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Abstract. Thedetectionof peopleis oneof theforemostproblemsfor indexing,
browsing andretrieval of video. The maindifficulty is the large appearacevari-
ationscausedby action, clothing, illumination, viewpoint and scale.Our work
aimsto find peoge in staticvideo framesusinglearnedmodelsof the appear
anceof humanbody parts(head limbs, hand) andthe geometryof theirassem-
blies. It is basedon Forsyth& Fleck’s generaimethoddogy of ‘body plans’and
Felzenszwlb & Huttenlochers dynamicprogrammingapprach for efficiently
assemblingcandidatepartsinto ‘pictorial structures’.The simplistic part detec-
tors usedin theseworks maderestrictive photometricassumptionshat severely
limited their practicalapplicability. Insteadwe learndedicatedietectordor each
bodypartusingSupportVectorMachineg SVMs) andtherecentlypropose Rel-
evarce VectorMachines (RVMs). In the past,SVMs have beensuccessfullyused
to detectwhole pedestriansn streetscenesallowing for a wide rangeof illumi-
nation,poseandclothing variations,andalsocombinationsof rigidly positioned
subimags (typically, theupperbody, arms,andlegs),but we arenotawareof ary
previous work usingSVMs to learnarticulatedbody plans.RVMs are SVM-like
classifierghatoffer awell-foundedprobabilistic interpretatiorandsparsdeature
selectionfor reducedcomputation We demorstratethe benefitsof usingRVMs
experimentally in a seriesof resultsshaving greatpromisefor learningdetectors
in moregenerakituations.

Keywords. objectrecognitionimageandvideoindexing, grougng andsegmen-
tation, statisticalpatternrecognition kernelmethods

1 Introduction

The detectionof pe@le in imagesis an important practicalissuefor contert-based
indexing of imagesandvidea It is a difficult prodem owing to the wide rangeof
appeaanceghatpeope canhave. Forinstanceactorsin typical Hollywood moviesare
shavn in agreatvariety of actwities, scalesyiewpointsandlightings.We cannot rely
onfrequentlymadesimplifying assumptionsuchasnon-occlusionperfect backgound
subtractim, etc methals areclearlyrequitedfor detectingpeoplein generakeveryday
situations.

To addressthis issue,Forsyth & Fleck introduced body plans [2] as a gereral
methoalogy for finding peope in images.However, they relied on simplebody part
detectos basedn genealizedcylinders.This is problematic,especiallyin the caseof
looseclothing. Felzenszwlb & Huttenlocker [1] shaved how dynamic progammirg
could be usedto make the growing of body plans(castas pictorial structures)effi-
cient, but relied on simplistic colou-basedpart detectos. Both of theseworks make



strongphotanetricassumptionabou the bodyparts.We retaintheirideasfor comps-
ing partsinto assemblieby building tree-streturedmodds of peope, but proposea
moregeneal apprachto learningthe body partdetectos andthe undelying geonet-
ric mockl, basedn Supmrt VectorMachine (SVM) andtherelatedRelevane Vector
MachineqRVM) [16,17]. In thepast,SVM classifierchave beenearnedor humansas
awhole[12] andalsofor rigidly conrectedassemblie®f subimags (typicaly, upper
body arms,andleys) [10], but not for flexibly articulatel body mockls.

We presena seriesof experimentsshaving the pronise of learningthearticulated
structureof peope from training examges of body parts,usingSupport Vectoror Rel-
evane VectorMachines.Our contritution is three-bld. Firstly, we presenta methal
for training the body part detectos from asfew as?2 examples, selectedrom a pool
of appoximatelyl100handlabeledimages Secondy, we sketcha methodfor learnirg
abody joint model,building on the recentlyproposedAdaptive Combiration of Clas-
sifiers(ACC) mockl. Thirdly, we describean efficient decalerfor thelearna models,
schematicallydescrited astemplatematchirg + dynamic programning. Our initial ex-
periments demanstratethatbody partdetectordearnedwith only 100imagesfrom the
MIT databasecan producereliable part detectionswith asfew as 4 false detections
pertrueone,andthatthesecanberobustly andefficiently assembleéhto correct body
plansin 70%of casesThis is remakableasevenhumars oftenfind it difficult to clas-
sify isolatedpartsubimagse correctly

The paperis structuredasfollows. We introdwce our body planmodelin 82, then
discusshody part detecteos learnedby two competing algoiithms, SVM andRVM, in
§3.84 present®urappoachfor learnirg anddecaling bodyplans.Finally, 85 presents
someresultsanddiscusguture work.

