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Abstract

The goal of this work is to recover humanbody con-
gur ationsfrom static images. Wthout assuminga priori
knowledg of scale poseor appeaance this problemis
extremelychallengingand demandghe useof all possible
souicesof information.We developa framevork which can
incorporate arbitrary pairwise constaints betweenbody
parts, sud as scale compatibility relative position, sym-
metryof clothingand smoothcontourconnectiondetween
parts. We detecttandidatebodypartsfrombottom-upusing
parallelism, and use various pairwise con guration con-
straintsto assembl¢hemtogetherinto bodycon gurations.
To nd themostprobablecon guration,wesolvean Integer
Quadratid®’rogrammingproblemwith a standad technique
usinglinear approximations Approximatel QP allowsusto
incorporatemud more informationthanthetraditional dy-
namicprogrammingandremainscomputationallyef cient.
15 hand-labeledmagesare usedto train thelow-level part
detectorand learn the pairwise constaints. We showtest
resultson a variety of images.

1. Intr oduction

Thegoalof thiswork is to take animagesuchastheone
in Figurel(a),detecta human gure, and nd thecon gu-
ration of parts(b). Thisis a very dif cult problem,partly
becausthumanbodiesareversatile presentingawiderange
of poseand aspectsmary including self-occlusion,and
partly becaus&ariationsin clothingandbackgrounctlutter
dery asimpleappearanceodel.

Given the seeminglyinsurmountabledif culties, mary
existing approachem this problemmake simpli cations of
onesortor anotheyeitherassumingnowledgeof scaleand
appearance/colpor using motion informationfrom video
sequencefor backgroundsubtraction,or limiting evalua-
tion to restricteddomainssuchaswalking gures. In these
cases,a canonicaltree-basednodel is typically usedto
modelbody parts,wheredynamicprogrammingcanbe ap-
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Figurel: The challengeis to take aninputimage(a), and
recoverthebodycon gurationin (b).

plied.

We tacklethe problemin a moregeneralsetting. With-
out restrictionsin pose,appearanceyr backgroundtlutter,
atree-basednodelnolongersufces (cf [11]). Additional
sourcesof information, not provided by tree basedmod-
els,arerequiredto succeedFor example,the symmetryof
clothingis a powerful cueto constrairlimb appearanceis
anotherexample,in Figurel, whatrevealsthebodyposition
to usaretheconnectiorbetweerthetwo upperlegsandthe
relative geometriaelationshipbetweerarmsandlegs, both
of whicharenotin thetraditionaltree-basednodel.

It is anopenquestionwvhatmodelscanexpresssuf cient
constraintsand are computationallyfeasible. In this work,
we develop a stratgyy that exploits a rich setof cues,de-

ned on arbitrary pairs of parts,to constrainbody con g-

urations. We learn theseconstraintsfrom empirical data
anduselnteger Quadratic Programming(IQP) to nd the
mostprobablecon gurations. IQP is a well-studiedcom-
putationaframework, whereef cient approximationgxist.

Many cuesfor estimatinghumanbody con guration can
be expressedas pairwise constraints. In our experiments
we have found that IQP works well for this problem. The
IQP framework allows incorporatingmuch more informa-
tion thandynamicprogrammingon trees,andcanhandlea
muchlargersetof candidatgartsthana brute-forcesearch



stratgyy (asusedin [11]).
2. RelatedWork

Finding peopleis a hardproblem;yetit is a problemof
greatinterestto both scienti ¢ researchergand engineers.
Oneof theearliestinesof researclonthis problemisin the
limited settingof detectingandtrackingpedestriansStart-
ing with Hogg[g, therehasbeena greatdealof work done
on using 3D kinematicmodelsfor tracking[3]. These3D
modelshave a high degreeof kinematicfreedomandtypi-
cally requirehandinitialization. LeeandCohen[7] recently
managedo use3D modelsto detectpeoplemostlyin stand-
ing posesmakinginferencewith Data-DrvenMCMC.

