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Abstract. Thedetectionof peopleis oneof theforemostproblemsfor indexing,
browsingandretrieval of video.Themaindifficulty is thelargeappearancevari-
ationscausedby action,clothing, illumination, viewpoint andscale.Our work
aims to find people in staticvideo framesusing learnedmodelsof the appear-
anceof humanbodyparts(head,limbs,hands) andthegeometryof their assem-
blies.It is basedon Forsyth& Fleck’s generalmethodology of ‘body plans’and
Felzenszwalb & Huttenlocher’s dynamicprogrammingapproach for efficiently
assemblingcandidatepartsinto ‘pictorial structures’.The simplistic part detec-
torsusedin theseworks maderestrictive photometricassumptionsthatseverely
limited theirpracticalapplicability. Instead,welearndedicateddetectorsfor each
bodypartusingSupportVectorMachines(SVMs)andtherecentlyproposed Rel-
evanceVectorMachines(RVMs). In thepast,SVMshavebeensuccessfullyused
to detectwholepedestriansin streetscenes,allowing for a wide rangeof illumi-
nation,poseandclothingvariations,andalsocombinationsof rigidly positioned
subimages(typically, theupperbody, arms,andlegs),but wearenotawareof any
previous work usingSVMs to learnarticulatedbodyplans.RVMs areSVM-like
classifiersthatoffer awell-foundedprobabilistic interpretationandsparsefeature
selectionfor reducedcomputation.We demonstratethe benefitsof usingRVMs
experimentally in aseriesof resultsshowing greatpromisefor learningdetectors
in moregeneralsituations.

Keywords: objectrecognition,imageandvideoindexing, grouping andsegmen-
tation,statisticalpatternrecognition,kernelmethods.

1 Introduction

The detectionof people in imagesis an important practical issuefor content-based
indexing of imagesand video. It is a difficult problem owing to the wide rangeof
appearancesthatpeople canhave.For instance,actorsin typicalHollywoodmoviesare
shown in a greatvarietyof activities,scales,viewpointsandlightings.We cannot rely
onfrequentlymadesimplifyingassumptionssuchasnon-occlusion,perfect background
subtraction, etc: methodsareclearlyrequiredfor detectingpeoplein generaleveryday
situations.

To addressthis issue,Forsyth & Fleck introduced body plans [2] as a general
methodology for finding people in images.However, they relied on simplebody part
detectors basedon generalizedcylinders.This is problematic,especiallyin thecaseof
looseclothing. Felzenszwalb & Huttenlocher [1] showedhow dynamic programming
could be usedto make the grouping of body plans(castaspictorial structures)effi-
cient, but relied on simplistic colour-basedpart detectors. Both of theseworks make



strongphotometricassumptionsabout thebodyparts.Weretaintheir ideasfor compos-
ing partsinto assembliesby building tree-structuredmodels of people, but proposea
moregeneral approachto learningthebody partdetectors andtheunderlying geomet-
ric model, basedonSupport VectorMachines (SVM) andtherelatedRelevance Vector
Machines(RVM) [16,17]. In thepast,SVM classifiershavebeenlearnedfor humansas
a whole [12] andalsofor rigidly connectedassembliesof subimages(typically, upper
body, arms,andlegs) [10], but not for flexibly articulated body models.

We present a seriesof experimentsshowing thepromiseof learningthearticulated
structureof people from training examplesof body parts,usingSupport Vectoror Rel-
evance VectorMachines.Our contribution is three-fold. Firstly, we presenta method
for training the body part detectors from asfew as2 examples, selectedfrom a pool
of approximately100hand-labeledimages.Secondly, we sketcha methodfor learning
a body joint model,building on therecentlyproposedAdaptive Combinationof Clas-
sifiers(ACC) model. Thirdly, we describeanefficient decoder for the learned models,
schematicallydescribedastemplatematching + dynamicprogramming. Our initial ex-
periments demonstratethatbody partdetectorslearnedwith only 100imagesfrom the
MIT databasecan producereliablepart detectionswith as few as 4 falsedetections
pertrueone,andthatthesecanberobustlyandefficiently assembledinto correct body
plansin 70%of cases.This is remarkableasevenhumans oftenfind it difficult to clas-
sify isolatedpartsubimages correctly.

Thepaperis structuredasfollows. We introduce our body planmodelin §2, then
discussbodypartdetectors learnedby two competingalgorithms,SVM andRVM, in
§3.§4presentsourapproachfor learning anddecodingbodyplans.Finally, §5presents
someresultsanddiscussfuture work.

