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Abstract

We developand demonstrate an objectrecognition sys-
tem capableof accurately detecting, localizing, and re-
covering the kinematiccon�guration of textured animals
in real images. We build a deformationmodelof shape
automaticallyfrom videosof animalsand an appearance
modelof texturefroma labeledcollectionof animalimages,
and combinethe two modelsautomatically. We developa
simpletexture descriptorthat outperformsthe stateof the
art. We test our animal modelson two datasets;images
takenby professionalphotographers fromtheCorel collec-
tion, andassortedimagesfromthewebreturnedbyGoogle.
We demonstrate quite goodperformanceon both datasets.
Comparingour resultswith simplebaselines,weshowthat
for theGoogle set,wecanrecognizeobjectsfroma collec-
tion demonstrablyhard for objectrecognition.

1. Intr oduction

Learningshapeis dif�cult, particularly for deformable
objectsandobjectsundergoingchangesin aspect.Oneop-
tion is to encodeeachdeformedstate(or aspect)with its
own individual template;this is usually impractical. The
alternative is to requireencodingsto sharepartswith ex-
plicit kinematics.Thelatter is attractive becausepartstend
to have usefulsemantics;for example,it is valuableknow
wherethehead,neck,bodyandlegsof agiraffe are.Learn-
ing sucha modelfrom imagesis dif�cult becausewe must
solve the correspondenceproblem. To build a goodshape
model,we �rst needto know wherethe headandlegs are
in eachimage,and so we needgood part detectors. But
to learn good part detectors,we needa shapemodel that
describeswhat imageregionscorrespondwith eachother.
This interdependency makesthisproblemhard.

A recentpaperdemonstratesthat video addressesthis
correspondenceproblem; motion constraintshelp deter-
mine what imageregionsmove where[15] (seealso [8]).
Kinematicmodelsarebuilt by searchingfor possibleanimal
limbsthatlook consistentovertimeandthatmovesmoothly

from frameto frame; the resultingmodelscandetectani-
mals. However, the spatialmodel is rough,and thereare
no resultsfor localizationor kinematicrecovery. In thispa-
per, we show how to build a signi�cantly improvedspatial
model(Sec.2.2).

A furtherdif�culty with theworkdescribedin [15] is that
themodelof limb appearanceis overly tunedto thespeci�c
animalcapturedin thevideo. In this paper, we describean
effective,discriminativetexturemodel,built from a collec-
tion of segmentedimages(we usea setof labeledanimal
picturesfrom theHemeraPhoto-Objectdatabase[17]). Our
modelis capableof recognizinggiraffe textures(which are
notoriouslydif�cult becausethey havestructureat two spa-
tial scales— see[9,16] andFig.5). Wecompareourmodel
with varioustexture descriptorsin Sec.4and show that it
outperformsthecurrentstate-of-the-artfor animalrecogni-
tion. Texturedescriptorsthatassumeaknown segmentation
(or that an imageconsistsof a singletexture) tendto per-
form poorlyon realimages;ourmodelis trainedandtested
onnaturaltexturesobservedin imagesof realscenes.

We now have kinematicmodelsof unknown animals,
built usingvideo,andtexturemodelsof known animalsus-
ing theHemeracollection. We show that,by matchingthe
modelsto oneanother, wecancombinethemautomatically
to producea fusedmodel.Thenameof themodeledobject
is known (becauseit is obtainedfrom Hemera);themodel
hasa powerful, discriminative texture representation(ob-
tainedasabove); and it encodeskinematicvariationsin a
form thatrespectslimb semantics(obtainedusingvideo).

First, we demonstratethat sucha modelcandetectani-
mals. Detectionis known to be a relatively easytask,and
detectionresultsare often in�ated by backgroundscorre-
lated with the object. Here, we use baselinesto obtain
datasetsthat aredemonstrablyharderthanthosecurrently
in use,andto demonstratethat our modelcannotbe using
backgroundcuesto detectobjects.Second,wedemonstrate
thatour modelcanlocalizeanimals— if onewereto shoot
at the model, therewould be a high probability of hitting
therelevantanimal.Finally, weshow thatourmodelreports
kinematics— estimatedanimalpartslie on imageregions
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Figure1. Our model-building algorithm. Givenan animalvideo(left), we �nd candidatelimbs in each frame. We clustertheassociated
imagepatchesto �nd setsof limbsthatarecoherentin appearanceover timeandthatmovewith boundedvelocity(Sec.2.1).Theclustered
limbssegmentthevideointo animal/non-animalpixelsandallow usto learn a spatialmodel(Sec.2.2). On theright , webuild a texture
modelfor variousanimalsfromtheHemera collectionof labeledandsegmentedimages.We link our modelsbymatching theshapemodel
built fromvideoto theforegroundmaskof theHemera imagesandmatching thetexture modelbuilt fromHemera to thesegmentedvideo
(Sec.4.1).Thisautomaticmatching identi®estheanimalin thevideo.Weusethecombinedshapeandtexturemodelin Fig. 2.

