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ABSTRACT
Wedevelopanovel methodfor humanbodypartslabeling,
givena setof bodypartsthatcouldberepresentedby bars
in theimage.First,we assumethat in additionto thehead
andtorso,thehumanbodyhas8 majorbodypartsnamely,
theupperandlowerarms(left andright) andtheupperand
lower legs (left and right) and all thesepartscan be ap-
proximatedby cylindersthatappearasrectangularbarsin
the image. Oneof the orginal contributionsof this paper
is thenovel useof the spatialdistributionsof the location
andorientationof thetorsoemployedto �nd a correctrole
assignmentfor eachbarby maximizinga joint probability
function. Thus,we formulatetheproblemof labelinghu-
manbodypartsasanoptimalhypothesisselectionproblem
whereeachhypothesiscorrespondsto a particularrole as-
signment.Next, we developanalgorithmwhich identi�es
theoptimalhypothesis.Theperformanceof our proposed
approachis evaluatedby testingit with 90imagesdepicting
complex humanposesandweobtainrobustresults(correct
labeling in 98.7 % of the testedcases).We also testour
methodin casesof bardetectionerrors,occlusionandnoisy
imagesandobtainquitegoodresults.
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1 Intr oduction

In this research,we develop a novel methodfor human
body part labelingusingtheir spatiallocationsandorien-
tations.Theproblemof humanbodypartlabelingis avery
importantstepin recognizinghumanactivities from video.
The labelingis necessaryasa preliminarystepin tracking
body partsfor activity recognition[1]. This problemhas
applicationsin �elds suchashuman-machineinteraction,
ergonomics,kinesiology, sports,securitysurveillanceand
in virtual environments.The main challengein this prob-
lem is that humanscantake a multitudeof posesranging
from a simplewalking poseto complicatedposeslike that
of baseballpitching. In eachpose,onehasto detect,locate
andidentify all themajorbodypartsfor trackingor activity
recognition.

In this work, we limit the labeling to humanposes

capturedonly in a rangeof views that areapproximately
frontal. Theproblemis inherentlya very dif�cult problem
becausethereare8 differentmajorbodypartseachhaving
multiple degreesof freedomwhile therearehardlyany ap-
pearancebasedcuesthat help to label them asparticular
bodyparts.In this work, we make useof thespatialorien-
tation of the body partsasa main cueto identify the best
possiblelabeling. Thus,theproblemof labelingis formu-
latedasa hypothesisprobabilityestimationalgorithmand
wedevelopatheoreticalframework in Section2 thatserves
asthebasisfor our labelingapproach.

Thebasicpremiseof our work is themodelingof hu-
manbodyasa collectionof partsarrangedin a deformable
con�guration. This premisehasbeenusedin several pre-
vious works [2] [4] [7] [10] [12]. However, our approach
differsconsiderablyfrom theseworksin themethodweuse
to �nd the labeling. In [2], Hogg tracksa walking person
by comparingedgeprojectionsof amodelwith theedgesin
animage.Thebest�t de�nesthecon�gurationof ahuman.
In [3], Akita developsa schemefor humanbody tracking
whena personis doinga gymnasticexerciseusinga cylin-
der model. Occlusionis handledby this systemsincethe
posesare known beforehandand they form an occlusion
matrix. Guo et al. �nd the skeletonof a humanandthen
matchit againsta stick �gure modelby minimizing anen-
ergy function in [5]. Kakadiariset al. [6] developa novel
techniquefor humanbodypartidenti�cation by treatingthe
humanasasingleobjectto startwith andthensplit theob-
ject into new objectsasthehumanbodydeformsby mov-
ing. The endresult is thateachlimb is representedby an
object.Corlin et al usemarkersin [8] to identify andtrack
humanbodyparts.In [9] Songet al. developa probability
model baseddynamicprogrammingsolution for labeling
given the location and the velocity of the body part. In
[10], Haritaogluet al. usethe silhouetteof a humanper-
forming the activity and capturethe convex and concave
pointson the boundaryof the silhouette.Then,they per-
form labelingof thepartsstartingfrom the headwhich is
assumedasthereferencelocationbyusingpathconstraints.
Zhaoetal. [11] deviseatechniqueusingcontourextraction
and a bayesianframework for humandetectionand part
identi�cation underpartial occlusion. The also usecon-
tour reconstructionto integratethe humanmodeland the
identi�ed bodypartsto predictthepartsmissedby thecon-