2 ThePictorial Structure of People

In the work of Marr & Nishihara[9] and mary others[4,13, picturesof peope are
describedyeonetrically as hierarclical assemblie®f generalizd cylindersandcom-
ponants. Theseearly works representhe positionof a part C relative to its parent P
usingadjunctrelationshipgparaneterizedby C's position(p, r, §) andanguar orierta-
tion (1, ¢, x) in P’s cylindrical coordnate system Eachjoint is thusrepresentedasa
6-vector (p, r, 0,9, ¢, x) with discretetolerarcedvalues for eachparaneter They note
thatperspectie projectionmakesmary parametes of the 3D modé unolsenable,and
thatthelocalimagesignatureof ajoint is a pair of axes,but emplasizethe 3D structue,
andattemptto recoverthat.

Recweringarticulated3D modds from singleimagess ahardprodem.Felzenswalb
& Huttenloterrecerly reconsidezd Fischler& Elschlage's notionof pictorial struc-
ture anddemastratedts usefulnessor detectingpeglein indoorscenegl]. Pictorial
structuresare collectionsof imagepartsarrangd in deformable configuations.They
aredirectly adaptedo moncaular obserations.Similarly, it wasrecertly argued[11]
thatthesingularitieghatcharacteriz&D tracking canberemovedby usingimagebased
‘scaledprismaticmockls’ — in essencepictorial structue mocels.Other2D part-tased
modelsuseimageedges [18] or motion mockls derived from denseopticalflow [8] as
featuredor detectiorand/ortracking



Following this line of researchwe represenpeopleusinga 2D articulatedappear
ancemodelcommsedof 15 part-alignedimagerectanglesurrondingthe projedions
of body parts:thecompletebody, thehead thetorso,andtheleft andright upperarms,
foreams, handsthighs,calves andfeet,numbeedfrom 1 to 15 asin fig.1. Eachbody
partP; is arectande paraneterizedn imagecoordnatesby its centef{z ;, y;], its length
or size s; andits oriertationd;. A coarseresolutionwhole-tbdy imageis includedin
case'the wholeis greaterthanthe sumof the parts’. During traininganddetectia, we
discretizethe admissiblerangeof sizesandoriertations.As discussedater, we usea
rangeof 8 scaleshetweerll2 and96 pixds, and36 orientaticsequdly spacedvery10
degrees.Therearealso14 body joints betweerthe parts- the plexus betweerbodyand
torso,the neckbetweerheadandtorso, the hips betweentorsoandthighs,the knees
betweerthighsandcalves,the anklesbetweercalvesandfeet, the shouldes between
torsoanduppe arms,the elbavs betweerupper armsandforeams andthe wrists be-
tweenforeams and hand. Fig.1 showvs the body mode in average position,usinga
singleaspectatio of 16/9for all body parts.

Fig. 1. Our articulatedbody modelwith its 14 joints and 15 body parts.

Expressedn termsof the probabilistic formulationof pictorial structure the poste-
rior likelihod of therebeinga body with partsP; atimagelocationsl; (i € {1...15})
is the prodct of the datalikelihoads for the 15 parts (i.e. the classificationprobalili-
tiesfor the obsered subima@sat the given partlocatiors to beimagesof therequirel
parts)timesthe prodict of the prior likelihoods for the 14 ‘joints’ (i.e. for a coheent
bodyto gene@ateanimagewith the given relative geonetric positionirgsbetweereach
partandits parer in the body tree). The negadive log likelihoad for the total body as-



semblyA = {l4,...,l15} canthusbewritten asfollows, where E is the list of body
joints (‘edges’ of thebodytree):

L(A) = _ZIOgPi(li)_ > dij(li, 1)

