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Abstract

Most discriminatize techniquedor detectinginstancedrom objectcateyoriesin still imagescon-
sistof looping over a partition of a posespacewith dedicatedinaryclassi ers. The ef ciency of
this strategy for acomple pose thatis, for ne-graineddescriptionscanbe assesselly measur
ing the effect of samplesize and poseresolutionon accurag andcomputation.Two conclusions
emepge: (1) fragmentingthe training data,which is inevitable in dealingwith high in-classvaria-
tion, severelyreducesaccuray; (2) the computationatostat high resolutionis prohibitive dueto
visiting a massie posepatrtition.

To overcomedata-fragmentatiowe proposea novel frameavork centeredn pose-indgedfea-
tureswhich assigna responseo a pair consistingof animageanda pose,andaredesignedo be
stationary:the probability distribution of the responses alwaysthe sameif anobjectis actually
present.Suchfeaturesallow for ef cient, one-shotearningof pose-speci cclassi ers. To avoid
expensve sceneprocessingwe arrangetheseclassi ersin a hierarcly basedon nestedpartitions
of the pose;asin previouswork on coarse-to- nesearchthis allows for ef cient processing.

Thehierarcly is then”folded” for training: all theclassi ersateachlevel arederivedfrom one
basepredictorlearnedfrom all the data. The hierarcly is "unfolded” for testing: parsinga scene
amountgo examiningincreasingly ner objectdescriptionsonly whenthereis sufcient evidence
for coarsermnes. In this way, the detectionresultsare equivalentto an exhaustve searchat high
resolution. We illustratetheseideasby detectingandlocalizing catsin highly clutteredgreyscale
scenes.

Keywords: supervisedearning,computervision, imageinterpretationcats,stationaryfeatures,
hierarchicalkearch

1. Intr oduction

This work is abouta new stratgyy for supervisedearningdesignedor detectingand describing
instancefrom semanticobjectclassesn still images. Corventionalexamplesincludefaces,cars
and pedestrians We wantto do morethansaywhetheror not thereare objectsin the scene;we
wantto provide a descriptionof the poseof eachdetectednstance for examplethe locationsof
certainlandmarksMore generally posecouldreferto ary propertiesof objectinstantiationsvhich
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arenot directly obsered; however, we shall concentrateon geometricdescriptorssuchasscales,
orientationsandlocations.

The discriminative approachto objectdetectionis to induceclassi ersdirectly from training
datawithoutadatamodel.Generallyonelearnsapose-speci duinaryclassi erandappliesit mary
times(Rowley etal., 1998; Papageagiou and Poggio,2000;Viola andJones2004;LeCunetal.,
2004).Usually, thereis anouterloopwhichvisits certainlocationsandscaleswith aslidingwindow,
andapurelylearning-basedodulewhichaccommodatesll othersourceof variationandpredicts
whetheror not a sub-windav correspondgo a target. Parsingthe scenein this manneralready
exploits knowvledgeabouttransformationsvhich presere objectidentities.In particular translating
andscalingthetrainingimagesto a referenceposeallows for learninga baseclassi er with all the
training examples.We referto suchlearningmethodswhich usewhole imagetransformsn order
to normalizethe pose as“data-aggrgation” stratgies.

However suchtransformswhich mustbe appliedonline during sceneparsingaswell asof ine
during training, may be costly, or evenill-de ned, for comple poses.How doesone“normalize”
the poseof a cat? In suchcasesan alternatve stratgy, which we call “data-fragmentatioh,is to
reducevariationby learningmary separatelassi ers,eachdedicatedo a sub-populatiorof objects
with highly constrainegposesandeachtrainedwith only thosesamplessatisfyingthe constraints.
Unfortunately this approachto invariancemight requirea massve amountof training datadueto
partitioningthe data. As aresult,the discriminatve approachthasbeenappliedalmostexclusiely
to learningrathercoarsegeometricdescriptionssuchasa faciallandmarkandin-planeorientation,
by someform of data-aggrgation. Summarizing:aggreating the dataavoids sparsetraining but
at the expenseof costly imagetransformsandrestrictionson the pose;fragmentingthe datacan,
in principle, accommodate complex posebut at the expenseof crippling performancedue to
impoverishedraining.

A relatedtrade-of is the one betweencomputationand poseresolution. Samplesize permit-
ting, a ner subpopulatior(i.e., higherposeresolution)allows for training a more discriminating
classi er. However, the morere ned the posepartitioning,the more online computationbecause
regardlessof how the classi ersaretrained,having more of themmeansmore costly scenepars-
ing. Thistrade-of is clearly seenfor cascadeg$Viola andJones2004;Wu et al., 2008): at a high
true positive rate,reducingfalsepositivescould only comeat the expenseof considerableompu-
tationdueto dedicatingthe cascadeo a highly constrainegose hencencreasingdramaticallythe
numberof classi ersto train andevaluatein orderto parsethescene.

To setthe stagefor our maincontritution, amulti-resolutionframenork, we attemptedo quan-
tify thesetrade-ofs with a single-resolutiorexperimenton catdetection.We considerednultiple
partitionsof the spaceof posesat differentresolutionsor granularities For eachpartition, we built
abinaryclassi er for eachcell. Therearetwo experimentalvariablesbesidegheresolutionof the
partition: the datamay be eitherfragmentedor aggregatedduring training andthe overall costof
executingall the classi ers may or may not be equalized.Not surprisingly the bestperformance
occurswith aggr@atedtrainingat high resolution put the on-line computationatostis formidable.
The experimentis summarizedn an AppendixA anddescribedn detailin Fleuretand Geman
(2007).

Our framework is designedo avoid thesetrade-ofs. It restson two coreideas. One,which
is not new, is to control online computationby using a hierarcly of classi ers correspondingo
a recursve partitioning of the posespace thatis, parameterizationsf increasingcomplecity. A
richer parametrizatioms considerenly when“necessary”meaningthe objecthypothesiscannot
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Figurel: An idealizedexampleof stationaryfeatures.The poseof the scissorcould be theloca-
tionsof thescrav andthetwo tips, in whichcaseonemightmeasur¢herelative frequenyg
aparticularedgeorientationinsidein adiscwhoseradiusandlocation,aswell asthecho-
senorientation,depend®on the pose.If properlydesignedthe responsestatisticshave a
distribution which is invariantto the posewhenin facta pair of scissords present(see
§3.3).

be ruled out with a simplerone(see,e.g.,Fleuretand Geman,2001; Stengeret al., 2006). (Note
that cascadesre ef cient for a similar reason- they are coarse-to- nein termsof background
rejection.)However, hierarchicalorganizationaloneis unsatisictorybecausedt doesnot solve the
data-fragmentatioproblem. Unlessdatacan be synthesizedo generatanary dedicatedsetsof
positive samplespne setper nodein the hierarcly, the necessityof training a classi er for every
nodeleadsto massve datafragmentationhencesmall node-speci ctraining sets,which degrades
performance.

The seconddea,the new one,is to avoid data-fragmentatioby usingpose-speci cclassi ers
trainedwith “stationaryfeatures” a generalizatiorof the underlyingimplicit parametrizatioof the
featuresby a scaleanda locationin all the discriminatie learningtechniquesnentionedearlier
Eachstationaryfeatureis “pose-indeced” in the senseof assigninga numericalvalueto eachcom-
binationof animageanda pose(or subsebf poses) Thedesiredform of stationarityis that,for any
givenpose thedistribution of theresponsesf thefeatureoverimagescontaininganobjectatthat
posedoesnot dependon the pose.Saidanothemway, if animageandan objectinstanceata given
poseareselectedandonly the responsesf the stationaryfeaturesare provided, onecannotguess
thepose.Thisis illustratedin Figurel: knowing only the proportionof edgesat a pose-dependent
orientationin theindicateddisk providesno informationaboutthe poseof the scissors.

