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Abstract

Many recognition algorithms dependon careful posi-
tioning of an object into a canonicalpose, so the position
of featuresrelativeto a �xed coordinatesystemcanbe ex-
amined. Currently, this positioningis doneeither manu-
ally or by training a class-specializedlearning algorithm
with samplesof theclassthat havebeenhand-labeledwith
partsor poses.In thispaper, wedescribea novelmethodto
achievethis positioningusingpoorlyalignedexamplesof a
classwith no additional labeling. Givena setof unaligned
examplarsof a class,such asfaces,weautomaticallybuild
analignmentmechanism,withoutanyadditionallabelingof
partsor posesin thedataset.Usingthis alignmentmecha-
nism,newmembersof theclass,suchasfacesresultingfrom
a facedetector, canbepreciselyalignedfor therecognition
process.Our alignmentmethodimprovesperformanceona
facerecognition task,bothoverunalignedimagesandover
imagesalignedwith a facealignmentalgorithmspeci�cally
developedfor andtrainedonhand-labeledfaceimages.We
alsodemonstrateits useonanentirelydifferentclassof ob-
jects(cars),againwithoutprovidinganyinformationabout
partsor poseto thelearningalgorithm.

1. Intr oduction

Theidenti�cation of certainobjectsclasses,suchasfaces
or cars,canbedramaticallyimprovedby �rst transforming
a detectedobject into a canonicalpose. Suchregistration
reducesthevariability thatanidenti�cation systemor clas-
si�er mustcontendwith in the modelingprocess.Subse-
quentidenti�cation canconditionon spatialpositionfor a
detailedanalysisof the structureof the objectin question.
Thus,many recognitionalgorithmsassumetheprior rough
alignmentof objectsto a canonicalpose[1, 7, 15, 17]. In
general,the better this alignmentis, the better identi�ca-
tion resultswill be. In fact, alignmentitself hasemerged
as an important sub-problemin the face recognitionlit-
erature[18], and a numberof systemsexist for the de-
tailed alignmentof speci�c categoriesof objects,suchas

faces[3, 4, 5, 6, 12, 19, 20].
We point out that it is frequentlymucheasierto obtain

imagesthatareroughlyalignedthanthosethatareprecisely
aligned,indicating an importantrole for automaticalign-
ment procedures.For example, imagesof peoplecan be
taken easily with a motion detectorin an indoor environ-
ment,but will resultin imagesthatarenotpreciselyaligned.

Figure1. Recognitionpipeline

Althoughthereexist many individual componentsto do
bothdetectionandrecognition,we believe theabsenceof a
completeend-to-endsystemcapableof performingrecog-
nition from an arbitrary sceneis in large part due to the
dif�culty in alignment,themiddlestageof the recognition
pipeline(Figure1). Often,themiddlestageis ignored,with
theassumptionthatthedetectorwill performaroughalign-
ment,leadingto suboptimalrecognitionperformance.

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

� They aretypicallydesignedor trainedfor asingleclass
of objects,suchasfaces.

� They require the manuallabelling either of speci�c
featuresof anobject(like themiddleof theeye or the
cornersof the mouth),1 or a descriptionof the pose
(suchasorientationandpositioninformation).

As a result,thesemethodsrequiresigni�cant additional
effort whenappliedto a new classof objects. Either they
mustberedesignedfrom scratch,or a new datasetmustbe
collected,identifyingspeci�c partsor posesof thenew data
set beforean alignmentsystemcan be built. In contrast,

1Somesystemsidentify morethan80landmarksperfacefor 200to 600
faces[6, 19].
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systemsfor thedetectionandrecognitionstepsof therecog-
nition pipeline only require simple, discretelabels, such
asobjectversusnon-objector pair matchversuspair non-
match,which arestraightforward to obtain,makingthese
systemssigni�cantly easierto setup thancurrentsystems
for alignment,whereeventheform of thesupervisedinput
is veryoftenclass-dependent.

