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Abstract

We approach recognition in the framework of deformable
shapematching, relyingona new algorithmfor �nding cor-
respondencesbetweenfeature points. This algorithm sets
up correspondenceas an integer quadratic programming
problem,where the cost functionhastermsbasedon sim-
ilarity of correspondinggeometricblur point descriptors
as well as the geometricdistortion betweenpairs of cor-
respondingfeature points. Thealgorithmhandlesoutliers,
and thus enablesmatching of exemplars to query images
in the presenceof occlusionand clutter. Giventhe corre-
spondences,we estimatean aligning transform,typically
a regularizedthin plate spline, resultingin a densecorre-
spondencebetweenthe two shapes.Object recognition is
then handledin a nearest neighborframework where the
distancebetweenexemplarandqueryis thematching cost
betweencorrespondingpoints. We show resultson two
datasets.Oneis the Caltech 101 dataset(Fei-Fei, Fergus
and Perona), an extremelychallengingdatasetwith large
intraclassvariation. Our approach yields a 48% correct
classi�cation rate, compared to Fei-Fei et al's 16%. We
alsoshowresultsfor localizingfrontalandpro�le facesthat
arecomparableto specialpurposeapproachestunedto this
task.

1. Intr oduction
Our thesis is that recognizingobject categories, be they
�sh or bicycles,is fundamentallya problemof deformable
shapematching. Back in the 1970s,at leastthreediffer-
ent researchgroupsworking in differentcommunitiesini-
tiatedsuchan approach:in computervision, Fischlerand
Elschlager[10], in statistical image analysis,Grenander
( [12]andearlier),andin neuralnetworks,vonderMalsburg
([14] andearlier).Thecoreideathatrelatedbut not identi-
calshapescanbedeformedinto alignmentusingsimpleco-
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ordinatetransformationsdatesevenfurtherback,to D'Arcy
Thompson,in hisclassicwork OnGrowthandForm [31].

Thesetupis thefollowing: we have storedmultiple ex-
emplarsfor differentobjectcategories,and in the caseof
3D objects,multiple2D views from differentposesaswell.
Givenanimagewhichcontainsanunknown object(shape),
wecompareit to differentexemplarshapesthus

1. solve the correspondenceproblem betweenthe two
shapes,

2. usethecorrespondencesto estimateanaligningtrans-
form, and

3. computethedistancebetweenthetwo shapesasasum
of matchingerrorsbetweencorrespondingpoints.

Giventhesedistanceswe canusea nearestneighborclassi-
�er to determinethecategoryof thehithertounknownshape
in theimage.

Practicallyspeaking,the most dif�cult stepis the cor-
respondenceproblem, e.g. how do we algorithmicallyde-
terminewhich pointson two shapescorrespond?Thecor-
respondenceproblemin this settingis muchharderthanin
thesettingof, say, binocularstereopsis,for anumberof rea-
sons:

1. Intra-category variation: the aligning transformbe-
tweentwo instancesof a category is not a simplepa-
rameterizedtransform.It is reasonableto assumethat
it is asmoothmapping,but it wouldbedif�cult to char-
acterizeit byasmallnumberof parametersasin arigid
or af�ne transform.

2. Occlusionandclutter: while we may assumethat the
storedprototypeshapesarepresentin aclean,isolated
version,theshapethatwe have to recognizein anim-
ageis in thecontext of multipleotherobjects,possibly
occludingeachother.

3. 3D posechanges:sincethestoredexemplarsrepresent
multiple2D viewsof a3D object,wecouldhavevaria-
tion in imageappearancewhich is purelypose-related,
the3D shapescouldbeidentical
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The principal contribution of this paperis a novel al-
gorithmfor solving thecorrespondenceproblemfor shape
matching.

First, somebackground. We representshapeby a set
of pointssampledfrom contourson the shape. Typically
50-100pixel locationssampledfrom theoutputof anedge
detectorare used;as we usemore sampleswe get better
approximations.Note that there is nothing specialabout
thesepoints – they are not requiredto be keypoints such
asthosefound usinga Harris/Forstnertype of operatoror
scale-spaceextremaof a Laplacianof Gaussianoperator,
suchasusedby Lowe[18].