Giventhatobjectsare presenta stationaryfeatureevaluatedat one poseis thenthe “same”as
at ary othet but not in a literal, point-wisesenseas functions,but ratherin the statistical,pop-
ulation sensedescribedabove. In particular stationaryfeaturesare not “object invariants”in the
deterministicsenseof earlierwork (Mundy and Zisserman,1992)aimedat discovering algebraic
andgeometridmagefunctionalswhoseactualvalueswereinvariantwith respecto the objectpose.
Ouraimis lessambitious:our featuresareonly “invariant” in a statisticalsenseBut thisis enough
to useall thedatato train eachclassi er.

Of coursethegeneraldeaof connectingeatureswith objectposess relatively commonin ob-
jectrecognition.As we have said,pose-indging is doneimplicitly whentransformingimagesto a
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referencdocationor scale andexplicitly whentranslatingandscalingHaarwaveletsor edgedetec-
torsto computeheresponsef aclassi erfor agivenlocationandscale.Surprisingly however, this

hasnotbeenformulatedandanalyzedn generaterms,eventhoughstationarityis all thatis needed
to aggregate datawhile maintainingthe standardpropertiesof a training set. Stationaritymakes

it possible andeffective, to analyticallyconstructan entirefamily of pose-speci cclassi ers—all

thoseatagivenlevel of thehierarclty—usingonebaseclassi erinducedfrom theentiretrainingset.

In effect, eachpose-speci cclassi er is a “deformation” of the baseclassi er. Hencethe number
of classi ersto train grows linearly, not exponentially with the depthof the posehierarcly. This

is whatwe call afoldedhierarcly of classi ers: atree-structuredhierarcly is collapsed]ike afan,

into a singlechainfor trainingandthenexpandedor coarse-to- nesearch.

The generalformulation opensthe way for going beyond translationand scale,for example
for training classi ersbasedon checkingconsisteng amongpartsor deformationf partsinstead
of relying exclusively on their maiginal appearanceSucha capabilityis indeedexploited by the
detectomwe designedor nding catsandgreatlyimprovesthe performanceomparedo individual
partdetection.This gain is shavn in Figure2, the main resultof the paper which comparedgR0C
curvesfor two detectorsyeferredto as“H+B” and“HB” in the gure. In the “H+B” case,two
separataletectoraretrainedby dataaggrejation, onededicatedo headsandthe otherto bodies;
theROC cuneis thebestwe coulddoin combiningtheresults.The“HB” detectolis a coordinated
searchbasedon stationaryfeaturesanda two-level hierarcly; the searchfor the belly locationin
the second-leel is conditionalon a pendingheadlocationanddatafragmentatioris avoidedwith
pose-indgedfeaturesn a head-bellyframe.A completeexplanationappearsn § 6.

In 82, we summarizeprevious, relatedwork on objectdetectionin still images. Our notation
andbasicideasareformally introducedn 83, highlightingthe differencebetweertransforminghe
signalandthefeatures.Themotivationalexperimentjn which we substantiateur claimsaboutthe
forcedtrade-ofs whencornventionalapproacheareappliedto estimatinga comple pose couldbe
readat this point; seeAppendixA. Embeddingoose-indged classi ersin a hierarcly is described
in 84 andthe baseclassi er, a variation on boosting,is describedn 85. In 86 we presentour
mainexperiment- anapplicationof the entireframenork, includingthe speci c basefeaturespose
hierarcly and pose-indged features,to detectingcatsin still images. Finally, someconcluding
remarksappeain 87.

2. RelatedWork

We characterizedtherwork in relationto the two basiccomponent®f our detectionstratey: ex-
plicit modelingof a hiddenposeparameterasin mary generatie anddiscriminative methodsand
formulatingdetectionasa controlled“processof discovery” duringwhich computatioris invested
in ahighly adaptve andunbalancedvay dependingon the ambiguitiesin thedata.

2.1 Hidden Variables

A principal sourceof the enormousvariationin high-dimensionakignals(e.g.,naturalimages)is
the existenceof a hiddenstatewhich in uencesmary componentge.g.,pixel intensities)simulta-
neously creatingcomplex statisticaldependencieamongthem. Still, evenif this hiddenstateis of
high dimensionjt far simplerthanthe obsenablesignalitself. Moreover, sinceour objective is to
interpretthe signalata semantidevel, muchof the variationin thesignalis irrelevant.
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Figure2: ROC curvesfor head-bellydetection. The criterion for a true detectionis thatthe esti-
matesof the headlocation,headsizeandbelly locationall be closeto thetrue pose(see
§ 6.6). The H+B detectoris built from separaténeadandbody detectorswhile the HB
detectoiis built uponposeindexedfeatureqsees§ 6.5).

In fact, conditioningon the value of the hiddenstate ,which meansjn practice testingfor the
presencef atargetwith agivenpose oftenleadsto very simple,yet powerful, statisticaimodelsby
exploiting the increasedleggreeof independencamongthe component®f the signal. This means
decisionsaboutsemanticcontentcanbe basedn directly aggreating evidence(naive Bayes).The
problemis computationaltherearemary possiblehiddenstates.

The extremeapplicationof this conditioningparadigmis classicatemplatematching(Grenan-
der, 1993): if the poseis rich enoughto accountfor all non-trivial statisticalvariation,theneven
arelatively simplemetric cancapturethe remaininguncertaintywhich is basicallynoise. But this
requiresintenseonline computatiorto deformimagesor templatesnary times. Onemotivation of
our approachs to avoid suchonline,globalimagetransformations.

Similarly, the purestiearningtechniquessuchasboosting(Viola andJones2004)andcorvolu-
tion neuralnetworks (LeCunetal., 2004),rely on explicitly searchinghrougha subsebf possible
scalesandlocationsin the imageplane;thatis, coarsescaleand coarselocationare not learned.
Nor is invarianceto illumination, usuallyhandledat the featurelevel. However, invarianceto other
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geometricaspectf the pose,suchasrotation,andto ne changesn scaleandtranslation,are
accommodatetnplicitly, thatis, duringclassi er training.

On the contrary “Part and Structure”modelsand other generatre (model-basedapproaches
aimatmorecomplec representationis termsof propertiesof “parts” (Li etal.,2003;Schneiderman
andKanade 2004;CrandallandHuttenlocher2006). However, tractabldearningandcomputation
often require strongassumptionssuchas conditionalindependencén appearancand location.
In somecasesgeachpartis characterizedy the responseof a featuredetectoy andthe structure
itself—thearrangementf parts—careitherbe capturedby a comple statisticalmodel,incurring
severe computationin both training and testing, or by a simple model by assumingconditional
independencamongpartlocationsgiven severallandmarkswhich canleadto very ef cient scene
parsingwith theuseof distancdransforms.Someof theseechniquesio extendto highly articulated
anddeformableobjects;see for example,Huttenlocherand Felzenszwlb (2005). Still, modeling
parts of cats (heads,ears,paws, tails, etc.) in this frameavork may be dif cult dueto the low
resolutionand high variationin their appearanceandin the spatialarrangementsamongthem.
Compositionaimodels(Gemanet al., 2002; Zhu andMumford, 2006; Ommeret al., 2006) appear
promising. Among these,in the “patchwork of parts” model (citepamit-troue2007,the feature
extractorsare,like here,de ned with respecto the poseof the objectto detect,n thatcasea series
of controlpoints. This strat@y allows for aggreatingtraining sampleswith variousposeghrough
the estimationof commondistributionsof featureresponses.