Someprevious work hasuseddetectorscapableof re-
turningsomeinformationaboutobjectrotation,in addition
to positionandscale,suchas,for faces,[8, 16]. Using the
detectedrotationangle,along with the scaleand position
of thedetectedregion,onecouldplaceeachdetectedobject
into a canonicalpose. However, so far, theseefforts have
onlyprovidedveryroughalignmentdueto thelackof preci-
sionin estimatingtheposeparameters.For example,in [8],
the rotationis only estimatedto within 30 degrees,so that
oneof 12rotation-speci�cdetectorscanbeused.Moreover,
evenin thecaseof frontal faces,positionandscaleareonly
roughlyestimated,and,in fact,for faceimages,weusethis
asa startingpoint andshow thata moreprecisealignment
canbeobtained.

Moreconcretely, in thiswork,wedescribeasystemthat,
given a collectionof imagesfrom a particularclass,auto-
maticallygeneratesan“alignmentmachine”for thatobject
class.Thealignmentmachine,whichwecall animage fun-
nel, takesasinputapoorlyalignedexampleof theclassand
returnsawell-alignedversionof theexample.Thesystemis
fully automaticin thatit is notnecessaryto labelpartsof the
objectsor identify their initial poses,or evenspecifywhat
constitutesan alignedimagethroughan explicitly labeled
canonicalpose,althoughit is importantthat theobjectsbe
roughly alignedto begin with. For example,our system
cantake a setof imagesasoutputby theViola-Jonesface
detector, andreturnanimagefunnelwhichdramaticallyim-
provesthesubsequentalignmentof facialimages.

(We notethat thetermalignmenthasa specialmeaning
in thefacerecognitioncommunity, whereit is oftenusedto
refer to the localizationof speci�c facial features. Here,
becausewe are using imagesfrom a variety of different
classes,we usethetermalignmentto refer to therecti�ca-
tion of a setof objectsthatplacestheobjectsinto thesame
canonicalpose. The purposeof our alignmentsis not to
identify partsof objects,but ratherto improve positioning
for subsequentprocessing,suchasanidenti�cation task.)

1.1. PreviousWork

The problemof automaticalignmentfrom a setof ex-
amplarshasbeenaddressedpreviouslyby Learned-Miller's
congealingprocedure[10]. Congealingastraditionallyde-
scribedworks directly on the pixel valuesin eachimage,
minimizing the entropy of eachcolumnof pixels (a pixel
stack)throughthedataset.Thisprocedureworkswell when
themainsourceof variability in apixel valueis dueto mis-

registration.Congealinghasprovento work well onsimple
binary handwrittendigits [14] andon magneticresonance
imagevolumes[11, 21]. Thesedatasetsarefreeof many of
themostvexing typesof noisein images.In particular, the
goalof thiswork wasto extendcongealing-stylemethodsto
handlereal-world imagecomplexity, includingphenomena
suchas

� complex andvariablelighting effects,
� occlusions,
� highly varied foreground objects (for example, for

faces,arising from varying headshape,hair, beards,
glasses,hats,andsoforth), and

� highly variedbackgrounds.

For example, on a realistic set of face imagestaken
from news photographs,straightforward implementations
of congealingdid not work at all. To make the general
approachof congealingwork on this type of complex im-
ages,we neededto de�ne featuresfor congealingthat ig-
noreunimportantvariability, suchaslighting, have a large
capturerange,andarenot sensitive to theclusteringproce-
dureweuseto obtainthe�rst two properties.Thedetailsof
theextensionaredevelopedin Section3.

Another information theoreticmethodwas previously
proposedbyKim etal. [9]. However, thatmethodsolvesthe
separateproblemof computingcorrespondencesbetween
two highly similar imagestaken from a stereopair using
mutual information,whereasour methodjointly alignsan
entiresetof highlyvariableimagesusingentropy minimiza-
tion.

We show our systemon different classesof images:
frontal facesandrearcars.For faces,we show high quality
resultson theFacesin theWild dataset[2], whichcontains
many different peopleunderdifferent posesand lighting,
on top of complex backgrounds,in contrastto thedatasets
on which many otheralignmentmethodsaretested,which
containa limited numberof peoplein front of controlled
backgrounds.We thenshow similar quality alignmentre-
sultsoncars,usingthesameoutof theboxcodeasusedfor
thefaces,without theneedfor any trainingor labeling.

