subjectsgachimageda large numberof times,from several

differentposesundersignificantillumination variation,andwith a variety of expressions.

BetweenOctober2000andDecembe000we collectedsucha databaseonsistingof over
40,000imagesof 68 subjects(Thetotal sizeof thedatabases about40GB.)We call thisthe CMU
Pose,lllumination, and ExpressionPIE) database.To obtaina wide variationacrosspose,we
used13 camerasn the CMU 3D Room[Kanadeet al., 1999. To obtainsignificantillumination
variation we augmentedhe 3D Roomwith a “flash system”similar to the one constructedby
AthinodorosGeoghiadesPeterBelhumeurandDavid Kriegmanat Yale University[Geoghiades
et al., 200d. We built a similar systemwith 21 flashes. Sincewe capturedimageswith, and
without, backgroundighting, we obtained21 x 2 + 1 = 43 differentillumination conditions.

Furthermoreyve asledthe subjectdo posewith severaldifferentexpressions.

In the remainderof this paperwe describethe capturehardware, the organizationof the

imagesalarge numberof possibleusesof the databaseandhow to obtainacopy of it.

2 CaptureApparatus

2.1 Setup of the Cameras. Pose

Obtainingimagesof a personfrom multiple posesequireseithermultiple camerasapturingim-
agessimultaneouslyor multiple “shots” takenconsecutrely (or acombinationof thetwo.) There
are a numberof adwantagesof using multiple cameras:(1) the processtakes lesstime, (2) if
the camerasarefixed in spacethe (relatve) poseis the samefor every subjectandthereis less
difficulty in positioningthe subjectto obtaina particularpose,(3) if theimagesaretaken simul-

taneouslywe know thattheimagingconditions(i.e. incidentillumination, etc) arethe same.This
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Figurel: (a) The setupin the CMU 3D Room[Kanadeet al., 1999. The subjectsitsin a chairwith his
headagainst poleto fix theheadposition.We usedl13 Sory DXC 9000(3 CCD, progressie scan)cameras
with all gainandgammacorrectionturnedoff. We augmentedhe 3D Roomwith 21 Minolta 220X flashes
controlledby an AdvantechPCL-734digital outputboard,duplicatingthe Yale “flash dome”[Geoghiades
et al., 2004. (b) The xyz-locationsof the headposition,the 13 camerasandthe 21 flashesplottedin 3D.
Thesdocationsweremeasureavith a Leicatheodoliteandareincludedin the meta-data.

final advantagecanbe particularlyusefulfor detailedgeometricandphotometricnodelingof ob-
jects.Ontheotherhand,the disadantage®f usingmultiple camerasare: (1) we actuallyneedto
possesmultiple camerasdigitizers,andcomputerdo capturethedata,(2) thecameraseedto be
synchronizedthe shuttersmustall openat the sametime andwe mustknow the correspondence

betweerthe frames,and(3) thecamerasill all have differentintrinsic parameters.

Settingup a synchronizednulti-cameramagingsystemis quite an engineeringeat. For-
tunately sucha systemalreadyexistedat CMU, namelythe 3D Room[Kanadest al., 1999. We
reconfiguredhe3D Roomandusedit to capturemultiple imagessimultaneoushacrosgose.Fig-
ure 1 shaws the capturesetupin the 3D Room. Thereare49 camerasn the 3D Room, 14 very
high quality (3 CCD, progressie scan)Sory DXC 900075, and 35 lower quality (singleCCD, in-
terlaced)JVC TK-C1380U’s. We decidedo useonly the Sory camerasothattheimagequalityis
approximatelythe sameacrosghe databaseDueto otherconstraintsve wereonly ableto usel3

of the 14 Sory camerasThis still allowedusto capturel3 posesof eachpersonsimultaneously

We positioned9 of the 13 camerasat roughly headheightin an arc from approximately
full left profile to full right profile. Eachneighboringpair of these9 camerasare approximately
22.5° apart. Of theremaining4 cameras2 wereplacedabove andbelow the centralcamerac27,
and2 were placedin the cornersof the room, wheresuneillancecamerasaretypically located.
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The locationsof 10 of the camerascan be seenin Figure 1(a). The other3 are symmetrically
oppositethe 3 right-mostcamerasn thefigure. We measuredhe locationsof the camerasisinga

theodolite.Themeasuredocationsareshavn in Figure1(b) andareincludedin the meta-data.