2 The Pictorial Structure of People

In the work of Marr & Nishihara[9] andmany others[4,13], picturesof people are
describedgeometrically ashierarchical assembliesof generalized cylindersandcom-
ponents. Theseearly works represent the positionof a part C relative to its parent P
usingadjunct relationshipsparameterizedby C’s position

���������	��

andangular orienta-

tion
��������	��


in P’s cylindrical coordinatesystem.Eachjoint is thusrepresentedasa
6-vector

�����	�������	�������	��

with discretetolerancedvalues for eachparameter. They note

thatperspectiveprojectionmakesmany parameters of the3D model unobservable,and
thatthelocal imagesignatureof ajoint is apairof axes,but emphasizethe3D structure,
andattemptto recover that.

Recoveringarticulated3Dmodels fromsingleimagesisahardproblem.Felzenswalb
& Huttenlocherrecently reconsideredFischler& Elschlager’snotionof pictorial struc-
tureanddemonstratedits usefulnessfor detectingpeople in indoorscenes[1]. Pictorial
structuresarecollectionsof imagepartsarranged in deformableconfigurations.They
aredirectly adaptedto monocularobservations.Similarly, it wasrecently argued[11]
thatthesingularitiesthatcharacterize3D trackingcanberemovedbyusingimagebased
‘scaledprismaticmodels’ — in essence,pictorialstructuremodels.Other2Dpart-based
modelsuseimageedges [18] or motion modelsderivedfrom denseopticalflow [8] as
featuresfor detectionand/ortracking.
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Following this line of research,we representpeopleusinga 2D articulatedappear-
ancemodelcomposedof 15 part-alignedimagerectanglessurroundingtheprojections
of body parts:thecompletebody, thehead,thetorso,andtheleft andright upperarms,
forearms,hands,thighs,calves andfeet,numberedfrom 1 to 15 asin fig.1. Eachbody
part ��� is arectangle parameterizedin imagecoordinatesby its center� ��� �	� �� , its length
or size � � andits orientation

� � . A coarseresolutionwhole-body imageis included in
case‘the wholeis greaterthanthesumof theparts’.During traininganddetection, we
discretizethe admissiblerangeof sizesandorientations.As discussedlater, we usea
rangeof 8 scalesbetween12and96pixels, and36orientationsequally spacedevery10
degrees.Therearealso14body jointsbetweentheparts- theplexusbetweenbodyand
torso,the neckbetweenheadandtorso,the hips betweentorsoandthighs,the knees
betweenthighsandcalves,theanklesbetweencalvesandfeet,theshoulders between
torsoandupper arms,theelbows betweenupper armsandforearmsandthewristsbe-
tweenforearms andhands. Fig.1 shows the body model in average position,usinga
singleaspectratioof 16/9for all body parts.
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Fig. 1. Our articulatedbodymodelwith its 14 joints and15 bodyparts.

Expressedin termsof theprobabilistic formulationof pictorial structure, theposte-
rior likelihood of therebeinga body with parts ��� at imagelocations!"� ( #%$'&�(�)*)+)*(-,/. 

is theproduct of thedata likelihoods for the15 parts (i.e. theclassificationprobabili-
tiesfor theobservedsubimagesat thegivenpartlocations to beimagesof therequired
parts)timestheproduct of theprior likelihoods for the 14 ‘joints’ (i.e. for a coherent
bodyto generateanimagewith thegiven relativegeometricpositioningsbetweeneach
partandits parent in thebody tree).Thenegative log likelihood for thetotal body as-
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sembly 0213& !"4 � )5)6) � !7498:. canthusbewritten asfollows, where ; is the list of body
joints (‘edges’ of thebodytree):< � 0 
 1>=@? �BA+CED

� � � !F� 
 =G?H ��I�JLKEM
N �OI � !F� � !*I 


Felzenswalb & Huttenlocher model body parts as constantcolor regions of known
shapesandbody joints asrotational joints. In this paper, we machine-learnthe29 dis-
tributions

� � � !F� 
 and
N ��I � !F� � !*I 
 from setsof positive andnegative examples. We model

the part andarticulation likelihoods usinglinear Support Vectoror Relevance Vector
Machines.Our work canbeviewedasanextensionof Mohan’s recent work on com-
binedclassifiers [10], where‘component’classifiersaretrainedseparatelyfor thelimbs,
torsoandheadbasedon imagepixel values,and‘combination’ classifiersaretrained
for theassembliesbasedon thescoresof thecomponent classifiersin fixed imagere-
gions.However, we learnpart-aligned, rather thanimage-aligned,classifiersfor each
bodypart,andweextend the‘combination’ classifierto includedeformable,articulated
structuresratherthanrigid assemblies.