In addition, we do detailedcomparisonsof our results
in frontal facerecti�cation with previouswork by Zhou et
al. [19]. In particular, weshow thatfaceidenti�ers built us-
ing our recti�ed imagesoutperformanidenti�er built using
imagesthateitherhavenotbeenpre-processedandevenex-
ceedsan identi�er built from imagesalignedusingZhou's
supervisedalignmentmethod.

2. Background

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



Figure2. Schematicillustrationof congealing

2.1. Distrib ution Field

A key conceptin congealingis the distribution �eld .
Let X = f 1; 2; : : : ; M g be the setcontainingall possible
featurevaluesat a given pixel. For example,using inten-
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, so for a binary feature,a
distribution�eld wouldbeadistributionover f 0; 1g ateach
pixel in theimage.

Onecanview thedistribution �eld asa generative inde-
pendentpixel modelof imagesby placinga randomvari-
ableX i at eachpixel locationi . An imagethenconsistsof
a draw from the alphabetX for eachX i accordingto the
distributionoverX at thei th pixel of thedistribution �eld.

Another important conceptin congealingis the pixel
stack, which consistsof the setof valueswith domainX
at aspeci�c pixel locationacrossasetof images.Thus,the
empiricaldistribution at a givenpixel of a distribution �eld
is determinedby thepixel stackat thatpixel.

Congealingproceedsby iteratively computingthe em-
pirical distributionde�ned by asetof images,thenfor each
image,choosingatransformation(for example,overtheset
of af�ne transformations)that reducesthe entropy of the
distribution �eld. An importantpoint is that, underan in-
dependentpixel modelanduniform distribution over trans-
formations,minimizing theentropy of thedistribution �eld
is equivalentto maximizingthelikelihoodaccordingto the
distribution �eld [10].

Therefore,anequivalentformulationof congealingis the
following: computetheempiricaldistribution �eld of a set
of images,�nd thetransformationfor eachimagethatmax-
imizesthelikelihoodof theimageunderthetransformation
accordingto thedistribution �eld, thenrecalculatethedis-
tribution �eld accordingto the transformedimages,andit-
erateuntil convergence.

2.2. Image Funnel

Oncecongealinghasbeendoneon a setof images,for
example a training set for a face recognitionalgorithm,
thereis thequestionof how to alignadditionalimages,such

asfrom a new testset. Theoretically, onecouldalign new
imagesby insertingtheminto thetrainingsetandre-running
thecongealingalgorithmon all the images,but a moreef-
�cient techniquecan be usedby keepingthe distribution
�elds producedat eachiterationof congealing[10].

By maintainingthesequenceof distribution �elds from
eachiterationof congealing,onecanalign a new imageby
transformingit, ateachiteration,accordingto thesaveddis-
tribution �eld from thecorrespondingiterationof theorig-
inal congealing.Thesequenceof distribution �elds begins
at higherentropy asthe imagesareinitially unaligned,and
decreasesin entropy as the imagesare iteratively aligned
duringcongealing.Whenaligning a new imageaccording
to this sequenceof distribution �elds, the imageis sharp-
enedfrom the initial “wide” distribution to the �nal “nar-
row” distribution,andfor thisreasonwereferto thelearned
sequenceof distribution �elds of thetrainingcongealingas
an image funnel, andwe will refer to the alignmentof a
new imageaccordingto the imagefunnel asfunneling to
distinguishit from theoriginal congealing.

Figure2 illustratestheprocessof congealingon onedi-
mensionalbinaryimages.At eachiteration,thedistribution
�eld is a functionof thesetof transformedimages,andthe
sequenceof distribution �elds forms an imagefunnel that
canbelaterusedto alignnew images.

3. Methodology

3.1. Congealingwith SIFT descriptors

We now describehow we have adaptedthe basiccon-
gealingalgorithmto work on realisticsetsof images.We
considera sequenceof possiblechoicesfor thealphabetX
on which to congeal. In particular, we discusshow each
choiceimprovesuponthepreviouschoice,eventuallylead-
ing to anappropriatefeaturechoicefor congealingoncom-
plex images.

