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Abstract Detectingpeoplein imagess akey problemfor videoindexing, brows-

ing andretrieval. Themaindifficultiesarethe large appearace variationscaused
by action, clothing, illumination, viewpoint and scale.Our goal is to find peo-
ple in staticvideo framesusinglearnedmodelsof both the appearane of body
parts(head limbs, hands) andof the geometryof their assemblieswWe build on

Forsyth& Fleck’s general'body plan’ methodolog and Felzenszwlb & Hut-

tenlochers dynamicprogramming approad for efficiently assemblingandidate
partsinto ‘pictorial structures’ However we replacetherathersimplepartdetec-
torsusedin theseworkswith dedicatedletectorgearnedor eachbodypartusing
SupportVector Machines (SVMs) or ReleranceVector Machines (RVMs). We

arenot awareof ary previous work usingSVMs to learnarticulatedbody plans,
howeverthey have beenusedto detectbothwhole pedestriansindcombinatiors
of rigidly positionedsubimagegtypically, upperbody, arms,andlegs)in street
scenesyundera wide rangeof illumination, poseandclothing variations.RVMs

areSVM-lik e classifierghatoffer awell-foundedprobalilistic interpretatiorand
improved sparsityfor reduceccomputation\We demonstratéheir benefitsexper

imentally in a seriesof resultsshaving greatpromisefor learningdetectorsin

moregeneal situations.

Keywords:. objectrecognitionimageandvideoindexing, grougng andsegmen-
tation, statisticalpatternrecognition kernelmethods

1 Introduction

Detectingpe@le in imagess animportantpracticalchalleng for contentbasedmage
andvideo processinglt is difficult owing to the wide range of appearacesthat peo-
ple canhave. Thereis a needfor method that candetectpele in geneal everyday
situations.For instance actorsin typical featurefilms areshowvn in a gred variety of
actiities, scalesyiewpoints andlightings.We cannotrely on frequently-madesimpli-
fying assumptioasuchasnon-occlusion perfed backgpoundsubtractio, etc.

To addessthisissue Forsyth & Fleckintrodwcedthe geneal methoalogy of body
plans[8] for finding peope in images. However, they relied on simplistic body part
detectos basedn genealizedcylinders.This is problematic,especiallyin the caseof
looseclothing Similarly, Felzenszwalb & Huttenlacher[6] shovedhow dynamic pro-
grammng coud be usedto efficiently group body planscastas ‘pictorial structures
[7], but they reliedon simplistic colou-basedartdetecteos. Both of theseworks make
strongphotametric assumptias abaut the body parts.We retaintheir ideasfor com-
posingpartsinto assembliedy building tree-structeed mockls of people but propose
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a moregereral appoachto learnirg the body part detectos andthe underlying geo-
metric mockl, basedon Suppat VectorMachires (SVM) [24,4] or RelevanceVector
Machines(RVM) [22,23. In the past,SVM classifiershave beenlearred for entire
humars [18] andalsofor rigidly connectd assemblie®f subimags (typically, upper
body arms,andlegs)[16], but notfor flexibly articulatedbodymodels.

We presena seriesof experimentsshaving the pronise of learningthearticulated
structureof peoplefrom training exanpleswith handtabelledbodyparts,usingSVMs
or RVMs. Our contiibution is three-fdd. Firstly, our featuresetandtraining methal
builds reasonhbly reliablepartdetectordrom asfew as100handtabelledtrainingim-
ages.andthefinal RVYM detectos arevery efficiert, ofteninvolving conparisonwith
only 2—3positive and2—-3negative exenplars.Secontly, we sketcha methodfor learn-
ing a body joint mocdel usingthe recentlyproposedAdaptive Combinatim of Classi-
fiers (ACC) framework [16]. Thirdly, we describean efficient decoderfor the learnel
models,thatcombireskernelbaseddetectionwith dynamic progmamming Our initial
expeiimentsdemorstratethat body part detecteos learnedwith only 100 imagesfrom
the MIT pedestriardatabaseangive reliable detectim with asfew as4 falsealarms
perimageon this dataset. This is remakable as even humansoften find it difficult
to classifythe isolatedpart subimags correctly. The detectedpartscanbe efficiently
assembleéhto correctbody plansin 70%of cases.