Figure2. Our modelrecognition algorithm,asdescribedin Sec.4.2.Assumewewish to detect/localizea giraffe in a queryimage (left).
We replaceeach image patch with its closestmatch fromour library of Hemera animalandbackgroundtextures(NN or nearestneighbor
classi�cation). We constructa binary label image with `1's for thosepatchesreplacedwith a giraffe patch (center). We usedynamic
programming(DP) to �nd a con�guration of limbs that are likely undertheshapemodel(learnedfromthevideo)andthat lie on top of
giraffepixelsin thelabel image (constructedfromtheimage texture library). WeshowMAP limb con�gurationson theright .

with thecorrect(manuallyannotated)semanticlabel.

2. Building shapemodelsfr om video

We use the algorithm of [15] (brie�y describedin
Sec.2.1)to recover animal segmentsfrom video. We use
animprovedspatialmodelexplainedin Sec.2.2.

2.1.Finding and linking limbs

Assumewearegivenavideosequence,andtold asingle
unknown animal is present.Thereare two powerful cues
that can be usedto establishwhat it looks like: �rst, the
animalis, ratherroughly, assembledout of limbs. Second,
the limbs will look the samefrom frameto frame— their
appearanceis coherentin time.

To exploit the �rst, we run a detunedlimb detectoron
eachframe independentlyto generatea set of candidate
limbs. The detectorsearchesfor parallel lines of contrast
atavarietyof positions,orientations,andscales.Weexpect
thedetectorto performpoorly; it maymissanimallimbs in
many framesandit may�re on thebackground.Giventhe
setof detectedlimbs, we canextract the imagepatchasso-
ciatedwith eachcandidateandthrow themin a “bag”. To

exploit thesecondcue,weclusterthisbagof patchesto look
for collectionsof patchesfrom differentframesthatlook the
same.Trueanimallimbs look coherentover timeandmove
smoothly. We enforcethis constraintby searchingwithin
eachcluster for the longestsequenceof patchesobeying
a bounded-velocity motion model. We �nally pruneaway
thoseclusterswhichdonotspanenoughframes.

Weinterpreteachremainingclusterasonesinglelimb in
the �nal animalbody model. Recall that the patchesfrom
eachclusterpoint to detectedcandidatesfrom the video.
This meansthat eachcluster/limbhasassociatedwith it a
spatio-temporaltrack,wheretheinstancesall look like one
anotherandthey move with boundedvelocity. This setof
tracksis a trackof theanimal(Fig. 1) [14,15].

2.2.Building a goodspatial model

Given the tracked segmentsfrom the video, we want
to build a kinematicspatialmodel that can �nd the ani-
mal in other images. We improve uponthe spatialmodel
presentedin [15]. In that work, the spatio-temporaltracks
generatedfrom the clusteringare interpretedas observed
data, and the authorslearn the tree structurethat maxi-
mizesthe log-likelihoodof the observations[5, 15]. Con-
sidera fully connectedgraphicalmodelof limb positions,
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Figure3. Weshowmodel-building resultsfor videosof a zebra left, tiger center, andgiraffe right . We learna treeshapemodelfor limbs,
asdescribedin Sec.2.2. We showdirectedlinks in our treemodelswith arrows.We manuallyattach a semanticdescriptionto each limb
asHead,upper/lowerNeck, upper/lowerBody, or front/rear Leg. Labelingthetiger modelis tricky; manylimbsswimaroundtheanimal
Body, andone�ips betweentheHeadandfrontLeg. We usetheselabelsto helpevaluatelocalizationperformancein our results;they are
notpart of theshapemodel.Obtaininga setof canonicallabelsappearsdif�cult.

