Hand PoseEstimation Using Hierar chical Detection
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Abstract. This paperpresentananalysisof the designof classifiersor usein a

hierarchicabbjectrecognitionapproachin thisappro&h,acascadef classifiers
is arrangedn atreein orderto recogrize multiple objectclassesWe areinter-

estedin the problemof recogrizing multiple patternsasit is closely relatedto

the problemof locatingan articulatedobject. Eachdifferentpatternclasscorre-
spond to thehandin a differentpose or setof posesFor this problemobtaining
labelledtraining dataof the handin a given posecan be problemdic. Given a
parametric3D model, generding training datain the form of exampleimages
is cheap,andwe demongatethatit canbe usedto designclassifiersalmostas
goodasthosetrainedusingnon-syntheticdata.We comparea variety of different
template-basedlassifiersanddiscusgheir merits.

1 Intr oduction

This paperconsiderghe prablemof locatingandtrackinganarticulatedobjectusinga
singlecamea. Themethodis illustratedby the prodem of handdetectim andtracking
Thereis alot of ambiguity in the prodem of trackinga comgex articulatel object,and
asuccessfumethodshouldbe ableto maintainmulti-modal distributions over time. A
numter of differenttechniqueshave beensuggestedo dealwith multi-modality, e.g.
particlefiltering [7, 11]. Whentrackis lost, a robusttracker shoulddevise a recovery
stratayy, asfor examge in region basedracking [23]. This task,however, canbeseen
asa detectionprodem, andthusin [19, 20] it is argue that the tracking of comple
objectsshouldinvolve the closesynthesif objectdetectiorandtrackirg.
Objectrecoqition is typically consideed asthe taskof detectinga singleclassof
objectsO (e.g faces)n asceneZ; locatingthe objectin the sceneanddetermiring its
poseBut suppsewe areinterestedn recogrizing m categyoriesof objeds O 4, ..., 0,
simultaneasly, i.e. areary of a setof objectsin thesceneandif sowhere?How canit
efficiently be decidedwhetherthe scenecontairs oneof theseobjeds? Oneoptionthat
is commaly followed is to independetly train a classifierfor eachobject[16]. The
drawback of suchanapprachis thatcompuationtime scalesroudhly linearly in the
numter of objeds to beidentified.Recentlyadvance have beenmade in facedetectio
basedntheideaof acascadef classifierd15, 22], wheresuccessiely morecomple
classifierarecombinedin acascadstructurewhichincreaseshespeef thedetecto
by focusingattentionon promisirg regions of theimage seefigure 1(a).Firsttheimage
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is dividedinto a setof subrgions. The initial classifiereliminatesa large portion of
thesesubwinaws with little compuation;thoseremainng areprocessedfurtherdovn
thecascadeAt eachlevel thenumkber of subwinaws remairing decreaes allowing for
morecompuationally expersive classifiersto be usedat the bottomlevel for accurate
discriminatian of the remainingsubwindaevs. As the motivationfor sucha cascades
theminimizationof compuationtime, this paperexamiressomeof theissuesnvolved
in classifierdesignfor efficienttemplate-bsedclassificatiorfor handposeestimation.

The next sectionreviews relatedwork on hierarclical detectimmn anddescribeghe
links to 3D poseestimation Section3 introducesthe shapeandcolourfeatureghatare
used,aswell asthe templatedfor classification. An evaluaion of theseclassifiersin
termsof performarce andefficiengy is presentedh sectiond, andtheir apgicationto a
poseestimationprablemis shavn.