The paperis structuredasfollows. We introdwce our body planmodelin 82, then
discussbody part detectos learnedby two competing algoithms, SVM andRVM, in
§3.84 present®urappoachfor learnirg anddecaling bodyplans.Finally, 85 presents
someresultsanddiscusseguture work.

2 ThePictorial Structure of People

In thework of Marr & Nishihara[15] andothers[10,19, peope aredescriled ashier
archical3D assembliesf gereralizedcylinders andcompnerts. Thepositionof apart
C relative to its parentP is parametized by C’s position (p, r, ) andanguar orierta-
tion (4, ¢, x) in P’s cylindrical coordnate system.Eachjoint is thusrepresentedasa
6-vector, with discretetolerancedraluesfor eachparaneter They notethatperspectie
projection makesmary paranetersundosenale andthattheimagesignatue of ajoint
is a pair of axes,but still emplasize andattemptto recover, 3D structure.

Recaoering articulated3D modelsfrom singleimagesis difficult. Felzenszwlb &
Huttenloherrecenly reconsideedFischler& Elschlages notionof pictorial structuie
[7] anddemorstratedits usefulressfor detectingpeoplein indoa sceneg6]. Pictorial
structuresare collectionsof imagepartsarrangd in defornable configurations. They
aredirectly adaptedo morocularobsenations. Similarly, Morris & Rehgamguedthat
3D trackingsingulaities canberemoved usingimagebasedscaledprismaticmodels’
[17] — essentiallypictorid structue models.Other2D part-lasedmodelsuseimage
edged25] or motionmocelsderived from denseopticalflow [14] asfeatuesfor detec-
tion and/a trackirg.

Following this line of researchwe represenpeopleusinga 2D articulatedapper-
ancemodelcommsedof 15 part-alignedimagerectanglesurrondingthe projedions
of body parts:thecompletebody thehead thetorso,andtheleft andright upperarms,



foreams, handsthighs,calvesandfeet, numbeed from 1 to 15 asin Figurel. Each
bodypart P; is arectangleparanetrizedin imagecoordnatesby its centre[x ;, y;], its
lengthor size s; andits orientdion 6;. A coase resolutionwholebodyimageis also
included in case'the wholeis greaterthanthe sumof the parts’. During trainingand
detection we discretizethe admissible rangeof sizesand orientatins. As discussed
later, we usea rangeof 8 scalesand36 oriertationsequallyspacedevery 10 degrees.
14 body joints comectthe parts:the plexus betweerbodyandtorso,the neckbetween
headandtorso,the hipsbetweertorsoandthighs,theknees betweerthighs andcalwves,
the anles betweencalves andfeet, the shouldrs betweentorsoand uppe arms,the
elbows betweerupper armsandforeams andthe wrists betweerforearmsandhands.
Figurel shavs the body mocel in average position usinga singleaspectatio of 16:9
for all bodyparts.

Figurel. Ourarticulatedbody modelwith its 14 jointsand15 body parts.

Expressedn termsof the probabilistic formulationof pictorial structure the poste-
rior likelihodd 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)andthe prior likelihoads for the 14 joints (i.e. the probabilities for a coheent
bodyto gene@ateanimagewith the given relative geonetric positionirgsbetweereach
partandits paren in the body tree). The negative log likelihoad for the whole body
assemblyd = {l;,...,l15} canthusbewritten asfollows, whereF is thelist of body



joints (‘edges’ of thebodytree):

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

(ij)eE

Felzenszwlb & Huttenlocker model body partsas 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 [16], where'component'classifieraretrainedseparatelyor thelimbs,
torsoandheadbasedon imagepixel values,and‘combination’ classifiersaretrained
for the assembliedasedon the scoresof the compnen 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
obseredimagedistribution atits location. Detectingandlabellingbody partsis a cen-
tral problemin all commnentbasedapprachesClearlytheimagemustbe scannedit
all relevant locatiors andscales put thereis alsoa questionof how to hande differ
entpartorientatiors, especiallyfor small,mobile,highly articulatedpartssuchasarms
andhand. Onecanwork eitherin theimageframe,trying to build a generaldetecto
thatis capableof finding the partwhatever its orientatio, or in a part-alighedframe,
building adetectothatworksfor justoneorientationandscanninghis overall relevant
orientations. The part-alignedapprachhasthe potentialto producesimplerdetectors
from less(but betterlabelled)training data,andthe advartagethatit alsorecovers the
partoriertation. Which apprachis fasteror bettermustdependon the relative com-
plexity andreliability of all-oriertation andone-aientationdetectorsput in gereralit
is difficult to build goodtransfamationinvarianceinto geneal-purpsedetectos. The
image-fameapprachis well adaptedo pedestriametectiam applications suchasMo-
hans[16], whereonewantsarelatively coarsavholepersondetectoffor distantpele
with similar posegmainly standingor walking). But our ultimategoalis to detectpeo-
ple andlabel themwith detailedpartlocatiors, in applicatioys wherethe persm may
bein any poseandpartly occluded. For this we believe that the partbasedbody plan
apprachis prefeable.

