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Abstract

A wide range of methodshave beenproposedto detect
andrecgnizeobjects.However, effectiveandef cient multi-
viewpointdetectiorof objectds still in its infancy, sincemost
currentapproadcescanonly handlesingleviewpointsor as-
pects. This paper proposesa geneirl appmoadc for multi-
aspectdetectionof objects. As the running examplefor de-
tectionwe use pedestrianswhich add anothe dif culty to
the problem,namelyhumanbodyarticulations. Global ap-
peamncechangescausedy differentarticulationsandview-
points of pedestriansare handledin a uni ed mannerby a
genearlizationof thelmplicit ShapeModel[5]. Animportant
property of this new appmoad is to shae local appeaance
acrossdifferent articulations and viewpoints, therefore re-
quiring relativelyfew training samples.Theeffectivenessf
theapproad is shownandcompaedto previousappmoades
ontwo datasetsontainingpedestriansvith differentarticu-
lationsand frommultiple viewpoints.

1. Intr oduction

Detectinginstancesf an objectcategyory suchaspedes-
trians from single still imageshasbeenan active research
topic for anumberof years[4, 10,9, 15,7, 6, 3, 16]. Many
of the apgroachesuse appearancéasedmodelsand good
resultshave beenreportedon variousdatabasesWhile the
approachesaretypically fast, mostof themhave beenonly
trainedandusedfor single aspect®r viewpointsof pedestri-
anssuchassideviews or front/back-vievs with two notable
exceptiond15, 3].

The standardapproachto multi-viewpoint object detec-
tion is to useseveral detectorgunningin parallelandcom-
binetheiroutpusviaacomple arbitrationschemdl1]. The
main dravbacksof this approachare the needfor a com-
plex arbitration logic andfor largeramountf trainingdata.
In addtion, it is problematichow a discriminative classi er
for multiple (oftensimilar andcorrelatedyiewpointsof the
sameobjectcanbe trained. Interestingly recentwork [14]
hasshowvn that the individual detectors' discriminancecan
be increasedand the training datacan be more ef ciently

usedwhenfeaturesareshaedbetweerdetectors.

Evenwhenfeaturesaresharetetweerdifferentaspects,
currentapproachegypically requirethetrainingaspectso be
annotatednanually While this annotatiorstepis still feasi-
ble for rigid objectcategories, it becomegproblematiovhen
dealingwith articulatedcateyoriessuchaspedestrian. The
combinationof viewpoint andarticulationchangesnakesit
dif cult to discretizetraining views into consistensets,let
aloneto decidehow this discretizationrostershouldbe set
up.

Insteadof specifyingthetrainingaspectsnanually it be-
comeghereforedesirableo dealwith variousglobalappear
ancechangegaused.g.by human bodyarticulationsyiew-
pointchange®r objectdeformationsn aconsistenmanner
Ideally, thoseconsistentppearace changesrelearnedau-
tomatically from training data,e.g. by clusteringcoherent
views. [4] pursuesuchanappoachfor detectingpedestrian
sideviews by clusteringsilhouetesandstoringthemin atree
to speedup Chamfematching.However, globalapproaches,
suchasthe Chamfemmatchingmethod,arenot robustto par
tial occlusbn andlocal deformations.Localapproachesan
in generadealbetterwith partialocclusionsandlocal defor
mationsbut arelesssuitableto guaranteglobal consisteny.
Thereforeit is typically dif cult for localappoachedo han-
dle or evenreliably estimae multiple viewpoints.

The methodpresentedn this paperbuilds closely onthe
approachdevelopedin [6]. In that approachthe Implicit
ShapeModel (ISM) as a local approachis combinedwith
a globalveri cation stagebasel on silhouettes.The global,
silhouette-basederi cation step essentiallyallows to en-
forceglobalconsisteng of objecthypothesegeneratedrom
local evidence. While the principal effectivenesof the ap-
proachhasbeenshown, the global natureof the veri cation
stepmalkesit dif cult to dealwith partial occlusion.Rather
thanto rely onapurely globalveri cation stagetheapproach
proposedchereusesasemi-local(or semi-global)veri cation
stagefor differentarticulationsandviewpointsin a uni ed
manner The promiseis that this semi-localveri cation is
moredisaiminative thana purely local agproachwhile be-
ing morerobustthanapurelyglobal approachinterestingly



theveri®cationstagecanbe scaledto behae morelocally or
moreglobally dependingon the objectcategory at hand.

