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Abstract

The goal of this work is to recover humanbody con-
�gur ationsfrom static images. Without assuminga priori
knowledge of scale, poseor appearance, this problemis
extremelychallenginganddemandstheuseof all possible
sourcesof information.We developa frameworkwhich can
incorporate arbitrary pairwise constraints betweenbody
parts, such as scalecompatibility, relative position, sym-
metryof clothingandsmoothcontourconnectionsbetween
parts.Wedetectcandidatebodypartsfrombottom-upusing
parallelism, and usevarious pairwise con�guration con-
straintsto assemblethemtogetherinto bodycon�gurations.
To �nd themostprobablecon�guration,wesolveanInteger
QuadraticProgrammingproblemwith a standard technique
usinglinear approximations.ApproximateIQP allowsusto
incorporatemuch moreinformationthanthetraditionaldy-
namicprogrammingandremainscomputationallyef�cient.
15hand-labeledimagesare usedto train thelow-levelpart
detectorand learn the pairwiseconstraints. We showtest
resultsona varietyof images.

1. Intr oduction

Thegoalof thiswork is to takeanimagesuchastheone
in Figure1(a),detecta human�gure, and�nd thecon�gu-
ration of parts(b). This is a very dif�cult problem,partly
becausehumanbodiesareversatile,presentingawiderange
of poseand aspects,many including self-occlusion,and
partlybecausevariationsin clothingandbackgroundclutter
deny asimpleappearancemodel.

Given the seeminglyinsurmountabledif�culties, many
existingapproachesto thisproblemmakesimpli�cations of
onesortor another, eitherassumingknowledgeof scaleand
appearance/color, or usingmotion informationfrom video
sequencesfor backgroundsubtraction,or limiting evalua-
tion to restricteddomainssuchaswalking �gures. In these
cases,a canonicaltree-basedmodel is typically usedto
modelbodyparts,wheredynamicprogrammingcanbeap-

(a) (b)

Figure1: The challengeis to take an input image(a), and
recover thebodycon�gurationin (b).

plied.
We tackletheproblemin a moregeneralsetting. With-

out restrictionsin pose,appearance,or backgroundclutter,
a tree-basedmodelno longersuf�ces (cf [11]). Additional
sourcesof information, not provided by tree basedmod-
els,arerequiredto succeed.For example,thesymmetryof
clothingis apowerful cueto constrainlimb appearance.As
anotherexample,in Figure1,whatrevealsthebodyposition
to usaretheconnectionbetweenthetwo upperlegsandthe
relativegeometricrelationshipbetweenarmsandlegs,both
of whicharenot in thetraditionaltree-basedmodel.

It is anopenquestionwhatmodelscanexpresssuf�cient
constraintsandarecomputationallyfeasible. In this work,
we develop a strategy that exploits a rich setof cues,de-
�ned on arbitrarypairsof parts,to constrainbody con�g-
urations. We learn theseconstraintsfrom empirical data
anduseInteger Quadratic Programming(IQP) to �nd the
mostprobablecon�gurations. IQP is a well-studiedcom-
putationalframework,whereef�cient approximationsexist.
Many cuesfor estimatinghumanbody con�guration can
be expressedas pairwiseconstraints. In our experiments
we have found that IQP works well for this problem. The
IQP framework allows incorporatingmuchmoreinforma-
tion thandynamicprogrammingon trees,andcanhandlea
muchlargersetof candidatepartsthana brute-forcesearch
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strategy (asusedin [11]).

2. RelatedWork

Findingpeopleis a hardproblem;yet it is a problemof
greatinterestto both scienti�c researchersandengineers.
Oneof theearliestlinesof researchonthisproblemis in the
limited settingof detectingandtrackingpedestrians.Start-
ing with Hogg[5], therehasbeena greatdealof work done
on using3D kinematicmodelsfor tracking[3]. These3D
modelshave a high degreeof kinematicfreedomandtypi-
cally requirehandinitialization. LeeandCohen[7] recently
managedto use3D modelsto detectpeoplemostlyin stand-
ing poses,makinginferencewith Data-DrivenMCMC.

