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Abstract

Objectclassdetectionin scenewf realistic compleity
remainsa challengingtaskin computervision. Mostrecent
appoacesfocuson a singleand general modelfor object
classdetection.However, in particular in the context of im-
age sequencest maybeadvantayeousto adaptthegeneal
modelto a more object-instancapeci ¢ modelin orderto
detectthis particular objectreliably within the image se-
guence In this work we presenta genertive objectmodel
thatis capableto scalefroma geneal objectclassmodelto
amore speci cobject—instancenodel.Thisallowsto detect
classinstancesaswell asto distinguishbetweerindividual
objectinstancesreliably. We experimentallyevaluatethe
performanceof the proposedsystemon both still images
andimage sequences.

1. Intr oduction

The ability to detectobjectsand pedestriangn still im-
agesandimagesequencess key to a variety of important
applicationssuchas surwillance,imageand video index-
ing, intelligent vehiclesor robotics. Most researchn the
areahasfocusedon approacheso effectively modelintra—
classvariation to generalizewell acrossobject classin-
stances.Tremendougprogresshasbeenmadefor objectas
well aspedestriametection19, 25,5,11,9, 24,17,15,10,
4,13,21].

An openproblem,however, is to detectmultiple objects
andpedestriangn crovdedscenesvherepedestriansmight
be signi cantly occludedover longerperiodsof time. Tra-
ditionally, approache#n this areahave beenformulatedas
tracking problems[6, 27, 26, 23, 18] due to the impor
tanceof temporalconsiseng. Quite interestinglymary
approachesn this arearely on simple object and pedes-
trianmodels(i.e. color histogramsyuggestindghattheir ef-
fectivenesanostly comesfrom sophisticatedayesianand
temporalinferencemechanismsr from the useof multiple
camerag3, 2, 16,7, 14]

This paperfollows a quite different route by starting

from agenerapedestriametectiormodel[10] thatis capa-
ble to deectandsegmentpedestriané imagesof crovded
scenesln orderto handlesigni cant occlusionoverlonger
periodsof time we aim to re-detectindividual pedestrians
previously seenwithin an image sequence.For this, the
generalpedestriaimodelis specializedor the detectionof
individual pedestrians As we will discussbelow the spe-
cialized modelsleveragee.g. from the segmentationabil-
ity of the generalpedestriarmodelto reasomaboutpartial
occlusionsn crovdedscenesTheseindividualizedpedes-
trian modelstakentogethemvith asimpletemporalcontinu-
ity modelallow thento effectively detectmultiple pedestri-
ansin crovdedsceneglespitesigni cant andlongerpartial
occlusions.

Themain contrikution of the paperthereforeis auni ed
object model that is scalablefrom a generalobject—class
modelto amorespecializedindevenindividualizedobject—
instancemodel. To learnarobustandaccurateanodelof an
individual objector pedestriarfrom a small numberof de-
tectionsis clearly challenging.Ratherthanto learnamodel
for eachindividual pedestriarfrom scratchwe specialize
thegenerapedestriamodelto theindividual. Theindivid-
ualizedmodelstherebypresere propertiesof themoregen-
eralmodelsuchasthe segmentatiorability andthe general
pedestriarappearanceodebook. To achieve this we rst
(section3) extendtheoriginal ISM-approach9] e.g.by in-
corporatingcodebookpriors. This enablesobustlearning
andthe specializationof individualizedpedestriammodels
from few training samples. The proposedextensionsare
experimentallycomparedo previous publishedresultson
challengingdata—setshaving thevalidity of theapproach.
Section4 then appliesthis approachto image sequences
with signi cant occlusionover longerperiodsof time. Ex-
perimentalresultsshov that thesespeci ¢ modek canbe
usedto increaseboth precisionandrecall of the detection.

2. Original Implicit ShapeModel Approach

The Implicit ShapeModel (ISM) developedby Leibe
and Schiele[9] is a generatte model for generalobject
detection. It hasbeenappliedto a variety of object cat-



egoriesincluding cars, motorbikes, cows and pedestrians.
For pedestriang numberof extensions[10, 21, 22] have
beenproposedwhich exploit the natureof this objed cat-
egory by incorporatingknowledgeabout pedestriararticu-
lation. In this paperwe proposeio improve andextendthe
probabilisticmodelingof the original approach As will be
shawn laterthis allows not only to train generaimodelsfor
pedestriardetectionbut alsoto train specializednodelsfor
individual pedestriansBeforeintroducingthe extensionsn
section3, the following brie y explainsthe stepsinvolved
in learninganobjectmodelin theoriginal ISM framework.