3 Detecting Body Parts

In our model, learningeachbodypartamounts to estimatingits probability given the
observedimagedistributionat its location. Detectingandlabellingbodypartsis a cen-
tral problem in all component-basedapproaches.Clearly the imagemustbe scanned
at all relevant locations andscales,but thereis a questionof how to handledifferent
partorientations,especiallyfor small,mobilehighly articulatedpartssuchasarmsand
hands. Onecaneitherwork in the imageframe,trying to build a general detector that
is capableof finding thepartwhatever its orientation, or work in a part-alignedframe,
buildingadetectorthatworksfor justoneorientationandscanningthisoverall relevant
orientations.Thepart-alignedapproachhasthepotentialto producesimplerdetectors
from less(but betterlabelled)training data,andtheadvantage(in thearticulatedbody-
plan framework) that it also recovers the part orientation. Which approachis faster
or bettermustdepend on the relative complexity andreliability of all-orientation and
one-orientationdetectors,but in general it is difficult to build goodtransformationin-
variance into general-purposedetectors. Theimage-frameapproachis well-adaptedto
pedestriandetectionapplications suchasMohan’s [10], whereonewantsa relatively
coarsewhole-persondetector for distantpeoplewith similar poses(mainly standing or
walking). But ourultimategoalis to detectpeople labelledwith detailedpartlocations
in applicationswherethepersonmaybein any poseandpartly occluded, andfor this
we believe thatthepart-basedbody planapproachis preferable.

Our detectorworks with a generalizedfeature pyramid spanning 8 scalesand36
orientations PRQ � )5)6) ��S ,:PTQ . Duringtraining, thearticularstructureof eachtrainingimage
is clicked,andfor eachdesignatedparta (5UWVYX�U subimagealignedwith its axesand
scaledto its sizeis extractedasshown in fig.2.Welearn15Support VectororRelevance
VectorMachinesfor the14 individual partsandthewholebody, andduringdetection
runeachof themoverthescale-orientation-positionfeaturepyramid, thenassemblethe
resultsasdiscussedin thenext section.
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Fig. 2. A hand-labelledtrainingimagefrom theMIT databaseandits extractedbody partsubim-
ages.Readingvertically from left to right: left upperarm,forearm,hand;left thigh,calf andfoot;
head,torsoandwholebody; right thigh,calf, foot; right upperarm,forearmandhand.

3.1 Feature Selection

The problem of featureselectionfor object recognition hasreceived a lot of interest
in recentyearsandnumerous feature setshave beensuggested,including imagepixel
values,wavelet coefficients andGaussianderivatives.Waveletsarecurrently popular,
but as a general representationfor humanbody partsit is unclear whether standard
(rectangular)or non-standard(square) waveletconstructionsaremostsuitable.Heisele
etal recentlyobtainedbetterresultsfor theirSVM facedetectorusinggraylevelsrather
thanHaarwavelets[3]. Someauthors alsofeel thatwaveletsareunsuitableasa general
imagerepresentation becausethey representpoint events ratherthanline or curveones.
As an alternative, they proposeridgelets andcurvelets, which could prove useful for
detectinghumanlimbs.

Herewe leave suchissuesfor future work andusea more traditional featureset
consistingof theGaussianfiltered(rescaledandreoriented)imageandits first andsec-
ond derivatives.In detail, our featurevectorfor an imagerectangleat location-scale-
orientation Z []\�^	_E\	^�` \	^�a�\Fb containstheabsolute valuesof theresponsesof thesix Gaus-
sian cedgf filters h ij^�kmlEij^�kmn�ij^�kol lEij^�kml6n�ij^�kon5n�imp in the rectangle’s f5q@rts:q
window (i.e. f6q�rus�q afterrescalingby ` androtation by a ). Therearethus2016 features
perlocation. For Y-Cr-Cbcolor imagesweuseonly theluminancevaluesY. Thesefea-
turesseemappropriatefor representing theappearanceof bodypartdetailovera range
of scalesandorientations.Theabsolutevaluesof thefilter responsesarenormalizedto
a scleof Z vowxs�yEy�b for eachimage.Note thatwe do not require theextracted features
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to bescale-or orientation-invariant.On thecontrary, we seekfeaturesthataretunedto
thecharacteristic scalesandorientationsof thedetail in thealigned body-part images.
Someexamplesof thefeaturevectorsareshown in fig.3

