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Abstract

Objectclassdetectionin scenesof realistic complexity
remainsa challengingtaskin computervision.Mostrecent
approachesfocuson a singleandgeneral modelfor object
classdetection.However, in particular in thecontext of im-
agesequences,it maybeadvantageousto adaptthegeneral
modelto a more object–instancespeci�c modelin order to
detectthis particular object reliably within the image se-
quence. In this work wepresenta generativeobjectmodel
that is capableto scalefroma general objectclassmodelto
a morespeci�cobject–instancemodel.Thisallowsto detect
classinstancesaswell asto distinguishbetweenindividual
object instancesreliably. We experimentallyevaluatethe
performanceof the proposedsystemon both still images
andimagesequences.

1. Intr oduction

The ability to detectobjectsandpedestriansin still im-
agesandimagesequencesis key to a variety of important
applicationssuchassurveillance,imageandvideo index-
ing, intelligent vehiclesor robotics. Most researchin the
areahasfocusedon approachesto effectively modelintra–
classvariation to generalizewell acrossobject class in-
stances.Tremendousprogresshasbeenmadefor objectas
well aspedestriandetection[19, 25,5, 11,9, 24,17,15,10,
4, 13,21].

An openproblem,however, is to detectmultiple objects
andpedestriansin crowdedsceneswherepedestriansmight
besigni�cantly occludedover longerperiodsof time. Tra-
ditionally, approachesin this areahave beenformulatedas
tracking problems[6, 27, 26, 23, 18] due to the impor-
tanceof temporalconsistency. Quite interestinglymany
approachesin this arearely on simple object and pedes-
trianmodels(i.e. colorhistograms)suggestingthattheiref-
fectivenessmostlycomesfrom sophisticatedBayesianand
temporalinferencemechanismsor from theuseof multiple
cameras[3, 2, 16,7, 14]

This paper follows a quite different route by starting

from ageneralpedestriandetectionmodel[10] thatis capa-
ble to detectandsegmentpedestriansin imagesof crowded
scenes.In orderto handlesigni�cant occlusionover longer
periodsof time we aim to re-detectindividual pedestrians
previously seenwithin an imagesequence.For this, the
generalpedestrianmodelis specializedfor thedetectionof
individual pedestrians.As we will discussbelow the spe-
cializedmodelsleveragee.g. from the segmentationabil-
ity of the generalpedestrianmodelto reasonaboutpartial
occlusionsin crowdedscenes.Theseindividualizedpedes-
trianmodelstakentogetherwith asimpletemporalcontinu-
ity modelallow thento effectively detectmultiple pedestri-
ansin crowdedscenesdespitesigni�cant andlongerpartial
occlusions.

Themaincontribution of thepaperthereforeis a uni�ed
object model that is scalablefrom a generalobject–class
modeltoamorespecializedandevenindividualizedobject–
instancemodel.To learna robustandaccuratemodelof an
individual objector pedestrianfrom a smallnumberof de-
tectionsis clearlychallenging.Ratherthanto learnamodel
for eachindividual pedestrianfrom scratchwe specialize
thegeneralpedestrianmodelto theindividual. Theindivid-
ualizedmodelstherebypreservepropertiesof themoregen-
eralmodelsuchasthesegmentationability andthegeneral
pedestrianappearancecodebook. To achieve this we �rst
(section3) extendtheoriginal ISM-approach[9] e.g.by in-
corporatingcodebookpriors. This enablesrobust learning
andthe specializationof individualizedpedestrianmodels
from few training samples. The proposedextensionsare
experimentallycomparedto previous publishedresultson
challengingdata–setsshowing thevalidity of theapproach.
Section4 then appliesthis approachto imagesequences
with signi�cant occlusionover longerperiodsof time. Ex-
perimentalresultsshow that thesespeci�c models can be
usedto increasebothprecisionandrecallof thedetection.