More recentdevelopmentsin pedestriandetectiontypi-
cally usea large amountof training dataandmake useof
cleverly designedclassi�ers, the mostsuccessfulof which
is probablythatof Viola et al. [18]. Thesetemplate-based
approachesdo not recover joint locations,andhave not yet
beengeneralizedto accommodatemoreposevariations.

Realizingthedif�culties of using3D part-basedmodels,
many researchershave usedof 2D holistic exemplarsfor
trackingandlocalizing body parts[17, 10, 16]. The main
problemwith suchexemplar-basedapproachesis that they
lack an intrinsic notion of parts, thereforehaving to deal
with a combinatorialexplosion when variationsof pose,
clothing,andclutterincrease.Shakhnarovichetal. [14] take
a brute-forceapproachto attackingthis complexity explo-
sion,usinga variantof Locality SensitiveHashingto speed
upsearch.However, suchanapproachstill requiresmillions
of exemplars,if notmore,evenjust for theupperbodywith
commonposes,backgroundsubtraction,andknown scale.

Therehave beenmany approachesthatexplicitly model
thehumanbodyasanassemblyof 2D parts[15, 2, 6]. Typ-
ically they adopta two-stagestrategy: abottom-updetector
is appliedon the imageto extract candidateparts, thena
top-down proceduremakes inferenceaboutthe con�gura-
tion and�nds thebestassembly. Most approachesusethe
canonicaltreemodelfor body parts,hencesolving the as-
semblyproblemef�ciently with dynamicprogramming.

The work of Mori et al. [11] is the mostrelevant to us,
alsousingabottom-upstrategy. Theirworkmainlyrelieson
sophisticatedlow-level processing,usingNormalizedCuts
to �nd a few salientbody parts. They then solve the as-
semblyproblemby brute-forcesearch. Instead,we usea
relatively simple low-level detector, andsolve the assign-
mentproblemusingIntegerQuadraticProgramming(IQP),
which can systematicallyexplore arbitrary pairwise con-
straintsbetweenparts.

3. Our Approach

The ultimategoal of our line of researchis to develop
a generalmethodto recover con�gurationsof humanbod-

ies, or otherarticulatedobjects,from static images.What
characterizesanarticulatedobjectis thattheobjectis made
of acollectionof simplerigid partsthatareconstrainedun-
dera globalcon�guration. It is self-evident,therefore,that
any approachwithout explicitly modelingthepartstructure
wouldhavegreatdif�culties in handlingposevariation,ap-
pearancechangeor backgroundclutter.

Therearein generaltwo waysto detectpartsof articu-
latedobjects:top-down andbottom-up.A typical top-down
approachis to designrectangle-like �lters or templatesthat
modeltheshapeof eachobjectpart,andmatchthemto ev-
erypossiblelocationin theimage.Suchtemplatematching
is usefulif oneknowsa priori thescaleandtheappearance
of whathe looks for. Becausewe aim at �nding peoplein
a generalsetting,this would requireus to run part detec-
torsat multiple scales,orientations,andaspectratios(e.g.,
to accountfor foreshortening).We would �nd far toomany
candidatepartsto beef�ciently searchedandassembled.

Our approachto �nding peopleis to �rst detectcandi-
datebody parts from bottom-up,and then searchfor the
combinationof thecandidatepartsthatis mostprobablefor
humanbodies.Figure2 showsanexampleof how informa-
tion �o ws throughvariousstagesof theprocess:

Startingwith the input imagein Figure2(a),we usethe
localProbabilityof Boundary(Pb) operator[9] to compute
a soft edgemapin Figure2(b). We useCanny's hystere-
sis to convert the soft edgemap into contours,andrecur-
sively split theminto piecewisestraightlines. We thenuse
constrainedDelaunaytriangulation(CDT) to completethis
scale-invariantdiscreteline structureinto a triangulation(
Figure2(c) ) [13].

Wemodelabodypartby apairof parallellinesandbuild
adiscriminativepartdetectoronthebasisof theCDT trian-
gulation. For eachpair of edgesin the triangulation,we
usea logistic classi�er to computeits low-level saliency as
a body part. The logistic classi�er is trainedfrom 15 im-
agesextractedfrom a skatingsequenceperformedby Tara
Lipinski with hand-labeledparts.

