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Abstract

An appeaance-basedramevork for 3D hand shape
classificationand simultaneougamen viewpointestima-
tion is presented. Given an input image of a segmented
hand, the mostsimilar matdesfrom a large databaseof
synthetichandimagesare retrieved. Thegroundtruth la-
belsof thosematdes,containinghandshapeand camea
viewpointinformation,are returnedby the systemas esti-
matesfor the inputimage. Databaseretrieval is donehi-
erarchically, by first quickly rejectingthe vastmajority of
all databaseviews, and thenrankingthe remainingcan-
didatesin order of similarity to the input. Four different
similarity measuesare employedbasedon edce location,
edge orientation,finger locationandgeometricmoments.

1 Intr oduction

Techniquesthat allow computersto understandthe
shapeof a humanhandin imagesand video sequences
can be usedin a wide rangeof applications. Someex-
amplesare human-machineterfaces,automaticrecogni-
tion of signedanguagesndgesturatommunicationnon-
intrusive motion capturesystems,video compressiorof
gesturecontentandvideoindexing.

Differentlevelsof accurag areneededy differentap-
plications.In certaindomainst sufficesto recognizeafew
differentshapespbsenedalwaysfrom thesameviewpoint
[23, 13, 6]. On the otherhand,3D handposeestimation
canbeusefulor necessarin variousapplicationgelatedto
sign languagerecognition,virtual reality, biometrics,and
motion capture.Currently systemsequiringaccurate3D
handparametertendto usemagnetidrackingdevicesand
othernonvision-baseanethodq14, 15, 19. Computewi-
sionsystemghatestimate3D handposetypically doit in
the contet of tracking[17, 7, 26, 20] . In thatcontet, the
posecanbe estimatedat the currentframeaslong asthe
systemknows the posein the previousframe. Sincesuch
trackersrely on knowledgeaboutthe previousframe,they
needto be manuallyinitialized, and they cannotrecover
whenthey losethetrack.

The tracking systempresentedn [20] uses,like our
system,a databasef syntheticviews andan appearance-
basedmethodto find the closestmatchto the obseredin-

put. The handparameterf the previous frame are as-
sumedto be known, soonly posescloseto thoseparame-
tersneedto be considered.

A machinelearningsystemthat estimatesiandposeis
describedn [18]. The training set consistsof synthetic
renderingof anartificial handmodel. Goodperformance
is reporteconasynthetidestset,but noquantitatveresults
aregivenfor realhandimages.

In this paperwe presenta methodfor estimating3D
handshapeandorientationby retrieving appearance-based
matchesfrom a large databaseof syntheticviews. The
handshapen theinputimageis assumedo becloseto one
of 26 predefinedhapegFigure2). Thedatabasgiewsare
computergeneratedenderingsof the 26 handshapepro-
totypesfrom viewpointsthataresampleduniformly along
the surfaceof the viewing sphere.The advantageof using
appearance-basetatchingfor 3D parameteestimations
that the estimationis doneindirectly, by looking up the
groundtruth labelsof the retrieved syntheticviews. This
way we avoid the ill-posed problemof recovering depth
informationdirectly from theinputimage.

Our framework hastwo main advantagesover previ-
ous appearance-basadethodsfor hand shaperecogni-
tion [16, 22, 5, 25]: it canhandleimagesfrom arbitrary
viewpoints,and,in additionto classifyinghandshape it
provides estimatedor the cameraorientation. In [1] we
presentedan early implementationof our framework, in
whichthechamferdistancg[3]) betweeredgeimagesvas
usedo estimatesimilarity betweertheinputimageandthe
database&iews. In this paperwe presentadditionalsimi-
larity measuregSection3), weintroducea methodto com-
binedifferentmeasuresandwe describea hierarchicare-
trieval algorithmthatfirst quickly rejectsthe vastmajority
of the databas&iews andthenranksthe remainingviews
in orderof similarity to the input (Section4). Compared
to theapproachdescribedn [1], experimentawith our cur-
rentsystemdemonstratbigheraccurag andvastimprove-
mentsin retrieval time.