2 PoseEstimation Using ShapeTemplates

Onequestim is whethera cascadedppioachcanbeusedfor recogizing multiple ob-
jects,i.e. how to designa computationally efficient cascadeof classifiersfor a given
setof objects, 04, ..., 0,,. Theprodem s closelylinkedto the recanition of artic-
ulatedobjectswhich canbe thought of asan infinite collectionof objectsindexed by
thejoint articuldion paramnetersin particular Gavrila [6] exaninestheprodem of de-
tectingpedestriansChamfermatchng [2] is usedto detecthumars in differert poses,
anddetectingpeogpe is formulatedas a templatematchingproblem. Whenmatchirg
mary similar templatedo animage a significantspeeddp canbe achieved by forming
atemplatehierachy andusinga coarseo fine search6, 14]. ToyamaandBlake [21]
useexenplar templateso evaluatelik elihoods within a prababilistic tracking frame-
work. Shapetemplatesof a walking personare clusteredand only the chamfercost
of the protaypesneedsto be computed. However, with increasingobjectcomgexity
the nurmber of exempars requirel for trackirg risesaswell. If a parametric3D object
modelis available thegeneationof trainingexamgesis cheap Additionally, eachgen-
erated2D templateis anndatedwith the 3D modelparaméers,thusposerecovery can
beformuatedasobjectdetection createa databasef mocel-geneatedimages anduse
anearst-neighlour searcho find thebestmatch.This apprachis followed,for exam:
ple, by AthitsosandSclarof for handposeestimation1] andShakmarovich etal. [17]
for uppe bodyposeestimationln [19] it is suggstedto partitionthe parametespace
of a3D handmodelusingamulti-resoluion grid. A distribution is definedon thefinest
grid andis propayatedover time. This hasthe advanta@ thattempoal informationcan
be usedto resohe ambigwus situationsandto smooththe motion Shapetemplates,
geneatedby the 3D model,areusedto evaluatethelikelihoods in regions of the state
spaceThetemplatesarearrangdin ahierarcly andareusedto rapidy discardregions
with low probaility mass.For thefirst frame, thetreecorrespodsto a detectiortree,
thusthe ideaof cascadedlassifierscanbe appied, which eliminatelarge regions of
the paraneter spaceat early stagesandfocus computation on ambigiousregions. In
termsof classifierstheaimis to maintaina high detectiorratewhile rejectingasmary
falsepositivesaspossibleat eachnock in the tree. Within this pape we will analyze



Algorithm 1 : Cascadef Classifierdor Multiple Cateyories

for eachsubwindav I
startatrootnode (I, k) = (1,1).
if C%(T) > 0 then repeatfor child nodesof (1, k).
elseassigrnzeroprobability to all child nodesof (1, k).
endif

endfor

the designof cascadedatlassifiersfor sucha hierachy, which canbe usedwithin the
tree-basefiltering framework of [19].

Givenatreewhichateachlevel partitionsthe setof modds into mutuallyexclusive
regionsS! forl = 1,..., L whereL is thenumbe of levelsin thetreeandi = 1... N,
whereNy, is thenumberof setsat thatlevel. SothatS = U;S} andS N S}, = 0;Vj, k.
The goalis to designa cIassifieer- which achieves high detectionrateswith modest

falsepositive ratesor theregion Sj.. Thesearchthenproceelsasshowvn in algorithm 1.
A schematiof thisalgorithmis shovnin figure1b. Thenext sectionexamiresanumtker
of differentclassifiersbasedon edgeandcolourfeatures.
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Fig. 1. Cascadeof Classifiers (a) A cascae of classifies for a singleobjectclasswhee eath

classifierhasa high detectiorandmodeatefalsepositiverate (b) Classifiesin a treestructue;

in a tree-basedbjectrecqnition schemeead leaf correspndsto a single objectclass.When
objectsin the subteeshave similar appeaance classifies can be usedto quidkly prune the
seach. A binary treeis shownhere, but the branching factor canbelarger thantwo.

3 Explanation of Featuresand Classfiers

Edgedoccluding contairs)andcolou (silhowetteinterior) have provedusefulfeatures
for recogiizing handsand discrimirating betweendifferentposese.g.[1, 13]. Each
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Fig. 2. Examplesof Training and Testimages.Top: Firstsixnmagesfromleft: trainingimages,
last six: testimages Bottom: First siximagesfrom left: negativetraining examplescontainirg
handin differentpose last six: nggativeexamplescontainingbadground.

featureis treatedindependetly, assuminghatin different settingsoneof the features
maybesuficientfor recoqition. Edgefeature areconsideedin thefollowing section.