To implementthis, theGaussianfilters arecomputedusing9 rotatedimagesfrom
0 to 80 degreesand7 standarddeviations z{1 |H*}5~�� J 1�&T( � (E)+(5U � (E) SES�� (E) � � X � U ��� . .
For eachstandard deviation we alsodownsample by z , so the standarddeviation of
the filters in their resampled(5UYV'X�U windows is always ( . For any given size and
orientation, we selectthe featurevector that bestapproximatesthe part-aligned re-
gion as an axis-alignedrectangleof height 24, thusquantizing the possiblesizesto4 }��H*}�~]� J 1�&-X:U � XT� ��S X ��SE��� U ��� ��U ��� � � ( � XT. . This restrictionis importantfor thedetection
process,whereit is necessaryto sampleall possiblelocations, orientationsandscales.
This choice of primitives makesreasonably few assumptions aboutthe natureof the
featuresto be learned, which canbe arbitrary combinationsof shape,luminance and
texture.

Fig. 3. The �u��� and ��� � featureimagesfor theexamplein fig.2.

3.2 Training

Using the 2016-dimensional feature vectorsfor all body part in the training set,we
trainedtwo linear classifiersfor eachpart, oneusinga Support VectorMachineand
theotherusingaRelevanceVectorMachine.SVMs andRVMs aregroundedonresults
from statisticallearning theory, whichsuggestthatthey shouldgivegood classification
performanceevenwhentherearerelatively few training examples.Herewe decided to
putthatclaimto aseveretestby trainingontheminimum numberof examplesthatgive
reasonable results— in ourcase,about100.

In bothcases,we trainedall 15 partclassifiersseparatelyagainsta common‘back-
ground’ model.As backgroundexamples we simply take otherpiecesof the training
imagesthat do not containpeople. Note that we do not attemptto learnmulti-class
classifiersfor every part againstevery otherone.We are trying to learn reliable fil-
ters for rejectingnon-partswithin anarticulatedbody planframework, not isolatedpart
detectors or part-typeclassifiersper se. We expecttheoverlap in appearancebetween
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differentpartsto besignificant,andwe do not want this to causemisseddetections in
ambiguouscases.

Support Vector Machines: SVMs arediscriminant classifiersthat give a yes/no
decision,notaprobability. Howeverin ourexperimentswetreattheSVM scores(scalar
productsin feature space)asif they werelog likelihoods for thebodypartsgiven the
imagevalues1

Relevance Vector Machines: RVMs [16,17]areBayesiankernelmethodsthatchoose
sparsebasissetsusingan ‘automatic relevancedetermination’ style prior that pushes
non-essentialweightsto zero.Thefunctional form of thefinal classifieris thesameas
thatof anSVM - only thefitted weightsaredifferent.RVMs do not usuallygive sig-
nificantly bettererror ratesthanthe correspondingSVMs, but they often give similar
resultswith many fewerkernels.Hereweuselogistic lineardiscriminant RVMs, whose
output directlymodelsthelog-oddsfor apartversusanon-partatthegiven point. In this
paper, we usedtheRVM for reducing thenumber of examples or ’relevancevectors’.
In practice,ourclassifiersusebetween2 and3 positiveandnegative’relevancevectors’
each(to becomparedwith 100-200support vectors usedby theSVM classifiers).

In the linear case,the sparsityof the RVM basistranslatesinto sparseuseof the
input features,whichpotentiallymeansthatlessfeatureswill haveto beextractedfrom
theimagesandhencethatthemethod will befasterto run.This is a very exciting area
whichweplanto investigate further in future work.

3.3 Detection

We detectall thebody partsat once, in a singlescanof theorientation-scalepyramid.
The detectionscoresfor eachpart reduceto a simpleconvolution product againsta
maskcontaining thediscriminant sumof weightedsupport vectorsor relevancevectors.
Conceptually, this is nothing morethantemplatematching, whereeachof thesupport
or relevancevectors is usedasa template,andtheresultingscoreis a weightedsumof
thecorrelation with thesearchregion. Basedon our expectation of the falsedetection
ratesof our detectors,we retain the best50 candidatesfor eachpart. Ultimately, we
would like to usea fixedthreshold for selectingcandidates,but this wasnot thecasein
theexperiementsreportedhere.