2. Original Implicit ShapeModel Approach

The Implicit ShapeModel (ISM) developedby Leibe
and Schiele[9] is a generative model for generalobject
detection. It hasbeenappliedto a variety of object cat-
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egoriesincluding cars,motorbikes, cows and pedestrians.
For pedestriansa numberof extensions[10, 21, 22] have
beenproposed,which exploit thenatureof this object cat-
egory by incorporatingknowledgeabout pedestrianarticu-
lation. In this paperwe proposeto improve andextendthe
probabilisticmodelingof theoriginal approach.As will be
shown laterthis allows not only to train generalmodelsfor
pedestriandetectionbut alsoto trainspecializedmodelsfor
individualpedestrians.Beforeintroducingtheextensionsin
section3, the following brie�y explainsthestepsinvolved
in learninganobjectmodelin theoriginal ISM framework.

AppearanceCodebook. A visual vocabulary, referred
to as appearancecodebook,is usedto describecommon
object featuresor parts of an object class. To learn the
appearancecodebooka scale-invariantinterestpoint detec-
tor (Hessian-Laplace[12]) is appliedto eachtraining im-
ageandlocal imagedescriptors(Shape-Context [1, 12]) are
extractedaroundthem.Theseimagedescriptorsaresubse-
quentlyclusteredwith anagglomerativeclusteringscheme.

Spatial Occurrence Distrib utions. Once an appear-
ancecodebookis learnedfor anobjectclass,separatespa-
tial occurrencedistributionsfor eachcodebookentryci are
learned.During a secondrun over the training imagesthe
codebookis matchedto the training examplesand occur-
rencelocations(x-, y-position,scale)for thecodebooken-
triesarerecorded.

Recognition. During recognition,the samefeatureex-
tractionprocedureis appliedto obtaina setof local image
descriptorse at variousscaleson the test image. A local
imagedescriptore extractedat the absoluteimagecoordi-
nates̀ is comparedto theappearancecodebook.A descrip-
tor may have multiple matchingcodebookentriesci . Let
p(ci je) denotethe matchingprobability. For eachpossi-
ble codebookmatchvotesarecastfor differentobjectcen-
ters� x ; � y andscales� � accordingto theindividualoccur-
rencedistributionswith � = (� x ; � y ; � � ). Eachvote has
theweightP(on ; � jci ; `) � p(ci je). A descriptor's contribu-
tion to the recognition processcanthereforebe expressed
by thefollowing marginalization:

P(on ; � je;`) =
X

ci

P(on ; � jci ; e;`)p(ci je) (1)

=
X

ci

P(on ; � jci ; `)p(ci je) (2)

The overall objectprobability at position� is obtainedby
summingoverall extracteddescriptorsek :

P(on ; � ) =
X

k

P(on ; � jek ; `k ) (3)

Maximumsearchis accomplishedby Mean-ShiftMode
Estimationwith ascale-adaptivekernelK [8].

Segmentationand MDL-based veri�cation. Next to
object localization, a pixel-wise segmentationcan be in-

ferredfor eachhypothesis.Finally, aMinimum Description
Length(MDL) basedveri�cation stepis appliedin orderto
disambiguateoverlappinghypotheses.As hasbeenprevi-
ouslyshown thesegmentationstepin combinationwith the
MDL selectionmechanismsigni�cantly improvesdetection
performanceandallows a pixel–level reasoningaboutoc-
clusions.For thecomputationaldetailspleasereferto [9].

3. Extensionsto the Implicit ShapeModel

The Implicit ShapeModel has shown state-of-the-art
performancefor the detectionof pedestriansin imagesof
crowded scenes. In order to further improve its perfor-
mancewe extend the ISM formulation in various ways.
Thegeneralaim is to derive a uni�ed ISM formulationthat
on theonehandallows to train a generalpedestriandetec-
tion modelandon theotherhandto specializethis general
pedestrianmodel to enablerobust detectionof individual
pedestriansin imagesequences.More speci�cally this sec-
tion introducesa novel probabilisticmodelingschemeas
thebasisfor theuni�ed formulationanddiscussesthenec-
essarystepsto make detectionmorereliableandto better
exploit the information available in the training data. As
will beseenin theexperimentsthis allows not only to train
individualizedpedestrianmodelsbut alsoalsoimprovesthe
resultsfor generalpedestriandetectionsw.r.t. the original
ISM formulation.