Our detectorworks with a generalizedeatue pyramid spanniig 8 scalesand 36
orientations0° . .. 350°. During training the articularstructureof eachtrainingimage
is clicked, andfor eachdesignategbarta 14 x 24 subimae alignedwith its axesand
scaledto its sizeis extractedas shavn in Figure 2. We learn 15 Suppot Vector or
ReleranceVector Machinesfor the individual partsand the whole body, and during
detectionrun eachof them over the scale-orietation-position featurepyramd, then
assembleheresultsasdiscussedh thenext section.
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Figure2. A hand-lakelled training image from the MIT databasend its extractedbody part
subimagesReadingvertically from left to right: left upperarm, forearm,hand left thigh, calf
andfoot; head torsoandwhole body; right thigh, calf, foot; right upperarm,forearmandhand.

3.1 FeatureSets

The prodem of choosingfeaturesfor objectrecogition hasreceveda lot of interest
in recentyearsandnumeraus featue setshave beensuggestedncluding imagepixel
values,wavelet coeficients and Gaussiarderiatives. Waveletsare currerily popular,
but as a gereral representatiorfor humanbody partsit is undear whetrer standad
(rectangllar) or nonstandard'squae) wavelet corstructionsare mostsuitable[9,16].
Heiseleetal obtairedbetterresultsfor their SVM facedetecto usinggraylevelsrather
thanHaarwavelets[9]. Someauthas alsofeel thatwaveletsareunsuitalie asagereral
imagerepresentationbecausé¢hey repesentoint everts ratherthanline or curve ones,
andinsteadbroposeridgeletsandcunelets[2,5]. Thesemight prove usefulfor detectimgy
humanlimbs.

Herewe leave suchissuesfor future work andusea featuresetconsistingof the
Gaussiarfiltered imageandiits first and secondderivatives. Although simple, these
featuresseemto representthe variatiors of body part detail effectively over a range
of scalesandoriertations.Thefeaturevectorfor animagerectangleat locationscale-
orientation [z;, y;, s;, ;] containsgthe absolue valuesof theresponsesf the six Gaus-
siano = 1 filters {G, V.G, V,G, V4, G, V., G, V,, G} in therectande’s (rescaled
andreoiiented)14 x 24 window. Therearethus14 x 24 x 6 = 2016 featuesperwindow.
For color images we useonly theluminane values Y. The absolutevaluesof thefilter
resposesarenormalizedacrosssachimage Theextractedfeatuesarenotrequirel to
be scale-or oriertation-irvariant. On the contiary, we seekfeatuesthat aretunedto



the charactestic scalesandoriertationsof the detailin the aligned body-part images.
Someexanplesof thefeaturevectorsareshovn in Figure 3.

To implementthis, the Gaussiarfilters arecompued using 9 rotatedimagesfrom
0 to 80 degreesand 8 scalesWe resampleaccordng to scalein eachwindow, sothe
standarddeviation of thefilters in their resampled 4 x 24 windows is always1. For
ary givensizeandoriertation, we selectthe featurevecta thatbestappraimatesthe
part-alignedregion asanaxis-aligred rectande of height24. This chdce of primitives
makesreasoably few assumptiogabou thenatue of thefeaturego belearnedwhich
canbearbitray combnationsof shapeluminane andtexture.
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Figure3. TheV,G andV, G featureimagesfor the examplein Figure2.

3.2 Training

Using the 2016dimersional featurevectorsfor all body partsin the training set,we
trainedtwo linearclassifiersfor eachpart,oneusinga Suppat VectorMachineandthe
otherusinga RelevanceVectorMachire. SVMs andRVMs aregrowundedon statistical
learningresultsthatsuggesthatthey shoud give goal classificatiorperfamanceaven
whentherearerelatively few trainingexampes. Herewe decidedo putthis claimto a
severetestby training on the smallestsetsof exampesthatgive reasonale results—
in our caseabout100.

