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Abstract
Most discriminative techniquesfor detectinginstancesfrom objectcategoriesin still imagescon-
sistof loopingover a partitionof a posespacewith dedicatedbinaryclassi�ers. Theef�ciency of
this strategy for a complex pose,that is, for �ne-graineddescriptions,canbeassessedby measur-
ing theeffect of samplesizeandposeresolutionon accuracy andcomputation.Two conclusions
emerge: (1) fragmentingthe trainingdata,which is inevitable in dealingwith high in-classvaria-
tion, severelyreducesaccuracy; (2) thecomputationalcostat high resolutionis prohibitive dueto
visiting amassiveposepartition.

To overcomedata-fragmentationweproposeanovel framework centeredonpose-indexedfea-
tureswhich assigna responseto a pair consistingof an imageanda pose,andaredesignedto be
stationary:the probability distribution of the responseis alwaysthe sameif an objectis actually
present.Suchfeaturesallow for ef�cient, one-shotlearningof pose-speci�cclassi�ers. To avoid
expensive sceneprocessing,we arrangetheseclassi�ers in a hierarchy basedon nestedpartitions
of thepose;asin previouswork oncoarse-to-�nesearch,thisallows for ef�cient processing.

Thehierarchy is then”folded” for training:all theclassi�ersateachlevel arederivedfrom one
basepredictorlearnedfrom all thedata. Thehierarchy is ”unfolded” for testing:parsinga scene
amountsto examiningincreasingly�ner objectdescriptionsonly whenthereis suf�cient evidence
for coarserones. In this way, the detectionresultsareequivalentto an exhaustive searchat high
resolution.We illustratetheseideasby detectingandlocalizingcatsin highly clutteredgreyscale
scenes.
Keywords: supervisedlearning,computervision, imageinterpretation,cats,stationaryfeatures,
hierarchicalsearch

1. Intr oduction

This work is abouta new strategy for supervisedlearningdesignedfor detectinganddescribing
instancesfrom semanticobjectclassesin still images.Conventionalexamplesincludefaces,cars
andpedestrians.We want to do morethansaywhetheror not thereareobjectsin the scene;we
want to provide a descriptionof the poseof eachdetectedinstance,for examplethe locationsof
certainlandmarks.Moregenerally, posecouldreferto any propertiesof objectinstantiationswhich
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arenot directly observed; however, we shall concentrateon geometricdescriptorssuchasscales,
orientationsandlocations.

The discriminative approachto objectdetectionis to induceclassi�ers directly from training
datawithoutadatamodel.Generally, onelearnsapose-speci�cbinaryclassi�erandappliesit many
times(Rowley et al., 1998;Papageorgiou andPoggio,2000;Viola andJones,2004;LeCunet al.,
2004).Usually, thereis anouterloopwhichvisitscertainlocationsandscaleswith aslidingwindow,
andapurelylearning-basedmodulewhichaccommodatesall othersourcesof variationandpredicts
whetheror not a sub-window correspondsto a target. Parsingthe scenein this manneralready
exploitsknowledgeabouttransformationswhichpreserveobjectidentities.In particular, translating
andscalingthetrainingimagesto a referenceposeallows for learninga baseclassi�er with all the
trainingexamples.We referto suchlearningmethods,which usewholeimagetransformsin order
to normalizethepose,as“data-aggregation” strategies.

However suchtransforms,whichmustbeappliedonlineduringsceneparsingaswell asof�ine
duringtraining,maybecostly, or even ill-de�ned, for complex poses.How doesone“normalize”
theposeof a cat? In suchcases,analternative strategy, which we call “data-fragmentation,” is to
reducevariationby learningmany separateclassi�ers,eachdedicatedto asub-populationof objects
with highly constrainedposesandeachtrainedwith only thosesamplessatisfyingtheconstraints.
Unfortunately, this approachto invariancemight requirea massive amountof trainingdatadueto
partitioningthedata.As a result,thediscriminative approachhasbeenappliedalmostexclusively
to learningrathercoarsegeometricdescriptions,suchasa faciallandmarkandin-planeorientation,
by someform of data-aggregation. Summarizing:aggregating the dataavoids sparsetraining but
at the expenseof costly imagetransformsandrestrictionson the pose;fragmentingthe datacan,
in principle, accommodatea complex posebut at the expenseof crippling performancedue to
impoverishedtraining.

A relatedtrade-off is the onebetweencomputationandposeresolution. Samplesizepermit-
ting, a �ner subpopulation(i.e., higherposeresolution)allows for training a morediscriminating
classi�er. However, the morere�ned the posepartitioning,the moreonline computationbecause
regardlessof how the classi�ersaretrained,having moreof themmeansmorecostly scenepars-
ing. This trade-off is clearlyseenfor cascades(Viola andJones,2004;Wu et al., 2008): at a high
truepositive rate,reducingfalsepositivescouldonly comeat theexpenseof considerablecompu-
tationdueto dedicatingthecascadeto ahighly constrainedpose,henceincreasingdramaticallythe
numberof classi�ersto trainandevaluatein orderto parsethescene.

To setthestagefor ourmaincontribution,amulti-resolutionframework, weattemptedto quan-
tify thesetrade-offs with a single-resolutionexperimenton catdetection.We consideredmultiple
partitionsof thespaceof posesat differentresolutionsor granularities.For eachpartition,we built
a binaryclassi�er for eachcell. Therearetwo experimentalvariablesbesidestheresolutionof the
partition: the datamay be eitherfragmentedor aggregatedduring trainingandthe overall costof
executingall the classi�ersmay or may not be equalized.Not surprisingly, the bestperformance
occurswith aggregatedtrainingathighresolution,but theon-linecomputationalcostis formidable.
The experimentis summarizedin an AppendixA anddescribedin detail in FleuretandGeman
(2007).

Our framework is designedto avoid thesetrade-offs. It restson two coreideas. One,which
is not new, is to control online computationby usinga hierarchy of classi�ers correspondingto
a recursive partitioningof the posespace,that is, parameterizationsof increasingcomplexity. A
richerparametrizationis consideredonly when“necessary”,meaningtheobjecthypothesiscannot
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Figure1: An idealizedexampleof stationaryfeatures.Theposeof thescissorscouldbethe loca-
tionsof thescrew andthetwo tips,in whichcaseonemightmeasuretherelativefrequency
aparticularedgeorientationinsidein adiscwhoseradiusandlocation,aswell asthecho-
senorientation,dependson thepose.If properlydesigned,theresponsestatisticshave a
distribution which is invariantto theposewhenin facta pair of scissorsis present(see
§ 3.3).

be ruled out with a simplerone(see,e.g.,FleuretandGeman,2001;Stengeret al., 2006). (Note
that cascadesare ef�cient for a similar reason- they are coarse-to-�nein termsof background
rejection.)However, hierarchicalorganizationaloneis unsatisfactorybecauseit doesnot solve the
data-fragmentationproblem. Unlessdatacanbe synthesizedto generatemany dedicatedsetsof
positive samples,onesetper nodein the hierarchy, the necessityof training a classi�er for every
nodeleadsto massive datafragmentation,hencesmallnode-speci�ctrainingsets,which degrades
performance.

Thesecondidea,thenew one,is to avoid data-fragmentationby usingpose-speci�cclassi�ers
trainedwith “stationaryfeatures”,ageneralizationof theunderlyingimplicit parametrizationof the
featuresby a scaleanda locationin all the discriminative learningtechniquesmentionedearlier.
Eachstationaryfeatureis “pose-indexed” in thesenseof assigninga numericalvalueto eachcom-
binationof animageandapose(or subsetof poses).Thedesiredform of stationarityis that,for any
givenpose,thedistributionof theresponsesof thefeaturesover imagescontaininganobjectat that
posedoesnot dependon thepose.Saidanotherway, if an imageandanobjectinstanceat a given
poseareselected,andonly theresponsesof thestationaryfeaturesareprovided,onecannotguess
thepose.This is illustratedin Figure1: knowing only theproportionof edgesat a pose-dependent
orientationin theindicateddiskprovidesno informationabouttheposeof thescissors.

Giventhatobjectsarepresent,a stationaryfeatureevaluatedat oneposeis thenthe“same”as
at any other, but not in a literal, point-wisesenseas functions,but ratherin the statistical,pop-
ulation sensedescribedabove. In particular, stationaryfeaturesarenot “object invariants” in the
deterministicsenseof earlierwork (Mundy andZisserman,1992)aimedat discovering algebraic
andgeometricimagefunctionalswhoseactualvalueswereinvariantwith respectto theobjectpose.
Ouraim is lessambitious:our featuresareonly “invariant” in astatisticalsense.But this is enough
to useall thedatato traineachclassi�er.