Appearance Codebook. A visual vocalulary, referred
to as appearanceodebook,is usedto describecommon
object featuresor partsof an object class. To learnthe
appearanceodebooka scale-itvariantinterestpoint detec-
tor (Hessian-Laplac§l?2]) is appliedto eachtraining im-
ageandlocalimagedescriptor§Shape-Contd [1, 12]) are
extractedaroundthem. Theseimagedescriptorsaresubse-
qguentlyclusteredwvith anagglomeratie clusteringscheme.

Spatial Occurrence Distrib utions. Once an appear
ancecodebooklis learnedfor an objectclass,sepaate spa-
tial occurrencalistributionsfor eachcodebookentryc; are
learned.During a secondrun over the training imagesthe
codebookis matchedto the training examplesand occur
rencelocations(x-, y-position,scale)for the codebooken-
triesarerecorded.

Recognition. During recognition,the samefeatureex-
tractionprocedureds appliedto obtaina setof local image
descriptorse at variousscaleson the testimage. A local
imagedescriptore extractedat the absoluteimagecoordi-
nates is comparedo theappearanceodebookA descrip-
tor may have multiple matchingcodebookentriesc;. Let
p(cije) denotethe matchingprobability For eachpossi-
ble codebookmatchvotesarecastfor differentobjectcen-
ters y; y andscales accordingto theindividual occur
rencedistributionswith = ( ; y; ). Eachvote has
theweightP (on; jG; ) p(cje). A descriptors contribu-
tion to the recognitbn processcanthereforebe expressed
by thefollowing maiginalization:

P(on; je;’) = P(on; jci;e)p(cje) (1)

P(on; jG;)p(cije) (2

Ci

The overall object probability at position is obtainedby
summingover all extracteddescriptors:
P(on; ) = P(on; j&; k) ©))

k

Maximum searchis accomplishedy Mean-ShiftMode
Estimationwith a scale-adapte kernelK [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-

ouslyshavn the sggmentatiorstepin combinationwith the
MDL selectiormechanisnsigni cantly improvesdetection
performanceand allows a pixel-level reasoningaboutoc-
clusions.For the computationatietailspleasereferto [9].

3. Extensionsto the Implicit ShapeModel

The Implicit ShapeModel has shovn state-of-the-art
performanceor the detectionof pedestriansn imagesof
crowded scenes. In orderto further improve its perfor
mancewe extend the ISM formulation in various ways.
Thegenerakimis to derive auni ed ISM formulationthat
on the onehandallows to train a generalpedestriardetec-
tion modelandon the otherhandto specializethis general
pedestrianmodel to enablerobust detectionof individual
pedestrianin imagesequencesMore speci cally this sec-
tion introducesa novel probabilistic modelingschemeas
the basisfor theuni ed formulationanddiscusseshe nec-
essarystepsto make detectionmorereliable andto better
exploit the information availablein the training data. As
will beseenin the experimentghis allows notonly to train
individualizedpedestriaimodelsbut alsoalsoimprovesthe
resultsfor generalpedestriardetectionsw.r.t. the original
ISM formulation.

AppearanceCodebook.As in theoriginal approactwe
learnanappearanceodebookby agglomeratie clustering.
To only keepcodeboolentriesthatarerepresentate for an
objectclasssuchas pedestriansve discardcodebooken-
tries,which very rarely matchto thetrainingimages.

Global Spatial Occurrence Distribution. Insteadof
learningindividual occurrenceistributionsfor eachcode-
bookentryseparatehasin theoriginal ISM, we proposeto
learna joint occurrencdistribution for the entire appear
ancecodebook A joint occurrencalistribution hasseveral
adwantages.Firstly, individual occurencedistributions as
usedby Leibe & Schieleassumethatall codebookentries
areequallyimportant. However, thereare somecodebook
entrieswhich aremoretypical for anobjectclassthanoth-
ers. For cars,for example,wheelfeaturesare crucial for
reliabledetection.

