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Abstract

This paper proposesa methodfor the rapid and pre-
ciseestimationof humanhandpostuesby combining2-D
appeaance matding and 3-D model-baseditting. First
a rough postue estimateis obtainedby image indexing.
Ead possiblehandappeaancegenematedfroma given3-D
shapemodelis labeledby an index obtainedby PCA com-
pressionand registeiled with its 3-D modelparametes in
advance By retrieving the index of the input image, the
methodcan obtain the matthed appeaanceimage and its
3-D parametes rapidly. Then,starting from the obtained
rough estimate it estimategshe postue and moreover re-
finesthe giveninitial 3-D modelby model-fitting The se-
guentialactivationof thetwo processe@ everyframegives
theprecisepostue estimataapidly. Theeffectivenessfthe
methods shownby experimentakesults.

1 Intr oduction

Recentlyvision-basechumaninterfaceshave attracted
increasingattentionsasanalternatve way to traditionalin-
put deviceslike mousesandkeyboards.Suchattemptspre-
viously proposedcan be divided into two categories: 3-D
model-base@nd2-D appearance-basegproachesMeth-
odsin thefirst cateyory extractlocal imagefeaturesandfit
a given 3-D shapemodelto the featureq1][2]. While the
methodsareableto estimatethe objectposturesaccurately
basedntheleastsquaresriterion,failuresof sggmentation
andfeaturecorrespondenceften occurdueto a greatvari-
ety of handappearancesndself-occlusionMethodsin the
seconctatayoryregisterthepossible2-D appearancesf the
targetobjectandthenfind the best-matchedneto theinput
image[3][4]. They arerobustto self-occlusionsincethey
extract no featuresand directly matchthe intensity prop-
erty betweertheinputandthe registeredmages.Required
processingime is shortsincethe matchedimagesare di-
mensionallycompressetly Principal Componenfnalysis
(PCA). However, they only categorizethe inputsinto sev-
eral patternslike the handsignswith no extraction of the
3-D information. Black et al. [5] extendedthis approacho
estimate2-D positionandorientationbut not 3-D.

Theideaof "Estimationby SynthesigES)” [6][7][8][9]
is the first bridge connectinghe 3-D model-base@ndthe
2-D appearance-basadethods.The ES methodsgenerate
the possibleappearancefom a given 3-D shapemodel.
They canestimatethe 3-D posturedecaus¢he3-D param-
etersof the generatecppearanceareknowvn. However, it
takestoo muchcomputatiorto processn real-timebecause
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Figure 1. Flowchart

they calculatethe overlappingratio of the silhouettesasthe
matchingdegree and the searchspaceis huge dueto the
high degreesof freedom(DOF) of the hand. In addition,a
preciseshapemodelis requiredfor precisepostureestima-
tion becauseéndividual users’handsactuallyhave different
shapesWe needmodeladaptatiorto individual hands.

2 Overview of our method

We proposean extendedES methodby combining 2-
D appearancenatchingand 3-D model-baseditting (see
Fig.1). Firstthe methodobtainsa rough postureestimate
basedntheimageindexing. Themethodgenerateall pos-
siblehandappearancesom agiven3-D shapemodelin ad-
vance.Thenit generateanindex from eachappearancby
compressinghe appearanceith PCA andregistersthe set
of theindex, theappearancendits 3-D modelparameters.
In theestimatiorphasethemethodcanretrievethematched
appearancénageandits 3-D parametersapidly by using
the index generatedrom the input imageasa searchkey.
Basedon the obtainedrough estimate the methodcan ex-
tractthe fingertips,finger axes, palm contoursand a wrist
position. Thusit cancorrectlyfind their correspondingarts
in the 3-D modelevenin the caseof self-occlusion.Then
the methodestimateghe precisehand postureand more-
over refinesthe giveninitial 3-D modelby a model-fitting
methodlike modifiedKalmanfilter with “distribution trun-
cation”[10] during observingtheimagesequenceThere-
fined postureestimatecorverselyhelpsthe 3-D parameter
retrieval in the next time-step.Sinceit is expectedthatthe
posturein the next time-stepis found nearthe posturepre-
dicted by filtering, the searchareacan be limited. Since
our methoddivides the registeredhand appearancewith
similar 3-D parametersnto subgroupsand eachsubgroup
is PCA-compressetkspectiely, theroughestimatefor the
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Figure 2. Shape feature of hand contour
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(a) By principalaxis
Figure 3. Rotation-normalized feature vector

(b) By remarkabldeatures

inputimageatthenext time-stepcanbeobtainedoy search-
ing only theneighbouringsubgroupof the posturepredicted
by filtering. In this framewvork combining2-D appearance
matchingand 3-D model-baseditting approachestobust
andrapid postureestimationis established.

Thefollowing sectionslescribehedetailsof theposture
estimationwith experimentaresults.