Of coursethegeneralideaof connectingfeatureswith objectposesis relatively commonin ob-
ject recognition.As we have said,pose-indexing is doneimplicitly whentransformingimagesto a
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referencelocationor scale,andexplicitly whentranslatingandscalingHaarwaveletsor edgedetec-
torsto computetheresponseof aclassi�er for agivenlocationandscale.Surprisingly, however, this
hasnotbeenformulatedandanalyzedin generalterms,eventhoughstationarityis all thatis needed
to aggregatedatawhile maintainingthe standardpropertiesof a training set. Stationaritymakes
it possible,andeffective, to analyticallyconstructanentirefamily of pose-speci�cclassi�ers—all
thoseatagivenlevel of thehierarchy—usingonebaseclassi�er inducedfrom theentiretrainingset.
In effect, eachpose-speci�cclassi�er is a “deformation”of thebaseclassi�er. Hencethenumber
of classi�ers to train grows linearly, not exponentially, with thedepthof theposehierarchy. This
is whatwe call a foldedhierarchy of classi�ers: a tree-structuredhierarchy is collapsed,like a fan,
into asinglechainfor trainingandthenexpandedfor coarse-to-�nesearch.

The generalformulationopensthe way for going beyond translationand scale,for example
for trainingclassi�ersbasedon checkingconsistency amongpartsor deformationsof partsinstead
of relying exclusively on their marginal appearance.Sucha capabilityis indeedexploited by the
detectorwedesignedfor �nding catsandgreatlyimprovestheperformancecomparedto individual
partdetection.This gain is shown in Figure2, themainresultof thepaper, which comparesROC
curves for two detectors,referredto as“H+B” and“HB” in the �gure. In the “H+B” case,two
separatedetectorsaretrainedby dataaggregation,onededicatedto headsandtheotherto bodies;
theROCcurve is thebestwecoulddo in combiningtheresults.The“HB” detectoris acoordinated
searchbasedon stationaryfeaturesanda two-level hierarchy; the searchfor the belly locationin
thesecond-level is conditionalon a pendingheadlocationanddatafragmentationis avoidedwith
pose-indexedfeaturesin ahead-bellyframe.A completeexplanationappearsin § 6.

In §2, we summarizeprevious, relatedwork on objectdetectionin still images.Our notation
andbasicideasareformally introducedin §3,highlightingthedifferencebetweentransformingthe
signalandthefeatures.Themotivationalexperiment,in whichwesubstantiateourclaimsaboutthe
forcedtrade-offs whenconventionalapproachesareappliedto estimatingacomplex pose,couldbe
readat this point; seeAppendixA. Embeddingpose-indexedclassi�ersin a hierarchy is described
in §4 and the baseclassi�er, a variation on boosting,is describedin §5. In §6 we presentour
mainexperiment- anapplicationof theentireframework, includingthespeci�c basefeatures,pose
hierarchy andpose-indexed features,to detectingcatsin still images. Finally, someconcluding
remarksappearin §7.

2. RelatedWork

We characterizeotherwork in relationto the two basiccomponentsof our detectionstrategy: ex-
plicit modelingof a hiddenposeparameter, asin many generative anddiscriminative methods,and
formulatingdetectionasa controlled“processof discovery” duringwhich computationis invested
in ahighly adaptiveandunbalancedwaydependingon theambiguitiesin thedata.

2.1 Hidden Variables

A principal sourceof theenormousvariationin high-dimensionalsignals(e.g.,naturalimages)is
theexistenceof a hiddenstatewhich in�uencesmany components(e.g.,pixel intensities)simulta-
neously, creatingcomplex statisticaldependenciesamongthem.Still, evenif this hiddenstateis of
high dimension,it far simplerthantheobservablesignalitself. Moreover, sinceour objective is to
interpretthesignalatasemanticlevel, muchof thevariationin thesignalis irrelevant.
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Figure2: ROC curvesfor head-bellydetection.The criterion for a true detectionis that the esti-
matesof theheadlocation,headsizeandbelly locationall becloseto thetruepose(see
§ 6.6). The H+B detectoris built from separateheadandbody detectorswhile the HB
detectoris built uponposeindexedfeatures(see§ 6.5).

In fact,conditioningon thevalueof thehiddenstate,which means,in practice,testingfor the
presenceof atargetwith agivenpose,oftenleadsto verysimple,yetpowerful, statisticalmodelsby
exploiting the increaseddegreeof independenceamongthecomponentsof thesignal. This means
decisionsaboutsemanticcontentcanbebasedondirectlyaggregatingevidence(naiveBayes).The
problemis computational:therearemany possiblehiddenstates.

Theextremeapplicationof this conditioningparadigmis classicaltemplatematching(Grenan-
der, 1993): if the poseis rich enoughto accountfor all non-trivial statisticalvariation,theneven
a relatively simplemetriccancapturetheremaininguncertainty, which is basicallynoise.But this
requiresintenseonlinecomputationto deformimagesor templatesmany times.Onemotivationof
ourapproachis to avoid suchonline,globalimagetransformations.

Similarly, thepurestlearningtechniques,suchasboosting(Viola andJones,2004)andconvolu-
tion neuralnetworks(LeCunet al., 2004),rely on explicitly searchingthrougha subsetof possible
scalesandlocationsin the imageplane;that is, coarsescaleandcoarselocationarenot learned.
Nor is invarianceto illumination,usuallyhandledat thefeaturelevel. However, invarianceto other
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geometricaspectsof the pose,suchasrotation,and to �ne changesin scaleand translation,are
accommodatedimplicitly, thatis, duringclassi�er training.

On the contrary, “Part andStructure”modelsandothergenerative (model-based)approaches
aimatmorecomplex representationsin termsof propertiesof “parts” (Li etal.,2003;Schneiderman
andKanade,2004;CrandallandHuttenlocher,2006).However, tractablelearningandcomputation
often requirestrongassumptions,suchas conditional independencein appearanceand location.
In somecases,eachpart is characterizedby the responseof a featuredetector, andthe structure
itself—thearrangementof parts—caneitherbecapturedby a complex statisticalmodel,incurring
severe computationin both training and testing,or by a simple model by assumingconditional
independenceamongpartlocationsgivenseverallandmarks,whichcanleadto very ef�cient scene
parsingwith theuseof distancetransforms.Someof thesetechniquesdoextendto highlyarticulated
anddeformableobjects;see,for example,HuttenlocherandFelzenszwalb (2005). Still, modeling
partsof cats (heads,ears,paws, tails, etc.) in this framework may be dif�cult due to the low
resolutionand high variation in their appearance,and in the spatialarrangementsamongthem.
Compositionalmodels(Gemanet al., 2002;Zhu andMumford,2006;Ommeret al., 2006)appear
promising. Among these,in the “patchwork of parts” model (citepamit-trouve2007,the feature
extractorsare,likehere,de�ned with respectto theposeof theobjectto detect,in thatcaseaseries
of controlpoints.This strategy allows for aggregatingtrainingsampleswith variousposesthrough
theestimationof commondistributionsof featureresponses.

2.2 A Processof Discovery

Wedonotregardthehiddenposeasa“nuisance”parameter, secondaryto detectionitself, but rather
aspartof whatit meansto “recognize”anobject.In this regard,wesharetheview expressedin Ge-
manet al. (2002),CrandallandHuttenlocher(2006)andelsewherethatsceneinterpretationshould
go well beyond pureclassi�cation towardsrich annotationsof the instantiationsof the individual
objectsdetected.

In particular, weenvisiondetectionasanorganizedprocessof discovery, asin Amit etal. (1998),
andwe believe thatcomputationis a crucial issueandshouldbehighly concentrated.Hierarchical
techniques,which canaccomplishfocusing,arebasedon a recursive partitioningof theposespace
(or object/posespace),which canbeeitherad-hoc(Gemanet al., 1995;FleuretandGeman,2001)
or learned(Stengeretal.,2006;GangaputraandGeman,2006).Thereis usuallyahierarchy of clas-
si�ers, eachonetrainedonadedicatedsetof examples—thosecarryingaposein thecorresponding
cell of thehierarchy. Often, in orderto have enoughdatato train theclassi�ers,samplesmustbe
generatedsynthetically, which requiresasophisticatedgenerativemodel.