2.2 A Processf Discovery

We do notregardthehiddenposeasa “nuisance’parametersecondaryo detectionitself, but rather
aspartof whatit meango “recognize”anobject.In thisregard,we shareheview expressedn Ge-
manetal. (2002),CrandallandHuttenlocher(2006)andelsevherethatscenenterpretatiorshould
go well beyond pureclassi cationtowardsrich annotationsof the instantiationsof the individual
objectsdetected.

In particular we ervisiondetectiorasanorganizedproces®f discovery, asin Amit etal. (1998),
andwe believe thatcomputations a crucialissueandshouldbe highly concentratedHierarchical
techniqueswhich canaccomplisHfocusing,arebasedon arecursve partitioningof the posespace
(or object/posespace)which canbe eitherad-hoc(Gemanretal., 1995;Fleuretand Geman 2001)
orlearned Stengeetal., 2006;Gan@gputraandGeman 2006). Thereis usuallya hierarcly of clas-
si ers, eachonetrainedon a dedicatedsetof examples—thosearryinga posein thecorresponding
cell of the hierarcly. Often,in orderto have enoughdatato train the classi ers, samplesnustbe
generatedyntheticallywhich requiresa sophisticatedjeneratre model.

Our work is alsorelatedto early work on hierarchicatemplate-matchingGavrila, 1998)and
hierarchicakearchof posespaceusingbranchandboundalgorithms(HuttenlochemandRucklidge,
1993),andto the cascadef classi ersin Viola andJoneg2004)andWu et al. (2008).

Relative to the tree-basednethodswe usethe stationaryfeaturesto aggreyate dataandbuild
only onebaseclassi er perlevel in thehierarcly, from which all otherclassi ersarede ned analyt-
ically. Finally, thefully hierarchicalpproacravoidsthedilemmaof cascadesiamelythesacri ce
of selectvity if the posespaceis coarselyexploredandthe sacri ce of computationf it is nely
explored,thatis, the cascadearededicatedo avery ne subsebf poses.
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3. Stationary Features

We regard the imageasa randomvariablel assumingvaluesin | . The setof possibleposesfor
an objectappearingn | is Y. We only considergeometricaspectf pose,suchasthe sizesof
well-de ned partsandthelocationsof distinguishegoints.

granularitiedor the global processf detectionrangingfrom rathercoarseresolution(smallK) to
rather ne resolution(largerK), butin this sectionwe considerone x edpartition.
For every k= 1:::K, let Yy bea Booleanrandomvariableindicatingwhetheror not thereis a

In the caseof merelydetectingandlocalizing an objectof x edsizein a gray-scalémageof
sizeW H, naturalchoiceswouldbel = [0;1]"H andY = [0;W] [0;H], theimageplaneitself;
thatis, the posereducedo onelocation. If the desireddetectionaccurag wereb5 pixels, thenthe
posecellsmightbedisjoint5 5 blocksandK would beapproximately%. Ontheotherhand,if
the poseaccommodatedcaleand multiple pointsof interest,thenobviously the sameaccurag in
thepredictionwould leadto afarlargerK, andary detectiomalgorithmbasecdon loopingover pose
cellswould behighly costly

We denoteby T atrainingsetof imagedabeledwith the presencesf targets

n 0
T= [ -y (®
’ 1t 7T
whereeachl ® is afull image,andY® is the Booleanvectorindicatingthe posecells occupiedoy
targetsin 1V, We write

x:11 RN

for a family of N imagefeaturessuchas edgedetectors,color histograms,Haar wavelets, etc.

vector We will write x(I) whenwe wish to emphasizehe mappingandjust x for the associated
randomvariable. ThedimensionN is sufciently largeto accounfor all thevariationsof thefeature
parameterssuchaslocationsof thereceptve elds, orientationsandscalesof edgesegtc.

In the next section,8 3.1, we considerthe problemof “data-fragmentation”meaningthat spe-
cialized predictorsaretrainedwith subsetsf the positive samples.Then,in § 3.2, we formalize
how fragmentatiorhasbeencorventionallyavoidedin simplecase$y normalizingthesignalitself;
we thenproposen § 3.3theideaof pose-indged, stationaryfeatureswhich avoids global signal
normalizatiorbothof ine andonlineandopensheway for dealingwith complex posespaces.

3.1 Data Fragmentation

Without additionalknowledgeabouttherelationbetweenY andl, thenaturalway to predictYy for
eachk = 1:::K istotrainadedicatectlassi er

fu: 1! f0;1g

with thetrainingset n o
vt
RAE
t T
derivedfrom T . This corresponds$o generatinga singlesamplefrom eachtraining scene)abeled
accordingto whetheror not thereis a tamgetwith posein Yy. This is data-fragmentation training
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Y, theposespace

I, arandomvariabletakingvaluesin |

Yk, a Booleanrandomvariableindicatingif thereis atargetin | with posein Yy
Y= (Y55 Y)

T, thenumberof trainingimages gachwith or withouttargets

T= 10;y®  _ thetrainingset

fe: 11 f0; 1g, apredictorof Yy basecbntheimage

Q, numberof imagefeatures

x:1 1 RN afamily of basemagefeatures

y:f1;::5;Kg |1 I, animagetransformatiorintendedo normalizea given pose
X:f1;::5;Kg |! RQ, afamily of pose-indgedfeatures

X(K), ther.v. correspondingo X (k;1)

g: RR! f0; 1g, apredictortrainedfrom all thedata

Tablel: Notation

fx involvesonly thosedatawhich exactly satisfythe poseconstraint;no synthesisor transforma-
tions are exploited to augmenthe numberof samplesavailablefor training. Clearly the ner the
partitioningof the posespaceY , thefewer positive datapointsareavailablefor trainingeachfy.

Sucha stratayy is evidently foolhardyin the standarddetectionproblemswherethe poseto be
estimateds thelocationandscaleof the target sinceit would meanseparatelyraininga predictor
for every locationandevery scale,usingaspositve sampleonly full sceneshaving anobjectat
thatlocationandscale. The relation betweenthe signalandthe poseis obvious and normalizing
the positive samplesto a commonreferenceposeby translatingand scalingthemis the natural
procedurepnly oneclassi er is trainedwith all the data. However, considera facedetectiontask
for whichthefaceso detectareknown to becenteredandof x edscale but areof unknovn out-of-
planeorientation.Unless3D modelsareavailable,from whichvariousviews canbesynthesizedhe
only courseof actionis data-fragmentatiorpartitionthe posespaceanto severalcellscorresponding
to differentorientationrangesandtrain adedicatedrange-speci cclassi er with the corresponding
positive samples.

3.2 Transforming the Signalto Normalize the Pose

As notedabove,in simplecasegheimagesamplecanbenormalizedn pose.More preciselyboth
trainingandscengorocessingnvolve normalizingtheimagethrougha pose-indgedtransformation

y:fl::;Kg 1D I

The“normalizationproperty” we desirewith respecto x is thatthe conditionalprobability distri-
butionof x(y (k;1)) givenYx = 1 bethesamefor everyl k K.

Theintuition behindthis propertyis straightforward. Consideffor instanceafamily of edgede-
tectorsandconsideragain a poseconsistingof a singlelocationz. In sucha casethetransformation
y appliesa translationto theimageto move the centerof posecell Yy to a referencdocation. If
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atamgetwaspresenwith a posein Yy in the originalimage,it is now at a referencdocationin the
transformedmage,andthe distribution of the responsef the edgedetectordn that transformed
imagedoesnotdependn theinitial posecell Y.