2 ProposedFramework

We modelthe handasan articulatedobject,consisting
of 16 links: the palmand15 links correspondingo finger



Figurel: Thehandasanarticulatedobject. The palmandeach
fingerareshavn in a differentcolor. Thethreedifferentlinks of
eachfingerareshavn usingdifferentintensitiesof thesamecolor.

Figure2: The26 basicshapesisedto generatdrainingviewsin
ourdatabase.

Figure3: Fourdifferentdatabaseiews of thesamebasicshape.

parts. Eachfingerhasthreelinks (Figurel). Therearel15
joints, eachconnectinga pair of links. Thefive joints con-
nectingfingersto the palmallow rotationwith two degrees
of freedom(DOFs),whereaghe 10 joints betweenfinger
links allow rotationwith oneDOF. For the 20-dimensional
vectorcontaininghose?0 DOFswe usesynorymouslythe
terms“internal handparameters,“handshape”and“hand
configuratiort.

The appearancef a handshapealso dependson the
camergparametersTo keepour modelsimple,we assume
thathandappearancdepend®nly onthe cameraviewing
direction (two DOFs), and on the cameraorientation(up
vector, or imageplaneorientation)that definesthe direc-
tion from the centerof the imageto the top of theimage
(oneDOF).We usetheterms“cameraparameters,“exter-
nal parameters,and“viewing parameterssynorymously
to denotethe three-dimensionatectordescribingviewing
directionandcameraorientation.

Givenahandconfiguratiorvector and
aviewing parametevector , we definethe
handposevector tobethe23-dimensionatoncatenation
of and .

Usingthesedefinitions,the genericframeavork thatwe
proposdor handposeestimationis thefollowing:

1. Preprocessingtep: createa databasecontaininga
uniform samplingof all possibleviews of the hand
shapeghat we want to recognize. Label eachview
with the handposeparameterthatgeneratedt.

2. Foreachnovelimage retrievethedatabasgiewsthat
are the mostsimilar. Use the parameter®f the
mostsimilar views asinitial estimategor theimage.

3. Refineeachof theretrievedparameteestimateso op-
timally matchtheinput.

Our frameawork allows for systemshatreturnmultiple
estimates.Multiple estimatescan be usefulwhen, either
becauseof deficienciesof the similarity measurepr be-
causeof adwerseviewing conditions the retrieval method
failsto rank oneof the correctmatchesasthe bestoverall
match.If asystemreturnsmultiple estimateswe consider
the retrieval successfulf at leastone of thoseestimates
is closeto the true parameter®f the obsened hand. A
low valueof  maybeadequatén domaindike 3D hand
trackingand sign languagerecognition,whereadditional
conttual informationcanbe usedto discriminateamong
thereturnedestimates.

In [1] we speculateon the possibility of using this
framework to estimatearbitrary hand shapesby includ-
ing a lot of handshapeprototypesn the databasesothat
for ary possibleobsened shapethereis a “close enough”
shapen thedatabaseln this papemwetackleaneasiewer-
sion of the problem,by assuminghat the obsered hand
shapeis closeto oneof 26 shapeprototypes.We alsoig-
norestep3 of theframawork, i.e. therefinemenprocess.

3 Similarity Measures

To retrieve the most similar databaseviews for anin-
putimagewe combinefour differentsimilarity measures:
Edgelocationsimilarity, edgeorientationsimilarity, finger
basedmatchingand matchingbasedon central and Hu
moments.This sectiondescribeghe individual measures.
Sectiord discussebow thosemeasuregarecombined.