(ij)eE

Felzenswlb & Huttenlocter model body parts as constantcolor regions of known

shapesndbody joints asrotationd joints. In this paper we machinelearnthe 29 dis-

tributions p; (I;) andd;;(1;,1;) from setsof positive andnegative examples. We model
the partandarticulatian likelihoads usinglinear Suppot Vectoror Relesarce Vector
Machines.Our work canbe viewed asan extensionof Moharis recen work on com-
binedclassifies [10], where'component'classifieraretrainedseparatelyor thelimbs,

torsoandheadbasedon imagepixel values,and‘combination’ classifiersaretrained
for the assembliedasedon the scoresof the componen classifiersin fixedimagere-
gions.However, we learnpart-aligred, rathe thanimage-aligned, classifiersfor each
bodypart,andwe exterd the‘combination’ classifierto includedeformable articulated
structuregatherthanrigid assemblies.

3 Detecting Body Parts

In our mockl, learningeachbody partamounts to estimatingits prokability giventhe
obsenedimagedistribution atits locatian. Detectingandlabellingbody partsis a cen-
tral prodem in all compment-tasedappraches Clearly the imagemustbe scannd
at all relevart locatiors and scales but thereis a questionof how to handledifferent
partorientations, especiallyfor small, mobile highly articulatedpartssuchasarmsand
hand. Onecaneitherwork in theimageframe,trying to build a geneal detecto that
is capableof finding the partwhatever its orientation or work in a part-aligred frame,
building adetectothatworksfor justoneorientationandscanninghis overall relevant
orientations. The part-alignedapprach hasthe potentialto producesimplerdetectors
from less(but betterlabelled)training data,andthe advantagg(in the articulatedoody-
plan framework) that it also recovers the part orientation Which appoachis faster
or bettermustdepei on the relatve comgexity andreliability of all-oriertation and
one-agientationdetectorsput in geneal it is difficult to build goodtransfomationin-
variarce into generalpurpsedetectos. Theimageframeapprachis well-adapedto
pedestriardetectionapplicatiors suchas Moharis [10], whereonewantsa relatively
coarsewholepersondetecto for distantpeoplewith similar posegmairly standirmg or
walking). But our ultimategoalis to detectpeope labelledwith detailedpartlocations
in applicatims wherethe personmay bein ary poseandpartly occludel, andfor this
we believe thatthe part-baedbody planapprachis preferable.

Our detectorworks with a generalizedeatue pyramid spanniig 8 scalesand 36
orientatians0°, . . ., 350°. Duringtraining thearticularstructureof eachtrainingimage
is clicked, andfor eachdesignategbarta 14 x 24 subimae alignedwith its axesand
scaledo its sizeis extractedasshavnin fig.2. We learn15 Support Vectoror Relevance
VectorMachinesfor the 14 individual partsandthe whole body, andduring detectim
run eachof themoverthescale-oientation-psitionfeatue pyramid thenassemblé¢he
resultsasdiscussedn thenext section.



Fig. 2. A hand-lalelledtrainingimagefrom the MIT databasandits extractedbody partsubim-
agesReadingvertically from left to right: left upperarm,forearm,hand;left thigh, calf andfoot;
head torsoandwhole body; right thigh, calf, foot; right upperarm,forearmandhand

3.1 Feature Selection

The proldem of featureselectionfor objectrecogtition hasreceved a lot of interest
in recentyearsandnumeraus featue setshave beensuggestedncluding imagepixel

values,wavelet coeficients and Gaussiarderiatives. Waveletsare currerly popular,

but as a gereral repesentatiorfor humanbody partsit is undear whetrer standad

(rectangllar) or nonstandardsquae) waveletconstrictionsaremostsuitable Heisele
etal recentlyobtainedbetterresultsfor their SVM facedetectousinggraylevelsrather
thanHaarwavelets[3. Someauthos alsofeel thatwaveletsareunsuitableasa gereral
imagerepresentationbecausé¢hey repesentoint everts ratherthanline or curve ones.
As an alternatve, they proposeridgdets and cuneets, which could prove usefulfor

detectinghumanlimbs.