tourdetector. At thesecondstage,they usethenew re�ned
contourswith theirbayesianframeworkandre-estimatethe
likelihoodratio. Felzenszwalb et al.[12] developa statisti-
cal framework for objectrecognitionusingpictorial struc-
tures. Using thestatisticaltechnique,they train modelsto
representhumanbodiesandusethesemodelsto locatethe
differentbody parts in images. Rosaleset al. [13] esti-
matebodypostureby meansof mappinglow level features
to clusterof body con�gurationsyeilding a set of possi-
ble posesout of which themostlikely is selectedfrom the
learnedprobabilitydistribution andthevisual featuresim-
ilarity betweenthehypothesisandinput. We �nd thatour
methodis entirelydifferentfrom all theseapproaches.

We use a synthetichumanbody model during the
learningphaseof our method,to estimatethe relative lo-
cationof thecenterof thetorsowith respectto eachof the
bodyparts. Eachbodypart in thesynthetichumanmodel
is maneuveredto assumeall possibleorientations.Therel-
ative locationsof thetorsowith respectto thecenterof that
body part arestoredin onesingle image,wherethe cen-
ter of theimagecorrespondsto thecenterof thebodypart.
The spatialdistributionsof the centerof the torsoareas-
sumedto be uniform distributions. This assumption,that
is basedon the premisethat eachorientationof the body
part is equally likely, simpli�es the overall computation.
The next stepin our work involvesassignmentof rolesto
thedetectedbars(thatrepresentbodyparts)in a givenim-
age.A novel methodis usedin identifying theoptimalrole
assignmentof the barsout of probablerole assignments.
For eachcombinationof role assignments,we accumulate
thespatialdistributionsof thecenterof thetorsorelativeto
thecenterof eachof thebarsconstitutingthecombination.
Oneof thenovel contributionsof our methodis in identi-
fying theoptimalassignmentastheassignmentwhich has
the maximum overlap of thesespatialdistributions. The
developmentof thespatialdistributionsis discussedin Sec-
tion 3 andthelabelingalgorithmwill befurtherelaborated
in theSection4. In Section2, we describethe theorybe-
hind our approach.Section5 discussestheapplicationof
ourapproachanddemonstratesthemethodexperimentally.

2 Theoretical Foundationsof Our Approach

In this section,we describethe theoreticalfoundationto
ourapproachin identifyinghumanbodypartsfrom asetof
detectedbars. In this work, we approximatethe imageof
humanbody by 8 barswhich representthe 2 upperarms,
the2 lowerarms,the2 upperlegsandthe2 lower legs.Let
thebarsthataredetectedin theimageby thebardetection
routine1 be representedby
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wheren is
thenumberof barsdetectedby the routineandwe denote
thetotalnumberof possiblerolesof eachbarby m andthe
roles themselvesby �
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. Since,we have
eightbartypebodyparts �
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. In addition,we de�ne an

1We developeda bar detectionroutinethat is basedon signaturesof
Gabor�lters. However, onemaydevelopotherapproachesfor bardetec-
tion aswell.
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that doesnot indicateany of the 8 possible
rolesandis usedto indicateif a bar is to bedenotedasan
out-lier.