Our work is alsorelatedto early work on hierarchicaltemplate-matching(Gavrila, 1998)and
hierarchicalsearchof posespaceusingbranchandboundalgorithms(HuttenlocherandRucklidge,
1993),andto thecascadeof classi�ersin Viola andJones(2004)andWu etal. (2008).

Relative to the tree-basedmethods,we usethe stationaryfeaturesto aggregatedataandbuild
only onebaseclassi�erperlevel in thehierarchy, from whichall otherclassi�ersarede�nedanalyt-
ically. Finally, thefully hierarchicalapproachavoidsthedilemmaof cascades,namelythesacri�ce
of selectivity if the posespaceis coarselyexploredandthe sacri�ce of computationif it is �nely
explored,thatis, thecascadesarededicatedto avery �ne subsetof poses.
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3. Stationary Features

We regard the imageasa randomvariableI assumingvaluesin I . The setof possibleposesfor
an objectappearingin I is Y . We only considergeometricaspectsof pose,suchasthe sizesof
well-de�ned partsandthelocationsof distinguishedpoints.

LetY1; : : : ;YK beapartitionof Y . Aswewill seein §4,weareinterestedin partitionsof varying
granularitiesfor theglobalprocessof detection,rangingfrom rathercoarseresolution(smallK) to
rather�ne resolution(largerK), but in thissectionweconsiderone�x edpartition.

For every k = 1: : :K, let Yk bea Booleanrandomvariableindicatingwhetheror not thereis a
targetin I with posein Yk. Thebinaryvector(Y1; : : : ;YK) is denotedY.

In thecaseof merelydetectingandlocalizinganobjectof �x edsizein a gray-scaleimageof
sizeW � H, naturalchoiceswould be I = [0;1]WH andY = [0;W] � [0;H], theimageplaneitself;
that is, theposereducesto onelocation. If thedesireddetectionaccuracy were5 pixels, thenthe
posecellsmight bedisjoint 5� 5 blocksandK would beapproximatelyWH

25 . On theotherhand,if
theposeaccommodatedscaleandmultiple pointsof interest,thenobviously thesameaccuracy in
thepredictionwould leadto a far largerK, andany detectionalgorithmbasedon loopingoverpose
cellswouldbehighly costly.

Wedenoteby T a trainingsetof imageslabeledwith thepresencesof targets

T =
n�

I (t) ;Y(t)
�o

1� t� T
;

whereeachI (t) is a full image,andY(t) is theBooleanvectorindicatingtheposecellsoccupiedby
targetsin I (t) . Wewrite

x : I ! RN;

for a family of N imagefeaturessuchas edgedetectors,color histograms,Haar wavelets,etc.
Theseare the “basefeatures”(x1; : : : ;xN) which will be usedto generateour stationaryfeature
vector. We will write x(I ) whenwe wish to emphasizethe mappingandjust x for the associated
randomvariable.ThedimensionN is suf�ciently largeto accountfor all thevariationsof thefeature
parameters,suchaslocationsof thereceptive �elds, orientationsandscalesof edges,etc.

In thenext section,§ 3.1,we considertheproblemof “data-fragmentation”,meaningthatspe-
cializedpredictorsaretrainedwith subsetsof the positive samples.Then,in § 3.2, we formalize
how fragmentationhasbeenconventionallyavoidedin simplecasesby normalizingthesignalitself;
we thenproposein § 3.3 the ideaof pose-indexed,stationaryfeatures,which avoidsglobalsignal
normalizationbothof�ine andonlineandopenstheway for dealingwith complex posespaces.

3.1 Data Fragmentation

Without additionalknowledgeabouttherelationbetweenY andI , thenaturalway to predictYk for
eachk = 1: : :K is to trainadedicatedclassi�er

fk : I ! f 0;1g

with thetrainingset n�
I (t) ;Y(t)

k

� o

1� t� T

derivedfrom T . This correspondsto generatinga singlesamplefrom eachtrainingscene,labeled
accordingto whetheror not thereis a targetwith posein Yk. This is data-fragmentation: training
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Y , theposespace
Y1; : : : ;YK , apartitionof theposespaceY
Z, aW � H pixel lattice
I = f 0; : : : ;255gZ , asetof gray-scaleimagesof sizeW � H
I, a randomvariabletakingvaluesin I
Yk, aBooleanrandomvariableindicatingif thereis a targetin I with posein Yk

Y = (Y1; : : : ;YK)
T, thenumberof trainingimages,eachwith or without targets
T =

��
I (t) ;Y(t)

�	
1� t� T , thetrainingset

fk : I ! f 0; 1g, apredictorof Yk basedon theimage
Q, numberof imagefeatures
x: I ! RN, a family of baseimagefeatures
y : f 1; : : : ;Kg� I ! I , animagetransformationintendedto normalizeagivenpose
X : f 1; : : : ;Kg� I ! RQ, a family of pose-indexedfeatures
X(k), ther.v. correspondingto X(k; I )
g: RQ ! f 0; 1g, apredictortrainedfrom all thedata

Table1: Notation

fk involvesonly thosedatawhich exactly satisfythe poseconstraint;no synthesisor transforma-
tionsareexploited to augmentthenumberof samplesavailablefor training. Clearly, the �ner the
partitioningof theposespaceY , thefewerpositivedatapointsareavailablefor trainingeachfk.

Sucha strategy is evidently foolhardyin thestandarddetectionproblemswheretheposeto be
estimatedis thelocationandscaleof thetargetsinceit would meanseparatelytraininga predictor
for every locationandevery scale,usingaspositive samplesonly full scenesshowing anobjectat
that locationandscale. The relationbetweenthe signalandthe poseis obvious andnormalizing
the positive samplesto a commonreferenceposeby translatingand scalingthem is the natural
procedure;only oneclassi�er is trainedwith all thedata.However, considera facedetectiontask
for whichthefacesto detectareknown to becenteredandof �x edscale,but areof unknown out-of-
planeorientation.Unless3D modelsareavailable,from whichvariousviewscanbesynthesized,the
only courseof actionis data-fragmentation:partitiontheposespaceinto severalcellscorresponding
to differentorientationrangesandtrainadedicated,range-speci�cclassi�er with thecorresponding
positivesamples.

3.2 Transforming the Signal to Normalize the Pose

As notedabove,in simplecasestheimagesamplescanbenormalizedin pose.Moreprecisely, both
trainingandsceneprocessinginvolvenormalizingtheimagethroughapose-indexedtransformation

y : f 1; : : : ;Kg� I ! I :

The“normalizationproperty”we desirewith respectto x is that theconditionalprobabilitydistri-
butionof x(y (k; I )) givenYk = 1 bethesamefor every1 � k � K.

Theintuition behindthispropertyis straightforward.Considerfor instancea family of edgede-
tectorsandconsideragainaposeconsistingof asinglelocationz. In suchacase,thetransformation
y appliesa translationto the imageto move the centerof posecell Yk to a referencelocation. If
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a targetwaspresentwith a posein Yk in theoriginal image,it is now at a referencelocationin the
transformedimage,andthe distribution of the responseof the edgedetectorsin that transformed
imagedoesnotdependon theinitial posecell Yk.

Wecanthende�ne anew trainingset
n�

x
�

y (k; I (t))
�

;Y(t)
k

�o

1� k� K;1� t� T

with elementsresidingin RN � f 0;1g. Dueto thenormalizationproperty, andundermild conditions,
thenew trainingsetindeedconsistsof independentandidenticallydistributedcomponents(seethe
discussionin thefollowing section).Consequently, this setallows for trainingaclassi�er

g : RN ! f 0;1g

from whichwecananalyticallyde�ne apredictorof Yk for any k by

fk(I ) = g(x(y (k; I ))) :

This canbesummarizedalgorithmicallyasfollows: In orderto predictif thereis a target in image
I with posein Yk, �rst normalizetheimagewith y sothata targetwith posein Yk wouldbemoved
to areferenceposecell, thenextractfeaturesin thattransformedimageusingx, and�nally evaluate
theresponseof thepredictorg from thecomputedfeatures.