4 Parsing the body tree

In a non-articulated,image-alignedmethodsuchas that of Mohan [10], assembling
the part detectionsis relatively straightforward - decomposethe searchwindow into
subwindows, keepthe highestscorefor the appropriatepart in eachsubwindow, and
composethescoresinto asingle,low-dimensionalfeaturevector. A linearSVM canbe
learnedfor theoverall body detection, giventhis second-stagefeature vector.

1 For a moreprincipledapproach, thescoresof any discriminantcanbeconvertedto probabil-
ities asfollows: run the detectorover a validationsetandfit densitymodelsto its positive-
exampleand negative-exampleoutput scores.At any given score,the ratio of the positive-
exampledensityto the negative-example one is an estimateof the positive-to-negative odds
ratio for detectionsat thatscore.
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In our articulated,part-aligned method, the composition of part-models is only
slightly moredifficult, andcanbe castasa combinatorial search- from all detected
parts,searchfor the assemblieslooking most like people. Sinceassembliesarenatu-
rally described astrees,efficientdynamicprogrammingalgorithmscanbeusedto build
thesecond-stageclassifier, aswe now describe.

4.1 Parsing/decoding algorithm

Given N candidatebody part locations !�� � � detectedby eachbody part classifier ��� �
we arelooking for a ’parse’ of thesceneinto oneor more’body trees’.Oneimportant
subproblem is to assigna ’valid detection’ or ’f alsealarm’ label to eachcandidate,
basednot only on the candidate’s scores,but on the local configuration betweenthe
candidatesandits neighbors.Our approachrelieson algorithms previously described
by Ioffe andForsythas ’Viterbi decoding’ [7]and by Felzensbaum andHuttenlocher
asdynamicprograming[1], sowe only briefly sketchthesolution.Giventhedetection
scores� � � ! ��� 
 for all candidates ��1�(E)+)*) � , we searchfor the bestcandidate asa
function of its directparent, in thehypothesisof a given body plan.For the leavesof
thebodytree(hans,feetandhead),this is computedby algorithm 1.

Algorithm 1 leaf location���E�� ���%�¡ £¢�¤�¥R¦¨§-©�ª¨« « « ¬��®°¯±�:��²� § �´³¶µE� � ��²� §R· � ���%��F¸� �� ��� �¡ º¹5»9¼�¢�¤½¥ ¦¨§-©�ª¨« « « ¬� ®°¯±�:��²� § �´³¶µE� � ��²� §�· � �	� �

Basedon this computation,we canscorecandidatesfrom thebottom up,usingthe
recursion formula2.

Algorithm 2 bottomup���E�� ��� �¡ £¢�¤�¥ ¦¨§-©�ª¨« « « ¬� ®°¯±�:��²� § �´³¶µE� � ��²� §R· � ��� ��³Y¾ ¦L¿�À � ©/Á�Â ÃO¿LÄF � ¿ ��+� § �� ¸� �� ���%�¡ º¹5»9¼�¢�¤½¥/¦¨§-©�ª¨« « « ¬�¡®°¯±�:��²� § �´³¶µE� � ��²� §�· � �	�%��³Å¾Æ¦L¿�À � ©/Á�Â ÃO¿LÄF�� ¿ ��²� § �

At theroot node(sentencelevel) weobtain thesimpleformula3for scoringthehigh
level hypotheses.

Algorithm 3 root location��Ç° º¢�¤�¥/¦9§ ©]ª¨« « « ¬�]®°¯uÇ-��+Ç § �´³Å¾Æ¦L¿�À Ç ©TÁ�Â Ã ¿¨ÄF9� ¿ ��*Ç § �È�¸Ç  º¹�»9¼�¢�¤�¥/¦9§ ©]ª¨« « « ¬��®°¯ Ç �� Ç § �´³Å¾Æ¦¨¿�À Ç ©/Á�Â ÃO¿LÄF�� ¿ �� Ç § �

Choosing the mostprobableroot node,we arenow in a positionto move backto
the othernodes in a top down fashionby choosing

<jÉ� 1g! É� � <�Ê6Ë H � J 
 for all nodes,
given their parents.Note that this algorithm hasa complexity Ì �ÎÍ � � 


with M the
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numberbody partsandN thenumberof candidatesperbodypart.As anexample of the
detectionresultsobtained with this method, Fig. 5 shows thefirst threepreferedparses
for threetestimage,rankedby orderof increasingenergies(negative likelihoods).