We canthende ne anew trainingset

" 0y O °
x y(k1®y y
y (K1) Y LKkKLtT
with elementsesidingin RN f 0; 1g. Dueto thenormalizatiorproperty andundemild conditions,
the new training setindeedconsistof independenandidentically distributedcomponentgseethe
discussiorin thefollowing section).Consequentlythis setallows for traininga classi er

g:RN1 0;1g
from which we cananalyticallyde ne apredictorof Y for any k by

f() = g(x(y (k1)) :

This canbe summarizedlgorithmicallyasfollows: In orderto predictif thereis atargetin image
| with posein Y, rst normalizetheimagewith y sothatatargetwith posein Yy would be moved
to areferenceposecell, thenextractfeaturesn thattransformedmageusingx, and nally evaluate
theresponsef the predictorg from thecomputedeatures.

3.3 Stationary Features

Thepose-indged,image-to-imagenappingy is computationallyntensivefor any non-trivial trans-
formation.Evenrotationor scalinginducesacomputationatostof O(WH) for everyangleor scale
to testduring sceneprocessingalthougheffective shortcutsare often employed. Moreover, this
transformatiordoesnot exist in the generalcase.Considerthe two instance®f catsshown in Fig-
ure 3. Rotatingtheimagedoesnotallow for normalizingthe body orientationwithout changinghe
headorientation,anddesigninganon-afne transformatiorto do sowould be unlikely to producea
realisticcatimageaswell asbe computationallyintractablewhendonemary times. Finally, dueto
occlusionandotherfactors thereis no generakeasora priori for y to evenexist.

Insteadwe proposea differentmechanisnior data-aggrgationbasen pose-indgedfeatures
which directly assigrnaresponséo a pair consistingof animageanda posecell andwhich satisfya
stationarityrequirementThis avoidsassuminghe existenceof anormalizingmappingin theimage
spacenotto mentionexecutingsucha mappingmary timesonline.

A stationary feature vector is a pose-indgedmapping

with the propertythat the probability distribution

P(X(K) = xjYi= 1); x2 R® (1)

Theideacanbeillustratedwith two simpleexamplesapictorialonein Figurel andanumerical
onein § 3.4.
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Figure3: Aggregatingdatafor ef cient trainingby normalizingthe poseattheimagelevel is dif -
cult for complex poses.For example lineartransformationgannotnormalizethe orien-
tationof the bodywithout changingthatof the head.

In practice therelationshipwith x, the basefeaturevector is simply thatthe componentsf the
featurevector X (k) arechoserfrom amongthe component®f x; the choicedepend®nk. In this
casewe canwrite

becauseve want (1) to hold andhencethereis a correspondencamongindividual component®f
X(K) from oneposecell to another

Note: We shallreferto (1) asthe “stationarity” or “weak invariance’assumption As seenbelow,
this propertyjusti es data-aggreationin the senseof yielding anaggreatedtraining setsatisfying
the usualconditions.Needlesdo say however, demandinghatthis propertybe satis ed exactly is
not practical,even arguablyimpossible.In particular with our basefeaturesyvariousdiscretizing
effectscomeinto play, includingusingquantizededgeorientationsandindexing basefeatureswith
rectangulawindows. Evendesigningthe pose-indgedfeaturego approximatestationarityby ap-
propriatelyselectingand orderingthe basefeatureds non-trivial; indeed,it is the main challenge
in our framework. Still, usingpose-indged featureswvhich are even approximatelystationarywill
turn outto bevery effective in our experimentswith catdetection.

The contrastbetweensignal and featuretransformationsanbe illustratedwith the following
commutatve diagram:Insteadof rst applyinga normalizingmappingy to transforml in accor
dancewith a posecell k, andthen evaluatingthe basefeatures,we directly computethe feature
responseasfunctionsof boththeimageandthe posecell.
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Onceprovidedwith X, anaturaltrainingsetconsistingof TK sampless provided by

n 0 °
Tag=  XOK):Y (2)

1t T1kK
Undercertainconditions,the elementof this training setwill satisfythe standardassumptiorof
beingindependenandidentically distributed. Onecondition,the key one,is stationarity but tech-
nically threeadditionalconditionswould be required: 1) property (1) extendto conditioningon

tion of thepose-indgedfeaturegs spatiallyhomogeneoushe secondhatall posecellsarea priori
equallylikely andthethird, dubiousbut standardsaysthattheimagedataassociatedavith different
posecellsareindependentlespitesomeoverlap. In practice we view theseasroughguidelinesjn
particular we make no attemptto formally verify ary of them.

It thereforemakessenseo train a predictorg: R ! f0; 1g usingthetrainingset(2). We can
thende ne

Noticethatthefamily of classi ersf fygis also“stationary”in thesensdhatconditionaldistribution
of fx givenYy = 1 doesnotdepencbnk.

3.4 Toy Example

We canillustratetheideaof stationaryfeatureswith avery simpleroughly piecevise constantpne-
dimensionakignall (n);n= 1;:::;N. Thebasefeaturesarejust the component®f the signalitself:
x(1) = I. Theposespacds

andthe partitionis the nest onewhosecells areindividual poses (q1;92)g; henceK = jYj. For
simplicity, assumehereis at mostone objectinstance sowe canjust write Y = (qy;q2) 2 Y to
denotean instancewith pose(qr;d2). For u = (ug;::;un) 2 RN, the conditionaldistribution of |
givenY is

P(I = ujY = (q1;9)) OPU(N) = unjY = (dr;q2)

O fol) O fi(u) O folun)

n<aqp gL h g ge<n
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Figure4: Examplesof toy scenes

ceIIswhoseflfd) respondpositively, anddasheckllipsescorrespondo posecells whose
classi ers are not evaluatedduring detection. As shovn by the arraws, the algorithm
ignoresall sub-cellsof a cell whoseclassi er respondsiegatively.

wheref |, is anormallaw with meanuandstandardieviation 0:1. Hencethesignal uctuatesaround
0 onthe*“background’andaroundl onthetarget,seeFigure4.

We de ne afour-dimensionapose-indged featurevectortaking the valuesof the signalat the
extremitiesof thetarget, thatis

X((auia2);1) = (I 1:1(qu);1(02); 1 (g2 + 1)):
Clearly,
P(X(a1;02) = (X1;%2;%3;X4) ] Ygp:00, = 1) = Fo(Xa)f 1(%2)f 1(X3)f 0(Xa)

which is not a function of gi1;g,. ConsequentlyX is stationaryand the commonlaw in (1) is
fo f1 f1 fo.
4. Folded Hierar chies

We have proposedhormalizingthe sampleghrougha family of pose-indged featuresinsteadof
wholeimagetransformsn orderto avoid fragmentatiorof the data. Sinceonly oneclassi er must
be built for any partition of the posespaceandno longerfor every cell of sucha partition, neither
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the costof learningnor the requiredsize of the training setgrows linearly with the numberK of
posecellsin the partition. However, one main dravbackremains:We muststill visit all the pose
cellsonline,which makesthe costof sceneprocessingtself linearin K.

A naturalstratgy to addressomputationatostis anhierarchicakearchstratgy basedupona
recursve partitioningof Y. As in previouswork (Fleuretand Geman,2001; Gangputraand Ge-
man,2006),thereis a successionf nestedpartitionsof increasingesolutionandabinaryclassi er
assignedo eachcell. Givensucha hierarcly, the detectionprocesss adaptie: aclassi eris eval-
uatedfor a certainposecell only if all the classi ersfor its ancestorcells have beenevaluatedand
respondegbositively.

Note: This is not a decisiontree, bothin termsof representatiomnd processing.The hierarcly
recursvely partitionsthe spaceof hiddenvariablesnot thefeaturespaceandtheedgesrom anode
toits childrendo notrepresenthepossiblevaluesof anodeclassi er. Moreover, duringprocessing,
adatapoint maytraversemary branchestonceandmayreachno leavesor reachmary leaves.