The problemhereis to assigna setof roles to a set
of detectedbars. The problemof body part detectioncan
be solvedby formulatingit asa optimalhypothesisselec-
tion problem. A hypothesisis representedas a n-tuple
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wherej cantake valuesin the
range / 021.1�13�*4 . We assumethat the barsareindependent
of eachotherandthat it is equallylikely for any barto as-
sumeany role. Anotherassumptionis thatall thepixelsin
the image 5
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576 (c is thenumberof pixels in the
image)have the sameapriori probability of being identi-
�ed asacentrallocationof thetorso.As weshallelaborate
later in Section3 , the location of the torso is estimated
whena barassumesa speci�ed role. We estimatethebest
assignmentby choosingthe hypothesis
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and it can be further reducedby using law of total
probabilityas,
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Since,we assumethat the rolesassignedto barsare
all mutuallystatisticallyindependentof eachother,
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for all K
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1.1.1�N is some
�x ed constantbasedon our assumptionthat all pixels are
equallyprobableof beingthe centerof the torso. Hence,
the morethe locationsthat supportthe hypothesis
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larger is 8:9
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. We assumethat thecorrectassignmentis
composedfrom body partsthat �t betterand thereforeit
haslargeroverlapandthushigherprobability. Hence,we
�nd theoptimalhypothesis
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by maximizingthefunction
givenby Eq.(2) andEq.(3).
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We further elaboratethe processof �nding the opti-
malhypothesisin Section4.

3 Generation of Spatial Distrib utions of
Torso Center

In thiswork,weareinterestedin thefrontalview of upright
humanposes.Weuseasynthetichumanbodymodel Z for



developingthesespatialdistributions. For eachof thedif-
ferentupperbodypartrolessaytheleft upperarm,we de-
velopspatialdistributionsof possiblelocationsof thecen-
ter of the torsoby maneuveringthesynthetichumanbody
model Z suchthattheleft upperarmassumesall feasible
orientationsandthelocationof thecenterof thetorsorela-
tive to theleft upperarmis notedfor eachsuchorientation.
A resultof sucha stepis asshown in Fig. 1d which shows
thepossiblelocationsof thecenterof thetorsofor different
orientationsof theleft upperarm.Similarly, thespatialdis-
tribution is developedfor all theupperbody partsandthe
distributionsareasshown in Fig. 1. To simplify thecom-
putations,weassumethatall of theorientationsareequally
likely andhenceall thespatialdistributionsareuniform.

For the lower bodypartsdenotedby � , we notethat
locationof X is dependenton its orientationandalso on
theorientationof theupperbodypartdenotedby � which
is directly connectedto it. Hence,while we �nd the spa-
tial distributionsfor � , we �nd therelative locationof the
centerof thetorsowith respectto thecenterof � , by ma-
neuvering Z in sucha way thatall thepossiblelocations
of � areconsideredby rotatingtheupperbodypart � and
further rotatethe lower bodypart � with respectto � . In
suchaway, we�nd thespatialdistributionfor all thelower
bodyparts.

a. b.

c. d.

e.

Figure1. Spatialdistribution of thecenterof torsofor var-
iousorientationsof (a)- right upperleg, (b)- left upperleg,
(c)- right upperarm, (d)- left upperarm, (e)- head. Note
that the centerof the �gure correspondsto the centreof
correspondingbodypart.

Whenahumanperformsanactivity in front of acam-
era,if theposeof thebodypartis notparallelto thecamera
plane,thenthe part is foreshortenedin its projectiononto
the2D image.To overcometheproblemof foreshortening

anderrorsin thebar detectionstage,while estimatingthe
spatialdistributions,weconsidervariousbodypartlengths
in the rangeof ����� to ���	� where � is the standardlength
of thebodypart. In additionto theforeshorteningproblem,
sucha variationin lengthis alsouseful for labelingbody
partsof personswith varyingproportions.

Further, to allow for measurementnoise,thelocation
of thecenterof thetorsois alsoconsideredasarectangular
region insteadof just a point in theimage.Thespatialdis-
tribution of the centerof torsowith respectto the headis
generatedin a similar mannerastheprocedurefor theup-
per body parts. The generateddistributionsareillustrated
in Fig. 1

Apart from the relative locationof the centerof the
torso,we�nd theorientationof thetorsowith respectto the
upperbodypartswhile computingthespatialdistribution.
We keeptrackof this informationto eliminatepartsof the
spatialdistribution sincethe distribution includesrelative
locationof the centerof the torsofor all possibleorienta-
tionsof theupperbodypartandasweknow theorientation
of theupperbodypartdenotedby 
 , weconsideronly parts
of thespatialdistribution which wereformedwith theori-
entation
 .