3.3 Stationary Features

Thepose-indexed,image-to-imagemappingy is computationallyintensivefor any non-trivial trans-
formation.Evenrotationor scalinginducesacomputationalcostof O(WH) for everyangleor scale
to testduring sceneprocessing,althougheffective shortcutsareoften employed. Moreover, this
transformationdoesnot exist in thegeneralcase.Considerthetwo instancesof catsshown in Fig-
ure3. Rotatingtheimagedoesnotallow for normalizingthebodyorientationwithoutchangingthe
headorientation,anddesigninganon-af�ne transformationto dosowouldbeunlikely to producea
realisticcatimageaswell asbecomputationallyintractablewhendonemany times.Finally, dueto
occlusionandotherfactors,thereis nogeneralreasona priori for y to evenexist.

Instead,weproposeadifferentmechanismfor data-aggregationbasedonpose-indexedfeatures
whichdirectlyassignaresponseto apairconsistingof animageandaposecell andwhichsatisfya
stationarityrequirement.Thisavoidsassumingtheexistenceof anormalizingmappingin theimage
space,not to mentionexecutingsuchamappingmany timesonline.

A stationary featurevector is a pose-indexedmapping

X : f 1; : : : ;Kg� I ! RQ;

with thepropertythat theprobabilitydistribution

P(X(k) = x jYk = 1); x 2 RQ (1)

is thesamefor everyk = 1; : : : ;K, whereX(k) denotestherandomvariableX(k; I ).
Theideacanbeillustratedwith two simpleexamples,apictorialonein Figure1 andanumerical

onein § 3.4.
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Figure3: Aggregatingdatafor ef�cient trainingby normalizingtheposeat theimagelevel is dif�-
cult for complex poses.For example,lineartransformationscannotnormalizetheorien-
tationof thebodywithoutchangingthatof thehead.

In practice,therelationshipwith x, thebasefeaturevector, is simply thatthecomponentsof the
featurevectorX(k) arechosenfrom amongthecomponentsof x; thechoicedependson k. In this
case,wecanwrite

X(k) = (xp1(k) ;xp2(k) ; : : : ;xpQ(k));

wheref p1(k); : : : ;pQ(k)g � f 1; : : : ;Ng is the orderedselectionfor index k. The orderingmatters
becausewe want(1) to hold andhencethereis a correspondenceamongindividual componentsof
X(k) from oneposecell to another.

Note: We shall refer to (1) asthe“stationarity” or “weak invariance”assumption.As seenbelow,
thispropertyjusti�es data-aggregationin thesenseof yieldinganaggregatedtrainingsetsatisfying
theusualconditions.Needlessto say, however, demandingthatthis propertybesatis�edexactly is
not practical,even arguablyimpossible.In particular, with our basefeatures,variousdiscretizing
effectscomeinto play, includingusingquantizededgeorientationsandindexing basefeatureswith
rectangularwindows. Evendesigningthepose-indexedfeaturesto approximatestationarityby ap-
propriatelyselectingandorderingthebasefeaturesis non-trivial; indeed,it is themainchallenge
in our framework. Still, usingpose-indexedfeatureswhich areevenapproximatelystationarywill
turnout to beveryeffective in ourexperimentswith catdetection.

The contrastbetweensignalandfeaturetransformationscanbe illustratedwith the following
commutative diagram:Insteadof �rst applyinga normalizingmappingy to transformI in accor-
dancewith a posecell k, and thenevaluatingthe basefeatures,we directly computethe feature
responsesasfunctionsof boththeimageandtheposecell.
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f 1; : : : ;Kg� I
y //

X

  @
@@

@@
@@

@@
@@

@@
@@

@@
@@

@@
@@

@@
I

x

��
RN

Onceprovidedwith X, anaturaltrainingsetconsistingof TK samplesis providedby

Tagg =
n�

X(t)(k);Y(t)
k

�o

1� t� T;1� k� K
: (2)

Undercertainconditions,the elementsof this training setwill satisfythe standardassumptionof
beingindependentandidenticallydistributed.Onecondition,thekey one,is stationarity, but tech-
nically threeadditionalconditionswould be required: 1) property(1) extend to conditioningon
Yk = 0; 2) the “prior” distribution P(Yk = 1) be thesamefor every k = 1; : : : ;K; 3) for eacht, the
samplesX(t)(k);k = 1; : : : ;K, beindependent.The�rst conditionsaysthatthebackgrounddistribu-
tion of thepose-indexedfeaturesis spatiallyhomogeneous,thesecondthatall posecellsarea priori
equallylikely andthethird, dubiousbut standard,saysthattheimagedataassociatedwith different
posecellsareindependentdespitesomeoverlap.In practice,we view theseasroughguidelines;in
particular, wemakenoattemptto formally verify any of them.

It thereforemakessenseto train a predictorg : RQ ! f 0;1g usingthetrainingset(2). We can
thende�ne

fk(I ) = g(X(k; I )) ; k = 1; : : : ;K:

Noticethatthefamily of classi�ersf fkg is also“stationary”in thesensethatconditionaldistribution
of fk givenYk = 1 doesnotdependonk.

3.4 Toy Example

Wecanillustratetheideaof stationaryfeatureswith averysimpleroughlypiecewiseconstant,one-
dimensionalsignalI (n);n = 1; :::;N. Thebasefeaturesarejust thecomponentsof thesignalitself:
x(I ) = I . Theposespaceis

Y =
�

(q1;q2) 2 f 1; : : : ;Ng2; 1 < q1 < q2 < N
	

andthepartition is the �nest onewhosecellsareindividual posesf (q1;q2)g; henceK = jY j. For
simplicity, assumethereis at mostoneobject instance,so we canjust write Y = (q1;q2) 2 Y to
denotean instancewith pose(q1;q2). For u = (u1; :::;uN) 2 RN, the conditionaldistribution of I
givenY is

P(I = u jY = (q1;q2)) = Õ
n

P(I(n) = un jY = (q1;q2))

= Õ
n< q1

f 0(un) Õ
q1� n� q2

f 1(un) Õ
q2< n

f 0(un)
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Figure4: Examplesof toy scenes

Figure5: Hierarchicaldetection. Eachellipseon standsfor a posecell Y (d)
k ; k = 1; : : : ;Kd; d =

1; : : : ;D. Here,D = 3 andK1 = 2, K2 = 4, K3 = 8. Gray ellipsescorrespondto pose
cellswhosef (d)

k respondpositively, anddashedellipsescorrespondto posecellswhose
classi�ers are not evaluatedduring detection. As shown by the arrows, the algorithm
ignoresall sub-cellsof acell whoseclassi�er respondsnegatively.

wheref µ is anormallaw with meanµ andstandarddeviation0:1. Hencethesignal�uctuatesaround
0 on the“background”andaround1 on thetarget,seeFigure4.

We de�ne a four-dimensionalpose-indexedfeaturevectortakingthevaluesof thesignalat the
extremitiesof thetarget,thatis

X((q1;q2); I ) = (I (q1 � 1); I (q1); I (q2); I (q2 + 1)) :

Clearly,
P(X(q1;q2) = (x1;x2;x3;x4) jYq1;q2 = 1) = f 0(x1)f 1(x2)f 1(x3)f 0(x4)

which is not a function of q1;q2. Consequently, X is stationaryand the commonlaw in (1) is
f 0 � f 1 � f 1 � f 0.

4. FoldedHierar chies

We have proposednormalizingthe samplesthrougha family of pose-indexed featuresinsteadof
wholeimagetransformsin orderto avoid fragmentationof thedata.Sinceonly oneclassi�er must
bebuilt for any partitionof theposespace,andno longerfor every cell of sucha partition,neither
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the costof learningnor the requiredsizeof the training setgrows linearly with the numberK of
posecells in thepartition. However, onemaindrawbackremains:We muststill visit all thepose
cellsonline,whichmakesthecostof sceneprocessingitself linearin K.

A naturalstrategy to addresscomputationalcostis anhierarchicalsearchstrategy basedupona
recursive partitioningof Y . As in previouswork (FleuretandGeman,2001;GangaputraandGe-
man,2006),thereis asuccessionof nestedpartitionsof increasingresolutionandabinaryclassi�er
assignedto eachcell. Givensucha hierarchy, thedetectionprocessis adaptive: a classi�er is eval-
uatedfor a certainposecell only if all theclassi�ersfor its ancestorcellshave beenevaluatedand
respondedpositively.

Note: This is not a decisiontree,both in termsof representationandprocessing.The hierarchy
recursively partitionsthespaceof hiddenvariablesnot thefeaturespace,andtheedgesfrom anode
to its childrendonotrepresentthepossiblevaluesof anodeclassi�er. Moreover, duringprocessing,
adatapointmaytraversemany branchesatonceandmayreachno leavesor reachmany leaves.