We exploit threekinds of constraintsto solve the cor-
respondenceproblembetweenshapesrepresentedaspoint
sets:

1. Matchingpoint descriptors:Correspondingpointson
the two shapesshouldhave similar local descriptors.
Thereareseveralchoiceshere:SIFT [18], Shapecon-
texts [3], andGeometricblur[4]. We usedgeometric
blur.

2. Minimizing geometricdistortion: If point i corre-
spondsto i 0, and point j correspondsto j 0, then the
vector from i to j , ~r ij shouldbe consistentwith the
vectorfrom i 0 to j 0, ~r i 0j 0. E.g. if the transformation
from one shapeto anotheris a translationaccompa-
niedby purescaling,thenthesevectorsmustbescalar
multiples. If the transformationis a pure Euclidean
motion, then the lengthsmustbe preserved. And so
on.

3. Smoothnessof the transformationfrom oneshapeto
the other. This enablesus to interpolatethe transfor-
mationto theentireshape,givenjust theknowledgeof
thecorrespondencesfor a subsetof thesamplepoints.
We useregularizedthin plate splinesto characterize
thetransformations.

We encodeboth the similarity of point descriptorsand
the geometricdistortion in the form of a cost function,
where the minimization is over the spaceof correspon-
dences.Thisis thensolvedasanintegerquadraticprogram-
mingproblem(cf. MacielandCosteira[19]).

We addresstwo objectrecognitionproblems,multiclass
recognitionand facedetection. In the multi-classobject
classrecognitionproblem,givenan imageof anobjectwe
mustidentify theclassof theobjectandits locationin the
image.We usetheCaltech101objectclassdatasetconsist-
ing of imagesfrom 101classesof object:from accordionto
kangarooto yin-yang,availableat [1]. Thisdatasetincludes
signi�cant intra classvariation,a wide variety of classes,
andclutter. Onaverageweachieve48% accuracy onobject
classi�cationwith quite goodlocalizationon the correctly

classi�edobjects.Thiscomparesfavorablywith thestateof
theartof 16%from [8].

We alsoconsiderfacedetectionfor largefaces,suitable
for facerecognitionexperiments.Herethetaskis to detect
andlocalizeanumberof facesin animage.Thefacedataset
we useis sampledfrom the very large datasetusedin [5]
consistingof news photographscollectedfrom yahoo.com.
With only 20exemplarfacesour genericsystemprovidesa
ROC curve with slightly bettergeneralization,andslightly
worsefalsedetectionrate than the quite effective special-
izedfacedetectorusedin [5].

2. RelatedWork

Therehave beenseveral approachesto shaperecognition
basedon spatialcon�gurationsof a small numberof key-
pointsor landmarks.In geometrichashing[15], thesecon-
�gurations areusedto vote for a modelwithout explicitly
solving for correspondences.Amit et al. [2] train decision
treesfor recognitionby learningdiscriminativespatialcon-
�gurations of keypoints. Leung et al. [16], Schmid and
Mohr [28], andLowe [17] additionallyusegray level in-
formationat thekeypointsto providegreaterdiscriminative
power. Lowe's SIFT descriptor[17] [18] have beenshown
in variousstudiese.g.[22] to performverywell particularly
at taskswhereoneis looking for identicalpoint features.

Recentwork extendsthis approachto category recogni-
tion [9, 7, 8], andto three-dimensionalobjects[27].