Herewe leave suchissuesfor future work and usea mote traditionalfeatureset
consistingof the Gaussiariiltered (rescalecandreorieried)imageandits first andsec-
ond derivatives. In detail, our featurevectorfor animagerectangleat locationscale-
orientation [z;, y;, s;, 0;] containsthe absolue valuesof theresponsesf the six Gaus-
siang = 1 filters {G,V,G,V,G, V,,G, V., G, V,,G} in therectande’s 14 x 24
window (i.e. 14 x 24 afterrescalindoy s androtation by 6). Therearethus2016 features
perlocation For Y-Cr-Cb colorimageswe useonly theluminancevaluesY. Thesefea-
turesseemappr@riatefor representig the appearancef body partdetailoverarange
of scalesandorientatims. Theabsolutevaluesof thefilter respoisesarenomalizedto
ascleof [0 — 255] for eachimage.Note thatwe do not requre the extraded features



to be scale-or oriertation-invariant.On the contray, we seekfeatureghataretunedto
the charactestic scalesandoriertationsof the detailin the aligned body-partt images.
Someexanplesof thefeaturevectorsareshowvnin fig.3

To implementthis, the Gaussiarfilters arecompUed using9 rotatedimagesfrom
0 to 80 degreesand 7 standarddeviations o = (9— = {1,1.14,1.33,1.6,2, 4, 8}.
For eachstandad deviation we also dovnsanple by o, so the standarddevlatlon of
the filters in their resampledi4 x 24 windows is always 1. For ary given size and
orientation, we selectthe featurevecta that bestapprximatesthe part-aligred re-
gion as an axis-alignedrectangleof heigh 24, thus quantizirg the possiblesizesto
ooy = 124,27, 32,38, 48,64, 96, 192}. This restrictionis importantfor the detection
process,whereit is necessaryo sampleall possiblelocatiors, oriertationsandscales.
This chdce of primitives makesreasonhly few assumptias aboutthe natureof the
featuresto be learned which canbe arbitray comhbnationsof shapeJuminarce and
texture.
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Fig.3. TheV,G andV, G featureimagesfor the examplein fig.2.

3.2 Training

Using the 2016dimersional featue vectorsfor all body partin the training set,we
trainedtwo linear classifiersfor eachpart, one usinga Suppat Vector Machineand
theotherusinga RelevanceVectorMachine.SVMs andRVMs aregroundedonresults
from statisticallearnirg theory which suggesthatthey shouldgive goad classification
perfamanceevenwhentherearerelatively few training examges.Herewe decidel to
putthatclaimto asereretestby trainingonthe minimum numter of exanplesthatgive
reasonale results— in our case about100.

In bothcaseswe trainedall 15 partclassifiersseparatelyagainsta common‘back-
grownd’ model.As backgoundexampes we simply take otherpiecesof the training
imagesthat do not containpeople Note that we do not attemptto learn multi-class
classifiersfor every part againstevery otherone.We are trying to learnreliable fil-
ters for rejectingnonpartswithin anarticulatecbody planframework, notisolatedpart
detectos or parttype classifiersper se We expectthe ovellap in appeaancebetween



different partsto be significant,andwe do not wantthis to causemisseddetectiors in
ambigwouscases.

Support Vector Machines: SVMs arediscriminan classifiersthat give a yes/no
decisionnotaprohability. Howeverin ourexperimentswetreatthe SVM scoregscalar
productsin featue spaceasif they werelog likelihoads for the body partsgiven the
imagevalues®

Relevance Vector M achines: RVMs [16,17]areBayesiarkerrel methodthatchaose
sparsebasissetsusingan ‘automatic relevancedeternination’ style prior that pushes
non-essentialveightsto zero. Thefunctional form of thefinal classifieris the sameas
thatof an SVM - only the fitted weightsaredifferent. RVMs do not usuallygive sig-
nificantly bettererror ratesthanthe correspnding SVMs, but they often give similar
resultswith mary fewerkerrels.Herewe uselogisticlineardiscriminart RVMs, whose
outpu directlymocelsthelog-oddsfor apartversusanon-partatthegiven poirt. In this
paperwe usedthe RVM for redicing the numbe of examges or 'relevancevectos’.
In practice pour classifieraisebetweer and3 positive andnegaive 'relevancevectas’
each(to becompmredwith 100-20 suppat vectas usedby the SVM classifiers).

