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Abstract

We developand demonstate an objectrecaynition sys-
tem capable of accumtely detecting localizing and re-
covering the kinematiccon guration of textured animals
in real images. We build a deformationmodelof shape
automaticallyfrom videosof animalsand an appeaance
modelof texture froma labeledcollectionof animalimages,
and combinethe two modelsautomatically We developa
simpletexture descriptorthat outperformsthe state of the
art. We testour animal modelson two datasets;images
taken by professionaphotgraphess fromthe Corel collec-
tion, andassortedmagesfromthewebreturnedby Goagle.

We demonstate quite good performanceon both datasets.

Comparingour resultswith simplebaselineswe showthat
for the Goqggle set,we canrecaynizeobjectsfroma collec-
tion demonstably hard for objectrecagnition.

1. Intr oduction

Learningshapeis dif cult, particularly for deformable
objectsandobjectsundegoing changesn aspect.Oneop-
tion is to encodeeachdeformedstate(or aspect)with its
own individual template;this is usually impractical. The
alternatve is to requireencodingsto sharepartswith ex-
plicit kinematics.The latteris attractve becauseartstend
to have usefulsemanticsfor example,it is valuableknown
wherethehead neck,bodyandlegsof agiraffe are.Learn-
ing sucha modelfrom imagesis dif cult becauseve must
solve the correspondencproblem. 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 detectorswe needa shapemodel that
describesvhatimageregions correspondwvith eachother
Thisinterdependencmakesthis problemhard.

A recentpaperdemonstrateshat video addresseshis
correspondenc@roblem; motion constraintshelp deter
mine what imageregions move where[15] (seealso|[8]).
Kinematicmodelsarebuilt by searchindor possibleanimal
limbsthatlook consistenbvertime andthatmaove smoothly
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from frameto frame; the resultingmodelscan detectani-
mals. However, the spatialmodelis rough, andthereare
no resultsfor localizationor kinematicrecovery. In this pa-
per, we shav how to build a signi cantly improved spatial
model(Sec.2.2).

A furtherdif culty with thework describedn [15] is that
themodelof limb appearancis overly tunedto thespeci ¢
animalcapturedn thevideo. In this paper we describean
effective, discriminativetexture model,built from a collec-
tion of sggmentedimages(we usea setof labeledanimal
picturesfrom theHemeraPhoto-Objectatabas§l7]). Our
modelis capableof recognizinggiraffe textures(which are
notoriouslydif cult becausé¢hey have structureattwo spa-
tial scales— see[9, 16] andFig.5). We compareour model
with varioustexture descriptorsin Sec.4and show that it
outperformgthe currentstate-of-the-artor animalrecogni-
tion. Texturedescriptorghatassume knovn segmentation
(or thatan imageconsistsof a singletexture) tendto per
form poorly onrealimages;our modelis trainedandtested
on naturaltexturesobsenedin imagesof realscenes.

We now have kinematic modelsof unknovn animals,
built usingvideo,andtexture modelsof known animalsus-
ing the Hemeracollection. We shawv that, by matchingthe
modelsto oneanotherwe cancombinethemautomatically
to producea fusedmodel. The nameof the modeledobject
is known (becauset is obtainedfrom Hemera);the model
hasa powerful, discriminatize texture representatiorfob-
tainedasabove); andit encodeskinematicvariationsin a
form thatrespectdimb semanticgobtainedusingvideo).

First, we demonstratehat sucha modelcandetectani-
mals. Detectionis known to be a relatively easytask,and
detectionresultsare often in ated by backgroundsorre-
lated with the object. Here, we use baselinesto obtain
datasetghat are demonstrabljharderthanthosecurrently
in use,andto demonstrateéhat our model cannotbe using
backgrounctuesto detectobjects.Secondwe demonstrate
thatour modelcanlocalizeanimals— if onewereto shoot
at the model, therewould be a high probability of hitting
therelevantanimal. Finally, we shov thatour modelreports
kinematics— estimatedanimalpartslie onimageregions