Secondly even if a codebookentry occursfrequently
enoughon pedestriangn general,when training an indi-
vidualizedpedestriarmodelfrom a small numberof train-
ing samplesve may have insufcient statisticsresultingin
degenerateaccurrencalistributions. For example,a code-
book entry occurringonly (even several times) at a single
locationin the training data,concentrate#ts entire proba-
bility masson a single point. During recognitionthis can
have the effect, that an hypothesisis dominatedby sucha
degeneratedlistribution, yielding false positive detections
with veryhighscores Thiseffectis partiaularly likely when



trainingfrom asfew as2 or 3 trainingimagesasdonebelow.

Finally, a joint occurrencalistribution ensureghat the
modelis normalizedas a whole insteadof separatelyfor
eachcodeboolentry As aresulttherecognitionscoreshe-
comemore comparableacross(individual or separatepb-
jectmodels.

The following explains in more detail how the global
occurrencelistributions Poec(0n; ;G) arelearnedon the
training set. Pocc(0n; ;¢) denotesthe probability that
codebookentry ¢; is obsered andthatthe object centeris
at position relative to codebookentryc;. For the deriva-
tion we assumehata generalpedestriarappearanceode-

trian images. The occurrencelistributionsthemselescan
be learnedon the samesetof pedestriarimages(to obtain
agenerapedestrianmodel)or on anindependensetof im-
agedfor examplefrom anindividual pedestrian.

Let e beanimagedescriptorextractedatlocation  on
thetraining set(thelocationis recordedwith respecto the
objectcenter). We comparee to eachof the codebooken-
tries, with p(c;je) denotingprobability thate is associated
with entry ¢;. The descriptors contritution to the global
occurrencalistribution is distributedover the codebooldi-
mensionof Py.c(0,; ;¢C) accordingto the probabilities
p(cije). As aresult,eachtraining featurehasthe samein-

uence onthe nal objectmodel. Themodelthereforecan-
not be dominatedby rareoccurrence®r even outliersand
learnsa betterrepresentatiomf the meanstructureof the
objectclass.Additionally, thefrequeny informationof the
codebookentriesis retainedin the model. One can also
think of this processastheintroductionof priorsp(c) for

eachcodebookentry (Pocc(0n; ;G) = P(on; jG)p(c))-

Where the priors are determinedby the occurrencefre-

gueng. Note, thatthe codebookpriors are learnedon the
individual training sampleswhereasthe codebookentries
themselesmaybelearnedon alargersetof pedestrianm-

ages.

Recognition. After having learnedhe new objectmodel
M = (A, Pocc) consistingof an appearanceodebookA
and a global occurrencedistribution Pocc, we apply the
samescale-ivariantinterestpoint detectoron a testimage
to obtainlocal imagedescriptorsat variousscales.

Again, let e denotea local image descriptorextracted
at the absoluteimagecoordinates . Imagedescriptore is
matchedto eachentry of our appearanceodebook. For
eachmatchingcodebookentry or objectpartwe castvotes
for differentobject centers in a continuous3D voting
spaceaccordingo therecordedylobal occurrencalistribu-
tion Pocc. We referto the setof codebookentriesmatching
toimagedescriptore asM (€).

The contrikution of a descriptore canthenbe expressed

by thefollowing equation:

X
P(on; j&’) = Pocc(On; ;Gije;’) 4)
c.x
= Pocc(On; :Gij) (5)
ci2M (e)
X
= Pocc(On; L c)  (6)
ciZM(e)

Note,thatavote P ooc(0oy ; *; G) representsvidence

for a certaincodebookentry ¢; to be presentat location”

in thetestimage. The aretwo maindifferencedo the orig-
inal ISM recognitionprocedure.As pointedout beforewe
usethe joint occurrencedistribution Py ratherthenthe
individual codebookdistributions. The other differenceis

that previously eachfeatures contribution was distributed

acrossmultiple codebookentriesbasedon the matching
probability p(cije). Whereasherethe featuresactivate all
matchingcodebookentriescompletely As we will seebe-
low thesedifferenceswill resultin abetterdetectiorperfor
manceof the generalpedestriardetectionmodel and will
alsoallow to trainindividualizedpedestrianmodels.

The objectprobability for alocation in thetestimage

canthenbecomputedoy:
P(on; ) = P(on; jex; ) (M
XX ‘
= Pocc(0n; k;G) (8)
k ci2M(ek)

Thus, an object hypothesisis the summaibn of proba-
bilistic votespointingto the sameobjectcenter Sinceeach

vote representgvidencefor a codebookentry, a hypothe-

siscanbeconsideredo bea collectionof codebookentries
appearingat certainpositionsin thetestimage.