AppearanceCodebook.As in theoriginalapproachwe
learnanappearancecodebookby agglomerative clustering.
To only keepcodebookentriesthatarerepresentative for an
object classsuchas pedestrianswe discardcodebooken-
tries,whichvery rarelymatchto thetrainingimages.

Global Spatial OccurrenceDistrib ution. Insteadof
learningindividual occurrencedistributionsfor eachcode-
bookentryseparatelyasin theoriginal ISM, we proposeto
learna joint occurrencedistribution for the entireappear-
ancecodebook.A joint occurrencedistribution hasseveral
advantages.Firstly, individual occurrencedistributionsas
usedby Leibe& Schieleassume,thatall codebookentries
areequallyimportant. However, therearesomecodebook
entrieswhich aremoretypical for anobjectclassthanoth-
ers. For cars,for example,wheel featuresare crucial for
reliabledetection.

Secondly, even if a codebookentry occursfrequently
enoughon pedestriansin general,when training an indi-
vidualizedpedestrianmodelfrom a smallnumberof train-
ing sampleswe mayhave insuf�cient statisticsresultingin
degeneratedoccurrencedistributions.For example,a code-
book entry occurringonly (even several times)at a single
locationin the training data,concentratesits entireproba-
bility masson a singlepoint. During recognitionthis can
have the effect, that an hypothesisis dominatedby sucha
degenerateddistribution, yielding falsepositive detections
with veryhighscores.Thiseffectis particularly likely when



trainingfrom asfew as2 or 3 trainingimagesasdonebelow.

Finally, a joint occurrencedistribution ensuresthat the
model is normalizedas a whole insteadof separatelyfor
eachcodebookentry. As a resulttherecognitionscoresbe-
comemorecomparableacross(individual or separate)ob-
jectmodels.

The following explains in more detail how the global
occurrencedistributionsPocc(on ; � ; ci ) are learnedon the
training set. Pocc(on ; � ; ci ) denotesthe probability, that
codebookentryci is observedandthat theobject centeris
at position� relative to codebookentryci . For thederiva-
tion we assumethata generalpedestrianappearancecode-
bookC = (c1; : : : ; cn ) hasbeenlearnedon a setof pedes-
trian images.The occurrencedistributionsthemselvescan
be learnedon thesamesetof pedestrianimages(to obtain
ageneralpedestrianmodel)or onanindependentsetof im-
agesfor examplefrom anindividualpedestrian.

Let e beanimagedescriptorextractedat location� � on
thetrainingset(thelocationis recordedwith respectto the
objectcenter).We comparee to eachof thecodebooken-
tries,with p(ci je) denotingprobability that e is associated
with entry ci . The descriptor's contribution to the global
occurrencedistribution is distributedover thecodebookdi-
mensionof Pocc(on ; � ; ci ) accordingto the probabilities
p(ci je). As a result,eachtraining featurehasthesamein-
�uence on the�nal objectmodel.Themodelthereforecan-
not be dominatedby rareoccurrencesor even outliersand
learnsa betterrepresentationof the meanstructureof the
objectclass.Additionally, thefrequency informationof the
codebookentriesis retainedin the model. One can also
think of this processasthe introductionof priors p(ci ) for
eachcodebookentry (Pocc(on ; � ; ci ) = P(on ; � jci )p(ci )).
Where the priors are determinedby the occurrencefre-
quency. Note, that the codebookpriors arelearnedon the
individual training sampleswhereasthe codebookentries
themselvesmaybelearnedona largersetof pedestrianim-
ages.

Recognition.After having learnedthenew objectmodel
M = (A; Pocc) consistingof an appearancecodebookA
and a global occurrencedistribution Pocc, we apply the
samescale-invariantinterestpoint detectoron a testimage
to obtainlocal imagedescriptorsat variousscales.

Again, let e denotea local imagedescriptorextracted
at the absoluteimagecoordinates̀ . Imagedescriptore is
matchedto eachentry of our appearancecodebook. For
eachmatchingcodebookentryor objectpartwe castvotes
for different object centers� in a continuous3D voting
spaceaccordingto therecordedglobaloccurrencedistribu-
tion Pocc. We referto thesetof codebookentriesmatching
to imagedescriptore asM (e).