Figure 1. Our model-iilding algorithm. Givenan animalvideo(left), we nd candidatelimbsin eac frame We clusterthe associated
image patchesto nd setsof limbsthatare coheentin appeaanceovertimeandthat movewith boundedrelocity(Sec.2.1)Theclusteed
limbs segmentthe videointo animal/non-animapixelsand allow usto learn a spatial model(Sec.2.2). Ontheright, we build a texture
modelfor variousanimalsfromthe Hemea collectionof labeledand segmentedmages. e link our modelsby matting the shapemodel
built fromvideoto the foregroundmaskof the Hemer imagesand matding the texture modelbuilt from Hemea to the segmentedrideo
(Sec.4.1)Thisautomaticmatdiing identi®esthe animalin the video.We usethe combinedshapeandtexture modelin Fig. 2.
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Figure2. Our modelrecaynition algorithm, as describedn Sec.4.2.Assumeve wishto detect/localizea giraffe in a queryimage (left).

We replaceead image patc with its closestmatd fromour library of Hemer animaland badgroundtextures(NN or neaestneighbor
classi cation). We constructa binary label image with "1's for thosepatcesreplacedwith a giraffe patch (center). We usedynamic
programming(DP) to nd a con guration of limbsthat are likely underthe shapemodel(learnedfromthe video) andthat lie on top of

giraffe pixelsin thelabelimage (constructedromtheimage texture library). We showMAP limb con gurationsontheright.

with the correct(manuallyannotatedsemantidabel.

2. Building shapemodelsfrom video

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

2.1.Finding and linking limbs

Assumewe aregivenavideosequencegandtold asingle
unknavn animalis present. Therearetwo powerful cues
that can be usedto establishwhatit looks like: rst, the
animalis, ratherroughly, assembleaut of limbs. Second,
the limbs will look the samefrom frameto frame— their
appearances coherentn time.

To exploit the rst, we run a detunedimb detectoron
eachframe independentlyto generatea set of candidate
limbs. The detectorsearchedor parallellines of contrast
atavarietyof positions,orientationsandscales We expect
thedetectorto performpoorly; it maymissanimallimbsin
mary framesandit may re onthebackgroundGiventhe
setof detectedimbs, we canextractthe imagepatchasso-
ciatedwith eachcandidateandthrow themin a“bag”. To

exploit thesecondctue,we clusterthisbagof patchego look
for collectionsof patchedrom differentframesthatlook the
same.Trueanimallimbslook coherenbvertime andmove
smoothly We enforcethis constraintby searchingwithin
eachclusterfor the longestsequencef patchesobeying
a bounded-elocity motion model. We nally pruneaway
thoseclusterswhich do not spanenoughframes.

We interpreteachremainingclusterasonesinglelimb in
the nal animalbody model. Recallthatthe patchedrom
eachcluster point to detectedcandidatedrom the video.
This meansthat eachcluster/limbhasassociatedvith it a
spatio-temporatrack, wherethe instancesll look like one
anotherandthey move with boundedvelocity. This setof
tracksis atrackof theanimal(Fig. 1) [14,15].

2.2.Building a goodspatial model

Given the tracked sgmentsfrom the video, we want
to build a kinematic spatial model that can nd the ani-
mal in otherimages. We improve uponthe spatialmodel
presentedn [15]. In thatwork, the spatio-temporatracks
generatedrom the clusteringare interpretedas obsered
data, and the authorslearn the tree structurethat maxi-
mizesthe log-likelihood of the obserations[5, 15]. Con-
sidera fully connectedyraphicalmodelof limb positions,



Figure3. We showmodel-hilding resultsfor videosof a zeba left, tiger center, andgiraffe right. We learn a treeshapemodelfor limbs,
asdescribedn Sec.2.2. We showdirectedlinks in our treemodelswith arrows. We manuallyattach a semantiaddescriptionto ead limb
asHead,upper/lowerNed, upper/lowerBody or front/rear Leg. Labelingthetiger modelis tricky; manylimbs swimaroundthe animal
Body andone ips betweertheHeadandfrontLeg. We usetheseabelsto helpevaluatelocalizationperformancen our results;they are
not part of the shapemodel.Obtaininga setof canonicallabelsappeas dif cult.

Phead ; Pneck ; Pbody (the preciselimb labelsarenot needed
solong astheir correspondenceetweerframesis known).
Eachlink represents joint distribution Pr( Pjimp 1; Plimb 2)
of pairwiselimb positionsto whichthey t a(diagonalco-
variance)gaussiarusingthe datafrom the tracks. The po-
sition of eachlimb is representedavith a 3 elementvector;
its center(x; y) positionandorientation . As in [5], the
position of eachnon-rootlimb is representeavith respect
to the coordinatesystemof its parent.

