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Abstract

A wide range of methodshavebeenproposedto detect
andrecognizeobjects.However, effectiveandef�cient multi-
viewpointdetectionof objectsis still in its infancy, sincemost
currentapproachescanonlyhandlesingleviewpointsor as-
pects. This paper proposesa general approach for multi-
aspectdetectionof objects.As the runningexamplefor de-
tectionwe usepedestrians,which add another dif�culty to
the problem,namelyhumanbodyarticulations. Global ap-
pearancechangescausedbydifferentarticulationsandview-
pointsof pedestriansare handledin a uni�ed mannerby a
generalizationof theImplicit ShapeModel[5]. Animportant
propertyof this new approach is to share local appearance
acrossdifferent articulations and viewpoints, therefore re-
quiring relativelyfew training samples.Theeffectivenessof
theapproach is shownandcomparedto previousapproaches
on twodatasetscontainingpedestrianswith differentarticu-
lationsandfrommultipleviewpoints.

1. Intr oduction

Detectinginstancesof anobjectcategory suchaspedes-
trians from single still imageshasbeenan active research
topic for a numberof years[4, 10, 9, 15, 7, 6, 3, 16]. Many
of the approachesuseappearancebasedmodelsand good
resultshave beenreportedon variousdatabases.While the
approachesaretypically fast,mostof themhave beenonly
trainedandusedfor singleaspectsor viewpointsof pedestri-
anssuchasside-views or front/back-views with two notable
exceptions[15, 3].

The standardapproachto multi-viewpoint object detec-
tion is to useseveraldetectorsrunningin parallelandcom-
binetheiroutputsvia acomplex arbitrationscheme[11]. The
main drawbacksof this approachare the needfor a com-
plex arbitration logic andfor largeramountsof trainingdata.
In addition, it is problematichow a discriminative classi�er
for multiple (oftensimilar andcorrelated)viewpointsof the
sameobjectcanbe trained. Interestingly, recentwork [14]
hasshown that the individual detectors' discriminancecan
be increasedand the training datacan be more ef�ciently

usedwhenfeaturesaresharedbetweendetectors.
Evenwhenfeaturesaresharedbetweendifferentaspects,

currentapproachestypically requirethetrainingaspectstobe
annotatedmanually. While this annotationstepis still feasi-
ble for rigid objectcategories,it becomesproblematicwhen
dealingwith articulatedcategoriessuchaspedestrians. The
combinationof viewpoint andarticulationchangesmakesit
dif�cult to discretizetraining views into consistentsets,let
aloneto decidehow this discretizationrostershouldbe set
up.

Insteadof specifyingthetrainingaspectsmanually, it be-
comesthereforedesirableto dealwith variousglobalappear-
ancechangescausede.g.by human bodyarticulations,view-
pointchangesor objectdeformationsin aconsistentmanner.
Ideally, thoseconsistentappearancechangesarelearnedau-
tomatically from training data,e.g. by clusteringcoherent
views. [4] pursuessuchanapproachfor detectingpedestrian
sideviewsby clusteringsilhouettesandstoringthemin atree
to speedupChamfermatching.However, globalapproaches,
suchastheChamfermatchingmethod,arenot robustto par-
tial occlusion andlocal deformations.Localapproachescan
in generaldealbetterwith partialocclusionsandlocaldefor-
mationsbut arelesssuitableto guaranteeglobalconsistency.
Thereforeit is typically dif�cult for localapproachesto han-
dleor evenreliablyestimatemultipleviewpoints.

Themethodpresentedin this paperbuilds closely on the
approachdevelopedin [6]. In that approachthe Implicit
ShapeModel (ISM) as a local approachis combinedwith
a globalveri�cation stagebased on silhouettes.Theglobal,
silhouette-basedveri�cation step essentiallyallows to en-
forceglobalconsistency of objecthypothesesgeneratedfrom
local evidence.While the principal effectivenessof the ap-
proachhasbeenshown, theglobalnatureof theveri�cation
stepmakesit dif�cult to dealwith partialocclusion.Rather
thanto rely onapurely globalveri�cation stagetheapproach
proposedhereusesasemi-local(or semi-global)veri�cation
stagefor differentarticulationsandviewpoints in a uni�ed
manner. The promiseis that this semi-localveri�cation is
morediscriminative thana purely local approachwhile be-
ing morerobustthanapurelyglobalapproach.Interestingly,
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theveri®cationstagecanbescaledto behavemorelocally or
moregloballydependingon theobjectcategoryathand.