The main contrikutions of the paperare the following.
First, the paperintroducesa uni®ed appoach for multi-

viewpoint and multi-articulation detectionof pedestrians.

Second, through local appeaance sharing acrossarticu-
lations and viewpoints we can effectively learn a multi-

viewpoint and multi-articulation object model from rela-
tively few training samples.In a sensethis algorithm gen-
eralizesthe idea of sharing of features[14] to the sharing
of local appearancacrossobjectinstancesyiewpointsand
articulations. Third, the detectionalgorithm combinesthe
robustnes®f local approacheto partialocclusionandto lo-

cal deformationswith the advantagesf global consisteng

veri®cation. The semi-localnatureof this apprach canbe
scaledeitherto behare morelocally or globally e.g.depend-
ing on the amountof global deformationsof the respectie

objectclass

After a brief review of the original ISM recognitionap-
proach(seeSection?) thenew extended4D-ISM approachs
introducedin sectionSection3. Section4 describesxperi-
mentalresultson two challengingdatasetgontainingpedes-
triansfrom multiple viewpointsandwith differentarticula-
tions.

2. Standard Implicit ShapeModel

ISM Training. An ISM [6] is trainedby extractinglocal
featuresfrom training examplesand modellingtheir spatial
occurrencdlistributions on the objectcaegory. For this, a
scale-ivariantinterestpointdetecto is appliedto eachtrain-
ing image, and local descriptorsare calculatedon the ex-
tractedregions. Subsequentjythelocal descriptorsareclus-
teredto form a visual vocalulary (or codebook of typical
objectstructures.n a secondrun over thetraining datg the
spatialdistribution of eachcodebookentry is estimatedoy
recordingall matchinglocationson the training objects. In
additionto eachoccurrencdocation, a local segmentation
maskis stored,which is later usedto infer top-dovn seg-
mentationdor detectionhypotheses.

ISM Recognition For recognition,the samefeatureex-
traction procedureis applied, and extracted featurescast
votesfor objecthypothesed aprobabilisticextensionof the
Houghtransform[6]. Let e bealocal descriptorcomputecht
location”. Eachof thelocal descriptorss comparedo the
codebookandmay be matchedo several codebookentries.
Onecanthink of thesematchesasmultiple valid interpreta-
tionsl; for thedescriptoyeachof which holdswith the prob-
ability p(1;je). Eachinterpretatiorthencastsvotesfor differ-
entobjectcategorieso,, locations ; y andscales ac-
cordingto its learnedoccurrencelistribution P (0,; jli; ")
with = ( x; y; ). Thus,ary singlevote hasthe weight
P(on; jli; )p(lije) andthede<riptor's contrikution to the
hypothesiscan be expressedyy the following mamginaliza-

tion:
X
P(on; j&;) = P(on; jli; )p(lije;) 1)
X
= P( jon;1i; )p(onjli; )p(lije)
xi

P(on; )

P(on; Jjex: «) )

k

Thevotesarecollectedin acontinuous3D voting spaceand

maximaare found using Mean-ShiftMode Estimationwith

ascale-adaptie uniformkernelK [5]:
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The abore equationsassumestatisticalindependencef
the local imageregions. While this is not generallyvalid,
it is an approxmation,which works well in practice. Note
also,thatthe ®nal MDL veri®cationstep(seebelaw) helps
to decorrelatehein uencesof overlappingdescriptors.

Segmentation. Beyond objectlocalization a sggmenta-
tion maskcanbeinferredfor eachhypothesis.Thisisaccom-
plishedby backprojectinghe supportingvotesto theimage
andusingthe storedocal sgmentationgo infer apixel-wise
segmentatiorof the objectasshavn in [5].

Chamfer Veri cation. In [6], anadditionalChamferver-
i®cation stageis appliedto ®nd a shapetemplatethat simul-
taneouslymaximizeghe Chamferscoreandtheoverlapwith
the hypothesizedeggmentation.The overlapis expressedy
the Bhattacharyyaoef®cient[2], which measureshe af®n-
ity betweentwo distributions. Assuminga uniform distri-
bution for the pointsinsidethe shapetemplates, shiftedto
locationg, its overlapis comparedvith thehypothesizeday-
mentationSeg;:
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MDL Verication. Finally, a Minimum Description
Length(MDL) basedveri®cationstepis appliedin orderto
disambiguateoverlapping hypotheses. This procedurese-
lectsthe subsetof hypotheseavhich bestexplainsthe evi-

dencen theimage(see[5] for details).

