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Abstract

Thispaper presents a techniquefor shape-basedrecognition thatfusespixel-
level andobject-level approachesinto a uni�ed framework. A pixel-level
algorithm classi�esindividualpixelsasbelonging to atargetobjector clutter
basedonautomatically-selectedshapefeaturescomputedin aspatialarrange-
mentaroundthem;anobject-level algorithm classi�esobject-sizedrectangu-
lar imageregionsasobjectsor clutterby aggregatingpixel classi�er scores
in the regions. We train a cascadeof interleaved pixel-level and object-
level modulesto quickly localizecomplex-shapedobjectsin highly cluttered
scenesunderarbitraryout-of-image-planerotation. Experimentalresultson
a large setof real,highly-clutteredimagesof a common object under arbi-
traryoutof imageplanerotationdemonstrateimprovementsovercascadesof
strictly pixel-level modules.

1 Intr oduction

Object recognition algorithms have madegreat stridesin recentyears, leadingto tech-
niques capableof robust, real-timerecognition of certaintypesof objects suchasfaces,
cars,andbuildings [23][19]. However, recognizing objectswith complex shapecharac-
teristicssuchasholesandnetworksof thin linearstructures (e.g. thelegsandsupportson
thestoolandladderin Figure1(a))remainschallenging. In thispaper, wepresentanef�-
cienttechniquefor usingexample imagesof aparticularcomplex-shapedobjectin typical
environments to automaticallyselectshapefeaturesandtrainaclassi�er cascadeto local-
ize thatobjectin highly clutterednovel viewsunderarbitrary out-of-image-planerotation
1. Figure1(a) shows two typical results. Recently, several pixel-level algorithms have
successfullyaddressedtheproblemof usinglocal shapefeatures to estimatewhetherim-
agepixels correspond to aninstanceof a target object,or to clutter[4][14][1]. Like local
patch-basedrecognition techniques(e.g., [17]), they needto applya separateobject-level

1Wenotethat it is possibleto extendour techniqueto handleobject scalevariationseitherby processingthe
sameimagerepeatedly at a variety of scales[19] or by rectifying imagefeaturesto a canonical scale[12][8].
We alsonotethatwe focuson detecting a single,individual instanceof a wiry object acrossa broad variety of
viewing conditionsbecausethis problemis extremelychallengingandlargely unsolved; we arecon�dent that
solutionsto the moregeneral problemof detecting entire classesof wiry objects will build on advancesmade
toward detecting individual wiry objects



(a) (b) (c)
Figure1: Figure1(a): Exampleresultsfrom thetechniquepresentedin thispaperareshown in red.Figure1(b): A poorly-tuned
edgedetectormissesedgeson therearlegsof thestool.Figure1(c): 6 edgeoperatorsselectedduringfeatureselection.

(a) (b)
Figure 2: Motivating examplefor optimizing pixel-level andobject-level processesin a uni�ed procedure.Figure 2(a) left
andFigure2(b) left: An imageis processedby two hypotheticalpixel-level classi�erswhoseperformanceat a pixel level is
identical–bothmistakenly label thesamenumberof pixelson thestool “clutter” andthesamenumberof pixelson theclutter
“stool” (stool pixels arein green).Figure2(a) right andFigure2(b) right: stool pixels areclusteredinto groupsaccordingto
their location in the image;eachpixel representsthe numberof stool pixels in a stool-sizedimagerectanglewith an upper
lefthandcornerat thatpixel, with white representinga high numberof stoolpixels. In the lattercase,it is easyto localizethe
stool,while in theformercasea falsepositive is triggered.A pixel-level classi�er trainedwith no object-level feedbackhasno
way to prefertheformersituationto thelatter.