2.2 TheFlash System: Illumination

To obtainsignificantilluminationvariationwe extendedhe 3D Roomwith a“flash system”similar
to the Yale Domeusedto capturethe datain [Geoghiadeset al., 2004. With help from Athin-

odorosGeoghiadesand PeterBelhumeuy we usedan AdvantechPCL-734,32-channedigital
outputboardto control21 Minolta 220X flashes.The Advantechboardcanbe directly wired into
the “hot-shoe” of the flashes. Generatinga pulseon one of the outputchannelghen causegshe
correspondingdlashto go off. We placedthe Advantechboardin oneof the 17 computersisedfor
imagecapturen the 3D Roomandintegratedthe flashcontrolcodeinto theimagecaptureroutine
sothatthe flash,the durationof which is approximatelylms, occurswhile the shutter(duration
approximatelyl6ms)is open.We thenmodifiedtheimagecapturecodesothatoneflashgoesoff

in turn for eachimagecaptured We werethenableto capture21 imageseachwith differentillu-

mination,in 21/30 = 0.7sec. Thelocationsof the flashesmeasuredvith a theodolite areshovn
in Figure1(b) andincludedin the databaseneta-dataalongwith with cameradocations.

In the Yaleillumination databas¢Geoghiadeset al., 2000 the imagesare capturedwith
the room lights switchedoff. Theimagesin the databas¢hereforedo not look entirely natural.
In the realworld, illumination usually consistsof anambientlight with perhapsoneor two point
sources.To obtainrepresentatie imagesof suchcaseqthataremoreappropriatgor determining
therobustnes®f facerecognitionalgorithmsto illumination changewe decidedo capturamages
bothwith the roomlights on andwith themoff. We decidedto includeimageswith the lights off

to give somepartial overlapwith the databaseisedin [Geoghiadest al., 2004.

3 Database Contents

On averagethe entire captureproceduretook about10 minutesper subject. In that time, we
capturedandretained)over 600imagesfrom 13 poseswith 43 differentilluminations,andwith
4 expressions.The color imageshave size 640 x 486. (The first 6 rows of the imagescontain
synchronizatiorinformationaddedby the VITC unitsin the 3D Room[Kanadeet al., 1999. This

3



Figure2: An illustration of the posevariationin the PIE databaseThe posevariesfrom full left profile to
full frontalandonto full right profile. The 9 camerasn the horizontalsweepareeachseparatedby about
22.5°. The 4 othercameradnclude 2 abore and2 belown the centralcameraand 2 in the cornersof the
room,typical locationsfor sureillancecamerasSeeFigurel for thecamerdocations.

informationmay be discarded.)The storagerequiredper personis approximatelysO0MB using
color “raw PPM” images.Thus,thetotal storageequirementor 68 peopleis around40GB. This
canof coursebe reducedby compressionbut we did not do soin orderto presere the original

data.

3.1 PoseVariation

An exampleof the posevariationin the PIE databasés shovn in Figure2. This figure contains
imagesof 1 subjectfrom eachof the 13 cameras.As canbe seen,thereis a wide variationin
posefrom full profile to full frontal. This subsetof the datashouldbe usefulfor evaluatingthe
robustnessof facerecognitionalgorithmsacrosspose. Sincethe cameraocationsare known, it
canalsobe usedfor the evaluationof poseestimationalgorithms. Finally, it might be usefulfor

the evaluationof algorithmsthatcombineinformationfrom multiple widely separatediews.

3.2 Poseand Illumination Variation

Examplesof the poseandillumination variationareshavn in Figure 3. Figure 3(a) containsthe
variationwith the room lights on and Figure 3(b) with the lights off. Comparingthe imageswe
seethatthosein Figure3(a)appeamorenaturalandrepresentatie of imageshatoccurin thereal
world thanthosein Figure3(b). On the otherhand,the datawith the lights off was capturedto
reproduceheYaledatabasesedn [Geoghiadeset al., 200q. Thiswill allow adirectcomparison
betweenthe 2 databases.We foreseea numberof possibleusesfor the poseand illumination
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Figure 3: Examplesof the poseandillumination variationwith (a) the room lights on, and(b) the room
lights off. Noticehow thecombinationof roomillumination andflashedeadsto muchmorenaturallooking
imageghanwith justtheflashalone.

variationdata:First, it canbe usedto reproducetheresultsin [Geoghiadeszt al., 200d. Second,

it canbe usedto evaluatetherobustnes®f facerecognitionalgorithmsto poseandillumination.