3. A 4D Implicit ShapeModel

For the original ISM-model introducedin the previous
sectiongoodrecognitionresults have beenreportedon sev-
eral objectcateyoriesincluding cars, motorbikes cows and



pedestrian$s, 6]. All of theseresults,however, have been
reportedfor a singleviewpoint of a cateyory. It is therefore
unclearhow themodelperformsin a multi-aspecscenario.

This sectionextendsthe original modelto explicitly han-
dle and estimateviewpoints and articulationsof an object
catgory in a consistentmanner Ratherthanto usea 3D-
voting spaceasin equation2 the new approachusesa 4D-
voting space The additionaldimensionsummarizeglobal
appearancehangesawsedfor exampleby human-bodyar-
ticulations,viewpoint changesor globaldeformationf the
objectshapelt is importantto notethatit is inherenty dif®-
cultto de®neametricon globalappearancandshapedefor
mations. The additioral dimensionthereforeconsistsof an
unorderedsetof discreteglobalobjectshafs. Theparticular
setof objectshapess obtainedby a clusteringschemeThe
following introduceghe learningof theseviewpoint andar
ticulation clustersandthen describeshe novel 4D-Implicit
ShapeModel.

Learning viewpoint/articulation clusters  Clearly,
manuallabelling of aspectdn the training datais undesir
able,sinceit is bothtime consuminganddif®cult if objects
getmorecomple. Moreover, it' sunclearin how mary view-
pointsor articulationsthe datashouldbedivided.

Sincean objects shapeis often a goodindicationof the
currentviewpoint and articuldion, we automaticallylearn
shapeclustersfrom training data.Eachof theseclusterscor-
respondgo one articulationand viewpoint. During train-
ing we extractobjectsilhouettesor shapegrom thetraining
imagesand clusterthesewith an agglomeratie clustering
schemeThesimilarity measurdetweertwo shapess based
onthe Chamferdistancewhich enforcegglobal consisteny.

As anexampleFigure4 shavsthearticulationclustersfor
side-viav pedestriangeneatedby this method.

Theadwantageof thisapproachs ontheonehand thatar
ticulationsor viewpointscanbe identi®edwithout labelling
effort, on the otherhandit's easyto changethe numberof
clustershy selectingthe appropriatelevel in the clustering
hierarcly.

4D Recognition Procedure. Now, having our training
datalabelledwith shapeclusterinformation for differentar
ticulationsandviewpoints,we addthemasa 4th dimension
to thelSM voting spacegseeFigurel). In principleit is pos-
sible to extendthe probabilisticformulation (eqs. 1 and2)
directly to alsoincorporatemultiple shapes:

X
P(on; ;sie;l) = P(on; ;sjli;Dp(lije;l) (6)
X
= P(; sjon;lisp(onjli;)p(lije)
XI
P(on; ;9) P(on; ;sie;lk) (7)

k

Thereareseveralissteswith this formulation. First, it is
dif®cult to estimatethe probability densityP (; sjon;li;l)

reliably due to the increaseddimensionality in particular
from arelatively smallsetof data.Secondijt would becom-
putationallydif®cult to performa maxinum searchin a4-
dimensionalspace. Third and quite importantly sincethe
shapedimenson s is neithercontinuousnor orderedit is not
even clearhow the maximumsearchshouldbe formulated.
Thestandad ISM approactappliesaMean-Shift searchwith
a scaleadaptedernelwhich is no longerfeasiblefor this 4-
dimensionatase.