3 Rapid Estimation of Rough Posture
3.1 Global Shape Feature

In the retrieval of the rough estimate the methodcom-
paregglobalshapeeaturesxtractedfrom thehandcontour
in an input imagein steadof direct matchingof the im-
ageitself. For simplicity, the handregion is assumedo
be brighterthanthe backgroundandthe clothessothatthe
handregionis easilyobtained.

For reductionof the numberof the models,the shape
featuresnvariantto theposition,scaleandrotationarecom-
putedfrom the contourof thehandregion. As shavn in fig-
ure2,let P;(i =0,---, N—1) beN pointswhichareplaced
ataregularinterval onthecontourandr; bethedistancebe-
tweenP; andthecenterof gravity G. Thescale-normalized

distancep(i) is obtainedby p(i) = 7+ WhereA is thearea

of the handregion. The shapefeatureis definedasthe list
of normalizeddistance{p(i)}(i = 0,---, N — 1).
3.2 Rotation-Invariant Matching

Theuseof theabove featurenormalizeghe positionand
scale.However, thefeatureis sensitve to rotation. Rotation
changeghe orderof the elementsn the featurelist. Thus
weneedo deviseamethodof determiningaparticularpoint
onthecontourasthefirst elemenin thelist. Wefirsttriedto
usethe principal axis of the silhouette.However, theresult
is notsatishictoryasshovnin Fig.3(a)becaus¢heprincipal

Figure 4. Normalization using remarkable shape
feature

axisis sensitve to theslight shapechange®f partsfarfrom
the centerof gravity.

Thereforewe considerto usethe positionof remarkable
shapein the handcontour Here the position P, giving
the maximum p(i) is usedasthe startingposition P, for
themodelimages.If thereareseveral positionsgiving p(i)
similar to the maximumvalue, no more thanthreelargest
local maximumpositions P/, (j = 1,2, 3), areconsidered
for the input imagesas shavn in Fig.4. By fixing Py at
eachP,,, threenormalizedfeaturesp; (i)(j = 1,2,3) are
obtained.The minimumdifference

N-1

ex =ming, [ Y (p(i) — p;(i))?

=0

1)

is adoptedasthe differencebetweenthe input andthe kth
modelfeatures Basedon this criterion,we tried amatching
experimentusing 192 modelimagesand 70 input images
notincludedin themodelimages.Here, N is fixedto 256.
In this experimentthe matchingwasregardedassuccessful
if thereareright shapeslecidedby humanin the bestthree
models.Themethodsuccessfullymatched®5%of theinput
images.Fig.3(b)shavs a matchingresultexample.

3.3 Rapid Matching by Image Indexing

Using PCA Compression

In the estimationtime, the model shapefeaturesstored
in advancearematchedo theinputshapedeaturesoneafter
another For rapidprocessearlyin real-time theindividual
matchingcomputationis requiredto bereducedasmuchas
possible. For this reason the extractedshapefeaturesare
compressetly PCA.

Theshapefeature{p(i)} canbe alsoregardedaspoints
on the high-dimensionaspaceby definition of featurevec-

tor z:
x =[p(0),--- )

PerformingPCA to a featurevector set of the modelim-
agestheeigenvectors{e;}(i = 1-- - M) correspondingo
the largest M eigenvaluesare obtained(M < N). The
compressefeaturevectory is obtainedasfollows:

p(N = 1)]".

y=ley - eM]T(CB - ) 3)

wherez denotesthe meanof x. Sincethe inputimages
aresupposedo be similar enoughto one of the modelim-
ages,the differencee;, betweenthe featurevectorsis ap-
proximatedby the differencee.; betweenthe compressed
featurevectors.In thecasethat N = 256, = 30 andthe
numberof the modelimagesis 200,the amountof compu-
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Figure 5. Locally-Compressed Feature Manifold

tationof thematchingwith the PCAcompressiors reduced

to lessthan30% of thatwithout compression.

3.4 Fast Search with Locally-Compressed
Feature Manifold

In spite of the abore datacompressionthe numberof
comparisorcanbecomehugedueto thegreatvariety of the
handshape Heapetal. [11] dividedtheimagespacednto a
setof local patchegieneratedby PCA-compressioin each
local neibourhood.This patchsetconstructsa manifoldin
thefeaturespaceto be searchedor the modelmatchingto
theinputimage.Sincethemodelimagesn apatcharesim-
ilar eachother thisideaimprovesthedatacompressiomate
(i.e. decreas¢he numberof dimensionality).Additionally
it alsohelpswith limiting the searcharea. After a refined
3-D postureestimatds obtained(describedn Sec.4.2)we
canlimit the next searchareato the patchesadjacento the
estimate.(seeFig.5). Notethatthis adjaceng degreebe-
tweenpatcheds definedby the differenceof the 3-D shape
parametergjotthatof theshapdeature.Undertheassump-
tion of the motionsmoothnessf thehumanhand thewell-
matchednodelimageis foundin a shorttime.

