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Abstract

This paper proposesa methodfor the rapid and pre-
ciseestimationof humanhandposturesby combining2-D
appearancematching and 3-D model-basedfitting. First
a rough posture estimateis obtainedby image indexing.
Each possiblehandappearancegeneratedfroma given3-D
shapemodelis labeledby an index obtainedby PCAcom-
pressionand registered with its 3-D modelparameters in
advance. By retrieving the index of the input image, the
methodcan obtain the matchedappearanceimage and its
3-D parameters rapidly. Then,starting from the obtained
roughestimate, it estimatesthe posture and moreover re-
finesthe giveninitial 3-D modelby model-fitting. These-
quentialactivationof thetwoprocessesin everyframegives
theprecisepostureestimaterapidly. Theeffectivenessof the
methodis shownbyexperimentalresults.

1 Intr oduction

Recentlyvision-basedhumaninterfaceshave attracted
increasingattentionsasanalternative way to traditionalin-
put deviceslike mousesandkeyboards.Suchattemptspre-
viously proposedcanbe divided into two categories: 3-D
model-basedand2-D appearance-basedapproaches.Meth-
odsin thefirst category extract local imagefeaturesandfit
a given 3-D shapemodelto the features[1][2]. While the
methodsareableto estimatetheobjectposturesaccurately
basedontheleastsquarescriterion,failuresof segmentation
andfeaturecorrespondenceoftenoccurdueto a greatvari-
etyof handappearancesandself-occlusion.Methodsin the
secondcategoryregisterthepossible2-Dappearancesof the
targetobjectandthenfind thebest-matchedoneto theinput
image[3][4]. They arerobust to self-occlusionsincethey
extract no featuresand directly matchthe intensity prop-
erty betweentheinput andtheregisteredimages.Required
processingtime is shortsincethe matchedimagesaredi-
mensionallycompressedby PrincipalComponentAnalysis
(PCA). However, they only categorizethe inputs into sev-
eral patternslike the handsignswith no extractionof the
3-D information.Black et al. [5] extendedthis approachto
estimate2-D positionandorientationbut not3-D.

Theideaof ”Estimationby Synthesis(ES)” [6][7][8][9]
is the first bridgeconnectingthe 3-D model-basedandthe
2-D appearance-basedmethods.TheESmethodsgenerate
the possibleappearancesfrom a given 3-D shapemodel.
They canestimatethe3-D posturesbecausethe3-D param-
etersof thegeneratedappearancesareknown. However, it
takestoomuchcomputationto processin real-timebecause
�
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they calculatetheoverlappingratioof thesilhouettesasthe
matchingdegreeand the searchspaceis hugedue to the
high degreesof freedom(DOF) of thehand. In addition,a
preciseshapemodelis requiredfor precisepostureestima-
tion becauseindividual users’handsactuallyhave different
shapes.We needmodeladaptationto individualhands.

2 Overview of our method

We proposean extendedES methodby combining2-
D appearancematchingand 3-D model-basedfitting (see
Fig.1). First the methodobtainsa roughpostureestimate
basedontheimageindexing. Themethodgeneratesall pos-
siblehandappearancesfrom agiven3-D shapemodelin ad-
vance.Thenit generatesanindex from eachappearanceby
compressingtheappearancewith PCA andregisterstheset
of theindex, theappearance,andits 3-D modelparameters.
In theestimationphase,themethodcanretrievethematched
appearanceimageandits 3-D parametersrapidly by using
the index generatedfrom the input imageasa searchkey.
Basedon the obtainedroughestimate,the methodcanex-
tract the fingertips,finger axes,palm contoursanda wrist
position.Thusit cancorrectlyfind theircorrespondingparts
in the 3-D modeleven in the caseof self-occlusion.Then
the methodestimatesthe precisehandpostureand more-
over refinesthe given initial 3-D modelby a model-fitting
methodlike modifiedKalmanfilter with “distribution trun-
cation” [10] duringobservingthe imagesequence.There-
fined postureestimateconverselyhelpsthe 3-D parameter
retrieval in thenext time-step.Sinceit is expectedthat the
posturein thenext time-stepis foundneartheposturepre-
dicted by filtering, the searchareacan be limited. Since
our methoddivides the registeredhandappearanceswith
similar 3-D parametersinto subgroupsandeachsubgroup
is PCA-compressedrespectively, theroughestimatefor the
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input imageat thenext time-stepcanbeobtainedby search-
ing only theneighbouringsubgroupof theposturepredicted
by filtering. In this framework combining2-D appearance
matchingand3-D model-basedfitting approaches,robust
andrapidpostureestimationis established.