For the maximumsearchwe useMean-ShiftMode Esti-
mationwith a scale-adapteklernelvolume.

1 X X
~nh()d

p(on; ) Pon; e KK (———L) (9)

h()

The kernelvolumeh is chosenin a way, that detection
is robust to centerpoint variationsin the training andtest
data. However, integratingover the kernelvolumehasthe
effect that parts of the object model are explained multi-
ple times. This happenswhen similar local appearances
are found very closeto one another(with respectto x-,y-
coordinatesandscale)in the testimage. Considey for ex-
ample,a codebookentryc; occurringat position  in the
training set. If two descriptorse; ande, with similar ap-
pearanceare found closeto one anotherat *; and ", in
the testimage,their contributionsPocc(0n ; "1;¢) and
Pocc(0n; “2; ) will bein the samekernelvolume. To



avoid thatthe contrikution is accountedor multiple times
we remove the redundantvidencefrom the kernelvolume
duringthemaximumsearch.

The remainingvotesarethen back-projectedo the im-
ageanda pixel-wise segmentationrmaskis inferredfor the
objecthypothesis.Note thatthis canbe doneonly because
we usea generalpedestran codebookfor which we have
learnedthe respectie segmentationsas well. When we
have a few detectionsfor an individual pedestrianin an
imagesequencandwe wantto learna specializednodel
for this individual we cannotassumehighly accurateseg-
mentationsfor thosefew training samples. Therdore we
leveragefrom thesegmentatiorability of thegenerapedes-
trian appearanceodebooko beusedfor theindividualized
models. As will be seenlater this leadsto segmentations
for individualsthatcanbe usedaggin for pixel-wiseocclu-
sion reasoning. Finally we apply the MDL basedveri -
cationstageto disambiguateverlappingobjectdetections.
Notealso,thatthe nal MDL veri cation stephelpsto de-
correlatethein uencesof overlappingdescriptors.

3.1.Evaluation of the General Object Model

In orderto evaluatethe proposedxtensiondo theobject
model, we appliedit to threechallengingpedestriardata
sets. Thesedatasetsrangefrom single-persorside-viev
imagego multi-persorandmulti-viewpointdetectiorin the
presencef clutterandocclusion.

On testset A we evaluatethe detectionperformance,
when peopleare fully visible. This testsetcontains181
side-viavs of pedestriané differentarticulationsandwith
awide rangeof differentclothing (seeimagesin the lower
left cornerof Figurel).

Figure 1 (upperleft corner)depictsthe obtainedresult.
We comparethe new approachboth to the resultsof the
original authors,as well asto the Histogramof Oriented
Gradients(HOG) detectorof Dalal & Triggs[4], which is
basednaglobaldescriptolinsteadof localimagefeatures.

As canbe seen,on this datasetthe HOG detectorper
formsratherpoorly with anequalerror rate (EER) of only
57% This is, on the one hand, dueto the fact, that the
datasetis quite challenging. On the other hand, a pre-
trainedbinary of the HOG detectorwas used,which was
optimizedfor multi-viewpoint detection.The original ISM
approachachiezesan EER of 74% Our new model (red
cune), which is basedon a global occurrencelistribution
outperformstheseresultsby 14% and reachesan EER of
88%. Thisis a signi cant improvementandshaws the po-
tential of the novel objectmodel.

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

pedestriararticulations Whenusingthe Cross-Articulation
Learning approachon top of the newly proposedobject
model, we can further improve the results. However, the
improvementis lesssigni cant and performanceémproves
only slightly in termsof precisioncomparedo [22]. As we
wantto usethe proposedextensionsto learnfrom asfew
as?2 or 3 training samplest is not clearhow thesefurther
extensionscouldbeincorporatedo train individualizedde-
tectionmodels.

To con rm thesuitability of the new objectmodelin the
presencef signi cant occlusionsandoverlappingpeople,
we usethe CrowdedScenedatasetfrom [10]. We referto
the datasetin this paperastestsd B. It contains206im-
ageswith atotal numberof 595 annotategedetrians. On
this datathe HOG detectorattainsa recallof 60%for apre-
cisionvalueof 75% Note,thata higherrecallcouldnotbe
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-
creasedhe detectionperformanceo 82% Again, this is
a signi cant improvement. On this datasetwe even out-
performthethemoreelaborateCross-Articulation_earning
approactrom [22], which achievesonly anEER of 81%

Finally, we testedthe new approachon the multi-
viewpoint testsetC [21]. This testsetincludesnot only
overlappingand occludedpedestriansit also shovs 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 the curve andslightly worsein the secondpart.
Theoriginal ISM's EERis at 74% Thenew approactper
forms signi cantly betteralongthe whole precision-recall
curve, achieving an EER of closeto 80% It alsooutper
formsthe4D-ISM approact21].

