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Abstract

Many recanition algorithms dependon careful posi-
tioning of an objectinto a canonicalpose sothe position
of featuiesrelativeto a xed coordinate systencan be ex-
amined. Currently, this positioningis doneeither manu-
ally or by training a class-specializetearning algorithm
with sampleof the classthat havebeenhand-labeledvith
partsor poses.n this paperwedescribea novel methodo
achievethis positioningusingpoorly alignedexamplesof a
classwith no additionallabeling Givena setof unaligned
examplass of a class,sud asfaces,we automaticallybuild
analignmentmedanismwithoutanyadditionallabelingof
partsor posesn thedataset. Usingthis alignmentmeda-
nism,new membes of theclass sut asfacesresultingfrom
a facedetectorcanbe preciselyalignedfor therecaynition
processOur alignmentmethodmprovesperformancena
facerecanitiontask,bothoverunalignedimagesandover
imagesalignedwith a facealignmentalgorithmspeci cally
developedor andtrainedon hand-labeledaceimages.We
alsodemonstateits useon an entirely differentclassof ob-
jects(cars), again withoutproviding anyinformationabout
partsor poseto thelearningalgorithm.

1. Intr oduction

Theidenti cation of certainobjectsclassessuchasfaces
or cars,canbe dramaticallyimprovedby rst transforming
a detectedobjectinto a canonicalpose. Suchregistration
reduceghe variability thatanidenti cation systemor clas-
si er mustcontendwith in the modelingprocess. Subse-
guentidenti cation canconditionon spatialpositionfor a
detailedanalysisof the structureof the objectin question.
Thus, mary recognitionalgorithmsassumehe prior rough
alignmentof objectsto a canonicalpose[1, 7, 15, 17]. In
general,the betterthis alignmentis, the betteridenti ca-
tion resultswill be. In fact, alignmentitself hasemepged
as an important sub-problemin the face recognitionlit-
erature[18], and a numberof systemsexist for the de-
tailed alignmentof speci c catgoriesof objects,suchas
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faced3, 4, 5,6,12, 19, 20].

We point out thatit is frequentlymucheasierto obtain
imageghatareroughlyalignedthanthosethatareprecisely
aligned, indicating an importantrole for automaticalign-
ment procedures.For example,imagesof peoplecanbe
taken easily with a motion detectorin an indoor erviron-
ment,but will resultin imageghatarenotpreciselyaligned.

Figurel. Recognitionpipeline

Althoughthereexist mary individual componentso do
bothdetectionandrecognitionwe believe the absencef a
completeend-to-endsystemcapableof performingrecog-
nition from an arbitrary sceneis in large part due to the
dif culty in alignment,the middle stageof the recognition
pipeline(Figurel). Often,themiddlestages ignored with
theassumptiorthatthe detectowill performaroughalign-
ment,leadingto suboptimakecognitionperformance.

A systemthat did attemptto addresshe middle stage
would suffer from two sign cant drawbacks of current
alignmentmethods:

They aretypically designear trainedfor asingleclass
of objects,suchasfaces.

They require the manuallabelling either of specic
featuresof anobject(like the middle of the eye or the
cornersof the mouth)} or a descriptionof the pose
(suchasorientationandpositioninformation).

As aresult,thesemethodsequiresigni cant additional
effort whenappliedto a new classof objects. Either they
mustberedesignedrom scratchor a nen datasetmustbe
collectedjdentifying speci c partsor posef thenew data
setbeforean alignmentsystemcan be built. In contrast,

1Somesystemsdentify morethan80landmarksperfacefor 200to 600
faced6, 19].



systemgor thedetectiorandrecognitionstepsof therecog-
nition pipeline only require simple, discretelabels, such

asobjectversusnon-objector pair matchversuspair non-

match,which are straightforward to obtain, makingthese
systemssigni cantly easierto setup thancurrentsystems
for alignmentwhereeventheform of the supervisednput

is very oftenclass-dependent.