3.1 Chamfer Distance

We definethedistance betweerapoint andasetof
points  to bethe Euclideandistancebetween andthe
pointin  thatis theclosesto :

1)

The directed chamfer distancebetweentwo sets of
points and is definedin [3]. In our systemwe use
theundirectecchamferdistance , definedasfollows:
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We use  to measurehe distancebetweenthe edge
imageof theinput andthe edgeimageof a databaseiew.
Edgeimagesarerepresentedssetsof edgepixels. Before
weapply  we normalizethe scaleof bothedgeimages,
sothatthelongestsidesof their boundingboxesareequal.
The adwvantageof over the directedchamferdistance
isthat , in additionto penalizingfor pointsin  that
have no closematchin , it alsopenalizedor pointsin

thathave no closematchin . In generalthe chamfer
distanceis relatively robustto smalltranslationsrotations
anddeformationf thetestimagewith respecto thecor
respondingnodelimage.

3.2 EdgeOrientation Histograms

Givenagray-scalémage , andits corresponding@dge
image , we definethe orientation of anedgepixel

to be ——, where are the image

gradientsalongthe x andy directions. Orientationvalues
arebetweer0 and180degrees.We storethoseorientation
valuesin anedgeorientationhistogramwith 96 bins, nor-

malizedsothatthe sumof all bin valuesis 1. We denote
thei-th bin of histogram as . If isthenumber
of bins,and istheindex of oneof thebins,we definethe
cumulative histogram by theformula

3)

As a similarity measurebetweenedgeorientationhis-
togramswe usethe maximumcumulatie histograminter-
section. The histogramintersection  of histograms
and is definedin [21] as

(4)

We definethe maximumcumulative histogramintersec-
tion as

(5)

Using cumulatve histogramsin histogram intersec-
tion makesthe measurdesssensitve to small orientation
changesn animage. The reasonwe don't simply define

to be is thatedgeorienta-
tion histogramsrecircular;orientatiorvaluescorrespond-
ing to bin O areascloseto valuescorrespondingo bin 1 as
to thosecorrespondingo bin . For example,consider
the casewhere , andall
otherbinsof and are0. would
returnan inappropriateljow similarity valuefor the two
histograms. handleghis casecorrectly

Figure4: An exampleoutputof thefingerdetector For theindex

finger, isthefingertip, and aretheboundaryendpointsof

thefingerand isthebasepoint. Thecontoursggments  and
areshawvnin green.

3.3 Finger Matching

Giventhebinaryimageof a hand,mostsignificantpro-
trusiongthatwe obsenearecausedy fingers(Figures2, 3,
5). Thefingertipsof protrudingfingersusuallycorrespond
to local maximain the curvatureof the boundingcontour
of the hand. We represent protrusion asthe ordered
triple where s thefingertip point, and

arethe endpointsof the boundarycontourof the

protrusion.We definethe basepoint of asthemid-
dle point of the straightline sggmentbetween  and
(Figure4).

The length of a contoursegmentis definedto be the
numberof pixels along that sggment. The length
of protrusion is definedasthe minimum of the lengths

of the sggments and . Thewidth of

is the symmetricHausdorf distance([9]) betweenthe

contoursegments and f and
, then

(6)

using the point-to-setdistance
Theelongation of aprotrusion

definedin Equationl.
is definedas

We have implementeda finger detectorthat identifies
protrusionswhosewidth is lessthana threshold  and
theirelongatiorexceedsathreshold . A detaileddescrip-
tion of thefingerdetectoiis givenin [2].

In defining a distancemeasurebetweenhandimages
that usesthe resultsof finger detection,we needto have
in mindthata slightchangen handshapeor cameraview-
point cancausewo nearbyfingersto be detectedasa sin-
gle protrusion,or it cancausehe elongationof a fingerto
dropbelow thedetectiorthreshold . Becausef that,we
generatéwo setsof fingersfor agivenhandimage : aset
of definitefingers , detectedy setting ,anda

setof potentialfingers , detectedwvith



to be

(7)

betweeraninputimage
is definedas

We definethedistancebetweerfingers and

Thefingerbasedlistance
andadatabaseiew

(8)
usingthepoint-to-setlistance definedn Equationl and
thefingerdistancedefinedin Equation?.