To learn the tree structure that maximizes the log-
likelihood of the obsenred pairwise mamginals, [15] nds
the minimum-entroy spanningtree. This tendsto result
in poor models. Oftentwo far away limbs will be directly
linkedin thelearnedspatialmodel. This is becausehe po-
sition of the detectedimbs are quite noisy (dueto the de-
tunedlimb detector),in turn producingnoisy entrofy es-
timates. To enforcethe naturalprior that two limbs that
tendto appeaneareachothershouldbe spatiallylinkedto-
getherwe replacethe pairwiseentrofy termwith themean
distancebetweenthosetwo limbs (and then computethe
minimum spanningtree). We root this tree at the most
“stable” limb (thelimb detectedmostoftenin the original
video). Oncewe have learneda structureusing the mini-
mum distancespanningtree, we representhe conditional
distributionswith gaussiangasin [15]). This produceghe
treespatialmodelsin Fig. 3. We now canwrite the posterior
con gurationfor ananimalgiventheimageas

) Y
Pr(PijP;)

(i )2E i=1

Pr(Py:::Ppjlm)/ Pr(I m(P;))
1)
where we have assumedE is the set of edgesin
the minimum spanning tree and the likelihood term
Pr(I mjP; :::Py) factorizesinto a productof local image
functionsPr(1 m(P;)). Notein our currentimplementation
we do not searchover scale,alimitation we discusdurther
in Sec.5.We canefciently computethe MAP estimateby
fastvariantof dynamicprogrammingDP) [5]. We usethis
(unnormalizedposteriorasan animaldetectorby only ac-
ceptingthosemaximalcon gurationsabove a threshold.
The likelihoodterm Pr(I m(P;)) is a statisticthat cap-
tureshow “giraffe-like” a local imagepatchis. A natural
statisticto useis the outputof a giraffe textureclassi errun

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

Table 1. We counthow oftenwe can correctly identify an animal
basedon texture from a single patch from Fig.4. \\e report per-
centaye of correctdetectionsn crossvalidationexperimentdor a
1-NN classi er using 1500 prototypesper class. For the full (38
class)multi-classproblem'All', we performquite poorly. Many
animal classegsud as elephantsand rhinoceises)are hard to
discriminateusingtexture alone Whenscoringcorrectdetections
solely on zeba, tiger, and giraffe test patches,we do mud bet-
ter, indicating thoseanimalshavedistinctivetexture. Lookingat
variouspatc representationgnormalizedpatd pixel values his-
togramsof textons,anda SIFT descriptor),we nd SIFT performs
the best. We adoptit as our texture descriptor and examineits
behaviorfurtherin Fig.5.

onthatlocal patch(seeFig.2). Building a goodgiraffe tex-
ture classi er from a singlevideois hardbecausehereare
not mary positive or nggative examples. This suggestsve
combineour spatialmodelfrom videowith atexturemodel
learneckelsavhere.

3. Texture modelsfrom realimages

We usetheHemeraPhoto-Objecf17] databasef image
clip art to build a texture library; theseannotatedmages
have associatedoregroundmasks We useall theimagesn
the “animals” cateyory, throwing away thoseanimalswith
lessthan3 exampleimages.This leavesuswith about500
imagesspanning38 animals.We scalethe Hemeraimages
andvideoclipsto besimilar sizes,andassumehe animals
in thevideoandin Hemeraoccuratroughlythesamescale.