The main contributions of the paperare the following.
First, the paper introducesa uni®ed approach for multi-
viewpoint and multi-articulation detectionof pedestrians.
Second, through local appearance 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 appearanceacrossobjectinstances,viewpointsand
articulations. Third, the detectionalgorithm combinesthe
robustnessof localapproachesto partialocclusionandto lo-
cal deformationswith the advantagesof global consistency
veri®cation. The semi-localnatureof this approachcanbe
scaledeitherto behavemorelocally or globallye.g.depend-
ing on the amountof global deformationsof the respective
objectclass

After a brief review of the original ISM recognitionap-
proach(seeSection2) thenew extended4D-ISM approachis
introducedin sectionSection3. Section4 describesexperi-
mentalresultson two challengingdatasetscontainingpedes-
triansfrom multiple viewpointsandwith differentarticula-
tions.

2. Standard Implicit ShapeModel
ISM Training. An ISM [6] is trainedby extractinglocal

featuresfrom training examplesandmodellingtheir spatial
occurrencedistributionson the objectcategory. For this, a
scale-invariantinterestpointdetector is appliedto eachtrain-
ing image,and local descriptorsare calculatedon the ex-
tractedregions.Subsequently, thelocal descriptorsareclus-
teredto form a visual vocabulary (or codebook) of typical
objectstructures.In a secondrun over thetrainingdata, the
spatialdistribution of eachcodebookentry is estimatedby
recordingall matchinglocationson the training objects. In
addition to eachoccurrencelocation, a local segmentation
maskis stored,which is later usedto infer top-down seg-
mentationsfor detectionhypotheses.

ISM Recognition. For recognition,thesamefeatureex-
traction procedureis applied, and extracted featurescast
votesfor objecthypothesesin aprobabilisticextensionof the
Houghtransform[6]. Let ebealocaldescriptorcomputedat
location`. Eachof the local descriptorsis comparedto the
codebookandmaybematchedto several codebookentries.
Onecanthink of thesematchesasmultiple valid interpreta-
tionsI i for thedescriptor, eachof whichholdswith theprob-
ability p(I i je). Eachinterpretationthencastsvotesfor differ-
entobjectcategorieson , locations� x ; � y andscales� � ac-
cordingto its learnedoccurrencedistribution P(on ; � jI i ; `)
with � = (� x ; � y ; � � ). Thus,any singlevotehastheweight
P(on ; � jI i ; `)p(I i je) andthedescriptor's contribution to the
hypothesiscanbe expressedby the following marginaliza-

tion:

P(on ; � je;`) =
X

i
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Thevotesarecollectedin acontinuous3D votingspace,and
maximaarefound usingMean-ShiftMode Estimationwith
ascale-adaptiveuniformkernelK [5]:
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The above equationsassumestatisticalindependenceof
the local imageregions. While this is not generallyvalid,
it is an approxmation,which works well in practice. Note
also,that the ®nal MDL veri®cationstep(seebelow) helps
to decorrelatethein�uencesof overlappingdescriptors.

Segmentation. Beyond object localization, a segmenta-
tion maskcanbeinferredfor eachhypothesis.Thisisaccom-
plishedby backprojectingthesupportingvotesto the image
andusingthestoredlocalsegmentationsto infer apixel-wise
segmentationof theobjectasshown in [5].

Chamfer Veri�cation. In [6], anadditionalChamferver-
i®cationstageis appliedto ®nd a shapetemplatethatsimul-
taneouslymaximizestheChamferscoreandtheoverlapwith
thehypothesizedsegmentation.Theoverlapis expressedby
theBhattacharyyacoef®cient [2], which measurestheaf®n-
ity betweentwo distributions. Assuminga uniform distri-
bution for the pointsinsidethe shapetemplates, shiftedto
locationq, itsoverlapiscomparedwith thehypothesizedseg-
mentationSeg:

O(q) =
X

x

p
Seg(x)s(x; q) (4)

anda joint scoreis computedasa linearcombination

score = � �
�

1 �
D chamf er

�

�
+ (1 � � ) � O(q) (5)

MDL Veri�cation. Finally, a Minimum Description
Length(MDL) basedveri®cationstepis appliedin orderto
disambiguateoverlappinghypotheses. This procedurese-
lects the subsetof hypotheseswhich bestexplains the evi-
dencein theimage(see[5] for details).