In the linear case the sparsityof the RVM basistranslatesnto sparseuseof the
inputfeatureswhich potentiallymeanghatlessfeaturas will haveto beextradedfrom
theimagesandhencethatthe metha will befasterto run. Thisis avely exciting area
whichwe planto investigae furtherin future work.

3.3 Detection

We detectall the body partsat once in a singlescanof the orientati;-scalepyramid
The detectionscoresfor eachpart reduceto a simple convolution product againsta
maskcontainirg thediscriminan sumof weightedsuppat vectos or relevancevectas.
Conceptally, this is nothing morethantemplatematching whereeachof the suppat
or relevarcevectas is usedasatemplate andtheresultingscoreis a weightedsumof
the correlation with the searchregion. Basedon our expectatim of the falsedetecti
ratesof our detectorswe retainthe best50 candidtesfor eachpart. Ultimately, we
wouldliketo useafixedthreshdd for selectingcanddates but this wasnotthe casen
theexpeliementsreportechere.

4 Parsingthebody tree

In a nonarticulated,imagealigned methodsuchas that of Mohan[10], assembling
the part detectionds relatively straightfoward - decanposethe searchwindow into
subwindws, keepthe highestscorefor the apprgriate partin eachsubwinadw, and
compaethescoresnto asingle,low-dimensionafeaturevedor. A linearSVM canbe
learnedor theoverall body detectim, giventhis secondstagefeatue vecta.

! For amoreprincipledapproab, the scoresof ary discriminantcanbe corvertedto probatil-
ities asfollows: run the detectorover a validation setandfit densitymodelsto its positive-
exampleand negative-example output scores.At ary given score,the ratio of the positive-
exampledensityto the negative-example oneis an estimateof the positive-to-ngative odds
ratio for detectionsatthatscore.



In our articulated,part-aligried methal, the composition of part-malelsis only
slightly more difficult, and canbe castas a comlinatorial search- from all detected
parts,searchfor the assembliesooking mostlike peope. Sinceassembliesre natu-
rally describd astrees efficientdynamicprogammingalgoiithmscanbe usedto build
thesecondstageclassifieraswe now describe.

4.1 Parsing/decoding algorithm

GivenN canddate body partlocationsiy, , detectedby eachbody part classifierCy,
we arelooking for a’parse’ of the sceneinto oneor more’body trees’.Oneimportant
subprdlem is to assigna 'valid detection’ or 'falsealarm’ label to eachcandidhte,
basednot only on the candidate’s scoresbut on the local configuation betweenthe
candicitesandits neigtbors.Our appoachrelieson algotithms previously describe
by loffe and Forsythas 'Viterbi decaling’ [7]and by Felzensbam and Huttenlocler
asdynamicprogaming[1], sowe only briefly sketchthe solution.Giventhe detectim
scoresDy(ly,) for all canddatesn = 1...N, we searchfor the bestcandicite asa
function of its directparer, in the hypahesisof a given body plan. For the leaves of
thebodytree(hansfeetandhead)thisis compuedby algoritim 1.

Algorithm 1 leaflocation

Bi(ljm) = ming,—1 Ny —Dx(lgn) + dij(lkn, ljm)
li(ljm) = argming,—1 .. v} —Di(lgn) + dij(lkn, lim)

Basedon this compuation,we canscorecandiddéesfrom the bottan up, usingthe
recursia formula2.

Algorithm 2 bottomup

Bi(ljm) = ming,—1...n} —Dr(lkn) + dij (lkny Lim) + Ziclk=pa(e)} Be (lkn)
Li(ljm) = argming,—1 . v} —Dx(lgn) + dij(lkn, Lim) + Zicik=pa(e)} Be(lkn)

At theroat nocke (senteselevel) we obtan the simpleformula 3for scoringthehigh
level hypotheses.

Algorithm 3 rootlocatin

B, = min{n:l...N} _Dr(lrn) + E{c|7‘:pa(c)}BC(l’rn)
Ly = argming,—;..ny —Dr(lrn) + Zicjr=pa(c)y Be(lrn)

Choasing the mostprdobableroot node,we arenow in a positionto move backto
the othernocesin a top down fashionby chowing Ly = I} (Lp,k)) for all nodes,
given their parents Note that this algoiithm hasa comgexity O(M N 2) with M the



numlerbody partsandN thenumter of canddatesperbodypart.As anexamge of the
detectiorresultsobtaine with this methal, Fig. 5 shavs thefirst threepreferedparses
for threetestimage,ranked by orderof increasingenepies (negative lik elihoads).