Thefollowing sectionsdescribethedetailsof theposture
estimationwith experimentalresults.

3 Rapid Estimation of RoughPosture:�;=< >@?=ACB)DE?GF0H)DEIKJMLNJODEP�Q)R�J
In the retrieval of the roughestimate,the methodcom-

paresglobalshapefeaturesextractedfrom thehandcontour
in an input image in steadof direct matchingof the im-
ageitself. For simplicity, the handregion is assumedto
bebrighterthanthebackgroundandtheclothessothat the
handregion is easilyobtained.

For reductionof the numberof the models,the shape
featuresinvariantto theposition,scaleandrotationarecom-
putedfrom thecontourof thehandregion. As shown in fig-
ure2, let S%T(UWVYX�Z
[]\^\_\`[^acbedgf be a pointswhichareplaced
ataregularinterval onthecontourandh�T bethedistancebe-
tweenS#T andthecenterof gravity i . Thescale-normalized
distancej0UkV_f is obtainedby jEUWV^flXnmpoq r where s is thearea
of the handregion. Theshapefeatureis definedasthe list
of normalizeddistancetpjEUWV^fvu�UWVYX�Z
[]\^\_\w[^axbydgf .:�;{z |}A!P�DEP�~=A!�)�w���l�#DER�~=D0�lP@��DEP���H)~=�)�

Theuseof theabove featurenormalizesthepositionand
scale.However, thefeatureis sensitiveto rotation.Rotation
changesthe orderof the elementsin the featurelist. Thus
weneedtodeviseamethodof determiningaparticularpoint
onthecontourasthefirst elementin thelist. Wefirst triedto
usetheprincipalaxisof thesilhouette.However, theresult
is notsatisfactoryasshown in Fig.3(a)becausetheprincipal
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axisis sensitiveto theslightshapechangesof partsfar from
thecenterof gravity.

Thereforewe considerto usethepositionof remarkable
shapein the handcontour. Here the position S%� giving
the maximum jEUWV^f is usedas the startingposition S�� for
themodelimages.If thereareseveralpositionsgiving j0UWV^f
similar to the maximumvalue,no morethanthreelargest
local maximumpositions SK�� UW��X�d�[��
[���f , areconsidered
for the input imagesas shown in Fig.4. By fixing SO� at
each S%� , threenormalizedfeatures �j � UkV_fvUW��X�d5[��
[��Of are
obtained.Theminimumdifference

�`� X����k� �
�¡ 0¢
T�£ � UWj

� UWV^fEb¤�j � UWV^f�f¦¥ (1)

is adoptedasthe differencebetweenthe input andthe § th
modelfeatures.Basedonthiscriterion,wetriedamatching
experimentusing192 model imagesand70 input images
not includedin themodelimages.Here, a is fixedto 256.
In thisexperiment,thematchingwasregardedassuccessful
if thereareright shapesdecidedby humanin thebestthree
models.Themethodsuccessfullymatched95%of theinput
images.Fig.3(b)showsa matchingresultexample.:�;{: |cDEI)~=¨©��DEP���H)~=�)�ªBl«¬��­®DE�!J¯���)¨)JO°l~2�)�±³² ~=�)�®´cµ�¶·µ�A!­®I)R�J ²g² ~=A!�

In the estimationtime, the modelshapefeaturesstored
in advancearematchedto theinputshapefeaturesoneafter
another. For rapidprocessnearlyin real-time,theindividual
matchingcomputationis requiredto bereducedasmuchas
possible. For this reason,the extractedshapefeaturesare
compressedby PCA.