Phead ; Pneck ; Pbody (thepreciselimb labelsarenot needed
solong astheir correspondencebetweenframesis known).
Eachlink representsa joint distribution Pr(Pl imb 1; Pl imb 2)
of pairwiselimb positions,to which they �t a (diagonalco-
variance)gaussianusingthedatafrom the tracks. Thepo-
sition of eachlimb is representedwith a 3 elementvector;
its center(x; y) positionandorientation� . As in [5], the
positionof eachnon-rootlimb is representedwith respect
to thecoordinatesystemof its parent.

To learn the tree structure that maximizes the log-
likelihood of the observed pairwisemarginals, [15] �nds
the minimum-entropy spanningtree. This tendsto result
in poormodels.Often two far away limbs will bedirectly
linkedin thelearnedspatialmodel.This is becausethepo-
sition of the detectedlimbs arequite noisy (dueto the de-
tunedlimb detector),in turn producingnoisy entropy es-
timates. To enforcethe naturalprior that two limbs that
tendto appearneareachothershouldbespatiallylinkedto-
gether, we replacethepairwiseentropy termwith themean
distancebetweenthosetwo limbs (and then computethe
minimum spanningtree). We root this tree at the most
“stable” limb (the limb detectedmostoften in the original
video). Oncewe have learneda structureusing the mini-
mum distancespanningtree,we representthe conditional
distributionswith gaussians(asin [15]). This producesthe
treespatialmodelsin Fig.3. Wenow canwrite theposterior
con�gurationfor ananimalgiventheimageas

Pr(P1 : : : Pn jI m) /
Y

( i;j )2 E

Pr(Pi jPj )
nY

i =1

Pr( I m(Pi ))

(1)
where we have assumedE is the set of edges in
the minimum spanning tree and the likelihood term
Pr( I mjP1 : : : Pn ) factorizesinto a productof local image
functionsPr( I m(Pi )) . Notein ourcurrentimplementation
we do not searchover scale,a limitation we discussfurther
in Sec.5.We canef�ciently computetheMAP estimateby
fastvariantof dynamicprogramming(DP) [5]. We usethis
(unnormalized)posteriorasananimaldetectorby only ac-
ceptingthosemaximalcon�gurationsabove a threshold.

The likelihoodterm Pr( I m(Pi )) is a statisticthat cap-
tureshow “giraffe-like” a local imagepatchis. A natural
statisticto useis theoutputof agiraffe textureclassi�er run

Descriptor All Zebras Tigers Giraffe
Patches 8.2 8.93 5.56 5.97
Textons 11.1 31.3 12.7 12.5
SIFT 13.6 40.0 19.1 21.9

Table1. We counthow oftenwe can correctly identify an animal
basedon texture from a singlepatch from Fig.4. We report per-
centageof correctdetectionsin crossvalidationexperimentsfor a
1-NN classi�er using1500prototypesper class. For the full (38
class)multi-classproblem'All', we performquite poorly. Many
animal classes(such as elephantsand rhinoceroses)are hard to
discriminateusingtexturealone. Whenscoringcorrectdetections
solelyon zebra, tiger, and giraffe testpatches,we do much bet-
ter, indicating thoseanimalshavedistinctivetexture. Lookingat
variouspatch representations(normalizedpatch pixelvalues,his-
togramsof textons,anda SIFTdescriptor),we�nd SIFTperforms
the best. We adopt it as our texture descriptor, and examineits
behaviorfurther in Fig.5.
on thatlocal patch(seeFig.2). Building a goodgiraffe tex-
tureclassi�er from a singlevideois hardbecausethereare
not many positive or negative examples.This suggestswe
combineourspatialmodelfrom videowith a texturemodel
learnedelsewhere.

3. Texturemodelsfr om real images

WeusetheHemeraPhoto-Object[17] databaseof image
clip art to build a texture library; theseannotatedimages
haveassociatedforegroundmasks.Weuseall theimagesin
the “animals” category, throwing away thoseanimalswith
lessthan3 exampleimages.This leavesuswith about500
imagesspanning38 animals.We scaletheHemeraimages
andvideoclips to besimilar sizes,andassumetheanimals
in thevideoandin Hemeraoccurat roughlythesamescale.