3.1 EdgeFeatures

Whenusingedgesasfeatues,robust similarity fundions needto be usedwhencom-
paringatemplatewith theimage,i.e. onesthataretolerar to smallshapecharges.One
wayto achievethisis to blur theedgeimageor templatebefae correlatingthem.Other
method, which aretoleran to small shapedeformationsand someocclusionarethe
(truncated)chamferandHausdorf distancefunctions [2, 10]. Both method aremade
efficientby theuseof fastoperatimslik e the distancetransfam or dilation of theedge
image.OlsonandHuttenlocter [14] include edgeoriertationin Hausdoff matching
This is doneby decompsingbothtemplateandedgeimageinto a nunberof separate
chanrels accordng to edgeoriertation. The distances compued separatelyfor each
chanmel, andthe sumof theseis thetotal cost.

Both chamfe and Hausdoff matchingcan be viewed as specialcasesof linear
classifierd5]. Let B bethefeaturemapof animageregion, for exampe a binary edge
image.ThetemplateA is of the samesizeandcanbethought of asa protaype shape.
The problemof recogition is to decidewhetheror not B is an instanceof A. By
writing theentriesof matricesA andB into vectos a andb, respectidly, thisprokdem
canbewritten asa linear classificatiorproblemwith a discrimirantfundiona™b = ¢,
with corstantc. This generéization alsopermitsnegative coeficients of a, potenially
increasingthe costof clutteredimage areas,and different weights may be given to
different partsof the shapeFelzenszwlb [5] hasshavn thata singletemplateA and
adilatededgemapB is sufficient to detecta variety of shapeof awalking persam. A
classifieris thusdefinal by the entriesin the matrix A andin this paperthe following
classifiersareevaluatedillustratedin figure 3 (a)). For eachtypetwo setsof templates
aregenerategonewith andonewithout orientatian information.For oriertededgesthe
anglespaceis subdvided into six discreteintenals, resultingin a templatefor each
orientation chamel.

Centre Template: This classifierusesa singleshapetemplateA, gereratedusingthe
centreof a region in paraneter space.Two possibilitiesfor the featue matrix B are
compaed. Oneis the distancetransfomededgeimagein orde to compute the trurn-
catedchamferdistance6]. For comprison,the Hausdoff fractionis compued using
thedilatededgeimage[9]. The paranetersfor bothmethalsaresetby testingthe clas-
sificationperfomanceon a testsetof 5000images Valuesfor the chamferthresholdr
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Fig. 3. Templatesand Feature Maps usedfor Classification.(a) Templatesisedfor classifying
edee featules. From left to right: single template maminalizedtemplate binary mamginalized
template templatelearnt fromimage data. (b) Templatedor classifyingcolour featues,analo-
gousto top row (c) Extractedfeaturesfromanimage with simplebadkground Fromleft to right:
inputimage, edges, distancetransformecdedge map,dilated edge map,colour likelihoodimage.

from 2 to 120weretestedandr = 50 waschasen,but little variation wasobsevedfor
valueslarger than20. For thedilation parameted valuesfrom 1 to 11 werecompared,
andd = 3 shavedthebestperformarce.

MarginalizedTemplate: In order to constriet a classiferwhich is sensitve to a partic-
ularregionin paraneterspacethetemplateA is constructedy denselysamplingthe
valuesin this region, andsimultaneasly settingthe modelparanetersto thesevalues.
Theresultingmodelprojectiors arethenpixd-wise addel andsmootled. Differentver-

sionsof matricesA arecompaed: (a) the pixel-wiseaverageof mockl projections, (b)

thepixd-wise average additiondly settingthebackgoundweightsuniformly to aneg-

ative valuesuchthatthe sumof coeficientsis zero,and(c) theunion of all projectias,
resultingin abinarytemplate.