Theshapefeature t(j0UWV^fvu canbealsoregardedaspoints
on thehigh-dimensionalspaceby definitionof featurevec-
tor ¸ :

¸¹X»º jEU¼ZOf2[]\^\_\`[2j0U�a½bydgf¦¾¦¿�À (2)

PerformingPCA to a featurevector set of the model im-
ages,theeigenvectorst`Á T u�UWVYXÂdl\^\_\wÃÄf correspondingto
the largest Ã eigenvaluesare obtained( Ã Å¯a ). The
compressedfeaturevector Æ is obtainedasfollows:

Æ�XÂº Á ¢ \^\_\�Á�ÇÈ¾ ¿ U¼¸cb¤É¸Êf (3)

where É¸ denotesthe meanof ¸ . Sincethe input images
aresupposedto besimilar enoughto oneof themodelim-
ages,the difference �`� betweenthe featurevectorsis ap-
proximatedby the difference�`Ëv� betweenthe compressed
featurevectors.In thecasethat aÌXy�gÍgÎ , ÃÏX¹��Z andthe
numberof themodelimagesis 200,theamountof compu-
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tationof thematchingwith thePCAcompressionis reduced
to lessthan30%of thatwithout compression.:�;{× LND ² P¹F0JODER���HxØ@~=P�HÚÙÛA��
DE?=?=«l�gµ�A!­®I)R�J ²g² J�¨LNJODEP�Q)R�J��ÜD0�)~=ÝvA!?=¨

In spite of the above datacompression,the numberof
comparisoncanbecomehugedueto thegreatvarietyof the
handshape.Heapet al. [11] dividedtheimagespaceinto a
setof local patchesgeneratedby PCA-compressionin each
local neibourhood.This patchsetconstructsa manifold in
thefeaturespaceto besearchedfor themodelmatchingto
theinput image.Sincethemodelimagesin apatcharesim-
ilar eachother, this ideaimprovesthedatacompressionrate
(i.e. decreasethenumberof dimensionality).Additionally
it alsohelpswith limiting the searcharea. After a refined
3-D postureestimateis obtained(describedin Sec.4.2),we
canlimit thenext searchareato thepatchesadjacentto the
estimate.(seeFig.5). Note that this adjacency degreebe-
tweenpatchesis definedby thedifferenceof the3-D shape
parameters,notthatof theshapefeature.Undertheassump-
tion of themotionsmoothnessof thehumanhand,thewell-
matchedmodelimageis foundin ashorttime.:�;{Þ ß�°�IÊJOR�~=­®JO�lP�DE?�|cJ ² Q)?=P½A!Ý¹|}A!Q)�!Hàß ² P�~=�­®D0P�~=A!�

Sincewe have a 3-D shapemodel of humanhand,we
can easily make a numberof CGs as the model images
whose3-D postureparameters(palm orientationand an-
glesof finger joints) areknown. Using CGsasthe model
images,it is thereforepossibleto retrieve the 3-D posture
by searchfor the best-matchedmodel imageby using the
PCA-compressedshapefeatureÆ astheindex. Fig.6shows
examplesof the retrieved 3-D posturesfrom the indexed
CGs. In the currentimplementationon Sun SPARC Sta-
tion 10, theposturecanbeestimated10 framespersecond
includingimagecapturingandthepre-processes.