Thereforewe usethe following factorizationto obtaina
tractablesolution:

(8)
P(sj; on;1i;)P( jon;lish)p(onjli; p(lije)

P(on; ;sje;l) =
X(n je;l)

1
Pleasenote that all but the ®rstterm P (sj; o,;1i;1)) are
the sameasin equationl. Thereforewe can usethe fol-
lowing simple yet effective stratgy to ®nd the maximaof
equation7. By ®rst searchingheK 3D-maximain equa-
tion 2 we cannot only reducethe computationalcompleity
but alsoconstrainour searchto thoseareaof the probability
densitywith enoughevidenceandtrainingdata ChoosingkK
suf®ciently large, we can®nd all maximawith high proba-
bility. In practice theresultsareratherinsensitve to thepar
ticular choice of K. For thoseK maximawe thenretrieve
the contrituting votesandusethe following calculation(for
simplicity of notationwe useP (sjH) = P(sj; on;1i;1)):
X

P(siH) P(sic;H)p(qjH) ©)
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In this e(watio'ng corresponddo the individual shapes
presenin thetrainingdataands is a shapecluster P (sjc )
representghe probability thatshapes; is assignedo cluster
s. Hereforewe caneitherusehard or soft assignments$o
shapeclusters. If we usehardassignmentsye setP (sjc;)
to 1if ¢ is containedn clusters. For the soft assignments,
we usein our experimentsthe normalizedaveragesimilarity
of ashapeo theshapeclugers.

By following the above procedureye canobtainthe4D-
maximaof P(o,; ;s). This meansin particular that the
votescorrespondingo thesemaximaconformto acommon
shapecluster As aresult, the voting schemeproduceshy-
potheseswhich have a consistengrticulationor viewpoint.
An exampleof thisimproved consisteng is depictedn Fig-
ure 2. Thetwo overlappingpedestriancreatean hypoth-
esiswith a third foot (secondimage). By consideringthe
shapedimensionin the voting procedurethe new approach
is ableto eliminatethis local eviderce inconsisent with the
estimatedshapecluster

By alteringthe thresholdsof the clusteringstep, we can
adjustthe alove voting schemeo be moresensitve to local



Figure 1. For eachcodebookentry we store the spatial occur
rencedistribution, as well as the associatedshaperesultingin a
4-dimensionabccurrencespace.

Figure 2. Overlappingpedestrianganleadto hypothesiswith too
mary extremities.By consideringheshapedimensionin thevoting
frameawork, thesein uencescanbediminishel or eveneliminated.

Figure 3. Exampleimagesfrom training setA

or globalin uences. In the extremecaseof only oneshape
cluster we arebackat the original Standad ISM, which re-
lies only onlocal evidence.

4. Experimental Evaluation

The aim of this sectionis to evaluatethe performanceof
the new 4D recoquition schemeproposedn section3. The
main emphasizés on the overall recognitionperformance
by ®nding hypotheseswhich are consistenwith the shape
clusters.Additionally, we areevaluatingthe articulationand
viewpoint estimationaswell.

Two setsof experimentsaredescribed.Training andtest
setA containpedestriangrom a single viewpoint, namely
side-viavs, but differentarticulations. A particularchallenge
in this experimentis thatthe backgroundsandthe visual ap-
pearancdiffer considerablédbetweentraining and test set.
Seecolumn(a) of Figure6 for exampleimageof thetestset
andFigure 3 for examplesof thetrainingimages.

Training setA contains210 pedestriansyhich are mir-
roredin orderto have the sameamountof pedestrianfiead-
ing left andright. TestsetA consistsof imagesfrom traf®c
sceneswith atotal of 181 pedestriansTraining andtestset
B containpedestrias from multiple viewpoints. The train-
ing setconsistof 412examples.Thetestsethas279images
with atotal of 847 annotategedestriangseeFigure9).

For bothtraining sets,segmentatiormasksare available.
Theseare typically computedfrom the recordedimagese-
guenceswith a Grimson-Stauer backgroundmodel [13].

Figure 4. Automaticallyfound articulationclusterson training set
A for theright-left walking direction. Thereexist anequalnumber
of mirroredclusters.

Fromthesesegmentatiommask,we additionallycomputethe
shapesilhouettes, which are usedfor the shapeclustering
stepduringmodeltraining

Pedestriangn the test setsare annotatedvith bounding
boxes. Additionally we annotatedhe articulationandview-
point. For the viewpointswe use3 orientations:front-back,
sideanddiagonal Thearticulationsareanndatedaccording
to theclusterswhich resultedfrom anagglomeratie cluster
ing of the shapesilhouettes. This clusteringcontains5 ar
ticulationsfrom a typical walking cycle andtheir respectre
mirroredarticulation,which resultsin a total of 10 clusters
(seeFigure4)

4.1.TestSetA - Articulations

Our evaluationon testsetA is conductedwith regardto
pedestriararticulgions. For modeltraining we usea mod-
i®ed ShapeContet descriptor[1, 8], which hasbeenpro-
posedfor pedestriardetecton in [12]. For comparisorwe
alsoprovide theresultsobtainedwith plainimagepatchesas
local descriptors.