More recentdevelopmentsn pedestriardetectiontypi-
cally usea large amountof training dataand make use of
cleverly designedtlassi ers, the mostsuccessfubf which
is probablythat of Viola et al. [18]. Thesetemplate-based
approachesdo notrecover joint locations,andhave not yet
beengeneralizedo accommodatenoreposevariations.

Realizingthe dif culties of using3D part-basedanodels,
mary researchersiave usedof 2D holistic exemplarsfor
trackingandlocalizing body parts[17, 10, 16]. The main
problemwith suchexemplarbasedapproachess thatthey
lack an intrinsic notion of parts, thereforehaving to deal
with a combinatorialexplosion when variationsof pose,
clothing,andclutterincreaseShakhnargichetal.[14] take
a brute-forceapproacho attackingthis compleity explo-
sion, usinga variantof Locality Sensitve Hashingto speed
upsearchHowever, suchanapproactstill requiregmillions
of exemplarsjf notmore,evenjustfor theupperbodywith
commonposespackgroundsubtractionandknown scale.

Therehave beenmary approacheghatexplicitly model
thehumanbodyasanassemblyf 2D parts[15, 2, 6]. Typ-
ically they adoptatwo-stagestratgy: abottom-updetector
is appliedon the imageto extract candidateparts,thena
top-donvn proceduremakesinferenceaboutthe con gura-
tion and nds the bestassembly Most approachesisethe
canonicaltree modelfor body parts,hencesolving the as-
semblyproblemef ciently with dynamicprogramming.

The work of Mori etal. [11] is the mostrelevantto us,
alsousingabottom-upstrateyy. Theirwork mainlyrelieson
sophisticatedow-level processingusing NormalizedCuts
to nd afew salientbody parts. They then solve the as-
semblyproblemby brute-forcesearch. Instead,we usea
relatively simple low-level detector and solve the assign-
mentproblemusinginteger QuadratidProgrammingIQP),
which can systematicallyexplore arbitrary pairwise con-
straintsbetweerparts.

3. Our Approach

The ultimate goal of our line of researchis to develop
a generalmethodto recover con gurationsof humanbod-

ies, or otherarticulatedobjects,from staticimages. What
characterizeanarticulatedobjectis thatthe objectis made
of acollectionof simplerigid partsthatareconstrainedin-
deraglobal con guration. It is self-evident, therefore that
ary approachwithout explicitly modelingthe partstructure
would have greatdif culties in handlingposevariation,ap-
pearance&hangeor backgrounctlutter.

Therearein generaltwo waysto detectpartsof articu-
latedobjects:top-davn andbottom-up.A typicaltop-dovn
approacthis to designrectangle-lile Ilters ortemplateghat
modelthe shapeof eachobjectpart,andmatchthemto ev-
ery possibldocationin theimage.Suchtemplatematching
is usefulif oneknows a priori the scaleandthe appearance
of whathe looksfor. Becauseve aim at nding peoplein
a generalsetting, this would require us to run part detec-
torsat multiple scalesprientationsandaspectatios(e.g.,
to accountfor foreshortening)We would nd fartoomary
candidatgartsto beefciently searchec&ndassembled.

Our approachto nding peopleis to rst detectcandi-
date body partsfrom bottom-up,and then searchfor the
combinationof the candidategartsthatis mostprobablefor
humanbodies.Figure2 shavs anexampleof how informa-
tion o wsthroughvariousstagesf the process:

Startingwith theinputimagein Figure2(a), we usethe
local Probability of Boundary(P b) operato9] to compute
a soft edgemapin Figure 2(b). We useCanry's hystere-
sis to corvert the soft edgemap into contours,andrecur
sively split theminto piecavise straightlines. We thenuse
constainedDelaunaytriangulation(CDT) to completethis
scale-ivariantdiscreteline structureinto a triangulation(
Figure2(c)) [13].

We modelabodypartby apairof parallellinesandbuild
adiscriminative partdetectoron thebasisof the CDT trian-
gulation. For eachpair of edgesin the triangulation,we
useallogistic classi er to computeits low-level salieny as
a body part. The logistic classi er is trainedfrom 15 im-
agesextractedfrom a skatingsequenceerformedby Tara
Lipinski with hand-labelegbarts.