In applying congealingto complicatedimagessuchas
facesfrom news photographs,a natural�rst attemptis to
set the alphabetX over the possiblecolor valuesat each
pixel. However, the high variationpresentin color in the
foregroundobject as well as the variationdue to lighting
will causethe distribution �eld to have high entropy even
undera properalignment,violating one of the necessary
conditionsfor congealingto work.

Ratherthanconsideringcolor, onecouldsetX to bebi-
nary, correspondingto theabsenceor presenceof an edge
at thatpixel. However, anothernecessaryconditionfor con-
gealingto work is thattheremustbea “basinof attraction”
at eachpoint in the parameterspacetoward a low entropy
distribution.

For example, considertwo binary imagesa and b of
the number1, identicalexceptfor an x-translation.When
searchingover possibletransformationsto align b to a, un-



lessthe consideredtransformationis closeenoughto the
exact displacementto causeb anda to overlap,the trans-
formationwill not causeany changein the entropy of the
resultingdistribution �eld.

Another way of viewing the problemis that, when X
is over edgevalues,therewill be plateausin the objective
function that congealingis minimizing, correspondingto
neighborhoodsof transformationsthatdonotcausechanges
in the amountof edgeoverlap betweenimages,creating
many localminimaproblemsin theoptimization.

Therefore,ratherthansimply takingtheedgevalues,in-
stead,to generatea basinof attraction,onecould integrate
the edgevaluesover a window for eachpixel. To do this,
we calculatetheSIFT descriptor[13] over an8x8 window
for eachpixel. This givesthe desiredproperty, sinceif a
sectionof onepixel's window sharessimilar structurewith
a sectionof anotherpixel's window (neednot be the cor-
respondingsection),thentheSIFT descriptorswill alsobe
similar. In addition,usingthe SIFT descriptorgivesaddi-
tional robustnessto lighting.

Congealingdirectly with the SIFT descriptorshas its
owndif�culties, aseachSIFTdescriptoris a32dimensional
vectorin our implementation,which is too largeof 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 set of clusters(in our ex-
periments,we have beenusing12 clusters),and let X be
over the possibleclusters.In otherwords,the distribution
�elds consistof distributionsover the possibleclustersat
eachpixel.

After clustering,ratherthanassigninga clusterfor each
pixel, we insteaddo a soft assignmentof clustervaluesfor
eachpixel. Congealingwith hardassignmentsof pixels to
clusterswould forceeachpixel to take oneof a smallnum-
ber of clustervalues,leadingto local plateausin the op-
timization landscape.For example,in the simpliestcase,
doingahardassignmentwith two clusterswould leadto the
samelocal minimaproblemsasdiscussedbeforewith edge
values.

This problemof local minimawasborneout by prelim-
inary experimentswe ran usinghard clusterassignments,
wherewefoundthatthecongealingalgorithmwouldtermi-
nateearlywithoutsigni�cantly alteringtheinitial alignment
of any of theimages.

To get aroundthis problem,we modelthepixel's SIFT
descriptorsasbeinggeneratedfrom a mixtureof Gaussians
model, with one Gaussiancenteredat eachclustercenter
and � i 's for eachclusterthat maximizethe likelihood of
the labeling. Then,for eachpixel, we have a multinomial
distributionwith sizeequalto thenumberof clusters,where
the probability of an outcomei is equalto the probability
that thepixel belongsto clusteri . So, insteadof having an

intensityvalue at eachpixel, as in traditional congealing,
wehavea vectorof probabilitiesat eachpixel.

Theideaof treatingeachpixel asamixtureof clustersis
motivatedby theanalogyto graypixelsin thebinaryimage
case. In the binary imagecase,a gray pixel is interpreted
asbeinga mixtureof underlyingblackandwhite “subpix-
els” [10]. In thesameway, ratherthandoinga hardassign-
mentof apixel to onecluster, we treateachpixel asbeinga
mixtureof theunderlyingclusters.