4 Body Part Labeling

Theobjectiveof this work is to identify thecorrectassign-
mentof roles to major body partsthat are representedin
theimageby bars.As mentionedin theintroduction,this is
quiteadif�cult problemsincethedetectedbarsdonot lend
cueswhichcanbepositively usedto identify themaseither
armsor legs.So,weusethespatiallocationandorientation
of thebarsto identify theirroles.If thereare

�

detectedbars
and

�

rolesthenthetotalnumberof assignmentspossibleis
���

�E9

��
 ��;��

if
��� �

or
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. We haveto �nd
the assignmentwhich is the correctassignmentout of all
theseassignmentsby maximizingtheprobability function
givenby Eq.(2) andEq.(3).

a. b.

Figure2. Spatialdistributionof thelocationof thecenterof
the torsofor (a)- correctassignment,(b) incorrectassign-
ment.



a.

b.

Figure3. Threedimensionalmeshdiagramillustratingthe
numberof overlapsover the imagefor (a)- correctassign-
ment,(b) incorrectassignment.

Thespatialdistributionsdenotetheprobabilitydistri-
butionsof locationof the centerof the torsorelative to a
given locationof an upperbody part in the spatialsense.
Since,it is assumedthat all orientationsof any body part
areequallylikely, the distributionsareuniform. The �rst
stageof the labelingprocessis to accumulatevotesfor all
the

�

�

�

possiblerole assignmentsand keepingtrack of
thebarandthe role that resultedin a vote. So,we have a
four dimensionalarraywherethe�rst two dimensionsrep-
resentthedimensionalityof theimage,thethird dimension
identi�es thebarandthefourthdimensionrefersto therole
of the bar. For any pixel locationsay 5

)

, the vote corre-
spondingto bar j when it is assignedrole k is equivalent
to 8:9

���

-

?
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which is oneof the constituentsof the right
handsideof Eq.(3).

In the secondstage,we considereachpossiblela-

beling combination
"

andestimatethe probability 8:9

"<;

givenby Eq.(2) andEq.(3). Eachcombinationconstitutes
a hypothesisand the hypothesishaving the highestfunc-
tion valueis chosento be the optimal hypothesis.This is
the hypothesisthat is usedfor labeling the differentbars
with appropriatelabels.Intuitively, theabovestagecanbe
explainedasidentifyingtheassignmentwhichproducesthe
maximumoverlapof thespatialdistributionswhichareac-
cumulatedasvotesin the �rst stage. It canbe observed
from Fig. 2 andFig. 3 that region of maximumoverlapis
largerfor theoptimalhypothesis.

Figure4. An exampleof selectedpixel locationsthat are
derived form the joint distributions of all the limbs (in
black). Additional pruning(in white) canbe achieved by
addingtheheaddistribution.

As it is, the numberof hypothesisinvolved is very
high. In orderto decreasethenumberof computationsre-
quiredwe do aninitial screening.We calculatethesumof
all thevotesreceivedby every pixel in the image.Let the
maximumvalueobtainedoverall thepixelsbedenotedby

Z

�

� . During the labelingprocess,only thosepixelsare
consideredwhosesumof votesis greaterthan � � Z

�

�

where � is somethresholdin the range / 0 1.1.1

L

4 . The se-
lectedpixels (indicatedin black in Fig. 4) are further re-
ducedby usingthe spatialdistribution of the torsocenter
with respectto the head.We observe herethat the region
of pixels � resultingfrom this process(indicatedin white
in Fig.4) areall concentratedaroundthecenterof thetorso
andthis regionincludesall thepixelsthatbelongto theop-
timal assignmentcombination.



Eachof the detectedbarsis hypotheticallygiven all
possibleroles.Theratio of numberof pixelsof thespatial
distributionof thetorsofor thatbarfor agivenroleoverlap-
ping with theregion � to thenumberof pixelsin region �

givesa probability valueof that particularbar having that
speci�c role. Basedonacertainthreshold,themostproba-
ble rolesof a particularbararefound.