We trainedthe 15 partclassifierandividually againsta comman ‘backgound data
setconsistingof rancbm piecesof thetrainingimageghatdo not cortain people Note
thatwe arenot attemptingto learnisolatedpart detectos or multi-classpart-type clas-
sifiers,but reliablefilters for rejectingnon-partswithin anarticulatel bodyplanframe-
work. We expect the overlapin appearace betweerdifferent partsto besignificantbut
we donotwantthisto causemisseddetectionsn ambigiouscases.

Support Vector Machines: SVMs arediscriminarn classifiersthat give a yes/no
decisionnotaprobability. Howeverin ourexperimentswe treatthe SVM scoregscalar



productsin featue space)asif they werelog likelihoads for the body partsgiven the
imagevalues®.

Relevance Vector Machines: RVMs [22,23] are Bayesiankernel method that
chosesparsébasissetsusingan ‘Automatic Relevan@ Determiration’ [1] style prior
that pushesion-essentialeightsto zero.They do not usuallygive significantlybetter
error ratesthanthe corresponthg SVMs, but they do often give similar resultswith
mary fewer kernels.Thefunctionalform of thefinal classifieris the sameasthatof an
SVM — only the fitted weightsaredifferert. Herewe uselogistic linear discrimirant
RVMs, whoseoutputdirectly modelsthe log-oddsfor a partversusa non-fart at the
givenpoint. In this paper we useRVMs mainly to redwce the numbe of kernels(‘rel-
evane vectas’) andhencethe compuationalcomgexity. ThetrainedRVM classifiers
typically useonly 2—3 positive and2—3 negative relevarce vectorseach,ascompmred
to 100-200suppat vectas for acomparableSVM classifier

Currenily we trainthelinearRVMs to make sparsauseof exampleshbut they could
alsobetrainedto make sparseuseof features This would potentiallymeanthat fewer
imagefeaturesvould have to be extracted andhene thatthe methodwould runfaster
We planto investigde this in future work.

3.3 Detection

We detectall of thebodypartsatonce,in a singlescanover the orientationscalepyra-

mid. Thedetectim scorefor eachpartredu@sto a simpleconvolution product against
amaskcontainng the discriminant sumof weightedsuppat or relevancevectos. Con-

ceptually this amourts to gereralizedtemplatematchng over imagesof local feature
vectos, with weightedsumsof training exanples as templates.The nonlineaity of

the processis hidden in the rectified, normdized local featurevectas. For efficiency

in the assemblystage,we currertly retainonly the 50 bestcandicitesfor eachpart.
The obsered detectionratessuggesthat this strateyy sufficesfor simpleimages but

it is not ideal for robustness agairst occlusionsandwe ultimately planto usea more
sophisticatedtratey basedn adaptve threshdds.

4 Parsingthebody tree

In anonarticulatedimage-aliged methal suchasthatof Mohan[16], assemblinghe
partdetectiosis relatively straightfoward:deconposethesearctwindow into subwin-
dows, keepthe highestscorefor the appiopriatepartin eachsubwindev, andcommse
the scoresnto a single,low-dimensionalfeaturevector Giventhesesecondstagefea-
turevectas, asinglelinearSVM canbelearnedor the overall body detection

In our articulated,part-aligned methal, the compsition of part-malels is only
slightly more difficult, and can be castas a combnatorial search:from all detected

1 A moreprincipledapproacho convertingthescoreof adiscriminantlassifietto probalilities
isasfollows:runthedetectooveravalidationsetandfit densitymodelsto its positive-example
and negative-example output scores.At ary given score,the ratio of the positve-example
densityto the negative-exampleoneis an estimateof the positive-to-ngative oddsratio for
detectionsatthatscore.



parts,searchfor the assembliesooking mostlike peope. Sinceassembliesre natu-
rally describd astrees efficientdynramicprogammingalgoiithmscanbe usedto build
thesecondstageclassifier aswe now describe.