It shouldbenotedthatnotall objectshavedistinguished
key points (think of a circle for instance),and using key
points alonesacri�ces the shapeinformation available in
smoothportionsof objectcontours.Approachesbasedon
extractingedgepointsare,in our opinion,moreuniversally
applicable. Huttenlocheret al. developedmethodsin this
category basedon theHausdorff distance[13]; this canbe
extendedto dealwith partialmatchingandclutter. A draw-
back for our purposesis that the methoddoesnot return
correspondences.Methodsbasedon DistanceTransforms,
suchas[11], aresimilar in spirit andbehavior in practice.
Work basedon shapecontexts is indeedaimedat �rst �nd-
ing correspondences[3, 23] andis closeto thespirit of this
work. Anotherapproachis thenon-rigidpoint matchingof
[6] basedon thin platesplinesand“softassign”.

Onecando without extractingeitherkeypointsor edge
points:Ullmanetal proposeusingintermediatecomplexity
features,a collectionof imagepatches,[34, 33]

For facesandcarstheclassspeci�c detectorsof [35, 30,
29] have beenvery successful.Thesetechniquesusesim-
ple local features,roughlybasedon imagegradients,anda
cascadeof classi�ersfor ef�ciency. Recentwork onsharing
features[32] hasextendedto multiclassproblems.
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a. b.

Figure1: A sparse signal S (a.) and the geometricblur of S
aroundthe feature point marked in red (b.) We only samplethe
geometricblur of a signalat smallnumberof locationsf si g, in-
dicatedin (b.)

a. b.

c. d.

Figure2: Two images(a. andc.) and four orientededge chan-
nelsderivedfromtheimagesusingtheboundarydetectorof [20]
(b. andd. respectively).A feature pointdescriptoris theconcate-
nationof thesubsampledgeometricblur descriptorat thefeature
point for each of thechannels.

3. GeometricBlur Descriptor

We usefeaturesbasedon a subsampledversionof thegeo-
metricblur descriptorof [4]. This descriptoris a smoothed
versionof the signal arounda featurepoint, blurredby a
spatiallyvaryingkernel. The amountof blur is small near
the featurepoint andgrows with distancefrom the feature
point. The intuition is that underan af�ne transformthat
�x esafeaturepoint,thedistanceapieceof thesignalmoves
is linearly proportionalto thedistancethatpiecewasfrom
thefeaturepoint.

Whenappliedto asparsesignalrelatedto theimagesuch
as orientededgeenergy channels,the geometricblur de-
scriptorprovidesacomparisonof theneighborhoodsaround
featurepointsthat is robustto af�ne distortion. It is impor-
tant to note that the spatialsupportof the geometricblur
featurescanbemadequitelarge,andasaresultthedescrip-
torscanprovideusefuldiscriminative information.

In practicethegeometricblur of asignalis usuallyrather
smoothfar from a featurepoint, we take advantageof this
by subsamplingthegeometricblur, asshown in �gure 1.

The experimentsin this paperusetwo typesof sparse
channelsfrom which to computegeometricblur descrip-

tors,theorientededgedetectoroutputsof [20] andoriented
edgeenergy usingquadraturepairs,following [24, 25]. See
Figure2 for anexample. In eachcasetheedgedetectoris
usedto producefour channelsof orientededgeresponses.
The featuredescriptorat a point is thenthe concatenation
of thesubsampledgeometricblur descriptorat thatpoint in
eachof thechannels.

For thiswork weuseaspatiallyvaryingGaussiankernel
to computegeometricblur. Givenoneof theorientedchan-
nelsdiscussedabove asthesignal,S, we computeblurred
versions,Sd = S � Gd, by convolving with a Gaussianof
standarddeviationd. Thegeometricblur descriptoraround
locationx0 is then

Bx 0(x) = S� j x j+ � (x0 � x) (1)

Where� and� areconstantsthatdeterminetheamount
of blur. We samplethis signal at a sparseset of points
x = si asshown in �gure 1, sowe needonly computeSd

for a few distinctvaluesof d = � jsi j + � . SincetheGaus-
sianis a separablekernelandwe cansubsamplethesignal
for largerstandarddeviations,extractinggeometricblur de-
scriptorsis quitefast,takinglessthanasecondperimagein
ourexperiments.

We comparegeometricblur descriptorsusing(L 2) nor-
malizedcorrelation.