The crucial differencewith previouswork is that, usingstationaryfeaturespnly oneclassi er
mustbetrainedfor eachlevel, notoneclassi er for eachcell. In essencethe hierarcly is “folded”
(likeafan)for training: Theentirelearningstrateyy describedn §3is repeatedor eachlevel in the
hierarcly. Thisis quite straightforvardandonly summarizedelow.

Considerasequencef partitionsof Y

Consequentlywe canidentify every Yk(d) with the nodeof a multi-rootedtree: A leaf nodefor
d = D andaninternalnodeotherwise A three-level hierarcly is shavn in Figureb.

Givensucha posehierarcly, we canconstructa scengparsingalgorithmaimedat detectingall
instance®f objectsat a poseresolutioncorrespondingo the nest partition. Again, the processing
stratgy is now well-known. Thisalgorithmhasthedesirablepropertyof concentratingomputation
ontheambiguougose-imageairs.

Let Yk(d) denotea Booleanrandomvariableindicatingwhetheror not thereis atargetin | with

YK(:’)g. For eachlevel d, wetrainaclassi er g@ exactly asdescribedn §3.3,andde ne apredictor
of Y@ by
d
1931y = g xD1) :

The hierarcly is “unfolded” for testingandthe predictorsareevaluatedin an adaptve way by
visiting thenodeg(cells) accordingo breadth- rst“coarse-to- ne”search A classi eris evaluated
if andonly if all its ancestoralongthe branchup to its root have beenevaluatedandreturneda
positive responseln particular onceaclassi er at a noderespondsiegatively, noneof the descen-
dantclassi ersareever evaluated.Theresultof the detectionprocesss thelist of leaveswhich are
reachedandrespondoositively. In this way, posecellscorrespondindo olbviousnon-tagetregions
suchas at areasarediscardeckarlyin the searchandthe computatioris investedthe ambiguous
areasfor example,partsof imageswith “cat-like” shapeor texture.
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5. BaseClassi er

As describedn 84, given a family of pose-indged featuresanda hierarchicalpartitioning of the
posespacewe build a binary classi er g for eachlevel d in the hierarcly, trainedfrom a set
of examplesof the type describedn §3.3. In this sectionwe describehat classi er, droppingthe
superscript for clarity. The actualparametewalueswe usedfor the experimentson catdetection
aregivenin 86.5.

Evidently inducingsuchamappingg is a standardnachindearningproblem.A simplecandi-
dateis athresholdedinear combinationof V stumpstrainedwith Adaboost(FreundandSchapire,
1999):

8 Vv

% 1 if g aily wg T
6 = -

:

0 otherwise.

Here,x! is the j'th coordinateof the featurevector

For ary giventrue positive rateh, thethresholdr in g, andmoregenerallythe thresholdg (9
ing®:1 d D, arechoserto achiere on avalidationseta tameteddecreasingequencef true
positive ratesyielding h.

To selectthe stumps thatis the aj, d; andt;, specialattentionmustbe givento the highly un-
balancegopulationsve aredealingwith. Of coursen ourdetectiorproblem theprior distribution
is very skewed, with an extremelylow probability of the presencef a tamget at a posepicked at
random.Correspondinglythe numberof samplesve have from the positive population(catsin our
case)is ordersof magnitudesmallerthanthe numberof samplesve caneasilyassembldrom the
negative population. Still, ary tractablesamplingof the negative populationis still too sparseto
accountfor the negative sub-populatiorwhich livescloseto positive examples. To addresshese
issuesyve proposeavariationthe standardveighting-by-samplingn orderto approximatestandard
Adaboostusingatrainingsetcontainingonemillion negative examples.

Thepopularcascadapproachhandleghatdilemmawith bootstrappingtrainingeachevel with
a sampleof nggative exampleswhich survive the Itering of the previousclassi ersin thecascade.
In this way the samplingis eventually concentratean the “dif cult” negative samples. This is
similarin practiceto whatboostingitself is intendedto do, namelyignoreeasilyclassi ed samples
andconcentratenthedif cult ones.We avoid thecompleity of tuningsucha cascadéy usingall
the nggative examplesthroughan asymmetric sampling-base#ersionof standardoosting. This
providesanexcellentapproximatiorto the exactweightingfor afractionof thecomputationatost.

When picking a stumpwe approximatethe weightederror with an error computedover all
positive samplesanda randomsubsebf neggativesampledravn accordingto the currentboosting
weights.Hence we keeptheresponsef thestrongclassi er up-to-dateon S’ 10° samplesbut we
pick the optimalweaklearnersatevery stepbaseconM' 10* samples.

More precisely at a certainiteration of the boostingprocedure Jet wg denotethe weight of

_ o
Whg = @ Wslfy.=og
s
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Wsly -
P(Sn=9 = — =9 ¥=0. 1M
Thenwe re-weightthetrainingsamplesasfollows:
8
. < Ws if Y= 1
W = kfm: Sn= sgk :
ST W”@W otherwise

Thiscanbeseemsanapproximatiorto thedistributiononthefull trainingsetobtainedoy (1) keep-
ing all positive sampleswith their original weights,and (2) selectinga randomsubsetf negative
samplesaccordingo their original weights,andgiving thema uniform weight.

However, samplingthe negative examplesat every boostingstepis computationallyery ex-
pensve, mainly becausét requiredoadinginto memoryall thetrainingimagesandextractingthe
edgefeaturesat multiple scales.Consequentlywe decomposehe total numberof stumpsV into
B blocksof U stumps,andrun this samplingstrateyy at the beginning of every block. We also
samplea subsetof R featuresamongthe millions of featuresavailable at the beginning of every
block. Hence,our overall learningprocesscan be seenas a standardooostingproceduredecom-
posedinto B blocksof U steps.At the beginning of every block, we sampleM negative samples
amongSaccordingo their currentboostingweightandwe sampleR featureauniformly amongthe
Q to consider We thenrunU boostingstepsbasedn thesefeaturesandthesetrainingsamples.

This processensureghat ary samplefor which the classi er responsds strongly incorrect
will eventuallybe picked. In our experimentsve sampleten negative examplesfor every positive
example.Fromacomputationaperspectie this samplingis negligible asit only accountgor about
1% of thetotal trainingtime.

6. Cat Detection

We now specializeeverythingabove to cat detection. The original training imagesand available
groundtruth aredescribedn 86.1. Then,in 86.2,we de ne afamily of highly robust, baseimage
featuredasedn countingedgefrequenciesverrectangulaareasandin §6.3we proposeawayto

index suchfeatureswith the poseof a catde ned by its headlocationandscaleandbelly location.
The speci ¢ posecell hierarcly is describedn 86.4andchoiceof parametersor the classi ersin

86.5. Finally, theresultsof our experimentsarepresentedn 8§6.6,includingthe similarity criteria
usedfor performancevaluation thepost-processingppliedto theraw detectionsn orderto reduce
“duplicate” detectionsandthe mannerof computingROC curves.

6.1 Cat Imagesand Poses

The catimageswererandomlysampledrom the web site RateMyKittert andcanbe downloaded
from http://www.idiap.ch/folded-ctf . Imagesof clutteredscenesvithout cats,mostlyhome
interiors, were sampledfrom variousweb sites. The completedatabaseve are using has2,330
imagescontainingatotal of 1,988cats.

1. Website canbefound at http://www.ratemykitten.com.
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Figure6: Eachtargetis labeledby handwith a pose(h;r;b) 2 Z R* Z specifyingthe head
location,the headradiusandthebelly location.

Eachcat was manuallyannotatedvith one circle roughly outlining the head,from which the
headsize(diameterandheadocation(center)arederived,andonepoint placedmoreor less,quite
subjectvely, atthe centerof masswhich we have referredto asthe“belly” location(seeFigure6).
Hence the poseof acatis (h;r;b) whereh is thelocationin theimageplaneZ of the centerof the
heady its radius,andb is thebelly location.