Figure2(d) shavsthecandidatgoartsdetectedn thisim-
age.Withouttheknowledgeof scaleor appearancegur part
detectoris fairly weak; therearea lot of falsedetections.
After all, parallelismis a genericmid-level cue,andbody
partsby themselesarenot distinctive. It is the con gura-
tion of partsthatis distinctive for humanbodies.

In Section5 we de ne a variety of con guration con-
straintsbetweenpairs of parts. They go beyond the tradi-
tional tree-basednodelandincorporateconstraintsuchas
compatibility of partwidths, symmetryof appearanceand
smoothconnectvity betweenparts. We learnthe pairwise
constraintgrom thesamel5 hand-labeled.ipinski images.

To recover humanbody con guration is to assignpart
labelsto detectedcandidateparts. Assumingthatthe pair
wise constraintsare independenttheseconstraintscan be
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Figure2: Theprocessingipeline:givenaninputimage(a), computeanedgemap(b), breakthisinto sgmentsandcompute
a constrainedDelaunaytriangulation(c), identify part candidatedy exploiting parallelismof part boundarie&), nd a
goodcon guration usingInteger QuadraticProgrammingpver pairwiseconstraintdbetweerbody parts(e), usethe labeled
segmentsandstick gure to nd anapproximatesegmentatiorof the gure (f).

formulatedasanassignmenproblemwith a quadraticcost
function. Hencewe cancomputethe mostprobablebody
con gurations by solving an Integer Quadratic Program-
ming (IQP) problem. The IQP problemis solved by us-
ing anefcient linearapproximationrschemeto IQP [8, 1].
Oncewe havefoundthemostprobablycon gurationin Fig-
ure2(e),it is straightforvardto nd theassociatedggmen-
tationmaskshown in Figure2(f).

4. Finding Body Parts

We chooseto detectcandidatebody partsfrom bottom-
up. Ourapproachs basednthefollowing key obsenation:
partsof ahumarnbody, or of anarticulatedobjectin general,
aremostlycharacterizedy a pair of parallelline segments.
Parallelismor Ebenbeite, known from theearlydaysof the
Gestaltmovement,s afundamentaandpowerful principle
in humanvision. It is commonunderstandinghat, beinga
mid-level cue,the perceptiorof parallelismoccursearlyin
thevisual pathway. Our approactherefollows this theory:

rst we constructa discretestructureof edgesin animage
by groupingtheminto approximatelystraightcontourele-
ments.Thenwe useconstainedDelaunaytriangulationto
completethe gapsbetweencontourelements. Finally we
train a classi er on a pair of elementso computethe prob-
ability of themforming theboundaryof abodypart.

4.1 Constrained Delaunay Triangulation

As the rst stepof our bottom-upprocessingwe use
thelocal P b operator{9] to computea soft edgemap. We
useCanry's hysteresigrick to traceP b edgesn theimage
into continuouscontours. We thenrecursvely split these
contoursinto piecesuntil eachcontourelements approxi-
matelystraight. This procesgjivesus a discretegraph,the
elementsof which are straightcontoursof Pb edges. We
notethatthisdiscretizatioris scale-ivariant:astraightine,
nomatterhow longit is, remainsasingleline in thegraph.

We useconstainedDelaunaytriangulationto complete
gapsbetweenthe detectedcontour elements. The con-
strainedDelaunaytriangulation(CDT) is a variantof the
standardelaunaytriangulation(DT) in whichasetof user
speci ed edgeamustlie in thetriangulation. The detailsof
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Figure3: (a) Classifyingparallelline segments.(b) Top 10
candidatgartsdetectedn oneimage.

this completionprocesscanbefoundin [13].