3.3 Poseand Expression Variation

An exampleof the poseand expressionvariationis shovn in Figure4. The subjectis asked to
provide a neutralexpression,to smile, to blink (i.e. to keeptheir eyes shut), andto talk. For
neutral,smiling, andblinking, we kept 13 images,1 from eachcamera.For talking, we captured
2 second®f video (60 frames).Sincethis occupiesa lot morespacewe keptthis datafor only 3
camerasthe frontal camerac27, the three-quarteprofile camerac22, andthe full profile camera
c05. In addition, for subjectswho usuallywear glassesye collectedan extra setof 13 images

without their glassesaskingthemto put on a neutralexpression.

The poseandexpressionvariationdatacanbe usedto testthe robustnessf facerecogni-
tion algorithmsto expression(and pose.) The reasonfor including blinking wasthat mary face
recognitionalgorithmsusethe eye pupilsto align afacemodel. It is thereforepossiblethatthese
algorithmsare particularlysensitve to subjectsblinking. We cannow testwhetherthis is indeed

thecase.

34 Meta-Data

We collecteda variety of miscellaneouSmeta-data’to aid in calibrationandotherprocessing:
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Figure4: An exampleof theposeandexpressiorvariationin the PIE databaseEachsubjectis askedto give
aneutralexpressionfo smile,to blink, andto talk. We capturethis variationacrossall posesFor theneutral
images.the smiling images,andthe blinking images,we keepthe datafrom all cameras.For the talking
images,we keep60 framesof video from only 3 cameragfrontal c27, three-quarteprofile c05, andfull
profile c22). For subjectsvho wearglassesve alsocapture from all cameraspnesetof neutral-e&pression
imagesof themwithout their glasses.

Head, Camera, and Flash Locations: Usinga theodolite, we measuredhe xyz-locationsof the
head,the 13 camerasandthe 21 flashes.SeeFigure 1(b). The valuesareincludedin the

databas@ndcanbeusedto estimatgrelative) headposesandillumination directions.

Background Images: At the startof eachrecordingsessionwe captureda backgroundmage
from eachof the 13 camerasThesemagescanbe usedto helplocalizethefaceregion.

Color Calibration Images. Althoughthe cameraghatwe usedareall of the sametype, thereis
still alargeamountof variationin their photometricesponsedjothdueto theirmanutcture
anddueto the factthatthe aperturesettingson the camerasvereall setmanually We did
perform “auto white-balance”on the camerashut thereis still somenoticeablevariation
in their color response.To allow the camerado be intensity- (gain and bias) and color-

calibratedwe capturedmagesof color calibrationcharts.

Personal Attributes of the Subjects. Finally, weincludesomepersonainformationaboutthe 68
subjects.For eachsubjectwe recordthe subjects sex andage,the presenceor absencef

eye glassesmustacheandbeard,aswell asthedateon which theimageswerecaptured.

4 Potential Uses of the Database

Throughoutthis paperwe have pointedout a numberof potentialusesof the databaseWe now

summarizesomeof the possibilities citing severalpaperghathave alreadyusedthe database:
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¢ Evaluatingposeinvariantfacedetector§Heiseleet al., 2001aHeiseleet al., 20014.
e Evaluationof headposeestimatiomalgorithms.

e Evaluationof the robustnesf facerecognitionalgorithmsto the poseof the probeimage
[Grosset al., 2001,Blanzet al., 2007.

e Evaluationof facerecognitionalgorithmsthatoperateacrosgose;.e. algorithmsfor which

the galleryandprobeimageshave differentposeqd Grosset al., 2002,Blanzet al., 200.
¢ Evaluationof facerecognizershatusemultiple imagesacrospose[Grosset al., 2004.

¢ Evaluationof the robustnes®f facerecognitionalgorithmsto illumination (andpose)[Sim
andKanade2001,Grosset al., 2001,Blanzet al., 2004.

e Evaluationof therobustnes®f facerecognitionalgorithmsto facial expressiorandpose.

e 3D facemodelbuilding eitherusingmultiple imagesacrosgose(stereo)or multipleimages
acrossllumination (photometricstered Geoghiadest al., 2000).

Theimportanceof the evaluationof algorithms(andthe databaseasedto performthe evaluation)
for the developmentof algorithmsshouldnot be underestimatedt is oftenthefailure of existing
algorithmson new datasetsor simply the existenceof new datasetsthatdrivesresearctiorward.

5 Obtaining the Database

We have beendistributing the PIE databasén thefollowing manner:

1. Therecipientshipsanempty(E)IDE harddriveto us.

2. We copy thedataontothedrive andshipit back.

To datewe have shippedhePIE databaséo over50researclyroupsworldwide. Anyoneinterested
in receving thedatabasshouldcontacttheseconcauthorby emailatsi nronb@s. cnu. edu or
visit the PIE databasevebsiteatwww. ri . crmu. edu/ proj ect s/ project _418. htnl .
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