Intuitively, penalizedor ary “definite” fingerin ei-
therimagefor which thereis no nearby“potential” finger
in the otherimage.It doesnot penalizefor ary “potential”
fingerin oneimagethat hasno closematchin the other
image.Beforewe apply  ontwo handimageswe nor-
malize their scale,as describedn the subsectioron the
chamferdistance.

3.4 Moment-BasedMatching

From a handimage we computeseven centralmo-
mentsand seven Hu moments([8]), and store them in
a l4-dimensionamomentvector We perform Principal
ComponentAnalysis ([4]) on the momentvectorsof all
databaseviews, and we identify the top nine eigervec-
tors. We definethe moment-basedistance  between
aninputimage andadatabaseiew to bethe Maha-
lanobisdistance([4]) betweertheir momentvectors after
they have beenprojectedo the eigenspacspannedy the
top nineeigervectors.

4 Hierarchical Retrieval Using Combina-
tions of Measures

In generalwe havefoundthatcombiningdifferentmea-
sureswe getmoreaccurateresultsthanby usinga single
measure The combinationof asetof measuress done
asfollows: givenaninputimage , usingeachof themea-
sureswe canrankthe databasémagesin orderof similar
ity to (themostsimilarview hasrank1). We denotethe
rank of thei-th syntheticview  undermeasure as
We defineanew combinedmeasure as

(9)

where is a preselectedveight associateavith the j-th
measureThen,we canrankthesyntheticviews again,us-
ing thevaluesof thecombinedneasureThereasorwe use
in  theranksof aview, asopposedo usingtheoriginal
measurescoreof theview, is thatthe scoreunderdiffer-
ent measure$ave differentrangesand distributions, and
it is not obvioushow they shouldbe combined.Therank
numbersall belongto the samespaceand can be easily
combined We sumthelogarithmsof theranks,asopposed
totheranksthemseles,becaus¢hisway behaesmore
robustlyin thefrequentcasesvherea singlemeasurejives
areally badrankto acorrectdatabasenatch.

Weightscanbe tunedto reflectthe accurag and/orre-
dundang of the individual measures.Our systempicks
weightsautomaticallyby searchingover differentcombi-
nationsandchoosingthe combinationthat maximizesac-
curag overasmalltrainingsetof realhandimages.

Thesimilarity measuresdescribedn section3 have dif-
ferentstrengthsandweaknessesThe chamferdistanceis
the mostaccurate put alsothe mostcomputationallyex-
pensve. Momentandfingerbasedmatching,on the other
hand,arelessaccuratebut they canbedonealmostin real
time,if weprecomput@andsasethecorrespondindeatures
of thedatabas®iews.

In orderfor the systemto function at more or lessin-
teractve speedswe needa retrieval methodthat canre-
ject most of the databaseviews very fast, and that ap-
plies expensve matchingproceduresnly to a smallfrac-
tion of likely candidatesOur databaseetrieval algorithm
achievesthatusinga hierarchical two-stepmatchingpro-
cess.First, it ranksthe syntheticviews by combiningfin-
ger and moment-basedhatching,andit rejectsthe worst
ranking views. This initial screeningcan be done very
fast;it takesundera secondn our system.Then,we rank
theremainingcandidate®y combiningall four measures.
In practice,we have found that retrieval accurag is only
slightly affectedif wereject99%of theviewsin thescreen-
ing step. In generalthe percentagef views that getsre-
jectedin thefirst stepcanbetunedto balancebetweerre-
trieval speecandaccurag.