As our experimentshave shavn, the new objectmodel
yields signi cant performancémprovementscomparedo
theoriginal ISM modelon a variety of databasesl'he orig-
inal ISM-approachhasbeenimproved by explicitly incor
poratingarticulation information. Theseimprovementsre-
sultedin the bestresultssofar reportedon thesedatabases.
Interestingly the novel approachproposedin this paper
achievescomparableor even superiordetectionrateswith-
outtheexplicit useof articulationinformation.Considering
thedif culty of thedatabasethis shavsthatthenew model
malespedestriametectiorvery robustevenin the presence
of clutter and occlusion. In orderto stressthis, Figure 1
(secondrow) depictssomeexampledetectionsof our sys-
tem. Thefollowing sectionnow discussethatthenovel ap-
proachlendsitself to robustly learn specializedpedestrian
modelfrom asfew as2 or 3 trainingsamples.



(a) TestSetA

(b) Ted SetB

(c) TestSetC

Figure 1. Firstrow: Recallprecisioncurves,which compareour detecion performanceo resultsfrom otherapproachefor the different
testsets.Secondow: Exampledetectiondor testsetA, B andthe multi-viewpoint datasetC .

4. SpecializedObject Models

The proposedprobabilistic formulation of the object
model enablesnew possibilitiesand applications. In this
sectionwe will explain,howv agenerabbjectmodelcanbe
specializedo a singlepedestriarinstance.Hereby we are
able to leveragefrom both the generalpedestriarappear
ancecodeboolandthe sggmentatiorabilities of thegeneral
model.

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

4.1.Varying Training SetSize

In this experimentwe graduallydecreas¢he numberof
training examples. From the 200 original imagesin the
trainingset,we rst randomlyselectasetof 50and nally a
setof only 10 pedestriansWe compareheobtainedresults
to thoseof the original ISM approach.

Figure 2 depictsthe correspondingesults. As canbe
seenthe recognitionratesdrop whenthe numberof train-
ing examplesis reduced.The EER for 200training exam-
plesis 89%, for 50 training examples77%and62%for 10
examples. Of course,this wasto be expected. However,
even with aslittle as 10 training examples(blue curve in
Figure?2), we achieve reasonabl@etectionresultswith our

new model. Thedetectiorrecallatthe EERalwaysexceeds
60%, which is remarkable. In fact, it is even betterthan
thestate-of-the-atHOG detector Comparedo the original
ISM approachthe detectionprecisionis improved signi -
cantly whenlearningfrom only 10 examples. This canbe
explained by the codebookpriors, which successfullyre-
ducethein uence of degeneratedccurrencalistributions.
At arecall level of 50% 85% of our hypothese are cor
rect,while for theoriginal ISM this s only truefor approx-
imately50%.

4.2.Instance-Speci 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
the otherhand,canbe directly adaptedo anindividual ap-
pearance Their focusis it to successfullydetectthe same
instance aswell asto distinguishit from differentpedes-
trian instances.Thus,it is possibleto re-detecipedestrians
in animagesequencaespitesigni cant andlongerpatrtial
occlusions. One canimagineto train a specializedmnodel
for anindividual whena sufcient numberof trainingsam-
plesis available. However, the real challengeis to learna
specializednodelfrom asfew training instancesas possi-
ble.

Let us now considerthe detailsinvolved in derving a



Figure 2. Recognitiorperformancéor varyingnumberof training
imageson side-viev pedestriangTestSetA ).

speci ¢ modelfor a detectedpedestrianpasedon detec-
tion hypothese$rom thegenericobjectmodel. A detection
hypothesisH is obtainedby a summationover the contri-
butionsof theindividualimagedescriptorgseeequatior).
We canrewrite equatior8 in thefollowing manner:

X X i
P(on; ) = Pocc(0n; k;G) (10)
kxc.ZM(ek) \
= Pocc(0n; k;Gi) (11)
(cii"k)2H

where(c;; ") arepairswith ¢, matchingto thetestimage
descriptore, at position™.