Thecrucialdifferencewith previouswork is that,usingstationaryfeatures,only oneclassi�er
mustbetrainedfor eachlevel, not oneclassi�er for eachcell. In essence,thehierarchy is “folded”
(likea fan)for training:Theentirelearningstrategy describedin §3 is repeatedfor eachlevel in the
hierarchy. This is quitestraightforwardandonly summarizedbelow.

Considerasequenceof partitionsof Y
n

Y (d)
1 ; : : : ;Y (d)

Kd

o
; 1 � d � D;

for which any cell Y d
k for k = 1; : : : ;Kd+ 1, is a (disjoint) union of cells at the next level d + 1.

Consequently, we can identify every Y (d)
k with the nodeof a multi-rootedtree: A leaf nodefor

d = D andaninternalnodeotherwise.A three-level hierarchy is shown in Figure5.
Givensucha posehierarchy, we canconstructa sceneparsingalgorithmaimedat detectingall

instancesof objectsataposeresolutioncorrespondingto the�nest partition.Again, theprocessing
strategy is now well-known. Thisalgorithmhasthedesirablepropertyof concentratingcomputation
on theambiguouspose-imagepairs.

Let Y(d)
k denotea Booleanrandomvariableindicatingwhetheror not thereis a target in I with

posein Y (d)
k andlet X(d) denotea pose-indexed featurevectoradaptedto thepartition f Y (d)

1 ; : : : ;

Y (d)
Kd

g. For eachlevel d, wetrainaclassi�er g(d) exactlyasdescribedin §3.3,andde�ne apredictor

of Y(d)
k by

f (d)
k (I ) = g(d)

�
X(d)(k; I )

�
:

Thehierarchy is “unfolded” for testingandthepredictorsareevaluatedin anadaptive way by
visiting thenodes(cells)accordingto breadth-�rst“coarse-to-�ne”search.A classi�er is evaluated
if andonly if all its ancestorsalongthe branchup to its root have beenevaluatedandreturneda
positive response.In particular, oncea classi�er at a noderespondsnegatively, noneof thedescen-
dantclassi�ersareever evaluated.Theresultof thedetectionprocessis thelist of leaveswhich are
reachedandrespondpositively. In thisway, posecellscorrespondingto obviousnon-targetregions
suchas�at areasarediscardedearly in thesearchandthecomputationis investedtheambiguous
areas,for example,partsof imageswith “cat-like” shapeor texture.
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5. BaseClassi�er

As describedin §4, given a family of pose-indexed featuresanda hierarchicalpartitioningof the
posespace,we build a binary classi�er g(d) for eachlevel d in the hierarchy, trainedfrom a set
of examplesof the typedescribedin §3.3. In this sectionwe describethatclassi�er, droppingthe
superscriptd for clarity. Theactualparametervalueswe usedfor theexperimentson catdetection
aregivenin §6.5.

Evidently, inducingsuchamappingg is astandardmachinelearningproblem.A simplecandi-
dateis a thresholdedlinearcombinationof V stumpstrainedwith Adaboost(FreundandSchapire,
1999):

g(x) =

8
>>>>><

>>>>>:

1 if
V

å
i= 1

a i 1f xdi � t ig � r

0 otherwise.

Here,x j is the j' th coordinateof thefeaturevector.
For any giventruepositive rateh, thethresholdr in g, andmoregenerallythe thresholdsr (d)

in g(d) ;1 � d � D, arechosento achieve on a validationseta targeteddecreasingsequenceof true
positive ratesyieldingh.

To selectthestumps,that is thea i , di andt i , specialattentionmustbegivento thehighly un-
balancedpopulationswearedealingwith. Of coursein ourdetectionproblem,theprior distribution
is very skewed, with an extremelylow probability of the presenceof a target at a posepicked at
random.Correspondingly, thenumberof sampleswehave from thepositivepopulation(catsin our
case)is ordersof magnitudesmallerthanthenumberof sampleswe caneasilyassemblefrom the
negative population. Still, any tractablesamplingof the negative populationis still too sparseto
accountfor the negative sub-populationwhich livescloseto positive examples.To addressthese
issues,weproposeavariationthestandardweighting-by-samplingin orderto approximatestandard
Adaboostusinga trainingsetcontainingonemillion negativeexamples.

Thepopularcascadeapproachhandlesthatdilemmawith bootstrapping:trainingeachlevelwith
a sampleof negative exampleswhich survive the�ltering of thepreviousclassi�ersin thecascade.
In this way the samplingis eventually concentratedon the “dif �cult” negative samples.This is
similar in practiceto whatboostingitself is intendedto do,namelyignoreeasilyclassi�edsamples
andconcentrateonthedif�cult ones.Weavoid thecomplexity of tuningsuchacascadeby usingall
thenegative examplesthroughanasymmetric,sampling-basedversionof standardboosting.This
providesanexcellentapproximationto theexactweightingfor a fractionof thecomputationalcost.

When picking a stumpwe approximatethe weightederror with an error computedover all
positive samplesanda randomsubsetof negativesamplesdrawn accordingto thecurrentboosting
weights.Hence,wekeeptheresponseof thestrongclassi�er up-to-dateonS' 106 samples,but we
pick theoptimalweaklearnersateverystepbasedonM ' 104 samples.

More precisely, at a certainiteration of the boostingprocedure,let ws denotethe weight of
samples= 1; : : : ;S, let Ys 2 f 0;1g beits trueclass,andlet

wneg = å
s

ws1f Ys= 0g
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be the total weight of the negative samples. We sampleindependentlyM indicesS1; : : : ;SM in
f 1; : : : ;Sg accordingto thenegativesampledensity

P(Sm = s) =
ws1f Ys= 0g

wneg
; m= 1; : : : ;M:

Thenwere-weightthetrainingsamplesasfollows:

w0
s =

8
<

:

ws if Ys = 1

wneg
kf m: Sm = sgk

M
otherwise:

Thiscanbeseenasanapproximationto thedistributiononthefull trainingsetobtainedby (1) keep-
ing all positive sampleswith their original weights,and(2) selectinga randomsubsetof negative
samplesaccordingto their originalweights,andgiving themauniformweight.

However, samplingthe negative examplesat every boostingstepis computationallyvery ex-
pensive,mainly becauseit requiresloadinginto memoryall thetrainingimages,andextractingthe
edgefeaturesat multiple scales.Consequently, we decomposethe total numberof stumpsV into
B blocksof U stumps,andrun this samplingstrategy at the beginning of every block. We also
samplea subsetof R featuresamongthe millions of featuresavailableat the beginning of every
block. Hence,our overall learningprocesscanbe seenasa standardboostingproceduredecom-
posedinto B blocksof U steps.At the beginning of every block, we sampleM negative samples
amongSaccordingto their currentboostingweightandwesampleRfeaturesuniformly amongthe
Q to consider. We thenrunU boostingstepsbasedon thesefeaturesandthesetrainingsamples.

This processensuresthat any samplefor which the classi�er responseis strongly incorrect
will eventuallybepicked. In our experimentswe sampletennegative examplesfor every positive
example.Fromacomputationalperspective thissamplingis negligible asit only accountsfor about
1%of thetotal trainingtime.

6. Cat Detection

We now specializeeverythingabove to cat detection.The original training imagesandavailable
groundtruth aredescribedin §6.1. Then,in §6.2,we de�ne a family of highly robust,baseimage
featuresbasedoncountingedgefrequenciesoverrectangularareas,andin §6.3weproposeawayto
index suchfeatureswith theposeof a catde�ned by its headlocationandscaleandbelly location.
Thespeci�c posecell hierarchy is describedin §6.4andchoiceof parametersfor theclassi�ersin
§6.5. Finally, theresultsof our experimentsarepresentedin §6.6,includingthesimilarity criteria
usedfor performanceevaluation,thepost-processingappliedto theraw detectionsin orderto reduce
“duplicate”detectionsandthemannerof computingROCcurves.

6.1 Cat Imagesand Poses

Thecat imageswererandomlysampledfrom thewebsiteRateMyKitten1 andcanbedownloaded
from http://www.idiap.ch/folded-ctf . Imagesof clutteredsceneswithout cats,mostlyhome
interiors,weresampledfrom variousweb sites. The completedatabasewe areusinghas2,330
imagescontaininga total of 1,988cats.