For eachexperiment,we split this databasat randominto a training setcontaining75% of the
imagesanda testsetcontainingthe other25%. Two-thirdsof thetrainingsetareusedfor choosing
theweaklearnersandone-thirdfor thethresholds.

6.2 Baselmage Features

As describedn 83, the pose-indged featuresare de ned in termsof baseimagefeatures. First,
animageis processedby computing,at every locationz2 Z, theresponsesf eightedge-detectors
similar to thoseproposedn Amit et al. (1998)(seeFigures7 and8), but at threedifferentscales,

polarities. In addition,we adda variance-basetinary testeg(z) which respondgositively if the
varianceof thegraylevelsin a16 16 neighborhoof z exceedsa x edthreshold.Our features
arebasedn countingthe numberof responsesf these25 detectorsover a rectangulaareagFan,
2006),which canbedonein constantime by using25 integralimages(Simardetal., 1999).

Fromtheseedgemapsandtheraw graylevelswe de ne thefollowing threetypesof baseémage
features:

1. Edgeproportion: The proportionof anedgetypein arectangulawindow. Givenarectan-
gularwindow W andanedgetypel 2 f0;1;:::;24g, theresponsés thenumberof pixelszin
W for which g (2) = 1, dividedby thetotal numberof pixelsin W if I = 0 or by thenumber
of pixelsin W for whichep(2) = 1if | > 0.
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Figure7: Ouredge-detectorg:or eachof four orientationsandtwo polarities,anedgeis detectedat
acertainlocation(thedarkcircle) if theabsolutalifferencebetweertheintensitiesof the
two pixelslinked by thethick segmentis greateithaneachof the six intensitydifferences
for pixelsconnectedy athin sggment.

Figure8: Resultof the edgedetector Eachoneof the eightbinaryimagesin thetwo bottomrows
corresponds$o oneorientationof the edgedetectorf Figure?.

2565



FLEURET AND GEMAN

Figure9: Fromthecentroidof ary posecell, we de ne threereferencdrames: The headframeis
centerentheheadcenter of sizetwice theheadsize;thebelly frameis centerednthe
belly andof sizefour timesthe headsize;the head-bellyframeis centerecbnthe middle
point betweenthe headandthe belly, of heighttwice the headsize, of width twice the
distancebetweerthe headandthe belly, andis tilted accordingly

2. Edge orientation histogram distance: Given again two rectangulawindows Wy andWa,
and a scales, the responsés the L' norm betweenthe empirical eight-bin histogramsof
orientationscorrespondingo the eightedgedetectorsat scales.

3. Gray-scalehistogram distance: Giventwo rectangulawindonsW; andW,, theresponsés
theL! normbetweerthesixteen-birempiricalhistogramf gray-scale$or thetwo windows.

Therationalbehindthefeaturesof typel is to endav theclassi erswith theability to checkfor
the presenc®f certainpiecesof outlinesor textures. The motivationfor types2 and3 is to offer the
capabilityof checkingfor similarity in eitheredgeor gray-scalestatisticshetweerdifferentpartsof
theimagetypically to checkfor a silhouettein the caseof very blurry contours.Someexamplesof
featuresactuallypicked duringthetrainingareshavn in FigureslOand11.

6.3 Indexing Featuresby Pose

As formalizedin 83.3,a pose-indged featureis a real-valuedfunction of both a posecell andan
image. The featuresdescribedn the previous sectionare standardunctionalsof theimagealone.
Sincetheresponsef ary of themdepend®n countingcertainedgetypesover rectangulawindows
in theimage,we construciour family of pose-indgedfeaturedndirectly by indexing boththeedge
typesandthewindow locationswith the posecell.
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Figure10: Registrationonthetrue posesf the rst featureselectedn the HB detector(see86.5),
which compare®dgeorientationhistograms Both windows arede ned relative to the
headframe.

For ary posecell index k, we computethe averageheadlocationh = hy, the averagebelly
locationb = by, andthe averageheadradiusr = ry of the posecell Y. Fromtheseparametersve
computethreereferencdrames,asshovn on Figure9:

1. Theheadframe is asquarecenteren h andof size4r.
2. Thebelly frame is asquarecenteredn b andof size8r.

3. Thehead-bellyframe is a rectanglecenterecbn the midpointof h andb, tilted accordingly
andof height4r andwidth twicekh  bk.

Notethatthede nition of suchaframeactuallyinvolvesthede nition of a vectorbasis,hence
anorientation.Thethreetypesof framesareorientedaccordingto therelative horizontallocations
of theheadandbelly of the cat,soare ection arounda horizontalaxis of theimage,henceof the
catpose would move the pointsde ned in theseframesconsistently

We addto the parameterizatioof eachfeaturewindow adiscretgparametespecifyingin which
of thesethreereferenceframesthe window is de ned. Windows relative to the heador the belly
framearesimply translatecandscaledaccordingly Windows relative to the head-bellyframeare
translatedsothattheir centergemain x edin theframe,andarescaledaccordingto the averageof
the heightandwidth of theframe.SeeFiguresl0and11.

Finally, we addanothetbinary ag to windows de ned in the head-bellyframeto specifyif the
edgedetectorsaarealsoregistered.In that case the orientationof the edgess rotatedaccordingto
thetilt of thehead-bellyframe.
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Figurell: Registrationonthetrue posesof thethird featureselectedn the secondevel of theHB
detector(see86.5), which comparegrayscalehistograms.Onewindow is relative to
thehead-bellyframe,andthe secondneto the belly frame.

6.4 Hierar chy of Poses

We only considettriples(h; r; b) which areconsistentvith therelative locationsseeronthetraining
set. For instance this discardsposeswith very large ratioskh  bk=r. However, h andb may be
very closetogethey for examplewhenthe belly is behindthe head,or very far apart,for example
whenthecatis stretchedut. Hencethefull posespacesY Z R* Z.

We usea hierarcly with only D = 2 levels in orderto concentrateon folded learningwith
stationaryfeatures. The rst level le(l);:::;YK(ll)g is basedon rst restrictingthe headradius
to [25; 200, and on splitting that domaininto 15 sub-interals of the form [r; 2%°r]. For each
suchscaleinterval, we divide the full lattice Z into non-overlappingregular squaresf the form
[Xn;Xn+ r=5] [¥n;¥n+ r=5]. This procedurecreatesK; ' 50;000 headparametercells [Xn;Xn +
r=5] [Yn;yn+ r=5] [r;2%°r] for a640 480image. For ary suchcell, the admissibledomain
for the belly locationsis the corvex envelopeof the belly locationsseenin the training examples,
normalizedn locationandscalewith respecto the headlocationandradius.

Thesecondevel f Y1(2) Pl YK(22)g is obtainedby splitting thebelly locationdomaininto regular
squaresxp; Xo + r=2] [Yb;¥o+ r=2]. Thereare' 500suchbelly squareshencethetotal number
of posecellsin thesecondevelisK,' 2:5 10,

Thetop-leftillustrationin Figure12 depictsthe cellsin the rst level of the hierarclty asopen
circlesandcellsin the secondevel asblack dot connectedo an opencircle “kept alive” during
processinghe rst level. More speci cally, asshavn in Figure12, the algorithmicprocessorre-
spondingto this two-level hierarcly is asfollows:
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Figure12: Parsingascenewith atwo-level hierarcly to nd cats:First,aclassi erg is evaluated
over a sublatticeof possibleheadlocationsandall alarmsabore a very low threshold
areretained.Thenaclassi er g is evaluatedfor eachpair of head-bellylocationson
a sublatticeconsistentvith the retainedheadalarmsandwith obsered statisticsabout
joint head-bellylocations. For clarity, the depicteddiscretizationof the posespaceis
idealized andfar coarsethanin theactualexperimentsfor animageof size640 480
pixels,we consider 50;000headposecellsand’ 2:5 107 head-bellyposecells.