4. GeometricDistortion Costs

We considercorrespondencesbetweenfeaturepointsf pi g
in imageP andf qj g in imageQ. A correspondenceis a
mapping� indicatingthatpi correspondsto q� ( i ) . To reduce
notationalclutter we will sometimesabbreviate � (i ) asi 0,
so� mapspi to qi 0.

The quality of a correspondenceis measuredin two
ways: how similar featurepointsare to their correspond-
ing featurepoints,andhow muchthe spatialarrangement
of the featurepointsis changed.We refer to the formeras
thematchquality, andthelaterasthedistortionof a corre-
spondence.

We expressthe problemof �nding a good correspon-
denceasminimizationof a costfunctionde�ned over cor-
respondences.This costfunctionhasa term for thematch
quality and for the geometricdistortion of a correspon-
dence.

cost(� ) = ! mCmatch(� ) + ! dCdistortion(� )

Whereconstants! m and! d weigh the two terms. The
matchcostfor a correspondenceis:

Cmatch(� ) =
X

i

c(i; i 0) (2)
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Figure3: An exemplarwith a subsetof feature pointsmarked (left), the novel “pr obe” image with all feature points in white, and the
featurepointsfoundto correspondwith theexemplarfeature pointsmarkedin correspondingcolors (left center), theexemplarwith all its
feature pointsmarked in color, codedby location in theimage (right center), and theprobewith theexemplarfeature pointsmappedby
a thin platesplinetransformbasedon thecorrespondences,again coloredby positionin theexemplar(far right ). SeeFigure 9 for more
examples

Wherec(i; j ) is the costof matchingi to j in a corre-
spondence.We usethenegativeof thecorrelationbetween
thefeaturedescriptorsat i andj asc(i; j ).

We use a distortion measurecomputedover pairs of
points in an image. This allows the cost minimization to
beexpressedasanintegerquadraticprogrammingproblem.

Cdistortion(� ) =
X

ij

H (i; i 0; j; j 0) (3)

WhereH (i; j; k; l ) is thedistortioncostof matchingi to
j andk to l in a correspondence.While therearea wide
varietyof possibledistortionmeasures,includingthepossi-
bility of usingpoint descriptorsaswell aslocation,we re-
strict ourselvesto measuresbasedon thetwo offsetvectors
r ij = pj � pi andsi 0j 0 = qj 0 � qi 0.

Cdistortion(� ) =
X

ij

distortion(r ij ; si 0j 0)

Ourdistortioncostis madeupof two components:

Cdistortion(� ) =
X

ij


 da(� ) + (1 � 
 )dl (� ) (4)

da(� ) =
�

� d

jr ij j
+ � d

� �
�
�
�arcsin

�
si 0j 0 � r ij

jsi 0j 0jj r ij j

� �
�
�
�

(5)

dl (� ) =
jsi 0j 0j � jr ij j
(jr ij j + � d)

(6)

whereda penalizesthechangein direction,anddl penal-
izeschangein length. A correspondence� resultingfrom
purescaleandtranslationwill result in da(� ) = 0, while
� resultingfrom puretranslationandrotationwill resultin
dl (� ) = 0. Theconstants� d, � d, � d, areall relatedto terms
allowing slightly more�e xibilty for nearbypointsin order
to dealwith local “noise” factorssuchassampling,local-
ization,etc.They shouldbesetrelativeto thescaleof these
local phenomena.The constant
 weighstheangledistor-
tion againstthelengthdistortion.

Outliers Eachpoint pi , in P, is mappedto a q� ( i 0) , in
Q. This mappingautomaticallyallowsoutliersin Q asit is

not necessarilysurjective – pointsqj maynot matchto any
point pi under� . We addanadditionalpoint qnull anduse
� (pi ) = qnull to allow a point pi to beanoutlier. We limit
thenumberof pointspi whichcanbeassignedto qnull, thus
allowing for outliersin bothP andQ.