To build a goodanimaltexture model,we needa good
animaltexturedescriptorcapableof segmentingout thean-
imal from its background(giraffestypically occurin back-
groundsof �elds andtrees).Descriptorsdevelopedfor stan-
dardvision datasets(suchasCUReT[3]) may not be ap-
propriatesincethey classifyentireimagesof homogeneous
texture.To evaluatedescriptorsonsmallimagepatches,we
usetheHemeraanimalcollectionasa labeledground-truth
set (Fig.4). In Table1, we compare3 differentpatchde-
scriptors;histogramsof textons[10], intensity-normalized
patchpixel values[18], andtheSIFT descriptor[11]. Tex-
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Figure4. Our library of animaltexturesbuilt fromHemera. We showa subsetof 10017X17patchesfor each of our 38 animals;wemark
the giraffe, tiger, and zebra rowsin yellow. Our recognition taskrequirestexture classi�cation andsegmentation(we needto separate
theanimal fromits background). Thismeansweneedto evaluatetextureson a local image patch. We usethis library to evaluatepatch
descriptors in Table1.
tons are quantized�lter bank outputsthat capturesmall
scalephenomena(suchast-junctions,corners,bars,etc.).
They aretypicallybinnedintoahistogramoversomespatial
neighborhood.The SIFT patchdescriptoris a 128 dimen-
sionaldescriptorof gradientsbinnedtogetheraccordingto
their orientationandlocation;it is designedto berobust to
small changesin pixel intensityandposition. Notewe use
the raw descriptorwithout normalizinga patchto its dom-
inant orientation(as in [11]). We extracted1500 17X17
imagepatchesfrom eachanimalclassandbuilt a1-Nearest
Neighbor(NN) classi�er basedon eachdescriptor. Using
crossvalidation,we found the SIFT descriptorto perform
thebest.

Giraffes presentparticulardif�culties for texton based
descriptions(e.g.[9,16];Fig.5).Thetextureis characterized
by phenomenaat two scales(long thin stripesthat lie in
betweenbig blobs). If we calculatetextons over a large
scale,we missthe thin stripes. If we calculatetextonson
a smallscale,the long scalespatialstructureof thetextons
de�nes the big blobs(Fig.5). This spatialstructureis lost
whenweconstructahistogramof localneighborhoodsfrom
the texton map. This suggeststhat we shouldnot think of
a giraffe texture asan unorderedcollectionof textons,but
rathersimply a patch,or a collectionof spatiallyordered
pixels. A robustpatchdescriptorsuchasSIFT is a natural
choice(otherdescriptorssuchas[1] mayalsoproveuseful).

OurresultsaresurprisingbecauseSIFTwasnotdesigned
to representtexture (asnotedin [11]); however we �nd it
cangivenwestoreenoughexamples.For eachof the38an-
imalsfrom our Hemeracollection,we extracta setof 1500
patchesof dimension17X17,representingeachpatchwith
its SIFTdescriptor. Weattemptedto reducethesetof our li-
brary, but saw a lossin performancein our cross-validation
experiments.Obtainingasimplerparametricrepresentation
of animaltextureremainsfuturework.

4. Combining shape fr om video and texture
fr om images

In order to combinethe shapemodel learnedfrom a
videowith thecorrectanimaltexturemodelfrom Hemera,
wemust�rst identify whatanimalis in thevideo.

4.1.Identifying animals fr om video

We assumethattheanimalin a givenvideois oneof the
38 animalsin Hemera.We matchthe texture modelsbuilt
from Hemera to the video. We segment the video into
animal/non-animalpixels using the spatio-temporaltracks
from Sec.2.1. We extract the set of all 17X17 animal
patchesfrom thevideo,andclassifyeachasoneof the 38
animals.We do 1-NN classi�cationon eachpatch,�nding
the closestmatchfrom our library of animal textures(by
matchingSIFT descriptors).We canobtaina textureposte-
rior for animallabelsgivenavideoby countingthenumber
of timestheclassi�er votedfor thei th animalclass(Fig.6).