Linear ClassifierLearntfrom Image Data: ThetemplateA is obtainel by learnirg
a classifierasdescribedy Felzenszwalb [5]. A labelledtraining setcortaining 1,000
positive exampges and 4,00 negative examples of which 1,0® containthe handin a
different poseand 3,00 imagescontainbaclground regions (seefigure 2) is usedto
train alinearclassifierby minimizing the percepron costfunction [4].

3.2 Colour Features

Given aninputimageregion, definethe featue matrix B * asthe log-ikelihood map
of skin colourandB®? asthelog-likelihoodmapof backgoundcolour. Skin colour is
represeted asa Gaussiann (r, g)-spaceandthe backgounddistribution is moddled
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Fig.4.Including EdgeOrientation Impr ovesClassificationPerformance. Thisexampleshows
the classificationresultson a testsetusinga maminalized template (a) histagram of classifier
output using edges without orientation information: hand in correct pose (red/light), hand in
incorrect pose (blue) and badground regions (bladk,dashe line). (b) histagram of classifier
outputusingedgeswith orientationinformation.Theclassesare clearly bettersepaated,(c) the
correspndingROC curve

asauniform distribution. A silhouettetemplateA is definedascontairing +1 atloca-
tionswithin the hard silhouetteandzerootherwise Writing thesematricesasvectas,
a costfunction, which correspndsto thelog-ik elihood[18] canbewritten as:

aT(b® —b%) 4+ 1Tb% | 1)

wherethe entriesin b® areconstantvhenusinga uniform backgoundmodel.Thus,
correlatirg the matrix B = B* — B% with a silhouettetemplateA correspondgo
evaluatirg the log-ikelihoodof aninput region up to an additive constantNote that
whenthedistributions arefixed thelog-likelihoodvaluesfor eachcolourvectorcanbe
pre-canputedandstoredin a look-up table befordnand.The correspondig templates
A areshownin figure3 (b).

4 Results

In order to compae the perfamanceof differentclassifiersa labelledsetof handim-
ageswascollected.Positve exanplesaredefinedasthe handbeingwithin aregionin
paraméer spaceor thefollowing experimentsthis region is choserto bearotationof
30 degreesparallelto the imageplane.Negative examges are baclgrourd imagesas
well asimagesof hand in corfiguratiors outsideof this paraméer region. The evalu-
ation of classifiersis dore in threeindepemnlentexperimentsfor different handposes,
anopenhand,a poirting handanda closedhand Thetestdatasetseachcontain5000
images,of which 1000are true positive exanples. The classifiersare definedby the
entriesin thematrix A, describd in the previous section,andillustratedin figure 3 (a)
and(b).



4.1 EdgeTemplates

Thefollowing obserationsweremadeconsistentlyin the experiments:

— In all casegheuseof edgeorientation resultedn betterclassificatiorperformarce.
Including thegradien directin is particdarly usefulwhendiscriminding between
positive examges andnegative exanplesof handimages Thisiis illustratedin fig-
ure 4 (a) and (b), which shaw the classdistributions for non-orientededges and
orientededgesin the caseof mamginalized templateswith non-negaive weights.
The correspading ROC curvesare shavn in 4 (c), demorstratingthe benefitof
usingorientel edgesThis shiftin theROC curveis obsered in differentamounts
for all classifiersaandis shavn in figure5 (a) and(b).

— In all expaimentsthe bestclassificationresultswere obtainal by the classifier
trainedon real data. The ROC curwes for a particdar handpose(open handpar
allel to imageplane)areshavn in figure 5. At a detectionrate of 0.99the false
positive ratewasbelown 0.05in all experiments.