1. The rst stageloopsover a sublatticeof possibleheadlocationsand scalesin the scene,
evaluatesthe responsef the appropriaterst-le vel classi er andretainsall alarmsusinga
verylow (i.e., conserative) threshold.

2. Thesecondstagevisits eachlocationandscaletaggedby the rst stage scansa sublatticeof
all “consistent’belly locations(all thoseactuallyobsenedon trainingimages)andevaluates
anappropriatesecond-lgel classi er for every suchcandidatepair of locations.
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6.5 Detectors

Whereasour aim is to detectboth the headandthe body, detectingthe headaloneis similar to
the well-studiedproblemof detectingfrontal views of humanfaces. As statedearlier if the pose
reducedo a singleposition,data-aggrgationis straightforvard by translatingeitherwholeimages
or features. Still, detectingcat headsis a logical rst stepin trying to nd catssincethe headis
clearlythe moststablelandmarkandthe partof the catwith theleastvariation,assumingf course
thattheheadis visible, whichis thecasewith our data(for the samereasorthatfamily photographs
displaythe facesof people). Moreover, comparingthe performanceof varying stratgjies( eld of
view, “checking” for the belly separatelydemandind'consisteng”, etc.) providessomeinsighton
thenatureof theproblemandsenesasasimpleway of demonstratinghe power of thebasefeature
setandthe asymmetricalveightingby sampling.Detectingheadsalonedoesnot, however, expose
the full strengthof the folded hierarcly; for thatwe needto addresghe hardertaskof accurately
estimating(h; r; b) for thevisible cats,our coreobjectve, andfor whichwe will compareour pose-
indexedmethodwith a morestandardarts-basedetector

In all the experimentswe presentthe classi ers aretrainedas describedn 85, with B = 25
blocksof U = 100 stumps(thresholdedeatures).andwe optimize over a sampleof R= 10;000
pose-indged featuresin every suchblock. The total numberof negative samplesve consideris
S' 10°, andwe sampleM ' 10* of theseperblock.

In measuringperformancewe considerthetwo following detectionsstrateies:

- H+B isastandargartsdetectorimplementeddaptvely. The“+” betweerH andB indicates
thatthetwo partdetectorsaretrainedseparately

The rst level classi er g™ canonly usepose-indged featurede ned relatively to the head
frameandthesecondevel classi erg® canonly usepose-indzedfeaturesie nedrelatively
to thebelly frame. Sincethatsecond-leel detectolis designedot to exploit theinformation
in thejoint locationsof the headandbelly, theframesherehave x edorientationandre ect-

ing the catposehorizontallywould move but notinverttheframes.See86.3for detailsabout
theorientationsof theframes.

- HB is thehierarchicaldetectoibasedn thetwo-level hierarcly andfoldedlearning.

The differencewith H+B is that HB usesstationaryfeaturesin the secondevel which can
bede ned relatively to ary of thethreereferencdrames(head belly or head-belly)in order
to take into accountthe positionof the headin searchingor the belly. For instancea pose-
indexed featuresin this detectorcould comparethe texture betweena patchlocatedon the
headanda patchlocatedonthebelly.

6.6 Results

In orderto be preciseaboutwhata constitutesa true detectionwe de ne two criteriaof similarity.
We saythattwo poseg h;r;b) and(h®r® b9 collide if (1) Theheadradii arevery similar: 1=1.25
r=r% 1:25;and(2) Eithertheheador belly locationsareclose:min(kh  h%;kb b%) 0:25 rr0
And we will saythattwo posesaresimilar if (1) Theh%aﬁadii aresimilar: 1=1:5 r=r® 1.5;(2)
the headlocationsaren%aLbyeachother: kh h% 2 rr% and(3) thebelly locationsarenearby
eachother:kb b% 4 rr0 SeeFigure13.
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Figurel3: Two alarmsare consideredhssimilar if the headradii aresimilar andif, asshavn on
this gure, the distancebetweenthe two headlocationsis lessthanthe averagehead
radius,andif thedistancebetweerthebelly locationsis lessthantwice theaveragehead
radius. See8§6.6. Basedon thatcriterion, if thetrue poseis the oneshown in thin lines
andthethick posesaredetectionspnly theleftmostonewould be countedasa true hit.
Thethreeothers shavn in dashedines,would be countedasfalsealarms.

Given thesetwo criteria, the alarmskept after thresholdingthe classi er responsesire post-
processedvith a crudeclustering.We visit the alarmsin the orderof the responsef the detectoy
andfor eachalarmwe remove all othersthatcollide with it. Thenwe visit thesesurviing alarms
again in the order of the responseandfor eachalarmwe remove all the otheralarmswhich are
similar.

The procedurewe useto produceROC curvesis the following. We run ten roundsin which
the training and testimagesare selectedat random,andin eachroundwe estimatethe classi er
thresholdgor achieving ten differenttrue-positve ratesh (see8 5). Hence,we generatel00 pairs
of rates,eachconsistingof a true-positve rate andan averagenumberof falsealarmsperimage.
An alarmis countedastrue positive if thereexistsa catin theimagewith a similar poseaccording
to thecriteriondescribedabove.

Theerrorratesin Figure2 andTable2 demonstratéhe power of conditioningon the full pose.
Using stationaryfeaturesto build classi ersdedicatedo ne cells allows the searchfor one part
to beinformedby the location of the other andallows for consisteng checks. This is moredis-
criminatingthancheckingfor individual partsseparatelylndeed the errorratesarecut be afactor
of roughly two at very high true-positve ratesand a factor of threeat lower true-positve rates.
It shouldbe emphasizedswell thateventhe wealer ROC cure is impressve in absoluteterms,
which afrms the ef cacy of eventhe naive stationaryfeaturesusedby the H+B detectorandthe
modi ed boostingstratey for learning.

An exampleof how featuresselectedn thesecond-lgel of theHB classi er exploit thefull pose
canbeseenin Figurell. Suchafeatureallows the HB detectorto checkfor highly discriminating
propertiesof the data, suchas the continuity of appearanc®etweenthe headand the belly, or
discontinuitiedn thedirectionorthogonako the head-bellyaxis.

More thentwo-thirdsof thefalsepositivesarelocatedon or very nearcats;seefFigure14. Such
falsepositvesareexceedinghydif cult to Iter out. Forinstanceafalseheaddetectiorlying around
or onthebelly will besupportedy thesecond-lgel classi er becausehelocationof 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. thetrue positive ratefor
thehead-bellydetectionasde ned by the similarity criterionof 86.6andFigure13.

Finally, we performedasimilar experimentby testingtheclassi erstrainedonthe Ratemykitten
dataseton a sampleof catimageschosenfrom the PASCAL VOC2007challengesetimages?
The PASCAL datasetwas assembledor evaluatingmethodsfor classi cation, thatis, labeling
anentireimageaccordingto oneof the objectcateyories,ratherthanmethodsor objectdetection
andlocalization. Thereare 332 catimagesin the PASCAL set; our testsetconsistsof those201
imagesfor which the bodyis at leastpartially visible. This providesan even morechallengingtest
setthantheimagesfrom Ratemykitterandthe performancenf our classi er is somavhatreduced.
For instance at a true positive rate of 51%, the averagenumberof falsealarmsperimageof size
640 480is 0:9. The resultson a randomsampleof twenty of the 201 testimagesis shovn in
Figurels.