Matching solely basedon texture is not enoughto get
thecorrectanimallabel;thegiraffe videomatchesbestwith
a ' leopard' texture. We adda shapecueby matchingthe
shapemodel built from the video to Hemera. For each
imagein theHemeracollection,weuseDPto �nd acon�g-
urationof limbsthatoccupiestheforegroundmaskandthat
is arrangedaccordingto the shapeprior learnedfrom the
video(Fig.3).WeevaluatethelikelihoodtermPr (I m(Pi ))
in Eq.1 by convolving the foregroundmaskwith oriented
rectanglekernelsof all '1' s �anked on eithersideby rect-
anglesof '-1' s (wewantthelimbsto occupy theforeground
regionandnot thebackground).Weshow 4 matchesfor our
giraffe shapemodelin Fig.7;notethemodelmatchesquite
well to giraffe imagesin Hemera.For eachanimalclass,we
take thebestshapematchscoreobtainedover all imagesin
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Figure5. Givena queryimage left, we replaceeach 17X17patch with its closestmatch froma patch in our texture library. Thismeans
weneeda goodanimal texture descriptor;onethat capturesthe long thin stripesthat lie within big blobstypical in a giraffe. Standard
approachesusehistogramsof textons(quantized�lter bankoutputs)[9, 10,16,18]. We showa texton mapon the middle left, where
each color mapsto an individual texton. Thebig blobsthat distinguishthegiraffe fromthebackgroundare only apparent fromthelong-
scalespatialarrangementof textons.Lookingat histogramsof textonsover smallneighborhoodsloosesthis spatialarrangement.Hence
classifyinggiraffe patchesbasedon textonhistogramsis a poor approach, asseenin themiddle right (andasacknowledgedby [9, 16]).
Rather, if we classifypatchesusinga descriptorcapturingspatial arrangementof pixels(e.g. SIFT),we are betterat detectinggiraffe
patches(right ).
thatclass.Wenormalizethescoresto obtainashapeposte-
rior over animallabelsin Fig.6. Usingshape,we label the
giraffe videoas'giraffe', but boththezebraandtiger video
aremislabeled.

We computea �nal posteriorby addingthe(log) texture
andshapeposteriors(weightingshapeby 1

2 ) in thebottom
row of Fig.6. Selectingthebestclass,we identify thecor-
rectanimallabelfor eachof ourvideos.

4.2.Recognitionusingshapeand texture

Our �nal recognitionalgorithmusesthe approachout-
linedin Fig.2.Givenaqueryimage,wereplaceeach17X17
imagepatchwith theclosestmatchfrom our texturelibrary.
WeappendtheHemeraanimaltexturelibrary with a 'back-
ground' textureclassof 20000patchesextractedfrom ran-
domCorel images(not in our testpool andnot containing
animals). We then constructa binary label imagewith a
'1' if a patchwasreplacedwith a givenanimalpatch. We
interpretthisbinaryimageasaforegroundmaskfor thatan-
imal label,anduseDP to �nd rectanglesin theforeground
arrangedaccordingto theshapemodellearnedfrom video
(Eq.1). For the 'zebra',' tiger', and'giraffe' animal labels,
we know the correctshapemodel to usebecausewe have
automaticallylinkedthem(Sec.4.1).

In practice,it is too expensive to classifyevery patchin
aqueryimage.Fortunately, theSIFTdescriptoris designed
to besomewhattranslationinvariant;off-by-onepixel errors
shouldnot affect the descriptor. This suggestswe sample
patchesfrom the image,andmatchthemto our texture li-
brary;wematch5000patchesperimage,whichtakesabout
2 minutesin our implementation.Speedingup the match-
ing using approximatenearestneighbortechniques[7] or
building a parametrictexture modelmay allow us to clas-
sify morepatchesfrom animage.

5. Results

We testedour modelson two datasets;imagesfrom the
Corel collectionandvariousanimal imagesreturnedfrom
Google.Wescaleimagesto beroughlythesamedimension
as our video clips. Our Corel set contained304 images;
50 zebras,120 tigers,34 giraffes,and100 randomimages
from Corel. Note theserandomimagesaredifferent from
thesetusedto learnabackgroundpatchlibrary. Thesecond
collectionof 1418 imageswasconstructedby assembling
a randomsubsetof animal imagesreturnedby Google. It
contains315zebras,70tigers,472giraffes,and561images
of otheranimals(' leopard','koala', 'beaver', 'cow', 'deer',
'elephant','monkey',' antelope','parrot', and'polar bear').