Someprevious work hasuseddetectorscapableof re-
turning someinformationaboutobjectrotation,in addition
to positionandscale,suchas,for faces[8, 16]. Usingthe
detectedrotation angle, along with the scaleand position
of thedetectedegion, onecouldplaceeachdetectedbject
into a canonicalpose. However, so far, theseefforts have
only providedveryroughalignmentdueto thelack of preci-
sionin estimatingthe poseparametersk-or example,in [8],
therotationis only estimatedo within 30 degrees,so that
oneof 12rotation-speci cdetectorganbeused.Moreover,
evenin the caseof frontal facespositionandscaleareonly
roughlyestimatedand,in fact,for faceimageswe usethis
asa startingpoint andshav thata more precisealignment
canbeobtained.

More concretelyin thiswork, we describeasystemnthat,
given a collection of imagesfrom a particularclass,auto-
matically generatean“alignmentmachine”for thatobject
class.Thealignmentmachine which we call animage fun-
nel, takesasinputa poorly alignedexampleof theclassand
returnsawell-alignedversionof theexample.Thesystenmnis
fully automatian thatit is notnecessarto labelpartsof the
objectsor identify their initial posespor even specifywhat
constitutesan alignedimagethroughan explicitly labeled
canonicalpose,althoughit is importantthatthe objectsbhe
roughly alignedto begin with. For example,our system
cantake a setof imagesasoutputby the Viola-Jonesace
detectorandreturnanimagefunnelwhich dramaticallyim-
provesthe subsequerdlignmentof facialimages.

(We notethatthe term alignmenthasa specialmeaning
in thefacerecognitioncommunity whereit is oftenusedto
refer to the localizationof speci ¢ facial features. Here,
becausewe are using imagesfrom a variety of different
classesye usethetermalignmentto referto therecti ca-
tion of a setof objectsthatplacesthe objectsinto the same
canonicalpose. The purposeof our alignmentsis not to
identify partsof objects,but ratherto improve positioning
for subsequentrocessingsuchasanidenti cation task.)

1.1 Previous Work

The problemof automaticalignmentfrom a setof ex-
amplarshasbeenaddressegreviously by Learned-Millers
congealingprocedurg10]. Congealingastraditionally de-
scribedworks directly on the pixel valuesin eachimage,
minimizing the entrogy of eachcolumn of pixels (a pixel
stack)throughthedataset. Thisproceduravorkswell when
themainsourceof variability in a pixel valueis dueto mis-

registration.Congealinchasprovento work well onsimple
binary handwrittendigits [14] and on magneticresonance
imagevolumeg[11, 21]. Thesedatasetsarefree of mary of
the mostvexing typesof noisein images.In particulat the
goalof thiswork wasto extendcongealing-stylenethoddo
handlereal-world imagecomplexity, including phenomena
suchas

comple andvariablelighting effects,

occlusions,

highly varied foreground objects (for example, for
faces,arising from varying headshape hair, beards,
glasseshats,andsoforth), and

highly variedbackgrounds.

For example, on a realistic set of face imagestaken
from news photographsstraightforward implementations
of congealingdid not work at all. To make the general
approachof congealingwork on this type of complex im-
ages,we neededo de ne featuresfor congealingthat ig-
nore unimportantvariability, suchaslighting, have a large
capturerange,andarenot sensitve to the clusteringproce-
durewe useto obtainthe rst two properties.Thedetailsof
theextensionaredevelopedin Section3.

Another information theoretic methodwas previously
proposedy Kim etal. [9]. However, thatmethodsolvesthe
separatgproblemof computingcorrespondencelsetween
two highly similar imagestaken from a stereopair using
mutual information, whereasour methodjointly alignsan
entiresetof highly variableimageausingentropy minimiza-
tion.

We shov our systemon different classesof images:
frontal facesandrearcars.For faceswe show high quality
resultsonthe Facesn the Wild dataset[2], which contains
mary different peopleunderdifferent posesand lighting,
ontop of complex backgroundsin contrasto the datasets
on which mary otheralignmentmethodsaretested which
containa limited numberof peoplein front of controlled
backgrounds.We thenshow similar quality alignmentre-
sultson cars,usingthe sameout of thebox codeasusedfor
thefaceswithoutthe needfor ary trainingor labeling.