Thecontribution of a descriptore canthenbeexpressed

by thefollowing equation:

P(on ; � je;`) =
X

ci

Pocc(on ; � ; ci je;`) (4)

=
X

ci 2 M (e)

Pocc(on ; � ; ci j`) (5)

=
X

ci 2 M (e)

Pocc(on ; � � `; ci ) (6)

Note,thatavotePocc(on ; � � `; ci ) representsevidence
for a certaincodebookentry ci to be presentat location`
in thetestimage.Thearetwo maindifferencesto theorig-
inal ISM recognitionprocedure.As pointedout beforewe
use the joint occurrencedistribution Pocc rather then the
individual codebookdistributions. The otherdifferenceis
that previously eachfeature's contribution wasdistributed
acrossmultiple codebookentriesbasedon the matching
probability p(ci je). Whereasherethe featuresactivateall
matchingcodebookentriescompletely. As we will seebe-
low thesedifferenceswill resultin abetterdetectionperfor-
manceof the generalpedestriandetectionmodelandwill
alsoallow to train individualizedpedestrianmodels.

Theobjectprobability for a location� in the testimage
canthenbecomputedby:

P(on ; � ) =
X

k

P(on ; � jek ; `k ) (7)

=
X

k

X

ci 2 M (ek )

Pocc(on ; � � `k ; ci ) (8)

Thus,an objecthypothesisis the summation of proba-
bilistic votespointingto thesameobjectcenter. Sinceeach
vote representsevidencefor a codebookentry, a hypothe-
siscanbeconsideredto beacollectionof codebookentries
appearingat certainpositionsin thetestimage.

For themaximumsearchwe useMean-ShiftModeEsti-
mationwith ascale-adaptedkernelvolume.

p̂(on ; � ) =
1

nh(� )d

X

k

X

j

p(on ; � j jek ; `k )K (
� � � j

h(� )
) (9)

The kernelvolumeh is chosenin a way, that detection
is robust to centerpoint variationsin the training andtest
data. However, integratingover the kernelvolumehasthe
effect that partsof the object model are explainedmulti-
ple times. This happens,when similar local appearances
are found very closeto oneanother(with respectto x-,y-
coordinatesandscale)in the testimage. Consider, for ex-
ample,a codebookentryci occurringat position� � in the
training set. If two descriptorse1 ande2 with similar ap-
pearanceare found close to one anotherat `1 and `2 in
the testimage,their contributionsPocc(on ; � � `1; ci ) and
Pocc(on ; � � `2; ci ) will be in thesamekernelvolume. To



avoid that the contribution is accountedfor multiple times
we remove theredundantevidencefrom thekernelvolume
duringthemaximumsearch.

The remainingvotesarethenback-projectedto the im-
ageanda pixel-wisesegmentationmaskis inferredfor the
objecthypothesis.Notethat this canbedoneonly because
we usea generalpedestrian codebookfor which we have
learnedthe respective segmentationsas well. When we
have a few detectionsfor an individual pedestrianin an
imagesequenceandwe want to learna specializedmodel
for this individual we cannotassumehighly accurateseg-
mentationsfor thosefew training samples.Therefore we
leveragefrom thesegmentationability of thegeneralpedes-
trianappearancecodebookto beusedfor theindividualized
models. As will be seenlater this leadsto segmentations
for individualsthatcanbeusedagain for pixel-wiseocclu-
sion reasoning. Finally we apply the MDL basedveri�-
cationstageto disambiguateoverlappingobjectdetections.
Notealso,that the �nal MDL veri�cation stephelpsto de-
correlatethein�uencesof overlappingdescriptors.

3.1.Evaluation of the GeneralObject Model

In orderto evaluatetheproposedextensionsto theobject
model, we appliedit to threechallengingpedestriandata
sets. Thesedatasetsrangefrom single-personside-view
imagesto multi-personandmulti-viewpointdetectionin the
presenceof clutterandocclusion.