7. Conclusion

We have presented novel detectionalgorithmfor objectswith a complex pose.Our main contri-
butionis theideaof stationarypose-indeedfeaturesa variationon deformableéemplatesvithout
wholeimagetransforms.This makesit possibleto train pose-speci cclassi erswithout clustering
thedata,andhencewithoutreducingthe numberof trainingexamples Moreover, combiningsimul-
taneoudraining with a sequentiakxplorationof the posespaceovercomeghe main dravback of
previous coarse-to- nestratgies,especiallyfor goingbeyond scaleandtranslation.Unlike in ear
lier variations,graded tree-structuredepresentationsannow belearnedef ciently because¢here
is only oneclassi erto train perlevel of the hierarcly ratherthanonepernode.

We have illustrated thesestationaryfeaturesby detectingcatsin clutteredstill images. As
indicatedearlier thedataareavailableathttp://www.idiap.ch/folded-ctf . We choseboosting
with edgeand intensity counts,but ary baselearningalgorithmandary e xible basefeatureset
could be used. Indeed,the framevork can accommodateery generalfeatures,for instancethe
averagecolor or averageresponsef ary local featurein anareade ned by thepose.Theresulting
algorithmis a two-stageprocess,rst visiting potentialheadlocationsaloneandthenexamining
additionalaspect®f the poseconsistentvith andinformedby candidateheadlocations.

In principle, our approachcan dealwith very complex detectionproblemsin which multiple
objectsof interestare parametrizedy a rich hiddenpose. However, two basiclimitations must

2. Websitecanbe foundat http://pascallin.ecs.soton.ac.uk/challenges/VOC/voc2007/.
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Figurel4: Detectionresultswith stationaryfeaturesand a folded two-level hierarclty on scenes
picked uniformly at randomin the RateMykittentest set, with a true-positve rate of
71%. Thecircle shows the estimatecheadsizeandlocation,andthe dot the estimated
belly location.
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Figurel5: Detectionresultswith stationaryfeaturesand a folded two-level hierarcly on scenes
picked uniformly at randomin the PASCAL VOC2007challengetestset,with a true-
positive rateof 50%. Thecircle shavs the estimatecheadsizeandlocation,andthe dot
the estimatedelly location.

rst be addressedThe rst is the designof adequatestationaryfeatures. Whereadif cult, this
is far simpler than the searchfor full geometricinvariants. Sincethe hiddenstateis explicitly

examinedin traversingthe hierarcly, 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
temporalconsisteng if therearemotiondata.Ourviewpointis thatsmall,richly annotatedtraining
setsareatleastasappealingor generalearningaslarge oneswith minimal annotation.
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Figurel6: A few positve examplespicked uniformly at randomin the simpli ed settingof the
motivational experiment. Top row: samplesdrom the headexperiments. Bottom two
rows: sampledrom the head-bellyexperiments.The crosseslepictthe headandbelly
centergrovidedonthetrainingdata. The boxesshav the admissiblegposedomainy .

Appendix A. Quantifying Trade-offs

We summarizéwo serieof experimentgesignedo studytheimpactonaccurag of data-fragment-
ation,with andwithout controllingfor total onlinecomputationln bothserieshegoalis to predict
the presencef atargetwith high accurag in pose.A moredetailedaccountof theseexperiments
canbefoundin FleuretandGeman(2007).

A.1l Settings

Sincetrainingwith fragmentatioris notfeasiblefor any completepartitionof acomplex posespace
at a realisticresolution,theimageswe considerin theseexperimentshave beencroppedfrom the
original datasetsothattheposespaceY is alreadystronglyconstrained.

In the rst seriesof experimentsthe target poseis the centerof the cat head,constrainedo
Y =[ 26201 [ 20G;20] in a100 100image. It is this posespacethat will be investicgated
at differentresolutions. The top row of Figure 16 shavs a few of thesesceneswith a target. In
the secondseriesof experimentsthe poseis the pair of locations(h;b) for the headand belly,
constrainedo Y = ([0;5] [0;5]) ([ 80;80] [ 20;8Q]) in a200 140imagecenteredatthe
square.Thetwo bottomrows of Figure16 shav afew of thesescenesvith atarget.

In both seriespur objectie is to comparehe performancef classi erswhenthetrainingdata
are either fragmentedor aggrejatedand whenthe computationakostis eitherequalizedor not.
More precisely we considerthreepartitionsof Y into K = 1, 4 and16 posecells. In eachseries,
we build four detectionsystems.Threeof themaretrainedunderdata-fragmentatioat the three
consideredesolutionspamelyK = 1, K = 4 or K = 16 posecells. Thefourth classi er is trained
with the pose-indged, stationaryfeaturesat the nest resolutionK = 16. The stationaryfeatures
arebasedon the headframe alonefor the headexperiments,andon both the headframeandthe
head-bellyframefor the head-bellyexperiments.
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Thecomputationatostfor evaluatingonesuchclassi eris proportionako thenumberof stumps
it combines.n the particularcaseof boosting,a classi er combiningonly a x ednumberof weak
learnersis still effective, andhence,unlike mary discriminatve methods,computationis easyto
control. This motivatesa very simplestratgy to equalizethe costamongexperiments:We simply
controlthetotal numberof featureevaluations.

As ameasureof performancewe estimatethe numberof falsealarmsfor ary giventrue pos-
itive rate. In orderto compareresultsacrossesolutionsthe labelingof detectionsastrue or false
positivesoccursatthe coarsestesolution.For simplicity, for thehead-bellycase we only scorethe
estimatecheadlocation.

A.2 Results

The resultsdemonstratehe gain in performancen constrainingthe populationprovided thereis
no fragmentatiorof the data. In the headexperimentsevenwith fragmentationhigherresolution
resultsin fewer falsealarms.Theimprovementis maiginal at high true positive rates but increases
to two-fold for a true positive rateof 70%. This is not true for the head-bellyexperimentswhere
sixteenposecellsdo worsethanfour, with or without costequalizationwhich canbe explainedto
someextent by the lower variationin the appearancef catheadsthanfull catbodies,andhence
fewer samplesnaybesufcient for accurateneaddetection.

As expected,without controlling the on-line computationakost, aggrejation with stationary
featureds morediscriminatingthanthe fragmentectlassi ersin both experimentsandat ary true
positive rate,reducingthe falsepositive rate by a factorof threeto ve. Still, the performanceof
the classi erswhencostis equalizedshavs thein uence of computationn this framevork: atthe

nest resolution,the numberof falsealarmsin the headexperimentsncreasesy a factorgreater
thanfour atary true-positve rate,andby two ordersof magnituden the head-bellyexperiments.

Theseresultsalsodemonstratéhe pivotal role of computationf we areto extendthis approach
to arealistically ne partitionof acomple« posespace Consideranimageof resolution640 480
anda single scalerangefor the head. Obtainingan accurag in the locationsof the headandthe
belly of ve pixelsrequiresmorethan7 10° posecells. Investingcomputatioruniformly among
cellsis thereforehopelessand arguesfor an adaptve stratgy ableto distribute computationn a
highly specialandunevenmanner

The conclusiongiravn canbe summarizedn two key points:

1. The needfor data-aggregation Dealingwith a rich poseby training specializedbredictors
from constrined sub-populationss not feasible bothin termsof ofine computationand
samplesize requirements. Aggregation of data using stationary features appeas to be a
soundstrategy to overcomethe samplesizedilemmaasit transfes the burdenof learningto
thedesignof thefeatues.

2. The needfor adaptive search: If fragmentationcanbe avoidedanda singleclassi er built
from all the data and analytically transformednto dedicatedclassi ers, the computation
necessaryo cover a partition of a posespaceof reasonableaccuracy is not realisticif the
effort is uniformlydistributedover cells.

As indicated,stationaryfeaturesprovide a coherentstratgyy for dealingwith data-aggreation
but do not resole the computationaldilemmaresultingfrom investigating mary possibleposes
duringscengprocessingHierarchicalrepresentationksrgely do.
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