Figure2(c) shavs anexampleof the CDT triangulation.
The linearizededgesextractedfrom the Pb contoursbe-
comeconstrainecgdgesvhichwe referto asgradientedges
or G-edgegblack),andtherestarethe completionshy the
CDT algorithm,which we referto ascompletionedgesor
C-edgeqgreen).

4.2 Finding Parallel Line Segments

We detectcandidatebody partsby nding well-aligned
parallellines in the CDT graph. Considera pair of con-
tour elementgFigure 3): let L denotethe lengthof a con-
tourelement, its orientation,C its centerandP bthe av-
eragecontraston this element. Let T denotethe average
tangentdirectionand N' the normal direction. We de ne
the following setof features:(1) orientation consistency
i 2j; (2) length consistencyjL1  Laj=(L1 + L32);
(3) low-level contrast jPby + Phyj andjPb;  Plyj; (4)
distance between centers both in the normal direction
j(C1 Cy) Nj=L1i+ L) andin the tangentdirection
j(C1 Cy) Tj=(L1+ Ly); and(5) intervening contour
Pb ¢, wherePh ¢ is the maximumP b contraston edges
intersectinghe straightline connectingC; to C, 1.

We trainasimplelogistic classi erto combinethesefea-
tures. For training, we usethe hand-labeledody partsin
the Lipinski datasetaspositive examples. As negative ex-
ampleswe useall pairsof contourelementsvhosecenters
aresufciently close(< = 5 hopsin theCDT graph).

1For simplicity we approximatethis straightline by computingthe
shortespathbetweenC; andC; in theCDT graph.



Most pairsof linesin the graphareunlikely to be body
parts:eitherthey arenot parallelor too far away from each
other Hencewe take a simplifying stepthat, for eachline e
in theCDT graph,we keeponly thecandidatdimb segment
usinge with thebestlow-level score.Figure3(b) shavs the
candidatgartswith thetop 10low-level scoreqcf Figure2
shaving all of the candidatesabove threshold). We note
that the candidatepartsare very differentin scaleand as-
pectratio: given a pair of edgesin the CDT graph,scale
andaspectatio areautomaticallydeterminedThereforein
our bottom-updetectionstep,thereis no needto explicitly
searctoverall possiblescalesandaspectatios. And while
atop-davnrectangledetectorwould re mary timesonthe
long parallelbarsin the backgroundwe only nd onecan-
didatepart which will later be discardeddueto its aspect
ratioor becausé is notcompatiblewith enoughotherlimb
candidates.

5. Con guration Constraints

Most existing approachesnodel the humanbody as a
tree of parts. Thetypical con guration constraintsusedin
a treemodel are positionaland orientationconstraintsoe-
tweenadjacenparts,suchastorso-uppefimb connection,
or upperlower limb connection.Theseare, however, only
a subsetof the informationthatis availablefor recovering
humanbodycon gurations.

Oneimportantcue missing from the tree modelis the
symmetryof clothing: correspondingarts,suchasthe two
forearmsareusuallyclothedin the sameway andthussim-
ilar in color. This cuecanbevery usefulin identifyingarm
positions.Anotherexampleis theconnectvity betweertwo
upperlegs. They form a stereotypical’'VvV'-shape, which is
typically very salientand heavily exploited by the human
visualsystem.Therearemary otherusefulcuesbetweera
pair of body parts.

5.1 Constraints betweenParts

Whatis agoodcon guration?Individual partshaveto be
consistenwith the global con guration. We approximate
the global con guration consisteng by de ning pairwise
constraintdbetweerparts.

Let c beacandidatepart (two roughly parallellines) de-
tectedfrom theimage,andl bea partlabel(e.g.,left upper
leg). Thereare somesimple unary constraintson this as-
signment(l; ¢):

1. aspectratio faspect (I;C): anthropometridata[12]
providesusconstraint®ntheaspectatio of eachindividual
part. Parts canbe and often are foreshortenedhowever,
theaspectatio length=width canonly be smaller but not
muchlarger, thanthe expectedaspectatio;

2. low-level score f o evel (I;€): for a candidatepart
¢, we have ameasuref thelow-level salieng Piow tev el (C)

from the partdetectoy the posteriorfrom the logistic clas-
si er. We usef o jevel (I; ) = 10g(Piow level (€)). Thisfea-
tureis independentf the labell.