To build a good animaltexture model, we needa good
animaltexture descriptorcapableof sggmentingout thean-
imal from its backgroundgiraffestypically occurin back-
groundsof elds andtrees).Descriptordevelopedfor stan-
dardvision datasetgsuchas CUReT [3]) may not be ap-
propriatesincethey classifyentireimagesof homogeneous
texture. To evaluatedescriptorson smallimagepatchesye
usethe Hemeraanimalcollectionasa labeledground-truth
set(Fig.4). In Table 1, we compare3 different patchde-
scriptors;histogramsof textons[10], intensity-normalized
patchpixel values[18], andthe SIFT descriptof11]. Tex-
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Figure4. Our library of animaltexturesbuilt fromHemer. We showa subsebf 10017X17patchesfor ead of our 38 animals;we mark
the giraffe, tiger, and zeb& rowsin yellow Our recanition taskrequirestexture classi cation and segmentation(we needto sepaate
the animalfromits badkground). This meanswe needto evaluatetextureson a local image patch. We usethis library to evaluatepatch

descriptosin Table 1.

tons are quantized Iter bank outputsthat capturesmall

scalephenomengsuchast-junctions,corners,bars, etc.).

They aretypically binnedinto a histogranover somespatial
neighborhood.The SIFT patchdescriptoris a 128 dimen-
sionaldescriptorof gradientsbinnedtogetheraccordingto

their orientationandlocation;it is designedo be robustto

smallchangesn pixel intensityandposition. Note we use
theraw descriptorwithout normalizinga patchto its dom-

inant orientation(asin [11]). We extracted1500 17X17

imagepatchedrom eachanimalclassandbuilt a 1-Nearest
Neighbor(NN) classi er basedon eachdescriptor Using

crossvalidation, we found the SIFT descriptorto perform

thebest.

Giraffes presentparticular dif culties for texton based
descriptionge.g.[9,16];Fig.5). Thetextureis characterized
by phenomenat two scales(long thin stripesthat lie in
betweenbig blobs). If we calculatetextons over a large
scale,we missthe thin stripes. If we calculatetextonson
asmallscale thelong scalespatialstructureof the textons
de nes the big blobs (Fig.5). This spatialstructureis lost
whenwe construct histogranof localneighborhoodfrom
the texton map. This suggestshatwe shouldnot think of
a giraffe texture asan unorderedcollection of textons, but
rathersimply a patch,or a collection of spatially ordered
pixels. A robust patchdescriptorsuchasSIFT is a hatural
choice(otherdescriptorsuchas[1] mayalsoprove useful).

Ourresultsaresurprisingbecaus&IFT wasnotdesigned
to representexture (as notedin [11]); however we nd it
cangivenwe storeenoughexamples.For eachof the38 an-
imalsfrom our Hemeracollection,we extracta setof 1500
patcheof dimensionl7X17, representingachpatchwith
its SIFT descriptor We attemptedo reducethe setof our li-
brary, but sav alossin performancen our cross-alidation
experiments Obtaininga simplerparametriadepresentation
of animaltextureremainsfuture work.

4. Combining shape from video and texture
fromimages

In orderto combinethe shapemodel learnedfrom a
videowith the correctanimaltexture modelfrom Hemera,
we must rst identify whatanimalis in thevideo.

4.1.Identifying animals from video

We assumeéhattheanimalin agivenvideois oneof the
38 animalsin Hemera.We matchthe texture modelsbuilt
from Hemera to the video. We segmentthe video into
animal/non-animapixels using the spatio-temporatracks
from Sec.2.1. We extract the set of all 17X17 animal
patchedrom the video, andclassify eachasoneof the 38
animals.We do 1-NN classi cationon eachpatch, nding
the closestmatchfrom our library of animaltextures(by
matchingSIFT descriptors) We canobtaina texture poste-
rior for animallabelsgivenavideoby countingthenumber
of timestheclassi er votedfor thei™ animalclass(Fig.6).

Matching solely basedon texture is not enoughto get
thecorrectanimallabel;thegiraffe videomatchedestwith
a 'leopard'texture. We add a shapecue by matchingthe
shapemodel built from the video to Hemera. For each
imagein theHemeracollection,weuseDPto nd acon g-
urationof limbsthatoccupiegheforegroundmaskandthat
is arrangedaccordingto the shapeprior learnedfrom the
video(Fig.3). We evaluatethelikelihoodtermPr (I m(P;))
in Eq.1 by corvolving the foregroundmaskwith oriented
rectanglekernelsof all '1's anked on eithersideby rect-
anglesof -1's (we wantthelimbsto occupy theforeground
regionandnotthebackground)We shav 4 matchegor our
giraffe shapemodelin Fig.7; notethe modelmatchesjuite
well to giraffe imagesn Hemera.For eachanimalclasswe
take the bestshapematchscoreobtainedover all imagesin