3. A 4D Implicit ShapeModel

For the original ISM-model introducedin the previous
sectiongoodrecognitionresultshave beenreportedon sev-
eral objectcategoriesincluding cars,motorbikes, cows and



pedestrians[5, 6]. All of theseresults,however, have been
reportedfor a singleviewpoint of a category. It is therefore
unclearhow themodelperforms in amulti-aspectscenario.

This sectionextendstheoriginal modelto explicitly han-
dle and estimateviewpoints and articulationsof an object
category in a consistentmanner. Ratherthan to usea 3D-
voting spaceasin equation2 the new approachusesa 4D-
voting space. The additionaldimensionsummarizesglobal
appearancechangescausedfor exampleby human-bodyar-
ticulations,viewpointchanges,or globaldeformationsof the
objectshape.It is importantto notethatit is inherently dif®-
cult to de®neametriconglobalappearanceandshapedefor-
mations. The additional dimensionthereforeconsistsof an
unorderedsetof discreteglobalobjectshapes.Theparticular
setof objectshapesis obtainedby a clusteringscheme.The
following introducesthelearningof theseviewpoint andar-
ticulation clustersandthendescribesthe novel 4D-Implicit
ShapeModel.

Learning viewpoint/articulation clusters. Clearly,
manuallabelling of aspectsin the training datais undesir-
able,sinceit is both time consuminganddif®cult if objects
getmorecomplex. Moreover, it' sunclearin how many view-
pointsor articulationsthedatashouldbedivided.

Sincean object's shapeis often a goodindicationof the
currentviewpoint and articulation, we automaticallylearn
shapeclustersfrom trainingdata.Eachof theseclusterscor-
respondsto one articulationand viewpoint. During train-
ing we extractobjectsilhouettesor shapesfrom thetraining
imagesand cluster thesewith an agglomerative clustering
scheme.Thesimilarity measurebetweentwo shapesis based
on theChamferdistance,whichenforcesglobalconsistency.

As anexampleFigure4 showsthearticulationclustersfor
side-view pedestriansgeneratedby thismethod.

Theadvantageof thisapproachis ontheonehand,thatar-
ticulationsor viewpointscanbe identi®edwithout labelling
effort, on the otherhandit' s easyto changethe numberof
clustersby selectingthe appropriatelevel in the clustering
hierarchy.

4D Recognition Procedure. Now, having our training
datalabelledwith shapeclusterinformation for differentar-
ticulationsandviewpoints,we addthemasa 4th dimension
to theISM votingspace(seeFigure1). In principle it is pos-
sible to extendthe probabilisticformulation(eqs. 1 and2)
directly to alsoincorporatemultipleshapess:

P(on ; � ; sje;l ) =
X

i

P(on ; � ; sjI i ; l )p(I i je;l ) (6)

=
X

i

P(�; sjon ; I i ; l )p(on jI i ; l )p(I i je)

P(on ; � ; s) �
X

k

P(on ; � ; sjek ; lk ) (7)

Thereareseveral issueswith this formulation. First, it is
dif®cult to estimatethe probability densityP(�; sjon ; I i ; l )

reliably due to the increaseddimensionality, in particular
from arelatively smallsetof data.Second,it would becom-
putationallydif®cult to performa maximum searchin a4-
dimensionalspace. Third and quite importantly, sincethe
shapedimensions is neithercontinuousnororderedit is not
even clearhow the maximumsearchshouldbe formulated.
Thestandard ISM approachappliesaMean-Shift searchwith
a scale-adaptedkernelwhich is no longerfeasiblefor this 4-
dimensionalcase.