In addition, we do detailedcomparisonf our results
in frontal facerecti cation with previouswork by Zhou et
al. [19]. In particular we show thatfaceidenti ers built us-
ing ourrecti ed imagesoutperformanidenti er built using
imageghateitherhave notbeenpre-processedndevenex-
ceedsanidenti er built from imagesalignedusingZhou's
supervisedlignmentmethod.

2. Background

We rst review the basicsof congealing. Thenin Sec-
tion 3 we shav how to extend this framework to handle
comple images.



Figure2. Schematidllustrationof congealing

2.1 Distribution Field

A key conceptin congealingis the distribution eld .
Let X = f1;2;:::;M g bethe setcontainingall possible
featurevaluesat a given pixel. For example,usinginten-
sity valuesas features,for a binary image,M = 2, and
for a greyscaleimage,M = 256 A distribution eld is a
distribution over X at eachpixel, sofor a binaryfeature,a
distribution eld wouldbeadistributionoverf 0; 1g ateach
pixelin theimage.

Onecanview thedistribution eld asageneratie inde-
pendentpixel model of imagesby placinga randomvari-
ableX; ateachpixel locationi. An imagethenconsistsof
a draw from the alphabetX for eachX; accordingto the
distribution over X attheith pixel of thedistribution eld.

Another important conceptin congealingis the pixel
stack, which consistsof the setof valueswith domainX
ataspeci c pixel locationacrossa setof images.Thus,the
empiricaldistribution at a givenpixel of a distribution eld
is determinecdy the pixel stackat thatpixel.

Congealingproceeddy iteratively computingthe em-
pirical distribution de ned by a setof imagesthenfor each
image,choosingatransformatior(for example,overtheset
of afne transformations}hat reducesthe entropy of the
distribution eld. An importantpointis that, underanin-
dependenpixel modelanduniform distribution over trans-
formations minimizing the entrogy of thedistribution eld
is equivalentto maximizingthelikelihoodaccordingto the
distribution eld [10].

Thereforeanequialentformulationof congealings the
following: computethe empiricaldistribution eld of aset
of images,nd thetransformatiorfor eachimagethatmax-
imizesthelik elihoodof theimageunderthetransformation
accordingto the distribution eld, thenrecalculatehe dis-
tribution eld accordingto the transformedmages.andit-
erateuntil corvergence.

2.2 Image Funnel

Oncecongealinghasbeendoneon a setof imagesfor
example a training set for a face recognitionalgorithm,
thereis thequestiorof how to align additionalimagessuch

asfrom a new testset. Theoretically one could align new
imagedy insertingtheminto thetrainingsetandre-running
the congealingalgorithmon all the images but a moreef-
cient techniquecan be usedby keepingthe distribution
elds producedat eachiterationof congealind10].

By maintainingthe sequencef distribution elds from
eachiterationof congealingpnecanalign a new imageby
transformingt, ateachiteration,accordingo thesaveddis-
tribution eld from the correspondingterationof the orig-
inal congealing.The sequenc®f distribution elds begins
at higherentropy astheimagesareinitially unalignedand
decreasefn entropy asthe imagesare iteratively aligned
during congealing.Whenaligning a new imageaccording
to this sequencef distribution elds, the imageis sharp-
enedfrom the initial “wide” distribution to the nal “nar-
row” distribution, andfor thisreasorwereferto thelearned
sequencef distribution elds of thetrainingcongealingas
animage funnel, andwe will referto the alignmentof a
new imageaccordingto the imagefunnel asfunneling to
distinguishit from the original congealing.

Figure?2 illustratesthe processf congealingon onedi-
mensionabinaryimages At eachiteration,thedistribution
eld is afunctionof the setof transformedmagesandthe
sequencef distribution elds forms animagefunnel that
canbelaterusedto align new images.

3. Methodology
3.1 Congealingwith SIFT descriptors

We now describehow we have adaptedhe basiccon-
gealingalgorithmto work on realistic setsof images. We
considera sequencef possiblechoicesfor the alphabefX
on which to congeal. In particular we discusshow each
choiceimprovesuponthe previouschoice,eventuallylead-
ing to anappropriatdeaturechoicefor congealingpn com-
plex images.

