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Abstract

We approach recaynition in the framewvork of deformable
shapematding, relyingona new algorithmfor nding cor-

respondencebetweenfeatule points. This algorithm sets
up correspondencas an integer quadmatic programming
problem,whete the costfunctionhastermsbasedon sim-
ilarity of correspondinggeometricblur point descriptos

as well as the geometricdistortion betweenpairs of cor-

respondingeature points. Thealgorithm handlesoutliers,

and thus enablesmatding of exemplas to query images
in the presenceof occlusionand clutter Giventhe corre-

spondenceswe estimatean aligning transform, typically
a regularizedthin plate spling resultingin a densecorre-

spondencéetweerthe two shapes. Objectrecaynition is

thenhandledin a neatestneighborframevork wheee the
distancebetweerexemplarand queryis the matding cost
betweencorrespondingpoints. We show resultson two

datasets.Oneis the Caltech 101 dataset(Fei-Fei, Fergus
and Perona), an extremelychallengingdatasetwith large
intraclassvariation. Our appmad yieldsa 48% correct
classi cation rate, compaed to Fei-Fei et al's 16%. We
alsoshowresultsfor localizingfrontalandpro le facesthat
are compambleto specialpurposeappmacdhestunedto this
task.

1. Intr oduction

Our thesisis that recognizingobject categories, be they
sh or bicycles,is fundamentallya problemof deformable
shapematching. Back in the 1970s,at leastthree differ-
entresearchgroupsworking in differentcommunitiesini-
tiated suchan approach:in computervision, Fischlerand
Elschlager[10], in statisticalimage analysis, Grenander
([12]andearlier),andin neuralnetworks,vonderMalskurg
([14] andearlier). The coreideathatrelatedbut notidenti-
calshapegsanbedeformednto alignmentusingsimpleco-
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ordinatetransformationslatesavenfurtherback,to D'Arcy
Thompsonin his classicwork On Growthand Form [31].

The setupis the following: we have storedmultiple ex-
emplarsfor differentobject cateyories,andin the caseof
3D objectsmultiple 2D views from differentposesaswell.
Givenanimagewhich containsanunknowvn object(shape),
we comparet to differentexemplarshapeshus

1. solve the correspondenc@roblem betweenthe two
shapes,

2. usethecorrespondences estimateanaligningtrans-
form, and

3. computethedistancebetweerthetwo shapessasum
of matchingerrorshetweercorrespondingpoints.

Giventhesedistancesve canusea nearesheighborclassi-
er todeterminghecategory of thehithertounknovnshape
in theimage.

Practically speakingthe mostdif cult stepis the cor-
respondenceroblem e.g. how do we algorithmically de-
terminewhich pointson two shapesorrespond?The cor
respondenceroblemin this settingis muchharderthanin
thesettingof, say binocularstereopsisfor anumberof rea-
sons:

1. Intra-catgory variation: the aligning transform be-
tweentwo instancef a cateyory is not a simple pa-
rameterizedransform.lt is reasonabléo assumehat
it isasmoothmappingputit wouldbedif cult to char
acterizdt by asmallnumberof parameterasin arigid
or af ne transform.

2. Occlusionandclutter: while we may assumehatthe
storedprototypeshapesrepresenin aclean,isolated
version,the shapethatwe have to recognizein anim-
ageis in thecontext of multiple otherobjects possibly
occludingeachothet

3. 3D posechangessincethe storedexemplarsepresent
multiple 2D views of a 3D object,we couldhavevaria-
tion in imageappearancehichis purelypose-related,
the 3D shapesouldbeidentical



The principal contribution of this paperis a novel al-
gorithmfor solving the correspondencproblemfor shape
matching.

First, somebackground. We represenshapeby a set
of points sampledfrom contourson the shape. Typically
50-100pixel locationssampledrom the outputof anedge
detectorare used;as we usemore sampleswe get better
approximations. Note that thereis nothing specialabout
thesepoints— they are not requiredto be keypoints such
asthosefound using a Harris/Forstnertype of operatoror
scale-spacextremaof a Laplacianof Gaussiaroperatory
suchasusedby Lowe [18].