Thereforewe usethe following factorizationto obtaina
tractablesolution:

P(on ; � ; sje;l ) = (8)
X

i

P(sj�; on ; I i ; l )P(� jon ; I i ; l )p(on jI i ; l )p(I i je)

Pleasenote that all but the ®rst term (P(sj�; on ; I i ; l )) are
the sameas in equation1. Thereforewe can usethe fol-
lowing simple yet effective strategy to ®nd the maximaof
equation7. By ®rst searchingtheK 3D-maximain equa-
tion 2 we cannot only reducethecomputationalcomplexity
but alsoconstrainoursearchto thoseareasof theprobability
densitywith enoughevidenceandtrainingdata. ChoosingK
suf®ciently large, we can®nd all maximawith high proba-
bility. In practice,theresultsareratherinsensitive to thepar-
ticular choice of K . For thoseK maximawe thenretrieve
thecontributing votesandusethefollowing calculation(for
simplicity of notationweuseP(sjH ) = P(sj�; on ; I i ; l )):

P(sjH ) =
X

j

P(sjcj ; H )p(cj jH ) (9)

=
X

j

P(sjcj )p(cj jH ) (10)

In this equationcj correspondsto the individual shapes
presentin thetrainingdataands is a shapecluster. P(sjcj )
representstheprobability thatshapecj is assignedto cluster
s. Hereforewe caneitherusehard or soft assignmentsto
shapeclusters.If we usehardassignments,we setP(sjcj )
to 1 if cj is containedin clusters. For thesoft assignments,
we usein our experimentsthenormalizedaveragesimilarity
of ashapeto theshapeclusters.

By following theaboveprocedure,wecanobtainthe4D-
maximaof P(on ; � ; s). This meansin particular, that the
votescorrespondingto thesemaximaconformto a common
shapecluster. As a result, the voting schemeproduceshy-
potheses,which have a consistentarticulationor viewpoint.
An exampleof this improvedconsistency is depictedin Fig-
ure 2. The two overlappingpedestrianscreatean hypoth-
esiswith a third foot (secondimage). By consideringthe
shapedimensionin thevoting procedure,thenew approach
is ableto eliminatethis localevidence inconsistentwith the
estimatedshapecluster.

By alteringthe thresholdsof the clusteringstep, we can
adjusttheabove voting schemeto bemoresensitive to local



Figure 1. For eachcodebookentry, we store the spatial occur-
rencedistribution, as well as the associatedshaperesulting in a
4-dimensionaloccurrencespace.

Figure 2. Overlappingpedestrianscanleadto hypothesiswith too
many extremities.By consideringtheshapedimensionin thevoting
framework, thesein�uencescanbediminished or eveneliminated.

Figure3. Exampleimagesfrom trainingsetA

or global in�uences. In theextremecaseof only oneshape
cluster, we arebackat theoriginal Standard ISM, which re-
liesonly on localevidence.

4. Experimental Evaluation

Theaim of this sectionis to evaluatetheperformanceof
thenew 4D recognition schemeproposedin section3. The
main emphasizeis on the overall recognitionperformance
by ®nding hypotheses,which areconsistentwith the shape
clusters.Additionally, we areevaluatingthearticulationand
viewpointestimationaswell.

Two setsof experimentsaredescribed.Trainingandtest
setA containpedestriansfrom a singleviewpoint, namely
side-views,but differentarticulations.A particularchallenge
in this experimentis thatthebackgroundsandthevisualap-
pearancediffer considerablebetweentraining and test set.
Seecolumn(a)of Figure6 for exampleimagesof thetestset
andFigure3 for examplesof thetrainingimages.

Training setA contains210 pedestrians,which aremir-
roredin orderto have thesameamountof pedestrianshead-
ing left andright. TestsetA consistsof imagesfrom traf®c
sceneswith a total of 181pedestrians.Trainingandtestset
B containpedestrians from multiple viewpoints. The train-
ing setconsistsof 412examples.Thetestsethas279images
with a total of 847annotatedpedestrians(seeFigure9).

For both trainingsets,segmentationmasksareavailable.
Theseare typically computedfrom the recordedimagese-
quenceswith a Grimson-Stauffer backgroundmodel [13].

Figure 4. Automaticallyfoundarticulationclusterson trainingset
A for theright-left walking direction.Thereexist anequalnumber
of mirroredclusters.

Fromthesesegmentationmask,weadditionallycomputethe
shapesilhouettes, which are usedfor the shapeclustering
stepduringmodeltraining.