Figure2(d)showsthecandidatepartsdetectedin thisim-
age.Withouttheknowledgeof scaleor appearance,ourpart
detectoris fairly weak; therearea lot of falsedetections.
After all, parallelismis a genericmid-level cue,andbody
partsby themselvesarenot distinctive. It is thecon�gura-
tion of partsthatis distinctive for humanbodies.

In Section5 we de�ne a variety of con�guration con-
straintsbetweenpairsof parts. They go beyond the tradi-
tional tree-basedmodelandincorporateconstraintssuchas
compatibilityof partwidths,symmetryof appearance,and
smoothconnectivity betweenparts. We learnthepairwise
constraintsfrom thesame15hand-labeledLipinski images.

To recover humanbody con�guration is to assignpart
labelsto detectedcandidateparts. Assumingthat thepair-
wise constraintsare independent,theseconstraintscanbe
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Figure2: Theprocessingpipeline:givenaninput image(a), computeanedgemap(b), breakthis into segmentsandcompute
a constrainedDelaunaytriangulation(c), identify part candidatesby exploiting parallelismof part boundaries(d), �nd a
goodcon�guration usingIntegerQuadraticProgrammingover pairwiseconstraintsbetweenbodyparts(e), usethe labeled
segmentsandstick �gure to �nd anapproximatesegmentationof the�gure (f).

formulatedasanassignmentproblemwith a quadraticcost
function. Hencewe cancomputethe mostprobablebody
con�gurationsby solving an Integer Quadratic Program-
ming (IQP) problem. The IQP problemis solved by us-
ing anef�cient linearapproximationschemeto IQP [8, 1].
Oncewehavefoundthemostprobablycon�gurationin Fig-
ure2(e),it is straightforwardto �nd theassociatedsegmen-
tationmaskshown in Figure2(f).

4. Finding Body Parts

We chooseto detectcandidatebodypartsfrom bottom-
up. Ourapproachis basedonthefollowingkey observation:
partsof ahumanbody, or of anarticulatedobjectin general,
aremostlycharacterizedby apairof parallelline segments.
Parallelismor Ebenbreite, known from theearlydaysof the
Gestaltmovement,is a fundamentalandpowerful principle
in humanvision. It is commonunderstandingthat,beinga
mid-level cue,theperceptionof parallelismoccursearly in
thevisualpathway. Our approachherefollows this theory:
�rst we constructa discretestructureof edgesin an image
by groupingtheminto approximatelystraightcontourele-
ments.Thenwe useconstrainedDelaunaytriangulationto
completethe gapsbetweencontourelements.Finally we
train a classi�er on a pair of elementsto computetheprob-
ability of themforming theboundaryof a bodypart.

4.1. ConstrainedDelaunayTriangulation

As the �rst stepof our bottom-upprocessing,we use
the local Pb operator[9] to computea soft edgemap. We
useCanny'shysteresistrick to tracePb edgesin theimage
into continuouscontours. We then recursively split these
contoursinto pieces,until eachcontourelementis approxi-
matelystraight.This processgivesusa discretegraph,the
elementsof which arestraightcontoursof Pb edges.We
notethatthisdiscretizationis scale-invariant:astraightline,
nomatterhow long it is, remainsasingleline in thegraph.

We useconstrainedDelaunaytriangulationto complete
gapsbetweenthe detectedcontour elements. The con-
strainedDelaunaytriangulation(CDT) is a variantof the
standardDelaunaytriangulation(DT) in whichasetof user-
speci�ededgesmustlie in thetriangulation.Thedetailsof
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Figure3: (a)Classifyingparallelline segments.(b) Top 10
candidatepartsdetectedin oneimage.

this completionprocesscanbefoundin [13].
Figure2(c) showsanexampleof theCDT triangulation.