We exploit threekinds of constraintsto solve the cor-
respondenceroblembetweenshapegepresenteds point
sets:

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

2. Minimizing geometricdistortion: If point i corre-
spondsto i% andpointj correspondso j° thenthe
vectorfrom i to j, 5 shouldbe consistenwith the
vectorfrom i®to j O ro0. E.g. if the transformation
from one shapeto anotheris a translationaccompa-
niedby purescaling,thenthesevectorsmustbe scalar
multiples. If the transformationis a pure Euclidean
motion, thenthe lengthsmustbe presered. And so
on.

3. Smoothnessf the transformationfrom one shapeto
the other This enableausto interpolatethe transfor
mationto theentireshapegivenjustthe knowledgeof
thecorrespondencdsr a subsebf the samplepoints.
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-
dencesThisis thensolvedasanintegerquadratigorogram-
ming problem(cf. Maciel andCosteirg19]).

We addresgwo objectrecognitionproblems multiclass
recognitionand face detection. In the multi-classobject
classrecognitionproblem,given animageof an objectwe
mustidentify the classof the objectandits locationin the
image.We usethe Caltech101 objectclassdatasetonsist-
ing of imagesrom 101 classe®f object:from accordiorto
kangarodo yin-yang,availableat[1]. Thisdatasetncludes
signi cant intra classvariation, a wide variety of classes,
andclutter Onaveragewe achiese 48% accurag onobject
classi cationwith quite goodlocalizationon the correctly

classi edobjects.Thiscomparegavorablywith the stateof
theartof 16%from [8].

We alsoconsiderfacedetectionfor large faces suitable
for facerecognitionexperiments.Herethe taskis to detect
andlocalizeanumberof facedn animage.Thefacedataset
we useis sampledfrom the very large datasetusedin [5]
consistingof news photographgollectedfrom yahoo.com.
With only 20 exemplarfacesour genericsystemprovidesa
ROC curve with slightly bettergeneralizationandslightly
worsefalsedetectionrate thanthe quite effective special-
izedfacedetectomusedin [5].

2. RelatedWork

There have beenseveral approaches$o shaperecognition
basedon spatialcon gurationsof a small numberof key-

pointsor landmarks.In geometrichashing[15], thesecon-
gurations are usedto vote for a modelwithout explicitly

solving for correspondencedAmit etal. [2] train decision
treesfor recognitionby learningdiscriminatie spatialcon-
gurations of keypoints. Leunget al. [16], Schmidand
Mohr [28], and Lowe [17] additionally usegray level in-

formationatthe keypointsto provide greaterdiscriminative
power. Lowe's SIFT descriptor17] [18] have beenshovn
in variousstudiese.g.[22] to performverywell particularly
attaskswhereoneis looking for identicalpoint features.

Recentwork extendsthis approacho cateyory recogni-
tion[9, 7, 8], andto three-dimensionadbjects[2T.

It shouldbe notedthatnotall objectshave distinguished
key points (think of a circle for instance),and using key
points alone sacri ces the shapeinformation available in
smoothportionsof objectcontours. Approachedasedon
extractingedgepointsare,in our opinion,moreuniversally
applicable. Huttenlocheret al. developedmethodsin this
catgyory basedon the Hausdorf distance13]; this canbe
extendedo dealwith partialmatchingandclutter. A draw-
back for our purposeds that the methoddoesnot return
correspondencedvethodsbasedon DistanceTransforms,
suchas[11], aresimilar in spirit andbehaior in practice.
Work basedon shapecontextsis indeedaimedat rst nd-
ing correspondencd8, 23] andis closeto the spirit of this
work. Anotherapproachs the non-rigid point matchingof
[6] basedon thin platesplinesand“softassign”.

Onecando without extracting eitherkeypointsor edge
points: Uliman etal proposeusingintermediatecomplexity
featuresa collectionof imagepatches,[3433]

For facesandcarsthe classspeci ¢ detectorf [35, 30,
29] have beenvery successful.Thesetechniqueaisesim-
ple local featuresyroughly basedon imagegradientsanda
cascadef classi ersfor ef ciency. Recentvork onsharing
featured32] hasextendedto multiclassproblems.



a. b.