5. Corr espondenceAlgorithm
Finding an assignmentto minimize a cost function de-
scribedby the terms in Equations3 and 2 above can be
written as the objective function for an Integer Quadratic
Programming(IQP)problem.

cost(x) =
X

a;b

H (a; b)xaxb +
X

a

c(a)xa (7)

Wherethe binary indicatorvariablex hasentriesxa , that
if 1, indicate � (ai ) = aj . We then have H (a; b) =
H (ai ; aj ; bi ; bj ), and c(a) = c(ai ; aj ) from Equations3
and2.

We constrainx to representanassignment.Write x ij in
placeof xa i a j . We require

P
j x ij = 1 for eachi . Futher-

moreif weallow outliersasdiscussedin Section4, thenwe
require

P
i x i null � k, wherek is themaximumnumberof

outliersallowed. Using outliersdoesnot increasethe cost
in our problems,so this is equivalent to

P
i x i null = k.

Eachof theselinear constraintsareencodedin onerow of
A and an entry of b. ReplacingH with a matrix having
entriesHab = H (a; b) andc with a vectorhaving entries
ca = c(a). We cannow write theIQP in matrix form:

min cost(x) = x0H x + c0x subjectto, (8)

Ax = b; x 2 f 0; 1gn

5.1. Approximation
Integer QuadraticProgrammingis NP-Complete,however
speci�c instancesmay be easyto solve. We follow a two
stepprocessthat resultsin goodsolutionsto our problem.
We�rst �nd theminimumof a linearboundingproblem,an
approximationto the quadraticproblem,thenfollow local
gradientdescentto �nd a locally minimal assignment.Al-
thoughwedonotnecessarily�nd globalminimaof thecost
functionin practicetheresultsarequitegood.
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We de�ne a linear objective function over assignments
that is a lower boundfor our cost function in two steps.
First computeqa asfollows:

qa = min
X

b

Habxb subjectto, (9)

Ax = b; x 2 f 0; 1gn

If xa represents� (i ) = j thenqa is a lower boundfor
thecostcontributedto any assignmentby using� (i ) = j .

min L (x) =
X

a

(qa + ca)xa subjectto, (10)

Ax = b; x 2 f 0; 1gn

L(x) is a lowerboundfor cost(x) from Equation8. This
constructionfollows [19], and is a standardbound for a
quadraticprogram.Of noteis theoperationalsimilarity to
geometrichashing,with allowancefor non-rigidity.

Equation9 and10 areboth integer linearprogramming
problems,but sincetheverticesof theconstraintpolytopes
lie only on integercoordinates,they canberelaxedto linear
programmingproblemswithout changingthe optima,and
solvedeasily. In factdueto thestructureof theproblemsin
our setupthey canbe solved explicitly by construction.If
n is the lengthof x andm is the numberof points in im-
ageP, eachproblemtakesO(nm log(m)) operationswith
a very small constant. Computingqa for a = 1: : : n re-
quiresO(n2m log(m)) time.

We thenperformgradientdescentchangingoneelement
of theassignmentat eachstep.This takesO(n) operations
perstep,andusuallyrequiresa very smallnumberof steps
(we limit this to 100). In practicewe cansolve problems
with m = 50 andn = 2550, 50 possiblematchesfor each
of 50modelpointswith outliers,in lessthan2 seconds.

5.2. Warping
Oncewe have found a low distortion correspondencebe-
tweenpoints in two imageswe cande�ne a smoothwarp
betweenthe images.We useregularizedthin platesplines
[26] �t to the correspondences.The regularizedthin plate
spline for a univariatefunction is modeledon the ideaof
minimizing thebendingenergy of a thin platede�ectedto
approximatesomevalues. It is widely usedfor datainter-
polation.

6. Corr espondenceresults
GivenanimageP of anobject,anda target imageQ, pos-
sibly containingan instanceof a similar object we �nd a
correspondencebetweentheimagesasfollows:

1. Extractsparseorientededgemapsfrom eachimage.

2. Computefeaturesbasedon geometricblur descriptors
at locationswith high edgeenergy.

3. Pickm of thesefeaturesfrom P.

4. Allow eachof the m featurepointsfrom P to poten-
tially matchthe n mostsimilar points in Q basedon
featuresimilarity andor proximity.