1. Websitecanbefoundat http://www.ratemykitten.com.
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Figure6: Eachtarget is labeledby handwith a pose(h; r;b) 2 Z � R+ � Z specifyingthe head
location,theheadradiusandthebelly location.

Eachcat wasmanuallyannotatedwith onecircle roughly outlining the head,from which the
headsize(diameter)andheadlocation(center)arederived,andonepointplacedmoreor less,quite
subjectively, at thecenterof mass,whichwehave referredto asthe“belly” location(seeFigure6).
Hence,theposeof a cat is (h; r;b) whereh is thelocationin theimageplaneZ of thecenterof the
head,r its radius,andb is thebelly location.

For eachexperiment,we split this databaseat randominto a trainingsetcontaining75%of the
imagesanda testsetcontainingtheother25%.Two-thirdsof thetrainingsetareusedfor choosing
theweaklearnersandone-thirdfor thethresholds.

6.2 BaseImageFeatures

As describedin §3, the pose-indexed featuresarede�ned in termsof baseimagefeatures.First,
animageis processedby computing,at every locationz2 Z, theresponsesof eightedge-detectors
similar to thoseproposedin Amit et al. (1998)(seeFigures7 and8), but at threedifferentscales,
endingup with 24 Booleanfeaturese1(z); : : : ;e24(z) correspondingto four orientationsand two
polarities. In addition,we adda variance-basedbinary teste0(z) which respondspositively if the
varianceof thegray levels in a 16� 16 neighborhoodof z exceedsa �x edthreshold.Our features
arebasedon countingthenumberof responsesof these25 detectorsover a rectangularareas(Fan,
2006),whichcanbedonein constanttimeby using25 integral images(Simardetal., 1999).

Fromtheseedgemapsandtheraw graylevelswede�ne thefollowing threetypesof baseimage
features:

1. Edgeproportion: Theproportionof anedgetypein a rectangularwindow. Givena rectan-
gularwindow W andanedgetypel 2 f 0;1; : : : ;24g, theresponseis thenumberof pixelsz in
W for which el (z) = 1, dividedby thetotal numberof pixelsin W if l = 0 or by thenumber
of pixelsin W for whiche0(z) = 1 if l > 0.
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Figure7: Ouredge-detectors:For eachof four orientationsandtwo polarities,anedgeis detectedat
acertainlocation(thedarkcircle) if theabsolutedifferencebetweentheintensitiesof the
two pixelslinkedby thethick segmentis greaterthaneachof thesix intensitydifferences
for pixelsconnectedby a thin segment.

Figure8: Resultof theedgedetector. Eachoneof theeightbinaryimagesin thetwo bottomrows
correspondsto oneorientationof theedgedetectorsof Figure7.
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Figure9: Fromthecentroidof any posecell, we de�ne threereferenceframes:Theheadframeis
centeredon theheadcenter, of sizetwice theheadsize;thebelly frameis centeredon the
belly andof sizefour timestheheadsize;thehead-bellyframeis centeredon themiddle
point betweenthe headandthe belly, of heighttwice the headsize,of width twice the
distancebetweentheheadandthebelly, andis tilted accordingly.

2. Edge orientation histogram distance: Given again two rectangularwindows W1 andW2,
and a scales, the responseis the L1 norm betweenthe empirical eight-bin histogramsof
orientationscorrespondingto theeightedgedetectorsat scales.

3. Gray-scalehistogram distance:Giventwo rectangularwindowsW1 andW2, theresponseis
theL1 normbetweenthesixteen-binempiricalhistogramsof gray-scalesfor thetwo windows.

Therationalbehindthefeaturesof type1 is to endow theclassi�erswith theability to checkfor
thepresenceof certainpiecesof outlinesor textures.Themotivationfor types2 and3 is to offer the
capabilityof checkingfor similarity in eitheredgeor gray-scalestatisticsbetweendifferentpartsof
theimage,typically to checkfor asilhouettein thecaseof veryblurry contours.Someexamplesof
featuresactuallypickedduringthetrainingareshown in Figures10and11.

6.3 Indexing Featuresby Pose

As formalizedin §3.3,a pose-indexed featureis a real-valuedfunctionof botha posecell andan
image.Thefeaturesdescribedin theprevioussectionarestandardfunctionalsof the imagealone.
Sincetheresponseof any of themdependsoncountingcertainedgetypesoverrectangularwindows
in theimage,weconstructour family of pose-indexedfeaturesindirectlyby indexing boththeedge
typesandthewindow locationswith theposecell.
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Figure10: Registrationon thetrueposesof the�rst featureselectedin theHB detector(see§6.5),
which comparesedgeorientationhistograms.Both windows arede�ned relative to the
headframe.

For any posecell index k, we computethe averageheadlocation h = hk, the averagebelly
locationb = bk, andtheaverageheadradiusr = rk of theposecell Yk. Fromtheseparameterswe
computethreereferenceframes,asshown onFigure9:

1. Theheadframe is asquarecenteredonh andof size4r.

2. Thebelly frame is asquarecenteredonb andof size8r.

3. Thehead-bellyframe is a rectanglecenteredon themidpointof h andb, tilted accordingly,
andof height4r andwidth twicekh� bk.

Notethatthede�nition of sucha frameactuallyinvolvesthede�nition of a vectorbasis,hence
anorientation.Thethreetypesof framesareorientedaccordingto therelative horizontallocations
of theheadandbelly of thecat,soa re�ection arounda horizontalaxisof the image,henceof the
catpose,wouldmove thepointsde�ned in theseframesconsistently.

Weaddto theparameterizationof eachfeaturewindow adiscreteparameterspecifyingin which
of thesethreereferenceframesthe window is de�ned. Windows relative to the heador the belly
framearesimply translatedandscaledaccordingly. Windows relative to thehead-bellyframeare
translatedsothattheir centersremain�x edin theframe,andarescaledaccordingto theaverageof
theheightandwidth of theframe.SeeFigures10and11.

Finally, weaddanotherbinary�ag to windowsde�ned in thehead-bellyframeto specifyif the
edgedetectorsarealsoregistered.In thatcase,theorientationof theedgesis rotatedaccordingto
thetilt of thehead-bellyframe.
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Figure11: Registrationon thetrueposesof thethird featureselectedin thesecondlevel of theHB
detector(see§6.5),which comparesgrayscalehistograms.Onewindow is relative to
thehead-bellyframe,andthesecondoneto thebelly frame.

6.4 Hierar chy of Poses

Weonly considertriples(h; r;b) whichareconsistentwith therelative locationsseenonthetraining
set. For instance,this discardsposeswith very large ratioskh� bk=r. However, h andb may be
very closetogether, for examplewhenthebelly is behindthehead,or very far apart,for example
whenthecatis stretchedout. Hencethefull posespaceis Y � Z � R+ � Z.

We usea hierarchy with only D = 2 levels in order to concentrateon folded learningwith
stationaryfeatures. The �rst level f Y (1)

1 ; : : : ;Y (1)
K1

g is basedon �rst restrictingthe headradius
to [25;200], and on splitting that domain into 15 sub-intervals of the form [r;21=5 r]. For each
suchscaleinterval, we divide the full lattice Z into non-overlappingregular squaresof the form
[xh;xh + r=5] � [yh;yh + r=5]. This procedurecreatesK1 ' 50;000 headparametercells [xh;xh +
r=5] � [yh;yh + r=5] � [r;21=5 r] for a 640� 480 image. For any suchcell, the admissibledomain
for thebelly locationsis theconvex envelopeof thebelly locationsseenin the trainingexamples,
normalizedin locationandscalewith respectto theheadlocationandradius.

Thesecondlevel f Y (2)
1 ; : : : ;Y (2)

K2
g is obtainedby splittingthebelly locationdomaininto regular

squares[xb;xb + r=2] � [yb;yb + r=2]. Thereare' 500suchbelly squares,hencethe total number
of posecellsin thesecondlevel is K2 ' 2:5� 107.