Figure1: A spassesignal S (a) and the geometricblur of S
aroundthe featue point marked in red (b.) We only samplethe
geometricblur of a signalat small numberof locationsf s; g, in-
dicatedin (b.)

Figure2: Twoimages(a. andc.) andfour orientededge chan-
nelsderivedfromthe imagesusingthe boundarydetectorof [20]
(b. andd. respectively)A featue point descriptoris theconcate-
nation of the subsampledeometricblur descriptorat the featue
pointfor ead of thechannels.

3. Geometric Blur Descriptor

We usefeatureshbasedon a subsampledersionof the geo-
metricblur descriptorof [4]. This descriptoris a smoothed
versionof the signal arounda featurepoint, blurred by a
spatiallyvarying kernel. The amountof blur is small near
the featurepoint andgrows with distancefrom the feature
point. Theintuition is thatunderan af ne transformthat
x esafeaturepoint,thedistanceapieceof thesignalmoves
is linearly proportionalto the distancethat piecewasfrom
thefeaturepoint.

Whenappliedto asparsesignalrelatedio theimagesuch
as orientededgeenegy channelsthe geometricblur de-
scriptorprovidesacomparisorof theneighborhoodaround
featurepointsthatis robustto af ne distortion. It is impor-
tant to note that the spatialsupportof the geometricblur
featurescanbemadequitelarge,andasaresultthedescrip-
torscanprovide usefuldiscriminatve information.

In practicethegeometridlur of asignalis usuallyrather
smoothfar from a featurepoint, we take advantageof this
by subsamplinghe geometricblur, asshavnin gure 1.

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

tors,the orientededgedetectoroutputsof [20] andoriented
edgeenepy usingquadraturgairs,following [24, 25]. See
Figure2 for anexample. In eachcasethe edgedetectoris
usedto producefour channelof orientededgeresponses.
The featuredescriptorat a point is thenthe concatenation
of thesubsampledeometricblur descriptorat thatpointin
eachof thechannels.

For thiswork we usea spatiallyvarying Gaussiarkernel
to computegeometricblur. Givenoneof the orientedchan-
nelsdiscussedibore asthe signal,S, we computeblurred
versions,Sq = S Gy, by convolving with a Gaussiarof
standardieviationd. The geometricblur descriptoraround
locationxg is then

Bxo(X) = S jxj+ (Xo X) (1)

Where and areconstantghatdeterminethe amount
of blur. We samplethis signal at a sparseset of points
X = s; asshavnin gure 1, sowe needonly computeSy
for afew distinctvaluesof d = jsijj+ . SincetheGaus-
sianis a separablé&ernelandwe cansubsamplehe signal
for largerstandardieviations,extractinggeometricblur de-
scriptorsis quitefast,takinglessthana seconderimagein
our experiments.

We comparegeometricblur descriptorausing (L 2) nor-
malizedcorrelation.

4. Geometric Distortion Costs

We considercorrespondencdsetweenfeaturepointsf pig
in imageP andfg g in imageQ. A correspondences a
mapping indicatingthatp; correspondsoq (;y. Toreduce
notationalclutter we will sometimesabbreviate (i) asi®,
SO mapsp; to Go.

The quality of a correspondencés measuredn two
ways: how similar featurepoints are to their correspond-
ing featurepoints, and how muchthe spatialarrangement
of the featurepointsis changed.We referto the formeras
the matchquality, andthe later asthe distortionof a corre-
spondence.

We expressthe problemof nding a good correspon-
denceasminimizationof a costfunction de ned over cor
respondencesThis costfunction hasatermfor the match
quality and for the geometricdistortion of a correspon-
dence.

cos( ) = ! mCmatcH ) + ! dCdistortior( )

Whereconstantd m and! 4 weighthe two terms. The
matchcostfor a correspondencis:

X
CratcH )= (i i9 2
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Figure3: An exemplarwith a subsetof featule points marked (left), the novel “pr obe” image with all featue pointsin white andthe
featuee pointsfoundto correspondwvith the exemplarfeatuee pointsmarkedin correspondingolors (left center), theexemplarwith all its
featue pointsmarkedin color, codedby locationin theimage (right center), andthe probewith the exemplarfeatue pointsmappedoy
a thin plate splinetransformbasedon the correspondencesgain colored by positionin the exemplar(far right). SeeFigure 9 for more

examples

Wherec(i; j ) is the costof matchingi to j in a corre-
spondenceWe usethe negative of the correlationbetween
thefeaturedescriptorsati andj asc(i; j ).