Pedestriansin the testsetsareannotatedwith bounding
boxes.Additionally we annotatedthearticulationandview-
point. For theviewpointswe use3 orientations:front-back,
sideanddiagonal. Thearticulationsareannotatedaccording
to theclusterswhich resultedfrom anagglomerativecluster-
ing of the shapesilhouettes.This clusteringcontains5 ar-
ticulationsfrom a typical walking cycle andtheir respective
mirroredarticulation,which resultsin a total of 10 clusters
(seeFigure4)

4.1.TestSetA ­ Articulations

Our evaluationon testsetA is conductedwith regard to
pedestrianarticulations. For modeltraining we usea mod-
i®edShapeContext descriptor[1, 8], which hasbeenpro-
posedfor pedestriandetection in [12]. For comparisonwe
alsoprovide theresultsobtainedwith plain imagepatchesas
localdescriptors.

Figure 5 depicts the respective results. The standard
ISM approachusing imagepatchesand the Difference-of-
Gaussiansdetectorachievesonly an equalerror rate(EER)
of 50%. This is probablydue to the large appearancedif-
ferencesbetweentrainingandtestsetandthedif®cult data,
which includesheavily clutteredbackgrounds.As shown in
[6] this performancecanbe improved by a Chamferveri®-
cation stage. For test set A, however, the improvementis
moderate.

UsingShapeContext descriptorsalongwith theHessian-
Laplacedetectorgreatly improvesperformanceto anEERof
74%. ShapeContext descriptorsseemto generalizebetter,
sincethey operateon edgeinformationonly (seealso[12]).
Furtherimproving theseresultswith a Chamferveri®cation
fails for a numberof reasons.Firstly, the remainingobject
instancesarequitechallengingasthese oftencorrespondto
instanceswith low contrastagainst the backgroundor sig-
ni®cant partial occlusion. Chamferveri®cation is a global
constrainthaving dif®culties with suchcases. Particularly
if edgestructuresarenot visible at some part of the object.
Secondly, ShapeContext andChamfermatchingboth focus
on edgeinformation. Thus, thereis no additional comple-
mentaryinformationwhich is exploited.



Figure 5. Recognitionperformanceon side-view pedestrians(Test
SetA).

Theproposed4D-ISM is a semi-localapproachanddoes
not suffer from the samedrawbacksof the global Chamfer
veri®cation.Additionally it exploitsconsistency information
on the articulationclustersnot on a singlesilhouettealone.
This informationhasnot beenavailablein thestandardISM
approachandresultsin a signi®cantperformanceincrease.
The4D-ISM achievesup to 85% EER on testsetA, which
meansan improvementof 11% (seeFigure 5). Therefore
the novel 4D-recognitionschemeprovesto increaseperfor-
mancebothwith respectto theoriginalISM approachaswell
astheglobalChamferveri®cationscheme.

Figure6 comparesthedetectionresultsof Chamferveri®-
cationandthenovel 4D-ISM visuallyby illustratingsomeof
thetypicalfailurecasesof theglobalChamfercriterion.Row
1 and2 of the®gureshow how theChamferVeri®cationcan
getdistractedby neighboringedgefeaturesandshift thehy-
pothesesaway from their properposition. Row 4, 5 and7
depictcaseswhereno trainingsilhouettematchesto thetest
pedestrian.This canbedueto differentclothing (row 4) or
partialocclusion(row 5; 7). While Chamferveri®cationfails
in thesecases,thesemi-global4D-ISM still managesto re-
cover thearticulation from local information.In general,the
4D-ISM seemsto bemuchlesssensitive to backgroundclut-
ter (seee.g. falsepositive detectionson backgroundin row
4 and6). This canbe explainedby the fact, that in�uences
from thebackgroundareseldomlyconsistentwith thesame
shapeclusterandcanthusbeeliminatedin the4D-ISM.

This resultsin particularin a betterdetection precision,
with the®rst falsepositivedetectionsappearingat50%recall
(seeFigure5). But alsotherecognitionrecallis signi®cantly
improvedwith thenew approach.

The resultsin Figure5 alsoshow that usingsoft assign-
mentsin the4D voting procedureis superiorto hard assign-
ments. This wasto be expected,sinceerrorsin the cluster
assignmenthave a direct impacton the recognition perfor-
mance.Softassignments avoid a harddecisionandfeedad-

(a) (b) (c)

Figure6. Articulationestimatescontainingtypical failurecasesfor
Chamferveri�cation (silhouettesandshapeclustersdrawn in yel-
low) – (a) testimage,(b) Chamferveri�cation hypothesis,(c) 4D-
ISM articulationestimate

Figure7. Typical failurecasesof the4D-ISM approach.Falsepos-
itivesdrawn in red.

ditionalsimilarity informationto thelaterrecognition stages.
In this way articulationsandviewpoints,which arebetween
thelearnedclustersarebetterhandled.