algorithm to assembleindividualpixel detectionsinto overall descriptionsof whatobjects
arepresentin the image,andwhat their properties(e.g. poseandspatialextent) are. If
detailed,canonical 2D or 3D models of overall object shapeor con�guration areavail-
able,it is possibleto align object pixels to them[1][9][8]; otherwise,it is necessaryto
clusterindividual local detections [13] to localizethe object to an imageregion, or use
voting[17] todeterminemoregenerally whethertheobject is present.Thispaperprovides
a uni�ed framework for shape-basedrecognition that avoids theneedto optimize sepa-
ratepixel-level andobject-level processes.Figure2 illustratestheimportanceof training
pixel-level recognition techniquesin anobject-level context. As partof this process,we
automatically selectsalientshapefeatures to extract directly from theraw image,instead
of relyingonaseparately-tunedbinary edge detector.

Figure 5, top right, givesa block diagram of how our algorithm processesa novel
imageby executing a cascadeof interleaved pixel-level andobject-level computational
phases.The �rst pixel-level phaseclassi�es pixels basedon the spatialarrangementof
edgefeaturesin smalllocalneighborhoodssurroundingthem.The�rst object-level phase
aggregatesthe classi�cation scoresfor all pixels in a rectangular imageregion into an
overall scorefor that region, anddiscardspixels in low-scoring regions. Then,pixels
in high-scoringregions arepassedto a secondpixel-level phase,which re-classi�esthe
remaining pixels basedon edgefeaturescomputed over larger local neighborhoods. A
secondobject-level phaseaggregatesthosepixel scores,discardslow-scoring imagere-
gions,andsoon. Thepixel-level phasesquickly classifypixels asobjector clutterbased
on localshapeproperties;theobject-level phasesremove from considerationlargeimage
regions whosepixels, taken together, do not indicatethe presence of the object. Since
imageregionsarediscardedassoonasthey aregivena low score,our cascadeapproach
focusescomputation on the partsof the imagewhich appearmostlike the target object
andrequire more extensive local feature computationto classify.

The restof this sectionsurveys relatedwork. We presentour local shapefeatures,
pixel-level classi�ers,andobject-level classi�ers in Sections2, 3 and4 respectively. In



Section5 we fusethe two typesof classi�ers into a singleoptimization framework, and
Section6 discussesan ef�cient cascadestructure for applying the classi�ers to images.
Experimentalresultson hundredsof highly-variable imagesof a stool arein Section7,
andweconclude in Section8.

RelatedWork

Wereferto ourrecognitionapproachasahybridmethodbecauseit optimizesbothobject-
level andpixel-level processes.A relatedapproach[20] alternatesbetweendata-driven
andmodel-drivenstepsto segment andcategorize imageregions into face,text, andother
categories in a generative MCMC framework. Another relatedapproach is due to Yu
andShi [25], who provide an algorithmfor fusing object-level andpixel-level af�nity
measuresinto asingleoptimizationfor segmentation.

Thecommonthemeof relatedwork in localshape-basedrecognition [4][14][1] is the
useof local distributions of edgesor edge-basedshapefeaturesasa cuefor estimating
whetheranedgepixel correspondsto a target object or clutter. Thesemethodssuccess-
fully estimatea setof pixelswhich project ontoa complex-shapedobjectof interest,and
assemblethe individual pixels into object-level detections by applying a separatealign-
ment[1] or grouping[4] algorithm. Meanwhile, recentwork in cascadearchitecturesfor
object-level recognition (e.g., [23][10][24]) hasexploitedthekey insightthattheamount
of computationrequiredto classifymostimageregionsas“object” or “clutter” canbeex-
tremelylow, andthatdramaticspeedupscanbegainedat runtimeby saving computation
for the “rare event” of imageregions that look very similar to objectinstances.Our ap-
proach dramatically improvesonourpreviouspixel-level shaperecognition technique[4]
by automatically fusinglocal shape-basedmethods[4][14][1] with object-level cascades
[23][10][24] to quickly discardbackgroundimageregions.