3.2. Implementation

Following thenotationin [10], supposewe have N face
images,eachwith P pixels. Let x j

i bethemultinomialdis-
tributionof thei th pixel in thej th image,x j

i (k) betheprob-
ability of thekth elementof themultinomialdistribution in
x j

i , and let x j 0

i be the multinomial distribution of the i th
pixel of the j th imageundersometransformationU j . De-
notethepixel stackf x10

i ; x20

i ; : : : xN 0

i g asx0
i .

In ourcongealingalgorithm,we�rst computetheempir-
ical distribution �eld de�ned by the imagesundera partic-
ular setof transformations.De�ne D i (k) astheprobability
of thekth elementin thedistribution at the i th pixel of the
distribution �eld. Then,D i (k) = 1

N

P
j x j 0

i (k). The en-
tropy of a distributionata particularpixel i is equalto

H (D i ) = �
X

k

D i (k) log2 D i (k) (1)

Thus,at eachiterationin congealing,we wish to mini-
mizethetotalentropy of thedistribution�eld

P P
i =1 H (D i ).

This is equivalentto �nding, for eachimage,the transfor-
mationthatmaximizesthelog-likelihoodof theimagewith
respectto thedistribution �eld, e.g. thetransformationthat
maximizes

PX

i =1

X

k

x j 0

i (k) logD i (k) (2)

for a givenimagej . In our case,this maximizationis done
over thetransformationsde�ned by thefour parameters,x-
translation,y-translation,rotation,andscaling(uniformin x
andy), for eachimage.In our implementation,wedoa hill
climbing stepat eachiterationthat increasesthe likelihood
with respectto thedistribution �eld at thatiteration.

4. Experimental Results

4.1. Alignment on Facesin the Wild

We ran our alignmentalgorithmon 300 facesselected
randomlyfrom the�rst 300clustersof theFacesin theWild
dataset [2]. This dataset consistsof news photographs
that cover a wide variety of pose,illumination, andback-
ground. We usedthe Viola-Jonesfacedetectorto extract



the facesfrom the images,andran the imagesthroughthe
congealingalignmentalgorithm. A representative sample
of 50 of the resultingalignedimagesafter congealingare
given in Figure5. The original images,togetherwith the
correspondingboundingboxesof the �nal alignments,are
givenin Figure6. We alsoshow animationsof imagesun-
der the transformationsat eachiterationof congealingon
ourprojectwebpage.2

For comparison,we alignedthe samesetof imagesus-
ing theZhoufacealignment[19] usingtheirwebinterface,3

which returnsthealignmentasasetof connectedlandmark
points. The resultsaregiven in Figure7, andonecansee
that the two alignmentmethodsare comparable,despite
congealingbeingunsupervised.Both methodsdo a good
job of �nding thecorrectscaleof theface,thoughin a few
instancestheZhoualignmentis thrown off, suchasby par-
tial occlusiondueto atennisraquetor confusingthebottom
of thelip asthechin. Bothmethodsalsodoagoodjob with
respectto rotation,asis mostevident in the �rst pictureof
thesixth row.

4.2. Cars

We alsoshow resultson a separatedatasetof 125 rear
car images,taken from differentparkinglots with variable
backgroundandlighting. Sinceour algorithmis fully auto-
matic,we wereableto obtaintheseresultsusingthesame
codeaswith faceswithout any labelingor training. A rep-
resentativesampleof the�nal aligmentboundingboxesare
given in Figure4. Of the 50 images,only one is a clear
error (6th row, 2nd column),andone is a casewherethe
algorithm rotatedthe imagein the right direction but not
enough(7th row, 4th column). Of theother75 images,the
�nal boundingbox capturesthecorrectscale,rotation,and
positionof thecar, with theexceptionof oneothercarwhere
thealgorithmagainrotatedthe imagein theright direction
but notsuf�ciently . We emphasizeagainthatnochangesof
anykind were madeto thecodebeforerunningthecarex-
amples;thealgorithmrandirectlyasit did on thefaces.We
believethis is adramaticdemonstrationof thegeneralityof
thismethod.