Neverthelesstherearesituations,whereevenvoting with
soft assignmentsfails. Figure 7 shows sometypical fail-
ure casesof the our approach.Mainly, we distinguishtwo
classesof failures.The®rst classaremisseddetectionsdue
to clothing with poor contrastto the background(see®rst
imageof Figure 7). Distractingbackgroundstructuresare
responsiblefor falsepositive detections,thesecondclassof
failures. Even thoughthis effect hasbeensuccessfullyre-
ducedby the proposedapproach,falsedetectionsoccurr if
local backgroundstructuresareparticularlystrongandnu-
merousovera largerimageregion.

Finally, we comparedthe obtained resultsto the state-
of-the-artdetectorfrom Dalal&Triggs[3] usingthedetector
available form the author's webpage.We had to adapt the
sizeof thedetectionboundingboxes,which tendto bequite
large andcauseour strict evaluationcriterion to rejectcor-



ArticulationEstimates(column1-10)

A
nn

ot
at

io
ns

(r
ow

1-
10

) 63% � 5% � 5% 11% � � 16% �
8% 58% � � 8% � 25% � � �
� � 82% � � 5% 9% 5% � �
� � 7% 21% 36% � 14% 21% � �
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� � 10% � � 10% 10% 70% � �
� � 17% � � � � 17% 33% 33%
� � � � � � 17% 8% � 75%

Table1. Confusionmatrix for the articulationestimate(left/upper
partfor articulationsheadingright, right/lowerpartfor themirrored
articulations).Rows correspondto theannotations,columnsto the
estimates.

rect detectionsas falsepositives. The detectorachievesan
EERperformanceof 57%on testsetA. To befair, it should
be mentioned,that our detectorwastrainedin this caseon
side-views only, whereastheir systemwas built for multi-
viewpoint detection. On testsetB the comparisonwill be
moremeaningfulaswe alsotrain our detectorfor multiple
viewpoints.

Using the novel 4D recognitionschemewe obtain not
only a positionestimateof the pedestrians,but alsoan es-
timateof thehumanbodyarticulation.In our evaluation,we
achieveanarticulationrecognition rateof 63%for detections
at theEER,which is respectableconsideringthatwe have a
10 classproblemand very dif®cult background structures.
In order to have a propercomparisonfor these®gures,we
evaluatedthe articulation estimateon the hypothesesof the
Chamferveri®cationas well. Therean estimationperfor-
manceof 55%is achievedfor thesamenumberof clusters.

Table 1 shows the confusion matrix for the articulation
estimateswith the 4D-ISM. The upperleft part of the ma-
trix correspondsto articulationsheadingright in the order
depictedin Figure4. The lower right part to their respec-
tivemirroredversions.Therowsof thematrixcorrespondto
theannotationsandthecolumnsto thearticulationestimates.
Thoughthe estimationis reliable for most of the articula-
tions,it performspooronsomeof them.Often,however, the
estimateconfusestherealarticulationwith oneof theneigh-
boringarticulationsin awalkingcycle(seee.g. row 9, where
17%and33%of theestimatescorrespondto thepreviousand
next cluster). Other failure casesincludemisinterpretation
of thewalkingdirection,whichcanbehard for articulations,
that are quite symmetrical(seee.g. row 2, where25% of
theestimatesarethecorrect clusterin thewalkingcycle,but
headingin theoppositedirection).

Finally, we observedthat thescaleestimationfor thehy-
pothesesgeneratedby the4D-ISM is signi®cantlyenhanced,
too. This indicatesthat thequality of thehypothesesis im-
provedby theapproach.At theEER,thestandardISM has
a scaleestimationerrorof 6:1%. The4D voting schemere-
sultsin ascaleestimationerrorof only 4:2%. Thereasonfor
this improvement is that theresultinghypothesesof the4D-
ISM aremoreconsistentandlessin�uencedby background

structures.

4.2.TestSetB ­ Viewpoints

OntestsetB weanalysetheperformanceof theproposed
approachfor multi-viewpoint images.Again, we apply the
standardISM approach,aswell asthenew 4D-ISM.