Furthermore,we improve on theprevious local shape-basedtechniquesby automat-
ically selectingshapefeaturesto extract from the raw imageinsteadof requiring that
binaryedgesbeextractedprior to recognition. Algorithmsphrasedin termsof analyzing
binaryedgepixelshave no chanceto detectportions of theobject if a poorly-tunededge
detectorfails to detectedgesoncorresponding portionsof theimage;consider, for exam-
ple,themissingrearlegsof thestoolin Figure1(b). Ourfeatureselectiontechniquebuilds
aninitial setof non-redundantfeatures,asin [16] for example,andselectsdiscriminating
features from thissetin away similar to severalrecentalgorithms [22][11][24][6].

2 ImageFeatures

Sincewe assumethat our target objectsare well-characterizedlocally by their shape,
we classifyeachpixel q = [x;y] basedon the valuesof edgeoperators evaluatedin the
neighborhood of q. We draw the edgeoperatorsfrom the family of �rst derivative-of-
Gaussian(D-of-G) operators sincethey arestraightforward to parameterizein termsof
their scaleandorientationcharacteristics. An edge operator probeeop(p; I ;q) at probe
centerp in imageI convolvestheimageatp with aD-of-G operator gq , thatis,
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respondsstrongly to thepresenceof edgesatorientation f andspatialscalesdescribed by
sx ands y in thevicinity of p.

For localshapefeatures,weselectadiscretesetof D-of-G operatorsf gq1
� � � gqn

g, and

classifyimagepixelsq byevaluatingedgeoperatorprobes[eop(q+ d 1; I ;q1); � � � ;eop(q+
dm; I ;q1); � � � ;eop(q + d1; I ;qn); � � � ;eop(q + dm; I ;qn)] at a setof shiftedprobecenters
f q+ d1; � � � ;q + dmg laid out over a local neighborhood,or aperture, surrounding q. We
call theoffsetsf d1; � � � ;dmg relativeprobecenters. Theseimagefeaturesrepresenthow
theedgecharacteristicscaptured by theoperators arespatiallyarrangedover anaperture
surroundingq bysamplingtheoperator responsesatf q+ d 1; � � � ;q+ dmg. In Sections2.1
and3.2we describe how to automatically selecta setof edgeoperatorsthatarerelevent
for recognition; in Section6 we describehow to determine the aperture size. By auto-
maticallyselectingshapefeatures,we determine which edgeorientationsandscalesare
relevant for recognition ratherthanimplicitly selectingrelevant edgecharacteristicsby
handthrough thetuningtheparametersof a binaryedgedetector.

2.1 Feature Selection1

Thereare in�nitely many possibleedgeoperators gq . Therefore, we needto selecta
small,discretesetof edgeoperators to usein our imagefeatures. This feature setshould
discriminateobjectpixelsfrom clutterpixelswhenevaluatedatshiftedprobecenters,and
for ef�ciency thefeaturesin thesetshouldnotproduceredundantresponseson imagesof
interest.This sectionaddressestheredundancy issueby building a setof edgeoperators
which producedistinctresponseswhenappliedto training images;Section3.2describes
a techniquefor subsequentlyselectingdiscriminating operators from thatset.

Let F representaninitial setof orientationssampleduniformly from [0;p]. Also, let
Sx representan initial setof edge operator scalesin the x direction, sampleduniformly
from an interval of reasonable scales[s min;smax]. Sy is an analogous set of scalesin
the y direction. Our approach is to reducea large candidate set of edgeoperators
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containing oneedgeoperatorgq for eachq 2 F � Sx � Sy, to a non-redundant set
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edgeoperators eachof whoseresponsesto a setof training imagesaredistinct from the
responsesof all otheroperatorsin
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For simplicity, weusea greedy forwardselectionalgorithm [2] to reduce
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2. A
pair of edgeoperatorsgq1 andgq2 is redundantif they producehighly similar operator
responseswhenapplied to eachof thetraining imagesf Tg; we measureredundancy by
normalizedcorrelation of the responses. Startingwith an empty
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2. Figure1(c)shows a sampleof 6 of the32 edgeoperators se-
lectedfor thenon-redundantsetfrom acandidatesetof 640operators,basedonresponses
to a setof 50 training imagesof thestoolandt = :8.