4.1 Parsing/decoding algorithm

GivenN candidcitebodypartlocatiors [, detectedy eachbodypartclassifierC',, we
arelooking for a ‘parse’ of thescendnto oneor mote ‘body trees’.Oneimportart sub-
prodem is to assigna ‘valid detection’or 'falsealarm’ labelto eachcanddate,based
not only on the candidcate’s scoresbut on the local configurationbetweenthe candi-
datesandits neighlours.Our apprachrelieson an extensionof the Viterbi decaling
algorithm, asdescribedy loffe & Forsyth[13] andFelzenszwlb & Huttenlaher[6],
which we sketchonly briefly here Giventhe detectionscoresD g (l,,) for all candi-
datesn = 1...N, we searchor the bestcandidateasa function of their directparents
pa(n) in the bodytree.For the leaves(i.e. hand, feetandhead, this is compued by
algorithm 1:

Algorithm 1 leaflocation

By (ljm) = ming,—1.. Ny —Dr(lkn) + dij(lens Lim)
i (lim) = argming,—; . vy —Dr(lkn) + dij (lkn, Lim)

Basedon this compuation,we canscorecandidéesfrom the bottan up, usingthe
recursim algoiithm 2:

Algorithm 2 bottomup

Bi(lim) =ming,—1. . ny —Di(lkn) + dij(lkn, lim) + Ziclk=pa(c)} Be (lkn)
li(l]m) = arg min{n:l...N} _Dk(lkn) + dkj (lkn7 l]m) + 2'{c\k=pa,(c)}-Bc(lkn)

At therootnodewe obtainthesimpleformula 3 for scoringthe high level hypothe-
ses.

Algorithm 3 rootlocatin

B, = min{n:l...N} _Dr(lrn) + E{c|r:pa(c)}BC(l’l‘n)
L: = arg min{n:l...N} _Dr(lrn) + E{c|7‘=pa(c)}BC(l7‘n)

Choasingthe mostprabableroot node we canthenassignthe othernodesin atop
down fashionby chosing L} = I} (L)) for eachnode givenits paren. Note that
this algorithmhasa comgexity O(M N?2) with M the nunber body partsand N the
numter of candichtesper body part. As an examge of the detectionresultsobtainel
with this method Figure6 shaws the threemostprobatbe parsedor four testimages,
rankedin orderof decreasindikelihoad.



4.2 Learningthebody tree

The costfundions usedin our bodytreemodelarebasedon geomdric constrainton
therelative positionsof partsata bodyarticulation asin Felzenszwlb & Huttenlocter
[6]. Essentially the articulationmodelis a linear combiration of the differercesbe-
tweentwo joint locations,aspredcted separatel\py thetwo body partsmeetingatthe
articulation

Algorithm 4 joint distance(;, 1;)

Computgioint locationz;; , y;; givenfirst body partlocation;

Computgjoint locationz;;, y;; givensecondoody partlocationl;

Returnd;; = wij|zi; — zji| + w;yi; — yjs| + w|0; — 6; — 0;;] + wi;|log :—; — log sij]

Eachbody joint is paranetrizedby the relative sizess;; andanglesf;; between
its parts,andthe four rigidity paraneterSwg”j,wfj, wfj, w;; governingthe admissible
rangeof appaentdefamatiors of thearticulationin position,sizeandoriertation. We
learnedthe relative sizess;; andanglesd;; of eacharticulatian by simply taking the
average relative positionsof all pairsof body partsover thetrainingset.

To learntherigidity paraneterswe againuseda Suppat VectorMachire. For each
articulationA4;; betweerparts P; and P;, we learneda ‘comhbination classifier’ based
onafive-dmensionafeaturevecta F? = D; + D;, F¥ = |z;; — x|, FY = |yij —
yjil, FY =10 — 0; — 03|, FY = |log 5+ — log s;] .

Usingpositive andnegative exanplesfrom our training set,we useda linear SVM
classifierto learna setof weightSw?j Wi, wi/j, wfj ,w; suchthatthe scoreis positive
for all positive examge, and negative for all negative exanples. We expeiimentally
verifiedthatthelearnedweigtts have the expectedsigns,wg; > 0 andwf; < 0,w}; <
O,wfj < O,wj; <0,s0 that the learnedmodé canindeedbe relatedto the log-
likelihoad of thearticulation | .

w, v w?, w?,
L(Aij) = Fio - %Ff - w—OZFZy - %Fzﬁ - %Ff
In ourexperimentswith theMIT pedestriamlatabasehelearnednocelsperfamed
slightly betterthanthe naive apprachof assigningequalweightsto all parametesand
all articulatiors, andwe exped themethal to beof evengrederbenefitfor dealingwith

themorecomgicatedcasesf peope in actionsuchasrunring or jumping.