ThestandardISM approachachievesalreadyanequaler-
ror rateof 74%. Even thoughall local appearancesare in-
corporatedinto a commonmodel,which discardsany infor-
mationaboutviewpoints,themodelseemsto beableto suc-
cessfullydetectpedestriansin any orientation.

Whenusing4D-ISM we canfurther increasethis perfor-
mance77% EER (seeFigure8). Of specialinterestis also
the fact that the systemgeneratesvalid hypotheseseven if
pedestriansareconsiderablyoverlappingor occluded. This
is oneof thestrengthof this semi-localapproach.

Particularly the recognitionprecision in the ®rst part of
thecurvebene®tsfrom theadditionalshapedimension with a
16%higherrecallfor 90%precision.At higherrecallvalues
in thesecondpartof thecurve,no signi®cantdifferencecan
be observed. An improvementin recognitionrecall would
haveprobablyneededa®nergrainedviewpoint clustering.

In order to comparetheseresultsto the state-of-the-art,
we appliedagain the detectorof [3]. The performanceof
this detectoron test setB is betterthan ISM and4D-ISM
for recall valuesbelow 40%. Above 40%theproposed4D-
ISM outperformsthedetectorwith, e.g.,8%higherrecallfor
80% precision.This indicatesthat our systemcangenerate
consistentdetectionhypothesisfor dif®cult testexamplesat
higherrecall values. Especiallyinterestingis, that this per-
formanceis achieved by training our detectoron only 412
training images. The detectorof [3] was trained on 2416
positive examplesand 12180negative examples,which is
morethanan orderof magnitudemore. This demonstrates
theef®ciency of our approachto sharefeaturesbetweenthe
differentviewpointsandarticulations.

As for the viewpoint estimation,an overall accuracy of
71% is achieved for the 3 classesside-view, diagonaland
front-back. As can be seenfrom the confusionmatrix in
Table 2, there is a bias towards the front-backviewpoint.
23% of the side-view pedestriansand31% of the pedestri-
answalkingdiagonalarerecognizedasfrontalor backwards
orientated(last column of the matrix). This seemsodd at
®rst,however it canbeexplainedby thefact,thatpedestrians
with closedlegs have very similar shapesin any viewpoint
andarehardlydistinguishable by thesystem.

5. Conclusion

In this paperwe have introduceda uni®ed approachfor
multi-aspectobjectrecognition.Theapproachis ableto au-
tomaticallyidentify thedifferentaspectsin thetrainingdata,
by clusteringthe objectshapeswith an agglomerative clus-
teringscheme. This clusteringis usedto augmenttheISM's



Figure 8. Recognitionperformanceon multi-view testdata(Test
SetB ). As theprovideddetectorof [3] usesa �x ed threshold,we
couldnot determinethe laterpartsof theprecision-recallcurve of
thedetector.

ViewpointEst.

A
nn

o. 66% 11% 23%
6% 63% 31%
2% 2% 95%

Table2. Confusionmatrix for viewpointestimation (side,diagonal,
front-back). Rows correspondto the annotations,columnsto the
estimates.

probabilistic voting schemewith a 4th shapedimension.
Thus, we can searchfor object hypothesesin a 4D voting
space,which areconsistentwith the learnedaspects.In or-
der to make thesearchef®cient,we proposedto ®rst search
in the marginalized3D spaceandusetheseresults to infer
themaximaof the4D space.

We have shown theperformanceof theapproachon two
challengingdatasetswith focus to objectarticulationsand
multi-viewpoint detection. Our approachoutperformsboth
the original ISM approachof [5, 6], aswell asthe state-of-
the-artdetectorof [3] on bothtestsets.Its semi-localnature
combinesthe robustnessof local approachesto partial oc-
clusionandlocaldeformationswith theadvantagesof global
consistency veri®cation.

By sharing featuresbetweenobject aspects,we can ef-
®ciently learna statisticalmodel from relatively few train-
ing examples.In our experiments,we achieve alreadygood
recognitionrateswith 50� 100trainingexamples.

In addition to the improved recognitionperformanceof
theapproach,thenew approachenablestheestimationof ar-
ticulationsor viewpointsof atestobject.This is, e.g.,impor-
tant in a traf®c scenarioto predictthedirectiona pedestrian
is heading.
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Figure9.Exampledetections(in yellow) andfalsepositives(in red)
on testsetB at theEER.
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