Figure 5 depictsthe respectie results. The standard
ISM approachusing image pathesand the Difference-of-
Gaussiangletectorachievesonly an equalerror rate (EER)
of 50% This is probablydueto the large appearancelif-
ferencesdetweentraining andtestsetandthe dif®cult data,
whichincludesheaily clutteredbackgroundsAs shavn in
[6] this performancecanbe improved by a Chamferveri®-
cation stage. For testsetA, however, the improvementis
moderate.

Using ShapeContext descriptorsalongwith the Hessian-
Laplacedetectomreatly improvesperformancéo anEER of
74%. ShapeContet descriptorsseemto generalizebetter
sincethey operateon edgeinformation only (seealso[12]).
Furtherimproving theseresultswith a Chamferveri®cation
fails for a numberof reasons.Firstly, the remainingobject
instancesare quite challengingasthes often correspondo
instanceswith low contrastagainstthe backgroundor sig-
ni®cant partial occlusion. Chamferveri®cationis a global
constrainthaving dif®culties with suchcases. Particularly
if edgestructuesarenot visible at sone part of the object.
Secondly ShapeContext and Chamfermatchingboth focus
on edgeinformation. Thus, thereis no additional comple-
mentaryinformationwhich is exploited.



Figure 5. Recognitionperformanceon side-viev pedestriangTest
SetA).

The proposedD-ISM is a semi-localapproacranddoes
not suffer from the samedrawvbacksof the global Chamfer
veri®cation.Additionally it exploits consisteng information
on the articulationclustersnot on a single silhouettealone.
Thisinformationhasnot beenavailablein the standardSM

approachandresultsin a signi®cantperformancencrease.

The 4D-ISM achiezesup to 85% EER on testsetA, which
meansan improvementof 11% (seeFigure5). Therefore
the novel 4D-recognitionschemeprovesto increaseperfor
mancebothwith respecto theoriginal ISM approactaswell
astheglobal Chamferveri®cationscheme.

Figure6 compareshedetectiorresultsof Chamferveri®-
cationandthenovel 4D-ISM visually by illustrating someof
thetypicalfailurecase®f theglobalChamfercriterion. Row
1 and2 of the®gureshow how the ChamferVeri®cationcan
getdistractedby neigtboring edgefeatuuresandshift the hy-
pothesesway from their properposition. Row 4, 5 and7
depictcasesvhereno training silhouettematchego the test
pedestrian.This canbe dueto differentclothing (row 4) or
partialocclusion(row 5; 7). While Chamferveri®cationfails
in thesecasesthe semi-globaldD-ISM still managedo re-
coverthearticulaton from local information.In generalthe
4D-ISM seemgo bemuchlesssensitve to badgroundclut-
ter (seee.g. falsepositive detectionson baclgroundin row
4 and6). This canbe explainedby the fact, thatin uences
from the backgroundare seldomlyconsistentith the same
shapeclusterandcanthusbeeliminatedin the4D-ISM.

This resultsin particularin a betterdetecton precision,
with the®rstfalse positive detectionsappearingt0%recall
(seeFigureb). But alsotherecognitonrecallis signi®cantly
improvedwith the new approad.

Theresultsin Figure5 alsoshav tha using soft assign-
mentsin the 4D voting procealureis superiorto hard assign-
ments This wasto be expected,sinceerrorsin the cluster
assignmenhave a directimpacton the recogniton perfor
mance.Softassignmets avoid a harddecisionandfeedad-

(@) (b) (c)
Figure 6. Articulation estimategontainingtypical failure casedor
Chamferveri cation (silhouettesand shapeclustersdrawvn in yel-
low) — (a) testimage, (b) Chamferveri cation hypothesis|c) 4D-
ISM articulationestimate

Figure 7. Typical failure casef the4D-ISM approachFalsepos-
itivesdravn in red.

ditional similarity informationto thelaterrecogiition stages.
In this way articulationsandviewpoints,which arebetween
thelearnedclustersarebeter handled.