5 Experiments

Ourdatabaseontaingenderingof 26 handshapepro-
totypes(Figure2). Therenderingsaredoneusinga com-
mercially available hand renderingprogramminglibrary
([24]). Eachshapeis renderedirom 86 viewpoints, that
constitutean approximatelyuniform samplingof the sur
faceof the viewing sphere. For eachviewpoint we gen-
erate48 database&iews, usingdifferentvaluesfor image
planeorientationuniformly spacedetweerD and360de-
grees.Generatingnultiple rotationsof the sameimageis
necessatysince the similarity measureghat we useare
rotation-\ariant.Overall,thedatabaseontains4128views
pershapeprototype,and107328views total.

We have testedour systemwith 276 real imagesdis-
playingthe right handsof four differentpersons.In those
imagesthehandis segmentedusingskin detection([12]).
Eight examplesof segmentedtest imagesare shavn in
Figure5. We manuallyestablishe¢pseudo-groundruth
for eachtestimage,by labelingit with the corresponding
shapeprototypeand using the renderingsoftware to find
the viewing parametersinderwhich the shapeprototype
lookedthe mostsimilar to the testimage. This way of es-
timatingviewpoint parameterss not very exact; we found
thatestimatedy differentpeoplevariedby 10-30degrees.
Model views can't be alignedperfectlywith a testimage,
becausesachindividual handhassomevhat differentfin-
gerandpalmwidthsandlengths andalsobecaus¢hehand
shapesn therealimagesareonly approximation®f the26
shapeprototypes.



Figure5: Examplef testimageswith differentfrontal angles.
The frontal anglesof the imagesin eachcolumnbelongto the
rangeindicatedat thetop of thatcolumn.

Giventheinaccurag of manualestimateswe consider
a databaseiew to bea correctmatc for atestimage
if the shapeprototypewith which we label is theone
usedin generating , andthe manuallyestimated/iewing
parametersf arewithin 30 degreesof thoseof . For
ary two viewing parametervectors and (seeSection
2) thereexists a rotationaroundthe centerof the viewing
spherehatmaps to . We usetheangleof thatrotation
asthedistancebetween and . Onaveragethereare30.8
correctmatchedor eachtestimagein thedatabase.

Our measureof the accurag of the retrieval for a test
imageis therankof the highest-ankingcorrectmatd that
wasretrievedfor thatimage.1 is thehighestpossiblerank.
Table 1 shaws the distribution of the highestrankingcor-
rectmatchedor ourtestset.We shouldnotethat,although
the accurayg usingthe chamfermeasureas comparabldo
the accurag using the two-stepretrieval algorithm, the
two-stepalgorithmis about100 times fasterthan simply
applyingthe chamferdistanceo eachdatabas&iew.

The viewing parametergor the testimagesweremore
or lessevenly distributed along the surface of the view-
ing sphere. We call a handview "frontal” if the camera
viewing directionis almostperpendiculato thepalmof the
hand,andwecall it a”side view” if theviewing directionis
parallelto thepalm. The"frontal angle”of aview is thean-
gle (betweerD and90 degreespetweertheviewing direc-
tion anda line perpendiculato the palm. Figure5 shawvs
someexamplesof testimagesawith differentfrontalangles.
Table2 shovs the medianrankof the highest-rankingor-
rectmatchedor testimagesobsenedfrom differentfrontal
angleranges.As expectedyetrieval accurag is worsefor
side views, wherefewer featuresare visible. It is fair to
mentionthat,in someof the sideviews, evenhumandgind
it hardto determinavhatthe shapds (seeFigure5b).

The weightsusedto combinethe finger and moment-
basedmeasuregEquation9) in the screeningstepof the
retrieval were0.6 and0.4. Theweightsusedin thesecond
stepof theretrieval were0.4for thechamferandthefinger
basedmeasureand 0.1 for the edgeorientationmeasure
andthe moment-basedheasure.Theseweightswere es-
tablishedusingasmalltrainingsetof 28 realimagesnone
of whichwasincludedin thetestset.

Rank | Chamfer| Edge]| Fingers| Moments| 2-step

range hist.