The linearizededgesextractedfrom the Pb contoursbe-
comeconstrainededgeswhichwereferto asgradientedges
or G-edges(black),andtherestarethecompletionsby the
CDT algorithm,which we refer to ascompletionedgesor
C-edges(green).

4.2. Finding Parallel Line Segments

We detectcandidatebody partsby �nding well-aligned
parallel lines in the CDT graph. Considera pair of con-
tour elements(Figure3): let L denotethe lengthof a con-
tour element,� its orientation,~C its center, andPb theav-
eragecontraston this element. Let ~T denotethe average
tangentdirection and ~N the normaldirection. We de�ne
the following setof features:(1) orientation consistency
j� 1 � � 2j; (2) length consistencyjL 1 � L 2j=(L 1 + L 2);
(3) low-level contrast jPb1 + Pb2j andjPb1 � Pb2j; (4)
distance between centers, both in the normal direction
j( ~C1 � ~C2) � ~N j=(L 1 + L 2) and in the tangentdirection
j( ~C1 � ~C2) � ~Tj=(L 1 + L 2); and(5) intervening contour
PbI C , wherePbI C is themaximumPb contraston edges
intersectingthestraightline connecting~C1 to ~C2

1.
Wetrainasimplelogisticclassi�er to combinethesefea-

tures. For training, we usethe hand-labeledbody partsin
theLipinski datasetaspositive examples.As negative ex-
amples,we useall pairsof contourelementswhosecenters
aresuf�ciently close(< = 5 hopsin theCDT graph).

1For simplicity we approximatethis straight line by computingthe
shortestpathbetweenC1 andC2 in theCDT graph.
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Most pairsof lines in thegraphareunlikely to bebody
parts:eitherthey arenotparallelor too faraway from each
other. Hencewetakeasimplifying stepthat,for eachline e
in theCDT graph,wekeeponly thecandidatelimb segment
usinge with thebestlow-level score.Figure3(b)showsthe
candidatepartswith thetop10low-level scores(cf Figure2
showing all of the candidatesabove threshold). We note
that the candidatepartsarevery different in scaleandas-
pect ratio: given a pair of edgesin the CDT graph,scale
andaspectratioareautomaticallydetermined.Thereforein
our bottom-updetectionstep,thereis no needto explicitly
searchoverall possiblescalesandaspectratios.And while
a top-down rectangledetectorwould �re many timeson the
long parallelbarsin thebackground,we only �nd onecan-
didatepart which will later be discardeddueto its aspect
ratioor becauseit is notcompatiblewith enoughotherlimb
candidates.

5. Con�guration Constraints

Most existing approachesmodel the humanbody as a
treeof parts. The typical con�guration constraintsusedin
a treemodelarepositionalandorientationconstraintsbe-
tweenadjacentparts,suchastorso-upperlimb connection,
or upper-lower limb connection.Theseare,however, only
a subsetof the informationthat is availablefor recovering
humanbodycon�gurations.

One importantcue missingfrom the tree model is the
symmetryof clothing: correspondingparts,suchasthetwo
forearms,areusuallyclothedin thesamewayandthussim-
ilar in color. This cuecanbeveryusefulin identifying arm
positions.Anotherexampleis theconnectivity betweentwo
upperlegs. They form a stereotypical“V”-shape,which is
typically very salientandheavily exploited by the human
visualsystem.Therearemany otherusefulcuesbetweena
pairof bodyparts.

5.1. Constraints betweenParts

Whatis agoodcon�guration?Individualpartshaveto be
consistentwith the global con�guration. We approximate
the global con�guration consistency by de�ning pairwise
constraintsbetweenparts.

Let c bea candidatepart(two roughlyparallellines)de-
tectedfrom theimage,andl bea part label(e.g.,left upper
leg). Therearesomesimpleunaryconstraintson this as-
signment(l ; c):

1. aspectratio f aspect (l ; c): anthropometricdata[12]
providesusconstraintsontheaspectratioof eachindividual
part. Parts can be and often are foreshortened;however,
theaspectratio length=width canonly besmaller, but not
muchlarger, thantheexpectedaspectratio;

2. low-level score f low lev el (l ; c): for a candidatepart
c, we havea measureof thelow-level saliency Plow lev el (c)

from thepartdetector, theposteriorfrom the logistic clas-
si�er. We usef low lev el (l ; c) = log(Plow lev el (c)) . This fea-
tureis independentof thelabell .