Theequatiorexpresseshatanobjecthypothesiss asum
of samplesfrom the global occurrencedistribution Pycc.
The sanplesaredravn from the objectpartsc; which have
beenfound in the testimage. In otherwords, the terms
Pocc(On; ki G) in equation8 denotethe probability,
thatcodeboolentryc; is obsenedat position "k inthe
testimage.

We cannow considerthe testhypothesisto be another
training example. We know its objectcenter( ) andwe
know which codebookentrieshave occurredat which po-
sition on this objectinstance. This informationis enough
to build a new objectmodelfor exactly this hypothesis.In
fact, we canreusethe samplesdrom generalobjectmodel
directly to derive a specializedccurrencalistribution Pg

pa) X

Ps(0n; 'k ; G) = Z Pocc(On; 'k G)

"k2H

whereZ is a normalizationfactor which ensuresthatthe
occurrencedistribution of the instance-speci cmodel is
normalized.

Figure 3. Thegeneraloccurrencadlistribution (left) containscon-
tributions from various peopleand articulations. (The blue cir-
clesdenotecodeboolkentry occurrenceselative to the objectcen-
ter). Theinstance-speci anodel(right) is a subsebf the general
model.

Figure3illustratesthe processA sub-parbf thegeneral
occurrencedistribution (visualizedby the blue circles) is
usedasthenew speci ¢ occurrencalistribution.

In this manner instance-speci cobject modelscan be
createdfrom the generalobjectmodel on-the-y. There-
sultingmodelsbene t from thegeneraimodelin two ways.
Firstly, they arebasednthesamegenerabppearanceode-
book. Secondly they inherit the segmentationabilities of
the generalmodel. Intuitively, the generalmodel hasfor
eachcodeboolentryoccurringatacertainlocationanasso-
ciatedsggmentatiormask(for furtherdetailspleasereferto
[9]). Thesemaskscanbe passedo thespeci ¢ model,thus
allowing to build a top-dovn segmentationfrom hypothe-
sesof the speci ¢ model. Figure 4 shavs example seg-
mentationgor a speci ¢ pedestriarmodel,which wasini-
tialized whenthe personwas standingupright with closed
legs (rightmostimage). As canbe seen the personcanbe
successfullydetectedin subsequenframes. However, as
the appearancef the personchangesdue to articulations
changesthe detectionreliesalmostexclusively on features
ontheupperbodywhentheleg articulationschangesignif-
icantly (middle). Whena similar leg articulationasduring
training appeargshe detecton canagain usethe respectie
leg parts(left). The inclusion of articulationinformation
thereforehasthe potentialto improve alsothe detectionof
individual pedestriansvhichis left for futureresearch.

4.3.Instance-Speci c Evaluation

In orderto show the principal effectivenessof instance-
speci ¢ objectmodels,we learn5 differentobject-speci ¢
modelsfor the pedestrianpresentin an image sequence.
The image sequencas recordedin a challengingsetting,
with pedestriangnteringfrom the left andright sidesand
crossingeachother Thereforemost pedestriansare par
tially or even completely occludedduring the sequence.
Figure 5 shavs someexampleimagesfrom the imagese-
guence. For ground-truthannotationsof the sequencea
pedestriawasconsideredwhenit wasapproximaté/ 20%
visible. As instance-speci anodelsare sensitve to artic-
ulation changesyve initialized the modelsfrom threegen-
eral detectionsn consecutie imageframes. This ensures,



Figure 4. Examplesggmentationsor an instance-speci cobject
model. The modelwasinitialized whenthe legs wereclosed thus
detectionof the legsfails, whenthe person's makinga large step.
However the evidence,from the upperbody is sufcient to suc-
cessfullydetectthe person.

Figure 5. Exampledetectionson a challengingimagesequence,

with clutteredbackgrouncandheavy occlusion. Upperleft: 4 of

4 pedestriangletected.Upperright: 4 of 5 pedestriansletected.
Lower left: 3 of 4 pedestriansre detected.Lower right: 4 of 5

pedestriansletected.

thattheresultingmodelsaremorerobustw.r.t differentbody
poses.