The unary constraintsare very weak in nature. With-
out knawing the global scaleor its relationsto otherparts,
a candidatepart canbe labeledasalmostanything, e.g.,a
torsoor a lower leg. More importantfor recovering con-
gurations arethe constraintdbetweerparts.We de ne the
following setof cueshetweera pair of assignment§l;; ¢;)
and(l2; cp):

1. scaleconsistencyf scaie (I1; C1; 12; C2): body partsare
roughly speakingcylindrical. Although lengthis unreli-
ablebecausef foreshorteningwidth is a goodestimateof
the global objectscale. Let w; = width (c;) andw, =
width (c;), computetheratior = (w;  wo)=(wy + wy);
we comparer to - = (w1  W)=(Ws + W), where
wy = width (I;) andw, = width (I,) arethe “expected”
widths of thesetwo partlabels,asgivenin anthropometric
statistics.Thisis invariantto aglobalchangean scale.

2. appearanceconsistency the appearancef corre-
spondingpartsare similar; this constraintis valid for cer
tain pairs of parts, e.g., betweenupperlegs and between
lower legs. Let (L; A; B) be the averagecolor of a part,
we computethe differencef| = jL; Lgj andfy =
j(A1;A2)  (B1;B2)j.

3. orientation consistencyf orient (I1;C1;12;C2): let
be the orientation of a part, we computethe difference
forient = | 1 2j. This cueis usefulmostly for adja-
centbody parts. Becausef the large variationsin posein
thetrainingdata,the orientationconsisteng turnsoutto be
aweakcue.

4. connectvity: adjacentbody parts should be adja-
centin the image;this is the mostcommonlyusedcuein
constrainingpossiblebody con gurations. However, con-
nectvity meansmuch more. The V-shapeconstraintbe-
tweentwo upperlegsis one example. Anotheroneis the
connectvity cue betweenan upperarm and an upperleg,
i.e., thereis typically a “smooth” contourconnectinghem
throughthetorso. We discussmoreabouthow to quantify
this smoothconnectvity in the next section.

5.2 SmoothConnectionshetweenParts

To quantifythesmoothnesef aconnectionwe compute
the shortespathbetweertwo partsin the CDT graph(Fig-
ure 4(a) ), wherethe path goesthroughcontourelements,
i.e. edgesin the CDT graphGcp T, insteadof pixels. In
the CDT graph,a pathcouldgothroughG-edgesaswell as
C-edges(gaps). We would like to toleratesmall gapsbut
avoid jumping large distancesalong C-edges. Therefore,
we raisethe costof traveling alonga C-edgeby a constant
ratio (3:0).

We can computea numberof connectvity cuesfor a
pairof edgeqa;; ay): dist(a;; ap), thetotal distanceof the
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Figure4: (a) De ning pairwiseconnectvity constraintson
parts. (b) Empirical distributions of distanceconstraints
from trainingdata.

shortestpatha; ! a, (relative to torsowidth, which we
canestimatefrom the two partsunderconsideratiorgiven
anthropometriddata); gap(a;; az), the total length of C-
edgesor gapson this path; angle(a;; az), the maximum
changeof anglealongthe path;andtur n(a;; a2), thenum-
berof “turns” or T-junctionsalongthis path (wheretravel-
ing througha T-junctionis countedasa“turn” if it doesnot
go throughthe pair of edgesthatform the minimumangle
atthisjunction).

Now considera pair of candidatex; andc,: eachpart
hastwo boundingedges(as; ) and(az; In,) respectiely.
We nd acorrespondendeetweerthesewo pairsof edges,
suchthatdist(a;; a2), thedistancebetweer(a; ; a,), arethe
minimumof all four combinationsand(b;; b,) arethetwo
otheredges. Thuswe cande ne two setsof connectvity
cuesbetweenparts,onefrom thepath(a; ! ay) andone
from(by ! bp). Sometimedoth of themarevery infor-
mative, suchasthe connectvity betweenan upperleg and
thelowerleg, aswe expectbothsidesto bewell connected.
Sometime®nly oneof themis useful,suchasthe connec-
tivity betweeranupperarmandanupperleg.