We use a distortion measurecomputedover pairs of
pointsin animage. This allows the cost minimizationto
beexpresse@sanintegerquadratiqprogrammingproblem.

Cdistortion( )= H (i; io;j; j O) ©))
]

WhereH (i; j; k;1) is thedistortioncostof matchingi to
j andk to | in a correspondenceWhile thereare a wide
varietyof possibledistortionmeasuresncludingthe possi-
bility of usingpoint descriptorsaswell aslocation,we re-
strictoursehesto measurebasedn thetwo offsetvectors
i =B Pi andsino: o Go.

Cdistortion( ) = distortior(r;; ; Siojo)
i

Ourdistortioncost's% madeup of two components:

Cdistortiorl ) = da( )+ (@ )d() 4)
ij

S.D.O r..

d = 94 arcsin 21— 1

)= gt iSioolifi |
(5)
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whered, penalizegshechangen direction,andd, penal-
izeschangein length. A correspondence resultingfrom
pure scaleandtranslationwill resultin da( ) = O, while

resultingfrom puretranslationandrotationwill resultin
di( ) = 0. Theconstants 4, 4, d,areall relatectoterms
allowing slightly more e xibilty for nearbypointsin order
to dealwith local “noise” factorssuchassampling,local-
ization,etc. They shouldbe setrelative to the scaleof these
local phenomenaThe constant weighsthe angledistor
tion againsthelengthdistortion.

Outliers Eachpoint p;, in P, is mappedto aq (o, in
Q. This mappingautomaticallyallows outliersin Q asit is

not necessarilsurjective — pointsg, may not matchto ary
pointp; under . We addanadditionalpoint gy, | anduse

(Pi) = Oyl to allow apointp; to beanoutlier. We limit
thenumberof pointsp; which canbeassignedo ), thus
allowing for outliersin bothP andQ.

5. Correspondencelgorithm

Finding an assignmentto minimize a cost function de-
scribedby the termsin Equations3 and 2 above can be
written as the objective function for an Integer Quadratic
ProgrammingIQPgProblem.

cos{x) = H (a;b)xaxp +

ab a
Wherethe binary indicator variablex hasentriesx,, that
if 1, indicate (a) = a. We thenhave H(a;b) =

H(ai;a;;b; k), andc(a) = c(a;g) from Equations3
and2.

We constrainx to repregenan assignmentWrite x;; in
placeof X4, 4, . Werequire . xj = 1for eachi. Futher
moreif we allow outliersasdiscussedh Section4, thenwe
require ; Xyl K, wherek is the maximumnumberof
outliersallowed. Using outliersdoesnot igcreasethe cost
in our problems,so this is equialentto  ; X;n, = k-
Eachof theselinear constraintsareencodedn onerow of
A andan entry of b. ReplacingH with a matrix having
entriesHa, = H (a;b) andc with a vectorhaving entries
Ca = c(a@). We cannow write the QP in matrix form:

min cos(x) =xH x + ¢% subjectto, (8)

Ax = b x2f0;1g"

c(a)Xa (7)

5.1 Approximation

Integer QuadraticProgrammings NP-Complete however
speci ¢ instancesnay be easyto solve. We follow a two
stepprocesghat resultsin goodsolutionsto our problem.
We rst nd theminimumof alinearboundingproblem,an
approximationto the quadraticproblem,thenfollow local
gradientdescento nd alocally minimal assignmentAl-
thoughwe do notnecessarilynd globalminimaof thecost
functionin practicetheresultsarequite good.



We de ne a linear objective function over assignments
thatis a lower boundfor our costfunction in two steps.
Firstcomputeq, asfollows:

X

0, = Min HapXp subjectto, 9

x 2 f0; 1g"

If X5 represents (i) = j theng, is alower boundfor
the costcontributedto arny assignmenby using (i) = j.

min L(x) = (0a + Ca)Xa Subjectto, (10)

x 2 f0;1g"

L (x) isalowerboundfor cost(x) from Equation8. This
constructionfollows [19], andis a standardboundfor a
guadraticprogram. Of noteis the operationakimilarity to
geometrichashingwith allowancefor non-rigidity.