4.2 Learningthebody tree

The costfundionsusedin our bodytreemodelarebasedon geoméric constrainton
therelative positiors of partsatabody articulation, asin FelzenswaldandHuttenlocter[1].
Essentially the articulation modelis a linear combiration of the differencesbetween
two joint locations aspredictedseparatelyy thetwo body partsmeetingatthearticu-
lation.

Algorithm 4 joint distance(;, ;)

Computgoint locationz;;, y;; givenfirst body partlocationl;

Computgoint locationz;;, y;; givensecondoody partlocationl;

Returndistanceiij = wfj |.’I}i]‘ _-'Ejil —|—11)i-’j |yij —yj7;| +w?j |97; —Hj —eij | +wfj| log :—j —log S¢j|

Eachbody joint is parametdred by the relative sizess;;and anglesd;;between
its parts,andthe four rigidity paraneterSwfj,wz.yj, wfj, w;; governingthe admissible
rangeof appaentdefamatiors of thearticulationin position,sizeandoriertation. We
learnedthe relative sizess;;andanglesd;; of eacharticulationby simply taking the
average relative positionsof all pairsof body partsover thetrainingset.

For learningtherigidity paraneters,we againuseda Suppot VectorMachine.For
eacharticulation 4;; betweenparts P; and P; ,we learneda 'combination classifier’
basedon a five-dimensioml featue vector F? = D; + Dj, Fe=|zij — zji|, FY =
i — sl FY = |6: — 0; — 053], Ff = |log 3 — logsij] .

Usingpositive andnegdive exanplesfrom our training set,we useda linear SVM
classifierto learna setof Weightsw?j,wfj, wy;, wfj, w;; suchthatthelikelihoodis posi-
tivefor all positve examge, andnegative for all negative exampges. We expeimentally
verifiedthatthe learnel weightshave correctsigns,i.e.w?j > 0 andwij” < O,w;’/j <

O,wfj < 0,wj; < 0, sothatthe learnedmodé canindeedbe relatedto the log-
likelihod of thearticulation
* "u)f ‘w?
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In ourexperimentswith theMIT pedestrijardatabasl&heIearnéanooblsperfdmed
slightly betterthanthe naive apprachassigningequalweightsto all paraméersandall
articulatiors, andwe expectthe methodto be of even greder berefit for dealingwith
themorecomgicatedcasef peope in actionsuchasrunring or jumping.

5 Implementation and results

We implemented andtestedour methal usingMatlah The systemconsistsin several
function. An interactve applicationwasdesignedor handlabellingthe examges and



storing the location of body joint and body parts. This datasered both for training
andtestingourimplemenation. Another function wasimplementedfor computing the
imagepyramid andextracting theimagesignatuesat all locationsz |y, s, 8 . This was
usedboth for generatig the training datausedby SVM and RVM, andto perform
detectionagainstthe learnedmockls. Finally, a parserwasimplemeried basedon the
dynamic progammingappoachdescribedbore, whichreadscandiditelocationsfrom
the 15 bodypartdetectos, andproducesarankedlist of canddateassemblies.

For learningSVM, we useda pullic domainimplemenationdore atMIT (SvmFy
version3.0).Weimplenentedthelearningalgorithm for RVM in Matlabfollowing the
samedataformatasSvmFu.

5.1 Experimental setup

We selectedl00 frontal imagesfrom the MIT pedestria databasendlabelledthem
into 15 partseach,asshown in Fig. 2. For eachexamge, the labelling is carriedout
very effectively by clicking 14 body joints. Visible partswere clicked with the left

mousebutton,while occluded partswereclicked at their mostlik ely (hidden)location

usingtheright mousebutton.Only visible partswereusedfor trainingthe partmodels.
Hiddenpartswereusefulfor training the geoméric modelonly. For every image we
additiomally picked5 baclground regions to be usedasnegative examples.