4.2 Learning the body tree

Thecostfunctionsusedin our bodytreemodelarebasedon geometric constraintson
therelativepositionsof partsatabody articulation,asin FelzenswaldandHuttenlocher[1].
Essentially, the articulation model is a linear combination of the differencesbetween
two joint locations,aspredictedseparatelyby thetwo body partsmeetingat thearticu-
lation.

Algorithm 4 joint distance(! � � ! I )
Computejoint location ÏTÐ � ·¨Ñ Ð � givenfirst bodypartlocation

� Ð
Computejoint location Ï � Ð ·¨Ñ � Ð givensecondbodypartlocation

� �
Returndistance

µ Ð �Ò £Ó �Ð ��Ô Ï Ð ��® Ï � Ð Ô ³�Ó �Ð � Ô Ñ Ð �´® Ñ � Ð Ô ³ÕÓ°ÖÐ ��Ô × Ð ® × ��® × Ð � Ô ³ÕÓ�ØÐ �:ÔÎÙ�Ú ¼ ØLÛØ"Ü ® Ù½Ú ¼�Ý Ð � Ô

Eachbody joint is parameterized by the relative sizes ����I and angles
� ��I between

its parts,andthe four rigidity parameters Þjß��I � Þ�à��I � Þ�á��I � Þ ���I governingthe admissible
rangeof apparentdeformations of thearticulationin position,sizeandorientation.We
learnedthe relative sizes � �OI andangles

� ��I of eacharticulationby simply taking the
average relativepositionsof all pairsof body partsover thetrainingset.

For learningtherigidity parameters,we againuseda Support VectorMachine.For
eacharticulation 0 ��I betweenparts � � and � I ,we learneda ’combination classifier’
basedon a five-dimensional feature vector âäã� 1�� �æå � I � â �+ç èæé � ��I =ê� I�� é � â�à� 1é � ��I = � I�� é � âÕá� 1 é � � = � I = � ��I é � â �� 1 é A+CED

� Û� Ü =ë!"ì íR� ��I é .
Usingpositive andnegative examplesfrom our trainingset,we useda linearSVM

classifierto learnasetof weightsÞ ã�OI � Þ ß��I � Þ�à��I � Þ á��I � Þ ���I suchthatthelikelihoodis posi-
tivefor all positiveexample, andnegative for all negativeexamples.Weexperimentally
verifiedthatthe learned weightshave correctsigns,i.e. Þjã��Imî P and ÞÆ#ï/ßWðñP � Þ�à��I ðP � Þuá��I ð�P � Þ ���I ð�P , so that the learnedmodel can indeedbe relatedto the log-
likelihood of thearticulation< � 0���I 
 1ñâ±ã� =óò ô çÛ�Ü òô]õÛ�Ü â�ß� = ò ô]öÛ�Ü òô]õÛ�Ü â�à� =÷ò ô¡øÛ�Ü òô]õÛ�Ü âÕá� =÷ò ô¡ùÛ�Ü òô]õÛ�Ü â ��

In ourexperimentswith theMIT pedestriandatabase,thelearnedmodelsperformed
slightly betterthanthenaiveapproachassigningequalweightsto all parametersandall
articulations, andwe expectthemethodto beof evengreater benefit for dealingwith
themorecomplicatedcasesof people in actionsuchasrunning or jumping.

5 Implementation and results

We implementedandtestedour method usingMatlab. Thesystemconsistsin several
function. An interactive applicationwasdesignedfor hand-labellingtheexamplesand
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storing the location of body joint andbody parts.This dataserved both for training
andtestingour implementation.Another function wasimplementedfor computing the
imagepyramidandextracting theimagesignaturesat all locations��� ��� � ��� . This was
usedboth for generating the training datausedby SVM and RVM, and to perform
detectionagainstthe learnedmodels.Finally, a parserwasimplemented basedon the
dynamicprogrammingapproachdescribedabove,whichreadscandidatelocationsfrom
the15bodypartdetectors,andproducesa rankedlist of candidateassemblies.

For learningSVM, weuseda public domain implementationdone atMIT (SvmFu,
version3.0).Weimplementedthelearningalgorrithm for RVM in Matlabfollowing the
samedataformatasSvmFu.