Thetop-left illustration in Figure12 depictsthecells in the �rst level of thehierarchy asopen
circlesandcells in the secondlevel asblack dot connectedto an opencircle “kept alive” during
processingthe �rst level. More speci�cally, asshown in Figure12, thealgorithmicprocesscorre-
spondingto this two-level hierarchy is asfollows:
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g(1) g(2)

Figure12: Parsingascenewith atwo-level hierarchy to �nd cats:First,aclassi�erg(1) is evaluated
over a sublatticeof possibleheadlocationsandall alarmsabove a very low threshold
areretained.Thena classi�er g(2) is evaluatedfor eachpair of head-bellylocationson
a sublatticeconsistentwith theretainedheadalarmsandwith observedstatisticsabout
joint head-bellylocations. For clarity, the depicteddiscretizationof the posespaceis
idealized,andfarcoarserthanin theactualexperiments;for animageof size640� 480
pixels,weconsider' 50;000headposecellsand' 2:5� 107 head-bellyposecells.

1. The �rst stageloops over a sublatticeof possibleheadlocationsand scalesin the scene,
evaluatesthe responseof the appropriate�rst-level classi�er andretainsall alarmsusinga
very low (i.e.,conservative) threshold.

2. Thesecondstagevisits eachlocationandscaletaggedby the�rst stage,scansa sublatticeof
all “consistent”belly locations(all thoseactuallyobservedon trainingimages)andevaluates
anappropriatesecond-level classi�er for everysuchcandidatepairof locations.
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6.5 Detectors

Whereasour aim is to detectboth the headand the body, detectingthe headaloneis similar to
the well-studiedproblemof detectingfrontal views of humanfaces.As statedearlier, if the pose
reducesto a singleposition,data-aggregationis straightforwardby translatingeitherwholeimages
or features.Still, detectingcat headsis a logical �rst stepin trying to �nd catssincethe headis
clearlythemoststablelandmarkandthepartof thecatwith theleastvariation,assumingof course
thattheheadis visible,which is thecasewith ourdata(for thesamereasonthatfamily photographs
displaythe facesof people).Moreover, comparingtheperformanceof varyingstrategies(�eld of
view, “checking” for thebelly separately, demanding“consistency”, etc.)providessomeinsighton
thenatureof theproblemandservesasasimplewayof demonstratingthepowerof thebasefeature
setandtheasymmetricalweightingby sampling.Detectingheadsalonedoesnot,however, expose
the full strengthof the foldedhierarchy; for that we needto addressthe hardertaskof accurately
estimating(h; r;b) for thevisible cats,our coreobjective,andfor whichwe will compareour pose-
indexedmethodwith amorestandardparts-baseddetector.

In all the experimentswe present,the classi�ers are trainedasdescribedin §5, with B = 25
blocksof U = 100 stumps(thresholdedfeatures),andwe optimizeover a sampleof R = 10;000
pose-indexed featuresin every suchblock. The total numberof negative sampleswe consideris
S' 106, andwesampleM ' 104 of theseperblock.

In measuringperformance,weconsiderthetwo following detectionsstrategies:

- H+B is astandardpartsdetector, implementedadaptively. The“+” betweenH andB indicates
thatthetwo partdetectorsaretrainedseparately.

The�rst level classi�er g(1) canonly usepose-indexedfeaturede�ned relatively to thehead
frameandthesecondlevel classi�erg(2) canonly usepose-indexedfeaturesde�nedrelatively
to thebelly frame.Sincethatsecond-level detectoris designednot to exploit theinformation
in thejoint locationsof theheadandbelly, theframesherehave �x edorientation,andre�ect-
ing thecatposehorizontallywouldmovebut not invert theframes.See§6.3for detailsabout
theorientationsof theframes.

- HB is thehierarchicaldetectorbasedon thetwo-level hierarchy andfoldedlearning.

The differencewith H+B is that HB usesstationaryfeaturesin the secondlevel which can
bede�ned relatively to any of thethreereferenceframes(head,belly or head-belly)in order
to take into accountthepositionof theheadin searchingfor thebelly. For instance,a pose-
indexed featuresin this detectorcould comparethe texture betweena patchlocatedon the
headandapatchlocatedon thebelly.

6.6 Results

In orderto bepreciseaboutwhata constitutesa truedetection,we de�ne two criteriaof similarity.
Wesaythattwo poses(h; r;b) and(h0; r0;b0) collide if (1) Theheadradii areverysimilar: 1=1:25�
r=r0� 1:25;and(2) Eithertheheador belly locationsareclose:min(kh� h0k;kb� b0k) � 0:25

p
r r0.

And wewill saythattwo posesaresimilar if (1) Theheadradii aresimilar: 1=1:5 � r=r0� 1:5; (2)
theheadlocationsarenearbyeachother: kh� h0k � 2

p
rr0; and(3) thebelly locationsarenearby

eachother:kb� b0k � 4
p

rr0. SeeFigure13.
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Figure13: Two alarmsareconsideredassimilar if the headradii aresimilar andif, asshown on
this �gure, the distancebetweenthe two headlocationsis lessthanthe averagehead
radius,andif thedistancebetweenthebelly locationsis lessthantwicetheaveragehead
radius.See§6.6. Basedon thatcriterion,if thetrueposeis theoneshown in thin lines
andthethick posesaredetections,only theleftmostonewould becountedasa truehit.
Thethreeothers,shown in dashedlines,wouldbecountedasfalsealarms.

Given thesetwo criteria, the alarmskept after thresholdingthe classi�er responsesarepost-
processedwith a crudeclustering.We visit thealarmsin theorderof theresponseof thedetector,
andfor eachalarmwe remove all othersthatcollide with it. Thenwe visit thesesurviving alarms
again in the orderof the responseandfor eachalarmwe remove all the otheralarmswhich are
similar.

The procedurewe useto produceROC curves is the following. We run ten roundsin which
the training andtest imagesareselectedat random,andin eachroundwe estimatethe classi�er
thresholdsfor achieving tendifferenttrue-positive ratesh (see§ 5). Hence,we generate100pairs
of rates,eachconsistingof a true-positive rateandan averagenumberof falsealarmsper image.
An alarmis countedastruepositive if thereexistsa cat in theimagewith a similar poseaccording
to thecriteriondescribedabove.

Theerrorratesin Figure2 andTable2 demonstratethepower of conditioningon thefull pose.
Using stationaryfeaturesto build classi�ersdedicatedto �ne cells allows the searchfor onepart
to be informedby the locationof the other, andallows for consistency checks.This is moredis-
criminatingthancheckingfor individual partsseparately. Indeed,theerrorratesarecut bea factor
of roughly two at very high true-positive ratesanda factorof threeat lower true-positive rates.
It shouldbeemphasizedaswell thateven theweaker ROC curve is impressive in absoluteterms,
which af�rms the ef�cacy of even the naive stationaryfeaturesusedby the H+B detectorandthe
modi�ed boostingstrategy for learning.

An exampleof how featuresselectedin thesecond-level of theHB classi�erexploit thefull pose
canbeseenin Figure11. Sucha featureallows theHB detectorto checkfor highly discriminating
propertiesof the data,suchas the continuity of appearancebetweenthe headand the belly, or
discontinuitiesin thedirectionorthogonalto thehead-bellyaxis.

More thentwo-thirdsof thefalsepositivesarelocatedonor verynearcats;seeFigure14. Such
falsepositivesareexceedinglydif�cult to �lter out. For instance,afalseheaddetectionlying around
or on thebelly will besupportedby thesecond-level classi�er becausethelocationof thetruebelly
will usuallybevisited.
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TP H+B HB
90% 12.84 5.85
80% 3.53 1.63
70% 1.35 0.50
60% 0.61 0.23
50% 0.33 0.12
40% 0.18 0.06
30% 0.10 0.03

Table2: Averagenumberof falsealarmsperimagesof size640� 480vs. thetruepositive ratefor
thehead-bellydetection,asde�ned by thesimilarity criterionof §6.6andFigure13.

Finally, weperformedasimilarexperimentby testingtheclassi�erstrainedontheRatemykitten
dataset on a sampleof cat imageschosenfrom the PASCAL VOC2007challengeset images.2

The PASCAL dataset was assembledfor evaluatingmethodsfor classi�cation, that is, labeling
anentireimageaccordingto oneof theobjectcategories,ratherthanmethodsfor objectdetection
andlocalization. Thereare332 cat imagesin the PASCAL set;our testsetconsistsof those201
imagesfor which thebodyis at leastpartially visible. This providesanevenmorechallengingtest
setthantheimagesfrom Ratemykittenandtheperformanceof our classi�er is somewhatreduced.
For instance,at a true positive rateof 51%, the averagenumberof falsealarmsper imageof size
640� 480 is 0:9. The resultson a randomsampleof twenty of the 201 test imagesis shown in
Figure15.