5 Implementation and results

Weimplemenedandtestedour methodin Matlah Thesystemcorsistsof severalcom-
ponants. Thereis aninteractize programfor hard-labellingexampes and storingthe
locationsof the body joints andparts.Anotherfunction conputesimagepyramds and
extractsimage signatues at all locationsz y, s,6 . Theseare usedboth to geneate
featurevectos for SVM/RVM training andto perfam detectionagainstthe learnel
models.Finally, a parserbasedon the abore dynamic progammirg apprach reads



candiditelocatiors from the 15 body partdetectos andproducesa rankedlist of can-
didateassemblies.

We usedMIT’ s publicdomainprogamSvmFu-30to trainthe SVM classifiers\We
trainedthe RVM classifiersn Matlab usinga new algorithmthatwill be describedn
detailelsavhere.

5.1 Experimental setup

We selectedlOOfrontalimagesfrom the MIT pedestriamlatabaeandlabelledtheir 15
parts,asshovn in Figure2. Eachexamge is labelledby clicking 14 body joints. Oc-
cludedpartsareclicked at their mostlik ely (hidden)location,but flaggedasoccluded
Only visible partsare usedto train the imagepart models but the hiddenpartscanbe
included whentraining the geometricmodds. We also picked 5 backgoundregions
in eachimage,for useasnegaive exanples.As aresult,eachbody partclassifierwas
trainedwith slightly lessthan100positive exampes,and500 negaive exampes.

Separte exampges areneededor training andtesting,sowe selectecandlabelled
anothe 100images from the MIT pedestriandatabaseo sene asatestset. This was
usedto evaluatethebody partandassemblhydetectos.

5.2 Detection of body parts.

Detectorsare traditiorally comparedby tracing ROC cunes, i.e. true detectionrates
(recall)asa function of falsealarmrates(1—precision).In our casethe detectorsnust
betunedto fundion asfilters,somostimportarn paraneteris thefalsealarmrateneedd
to achieve ‘total recall’. Hence we compredthetwo detectordy measurig thefalse
detectiorratesrequredto detectall visible body partsin ourtestset. Theresultingtrue
positive ratesfor eachpartdetectormreshavn in Figure4.

As canbe seenjndividual partimagesarenot very discrimindive, sothe absolute
falsealarmratesremainquite high. In fact,they becane still higher(upto 15:1)once
confusionsbetweenpartsareincluded. Even so, the linking stagemanagego resole
mostof theambiguity, andthe numter of candidéesthathave to beexamiredremains
quitetractableat mostabou 75 candiditesper partfor theseimages.gnoiing spatial
contiglity, the worst-casenumber of body joint hypothesess therdore 14 x 752 =
78750. In practice we obseredanaveragenumkercloserto 14 x 202 = 5600 andused
50 candichtesasa safebetin all of ourexperiments.TheRVM classifiergperfam only
slightly worsethantheir SVM counteparts,with meanfalsedetectionratesof 80.1%
and78.%% respectiely. This is remakable giventhe very small numter of relevarce
vectos usedby the RVM detectorsFor the purposeof rapidfiltering, theadwvartagesof
theRVM clearlyoutweightheirinconvenierce.

Also notethattheworstresultsare obtaired for the torso(3) andhead(2) models.
Thetorsois protably the hardestbody partto detectasit is almostentirelyshapelesdt
is probably bestdetectedndirectlyfrom geonetric clues.In contrast,theheads knowvn
to containhighly discrimimantfeaturesput thetrainingimagescontainawide range of
posesand significantly moretraining data(and perhajg somebodstrappingon false
alarms)is probably needd to build agooddetector
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Figure4. True positive ratesfor SVM andRVM body partdetectors.