Figure5. Givena queryimage left, wereplaceead 17X17patd with its closestmatd froma patch in our texture library. Thismeans
we needa goodanimal texture descriptor; onethat capturesthe long thin stripesthat lie within big blobstypical in a giraffe. Standad
approadesusehistogramsof textons(quantized Iter bankoutputs)[9, 10,16,18]. We showa texton map on the middle left, whee
ead color mapsto an individual texton. Thebig blobsthat distinguishthe giraffe from the badgroundare only appaentfromthe long-
scalespatialarrangemenof textons. Lookingat histagramsof textonsover small neighborhood$oosesthis spatialarrangement.Hence
classifyinggiraffe patchesbasedon texton histogramsis a poor appoach, as seenin themiddle right (andasacknowledgdby[9, 16]).
Rathery if we classifypatcdhesusinga descriptorcapturing spatial arrangementof pixels(e.g. SIFT), we are betterat detectinggiraffe

patches(right).

thatclass.We normalizethe scorego obtaina shapeposte-
rior over animallabelsin Fig.6. Using shape we labelthe
giraffe videoas'giraffe’, but boththe zebraandtiger video
aremislabeled.

We computea nal posteriorby addingthe (log) texture
andshapeposteriorgweightingshapeby %) in the bottom
row of Fig.6. Selectingthe bestclass,we identify the cor
rectanimallabelfor eachof ourvideos.

4.2.Recognitionusing shapeand texture

Our nal recognitionalgorithm usesthe approachout-
linedin Fig.2. Givenaqueryimage wereplaceeachl7X17
imagepatchwith theclosesmmatchfrom ourtexturelibrary.
We appendhe Hemeraanimaltexture library with a'back-
ground' texture classof 20000patchesxtractedfrom ran-
dom Corelimages(not in our testpool andnot containing
animals). We then constructa binary label imagewith a
1" if a patchwasreplacedwith a givenanimalpatch. We
interpretthis binaryimageasaforegroundmaskfor thatan-
imal label,anduseDPto nd rectanglesn theforeground
arrangedaccordingto the shapemodellearnedfrom video
(Eqg.1). For the 'zebra', tiger', and'giraffe’ animallabels,
we know the correctshapemodelto usebecauseve have
automaticallylinkedthem(Sec.4.1).

In practice,it is too expensve to classifyevery patchin
aqueryimage.Fortunatelythe SIFT descriptoris designed
to besomavhattranslatiorinvariant;off-by-onepixel errors
shouldnot affect the descriptor This suggestave sample
patchedrom the image,and matchthemto our texture li-
brary;we match5000patchegperimage whichtakesabout
2 minutesin our implementation.Speedingup the match-
ing using approximatenearesteighbortechniqued7] or
building a parametrictexture modelmay allow usto clas-
sify morepatchedrom animage.

5. Results

We testedour modelson two datasetsimagesfrom the
Corel collectionandvariousanimalimagesreturnedfrom
Google.We scaleimagedo beroughlythesamedimension
asour video clips. Our Corel setcontained304 images;
50 zebras120tigers, 34 giraffes, and 100 randomimages
from Corel. Note theserandomimagesare different from
thesetusedto learnabackgroungatchlibrary. Thesecond
collection of 1418imageswas constructecby assembling
a randomsubsetof animalimagesreturnedby Google. It
contains315zebrasy/0tigers,472giraffes,and561images
of otheranimals('leopard','k oala’, '‘beaver', 'cow’, 'deer’,
‘elephant’,'monkey’," antelope’,parrot’, and'polar bear").