3 Pixel-Level Classi�ers

This sectionbrie�y summarizesour pixel-level classi�ers,which follow thegeneral ap-
proach of [4] in usingdecisiontreesto compute a sparsesetof local featuresover an



aperture.

3.1 DecisionTrees

Figure3: Illustration of the imageprocessingstepsduring onecascadephasefor thepixel-level cascade(top row) andpixel-
and-object-level cascade(bottomrow). Top row, left to right: the input image,pixel scores(whiter pixelshave higherscores),
andthresholdedpixel scores(white pixelspassthethreshold).Bottomrow, left to right: pixel scores,aggregationscores(each
pixel correspondsto theupperleft cornerof arectangularregion), thresholdedaggregationscores,andpixelswithin theregions
passingthethreshold.

Given a pixel q in a novel image,we compute the responsesof a set of edgeop-
erators

�

to imagelocations at f q + d1; � � � ;q + dmg for a setof relative probe centers
D = f d1; � � � ;dmg. Our goal is to train a classi�er which, at run time, classi�esq asan
objector clutterpixel basedon thoseimagefeatures. More speci�cally, at trainingtime
wewantto tuneaclassi�er to maximize thescoresit givesto objectpixels,andminimize
scoresit givesto clutterpixels,in a setof labeledexampleimages.An additional goalis
run-timeef�ciency, i.e. fastclassi�cationby computingasfew imagefeaturesaspossible.

Weemploy decisiontreesto meetthesegoals.Eachnodein thetreeevaluatesanedge
operator probeeop(q+ d 1; I ;q1) where(gq1

;d1) aretheedgeoperator andrelativeprobe
center, or operator-offsetpair, associatedwith thenode. Startingwith therootnodeof the
tree,we evaluatea sequenceof edgeoperator probesasspeci�edby thetreeuntil a leaf
nodeis encountered.Associatedwith eachleafnodeis ascorew for thepixel belonging to
theobject.By thresholding w, wewouldbeableto makeabinary decisionaboutwhether
q shouldbelabeledasanobjectpixel or clutterpixel asin traditionalbinary decisiontrees
[18]. However, in Section4, we describe how we insteadsumw over rectangular image
regionsto classifytheregion asanentireobjectinstanceor clutter.

We train the decisiontreesusinga two-stepprocessof treegeneration andpruning
[18]. After splitting thetraining imagesinto a tree-growingsetanda holdout set, a deci-
siontreewith high classi�cationaccuracy on the tree-growing setis induced; thescores
associatedwith theleavesareestimatedby counting thenumberof objectpixelsandclut-
ter pixels in the tree-growing setassignedto the leaf. In Section5 we describehow we
prune thetreeto optimize anobject-level performancecriterion.

3.2 Feature Selection2

Trainingdecisiontreesto discriminateobjectfrom clutterpixelsusingall operator-offset
pairsin

�

2 � D aspotential featuresis usuallyinfeasible dueto thelarge numberof fea-
tures.Therefore, prior to trainingeachpixel classi�er, we selecta small setof operator-
offset pairs that discriminateobjectpixels from clutter pixels. To do so ef�ciently , we



(a) (b)
Figure4: Exampleimagesof thestool: low internalclutter(Figure4(a)),higherinternalclutter(Figure4(b)).

employ a �lter method[2] which makespredictions abouttheusefulnessof anoperator-
offset pair by quickly training a decisionstump to discriminate pixels basedon that
operator-offset pair alone. That is, for eachoperator-offset pair (gq ;d), we usestan-
darddecisiontreesplitting criteria (see,e.g., [15]) to �nd a threshold thatdiscriminates
f eop(q+ + d;T;q)g from f eop(q� + d;T;q)g, for object pixels q+ andclutter pixels
q� , andto assigna scoreto thequality of thesplit. We thentrain the full decisiontree
usingthe k highest-scoringoperator-offsetpairs. Sincewe selectthe featuresusingthe
decisiontreesplittingcriterion, weat leastknow thatthey discriminatewell asrootnodes
in the tree. Our assumptionis that asdecisiontree induction recursively partitionsthe
tree-growing set,thosefeatureswill continueto discriminatewell.