In applying congealingto complicatedimagessuchas
facesfrom news photographsa natural rst attemptis to
setthe alphabetX over the possiblecolor valuesat each
pixel. However, the high variation presentin color in the
foregroundobjectaswell asthe variationdue to lighting
will causethe distribution eld to have high entrogy even
undera properalignment,violating one of the necessary
conditionsfor congealingo work.

Ratherthanconsideringcolor, onecouldsetX to bebi-
nary, correspondindo the absencer presenceof an edge
atthatpixel. However, anothemecessargonditionfor con-
gealingto work is thattheremustbe a “basin of attraction”
at eachpoint in the parametespacetoward a low entropy
distribution.

For example, considertwo binary imagesa and b of
the numberl, identicalexceptfor an x-translation. When
searchingover possibletransformationgo alignbto a, un-



lessthe consideredransformationis close enoughto the
exact displacemento causeb anda to overlap,the trans-
formationwill not causeary changein the entrogy of the
resultingdistribution eld.

Anotherway of viewing the problemis that, when X
is over edgevalues,therewill be plateausn the objective
function that congealingis minimizing, correspondingo
neighborhoodsf transformationshatdonotcausechanges
in the amountof edgeoverlap betweenimages,creating
mary local minimaproblemsn the optimization.

Thereforeratherthansimply takingthe edgevalues,in-
steadto generate basinof attraction,onecouldintegrate
the edgevaluesover a window for eachpixel. To do this,
we calculatethe SIFT descriptoff13] over an 8x8 window
for eachpixel. This givesthe desiredproperty sinceif a
sectionof onepixel's window sharessimilar structurewith
a sectionof anotherpixel's window (neednot be the cor
respondingsection),thenthe SIFT descriptorswill alsobe
similar. In addition,usingthe SIFT descriptorgivesaddi-
tional robustnesdo lighting.

Congealingdirectly with the SIFT descriptorshasits
own dif culties, aseachSIFT descriptoiis a32 dimensional
vectorin ourimplementationwhich is too large of a space
to estimateentropy without an extremely large amountof
data. Instead,we computethe SIFT descriptorsfor each
pixel of eachimagein the set, and then clustertheseus-
ing kmeansto producea small setof clusters(in our ex-
perimentswe have beenusing 12 clusters),andlet X be
over the possibleclusters. In otherwords, the distribution

elds consistof distributions over the possibleclustersat
eachpixel.

After clustering,ratherthanassigninga clusterfor each
pixel, we insteaddo a soft assignmenbof clustervaluesfor
eachpixel. Congealingwith hardassignmentsf pixelsto
clusterswould force eachpixel to take oneof a smallnum-
ber of clustervalues,leadingto local plateausin the op-
timization landscape.For example,in the simpliestcase,
doingahardassignmenivith two clusterswvouldleadto the
sameocal minimaproblemsasdiscussedbeforewith edge
values.

This problemof local minimawasborneout by prelim-
inary experimentswe ran using hard clusterassignments,
wherewe foundthatthe congealingalgorithmwould termi-
nateearlywithoutsigni cantly alteringtheinitial alignment
of ary of theimages.

To getaroundthis problem,we modelthe pixel's SIFT
descriptorsasbeinggeneratedrom a mixture of Gaussians
model, with one Gaussiarcenteredat eachclustercenter
and ;'s for eachclusterthat maximizethe likelihood of
the labeling. Then,for eachpixel, we have a multinomial
distribution with sizeequalto thenumberof clusterswhere
the probability of an outcomei is equalto the probability
thatthe pixel belongsto clusteri. So,insteadof having an

intensity value at eachpixel, asin traditional congealing,
we have avectorof probabilitiesat eachpixel.

Theideaof treatingeachpixel asa mixture of clusterss
motivatedby theanalogyto gray pixelsin thebinaryimage
case. In the binary imagecase,a gray pixel is interpreted
asbeinga mixture of underlyingblack andwhite “subpix-
els”[10]. In thesameway, ratherthandoinga hardassign-
mentof a pixel to onecluster we treateachpixel asbeinga
mixture of theunderlyingclusters.