Detection We showv precision-recall(PR) curves in
Fig.8. For the Shapedetectoy we build ananimaldetector
usingonly thevideoandnotHemera.We build a crudetex-
ture library using positve and negative patchesnsideand
outsidethe spatio-temporalracks. Givena new image,we
constructa binary label image by replacingpatcheswith
their closestmatchfrom this limited texture library. We
thenuseDP to nd the MAP con guration of limbs from
thebinarylabelimage.For the Texture detectoyrwe build a
detectomusingonly Hemeraandnotthevideo. We compute
abinarylabelimageusingthe entirepatchlibrary (Hemera
animalpatchegplus backgroundpatches).Our nal detec-
tor is athresholdon the sumof animalpixels(asin [9,16]).
FortheS & T detectorwe constructa binary labelimage
usingthe entire patchlibrary, andthenuseDP to nd the
MAP limb con guration. We compareour detectorswith 2
baselinesa 1-NN classi er trainedon color histogramsand
randomguessing.We tried a variety of otherclassi ersas
baselinegsuchaslogistic regressiorand SVMs) but 1-NN
performedhebest.
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Figure 6. e identify the animalsin our videosby linking the shapemodelsbuilt from videoto the texture modelsbuilt fromthe labeled
Hemen image collection. We showposterios of animal classlabelsgiventhe zeba (left), tiger (middle), and giraffe (right) videos.In

the top row, we showposterios of the ten bestlabelsbasedon a texture cue shapecue andthe combinationof the two. We mark the
MAP classestimatefor ead cue Matching texture modelsbuilt from Hemea to the segmentedvideos,we mislabelthe giraffe videoas
'leopard'. By matding shapemodelsbuilt fromvideosto Hemer images,we matd the giraffe correctly, but incorrectly label the zeba

andtiger videos.Combiningthe two cues,we matd all the videosto the correctanimallabel. We showposterios for the nal combined
cueover the entire setof labelsin thebottom row. Notethegraphsare not scaledequally

S o

D@ﬁ% [7% 7

Figure 7. The top 4 matdes (the top matd on the left) in the
Hemea collectionfor the shapemodellearnedfrom the giraffe
video. Noteour shapemodelcaptuesthe articulatedvariationin
pose resultingin accumate detectionsand reasonabléalse posi-
tives.

Dif culty of datasets Recognitionis still relatively
poorly understoodmeaningthat reportsof absurdlyhigh
recognitionratescan usually be ascribedto simplicity of
the testset. Carefulexperimentatiorrequiresdetermining
how dif cult a dataseis; to do so, oneshouldassession
simplebaselinegperformon thatdatase{2,4,12,13]. This
is ofteninformative: for example,it is known thatvariations
in reportedperformancéetweendifferentfacerecognition
algorithmsarealmostentirelyexplainedby variationsin the
performanceof the baselineon the datase{13]. In almost
all casespur shapeandtexture animalmodelsoutperform
thebaseline®f randomguessingandcolor histogramclas-

si cation. Theonenotableexceptionis ourtigerdetectoon

the Coreldata,for which a color histogramoutperformsall

our methods.This canbeascribedo theinsufciently well

known factthat Corel backgroundsre strongly correlated
with Corelforegrounds(sothata CorelCD numbercanbe
predictedusing simple color histogramfeatures2]). Our

detectomperformanceseemso bedecoupledrom thebase-
line performancein the Googleset,our detectorslo better
even whenthe baselinesdo worse. This seemsto be be-
causeunlike Corel,imagesfrom Googletendto have var

ied backgroundgFig. 9), which hurtsour histogrambase-
line but helpsour animaldetector Comparingto detection
resultsreportedn [9, 16], we obtainbetterperformanceon

a demonstably harder dataset

Importance of shape In almostall casesaddingshape
greatly improves detectionaccurag. An exceptionis de-
tectingtigersin the Googleset(Fig.8). We believe this is
thecasebecaus®f severechangesn scale;mary tiger pic-
turesare headshots,for which our shapemodelis not a
goodmatch(this alsoconfusesur texture model,resulting
in thelower overall performance) However, for low recall
rates,shapeis still usefulin yielding high precision. The
top few matchesfor the tiger detectorwill be tigersonly
if we useshapeasa cue. Our resultsfor shapeare par
ticularly impressve given the quality of our texture detec-



Percentagef correctlocalizations

Dataset| Zebra | Tiger | Giraffe
Corel | 849 | 92.0 | 76.9
Google| 94.0 | 940 | 68.0
Percentagef correctlyestimatekinematics
Dataset| Zebra| Tiger | Giraffe
Corel | 24.2 | 28.0 | 384
Google| 30.0 | 340 | 46.0