5.1 Experimental setup

We selected100 frontal imagesfrom the MIT pedestrian databaseandlabelledthem
into 15 partseach,asshown in Fig. 2. For eachexample, the labelling is carriedout
very effectively by clicking 14 body joints. Visible partswere clicked with the left
mousebutton,while occludedpartswereclickedat theirmostlikely (hidden)location,
usingtheright mousebutton.Only visiblepartswereusedfor trainingthepartmodels.
Hiddenpartswereusefulfor training thegeometric modelonly. For every image, we
additionnally picked5 backgroundregions to beusedasnegative examples.

In someof ourexperiments,wegeneratedartificially largerdatasetsby varying the
locationof thehand-labelleddata,andpickingrandomsamplesof background. But this
appeared to significantlydecreasethe precision andrecall of the traineddetectors,so
we abandonned the approach.As a result,eachbody part classifierwas trainedwith
slightly lessthan100positiveexamples,and500negativeexamples.

We selectedanother100frontal images from theMIT pedestriandatabase,andla-
belledthemexactly asbefore,to serve asa testset.The testsetwasusedto evaluate
eachof thebodypartdetectors aswell asthedetectorof assemblies.

5.2 Detection of body parts.

It is traditionalto comparedetectors by tracingtheir ROC curves,i.e. tracingthe true
detectionrate(recall)asafunctionof thefalsedetection rate(1 - precision). In ourcase,
thesinglemostimportant parameteris thefalsedetectionratenecessaryfor achieving
themaximumrecall.Wethereforecomparedthetwodetectorsonourtestsetbymeasur-
ing thefalsedetectionratesnecessaryfor detectingall (known) bodyparts.We worked
separatelywith eachpartdetector, with thefollowing results(in percentage).

As canbeseen,RVM classifiersperform only slighly worsethantheirSVM couter-
parts,with meanfalsedetectionratesof 80.1% and78.5% respectively. This is re-
markable, given the extremelysmall number of relevance vectors usedby the RVM
detectors. For the purposeof detection, the advantagesof the RVM clearly outweigh
their inconvenience.Notethatthosefalsedetectionratesarehigh in absolutevalue,es-
peciallysincewedidnotcount confusionsbetweenpartsasfalsedetections.In practice,
this means theactualnumber of falsedetections, including confusionsbetweenparts,
maybecome 15 timesashigh. Evenin this moreconservative hypothesis,thenumber
of candidatesto beexaminedremainsquitetractable,on theorderof 75candidatesper
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Part 1 2 3 4 5 6 7

SVM 84.981.687.276.677.478.273.8
RVM 84.386.487.076.475.882.279.0

8 9 10 11 12 13 14 15

75.378.682.476.677.477.173.377.5
81.284.881.277.480.078.476.880.1

Table 1. Falsedetectionratesfor SVM andRVM bodypartdetectors.

part.Theworse-casenumber of body joint hypothesesis therefore (6UúV@�E, � 1û� � �E,:P .
In practice, we observed an average number closerto (5UüVëXEP � 1ý,:��PEP andused50
candidatesasa safebetin all ourexperiments

Wealsonotethattheworstresultsareobtainedfor thetorso(3)andface(2)models.
Thetorsois probably thehardestbody part to detect,sinceit is almostentirelyshape-
less,andis bestdetectedindirectly, from geometricclues.In thecaseof thefacemodel,
the learneddetectors areclearlynot state-of-the-art,andwe anticipatethat they could
be improvedconsiderably by increasingthe sizeof the trainingsetandbootstrapping
ourclassifier.
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Fig. 4. Partdetectionresultsfrom testcollection.
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5.3 Detection of body trees

After selectingthebest50candidatesfor eachbodypart,in every imageof thetestcol-
lection,we evaluatedour methodby comparing thefirst bestthreedetectionsobtained
by our methodwith thecorrectinterpretation.Thus,thetaskwaspurely thatof detect-
ing humansin thetestset.In a first experiment,we useda naive geometricmodelwith
uniform rigidity parametersfor all body joints, andobtained a correctdetectionin 70
casesusingtheSVM scoresand62casesusingtheRVM scores.We missedtheperson
completely in 30 casesandobtainedincorrect interpretationscausedby falsepositives
in thebackground in 34cases.