The unary constraintsare very weak in nature. With-
out knowing theglobal scaleor its relationsto otherparts,
a candidatepart canbe labeledasalmostanything, e.g.,a
torsoor a lower leg. More importantfor recovering con-
�gurations aretheconstraintsbetweenparts.We de�ne the
following setof cuesbetweenapair of assignments(l1; c1)
and(l2; c2):

1. scaleconsistencyf scale (l1; c1; l2; c2): bodypartsare
roughly speakingcylindrical. Although length is unreli-
ablebecauseof foreshortening,width is a goodestimateof
the global object scale. Let w1 = width (c1) andw2 =
width (c2), computetheratio r = (w1 � w2)=(w1 + w2);
we comparer to ~r = ( ~w1 � ~w2)=( ~w1 + ~w2), where
~w1 = width (l1) and ~w2 = width (l2) arethe “expected”
widthsof thesetwo part labels,asgiven in anthropometric
statistics.This is invariantto aglobalchangein scale.

2. appearanceconsistency: the appearanceof corre-
spondingpartsaresimilar; this constraintis valid for cer-
tain pairs of parts,e.g., betweenupper legs and between
lower legs. Let (L; A; B ) be the averagecolor of a part,
we computethe differencef L = jL 1 � L 2j and f ab =
j(A1; A2) � (B1; B2)j.

3. orientation consistencyf or ient (l1; c1; l2; c2): let �
be the orientationof a part, we computethe difference
f or ient = j� 1 � � 2j. This cue is usefulmostly for adja-
centbodyparts. Becauseof the largevariationsin posein
thetrainingdata,theorientationconsistency turnsout to be
aweakcue.

4. connectivity : adjacentbody partsshouldbe adja-
cent in the image;this is the mostcommonlyusedcuein
constrainingpossiblebody con�gurations. However, con-
nectivity meansmuch more. The V-shapeconstraintbe-
tweentwo upperlegs is oneexample. Anotheroneis the
connectivity cuebetweenan upperarm andan upperleg,
i.e., thereis typically a “smooth” contourconnectingthem
throughthe torso. We discussmoreabouthow to quantify
this smoothconnectivity in thenext section.

5.2. SmoothConnectionsbetweenParts

To quantifythesmoothnessof aconnection,wecompute
theshortestpathbetweentwo partsin theCDT graph(Fig-
ure 4(a) ), wherethe pathgoesthroughcontourelements,
i.e. edgesin the CDT graphGC D T , insteadof pixels. In
theCDT graph,apathcouldgo throughG-edgesaswell as
C-edges(gaps). We would like to toleratesmall gapsbut
avoid jumping large distancesalong C-edges. Therefore,
we raisethecostof traveling alonga C-edgeby a constant
ratio (3:0).

We can computea numberof connectivity cuesfor a
pairof edges(a1; a2): dist (a1; a2), thetotaldistanceof the
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Figure4: (a) De�ning pairwiseconnectivity constraintson
parts. (b) Empirical distributions of distanceconstraints
from trainingdata.

shortestpatha1 ! a2 (relative to torsowidth, which we
canestimatefrom the two partsunderconsiderationgiven
anthropometricdata); gap(a1; a2), the total length of C-
edgesor gapson this path; angle(a1; a2), the maximum
changeof anglealongthepath;andtur n(a1; a2), thenum-
berof “turns” or T-junctionsalongthis path(wheretravel-
ing throughaT-junctionis countedasa“turn” if it doesnot
go throughthepair of edgesthat form theminimumangle
at this junction).