On test set A we evaluatethe detectionperformance,
when peopleare fully visible. This test set contains181
side-views of pedestriansin differentarticulationsandwith
a wide rangeof differentclothing(seeimagesin the lower
left cornerof Figure1).

Figure1 (upperleft corner)depictsthe obtainedresult.
We comparethe new approachboth to the resultsof the
original authors,as well as to the Histogramof Oriented
Gradients(HOG) detectorof Dalal & Triggs [4], which is
basedonaglobaldescriptorinsteadof local imagefeatures.

As canbe seen,on this dataset the HOG detectorper-
formsratherpoorly with anequalerror rate(EER)of only
57%. This is, on the one hand,due to the fact, that the
dataset is quite challenging. On the other hand, a pre-
trainedbinary of the HOG detectorwas used,which was
optimizedfor multi-viewpoint detection.Theoriginal ISM
approachachieves an EER of 74%. Our new model (red
curve), which is basedon a global occurrencedistribution
outperformstheseresultsby 14% andreachesan EER of
88%. This is a signi�cant improvementandshows thepo-
tentialof thenovel objectmodel.

Note, that variousextensionshave beenproposedthat
can further improve the performanceof the original ISM
approach. The 4D-ISM [21] yields an EER of 85% and
Cross-ArticulationLearning[22] 89% respectively. How-
ever, theseextensionsexploit explicit knowledge about

pedestrianarticulations.WhenusingtheCross-Articulation
Learning approachon top of the newly proposedobject
model, we can further improve the results. However, the
improvementis lesssigni�cant andperformanceimproves
only slightly in termsof precisioncomparedto [22]. As we
want to usethe proposedextensionsto learn from as few
as2 or 3 training samplesit is not clearhow thesefurther
extensionscouldbeincorporatedto train individualizedde-
tectionmodels.

To con�rm thesuitabilityof thenew objectmodelin the
presenceof signi�cant occlusionsandoverlappingpeople,
we usetheCrowdedScenedatasetfrom [10]. We refer to
thedatasetin this paperastestset B . It contains206 im-
ageswith a total numberof 595annotatedpedestrians. On
thisdatatheHOGdetectorattainsarecallof 60%for apre-
cisionvalueof 75%. Note,thata higherrecallcouldnot be
achieved with this detector, sincethe provided binary has
a �x ed con�dencethreshold. The original ISM approach
yields an EER of 73%. The newly proposedmethodin-
creasesthe detectionperformanceto 82%. Again, this is
a signi�cant improvement. On this datasetwe even out-
performthethemoreelaborateCross-ArticulationLearning
approachfrom [22], whichachievesonly anEERof 81%.

Finally, we tested the new approachon the multi-
viewpoint test setC [21]. This test set includesnot only
overlappingandoccludedpedestrians,it alsoshows them
from differentviewpoints. The total numberof imagesis
279 with 847 annotatedpedestrians.The HOG detector
andthe original ISM approachhave similar detectionper-
formance,with the HOG detectorperformingbetterin the
�rst partof thecurve andslightly worsein thesecondpart.
Theoriginal ISM's EERis at 74%. Thenew approachper-
forms signi�cantly betteralongthe whole precision-recall
curve, achieving an EER of closeto 80%. It alsooutper-
formsthe4D-ISM approach[21].

As our experimentshave shown, the new objectmodel
yields signi�cant performanceimprovementscomparedto
theoriginal ISM modelonavarietyof databases.Theorig-
inal ISM-approachhasbeenimproved by explicitly incor-
poratingarticulation information. Theseimprovementsre-
sultedin thebestresultssofar reportedon thesedatabases.
Interestingly, the novel approachproposedin this paper
achievescomparableor evensuperiordetectionrateswith-
out theexplicit useof articulationinformation.Considering
thedif�culty of thedatabasesthisshowsthatthenew model
makespedestriandetectionveryrobustevenin thepresence
of clutter and occlusion. In order to stressthis, Figure 1
(secondrow) depictssomeexampledetectionsof our sys-
tem.Thefollowing sectionnow discussesthatthenovel ap-
proachlendsitself to robustly learnspecializedpedestrian
modelfrom asfew as2 or 3 trainingsamples.