4 Object-Level Classi�ers

We usea fast,simpletechniquefor identifying grossregions aswholeobjects,or clutter,
by addingthe pixel classi�er scoresin thoseregions. Given a novel imageI, the pixel
classi�er assignsa continuousscorew to eachq 2 I. Considerthe imageW, where
W[q] = w. An aggregation �lter sumstheclassi�er scoresover animagerectangle bq =
[bqwbqh] of width bqw andheight bqh centeredat q:
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In orderto classifya bqw-by-bqh imagerectangle centeredat q asanobjectinstanceor
clutter, weapply thepixel classi�er to thepixelsin therectangleandthreshold theaggre-
gationscore ag(bq ;q;W). Aggregation �lters do not reasonabouthow thepixel scores
aredistributedspatially(as in, for example, [19]), but they areextremelyfastto applyat
run-time andtheir detectionbehavior is controlled by a singleacceptancethreshold t on
theaggregationscore.In our experiments,bqw andbqh aretheaverageheightandwidth
of theboundingboxesaround thetargetobject in all trainingimages.

5 Joint Trainin g of Pixel-Level and Object-Level Steps

Here,we describe how to jointly train a pixel classi�er andaggregation�lter in a uni�ed
optimization so that thenumber of objectfalsepositives– imagerectanglescovering the
clutterthataremistakenly identi�ed asobjectinstances–is minimized, while thenumber
of objecttrue positives– imagerectanglescoveringtheobjectthatarecorrectlyidenti�ed
asobjectinstances–is maximized.Sinceaggregationscoresaresumsof pixel scores,we
meetour object-level goalsby maximizing scoresfor objectpixelsandminimizing them
for clutter pixels. Together, the jointly trainedpixel classi�er andaggregation�lter are
referredto asapixel-object pair.



We embedour training goalsinto the tree-generationandpruning processof deci-
siontreelearning; tree-generationoptimizespixel-level classi�cationscoresandpruning
optimizesobject-level aggregation scores. More speci�cally, given a tree-growing im-
ageset whosepixels have beenpartitioned into object pixels f q+ g and clutter pixels
f q� g, we grow a decisiontreeto producehigh pixel classi�er scoresfor f q + g andlow
scoresfor f q� g. Applying thepixel classi�er to eachpixel in theholdout imagesleads
to a pixel scoreimageW for eachholdout image;applying an aggregation �lter to W
leadsto two setsof aggregationscores,onef ag(bq ;q+ ;W)g for object rectangles and
another f ag(bq ;q� ;W)g for clutterrectangles. By applying a threshold t to theaggrega-
tion scores,we make a binarydecisionon whetheranimagerectanglecorrespondsto an
objectinstanceor clutter. An ROC grading criterion assignsanoverall numerical grade
to thesetof aggregation scores;in essence,theROC grade is high if it is easyto �nd a
settingfor t that leadsto low numbersof object-level falsepositivesandfalsenegatives
(i.e., ag(bq ;q� ;W) > t andag(bq ;q+ ;W) < t). See[3] for details.

Pruning asubtreefrom thedecisiontreechangessomeof thepixel scoresin W, which
in turn modi�es someof the aggregationscores,which in turn affects the ROC grade.
In this way, pruning basedon theROC gradegives usa meansfor tuningthepixel-level
classi�cationtreefor betterobject-level performance.Therefore,weprunethepixel-level
decisiontreein a greedy, bottom-up way whenever doing so increasesthe ROC grade.
After growing the tree for pixel-level performanceandpruning it for a higher object-
level ROC grade,theROC grading criterionguidestheselectionof anaggregationscore
threshold t. Applying thepixel-objectpair to anovel imageconsistsof usingthedecision
treeto assignscoresto all pixels,computing aggregationscoresfor all imagerectangles,
anddiscarding all rectangleswith aggregation scoreslower thant.