In someof our experimentswe geneatedartificially largerdatasetsby varying the
locationof thehandtabelleddata,andpicking randbm sampleof backgound But this
appeagd to significantlydecreaethe predsion andrecall of the traineddetectorsso
we abamonred the appoach.As a result,eachbody part classifierwas trainedwith
slightly lessthan100positive exanples,and500negative exampes.

We selectedanotherl00frontal images from the MIT pedestriardatabaseandla-
belledthemexactly asbefore,to sene asa testset. The testsetwasusedto evaluate
eachof thebodypartdetectos aswell asthedetectorof assemblies.

5.2 Detection of body parts.

It is traditionalto comparedetectos by tracingtheir ROC curwves,i.e. tracingthe true
detectiorrate(recall)asafunction of thefalsedetectiam rate(1 - precision. In ourcase,
the singlemostimportart paraneteris the falsedetectionratenecessaryor achieving
themaximumrecall.Wetherefoe compaedthetwo detector®nourtestsetby measur
ing thefalsedetectiorratesnecessaryor detectingall (known) body parts.We worked
separatelwith eachpartdetectorwith thefollowing results(in perceatage).

As canbeseenRVM classifierperfam only slighly worsethantheir SVM couter
parts,with meanfalsedetectionratesof 80.1% and78.5% respectiely. This is re-
markalte, given the extremely small numter of relevane vectas usedby the RVM
detectos. For the purposeof detectia, the adwantageof the RVM clearly outweich
theirincorvenierce.Notethatthosefalsedetectiorratesarehighin absolutevalue,es-
peciallysincewe did notcourt confusionsbetweerpartsasfalsedetectios. In practice,
this mears the actualnumter of falsedetectios, includng confusionsbetweenparts,
may becone 15 timesashigh. Evenin this moreconserdative hypahesis,the numter
of candid&esto be examinedremaingquitetractable ontheorderof 75 candidateper
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[Part] 1] 2[3[4]5[6] 7]
SVM|(84.981.687.276.677.478.273.8
RVM (84.386.487.076.475.8§82.479.0

[ 8] 9[10]11]12]13]14] 15]
75.378.682.476.677.477.173.377 5
81.284.981.277.480.078.476.§80.1

Table 1. Falsedetectionratesfor SVM andRVM body partdetectors.

part. Theworse-cas@umler of body joint hypothesess therefoe 14 x 752 = 78750.
In practice we obsered an average numbe closerto 14 x 202 = 5600 andused50
candichtesasa safebetin all our experiments

We alsonotethattheworstresultsareobtairedfor thetorso(3) andface(2) models.
Thetorsois probably the hardestbody partto detect,sinceit is almostentirely shape-
less,andis bestdetectedndirectly, from geonetric clues.In the caseof thefacemocdel,
thelearneddetectos areclearly not state-of-tle-art,andwe anticipatethat they could
be improved consideably by increasinghe size of the training setandbootstraping
ourclassifier

20 40 60 20 40 60 20 40 60 20 40 60 20 40 60

Fig. 4. Partdetectiorresultsfrom testcollection.
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5.3 Detection of body trees

After selectinghebest50 candiditesfor eachbodypart,in evely imageof thetestcol-
lection,we evaluatedour methodby compaing thefirst bestthreedetectims obtainel
by our methodwith the correctinterpietation.Thus,thetaskwaspurdy thatof detect-
ing humansin thetestset.In afirst expeiment,we useda nave geanetricmodelwith
uniform rigidity paranetersfor all body joints, andobtaina a correctdetectionin 70
caseasingthe SVM scoresand62 casesusingthe RVM scoresWe missedthepersm
compleely in 30 casesandobtairedincomrectinterpgretationscausedy falsepositves
in thebaclgrourd in 34 cases.

In a secondexperiment,we learnedthe geoméric model using body joints from
all trainingimagesWe usedthe corret¢ assembliess positive examges, andcircular
permuationsof thebody partsasnegaive examges.Usingthelearredmodel,we were
ableto improve the correct detectiorratesto 68 % usingRVM scoresand78 % using
SVM scoresWe planto betterevaluge the methd in our future work. In particulay
we wouldlik e to betteruncerstanchow mucheachbodypartdetectorcontritutesto the
overall scoreandhow reliablethefinal labelingis for eachbody part. At this poirt, we
canonly emplasizethatthe detectionof handsandfeetis oftenimportantandreliable,
despitethe small size of the corresponihg imageregions, andthat, in gereral, the
geomdric corstraintssignificantlyoutweidh theimageterms(by a factorof 10to 20),
which confimstheintuition behindthebodyplanappoach.