Equation9 and 10 areboth integer linear programming
problems put sincethe verticesof the constraintpolytopes
lie only onintegercoordinatesthey canberelaxedto linear
programmingproblemswithout changingthe optima, and
solvedeasily In factdueto the structureof the problemsn
our setupthey canbe solved explicitly by construction.If
n is the lengthof x andm is the numberof pointsin im-
ageP, eachproblemtakesO(nm log(m)) operationswith
a very small constant. Computingg, fora = 1:::n re-
quiresO(n?m log(m)) time.

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

5.2 Warping

Oncewe have found a low distortion correspondencbe-
tweenpointsin two imageswe cande ne a smoothwarp
betweerthe images. We useregularizedthin plate splines
[26] t to the correspondencesThe regularizedthin plate
splinefor a univariatefunction is modeledon the idea of

minimizing the bendingenegy of a thin platede ectedto

approximatesomevalues. It is widely usedfor datainter

polation.

6. Correspondenceesults

GivenanimageP of anobject,andatargetimageQ, pos-
sibly containingan instanceof a similar objectwe nd a
correspondendeetweertheimagesasfollows:

1. Extractsparseorientededgemapsfrom eachimage.

2. Computefeatureshasedon geometrichlur descriptors
atlocationswith high edgeeneny.

3. Pickm of thesefeaturedrom P .

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

5. Constructthe costmatricesH andc basedon Section
4.,

6. ApproximatetheresultingBinary QuadratidOptimiza-
tion to obtaina correspondenceStorethe costof the
correspondencaswell.

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

SeeFigures3 and9 for a numberof examples.In theleft-
most column of the gure is theimageP showvn with m
points marked in color. In the middle left columnis the
targetimageQ with the correspondingointsfound using
our algorithm. A regularizedthin platesplineis t to this
correspondenc® mapthefull setof featurepointson the
objectin P, shavn in the middle right column, to the tar-
get,asshowvn onthefarright column. Correpondingpoints
arecoloredsimilarly andpointsare coloredbasedon their
position(or correspondingposition)in P.

7. RecognitionExperiments

Ourrecognitionframeawvork is basedon nearesheighbor

Preprocessing

1. For eachobjectclasswe storea numberof exem-
plars.

2. Possibly replicate the exemplars at different
scales.

3. Computefeaturesfor all of the exemplarsasde-
scribedabove.

Indexing

1. For a queryimage,extract featuresasdescribed
above

2. For eachfeaturepoint in an exemplar nd the
bestmatchingfeaturepointin thequerybasedn
normalizedcorrelationof the geometricblur de-
scriptors. The medianof thesebestcorrelations
is the similarity of the exemplarto the probe.

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

Correspondence

1. Find a correspondencérom each exemplarin
the shortlistto the query Scorethesecorrespon-
dencesy their cost.



2. Picktheexemplarwith theleastcost.

Warping: If desiredconstructathin platesplinetrans-
formationto warp otherpointson the exemplarto the
gueryimage,or look for additionalobjectsin thequery
pointsnot usedby the correspondence.

We apply our techniqueto two different datasets,the
Caltechsetof 101 objectcategories(availablehere[1]) and
acollectionof news photographgontainingfacesgathered
from yahoo.com(provided by the authorsof [5]). In the
experimentghatfollow, we utilize the sameparametersor
bothdataset&xceptfor thosespeci cally mentioned.

For all imagesedgesare extractedat four orientations
anda x edscale.For the Caltechdatasetvheresigni cant
textureandclutterarepresentyve usetheboundarydetector
of [20] at a scaleof 2% of the imagediagonal. With the
facedataseta quadraturepair of evenandodd symmetric
gaussiamlerivativessufces. We useascaleof = 2 pixels
andelongatehe Iter by afactorof 4 in thedirectionof the
putative edgeorientation.

Geometridlur featuresarecomputedat 400 pointssam-
pledrandomlyon theimagewith the blur patternshovn in
Figure1l. We usea maximumradiusof 50 pixels (40 for
faces)andblur parameters = 0:5and = 1.