Detection. We show precision-recall(PR) curves in
Fig.8. For theShapedetector, we build ananimaldetector
usingonly thevideoandnotHemera.Webuild acrudetex-
ture library usingpositive andnegative patchesinsideand
outsidethespatio-temporaltracks.Givena new image,we
constructa binary label imageby replacingpatcheswith
their closestmatch from this limited texture library. We
thenuseDP to �nd the MAP con�guration of limbs from
thebinarylabelimage.For theTexturedetector, webuild a
detectorusingonlyHemeraandnot thevideo.Wecompute
a binarylabelimageusingtheentirepatchlibrary (Hemera
animalpatchesplusbackgroundpatches).Our �nal detec-
tor is athresholdonthesumof animalpixels(asin [9,16]).
For theS & T detector, we constructa binary label image
usingthe entirepatchlibrary, andthenuseDP to �nd the
MAP limb con�guration. We compareour detectorswith 2
baselines;a1-NN classi�er trainedoncolorhistogramsand
randomguessing.We tried a varietyof otherclassi�ersas
baselines(suchaslogistic regressionandSVMs) but 1-NN
performedthebest.
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Figure6. We identify theanimalsin our videosby linking theshapemodelsbuilt fromvideoto the texture modelsbuilt fromthe labeled
Hemera image collection. We showposteriors of animalclasslabelsgiventhezebra (left), tiger (middle), andgiraffe (right ) videos.In
the top row, we showposteriors of the ten bestlabelsbasedon a texture cue, shapecue, and the combinationof the two. We mark the
MAP classestimatefor each cue. Matching texture modelsbuilt fromHemera to thesegmentedvideos,wemislabelthegiraffe videoas
'leopard'. By matching shapemodelsbuilt fromvideosto Hemera images,wematch thegiraffe correctly, but incorrectly label thezebra
andtiger videos.Combiningthetwo cues,wematch all thevideosto thecorrectanimal label. We showposteriors for the�nal combined
cueover theentiresetof labelsin thebottom row. Notethegraphsarenotscaledequally.

Figure 7. The top 4 matches(the top match on the left) in the
Hemera collection for the shapemodellearnedfrom the giraffe
video.Noteour shapemodelcapturesthearticulatedvariation in
pose, resultingin accurate detectionsand reasonablefalseposi-
tives.

Dif�culty of datasets. Recognitionis still relatively
poorly understood,meaningthat reportsof absurdlyhigh
recognitionratescan usually be ascribedto simplicity of
the testset. Carefulexperimentationrequiresdetermining
how dif�cult a datasetis; to do so,oneshouldassesshow
simplebaselinesperformon thatdataset[2,4,12,13]. This
is ofteninformative: for example,it is known thatvariations
in reportedperformancebetweendifferentfacerecognition
algorithmsarealmostentirelyexplainedby variationsin the
performanceof thebaselineon thedataset[13]. In almost
all cases,our shapeandtextureanimalmodelsoutperform
thebaselinesof randomguessingandcolor histogramclas-

si�cation. Theonenotableexceptionis ourtigerdetectoron
theCoreldata,for which a color histogramoutperformsall
ourmethods.Thiscanbeascribedto theinsuf�ciently well
known fact that Corel backgroundsarestronglycorrelated
with Corel foregrounds(sothata CorelCD numbercanbe
predictedusingsimplecolor histogramfeatures[2]). Our
detectorperformanceseemsto bedecoupledfrom thebase-
line performance;in theGoogleset,our detectorsdo better
even when the baselinesdo worse. This seemsto be be-
cause,unlike Corel, imagesfrom Googletendto have var-
ied backgrounds(Fig. 9), which hurtsour histogrambase-
line but helpsour animaldetector. Comparingto detection
resultsreportedin [9,16], we obtainbetterperformanceon
a demonstrablyharderdataset.

Importance of shape. In almostall cases,addingshape
greatly improves detectionaccuracy. An exceptionis de-
tectingtigersin the Googleset(Fig.8). We believe this is
thecasebecauseof severechangesin scale;many tigerpic-
turesare headshots,for which our shapemodel is not a
goodmatch(this alsoconfusesour texturemodel,resulting
in the lower overall performance).However, for low recall
rates,shapeis still useful in yielding high precision. The
top few matchesfor the tiger detectorwill be tigers only
if we useshapeas a cue. Our resultsfor shapeare par-
ticularly impressive given the quality of our texture detec-
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Percentageof correctlocalizations
Dataset Zebra Tiger Giraffe