4.3. Impr ovementin Recognition

In addition,wealsotestedtheperformanceof a facerec-
ognizeron threedifferentalignmentprocesses.We useda
hyper-featurebasedrecognizierof Jainet al. [7] with 500
randomlyselectedtrainingpairsand500randomlyselected
testpairsfrom theFacesin theWild dataset.

For thebaselineof ourcomparison,wetrainedandtested
therecognizerwith theunalignedfaceimagesfoundby the
Viola-Jonesfacedetector. Next, weexaminedhow aligning

2http://www.cs.umass.edu/˜gbhuang/alignment
3http://facealignment.ius.cs.cmu.edu/alignment/webdemo.html

the faceimageswith the Zhou methodandwith congeal-
ing would affect the results. We usedthe unalignedim-
agesfrom the Viola-Jonesfacedetectoras input into the
two systems,which, for eachimage,producea similarity
transformationusedto align thatparticularimage. For the
congealingalignment,we alignedthe imagesby funneling
theoutputof theViola-Jonesfacedetectorusingtheimage
funnellearnedfrom congealingon the300facesabove.

We choseto compareagainsttheZhou alignmentalgo-
rithm rather than the Berg methodpresentedin [3]. The
Berg algorithmusessupportvectormachinesto detectspe-
ci�c facialfeatures,suchascornersof eyesandtip of nose,
that arethenusedto align the imagesto a canonicalpose.
Although this methodworks well for a subsetof the im-
agesin theirdata,they throw outimageswith low alignment
score,eliminatinga largenumberof faces.While discard-
ing badalignmentsis appropriatefor their application,for
the purposeof recognition,onecannotdiscarddif�cult to
align images.

On theotherhand,theZhousystemis designedfor de-
tection and facepoint localizationin addition to posees-
timation, andnot speci�cally to improve classi�cationac-
curacy. However, it is reasonableto adoptthe systemfor
thepurposesof alignmentto a �x edcoordinatesystemand
seemedto align facesas well as anything elsewe found.
We took careto make thecomparisonfair (by usingthede-
fault unalignedimagewhen no facewas detectedby the
Zhou systemandby manuallypicking the bestfacewhen
theZhousystemdetectedmultiple facesfor agivenimage).
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Figure3. ROC curvesandareaundercurvesfor recognition.Us-
ing faceimagesalignedwith congealingduringboth trainingand
testingof a faceidenti�er uniformly improvesaccuracy, not only
over imagesdirectly from theViola-Jonesdetector(“unaligned”)
but also on imagesthat have beenalignedusing the methodof
Zhouet al.

TheROC curvesfor therecognition,aswell asthearea



underthecurves,aregivenin Figure3. Fromthis �gure, it
is clearthatourmethod,whichis completelyautomatedand
requiresno labelingof poseor parts,dramaticallyimproves
theresultsof recognitionovertheoutputsof theViola-Jones
facedetector, and even exceedsthe supervisedalignment
methodof Zhouin performancebene�t to recognition.

5. Discussionand Conclusion

In summary, we have presentedan unsupervisedtech-
nique for jointly aligning imagesunder complex back-
grounds,lighting, andforegroundappearance.Our method
obviateshand-labelinghundredsof imageswhile maintain-
ingcomparableperformancewith supervisedtechniques.In
addition, our methodincreasesthe performanceof a face
recognizerby preciselyaligningtheimages.Of course,our
methodis not completelyunsupervisedin the sensethat
it mustbe provided with imagesof objectsof a particular
class.However, in many scenarios,suchimagescanbeau-
tomaticallyacquired,especiallysincedetailedalignmentis
nota requirement.

Oneextensionof ourworkwearepursuingis toalignim-
agesin a two partprocess.First, all theimagesarealigned
usingcongealing,then the quality of the alignmentis es-
timatedfor eachimageso that poorly alignedimagescan
bere-alignedin a separatesecondstage.Thequality of the
alignmentis estimatedfrom the likelihoodof eachimage
underits alignmentaccordingto the�nal distribution �eld.

Anotherpossibleextensionis to usethemulti-view face
detectorin [8] to �rst separatefaceimagesinto threesep-
aratecategories: frontal, left pro�le, andright pro�le, and
thenattemptto aligneachcategoryof facesindividually.
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