5. ConstructthecostmatricesH andc basedon Section
4.

6. ApproximatetheresultingBinaryQuadraticOptimiza-
tion to obtaina correspondence.Storethecostof the
correspondenceaswell.

7. Given the correpondenceon m points extend to a
smoothmapfor otherpointsin P usinga regularized
thin platespline.

SeeFigures3 and9 for a numberof examples.In the left-
most columnof the �gure is the imageP shown with m
points marked in color. In the middle left column is the
target imageQ with the correspondingpointsfound using
our algorithm. A regularizedthin platesplineis �t to this
correspondenceto mapthefull setof featurepointson the
objectin P, shown in the middle right column,to the tar-
get,asshown on thefar right column.Correpondingpoints
arecoloredsimilarly andpointsarecoloredbasedon their
position(or correspondingposition)in P.

7. RecognitionExperiments
Our recognitionframework is basedonnearestneighbor.

� Preprocessing

1. For eachobjectclasswestoreanumberof exem-
plars.

2. Possibly replicate the exemplars at different
scales.

3. Computefeaturesfor all of theexemplarsasde-
scribedabove.

� Indexing

1. For a queryimage,extract featuresasdescribed
above

2. For eachfeaturepoint in an exemplar, �nd the
bestmatchingfeaturepoint in thequerybasedon
normalizedcorrelationof thegeometricblur de-
scriptors. The medianof thesebestcorrelations
is thesimilarity of theexemplarto theprobe.

3. Form a shortlist of the exemplarswith highest
similarity to thequeryimage.

� Correspondence

1. Find a correspondencefrom eachexemplar in
theshortlistto thequery. Scorethesecorrespon-
dencesby their cost.
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2. Pick theexemplarwith theleastcost.

� Warping: If desired,constructa thin platesplinetrans-
formationto warpotherpointson theexemplarto the
queryimage,or look for additionalobjectsin thequery
pointsnotusedby thecorrespondence.

We apply our techniqueto two different datasets,the
Caltechsetof 101objectcategories(availablehere[1]) and
a collectionof newsphotographscontainingfacesgathered
from yahoo.com(provided by the authorsof [5]). In the
experimentsthatfollow, we utilize thesameparametersfor
bothdatasetsexceptfor thosespeci�cally mentioned.

For all imagesedgesare extractedat four orientations
anda �x edscale.For theCaltechdatasetwheresigni�cant
textureandclutterarepresent,weusetheboundarydetector
of [20] at a scaleof 2% of the imagediagonal. With the
facedataset,a quadraturepair of even andodd symmetric
gaussianderivativessuf�ces. Weuseascaleof � = 2 pixels
andelongatethe�lter by a factorof 4 in thedirectionof the
putativeedgeorientation.

Geometricblur featuresarecomputedat400pointssam-
pledrandomlyon theimagewith theblur patternshown in
Figure1. We usea maximumradiusof 50 pixels (40 for
faces),andblur parameters� = 0:5 and� = 1.

For correspondenceweuse50(40for faces)points,sam-
pledrandomlyon edgepoints,in thecorrespondenceprob-
lem. Eachpoint is allowedto matchto any of themostsimi-
lar 40pointsonthequeryimagebasedonfeaturesimilarity.
In additionfor thecaltech101 datasetwe use
 = 0:9 al-
lowing correspondenceswith signi�cant variationin scale,
while for the facesdatasetwe handescalevariationpartly
by repeatingexemplarsat multiple scalesanduse
 = 0:5.

8. Caltech101Results
Basic Setup: Fifteen exemplarswere chosenrandomly
from eachof the 101 object classesand the background
class,yeilding a total 1530exemplars.For eachclass,we
selectup to 50 testingimages,or “probes”excludingthose
usedasexemplars.Someof theclasseshave fewer than65
elements,in which casewe take asmany asareavailable.
Resultsfor eachclassare weightedevenly so thereis no
biastowardclasseswith moreimages.