6 A CascadeOf Pixel-Object Pairs

Our overall systemis a cascadeof pixel-object pairs. The pixel-objectpairsrepeatedly
classifyimagepixels,aggregatethepixel scoresover imagerectangles,anddiscardthe
pixels in rectanglesthathave low aggregationscores.As in [4], eachsuccessive cascade
phasecomputesedgeoperator probes over successively larger apertures.More formally,
considera setof relative probe centersD which cover a circular aperture, andlet r(D)
be the radiusof the circle. We train a seriesof pixel-objectpairssuchthat successive
pixel classi�ersevaluateedgeoperator probesat successive setsof relative probecenters
f D1;D2; � � � ;Dkg wheref r(D1) < r(D2); � � � ;< r(Dk)g. In this way, we grow theaperture
size to gradually incorporatemore neighborhood information and discardlow-scoring
regionsassoonastheaperture sizeis large enough to discriminatetheir pixels asobject
or clutter. Doing sosavescomputationfor the relatively rareimageregions which look
similar to thetargetobject.A blockdiagramof thecascadestepsis in Figure5 (topright)
andan illustrationof applying onecascadephaseto a testimageis in Figure 3, bottom
row.

7 Experiments

To validatethis technique, we experimentedin depthwith the “stool” imagesfrom the
WORD imagedatabase[5] (Figure 4). The stool rotatesto an arbitrary rotationon the



Figure5: Examplesof imageclassi�cationby pixel-level (left) andpixel-and-object-level (right) cascades.Input imagesare
shown atupperleft; successive images(left to right, topto bottom)show in greenwhichpixelsarestill underconsiderationafter
processingby progressivecascadephases.

Cascade # Phases
TestingOnLow Internal Clutter(n=98) TestingOnHigherInternal Clutter(n=193)

Pixel TP Pixel FP ObjectTP ObjectFP Pixel TP Pixel FP ObjectTP ObjectFP

Pixel 35 0.404 0.040 0.296 0 0.382 0.044 0.207 0
PixelAnd Object 12 1.000 0.080 0.827 2.480 0.954 0.082 0.881 2.756

Table1: Summaryof quantitative recognitionratesfor cascadestrainedon thestool images.Pixel true positive/falsepositive
ratesandobjecttruepositive/falsepositive ratesarelistedasPixel TP/FPandObjectTP/FP. “n” is thenumberof testimagesin
eachcategory. # Phasesis thenumberof phasesin thetrainedcascade.

�oor andits scalevariesby a totalof about 15%acrossall frames.Thecameratranslates
androtatesbetweeneachview. Eleven timesover thecourseof acquiring 557imageswe
changedtheworld con�guration– thatis, we shuf�ed theclutterobjects,moved thestool
andcamerato different partsof theroom, androtatedthestoolarbitrarily. We manually
labeledthestoolin eachimage.Wepartitionedtheworldcon�gurationsinto low-internal-
clutter (LIC, seeFigure4(a))andhigh-internal-clutter (HIC, seeFigure 4(b)) categories
2. Overall, theseimagesarechallenging sincesomeof theedgeson thetargetobject are
weakandthe internalclutter adds high variability to the appearanceof objectregions3.
To insuresigni�cant variations betweenthetraining andtestsets,we partitioned images
into a training set containing all 266 imagesfrom 4 of the LIC world con�gurations;
anda testsetcontaining all 98 imagesfrom the3 otherLIC world con�gurationsalong
with all 193imagesfrom the4 HIC con�gurations.We traineda cascadeof pixel-object
pairsandsummarizedperformancein termsof thepercentage of truepositive andfalse
positivepixelsdetectedby thecascade,aswell astheobject truepositiverateandaverage
number of objectfalsepositives pertestimage.After the�nal cascadephase,we reduce
denseclustersof objectdetectionsto single,isolateddetections through non-maximum
suppressionover a 50x50 window. We count an imageregion as a true positive if it
overlapswith thetrueobjectregion by 75%or more.