7. Conclusion

We have presenteda novel detectionalgorithmfor objectswith a complex pose.Our maincontri-
bution is theideaof stationary, pose-indexedfeatures,a variationon deformabletemplateswithout
wholeimagetransforms.This makesit possibleto train pose-speci�cclassi�erswithout clustering
thedata,andhencewithoutreducingthenumberof trainingexamples.Moreover, combiningsimul-
taneoustrainingwith a sequentialexplorationof theposespaceovercomesthemaindrawbackof
previouscoarse-to-�nestrategies,especiallyfor goingbeyondscaleandtranslation.Unlike in ear-
lier variations,graded,tree-structuredrepresentationscannow belearnedef�ciently becausethere
is only oneclassi�er to trainperlevel of thehierarchy ratherthanonepernode.

We have illustratedthesestationaryfeaturesby detectingcats in clutteredstill images. As
indicatedearlier, thedataareavailableathttp://www.idiap.ch/folded-ctf . Wechoseboosting
with edgeandintensitycounts,but any baselearningalgorithmandany �e xible basefeatureset
could be used. Indeed,the framework canaccommodatevery generalfeatures,for instancethe
averagecolor or averageresponseof any local featurein anareade�ned by thepose.Theresulting
algorithmis a two-stageprocess,�rst visiting potentialheadlocationsaloneandthenexamining
additionalaspectsof theposeconsistentwith andinformedby candidateheadlocations.

In principle, our approachcandealwith very complex detectionproblemsin which multiple
objectsof interestareparametrizedby a rich hiddenpose. However, two basiclimitations must

2. Websitecanbefoundat http://pascallin.ecs.soton.ac.uk/challenges/VOC/voc2007/.
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Figure14: Detectionresultswith stationaryfeaturesanda folded two-level hierarchy on scenes
picked uniformly at randomin the RateMykittentest set,with a true-positive rateof
71%. Thecircle shows theestimatedheadsizeandlocation,andthedot theestimated
belly location.
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Figure15: Detectionresultswith stationaryfeaturesanda folded two-level hierarchy on scenes
pickeduniformly at randomin thePASCAL VOC2007challengetestset,with a true-
positive rateof 50%.Thecircleshows theestimatedheadsizeandlocation,andthedot
theestimatedbelly location.

�rst be addressed.The �rst is the designof adequatestationaryfeatures.Whereasdif�cult, this
is far simpler than the searchfor full geometricinvariants. Sincethe hiddenstateis explicitly
examinedin traversingthe hierarchy, thereis no needto integrateover all possiblevaluesof the
hiddenquantities. The seconddif�culty is labeling a training set with rich groundtruth. One
way to tacklethis problemis by exploiting otherinformationavailableduringtraining,for instance
temporalconsistency if therearemotiondata.Ourviewpoint is thatsmall,richly annotated,training
setsareat leastasappealingfor generallearningaslargeoneswith minimalannotation.
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Figure16: A few positive examplespicked uniformly at randomin the simpli�ed settingof the
motivationalexperiment. Top row: samplesfrom the headexperiments.Bottom two
rows: samplesfrom thehead-bellyexperiments.Thecrossesdepicttheheadandbelly
centersprovidedon thetrainingdata.Theboxesshow theadmissibleposedomainY .

Appendix A. Quantifying Trade-offs

Wesummarizetwoseriesof experimentsdesignedtostudytheimpactonaccuracy of data-fragment-
ation,with andwithoutcontrollingfor totalonlinecomputation.In bothseriesthegoalis to predict
thepresenceof a targetwith high accuracy in pose.A moredetailedaccountof theseexperiments
canbefoundin FleuretandGeman(2007).

A.1 Settings

Sincetrainingwith fragmentationis not feasiblefor any completepartitionof acomplex posespace
at a realisticresolution,the imageswe considerin theseexperimentshave beencroppedfrom the
originaldatasetsothattheposespaceY is alreadystronglyconstrained.

In the �rst seriesof experimentsthe target poseis the centerof the cat head,constrainedto
Y = [� 20;20] � [� 20;20] in a 100� 100 image. It is this posespacethat will be investigated
at different resolutions.The top row of Figure16 shows a few of thesesceneswith a target. In
the secondseriesof experimentsthe poseis the pair of locations(h;b) for the headand belly,
constrainedto Y = ([0;5] � [0;5]) � ([� 80;80] � [� 20;80]) in a 200� 140 imagecenteredat the
square.Thetwo bottomrowsof Figure16show a few of thesesceneswith a target.

In bothseries,our objective is to comparetheperformanceof classi�erswhenthetrainingdata
areeither fragmentedor aggregatedandwhen the computationalcost is eitherequalizedor not.
More precisely, we considerthreepartitionsof Y into K = 1, 4 and16 posecells. In eachseries,
we build four detectionsystems.Threeof themaretrainedunderdata-fragmentationat the three
consideredresolutions,namelyK = 1, K = 4 or K = 16 posecells. Thefourth classi�er is trained
with the pose-indexed,stationaryfeaturesat the �nest resolutionK = 16. The stationaryfeatures
arebasedon the headframealonefor the headexperiments,andon both the headframeandthe
head-bellyframefor thehead-bellyexperiments.
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Thecomputationalcostfor evaluatingonesuchclassi�er isproportionalto thenumberof stumps
it combines.In theparticularcaseof boosting,a classi�er combiningonly a �x ednumberof weak
learnersis still effective, andhence,unlike many discriminative methods,computationis easyto
control. This motivatesa very simplestrategy to equalizethecostamongexperiments:We simply
controlthetotal numberof featureevaluations.

As a measureof performance,we estimatethenumberof falsealarmsfor any given truepos-
itive rate. In orderto compareresultsacrossresolutions,the labelingof detectionsastrueor false
positivesoccursat thecoarsestresolution.For simplicity, for thehead-bellycase,weonly scorethe
estimatedheadlocation.

A.2 Results

The resultsdemonstratethe gain in performancein constrainingthe populationprovided thereis
no fragmentationof thedata. In theheadexperiments,evenwith fragmentation,higherresolution
resultsin fewer falsealarms.Theimprovementis marginal at high truepositive rates,but increases
to two-fold for a truepositive rateof 70%. This is not true for thehead-bellyexperiments,where
sixteenposecellsdo worsethanfour, with or without costequalization,which canbeexplainedto
someextent by the lower variationin the appearanceof cat headsthanfull cat bodies,andhence
fewersamplesmaybesuf�cient for accurateheaddetection.

As expected,without controlling the on-line computationalcost,aggregation with stationary
featuresis morediscriminatingthanthefragmentedclassi�ersin bothexperimentsandat any true
positive rate,reducingthe falsepositive rateby a factorof threeto � ve. Still, theperformanceof
theclassi�erswhencostis equalizedshows thein�uence of computationin this framework: at the
�nest resolution,thenumberof falsealarmsin theheadexperimentsincreasesby a factorgreater
thanfour atany true-positive rate,andby two ordersof magnitudein thehead-bellyexperiments.

Theseresultsalsodemonstratethepivotal roleof computationif weareto extendthisapproach
to a realistically�ne partitionof a complex posespace.Consideranimageof resolution640� 480
anda singlescalerangefor the head.Obtainingan accuracy in the locationsof the headandthe
belly of � ve pixelsrequiresmorethan7� 106 posecells. Investingcomputationuniformlyamong
cells is thereforehopeless,andarguesfor an adaptive strategy ableto distribute computationin a
highly specialandunevenmanner.

Theconclusionsdrawn canbesummarizedin two key points:

1. The needfor data-aggregation: Dealingwith a rich poseby trainingspecializedpredictors
from constrainedsub-populationsis not feasible, both in termsof of�ine computationand
samplesizerequirements. Aggregation of data using stationaryfeatures appears to be a
soundstrategy to overcomethesamplesizedilemmaasit transfers theburdenof learningto
thedesignof thefeatures.

2. The needfor adaptive search: If fragmentationcanbeavoidedanda singleclassi�er built
from all the data and analytically transformedinto dedicatedclassi�ers, the computation
necessaryto cover a partition of a posespaceof reasonableaccuracy is not realistic if the
effort is uniformlydistributedovercells.

As indicated,stationaryfeaturesprovide a coherentstrategy for dealingwith data-aggregation
but do not resolve the computationaldilemmaresultingfrom investigating many possibleposes
duringsceneprocessing.Hierarchicalrepresentationslargelydo.
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