URL LRL URA LRA ULL LLL ULA LLA
URL 0.54 0.12 0.00 0.99 0.28 0.13 0.00 0.99
LRL 0.00 0.99 0.00 0.84 0.00 0.99 0.00 0.85
URA 0.00 0.22 0.61 1.00 0.00 0.28 0.12 1.00
LRA 0.00 0.00 0.00 0.80 0.00 0.040 0.03 0.77
ULL 0.20 0.15 0.00 1.00 0.54 0.12 0.00 1.00
LLL 0.00 0.99 0.00 0.84 0.00 0.99 0.00 0.83
ULA 0.00 0.29 0.15 0.99 0.04 0.29 0.70 1.00
LLA 0.00 0.00 0.01 0.72 0.00 0.00 0.00 0.75

Table1. An exampleof high scoresusedfor keepingonly
highly probableroles.Selectedrolesarein bold.

Now thenumberof hypothesesthataregeneratedand
checked is reducedsubstantiallydue to the thresholdon
the role probabilitiesdescribedabove. This stepalsosig-
ni�cantly decreasesthecomputationsnecessaryfor our la-
belingalgorithm.

5 Experimental Results

In this work, we usea novel bar detectionschemethat is
developedbasedon extractingGaborsignaturesof differ-
entkindsof barsandto searchingfor similar signaturesin
the image. Silhouetteextractionbasedon [14] is alsoim-
plementedin orderto reducethecomputationalburdenin-
volved.Headpositionsalsois detectedin orderto improce
the reliability of the bar detection. The headdetectionis
basedonresilentpropagationneuralnetwork trainedto de-
tect skin areasin theYCBCR color space,constrainedby
theellipseareaandhair color criterion. More information
aboutthealgorithmcanbefoundin [15]. Examplesof body
partlabelingareshown in Fig. 5 andFig. 6.

The methodyeilds 98.7%correctrecognitionfor 90
differenthumanposes. As seenfrom the results,our al-
gorithmworksevenin thecaseof strongforeshorteningof
body parts. Our algorithm's inherentrobustnessto fore-
shorteningis becausewe allow variationof the body part
lengthswhen we estimatethe spatialdistributions. This
alsohelpsin overcomingsizableerrorsin thebardetection
algorithm. Further, we testedour methodin caseswhere
somebarswere misseddue to occlusionor due to noise
in the image.Our systemachieves98.7%correctlabeling
whennobodypartsaremissing,97%correctlabelingwhen
1 bodypart is missing,94%correctlabelingwhen2 body
partsaremissing,89%when3 bodypartsaremissingand
84%when4 bodypartsaremissing.Becauseof thelarger
spatialdistributionof thelowerbodypartswhencompared
to thatof theupperbody parts,themethodmakestheoc-
casionalerrorof labelinga barwhich is actuallytheupper

Figure5. An exampleof humanposeandlabelingprovided
by our system,URL - UpperRight Leg, ULL - UpperLeft
Leg, LRL - LowerRightLeg, LLL - LowerLeft Leg, URA
- UpperRight Arm, ULA - UpperLeft Arm, LRA - Lower
RightArm, LLA - LowerLeft Arm.

Figure6. Someof otherposestestedwith our system



body part asa lower body partwhentheactualbar corre-
spondingto thelowerbodypartis missing.

6 Conclusion

In this work, we presenta novel approachfor human
body part labelingby a part basedmodelfor representing
humans.We randomlyassignrolesto differentbarsin the
image. The hypothesiswhich hasthe highestprobability
of beingthe optimal assignmentof rolesis selected.The
methodgives us 98.7% correct labeling for � 0 different
humanposes. In our approach,we representthe human
body usinga part basedmodelin the approximatefrontal
view andthereforeour methodis restrictedto a rangeof
frontal views of humans(approximately � 45 degreesin
azimuth).However, this problemcanbesolvedin general
by constructingmoreelaboratespatialdistributionswhich
accommodatesideviewsaswell.
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