(a) TestSetA (b) Test SetB (c) TestSetC

Figure 1. First row: Recallprecisioncurves,which compareour detection performanceto resultsfrom otherapproachesfor thedifferent
testsets.Secondrow: Exampledetectionsfor testsetA, B andthemulti-viewpointdatasetC.

4. SpecializedObject Models

The proposedprobabilistic formulation of the object
model enablesnew possibilitiesand applications. In this
section,wewill explain,how ageneralobjectmodelcanbe
specializedto a singlepedestrianinstance.Hereby, we are
able to leveragefrom both the generalpedestrianappear-
ancecodebookandthesegmentationabilitiesof thegeneral
model.

In the �rst step,however, we would like to experimen-
tally verify, that,given thenew formulation, learningfrom
asmallnumberof trainingexamplesis feasible.

4.1.Varying Training SetSize

In this experimentwe graduallydecreasethenumberof
training examples. From the 200 original imagesin the
trainingset,we�rst randomlyselectasetof 50and�nally a
setof only 10pedestrians.Wecomparetheobtainedresults
to thoseof theoriginal ISM approach.

Figure 2 depictsthe correspondingresults. As can be
seen,the recognitionratesdropwhenthenumberof train-
ing examplesis reduced.TheEERfor 200 trainingexam-
plesis 89%, for 50 trainingexamples77%and62%for 10
examples. Of course,this was to be expected. However,
even with as little as 10 training examples(blue curve in
Figure2), we achieve reasonabledetectionresultswith our

new model.Thedetectionrecallat theEERalwaysexceeds
60%, which is remarkable. In fact, it is even betterthan
thestate-of-the-artHOGdetector. Comparedto theoriginal
ISM approach,thedetectionprecisionis improvedsigni�-
cantly whenlearningfrom only 10 examples.This canbe
explainedby the codebookpriors, which successfullyre-
ducethein�uence of degeneratedoccurrencedistributions.
At a recall level of 50%, 85% of our hypotheses arecor-
rect,while for theoriginal ISM this is only truefor approx-
imately50%.

4.2.Instance­Speci�cModels

Generalobject detectorsmodel a completeobject cat-
egory. That is why they have to be able to cope with
large intra–classvariations. Instance-speci�cmodels,on
theotherhand,canbedirectly adaptedto anindividual ap-
pearance.Their focusis it to successfullydetectthe same
instance,aswell as to distinguishit from differentpedes-
trian instances.Thus,it is possibleto re-detectpedestrians
in an imagesequencedespitesigni�cant andlongerpartial
occlusions.Onecan imagineto train a specializedmodel
for anindividual whena suf�cient numberof trainingsam-
plesis available. However, the real challengeis to learna
specializedmodelfrom asfew training instancesaspossi-
ble.

Let us now considerthe details involved in deriving a



Figure2.Recognitionperformancefor varyingnumberof training
imagesonside-view pedestrians(TestSetA).

speci�c model for a detectedpedestrian,basedon detec-
tion hypothesesfrom thegenericobjectmodel.A detection
hypothesisH is obtainedby a summationover the contri-
butionsof theindividual imagedescriptors(seeequation8).
Wecanrewrite equation8 in thefollowing manner:

P(on ; � ) =
X

k

X

ci 2 M (ek )

Pocc(on ; � � `k ; ci ) (10)

=
X

(ci ;` k )2 H

Pocc(on ; � � `k ; ci ) (11)

where(ci ; `k ) arepairswith ci matchingto thetestimage
descriptorek atposition`k .

Theequationexpressesthatanobjecthypothesisis asum
of samplesfrom the global occurrencedistribution Pocc.
Thesamplesaredrawn from theobjectpartsci which have
beenfound in the test image. In other words, the terms
Pocc(on ; � � `k ; ci ) in equation8 denotethe probability,
thatcodebookentryci is observedat position� � `k in the
testimage.