As aninitial test, we computedhow well the specic
modelsare ableto distinguishthe differentpersonsn the
sequenceTherefore we appliedeachinstancemodelsep-
aratelyto ead framein the image sequences.Then, for
eachground-truthannotation,we determineby which ob-
jectmodelthe pedestrianvasexplainedbest. Tablel shovs
therespectie resultsin termsof a confusionmatrix.

PersonP 2 is, for example, recognizedin 72% of the
casedy the correctmodel,while in 7% of thecasa the ob-
ject modelfrom personP 3 yieldedbetterdetectionscores.
Consideringhatwe have a5 classproblemandthatpedes-
trians are often partly occluded,theseare respectablae-

PL[P2[ P3] P4] P5

P1|68% | 14% 7% | 11%
P2 |14%|72%| 7% %
P3|12% 88%

P4 |12%| 4% | 4% |72%| 8%
P5| 9% | 13% 13% 9% |55%

Tablel. Confusiormatrix betweerb instance-speci ®bjectmod-
elsonanimagesequencevith signi cant partialocclusion.

sults. Pleasealso keepin mind, that our modelsshould
not only achieve good detectionprecision,but alsoa high
recall. Our evaluationhasshawn that, eventhoughthe spe-
ci ¢ modelsarelearnedrom only threeconsecutie frames,
they are e xible enoughto successfullydetectthe persoral-
mostthroughouthe sequence.

Finally, we shav how the instance-speci onodelscan
beusedoincreasealetectiorrobustnessSincewe canaccu-
ratelydistinguishindividual personsn theimagesequence,
it is possibleto follow a detectionhypothesisbasedon its
locationevenwhenpeopleareoverlapping.Whenaperson
is fully occluded,we canrecover basedon its speci ¢ ap-
pearancassoonasit becomewisible again. With ageneral
objectmodelalone,this would not befeasible.

When performingobjectdetectionwith the genericob-
ject modelon the describedpedestriarsequencean EER
of 79% s reachedseeFigure 6). The maximumrecallis
approximately82% Note, that this valueis ratherlow as
pedestrianare sometimes80% occluded. When follow-
ing pedestriarhypothesedasedon the 5 instance—speci ¢
modelsarecallof 71%is obtained However, thedetection
precisionis signi cantly improved,with only two falsepos-
itive detectionsat over 70%recall (yellow curwe). In order
to obtainhigherrecall valuesthe instance—speci anodels
arenotgeneraknough.

Fortunately the speci ¢ object modelstell us exactly,
which pathapersorhastaken. Thus,wecan Il themissing
detectionswith detectionsfrom the generalobjectmodel.
In this way we combine,instance-speci cdetectionsand
generaldetections.As canbe seenin Figure6 (red curve)
this canincreasealetectiornrecallto a valueof 86% Conse-
guentlya combineddetectionsystembasedon genericand
speci ¢ objectmodelscan successfullyimprove detection
resultson imagesequencesrigure5 shavs someexample
detection®f the nal system A videoof thesystemwill be
availablethroughthe supplementarynaterial.

5. Conclusion

We presenteda uni ed probabilistic formulation for a
modelthatis scalabldrom generabbject—classletectiorto
speci ¢ object—instanceletection. Our experimentaleval-
uationon differentpedestrianmagedat@abasefiasshovn,
thatthe generalobjectdetectionperformancéhasbeensig-



Figure 6. Recognitionperformanceon animagesequencavith a
largenumberof occlusions Note, thattheinstance-speci aesults
(vellow) overlay the combinedapproach(red) in the rst part of
thecure.

ni cantly increagdcomparedo the original ISM approach
andw.r.t to otherstate-of-the-artietectionsystems.

We developeda methodto learninstance—speci cob-
ject modelsfrom detectionhypothesesf the generalob-
ject model. Thereby the instance—speci cmodelsshare
the samecodebookrepresentatiorand can leveragefrom
the segmentationability of the generalpedestriamrmodel.
The conductedexperimentshave shavn, thatthe instance—
speci ¢ modelsarepowerful enoughto detectthe objectof
interestin animageandto distinguishbetweenother ob-
jectsof the samecategory. When combiningboth general
detectionsandinstance-speci aletectionwe cansuccess-
fully increaseherobustnes®f the detectionsystem.

In thefuturewewill addressheopenissueonhow to in-
cludearticulationchangedor theinstance—speci enodels.
Updatingthe model over time for examplewould male it
possibleto learnthe speci ¢ walking cycle of apedestrian.
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