Corel 84.9 92.0 76.9
Google 94.0 94.0 68.0

Percentageof correctlyestimatedkinematics
Dataset Zebra Tiger Giraffe

Corel 24.2 28.0 38.4
Google 30.0 34.0 46.0

Table 2. Resultsfor localization (top) and kinematic recovery
(bottom). Wede�nea correctlocalizationto occurwhena major-
ity of thepixelswithin theestimatedlimbsare true animalpixels
(we havea greater than 50% chanceof hitting the animal if we
shootat theestimatedlimbs). We alsoshowthepercentage of an-
imal imageswhere thecorrectkinematicsare recovered.Byhand,
wemarka con�gurationto becorrectif a majorityof theestimated
limbsoverlapa pixel region matching thesemanticlabelingfrom
Fig.3. Thekinematicresultsfor the giraffe are impressivegiven
the large numberof different semanticlabels; correct con�gura-
tionstendto align theupperneck, thelowerneck, theupperbody,
the lower body, thefront leg, andtherear leg. Our animaldetec-
tor localizestheanimalquitewell andoftenrecovers reasonable
con�gurations.
tor baseline.It hasbeenshown that featurematchingwith
SIFT features[4] producesquite goodperformanceon es-
tablishedobjectrecognitiondatasets[6]. Sucha schemeis
equivalentto our texturebaseline,which we demonstrateis
outperformedby ourshape& texturedetector.

Location and kinematic recovery. Looking at thebest
matchesto ourdetectors(Fig.9),weseethatwereliably lo-
calize the detectedanimalandquite often we recover the
correctcon�guration of limbs. We quantify this by manu-
ally evaluatingtherecoveredcon�gurationsin Table2. We
de�ne acorrectlocalizationto occurwhenamajorityof the
pixelscoveredby theestimatedlimbs areanimalpixels (if
we shootat the estimatedlimbs, we'll most likely hit the
animal).We marka poseascorrectwhena majority of the
limbs overlapa pixel region with thecorrectsemanticlabel
from Fig.3. Theposeresultsfor thegiraffe areimpressive
giventhelargenumberof differentsemanticlabels;correct
con�gurationstendto align theupperneck,thelowerneck,
the upperbody, the lower body, the front leg, andthe rear
leg. In general,we correctlylocalizetheanimal,andoften
werecover a reasonableestimateof its con�guration.

6 Discussion
One contribution of this work is a novel (but simple)

representationof texture; ratherthanusinga histogramof
textons, we representtexture with a patchof pixels. We
demonstratethat this representationoutperformsthe state-
of-the-artfor our taskof detectinganimals.

Broadly speaking,we introduce(and rigorouslyevalu-
ate)an unsupervisedsystemfor learningarticulatedmod-
els usingboth video andimages. Video is usefulbecause
bothmotionandappearanceconsistency arestrongcuesfor
learning.But aninherentlimitation is thatonly asingleob-

ject instanceis observed.Ourstrategy of combiningmodels
learnedfrom video andimagecollections(wheremultiple
instancesareobserved)seemsto addressthis issue.These
learnedmodelsappearpromisingfor recognitiontasksbe-
yond detection,such as localization, kinematic recovery,
and(possibly)counting.
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Corel zebras

Google tigers

Corel tigers Corel giraffes

Google giraffes

Figure8. Precisionrecall curvesfor zebra, tiger, andgiraffe detectors run on a setof 304Corel images(top) and1418imagesreturned
by Google (bottom). The' Shape'detectors are built usingshapemodelsandcrudetexture modelslearnedfromthevideo.The' Texture'
detectorsarebuilt usingtexturemodelstrainedon theimagecollection.TheS& T detectorsusetexturemodelsfromtheimagecollection
andshapemodelsfromthevideo(wherethelinkingwasautomatic,asdescribedin Sec.4.1).Wecomparewith2baselines;a1-NNclassi�er
trainedoncolor histogramsandrandomguessing. For thetiger detectorrun onCorel, thecolor histogramdoesquitewell, suggestingwe
shouldlook at theCorel datasetwith suspicion.We showthat, in general, shapeimprovesdetectionperformance. Comparingour zebra
andgiraffedetectionresultsto [9, 16], weshowbetterperformanceonademonstrablyharderdataset.

Corel Google

Figure9. Resultsfor our zebra (top row), tiger (middle row), andgiraffe (bottom row) modelsusingshapeandtexture. We showthe3
bestmatchesfroma testpool of 304Corel animalimagesand1418Google animalimages.Our tiger modelmistakenly�r eson a Google
zebra dueto thesimilar texture. Thequasi-correctzebra con�gurationssuggestour shapemodelmightperformbetterif wesearchedover
scale. Thegiraffecon�gurationstendto bequitegood.TheGoogleresultsare impressivegiventhepoorperformanceof our baselines;we
aredetecting, localizing, andoftenrecoveringreasonableposeestimatesfor objectsin a datasetdemonstrablyhardfor objectrecognition.
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