Thespatialsupportof theobjectsin theexemplarsis ac-
quiredfrom humanlabeling.Theshortlistresultsareshown
in Figure4. The top entry in theshortlistis corect41%of
the time. Oneof the top 20 entriesis correct75% of the
time.

Recognition and localization: Using eachof the top
tenexemplarsfrom theshortlistwe �nd a goodcorrespon-
dencein theprobeimage. We do this by �rst sampling50
locationson the exemplarobjectandallowing eachto be
matchedto its 50 bestmatchingpossibilitiesin the probe

with up to 20% outliers. This resultsin a quadraticpro-
grammingproblemof dimension2550.We usea distortion
costbasedmainly on thechangein angleof edgesbetween
vertices(
 = 0:9). This allowsmatcheswith relatively dif-
ferentscalesasshown in the Figure9. Eachexemplaris
ratedby the resultingmatchingcost. Theclassof thebest
exemplarbasedon correspondencecostgives48% correct
classi�cation. This is an increaseover the bestmatching
exemplarnotusingcorrespondence(41%),andprovideslo-
calisationof the object in the imagethat is approximately
correctin almostall caseswhentheprobeis classi�edcor-
rectly.1

Multiscale: We computeexemplaredgeresponsesand
featuresat a secondscalefor eachexemplarresulting in
twice asmany exemplars. This improvesshortlistperfor-
manceby 1% or less,anddoesnot changerecognitionper-
formance.This illustratesthelackof scalevariationin Cal-
tech101. The facedatasetexhibits a large rangeof scale
variation.
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Figure4: For a probeor queryimage exemplars are rankedac-
cording to feature similarity. We plot thepercentage of probesfor
which an exemplarof thecorrectclasswasfoundin theshortlist.
Herethe�r stexemplaris correct41%of thetime. Left Full curve.
Right Curveup to shortlist length100for detail.

9. FaceDetectionResults

We apply thesametechniqueto detectingmediumto large
scalefacesfor possibleusein facerecognitionexperiments.
The face datasetis sampledfrom the very large dataset
from [5] consistingof newsphotographscollectedfrom ya-
hoo.com.A setof 20 exemplarfacessplit betweenfrontal,
left, and right facing, was chosenfrom the databaseby
hand,but withoutcare.Weselectedthetestingsetrandomly
from the remainingimageson which the facedetectorof
[21] foundat leastonelarge(86� 86 pixelsor larger) face.
We usethegenericobjectrecognitionframework described
above,but after �nding the lowestcostcorrespondencewe
continueto look for others. We generatean ROC curve
basedonourmatchcost,andcomparethisto theROCcurve
for the detectorof [21]. See�gure 6. Our detectorhasan

1For comparisonourbaselineexperimentsusing1-nnandcolorhistor-
gramsachieved 12% while 1-nn with ssdon greyscaleimagesachieved
16%,comparableto thestateof theart.
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Hand Segmentation
Automatic Segmentation

Figure5: Thepercentage of probesfor which an exemplarof the
correctclasswasfoundin theshortlist.Theblue curveshowsper-
formancewith handsegmentedexemplars, the red Curveshows
performancewith automaticallysegmentedexemplars. For hand
segmentedexemplars the�r stexemplaris correct41%of thetime,
for automaticallysegmentedexemplars 45%.

advatagein generalization,while producingmorefalsepos-
itives.While not up thethe level of specializedfacedetec-
tors, theseareremarkablygoodresultsfor a facedetector
using20 exemplarsanda generative model for classi�ca-
tion, without any negativetrainingexamples.

10. Automatic Model Building
In the recognition experimentsabove, exemplar objects
were hand segmentedfrom their backgrounds. We now
show how thesesegmentationscanbe performedautoma-
tially.