3.2 Implementation

Following the notationin [10], supposeve have N face
imageseachwith P pixels. Letx! bethemultinomialdis-
tribution of theith pixelin thej thimage x! (k) betheprob-
ability of thekth elementof the multinomialdistributionin
x!, andlet x‘O be the multinomial distribution of the ith
plxel of thej th |mageundersometransformatlorU1 De-
notethe pixel stackf x”; x2”; : 1 :xN g asx?.

In ourcongealingalgorlthm,we rst computaheempir—
ical distribution eld de ned by theimagesundera partic-
ular setof transformationsDe ne D; (k) asthe probability
of the kth elementin the distribution algthelth pixel of the
distribution eld. Then,D;(k) = xJ (k). Theen-
tropy of adistributionata partlcularplxel i is equalto

H(Di) = Di (k) log, Di(k) @
k

Thus, at eachiterationin congeahngwe[wlsh to mini-
mizethetotalentrofy of thedistribution eld 1 H(Dj).
This is equivalentto nding, for eachimage, thetransforC
mationthatmaximizesthelog-likelihoodof theimagewith
respecto thedistribution eld, e.g. thetransformatiorthat
maximizes

Y
xi (k) logDi (k) &)
i=1 Kk

for agivenimagej . In our casethis maximizationis done
overthetransformationsle ned by thefour parametersx-
translationy-translationrotation,andscaling(uniformin x
andy), for eachimage.In ourimplementationyve do a hill
climbing stepat eachiterationthatincreaseshelik elihood
with respecto thedistribution eld atthatiteration.

4. Experimental Results
4.1 Alignment on Facesin the Wild

We ran our alignmentalgorithm on 300 facesselected
randomlyfrom the rst 300clustersof the Facesn the Wild
dataset[2]. This dataset consistsof news photographs
that cover a wide variety of pose,illumination, and back-
ground. We usedthe Viola-Jonesface detectorto extract



the facesfrom theimages,andranthe imagesthroughthe
congealingalignmentalgorithm. A representatie sample
of 50 of the resultingalignedimagesafter congealingare
givenin Figure5. The original images,togetherwith the
correspondindoundingboxesof the nal alignmentsare
givenin Figure6. We alsoshaov animationsof imagesun-
der the transformationsat eachiteration of congealingon
our projectwebpagé.

For comparisonwe alignedthe samesetof imagesus-
ing theZhoufacealignmen{19] usingtheirwebinterface?
whichreturnsthe alignmentasa setof connectedandmark
points. Theresultsaregivenin Figure7, andonecansee
that the two alignmentmethodsare comparable despite
congealingbeing unsupervised.Both methodsdo a good
job of nding the correctscaleof the face,thoughin afew
instanceshe Zhoualignmentis thrown off, suchasby par
tial occlusiondueto atennisraquetor confusingthebottom
of thelip asthechin. Both methodsalsodo agoodjob with
respecto rotation,asis mostevidentin the rst pictureof
the sixth row.

4.2 Cars

We alsoshaw resultson a separatalatasetof 125rear
carimages takenfrom differentparkinglots with variable
backgroundandlighting. Sinceour algorithmis fully auto-
matic, we wereableto obtaintheseresultsusingthe same
codeaswith faceswithout ary labelingor training. A rep-
resentatie sampleof the nal aligmentboundingboxesare
givenin Figure4. Of the 50 images,only oneis a clear
error (6th row, 2nd column),andone is a casewherethe
algorithmrotatedthe imagein the right direction but not
enough(7th row, 4th column). Of the other75 imagesthe
nal boundingbox captureshe correctscale rotation,and
positionof thecar, with theexceptionof oneothercarwhere
the algorithmagainrotatedthe imagein the right direction
but not sufciently . We emphasizegainthatno changesof
anykind were madeto the codebeforerunningthe car ex-
amplesthealgorithmrandirectly asit did onthefaces.We
believethisis a dramaticdemonstratiomf the generalityof
this method.

4.3 Impr ovementin Recognition

In addition,we alsotestedhe performancef afacerec-
ognizeron threedifferentalignmentprocessesWe useda
hyperfeaturebasedrecognizierof Jainetal. [7] with 500
randomlyselectedrainingpairsand500randomlyselected
testpairsfrom the Facesin the Wild dataset.