Table 2. Resultsfor localization (top) and kinematicrecovery
(bottom). We de ne a correctlocalizationto occurwhena major
ity of the pixelswithin the estimatedimbs are true animal pixels
(we havea greaterthan 50% chanceof hitting the animal if we
shootat the estimatedimbs). We also showthe percentaye of an-
imal imageswhele the correctkinematicsare recovered. By hand,
wemarka con gurationto becorrectif a majority of theestimated
limbs overlap a pixel region matding the semantidabeling from
Fig.3. Thekinematicresultsfor the giraffe are impressivegiven
the large numberof different semantidabels; correct con gura-
tionstendto align theupperned, thelower ned, theupperbody
thelower body the frontleg, andtherearleg. Our animaldetec-
tor localizesthe animal quite well and oftenrecovers reasonable
con gurations.
tor baseline.It hasbeenshavn thatfeaturematchingwith
SIFT featureq4] producegyuite good performanceon es-
tablishedobjectrecognitiondataset$6]. Sucha schemes
equialentto our texture baselinewhich we demonstratés
outperformedy our shape texturedetector

Location and kinematic recovery. Looking at the best
matchego our detectorgFig.9), we seethatwe reliably lo-
calize the detectedanimal and quite often we recover the
correctcon guration of limbs. We quantify this by manu-
ally evaluatingthe recoreredcon gurationsin Table2. We
de ne acorrectlocalizationto occurwhenamajority of the
pixels coveredby the estimatedimbs areanimalpixels (if
we shootat the estimatedimbs, we'll mostlikely hit the
animal). We mark a poseascorrectwhena majority of the
limbs overlapa pixel region with the correctsemantidabel
from Fig.3. The poseresultsfor the giraffe areimpressie
giventhelarge numberof differentsemantidabels;correct
con gurationstendto alignthe upperneck,thelower neck,
the upperbody, the lower body, the front leg, andthe rear
leg. In generalwe correctlylocalizethe animal,andoften
we recover areasonablestimateof its con guration.

6 Discussion

One contrikution of this work is a novel (but simple)
representationf texture; ratherthanusinga histogramof
textons, we representexture with a patchof pixels. We
demonstratehat this representatiooutperformsthe state-
of-the-artfor our taskof detectinganimals.

Broadly speaking,we introduce(and rigorously evalu-
ate) an unsupervisedystemfor learningarticulatedmod-
els usingboth video andimages. Videois useful because
bothmotionandappearanceonsisteng arestrongcuesfor
learning.But aninherentlimitation is thatonly a singleob-

jectinstancas obsenred. Our strat@y of combiningmodels
learnedfrom video andimagecollections(wheremultiple
instancesareobsened) seemdo addresshis issue. These
learnedmodelsappearpromisingfor recognitiontasksbe-
yond detection,such as localization, kinematic recovery,
and(possibly)counting.
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Figure8. Precisionrecall curvesfor zebag, tiger, and giraffe detectos run on a setof 304 Corel images(top) and 1418imagesreturned
by Goagle (bottom). The'Shape'detectos are built usingshapemodelsand crudetexture modeldearnedfromthevideo. The' Texture'

detectos are built usingtexture modelstrainedontheimage collection. TheS & T detectos usetexture modelsfromtheimage collection
andshapamodeldromthevideo(wheethelinking wasautomatic asdescribedn Sec4.1). We compaewith 2 baselinesa 1-NNclassi er

trainedon color histagramsandrandomguessingFor thetiger detectorrun on Corel, the color histogram doesquite well, sugyestingwe
shouldlook at the Corel datasetwith suspicion.\WWe showthat, in generl, shapeimprovesdetectionperformance Comparingour zeba
andgiraffe detectiorresultsto [9, 16], we showbetterperformancen ademonstrabljharderdataset
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Figure9. Resultdor our zeba (top row), tiger (middle row), and giraffe (bottom row) modelsusingshapeandtexture. We showthe 3
bestmatdesfroma testpool of 304 Corel animalimagesand 1418Goagle animalimages. Our tiger modelmistalenly r esona Goagle
zebia dueto the similar texture. Thequasi-corectzeba con gurationssuggestour shapemodelmightperformbetterif we seachedover
scale Thegiraffe con gurationstendto bequitegood. TheGoaggle resultsare impressivegiventhe poor performanceof our baselineswe
are detectinglocalizing andoftenrecoreringreasonablgoseestimatesor objectsin a datasetdemonstrablyardfor objectrecognition