Neverthelessherearesituations whereevenvoting with
soft assignmentdails. Figure 7 shavs sometypical fail-
ure casesof the our approach.Mainly, we distinguishtwo
classef failures. The ®rst classare misseddetectiongdue
to clothing with poor contrastto the background(see®rst
imageof Figure7). Distractingbackgroundstructuresare
responsibldor falsepositive detectionsthe secondclassof
failures. Even thoughthis effect hasbeensuccessfullyre-
ducedby the proposedapproach falsedetectionsoccurr if
local backgroundstruduresare particularly strongand nu-
merousover alargerimageregion.

Finally, we comparedthe obtainedresultsto the state-
of-the-artdetectorfrom Dald&T riggs[3] usingthe detector
available form the authors webpage.We hadto adap the
sizeof the detectionboundingboxes,which tendto be quite
large and causeour strict evaluationcriterion to rejectcor



Articulation Estimategcolumn1-10)
5% 5% || 11%
8%

63%
8%

16%

58% 25%
9%
14%
5%
7%
44%
10%

82%
7%

5% 5%
21%

5%

21% | 36%

68%

21%

7%
6%
10%
17%

86%
25%
10%

6% 6% 6%
70%
17%

8%

6%

Annotations(row 1-10)

33% | 33%

75%

17%

Table 1. Confusionmatrix for the articulationestimate(left/upper
partfor articulationsheadingright, right/lower partfor themirrored
articulations).Rows correspondo the annotationsgolumnsto the
estimates.

rect detectionsasfalsepositives. The detectorachiezesan
EER performancef 57%ontestsetA. To befair, it should
be mentionedthat our detectorwastrainedin this caseon
side-viavs only, whereastheir systemwas built for multi-
viewpoint detection. On testsetB the comparisorwill be
more meaningfulaswe alsotrain our detectorfor multiple
viewpoints.

Using the novel 4D recognitionschemewe obtain not
only a position estimateof the pedestriansbut alsoan es-
timateof the humanbodyarticulation.In our evaluation,we
achieve anarticulationrecogtition rateof 63%for detectons
atthe EER,which is respectableonsideringhatwe have a
10 classproblemand very dif®cult backgraind structurs.
In orderto have a propercomparisonfor these®gures,we
evaluatedthe articulaton estimateon the hypothese®f the
Chamferveri®cationas well. Therean estimationperfor
manceof 55%is achievedfor the samenumber of clusters.

Table 1 shaws the corfusion matrix for the articulation
estimateswith the 4D-ISM. The upperleft part of the ma-
trix correspondgo articulations headingright in the order
depictedin Figure4. The lower right partto their respec-
tive mirroredversions.Therows of the matrix correspondo
theamotationsandthecolumnsto thearticulationestimates.
Thoughthe estimationis reliable for most of the articula-
tions, it performspoor on someof them. Often,however, the
estimateconfusegherealarticulationwith oneof the neigh-
boringarticulationgn awalking cycle (seee.g. row 9, where
17%and33%of theestimatesorrespondo thepreviousand
next cluster). Otherfailure casesnclude misinterpretation
of thewalking direction,which canbehard for articulations,
that are quite symmetrical(seee.g. row 2, where 25% of
theestimatesrethe corred clusterin the walking cycle, but
headingn the oppositediredion).

Finally, we obsenredthatthe scaleestmation for the hy-
pothesegeneratedy the4D-ISM is signi®cantlyenhanced,
too. This indicatesthatthe quality of the hypothesess im-
proved by the approach.At the EER, the standardSM has
a scaleestimationerror of 6:1%. The 4D voting schemeae-
sultsin ascaleestimationerrorof only 4:2%. Thereasorfor
this improvemaent is thatthe resultinghypothese®f the 4D-
ISM aremoreconsistentindlessin uenced by background

structures.

4.2.TestSetB - Viewpoints

OntestsetB we analyseaheperformancef theproposed
approachor multi-viewpoint images. Again, we apply the
standardSM approachaswell asthenew 4D-ISM.