— Marginalizedtemplatesshoved godd results,alsoyielding low falsepositive rates
athigh detectiorrates.Templats usingpixel-wiseaveraging andnegative weights
for baclgrourd edgeswerefound to perfam bestwhencompaing the threever-
sionsof mainalizedtemplatesFor this templatethe falsepositive rateswerebe-
low 0.11atadetectiorrateof 0.99

— Using the centretemplatewith chamer or Hausdoff matchingshaved slightly
lower classificationperformarte thanthe othermethals, but in all caseshefalse
positive rate was still belov 0.21 for detectionratesof 0.9. Chamfermatchirg
gave betterresultsthan Hausdoff matchirg, ascanbe seenin the ROC curwe in
figure 5 (b). It shouldbe notedthat this resultis in contrast to the obserations
madeby Huttenlaherin [8], for moredetailssee[18].

The executiontimesfor different choicesof templatesA werecompaedin order
to assesshe computationalefficiengy. Computing the scalarproduct of two vectorsof
size128 x 128 is relatively expensie. However, thecomputationaltime canbereducel
by avoiding the multiplicationof zerovalued entriesin the matrix A. For chamér and
Hausdoff matchirg, thetemplateonly contairs the points of a singlemodel prgection.
The numberof pointsin the maginalizedtemplatedepenls on the size of the parane-
terspacaegion it repesentsin theexpeimentsit contairedappioximatelyl4timesas
mary non-zeropoints asa singlemocdel templateWhenusingabinarytemplatethe dot
product computationsimplifiesto additiors of coeficients.If bothvectasarein binary
form, afurtherspeeddp canbeachievedby usingAND opemrtions[18]. The execution
timesfor correlating10,00 templatesareshowvn in table 1. Thetime for compuing a
distancetransfam or dilation, which needsto be only compued onae for eachframe
whenchander or Hausdoff matchingis used,is lessthan2 msandis therebrenegligi-
ble whenmatcting a large numter of templatesThere clearly seemdo be a tradeeoff
betweercomputationtime andclassificatiorperfamanceor theclassifierswWhenused
in acascadedtructue, thedetectim rateof a classifiemeedso bevelry high,soasnot
to missary truepositves.ChamferandHausdoff matchng, while having alargerfalse
positive rate,areabout10-14timesfasterto evaluatethanmaminalizedtemplatesand
abou 40timesfasterthanthetrainedclassifier
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Fig.5. ROC CurvesFor Classifiers.Thisfigure showsthe ROC curvefor ead of theclassifies.
(a) edee featues alone and (b) orientededges. Note the differencein scaleof the axes.The
classifiertrainedon real image data performsbest,the mamginalizedtemplatesall showsimilar
results andchamfermatdingis slightly betterthanHausdorf matdingin this experimentWhen
usedwithin a cascae structuse, the performarce at high detectionratesis important.

4.2 Silhouette Templates

Thesameestdatasetasfor edgesvasused andthefollowing obserationsweremade:

— For thetestsetcolourinformationhelpsto discriminatebetweerpositive exanples
of hand and baclground regions. However, thereis significantoverap between
the positive and negdive classexampes which contan a hand Orientededges
are betterfeatues to discriminatebetweenthe hard in different poses,whereas
colourfeatuesareslightly betterat discrimirating betweerthe positive classand
backgoundregions.

— Both, centretemplateandmaminalizedtemplateshow betterclassificatiorperfa-
mancethanthe trainedclassifier in particdar in the high detectim range.At de-
tectionratesof 0.9 thefalsepositive ratefor the centretemplateis 0.24 wherasit
is 0.64for thetrainedclassifier However, thetrainedclassifiershavs betterperfa-
manceat separatingositive exanplesfrom negdive examge imagescontainirg
hands At a detectionrateof 0.9, the falsepositive rateis 0.41compaedto 0.5
for theothertwo classifiers.