Now considera pair of candidatesc1 andc2: eachpart
hastwo boundingedges,(a1; b1) and(a2; b2) respectively.
We�nd acorrespondencebetweenthesetwo pairsof edges,
suchthatdist (a1; a2), thedistancebetween(a1; a2), arethe
minimumof all four combinations;and(b1; b2) arethetwo
otheredges.Thuswe cande�ne two setsof connectivity
cuesbetweenparts,onefrom thepath(a1 ! a2) andone
from (b1 ! b2). Sometimesboth of themarevery infor-
mative, suchastheconnectivity betweenanupperleg and
thelower leg, asweexpectbothsidesto bewell connected.
Sometimesonly oneof themis useful,suchastheconnec-
tivity betweenanupperarmandanupperleg.

5.3. Torso­Limb Constraints

The torsohasa specialrole asthehub thatconnectsall
thelimbs together. Theconstraintsthatfollow aredesigned
to make theoptimizationproblemsomewhateasier.

1. Torsoorientation f tor soor ient (c): weassumethatthe
torsois orientedupward. Let � be the leaningangleof the
candidatepartc, wecomputef tor soor ient = jtan(� )j;

2. Left/right disambiguation: givena torsocandidatec
andits two boundingedgesa andb, weknow whichedgeis
theleft sideandwhich is theright side.Whenwe compute
theconnectivity of the left (or right) limbs to thetorso,we
only considerthe connectivity to the left (or right) sideof
thetorso.

3. Arm-Leg disambiguation: given the torsoorienta-
tion, we assumethat the centerof upper legs cannotbe

higher(alongtorsoorientation)thanthetopof thetorso,and
upperarmscannotbelower thanthebottomof thetorso.

5.4. Learning the Constraints

Weusethe15hand-labeledimagesof anice-skater, Lip-
inski, for training. With sucha limited amountof training
data,it would bedif�cult to learnthe interactionsbetween
all thepairwiseconstraints.Thus,for simplicity, weassume
that the constraintsareall independentof eachother, and
they have a Gaussiandistribution. 15 imagesaresuf�cient
for usto estimatethemeanandstandarddeviation from the
empiricaldata. For someconstraints,suchasthe distance
betweenupperleg andlowerleg, weknow it shouldbezero
in theidealcase.In suchcaseswe �x themeanof this con-
straintto bezero.

Figure4(b) shows a few empiricaldistributionsof dis-
tanceconstraints.Thedistancebetweentwo upperlegs(the
V-shape)is typically zeroor verysmall. In comparison,the
distancebetweenupperlegsandupperarmsis lessreliable
andhasahighvariance.Theorientationconstraintbetween
torso and upper leg turns out to be weak (in many cases
> 90 degrees),astheice-skaterin thetrainingimagesgoes
througha wide rangeof poses.

Anotherobservationis thatthesedistributionsareclearly
non-Gaussian.We leave it for future work to build better
parametricmodelsfor eachtypeof constraint,possiblywith
moretrainingdata.

5.5. Non­traditional Constraints

We have introduceda number of con�guration con-
straintsthatarenot foundin thetraditionaltree-basedmod-
els, for example: f ab, the symmetryof color betweencor-
respondingleft/right limbs; f dist (V ) , the V-shapedistance
or the distancebetweentwo upperlegs; andf gap(U A;U L ) ,
thegap(C-edgeson theshortestpath)betweenupperarms
andupperlegs. Basedon the training images,we attempt
to quantifytheirusefulnessandcompareto traditionalcues,
suchasf dist (L;L ) , thedistancebetweenadjacentlimbs,and
f dist (L;T ) , thedistancebetweenupperlegsandtorsos.

Let f (l1; c1; l2; c2) beaconstraintunderstudy, andlet Z
be a binary variablesuchthat Z = 1 iff a randomassign-
ment(l1; c1; l2; c2) is good(i.e., in the groundtruth).One
way to quantify the informationin f is to measuretherel-
ative informationgain I (Z; f )=H (Z ), whereH (Z ) is the
entropy or uncertaintyof thelabelZ andI (Z; f ) is themu-
tual informationbetweenZ andf .

Constraint Relative Information
f ab 6:1%
f dist (V ) 34:9%
f gap(U A;U L ) 10:4%
f dist (L;L ) 44:5%
f dist (L;T ) 27:1%
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We �nd that thesenon-traditionalconstraintsdo containa
signi�cant amountof informationaboutthe con�guration,
comparableto the traditional tree-basedconstraints. Of
course,this is only the marginal information gain; more
importantquestionswould behow muchextra information
they provideandhow muchthey helpimprovetheendper-
formance. Theseare subtlequestionsand we will try to
addressthemin futurework.