ThestandardSM appoachachievesalreadyanequaler-
ror rate of 74% Even thoughall local appearancearein-
corporatednto acommonmodel,which discardsary infor-
mationaboutviewpoints,the modelseemso be ableto suc-
cessfullydetectpedestrnsin ary orientation.

Whenusing4D-ISM we canfurtherincreasehis perfor
mance77% EER (seeFigure8). Of specialinterestis also
the fact that the systemgeneratewvalid hypothesesven if
pedestriansre consderablyoverlappingor occluded. This
is oneof the strengthof this semi-localapproach.

Particularly the recognitionprecison in the ®rst part of
thecurve bene®tdrom theadditionalshapedimensio with a
16%higherrecallfor 90% precision.At higherrecallvalues
in the secondpartof the curve, no signi®cantdifferencecan
be obsered. An improvementin recognitionrecall would
have probablyneededa ®nergrainedviewpoint clustering.

In orderto comparetheseresultsto the state-of-the-art,
we applied again the detectorof [3]. The performanceof
this detectoron testsetB is betterthanISM and 4D-ISM
for recall valuesbelowv 40% Above 40% the proposed4D-
ISM outperformghe detectomwith, e.g.,8% higherrecallfor
80% precision. This indicatesthat our systemcangenerate
consistentletectionhypothesidor dif®cult testexamplesat
higherrecall values. Especiallyinterestingis, thatthis per
formanceis achieved by training our detectoron only 412
training images. The detectorof [3] wastrained on 2416
positive examplesand 12180 negative examples,which is
morethanan order of magnitudemore. This demonstrates
the ef®ciengy of our approacho sharefeaturesbetweernthe
differentviewpointsandarticulations.

As for the viewpoint estimation,an overall accurag of
71% is achieved for the 3 classesside-viav, diagonaland
front-back. As canbe seenfrom the confusionmatrix in
Table 2, there is a bias towards the front-back viewpoint.
23% of the side-viev pedestriang&nd 31% of the pedestri-
answalking diagonalarerecognizedasfrontal or backwards
orientated(last column of the matrix). This seemsodd at
®rst, howeverit canbeexplainedby thefact,thatpedestrians
with closedlegs have very similar shapesn ary viewpoint
andarehardlydistinguishake by thesystem.

5. Conclusion

In this paperwe have introduceda uni®ed approachfor
multi-aspecbbjectrecognition. The approachs ableto au-
tomaticallyidentify the differentaspectsn thetrainingdata,
by clusteringthe objectshapeswith an agglomeratie clus-
teringscheme. This clusteringis usedto augnentthelSM's



Figure 8. Recognitionperformanceon multi-view testdata (Test
SetB). As the provided detectorof [3] usesa x edthresholdwe
could not determinethe later partsof the precision-recalturve of
the detector

Viewpoint Est.
S | 66% | 11% | 23%
S 6% |63% | 31%
<[ 2% | 2% | 95%

Table2. Confusionmatrix for viewpoint estimaion (side,diagonal,
front-back). Rows correspondo the annotationscolumnsto the
estimates.

probabilistic voting schemewith a 4th shapedimension.
Thus, we can searchfor object hypothesesn a 4D voting
spacewhich are consistentwith the learnedaspects.In or-
derto malke the searchef®cient, we proposedo ®rst search
in the mamginalized3D spaceand usetheseresuts to infer
themaximaof the4D space.

We have shawvn the pefformanceof the approacton two
challengingdatasetswith focusto objectarticulationsand
multi-viewpoint detection. Our approachoutperformsboth
the original ISM approactof [5, 6], aswell asthe state-of-
the-artdetectorof [3] on bothtestsets.Its semi-localnature
combinesthe robustnessof local approacheso partial oc-
clusionandlocal deformatiors with theadvantage®f global
consisteng veri®cation.

By sharhg featuresbetveenobject apects,we can ef-
®ciently learn a statisticalmodel from relatively few train-
ing examples.In our experimentswe achieve alreadygood
recognitionrateswith 50  100trainingexamples.

In additionto the improved recognitionperformanceof
theapproachthe new approackenablegheestimationof ar
ticulationsor viewpointsof atestobject. Thisis, e.g.,impor
tantin atraf®c scenariao predictthe directiona pedestrian
is heading.
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Figure9. Exampledetectiongin yellow) andfalsepositives(in red)
ontestseB atthe EER.
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