5.3 Torso-Limb Constraints

Thetorsohasa specialrole asthe hub thatconnectsall
thelimbs together The constraintghatfollow aredesigned
to make the optimizationproblemsomevhateasier

1. Torsoorientation f 1 sporient (C): Weassumehatthe
torsois orientedupward. Let be the leaningangleof the
candidatgartc, we computef or soorient = jtan( )j;

2. Left/right disambiguation: givenatorsocandidatec
andits two boundingedgesa andb, we know which edgeis
theleft sideandwhichis theright side. Whenwe compute
the connectvity of theleft (or right) limbs to the torso,we
only considerthe connectvity to the left (or right) side of
thetorso.

3. Arm-Leg disambiguation: giventhe torsoorienta-
tion, we assumethat the centerof upperlegs cannotbe

higher(alongtorsoorientationthanthetop of thetorso,and
upperarmscannotbe lower thanthe bottomof thetorso.

5.4. Learning the Constraints

We usethe15hand-labeledmagesof anice-skaterLip-
inski, for training. With sucha limited amountof training
data,it would be dif cult to learntheinteractionsbetween
all thepairwiseconstraintsThus,for simplicity, we assume
thatthe constraintsare all independenbf eachother, and
they have a Gaussiardistribution. 15 imagesaresufcient
for usto estimatethe meanandstandardieviation from the
empiricaldata. For someconstraintssuchasthe distance
betweerupperleg andlowerleg, we know it shouldbezero
in theidealcase.In suchcasesve x themeanof this con-
straintto bezero.

Figure 4(b) shavs a few empirical distributions of dis-
tanceconstraintsThedistanceébetweertwo upperlegs(the
V-shapejs typically zeroor very small. In comparisonthe
distancebetweerupperlegs andupperarmsis lessreliable
andhasa high variance.The orientationconstrainbetween
torso and upperleg turns out to be weak (in mary cases
> 90 degrees)astheice-skateiin thetrainingimagesgoes
througha wide rangeof poses.

Anotherobsenationis thatthesedistributionsareclearly
non-GaussianWe leave it for future work to build better
parametrianodelsfor eachtypeof constraintpossiblywith
moretrainingdata.

5.5. Non-traditional Constraints

We have introduceda number of con guration con-
straintsthatarenot foundin thetraditionaltree-basednod-
els, for example: f 4, the symmetryof color betweencor
respondingdeft/right limbs; f 4 (v, the V-shapedistance
or the distancebetweentwo upperlegs; andf gapuau L),
the gap(C-edgeson the shortespath)betweernupperarms
andupperlegs. Basedon the training images,we attempt
to quantifytheirusefulnesandcompareo traditionalcues,
suchasf st (L.L y, thedistancebetweeradjacentimbs, and
fgist (LT ), thedistancebetweerupperlegsandtorsos.

Letf (I1;¢1;l2; c2) beaconstraintunderstudy andlet Z
be a binary variablesuchthatZ = 1 iff arandomassign-
ment(l1; ci;l2; ) is good(i.e., in the groundtruth). One
way to quantify the informationin f is to measurgherel-
ative informationgain I (Z;f )=H (Z), whereH (Z) is the
entropy or uncertaintyof thelabelZ andl (Z;f) is themu-
tualinformationbetweerZ andf .

Constraint | Relatve Information
fab 6:1%
f dist (V) 34:9%
fgap(UA;U L) 10:4%
faist (LL ) 44:5%
faist (LT ) 27:1%




We nd thatthesenon-traditionalconstraintsdo containa
signi cant amountof informationaboutthe con guration,
comparableto the traditional tree-basedconstraints. Of
course,this is only the maminal information gain; more
importantquestionsvould be how muchextrainformation
they provide andhow muchthey helpimprove theendper
formance. Theseare subtle questionsand we will try to
addresghemin futurework.