In a secondexperiment,we learnedthe geometric model usingbody joints from
all trainingimages.We usedthecorrect assembliesaspositive examples,andcircular
permutationsof thebody partsasnegativeexamples.Usingthelearnedmodel,wewere
ableto improve thecorrect detectionratesto 68 % usingRVM scoresand78 % using
SVM scores.We plan to betterevaluate the method in our future work. In particular,
wewouldlike to betterunderstandhow mucheachbodypartdetectorcontributesto the
overall score,andhow reliablethefinal labelingis for eachbody part.At thispoint, we
canonly emphasizethatthedetectionof handsandfeetis oftenimportantandreliable,
despitethe small size of the corresponding imageregions, and that, in general, the
geometric constraintssignificantlyoutweigh theimageterms(by a factorof 10 to 20),
whichconfirmstheintuition behindthebodyplanapproach.

6 Future work

Thegooddetectionratesachievedby themethod makeaconvincingcasethatthebody-
planstrategy is applicable to realproblemsin imageandvideoindexing. We now plan
to extendthiswork to video, wherewehope to improvethedetectionratesevenfurther
by making useof temporal andkinematicconstraints.We arealsoencouragedto better
evaluatethequality of themethodbeyondthepuredetectionproblem- towardspart-by
partverification and3D interpretation of theparsetrees.

Themain limitation of our modelis thatwe cannot dealwith missingor occluded
parts.Onepossibleway around this important problem is to consider all possiblelo-
cationsaswasdoneby Felzensbaum andHuttenlocher. But we fearthatthis maylimit
thegeometric precisionof themethodevenfurther. All ourexperimentsshow thatdis-
cretizingthespaceof locationstoocoarselyresultsin poor detection.Therefore,weare
looking for alternativewaysto handleincompleteassemblies,while increasingthepre-
cisionof thelocations,especiallyin sizes.Recently, Ioffe andForsythproposedto use
mixturesof treesfor learning andparsingincomplete andmultiple body plans[5][6]
whichpromisesto offer ausefulframework for solvingthemissingpartproblem..

Another drawback of our approach is the conflict betweenspatialresolutionand
localization. This is causedby the constraintthat we set,to learnall detectorsin the
samegeometric framework. Oneparameterof our implementationprovedcritical - the
rangeof scalesat which traininganddetectionwasperformed.As of this writing, we
allow a discreterangeof boxeswith fixedaspectratio (16/9) andlength24,27,32,38,
48,64and96.As is visible in someof thefigures,this resultsin poorlocalizationof the
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Fig. 5. RankeddetectionresultsusinglearnedmodelandRVM scores.
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smallerfeatures (suchasthehandsandfeet).On theotherhand,weexperimentedwith
segments of lengths12,14,16,18,24,36,48and96anda spatialresolutionof 12,but
found that the precisionwasdeterioratedfor the larger features(asin the head, torso
andbody). Clearly, a compromisehasto befound, andmoreexperimentsareneeded.

Finally, we have chosento usegaussianimagederivatives in all our experiments
becausethey area popular andconsensualchoice. But the construction of the image
pyramid is computationnally expensive,andweplanto moveto amoreefficient imple-
mentation, which couldrely on a more thoroughselectionof the featurevectors.This
could be basedon usingRVM classifiersto learn’relevant features’ ratherthanrele-
vant vectors. Alternatively, Sidenblah andBlack [15][14] have recently presentedan
approachfor learningtheimagestatisticsof peoplevs.backgroundfrom video,which
couldprove very useful for learning bettermodelsby selectingbetterfeatures.

7 Conclusion

By combining severalrecentapproaches,we have cometo somepositive conclusions.
Firstly, it is possibleto learnappearancemodels for human body partsfrom examples
andto usethemasinput to a body planparser, at leastfor a modest-sizeproblemsuch
aspedestriandetection. Secondly, we havebeenableto learngeometric modelsfor the
combinationof thedetectedparts,allowing us to robustly estimatethe likelihood of a
bodypartassembly, without recourseto samplingor HMM distributions,whichrequire
thousands of examplesto be learnedefficiently. Thirdly, the learnedmodel leadsto a
very efficient decoding algorithm, amouting to no morethanthe combinationof very
well known templatematchinganddynamic programmingtechniques.

Thosepositive conclusionsencourageus to investigatetwo maindirectionsof re-
search.We expect that boostrapping(adding examples on which our current model
fails, andretraining) shouldoffer evenbetterdetectionrates,andincreaseddiscrima-
tion betweenbodyparts.And weplanto learnappearancemodelsfor peoplein motion
picturesandvideo, in which casewe will needto extendour approach to the more
difficult problemsof multiple resolutions,activitiesandviewpoints.
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