We compareresultsfrom our pixel-and-object-level (POL) approachto a pixel-level
(PL) approachwhosecascadephasessolely consistof pixel-level classi�ersbuilt using
thefeature selectionandtraining methodsof Sections2 and3 (seeFigures3 and5 for a

2“Internal clutter” refers to clutter which appears throughholesin theobject, for examplebetween the legs
andleg supportsof thestool.

3Wefocusin-depth on detection of a singleobjectover hundredsof widely-varying imagesbecausewe feel
thatdoingsogivesmoreinsightinto algorithmperformance thanisolated,possiblyaccidental, anecdotalresults
on several objects.



Figure6: Examplerecognitionresult from the hybrid pixel-and-object-level cascade. Left to right: test image,recognition
resultafter onecascadephase,recognitionresultafter 12 cascadephases. Boxesshown in greenarestill underconsideration
for containingthestool.

comparisonof thetwoapproaches),followedbyanaggregation�lter thataddsthenumber
of detectedobjectpixels over imageregions postfacto. This comparisonhighlights the
utility of trainingthepixel-level andobject-level processesin a uni�ed framework rather
thantreatingthe two asisolatedmodules. Both cascadesusedcost-basedROC grading
criteria basedon constant misclassi�cationcostsof .01 and .99 for falsepositivesand
falsenegatives respectively [21]. Both cascadesused5 operator-offset pairsper pixel
classi�er, relativeprobecenterslaid outovercircularapertureswith r(Dn) = 3� n pixels,
n = f 1� � � 5g, andanobjectrectangle sizeof 31 by 48 pixels. Training thePL andPOL
cascadestookroughly onedayand12hours respectively, andbothtakeroughly 1 second
to classifyanovel 360x240image.

Quantitative resultsfor thecascadesaresummarizedin Table1. POLachieves higher
pixel truepositive ratesthanPL, andtheir pixel falsepositive ratesarecomparable.For
both test imagecategories, the object true positive ratesfor POL aremuchhigherthan
for PL (82% vs. 30%and88%vs. 21%),with a reasonable numberof falsepositivesper
image(2.5 and2.8respectively). Also notethatPOLgeneralizeswell to themoredif�cult
HIC imagesnotseenin thetrainingdata,while PL doesnot.

Example resultscomparing PL andPOL on novel views of world con�gurations not
seenin the training dataareshown in Figure 5 for several cascadephases.Intuitively,
eachphasein POLremovesentireregionsof theimagefrom furtherconsideration,while
thepixel-level cascadegradually discardsisolated,individual pixels at eachphase.This
explainswhyPL requiresmany morecascadephases(35vs.12)to convergetoacceptable
recognition rates.An additional example resultfor POL is shown in Figure6.

The reasonfor theobjectfalsepositive ratesbetween2 and3 for POL is illustrated
in Figure3, bottomrow. Sinceaggregation scorestendto behigh at andnearthe target
object,theaggregationscoredropsoff slowly around its peakat thetrueobjectlocation
(Figure3, bottomrow, 3rd column), causinga number of object falsepositives in the
immediatevicinity of theobject.More advancedpost-processingroutines,suchasthose
usedto reducemultiple,overlapping facedetections[19], shouldaddressthis issuein the
future.

8 Conclusion
Wepresentedaframework for localizingcomplex-shapedobjectsin imagesby identifying
individualpixelsontheobjectandassemblingthepixelsinto coherent imageregions.By
optimizing bothtypesof processesin a single,uni�ed training framework, we areableto
detectobjectsin highly clutteredscenesunder arbitrary out-of-image-planerotation.
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