We cannow considerthe testhypothesisto be another
training example. We know its object center(� ) and we
know which codebookentrieshave occurredat which po-
sition on this object instance.This information is enough
to build a new objectmodelfor exactly this hypothesis.In
fact, we canreusethe samplesfrom generalobjectmodel
directly to deriveaspecializedoccurrencedistributionPs

Ps(on ; `k � �; ci ) =
p(ci )

Z

X

` k 2 H

Pocc(on ; � � `k ; ci )

whereZ is a normalizationfactor, which ensures,that the
occurrencedistribution of the instance-speci�cmodel is
normalized.

Figure 3. Thegeneraloccurrencedistribution (left) containscon-
tributions from variouspeopleand articulations. (The blue cir-
clesdenotecodebookentryoccurrencesrelative to theobjectcen-
ter). Theinstance-speci�cmodel(right) is a subsetof thegeneral
model.

Figure3 illustratestheprocess.A sub-partof thegeneral
occurrencedistribution (visualizedby the blue circles) is
usedasthenew speci�c occurrencedistribution.

In this manner, instance-speci�cobject modelscan be
createdfrom the generalobjectmodelon-the-�y. The re-
sultingmodelsbene�t from thegeneralmodelin two ways.
Firstly, they arebasedonthesamegeneralappearancecode-
book. Secondly, they inherit the segmentationabilities of
the generalmodel. Intuitively, the generalmodel hasfor
eachcodebookentryoccurringatacertain locationanasso-
ciatedsegmentationmask(for furtherdetailspleasereferto
[9]). Thesemaskscanbepassedto thespeci�c model,thus
allowing to build a top-down segmentationfrom hypothe-
sesof the speci�c model. Figure 4 shows exampleseg-
mentationsfor a speci�c pedestrianmodel,which wasini-
tialized whenthe personwasstandingupright with closed
legs (rightmostimage). As canbeseen,thepersoncanbe
successfullydetectedin subsequentframes. However, as
the appearanceof the personchangesdue to articulations
changes,thedetectionreliesalmostexclusively on features
on theupperbodywhentheleg articulationschangesignif-
icantly (middle). Whena similar leg articulationasduring
training appearsthe detection canagain usethe respective
leg parts(left). The inclusion of articulationinformation
thereforehasthepotentialto improve alsothedetectionof
individualpedestrianswhich is left for futureresearch.

4.3.Instance­Speci�cEvaluation

In orderto show theprincipaleffectivenessof instance-
speci�c objectmodels,we learn5 differentobject-speci�c
modelsfor the pedestrianpresentin an image sequence.
The imagesequenceis recordedin a challengingsetting,
with pedestriansenteringfrom the left andright sidesand
crossingeachother. Thereforemost pedestriansare par-
tially or even completelyoccludedduring the sequence.
Figure5 shows someexampleimagesfrom the imagese-
quence. For ground-truthannotationsof the sequence,a
pedestrianwasconsidered,whenit wasapproximately 20%
visible. As instance-speci�cmodelsaresensitive to artic-
ulationchanges,we initialized themodelsfrom threegen-
eraldetectionsin consecutive imageframes.This ensures,



Figure 4. Examplesegmentationsfor an instance-speci�cobject
model.Themodelwasinitialized whenthelegswereclosed,thus
detectionof thelegsfails,whenthepersonis makinga largestep.
However the evidence,from the upperbody is suf�cient to suc-
cessfullydetecttheperson.

Figure 5. Exampledetectionson a challengingimagesequence,
with clutteredbackgroundandheavy occlusion.Upperleft: 4 of
4 pedestriansdetected.Upperright: 4 of 5 pedestriansdetected.
Lower left: 3 of 4 pedestriansaredetected.Lower right: 4 of 5
pedestriansdetected.

thattheresultingmodelsaremorerobustw.r.t differentbody
poses.

As an initial test, we computedhow well the speci�c
modelsareable to distinguishthe differentpersonsin the
sequence.Therefore,we appliedeachinstancemodelsep-
aratelyto each frame in the imagesequences.Then, for
eachground-truthannotation,we determineby which ob-
jectmodelthepedestrianwasexplainedbest.Table1 shows
therespective resultsin termsof aconfusionmatrix.