4 EstimateRefinementby 3-D Model Fitting×�;=< ��­®DE�!J¹F0JO�!­®JO�lP�DEP�~=A!�áDE�)¨â�ÜDEã�~=�)��L/JODE�P�Q)R�Jâµ�A!R�R�J ² IÊA!�)¨)JO�)�
J
Based on the rough posture obtained by the above

method,we next refinethepostureestimate.For morepre-
ciseestimation,we try to simultaneouslyadaptthe initial
3-D model to the individual handshape.Given the rough
estimate,thefeatureextractionis easilyresolvedbecauseit
is alreadyclearwhereeachfinger is locatedandwhich fin-
geris occludingor occluded.Therefore,therefined3-D pa-
rametersareobtainedby fitting to the imagefeatureswith
leastsquaresmethod. However it often fails when some

(a) Silhouette1 (b) Silhouette2 (c) Silhouette3

(d) Estimateof (a) (e)Estimateof (b) (f) Estimateof (c)
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featuresaremissingdueto self-occlusion,especiallyonly
monocularimageis available. Thereasonof thefailuresis
that the depthcannotbe uniquely determinedin suchsit-
uations. The methodmorerobust to this depthambiguity
problemwasproposedby Shimadaetal.[10] called“Distri-
bution truncation”. We briefly explains the methodin the
next section.×�;{z ¶}­yB)~=�!Q)~=P]«òÙÛ~=­®~=P�~=�)�½Q ² ~=�)�óµ�A!� ² P�R�D0~=�lPô �)A#Ø@?=JO¨)�!J

Becausewe can usethe time sequenceof images,we
considerto apply a filtering methodsuchas Kalman Fil-
ter for estimationof theparametervectoŗ includingscale,
wrist position, palm orientation,joint angles,lengthsand
widths of fingers and a palm. Additionally we consider
more constraintknowledgeof the hand. Our ambiguity-
limiting processwith the above constraintsis shown in
Fig.7. It is the sameas a normalfiltering methodexcept
in that theconstraining phasesis insertedbetweenthepre-
diction andobservationphases.In thefiltering framework,
the ambiguityof the estimatedparameteris representedas
its probability distribution. When a inequality constraint
suchas b��gZÂõ¯öyõ�÷gZ is available, the probability dis-
tribution canbe truncatedby removing thepartswherethe
inequalitiesarenot satisfied.Thenthecovarianceellipsoid
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is incrementallylimited, namelythe depthambiguitygets
small, during the sequentialobservations. We usethe fol-
lowing knowledgefor thetruncation.
(a) shapeparameters(lengths and widths) are constant

over thesequence.

(b) poseparameters(joint angles)changecontinuously.

(c) eachparameteris within a certainrangeandhasrela-
tionswith theotherparameters.

Theseconstraintsarerepresentedas ÿ � T b�� � ÿ�õ
�
� T � .

5 Experimental Results of Posture Refine-
ment and Adaptation

We show an estimationresult for the real handimages.
In this experiment,only finger lengthsareestimatedasthe
shape.Fig.8shows therefinedposeestimatesbasedon the
roughestimatesobtainedby themethodof Sec. 3. Before
the refinementprocess,the imagefeaturesare segmented
into eachpart of fingersusingthe roughestimationresult,
andtheobservation(fingertips andaxes)arecalculatedby
line fitting to thesegmentedfeatures.(Figs.8(a)-(c)).Then
theposeestimatesarerefined((d)-(f)). The refinementre-
sultof theshapemodelis shown in Fig.9.

6 Conclusionand Discussion

Wehavepresentedamethodof estimatinghandpostures
robustly and rapidly by combining3-D model-basedand
2-D appearance-basedapproaches.Rapidmatchingis re-
alizedbasedon imageindexing usingtheshapefeaturein-
variant to the position, scaleand rotation and PCA com-
pression.It is possibleto obtainthe3-D postureparameters

usinghandCGimageswith known parametersasthemodel
images.Basedon the obtainedroughposture,the posture
and the initial 3-D model is refinedbasedon 3-D model
fitting. Weshow theeffectivenessof ourmethodby simula-
tion andanapplicationto realhandimages.

Oneof theremainingproblemsis thedifficulty in distin-
guishingshapeslikeafist. In orderto resolveit, weconsider
to useintensitiesand multiple camerasources. It is also
necessaryto extracthandregionsfrom any backgrounds.
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