3.5 Experimental Result of Rough Esti-
mation

Sincewe have a 3-D shapemodel of humanhand,we
can easily make a numberof CGs as the model images
whose3-D postureparametergpalm orientationand an-
glesof fingerjoints) areknown. Using CGsasthe model
images,it is thereforepossibleto retrieve the 3-D posture
by searchfor the best-matchednodelimageby usingthe
PCA-compresseshapedeaturey astheindex. Fig.6 shavs
examplesof the retrieved 3-D posturesfrom the indexed
CGs. In the currentimplementationon Sun SFARC Sta-
tion 10, the posturecanbe estimatedLO framesper second
includingimagecapturingandthe pre-processes.

4 Estimate Refinementby 3-D Model Fitting

4.1 Image Segmentation and Making Fea-
ture Correspondence

Based on the rough posture obtained by the above
methodwe next refinethe postureestimate.For morepre-
cise estimation,we try to simultaneouslyadaptthe initial
3-D modelto the individual handshape. Given the rough
estimatethefeatureextractionis easilyresoledbecausét
is alreadyclearwhereeachfingeris locatedandwhich fin-
geris occludingor occluded.Thereforetherefined3-D pa-
rametersare obtainedby fitting to the imagefeatureswith
leastsquaresnethod. However it often fails when some
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Figure 6. Retrieved 3-D Hand Postures using
CG Model Images
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featuresare missingdueto self-occlusionespeciallyonly
monocularimageis available. The reasorof thefailuresis
that the depth cannotbe uniquely determinedn suchsit-
uations. The methodmore robust to this depthambiguity
problemwasproposedy Shimadaetal.[1( called“Distri-
bution truncation”. We briefly explainsthe methodin the
next section.

4.2 Ambiguity Limiting using Constraint

Knowledge

Becausewe can usethe time sequencef images,we
considerto apply a filtering methodsuchas Kalman Fil-
ter for estimatiornof the parametewectorx includingscale,
wrist position, palm orientation,joint angles,lengthsand
widths of fingersand a palm. Additionally we consider
more constraintknowledge of the hand. Our ambiguity-
limiting processwith the above constraintsis shavn in
Fig.7. It is the sameas a normalfiltering methodexcept
in thatthe constaining phasess insertedbetweerthe pre-
diction andobsenation phasesin thefiltering framework,
the ambiguity of the estimatedparameteis represente@ds
its probability distribution. When a inequality constaint
suchas —20 < 6 < 40 is available, the probability dis-
tribution canbe truncatedby removing the partswherethe
inequalitiesarenot satisfied. Thenthe covarianceellipsoid
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Figure 9. The result of adaptation to individuals
for real image)

is incrementallylimited, namelythe depthambiguity gets
small, during the sequentiabbsenations. We usethe fol-
lowing knowledgefor thetruncation.
(a) shapeparameterglengths and widths) are constant
overthesequence.

(b) poseparametergjoint angles)changecontinuously

(c) eachparameteis within a certainrangeandhasrela-
tionswith the otherparameters.

Theseconstraintsarerepresenteds|z; — ;| < Aw;;.

5 Experimental Results of Posture Refine-
ment and Adaptation

We showv an estimationresultfor the real handimages.
In this experiment,only finger lengthsare estimatedasthe
shape.Fig.8 shavs therefinedposeestimatedasedon the
roughestimateobtainedby the methodof Sec. 3. Before
the refinementprocessthe image featuresare segmented
into eachpartof fingersusingthe roughestimationresult,
andthe obsenation (fingertips andaxes)arecalculatecby
line fitting to the sgmentedeatures.(Figs.8(a)-(c)).Then
the poseestimatesarerefined((d)-(f)). Therefinementre-
sult of the shapemodelis shawvn in Fig.9.

6 Conclusionand Discussion

We have presented methodof estimatinghandpostures
robustly and rapidly by combining 3-D model-basednd
2-D appearance-basepproaches.Rapid matchingis re-
alizedbasedon imageindexing usingthe shapefeaturein-
variantto the position, scaleand rotation and PCA com-
pressionlt is possibleto obtainthe 3-D postureparameters

usinghandCG imageswith known parameterasthemodel
images. Basedon the obtainedrough posture the posture
and the initial 3-D modelis refinedbasedon 3-D model
fitting. We shaw theeffectivenesof our methodby simula-
tion andanapplicationto realhandimages.

Oneof theremainingproblemss thedifficulty in distin-
guishingshapesik e afist. In orderto resoheit, weconsider
to useintensitiesand multiple camerasources. It is also
necessaryo extracthandregionsfrom ary backgrounds.
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