6. Integer Quadratic Programming

Recovering humanbody con�guration in an imagecan
be formulatedasanassignmentof bodypart labelsf l i g to
candidatebodypartsf cj g. We usetheunaryandpairwise
constraintsf k introducedin the last sectionto de�ne the
“goodness”of anassignment.We modeleachconstraintf k

with a Gaussiandistribution with parameters(� k ; � k ). Let
�f k = (f k � � k )2 =� 2

k . Assumingthatall theconstraintsare
independentresultsin a productof Gaussiansastheproba-
bilistic model.Findingthemaximumlikelihoodassignment
� : f l i g ! f cj g is thenequivalentto minimizing thesum:
X

l 1 ;l 2

X

k

�f k (l1; � (l1) ; l2; � (l2)) +
X

l

X

k

�f k (l ; � (l )) (1)

wherel i is a part label, and� (l i ) is the part candidateas-
signedto l i by � . The�rst sumis overpairwiseconstraints
�f k 's. For instanceone �f k (l1; � (l1) ; l2; � (l2)) might mea-
surethescaleconsistency of labelingonepartcandidateas
a leg and anotheras a torso 2. The secondsum is over
eachlimb labell where �f k (l ; � (l )) aretheunaryconstraints
(e.g.,thelow-level saliency score).

Integer Quadratic Programming Minimizing Equa-
tion 1 canbe written asan integerquadraticprogramming
problem(IQP).Theassignment� is representedby abinary
vectorx. Eachentryx i indicateswhetheroneparticularpart
candidatec(i ) is labeledwith a particularpart label l (i ). In
orderfor x to representa valid assignmentthereis a con-
straintthat for eachpart label l̂ ,

P
i :l ( i )= l̂ x i = 1. We can

now write theintegerquadraticprogrammingproblem:

min Q(x) = x0H x + c0x (2)

subjectto Ax = b; x 2 f 0; 1gn

hereH is amatrix representingthepairwiseconsistency,

H i;j =
X

k

�f k (l (i ); c(i ); l (j ); c(j ))

similarly we have ci = f (l (i ); c(i )) . Finally Ax = b ex-
pressestheconstraintsthatx representsa valid assignment
(asabove).

2Note that for somepairsof limbs andfeatures,�f k will bezero– for
instance�f k is zerofor all k whenever l1 is a lower armandl2 is a lower
leg, aswedonot includesuchconstraintsin themodel.

The binary vector x that minimizesEquation2 corre-
spondsto the assignmentthat minimizesEquation1 and
thereforehasthemaximumlikelihoodunderourmodel.

Linear Bound A linearboundingfunctionL (x) is con-
structedsothatL (x) < Q(x) for all x. Notethat from this
point forwardtheconstraintsfrom Equation2 areassumed,
but notwritten.

qi = min
x

X

j

H (i; j )x j (3)

If x i indicatesassigninglimb l(i ) to candidatec(i ), then
qi + ci is a lower boundfor the cost contributed to any
assignmentmappingl(i ) to c(i ). Now we can write the
boundingfunction,L (x) =

P
i (qi + ci )x i . Finding thex

thatminimizesL and�nding theqi in Equation3 subjectto
theconstraintsin Equation2 is simplebecausethevertices
of theconstraintpolytopeslie only on integercoordinates.
As aresulttheintegerlinearprogrammingproblemscanbe
relaxedto linearprogrammingproblemswithout changing
theoptima.

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

GreedySearch Startingfrom theassignmentthatmin-
imizesL we performa greedylocal searchconsideringup
to two changesin theassignmentatatime. Consideringtwo
changesis importantin orderto movebothupperandlower
partsof a limb outof a poorcon�guration.