We exploit repetitionof objectsin theexampleimages.
For agivenexempleimagewewill identify thefeaturesthat
arerepeatedin thesamecon�gurationin theotherexample
images.Ideally this would be computedfor all imagessi-
multaneously. Weshow thatin many casesit is suf�cient to
�nd thesimilarpartsin pairsof imagesindependantly.

Startingwith a setof exampleimagesf I i g from an ob-
ject class�nd the supportof the object in an imageI i 0 as
follows:

1. For eachimageI j wherej 6= i 0 :

(a) Finda correspondencefrom I i 0 to I j
2

(b) Usea regularizedthin platesplineto mapall of
thefeaturepointsin I i 0 to I j

(c) Foreachmappedfeaturefrom I i 0 , thequality of
the matchis the similarity to the bestmatching
nearbyfeaturein I j .

2. Themedianquality of matchfor a featureis themea-
sureof how commonthatfeatureis in thetrainingim-
ages.

2Hereweallow 40%outliersinsteadof 15%asusedin therecognition
experiments.

In Figures7 and8 the pointsshown in color are those
with medianquality within 90%of thebestfor that image.
Using this automaticallyestimatedsupportwe repeatthe
recognitionexperimentsin Section8. The shortlist accu-
racy is actuallybetterusingtheautomaticsegmentation,an
improvementof 1-4%for thetop 10 entries,ascanbeseen
in Figure5.

While the estimatedsupport is not always intuitive,
recognitionperformanceis verycloseto thatusingthesame
techniquesandhandsegmentedimages,48%. As canbe
seenin �gures7 and8 theautomaticallyestimatedsupport
is oftencorrect.

This is a very simpleexampleof correspondenceallow-
ing us to build modelsin objectcoordinates.The learned
modelsof supportre�ect a region of the imagethat is con-
sistentacrosstrainingimages,asopposedto individualdis-
criminativefeatures.
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Figure 6: Top ROC curvesfor our face detectorusing 20 ex-
emplarimagesof faces(split betweenfrontal andpro�le) andthe
the detectorof Mikolajczyk[21] (similar to that of [30]) evalu-
atedon a datasetof ap news photos. Mikolajczyk's detectorhas
provento beeffectiveon this dataset[5]. Our detectorworksby
simply�nding setsof feature pointsin an image that havea good
correspondence, basedon distortioncost,to 20 exemplars. Good
correspondencesallow detectionandlocalizationof facesusinga
simplegenerative modelbasedon nearestneighborto 20 exem-
plars. No negative exampleswere usedfor our model. Bottom
Detectionsfromour facedetectormarkedwith rectangles.
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Figure7: Training imagesfor a classare shownat Left , the locationsof the objectsare not given. For each image the feature points
which are well registeredbyalignment( asdescribedin Section10) are automaticallyextractedandmarkedin redat right Thecar class
showsan apparent failure asmuch of thebackgroundhasbeenlabeledasobject,but signi�cant portionsof thebackgroundare actually
asconsistentastheobjectitself! (Noteimagesare in color for clarity, all computationis doneongrayscaleimages.)
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Figure8: Training imagesfor a classare shownat Left , the locationsof the objectsare not given. For each image the feature points
which are well registeredbyalignment( asdescribedin Section10)are automaticallyextractedandmarkedin redat right . (Noteimages
are in color for clarity, all computationis doneongrayscaleimages.)
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Figure9: Each rowshowsa correspondencefoundusingour techniquedescribedin section5. Leftmostis anexemplarwith somefeature
pointsmarked.Leftcenteris a probeimagewith thecorrespondencesfoundindicatedbymatchingcolors (all possiblefeaturematchesare
shownwith whitedots). All of the feature pointson theexemplarare showncenterright, and their image usinga thin platesplinewarp
basedon thecorrespondenceare shownin theright mostimage of theprobe. Notetheability to dealwith clutter (1,6),scalevariation(3),
intraclassvariation all, alsothewhimsicalshapematching (2), andthesemioticdif�culty of matching a banknoteto theimage of a bank
notepaintedonanotherobject(5).
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