1 22.8 00 [7.6 25 21.7
1-2 31.9 0.0 [11.2 6.5 315
1-4 40.9 0.0 [18.1 8.6 41.7

1-8 |49.6 0.3 |26.8 13.4 52.5
1-16 |58.3 22 |34.0 20.3 60.1
1-32 | 68.8 477 | 438 30.1 68.8
1-64 | 77.5 6.5 |50.7 38.0 76.4
1-128]| 85.9 11.2 | 56.2 47.5 83.7
1-256| 92.0 23.6 | 68.5 58.0 87.3
256- | 8.0 76.4 | 315 42.0 12.7

Tablel: Retriesal accuray: for eachrankrangeandeachmea-
surewe indicatethe percentagef testimagesor whichtherank
of the highestrankingcorrectmatchwasin the givenrange. 2-
stepstanddor the two-stepretrieval algorithmdescribedn Sec-
tion 4.

Frontalangle| 0-22.5[ 22.5-45] 45-67.5] 67.5-90
#ofimages | 54 72 86 64
Median 1 3 9 a7

Table2: Accuray of the two-stepretrieval algorithmover dif-
ferentfrontal angles.For eachrangeof frontalangleswve indicate
the numberof testimageswhosefrontal anglesarein thatrange
andthe medianof the highestrankingcorrectmatchesor those
images.

Retrieval timeswerebetweer3 and4 secondonaPC
with a 1.2GHz Athlon processar The memoryrequire-
mentsof the systemwereunderl00MB.

6 FutureWork

Our long term goal is a systemthat can provide reli-
able estimatedor arbitrary handshapesseenfrom arbi-
trary viewpoints, at speedghat allow for interactve ap-
plications. In orderto do that, we needto include more
shapeprototypesin the databaseand implementthe re-
finementstepof the framework presentedn Section2. At
the sametime we needto work onimproving retrieval ac-
curag. We plan to investigateways of extractingmore
information from the input image, using more elaborate
bottom-upprocessingWe arecurrentlylookinginto meth-
odsof detectingfingersandfingertipsin theinterior of the
hand.

As the size of the databasearows larger, the issueof
retrieval efficiency will becomecritical. It may take un-
dera secondo apply fingerandmoment-basecdhatching
to adatabasef 100,000imageshut thetime maybecome
prohibitiveif we useasignificantlylargersetof handshape
prototypesandthenumberof views growsinto themillions
or tensof millions. We needto investigatevaysof build-
ing index tables thatcanautomaticallyfocusthe searcton
smallerpartsof the database.We are currently develop-
ing anindexing schemeahatcandirectthedatabassearch
usingthe locationsof detectedingers. Index tablesmay
prove to be feasibleeven for measuredike the chamfer
distanceor the relatedHausdorf distance.[11] describes



how to embedthe Hausdorf distanceinto an metric
and[10] discussesfficientmethodgor answeringapprox-
imatenearesheighborqueriesn spaces.

Anothersystemaspecthatwe have neglectedsofar is
handsegmentation.In our testimagesthe handwas seg-
mentedusingskin detection([12]), but thoseimageswere
capturedusinga backgroundhatmadesegmentatiorrela-
tively easy It is importantto evaluatethe performanceof
our similarity measuresinderrealistic sggmentationsce-
nariosand especiallyin the presencef segmentationer-
rors. As a start,we planto useour systemasthe basisfor
a real-timedesktophumancomputerinterface,wherethe
handis sggmentedisingskin colorandmotion.

7 Conclusions

We have presenteda generalframeavork for 3D hand
pose classificationfrom a single image, obsened from
an arbitrary viewpoint, using appearance-baseudatching
with a databasef syntheticviews. Usingthe groundtruth
labelingof the retrieved imagesthe systemcanalso esti-
mate cameraviewing parameters.We usea hierarchical
retrieval algorithm,which combineghe efficiency of com-
putationallycheapsimilarity measuresvith theincreased
accurag of moreexpensve measuresandrunsat closeto
interactve speed.
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