PersonP2 is, for example, recognizedin 72% of the
casesby thecorrectmodel,while in 7%of thecases theob-
ject modelfrom personP3 yieldedbetterdetectionscores.
Consideringthatwe have a 5 classproblemandthatpedes-
trians are often partly occluded,theseare respectablere-

P1 P2 P3 P4 P5
P1 68% 14% � 7% 11%
P2 14% 72% 7% � 7%
P3 12% � 88% � �
P4 12% 4% 4% 72% 8%
P5 9% 13% 13% 9% 55%

Table1.Confusionmatrixbetween5 instance-speci�cobjectmod-
elsonanimagesequencewith signi�cant partialocclusion.

sults. Pleasealso keep in mind, that our modelsshould
not only achieve gooddetectionprecision,but alsoa high
recall.Our evaluationhasshown that,eventhoughthespe-
ci�c modelsarelearnedfrom only threeconsecutiveframes,
they are�e xible enoughto successfullydetectthepersonal-
mostthroughoutthesequence.

Finally, we show how the instance-speci�cmodelscan
beusedto increasedetectionrobustness.Sincewecanaccu-
ratelydistinguishindividualpersonsin theimagesequence,
it is possibleto follow a detectionhypothesisbasedon its
locationevenwhenpeopleareoverlapping.Whena person
is fully occluded,we canrecover basedon its speci�c ap-
pearanceassoonasit becomesvisibleagain. With ageneral
objectmodelalone,thiswouldnotbefeasible.

Whenperformingobjectdetectionwith the genericob-
ject modelon the describedpedestriansequence,an EER
of 79% is reached(seeFigure6). The maximumrecall is
approximately82%. Note, that this value is ratherlow as
pedestriansare sometimes80% occluded. When follow-
ing pedestrianhypothesesbasedon the5 instance–speci�c
models,a recallof 71%is obtained.However, thedetection
precisionis signi�cantly improved,with only two falsepos-
itive detectionsat over 70%recall (yellow curve). In order
to obtainhigherrecall valuesthe instance–speci�cmodels
arenotgeneralenough.

Fortunately, the speci�c object modelstell us exactly,
whichpathapersonhastaken.Thus,wecan�ll themissing
detectionswith detectionsfrom the generalobjectmodel.
In this way we combine,instance-speci�cdetectionsand
generaldetections.As canbeseenin Figure6 (redcurve)
this canincreasedetectionrecallto a valueof 86%. Conse-
quentlya combineddetectionsystembasedon genericand
speci�c objectmodelscansuccessfullyimprove detection
resultson imagesequences.Figure5 shows someexample
detectionsof the�nal system.A videoof thesystemwill be
availablethroughthesupplementarymaterial.

5. Conclusion

We presenteda uni�ed probabilistic formulation for a
modelthatis scalablefrom generalobject–classdetectionto
speci�c object–instancedetection.Our experimentaleval-
uationon differentpedestrianimagedatabaseshasshown,
that thegeneralobjectdetectionperformancehasbeensig-



Figure 6. Recognitionperformanceon an imagesequencewith a
largenumberof occlusions.Note,thattheinstance-speci�cresults
(yellow) overlay the combinedapproach(red) in the �rst part of
thecurve.

ni�cantly increasedcomparedto theoriginal ISM approach
andw.r.t to otherstate-of-the-artdetectionsystems.

We developeda methodto learn instance–speci�cob-
ject modelsfrom detectionhypothesesof the generalob-
ject model. Thereby, the instance–speci�cmodelsshare
the samecodebookrepresentationand can leveragefrom
the segmentationability of the generalpedestrianmodel.
Theconductedexperimentshave shown, that the instance–
speci�c modelsarepowerful enoughto detecttheobjectof
interestin an imageand to distinguishbetweenother ob-
jectsof the samecategory. When combiningboth general
detectionsandinstance-speci�cdetection,we cansuccess-
fully increasetherobustnessof thedetectionsystem.

In thefuturewewill addresstheopenissueonhow to in-
cludearticulationchangesfor theinstance–speci�cmodels.
Updatingthe modelover time for examplewould make it
possibleto learnthespeci�c walkingcycleof apedestrian.
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