6. Integer Quadratic Programming

Recwering humanbody con guration in animagecan
be formulatedasan assignmenbf body partlabelsflig to
candidatebody partsf ¢; g. We usethe unaryand pairwise
constraintsf  introducedin the last sectionto de ne the
“goodness’of anassignmentWe modeleachconstraintf
with a Gaussiartistribution with parameter¢ ; ). Let
frk = (fk k)2 = 2. Assumingthatall the constraintsare
independentesultsin a productof Gaussiansisthe proba-
bilistic model.Findingthe maximumlik elihoodassignment

:flig! fg gisthenequivalentto minimizing thesum:

X
fie(ly; ()il (12)) +
[EH{PI S Ik

fie (1 (1) (D)

wherel; is a partlabel,and (l;) is the part candidateas-
signedto |; by . The rst sumis over pairwiseconstraints
f«'s. Forinstanceonefy (11; (11);12; (l2)) mightmea-
surethe scaleconsisteng of labelingonepartcandidateas
a leg and anotheras a torso 2. The secondsumis over
eachlimb labell wheref (I; (1)) aretheunaryconstraints
(e.g.,thelow-level salieng score).

Integer Quadratic Programming Minimizing Equa-
tion 1 canbe written asan integer quadraticprogramming
problem(IQP). Theassignment is representelly abinary
vectorx. Eachentryx; indicatesvhethermoneparticulampart
candidatec(i) is labeledwith a particularpartlabell(i). In
orderfor X to represent valid gssignmenthereis a con-
straintthatfor eachpartlabelf\, ()= 1 Xi = 1. Wecan
now write theintegerquadratigorogrammingproblem:

min Q(x) =x°H x + c% (2)
subjectto Ax = by x 2 f0;1g"

hereH is amatrix representinghe pairwiseconsisteny,
Hij = fic (10);ci);1G):c())

k

similarly we have ¢; = f (I(i);c(i)). Finally Ax = bex-

presseshe constraintghatx represents valid assignment

(asabove).

2Note thatfor somepairsof limbs andfeaturesf will be zero— for
instancef i is zerofor all k wheneer |1 is alowerarmandl is alower
leg, aswe do notincludesuchconstraintsn themodel.

The binary vector x that minimizes Equation2 corre-
spondsto the assignmenthat minimizes Equation1 and
thereforehasthe maximumlik elihoodunderour model.

Linear Bound A linearboundingfunctionL (x) is con-
structedsothatL (x) < Q(x) for all x. Notethatfrom this
pointforwardthe constraintfrom Equation2 areassumed,
but notwritten.

X
G =mn  HGix (3)
j
If x; indicatesassigninglimb I(i) to candidatec(i), then
g + ¢ is alower boundfor the cost contributedto ary
assignmenmappingl (i) to |§(i). Now we can write the
boundingfunction,L(x) =  ;(g + ¢)x;. Findingthex
thatminimizesL and nding theg; in Equation3 subjectto
the constraintsn Equation2 is simplebecausehe vertices
of the constraintpolytopeslie only on integer coordinates.
As aresulttheintegerlinearprogrammingoroblemscanbe
relaxedto linear programmingproblemswithout changing
theoptima.

This constructionfollows [8] and[1], andis a standard
boundfor aquadratigorogram.

GreedySearch Startingfrom theassignmenthatmin-
imizesL we performa greedylocal searchconsideringup
to two changedn theassignmenatatime. Consideringwo
changess importantin orderto move bothupperandlower
partsof alimb outof apoorcon guration.

Complexity Integer quadratic programmingcan be
quite challenging,it is after all an NP-hardproblem; but
it turnsout the instancegyenerateds describedabove are
notsodif cult. A simplelinearapproximatiorfollowed by
agreedylocal searclproduceseasonablyoodresults.