6 Futurework

Thegooddetectiorratesachiezedby the metha make a corvincing casethatthebody

planstrateyy is applicalte to realproblemsin imageandvideoindexing. We now plan
to extendthis work to videg wherewe hope to improve thedetectiorratesevenfurther
by making useof tempoal andkinematicconstraintsWe arealsoencairagedo better
evaluatethe qudity of themethodbeyond thepuredetectionproblem- towardspart-by

partverification and3D interpretatio of the parsetrees.

The mainlimitation of our modelis thatwe canna dealwith missingor occludel
parts.One possibleway arouwnd this impartant prablemis to conside all possiblelo-
cationsaswasdoneby Felzensbam andHuttenlacher But we fearthatthis may limit
thegeometic precisionof the methodevenfurther All our expeiimentsshaw thatdis-
cretizingthespaceof locationstoo coarselyresultsin poa detectionTherefae, we are
looking for alternatve waysto handleincomplee assembliesyhile increasinghe pre-
cision of thelocations especiallyin sizes.Recently loffe andForsythpropsedto use
mixtures of treesfor learnirg and parsingincomgete and multiple body plans[5][6]
which promisesto offer a usefulframework for solvingthe missingpartprodem..

Another drawbad of our apprachis the conflict betweenspatialresolutionand
localization This is causedby the constraintthat we set,to learnall detectordn the
samegeometic framewvork. Oneparaneterof ourimplemeration provedcritical - the
rangeof scalesat which traininganddetectionwas perfamed. As of this writing, we
allow a discreterangeof boxeswith fixedaspectatio (16/9) andlength24,27,32, 38,
48,64and96.As is visiblein someof thefigures this resultsin poorlocalizationof the
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Fig.5. Ranled detectiorresultsuiiggIearnednodeland RVM scores.



smallerfeature (suchasthe handsandfeet). On the otherhand,we expeimentedwith
segmeris of lengths12,14,16, 18,24, 36,48 and96 anda spatialresolutionof 12, but
found that the precisionwas deterigatedfor the larger featureg(asin the head torso
andbody). Clearly;, acompomisehasto befound, andmoreexpeimentsareneeded.
Finally, we have chosento usegatssianimagederivativesin all our experiments
becausdahey area popuar and consesual choice. But the constrution of the image
pyramid is computationrally expensive, andwe planto move to amoreefficientimple-
mentation which couldrely on a more thoroughselectionof the featurevectors.This
couldbe basedon usingRVM classifiersto learn'relevant featues’ ratherthanrele-
vantvectos. Alternaively, Sidenllah and Black [15][14] have recettly presentedan
apprachfor learningthe imagestatisticsof peoplevs. backgpoundfrom video,which
couldprove very usefu for learnirg bettermodelsby selectingbetterfeatures.

7 Conclusion

By combiring severalrecentappoachesye have cometo somepositive conclisions.
Firstly, it is possibleto learnappeaancemockls for human body partsfrom exanples
andto usethemasinput to abody planparseratleastfor a modest-sizeproblemsuch
aspedestriaretection Secondlywe have beenableto learngeometic modelsfor the
combiration of the detectecdparts,allowing usto robustly estimatethe likelihoad of a
bodypartassemblywithout recouseto samplingor HMM distributions,which requre
thousads of exanplesto be learnedefficiently. Thirdly, the learnedmockl leadsto a
very efficient decodng algorithm amouing to no morethanthe comhination of very
well knovn templatematchinganddynanic progammingtechniaies.

Those positive conclsionsencouageus to investigatetwo main directionsof re-
search.We expectthat bocstrapping(addirg exanples on which our currert model
fails, andretrairing) shouldoffer even betterdetectionrates,andincreasedliscrima-
tion betweerbodyparts.And we planto learnappearancenodelsfor peoplein motion
picturesandvideg, in which casewe will needto extendour apprachto the more
difficult problemsof multiple resolutis, actvities andviewpaints.
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