For correspondenose use50 (40for faces)oints,sam-
pledrandomlyon edgepoints,in the correspondencgrob-
lem. Eachpointis allowedto matchto ary of themostsimi-
lar 40 pointsonthequeryimagebasedn featuresimilarity.
In additionfor the caltech101 datasetve use = 0:9 al-
lowing correspondencasith signi cant variationin scale,
while for the facesdatasetve handescalevariationpartly
by repeatingexemplarsat multiple scalesanduse = 0:5.

8. Caltech 101 Results

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 the classedave fewer than65
elementsjn which casewe take asmary asare available.
Resultsfor eachclassare weightedevenly so thereis no
biastoward classesvith moreimages.

Thespatialsupportof the objectsin theexemplarss ac-
quiredfrom humanlabeling. Theshortlistresultsareshovn
in Figure4. Thetop entryin the shortlistis corect41% of
thetime. One of the top 20 entriesis correct75% of the
time.

Recognition and localization: Using eachof the top
tenexemplarsfrom the shortlistwe nd agoodcorrespon-
dencein the probeimage. We do this by rst sampling50
locationson the exemplarobjectand allowing eachto be
matchedto its 50 bestmatchingpossibilitiesin the probe

with up to 20% outliers. This resultsin a quadraticpro-
grammingproblemof dimension2550. We usea distortion
costbasednainly onthe changen angleof edgeshetween
vertices( = 0:9). Thisallows matcheswith relatively dif-
ferentscalesas shown in the Figure9. Eachexemplaris
ratedby the resultingmatchingcost. The classof the best
exemplarbasedon correspondenceostgives48% correct
classi cation. This is anincreaseover the bestmatching
exemplamotusingcorrespondenc@1%),andprovideslo-
calisationof the objectin the imagethatis approximately
correctin almostall casesvhenthe probeis classi ed cor
rectly.

Multiscale: We computeexemplaredgeresponsesand
featuresat a secondscalefor eachexemplarresultingin
twice asmary exemplars. This improvesshortlist perfor
manceby 1% or less,anddoesnot changerecognitionper
formance.This illustratesthelack of scalevariationin Cal-
tech101. The facedatasekexhibits a large rangeof scale
variation.

Retrieval Rate vs Shortlist Length
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Figure4: For a probeor queryimage exemplas are ranked ac-
cording to featute similarity. e plot the percentage of probesfor
which an exemplarof the correct classwasfoundin the shortlist.
Herethe r stexemplaris correct41%o0f thetime Left Full curve

Right Curveup to shortlistlength100for detail.

9. FaceDetectionResults

We apply the sametechniqueto detectingmediumto large
scalefacedfor possibleusein facerecognitionexperiments.
The face datasetis sampledfrom the very large dataset
from [5] consistingof news photographgollectedfrom ya-
hoo.com.A setof 20 exemplarfacessplit betweerfrontal,
left, and right facing, was chosenfrom the databaseby
hand butwithoutcare.We selectedhetestingsetrandomly
from the remainingimageson which the face detectorof
[21] found atleastonelarge (86 86 pixelsor larger)face.
We usethe genericobjectrecognitionframenork described
above, but after nding the lowestcostcorrespondencee
continueto look for others. We generatean ROC curve
basednourmatchcost,andcomparehisto theROC curve
for the detectorof [21]. See gure 6. Our detectorhasan

1For comparisorour baselinesxperimentsusing1-nnandcolor histor
gramsachieved 12% while 1-nn with ssdon greyscaleimagesachieved
16%,comparableo the stateof theart.
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Figure5: Thepercentage of probesfor which an exemplarof the
correctclasswasfoundin theshortlist. Theblue curveshowsper-

formancewith hand sggmentedexemplas, the red Curve shows
performancewith automaticallysggmentedexemplas. For hand
sgmentedxemplasthe r stexemplaris correct41%of thetime

for automaticallysegmentedexemplas 45%.

adwatagein generalizationwhile producingmorefalsepos-
itives. While not up the the level of specializedacedetec-
tors, theseareremarkablygoodresultsfor a facedetector
using 20 exemplarsand a generatie modelfor classi ca-
tion, without any negative trainingexamples.