Complexity Integer quadraticprogrammingcan be
quite challenging,it is after all an NP-hardproblem; but
it turnsout the instancesgeneratedasdescribedabove are
not sodif�cult. A simplelinearapproximationfollowedby
agreedylocal searchproducesreasonablygoodresults.

Thereare more complex approximationsto IQP, using
semide�niteprogramming(SDP),with guaranteedbounds
onapproximationerror[4]. However, in this work a simple
approximationproducesresultswithin the approximation
boundandwith signi�cantly lowertimeandspacecomplex-
ity than[4].

If n is the lengthof x, computingthe x that minimizes
L (x) (includingcomputingall of theqi ) takesO(n2) opera-
tionswith averysmallconstant.Eachgradientdescentstep
requiresapproximatelythesamenumberof operations.As
a comparisonSDPtechniquesarepolynomialin n2, effec-
tively many, many timesslowerasn � 1300.

7. Experimental Results

We have testedour algorithmona varietyof images,in-
cludingextractedframesfrom askatingsequenceof Michel
Kwan,andothergymnasticimages.Examplesareshown in
Figure7, with recoveredbodycon�gurationsandtheasso-
ciatedsegmentationmasks.

To obtaintheseresults,we usea standard9-partmodel
for the humanbody, i.e., torsoplus left/right upper/lower
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legs/arms.Thenumberof candidatepartsdetectedper im-
ageis in therangeof 100� 200. Weusethesetof Gaussian
parameterslearnedfrom adifferentskatingsequencewith a
differentskater, Lipinksi. BecauseGaussianmodelsarenot
veryaccuratefor somefeatures,we chooseto “cut off ” the
featuresat 4� ; i.e.,any costtermabove4� is consideredas
beingin�nity .

Becauseof theheterogeneousnatureof 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)thebestconsistentassignment.This is done
without consideringthepairwiseconstraintsbetweenother
parts.Thereforethelinearapproximationcouldfail andthe
gradientdescentthatfollowsmaynot beableto correctthe
errors.

To remedythisproblem,wemakeuseof anempiricalob-
servation: thatalthoughtorsostypicallyhavepoorlow-level
saliency, they arethemostconstrainedpartof thebodyand
thereforecanbemostreliablydetectedin thelinearapprox-
imationscheme.We usethefollowing two-stepstrategy: in
the �rst step,we run the linear approximationto obtaina
shortlistof 5 besttorsocandidates.In thesecondstep,we
go throughtheshortlist,pick onecandidatepart, �x its la-
bel to be the torsoandre-solve the IQP problem,with the
samecostmatrixH . Fixing thetorsois appealingbecauseit
helpsconstrainall theupperlegs/armsin thecon�guration.
Finally wepick thesolutionthathasthelowestcostQ.

8. Conclusion

In this work we developa strategy to usepairwisecon-
straintsbetweenhumanbodypartsto recover bodycon�g-
urationsfrom staticimages.Wedetectcandidatebodyparts
from bottom-upusingparallelismcuesto searcha discrete
graphstructuregivenby ConstrainedDelaunayTriangula-
tion. Findingthecon�gurationof a humanbodyis thenan
assignmentproblem: for eachbody part label, we decide
which candidatepart shouldbe assignedto that label. We
formulatetheassignmentasa Integer Quadratic Program-
ming(IQP)problem.

As comparedto thetraditionaltree-basedmodelandthe
associateddynamicprogrammingalgorithm,IQPallowsus
to incorporateamuchrichersetof constraints,namelyarbi-
traryconstraintsbetweenpairsof bodyparts.This includes
the importantcuessuchas the symmetryof clothing, the
canonicalV-shapebetweenupperlegs,andthesmoothcon-
tour connectivity betweenarmsandlegs. As comparedto
a brute-forcesearchapproachin [11], we areableto han-
dle a muchlargersetof candidatepartsanddo not rely on
theavailability of a few beingvery salient.We have found
that a two-stepstrategy using the linear approximationof
IQP workswell for our assignmentproblem,producessat-

isfactoryresultson a variety of imageswithout relying on
extensive low-level processing,andis computationallyef�-
cient. We believe that the IQP formulationwill �nd more
andmoreusein detectingarticulatedobjects.
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