Theevaluationcanbe perfamedefficiently by pre-canputinga sumtable, B *“™,
which contairs the cumulatve sumsof costsalongthe z-direction:

T

B*“"(z,y) = Y _ (logp*(I(i,y)) —logp"(1(i,y))) , (2)

i=1



ClassificatiorMethod Numberof Points  ExecutionTime  fp attp = 0.99

Chamfer 400 13ms 0.10
Hausdorf 400 13ms 0.12
MarginalizedTemplate 5,800 186 ms 0.02
Binary MarginalizedTemplate 5,800 136ms 0.02
TrainedClassifierTemplate 16,384 524ms 0.01

Table 1. Computation timesfor Corr elating Templates.Theexecutiontimesfor computingthe
dot produd of 10,000image patchesof size128 x 128, whee only the nonzeo coeficientsare
correlatedfor efficiency measued ona 2.4 GHzPC with PentiumlV. Thelast columnshowsthe
falsepositiveratesfor eat classifierat a fixeddetectiorrate of 0.99.

wherein this equatiortheimagel is indexedby its z andy-coodinatesp ® andp®? are
theskincolou andbackgourd colourdistributions, respectiely. Thisarrayonly needs
to becompuedonce,andis thenusedto compute sumsover areashy addirg andsub-
tractingvaluesat points on the silhouettecontaur. It is acorvenientway to corvertarea
integrals into contou integrals, andis relatedto the summedareatablesof Crow [3],
theintegral imageof Viola andJoneq22] or the integration methal basedon Greens
theoremof Jermynandlishikava [12]. Compaedto integral imagesthe sumover non
rectanglarregions canbecompuedmore efficiently, andin contratto thetechniqe of
JermynandIshikawvathe contaur normalsarenot neededin contastto thesemethals,
however, the modelpointsneedto be conrectedpixels, e.g.obtaired by line-scaming
a silhouetteimage.The computationtime for evaluatirg 10,0® templateds reducel
from 524 msto 13 msfor a silhouettetemplateof 400 points.As the computation of
the sumtable B**™™ is only compued once this is negligible whenmatchinga large
numter of templates.

4.3 Detection Examples

Thetree-taseddetectiormetha wastestedonrealimagedata.This corresponddo the
initialization stagein the hierardical filter [18,19]. Figure 6 illustratesthe operatiam

of the classifiersat different levels of the tree.In this casethe classifiersarebasedon

orientededge usingthe chanfer distanceand skin colour silhouette.The classifiers
at the uppe levels correspondto large regions of parametespaceandarethusless
discriminative. As the searchproceels regions are progessvely eliminated resulting
in only few final matchesThetreecontainsB, 748 differenttemplatescorrespadingto

apointing hand restrictedo rigid motionin ahemisplere.Figure7 shavs exampes of

acceptecndrejectedemplatesat differenttreelevelsfor a differentinput image.

5 Conclusion

In this paperthe corceptof a hierachicalcascadef classifiersfor locatingarticulated
objectswasintrodiwced. The classifierscanbe obtainel from a geonetric 3D modelor
from training images.The motivation of this researchasbeenonging work on hard



Fig. 6. Hierar chical Detectionof Pointing Hand. Left: Inputimage, Next: Imageswith classifi-
cationresultssuperimposed Each squae representsan image location which contairs at least
onepositiveclassificationresult. Higher intensityindicateslarger numberof mathes.Faceand
seconchandintroduceambiguity Regionsare progressivelyeliminated the bestmatd is shown
ontheright.

Fig. 7. Search Resultsat Differ ent Levels of the Tree. This figure showstypical examplesof

acceptedand rejectedtemplatesat levels 1 to 3 of the treg ranked according to matding cost
shownbelow Asthe seach is refinedat ead level, the differencebetweeracceptedandrejected
templateslecieases.

tracking in which we seekto combire the merits of efficient detectionandtracking
Motivatedby the succes®f tree-laseddetectionthe parametespaceis discretizedo
geneate a tree of templateswvhich canbe usedas classifiers.Even thowgh their per
formancehasbeenshavn to be not asgoodasclassifierdearntfrom imagedata,they
have the adventageof beingeasyto generat@andbeinglabelledwith aknown 3D pose,
permitting their usein amodelbasedrackingframevork.
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