Forthebaselineof ourcomparisonyetrainedandtested
therecognizemwith the unalignedfaceimagesfoundby the
Viola-Jonegacedetector Next, we examinedhow aligning

2http://wwwcs.umass.edu/ gbhuanggalinern
Shttp://facealigment.us.cs.cmu.edulignmern/webdeno.html

the faceimageswith the Zhou methodandwith congeal-
ing would affect the results. We usedthe unalignedim-

agesfrom the Viola-Jonesface detectoras input into the
two systemswhich, for eachimage, producea similarity

transformatiorusedto align that particularimage. For the
congealingalignment,we alignedthe imagesby funneling
the outputof the Viola-Jonedacedetectorusingtheimage
funnellearnedirom congealingon the 300facesabove.

We choseto compareagainstthe Zhou alignmentalgo-
rithm ratherthan the Berg methodpresentedn [3]. The
Ber algorithmusessupportvectormachinego detectspe-
ci ¢ facialfeaturessuchascornersof eyesandtip of nose,
thatarethenusedto align theimagesto a canonicalpose.
Although this methodworks well for a subsetof the im-
agedn theirdatathey throw outimageswith low alignment
score,eliminatinga large numberof faces.While discard-
ing badalignmentss appropriateor their application,for
the purposeof recognition,one cannotdiscarddif cult to
alignimages.

On the otherhand,the Zhou systemis designedor de-
tection and facepoint localizationin additionto posees-
timation, and not speci cally to improve classi cation ac-
curag. However, it is reasonableéo adoptthe systemfor
the purpose®f alignmentto a x edcoordinatesystemand
seemedo align facesaswell asanything elsewe found.
We took careto make the comparisorfair (by usingthe de-
fault unalignedimage when no facewas detectedby the
Zhou systemand by manuallypicking the bestfacewhen
theZhousystemdetectednultiple facedor agivenimage).

unaligned
Zhou aligned
congealing

True Positive Rate
o
o

. . . .
0 0.2 0.4 0.6 0.8 1

False Positive Rate
unaligned| Zhoualigned | congealing
AUC | 0.6870 0.7312 0.7549

Figure3. ROC curvesandareaundercurvesfor recognition.Us-
ing faceimagesalignedwith congealingduring both trainingand
testingof a faceidenti er uniformly improvesaccurag, not only
over imagesdirectly from the Viola-Jonegdetector(“unaligned”)
but also on imagesthat have beenaligned using the methodof
Zhouetal.

The ROC curvesfor therecognition,aswell asthe area



underthe curves,aregivenin Figure3. Fromthis gure, it
is clearthatour method whichis completelyautomatednd
requiresnolabelingof poseor parts,dramaticallyimproves
theresultsof recognitionovertheoutputsof theViola-Jones
facedetector and even exceedsthe supervisedalignment
methodof Zhouin performancébene t to recognition.

5. Discussionand Conclusion

In summary we have presentedan unsupervisedech-
nique for jointly aligning imagesunder complex back-
groundslighting, andforegroundappearanceOur method
obviateshand-labelindgundredof imageswhile maintain-
ing comparablg@erformancevith supervisedechniquesin
addition, our methodincreaseghe performanceof a face
recognizemby preciselyaligningtheimages.Of course pur
methodis not completelyunsupervisedn the sensethat
it mustbe provided with imagesof objectsof a particular
class.However, in mary scenariossuchimagescanbe au-
tomaticallyacquired gspeciallysincedetailedalignmentis
notarequirement.

Oneextensionof ourwork we arepursuingds to alignim-
agesin atwo partprocessFirst, all theimagesarealigned
using congealing thenthe quality of the alignmentis es-
timatedfor eachimageso that poorly alignedimagescan
bere-alignedn a separatesecondstage.The quality of the
alignmentis estimatedfrom the likelihood of eachimage
underits alignmentaccordingto the nal distribution eld.

Anotherpossibleextensionis to usethe multi-view face
detectorin [8] to rst separatdaceimagesinto threesep-
aratecateories: frontal, left pro le, andright pro le, and
thenattemptto align eachcategory of facesindividually.
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