5.3 Detection of body trees

We evaluatedthe final body detectorby visually comparing the best(highest proka-

bility) threeconfigurationsretumedwith the corred interpretatio in eachof the 100
testsetimages.Thus,the taskwas purely that of detectinghumars usingthe 50 best
candiatesfor eachbody partandthe body treemodd. Our first experimentused100
trainingexempes. We obtainedccorrectdetectioms ratesof 72 % usingRVM scoresand
83 % using SVM scoreswhile usinga naive geanetric mocel with uniform rigidity

paraméersfor all of thebodyjoints. We thenlearneda geometrianodel usinglabelled
bodyjointsfrom the100trainingimagesWe usedthecorrectassemblieaspositive ex-

amplesandcircularpermuationsof thebody partsasnegaive onesUsingthelearnel

model, the correctdetectionratesimproved to 74 % and 85 %. We shoud notethat
detections arelatively easytaskwith this dataset,andour methal shoud beevaluged
alsowith regardsto the poseestimatesWe planto investigatethis areaquaritatively
in later work. Qualitatively, we notedthat a majority of the body partswere correctly
positionel in only 36 % of thetestimagesfor RvM and55 % for SVM.

In a secondexperiment,we increasedhe sizeof thetraining setto 200 exanples.
This resultedn aslightincreaseof thedetectiorrates,to 76 % for SVM and88 % for
RVM, anda muchvasterimprovemen of the poseestimatesresultingin qualitatively
corret posesn 54 % of thetestexanplesfor RVM and75 % for SVM.

6 Discussion and Future Work
Thegooddetectiorratesachiezedby the metha make a corvincing casethatthebody

plan stratay is applicableto real prodemsin imageandvideo indexing. We planto
extendthis work to video,wherewe hope to improve the detectionrateseven further

11
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Figure5. Partdetectionresultsfrom testcollection.

by makinguseof tempoal andkinematic constrénts. But the corstructionof the im-
agepyramid is computationally expersive, and we plan to move to a more efficient
implemenation,which couldrely on a morethoraugh selectionof the featurevectas.
Oneway to do this will beto useRVM classifiersthat learnrelevart featuesrather
thanrelevart examges. As acomgement,Sidenblatl & Black’s [20,21] appoachfor
learningthe imagestatisticsof peoplevs. backgoundcould prove usefulfor learnirg
bettermocdelsby selectingoetterfeaturesin theassemblyphasethe comgexity of the
dynamic progammirg algorithm is quadatic n the numbe of candidatepartswhich
needto be stored,which in turn depend on the precisionof the individual body part
detectos. By fine-tuning the body part detectos, we expectto achieve significantim-
provementsalsoin the overall performarce of theglobd detector
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Figure6. Ranled detectionsaandtheir enegies,usingthe learnedbody modeland SVM scores.

Furtherwork will be neededor assessinthe correctnes®f the detectim andpose
estimatiorresultsin a moresystematiavay andfor ’bootstrapping thelearnedmodels
(addirg examgesonwhich ourcurrert mode fails, andretraining. Evenwithoutboad-
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strapping we have verified experimentallythatthe quality of the body partclassifiers
is improved significantly by increasingthe size of the training data.We will needto
quarify thisobsenration in future work.

We alsoplanto extendthemethodto hande multiple persoisin agreatewvarietyof
backgourds andposespy explicitly represeting occlusionsin the decoding proess
asin the work of Coughlanetal. [3] or by introducingmixturesof partial body trees,
asin therecentprgposalmadeby loffe andForsyth[11,12]. The costfundions used
to evaluae the assemblyof the body planscould alsobenefitfrom a richer geonetric
modelandadditioral phaometric constrairs (e.g. similarity of color andtexture be-
tweenthe body partsfor the sameperson. There are caseswherewe would like to
move even further away from the human anatomicmodé, andreplaceit with a small
setof 'clothing models’,which could be learnedin muchthe sameway and provide
additioral flexibility . Thoseareavenuedor furtherexpeaimentalwork.

7 Conclusion

Detectinghumars is achallengng prodemin compuer vision,with consideableprac-
tical implicationsfor contentbasedndexing. We believe we have reacledthreeuseful
concisionswith the work reportedin this paper Firstly, it is possibleto learnappear-
ancemodaés for humanbody partsfrom examplesandto usethemasinputto a body
plan parserat leastfor a modest-sizeproblen suchaspedestriardetection Secolly,
we have beenableto learngeonetric mocelsfor the combirationof the detectedarts,
allowing us to robustly estimatethe likelihoad of a body part assemblywithout re-
courseto samplingor HMM distributions, which requite thousandsof examgesto be
learnedefficiently. Thirdly, thelearnedmodelsleadto an efficient decodng algorithm
thatcombireskerné basedearnirg anddynamicprogammingtechnques,andis sim-
ple enoudp to be exterdedto videosequenes.
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