Thereare more complex approximationgo IQP, using
semide nite programming(SDP),with guaranteedounds
on approximatiorerror[4]. However, in thiswork asimple
approximationproducesresultswithin the approximation
boundandwith signi cantly lowertime andspacecomplex-
ity than[4].

If n is thelengthof x, computingthe x that minimizes
L (x) (includingcomputingall of theq ) takesO(n?) opera-
tionswith avery smallconstantEachgradientdescenstep
requiresapproximateljthe samenumberof operations As
a comparisorSDPtechniquesarepolynomialin n?, effec-
tively mary, mary timessloverasn 1300

7. Experimental Results

We have testedour algorithmon a variety of imagesjn-
cludingextractedframesfrom a skatingsequencef Michel
Kwan,andothergymnastidmages.Examplesareshavnin
Figure7, with recoreredbody con gurationsandthe asso-
ciatedseggmentatiormasks.

To obtaintheseresults,we usea standard-part model
for the humanbody; i.e., torso plus left/right upper/laver



legs/arms.The numberof candidatepartsdetectedoerim-
ageisin therangeof 100 200. We usethesetof Gaussian
parametergearnedrom adifferentskatingsequenceavith a
differentskater Lipinksi. Becausé&saussiarmodelsarenot
very accuratdfor somefeatureswe chooseto “cut off” the
featuresat4 ;i.e.,ary costtermabove4 isconsidereds
beingin nity .

Becauseof the heterogeneousatureof the constraints,
our IQP problemis hardto solve. We have foundthat, oc-
casionally the linear approximationto IQP fails to locate
the correctbody parts. The linear approximationstepin
Equation3 basicallytriesto nd for eachline (or eachpos-
siblelabeling)the bestconsistenaissignmentThis is done
without consideringhe pairwiseconstraintdbetweerother
parts.Thereforethelinearapproximatiorcouldfail andthe
gradientdescenthatfollows maynot be ableto correctthe
errors.

To remedythis problem we make useof anempiricalob-
senation: thatalthoughtorsostypically have poorlow-level
salieng, they arethe mostconstrainegartof thebodyand
thereforecanbe mostreliably detectedn thelinearapprox-
imationschemeWe usethefollowing two-stepstratey: in
the rst step,we run the linear approximationto obtaina
shortlistof 5 besttorsocandidatesin the secondstep,we
go throughthe shortlist, pick onecandidatepart, x its la-
bel to be the torsoandre-solwe the IQP problem,with the
samecostmatrixH . Fixing thetorsois appealindpecausé
helpsconstrairall the upperlegs/armsn the con guration.
Finally we pick the solutionthathasthelowestcostQ.

8. Conclusion

In this work we develop a stratejy to usepairwisecon-
straintshetweerhumanbody partsto recover body con g-
urationsfrom staticimages.We detectcandidatébody parts
from bottom-upusingparallelismcuesto searcha discrete
graphstructuregiven by ConstrainedelaunayTriangula-
tion. Findingthe con guration of a humanbodyis thenan
assignmenproblem: for eachbody part label, we decide
which candidatepart shouldbe assignedo thatlabel. We
formulatethe assignmenasa Integer Quadratic Program-
ming (IQP) problem.

As comparedo thetraditionaltree-basednodelandthe
associatedynamicprogrammingalgorithm,IQP allows us
to incorporatea muchrichersetof constraintsnamelyarbi-
trary constraintdetweerpairsof bodyparts.Thisincludes
the importantcuessuchas the symmetryof clothing, the
canonicaV-shapebetweerupperlegs,andthe smoothcon-
tour connectvity betweenarmsandlegs. As comparedo
a brute-forcesearchapproachn [11], we areableto han-
dle a muchlarger setof candidatgpartsanddo not rely on
the availability of a few beingvery salient. We have found
that a two-stepstratgy using the linear approximationof
IQP workswell for our assignmenproblem,producessat-

isfactoryresultson a variety of imageswithout relying on
extensve low-level processingandis computationallyef -
cient. We believe thatthe IQP formulationwill nd more
andmoreusein detectingarticulatedobjects.
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