10. Automatic Model Building

In the recognition experimentsabore, exemplar objects
were hand sggmentedfrom their backgrounds. We now
shav how thesesggmentationscan be performedautoma-
tially.

We exploit repetitionof objectsin the exampleimages.
For agivenexempleimagewe will identify thefeatureghat
arerepeatedn the samecon gurationin theotherexample
images. Ideally this would be computedfor all imagessi-
multaneouslyWe shov thatin mary casest is sufcient to
nd thesimilar partsin pairsof imagesndependantly

Startingwith a setof exampleimagesf | ;g from an ob-
jectclass nd the supportof the objectin animagel;, as
follows:

1. Foreachimagel; wherej 6 ig :

(a) Findacorrespondencigoml;, tol; 2

(b) Usea regularizedthin plate splineto mapall of
thefeaturepointsin |, tol;

(c) Foreachmappedeaturefrom I;,, the quality of
the matchis the similarity to the bestmatching
nearbyfeaturein | .

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

2Herewe allow 40%outliersinsteadof 15%asusedin therecognition
experiments.

In Figures7 and8 the pointsshawn in color arethose
with medianquality within 90% of the bestfor thatimage.
Using this automaticallyestimatedsupportwe repeatthe
recognitionexperimentsin Section8. The shortlistaccu-
ragy is actuallybetterusingthe automaticsegmentationan
improvementof 1-4%for thetop 10 entries,ascanbeseen
in Figure5.

While the estimatedsupportis not always intuitive,
recognitionperformancés very closeto thatusingthesame
techniguesand hand sggmentedimages,48%. As canbe
seenin gures?7 and8 the automaticallyestimatedsupport
is oftencorrect.

This is a very simpleexampleof correspondencallow-
ing usto build modelsin objectcoordinates.The learned
modelsof supportre ect aregion of theimagethatis con-
sistentacrosgrainingimagesasopposedo individual dis-
criminative features.
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Figure 6: Top ROC curvesfor our face detectorusing 20 ex-
emplarimagesof faces(split betweerfrontal and pro le) andthe
the detectorof Mikolajczyk[21] (similar to that of [30]) evalu-
atedon a datasetof ap news photos. Mikolajczyks detectorhas
provento be effectiveon this dataset{5]. Our detectorworksby
simply nding setsof feature pointsin animage that havea good
correspondencebasedon distortion cost,to 20 exemplas. Good
correspondencesllow detectionandlocalizationof facesusinga
simplegenerative modelbasedon neaest neighborto 20 exem-
plars. No neggative exampleswere usedfor our model. Bottom
Detectiondromour facedetectormarkedwith rectangles.
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Figure7: Training imagesfor a classare shownat Left, the locationsof the objectsare not given. For eat image the featue points
which are well registeied by alignment( asdescribedn Sectionl0) are automaticallyextractedandmarkedin redatright Thecar class
showsan appaentfailure as mud of the badkgroundhasbeenlabeledas object,but signi cant portionsof the badkgroundare actually
asconsistenasthe objectitself! (Noteimagesare in color for clarity, all computatioris doneon grayscalemages.)
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Figure8: Training imagesfor a classare shownat Left, the locationsof the objectsare not given. For eat image the featue points
which are well registered by alignment( asdescribedn Sectionl0) are automaticallyextractedandmarkedin redatright . (Noteimages
arein color for clarity, all computatioris doneon grayscaleimages.)
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Figure9: Ead row showsa correspondencéoundusingour techniquedescribedn sections. Leftmosiis an exemplarwith somefeatue
pointsmarked. Left centeris a probeimage with the correspondence®undindicatedby matding colors (all possiblefeatuie matdhesare
shownwith white dots). All of the featule pointson the exemplarare showncenterright, and their image usinga thin plate splinewarp
basedonthe correspondencare shownin theright mostimage of the probe Notetheability to dealwith clutter (1,6), scalevariation(3),

intraclassvariation all, alsothe whimsicalshapematding (2), and the semioticdif culty of matding a banknoteto theimage of a bank
notepaintedon anotherobject(5).
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