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Abstract
An appearance-basedframework for 3D hand shape

classificationandsimultaneouscamera viewpointestima-
tion is presented.Givenan input image of a segmented
hand,the mostsimilar matchesfrom a large databaseof
synthetichandimagesare retrieved. Thegroundtruth la-
belsof thosematches,containinghandshapeandcamera
viewpoint information,are returnedby thesystemasesti-
matesfor the input image. 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 measuresareemployed,basedonedgelocation,
edgeorientation,finger locationandgeometricmoments.

1 Intr oduction
Techniquesthat allow computersto understandthe

shapeof a humanhand in imagesand video sequences
can be usedin a wide rangeof applications. Someex-
amplesarehuman-machineinterfaces,automaticrecogni-
tion of signedlanguagesandgesturalcommunication,non-
intrusive motion capturesystems,video compressionof
gesturecontent,andvideoindexing.

Differentlevelsof accuracy areneededby differentap-
plications.In certaindomainsit sufficesto recognizeafew
differentshapes,observedalwaysfrom thesameviewpoint
[23, 13, 6]. On the otherhand,3D handposeestimation
canbeusefulor necessaryin variousapplicationsrelatedto
sign languagerecognition,virtual reality, biometrics,and
motioncapture.Currently, systemsrequiringaccurate3D
handparameterstendto usemagnetictrackingdevicesand
othernonvision-basedmethods[14, 15, 19]. Computervi-
sionsystemsthatestimate3D handposetypically do it in
thecontext of tracking[17, 7, 26, 20] . In thatcontext, the
posecanbe estimatedat the currentframeaslong asthe
systemknows theposein thepreviousframe. Sincesuch
trackersrely on knowledgeaboutthepreviousframe,they
needto be manuallyinitialized, and they cannotrecover
whenthey losethetrack.

The tracking systempresentedin [20] uses,like our
system,a databaseof syntheticviews andanappearance-
basedmethodto find theclosestmatchto theobservedin-

put. The handparametersof the previous frame are as-
sumedto beknown, soonly posescloseto thoseparame-
tersneedto beconsidered.

A machinelearningsystemthatestimateshandposeis
describedin [18]. The training set consistsof synthetic
renderingsof anartificial handmodel.Goodperformance
is reportedonasynthetictestset,butnoquantitativeresults
aregivenfor realhandimages.

In this paperwe presenta methodfor estimating3D
handshapeandorientationby retrieving appearance-based
matchesfrom a large databaseof syntheticviews. The
handshapein theinput imageis assumedto becloseto one
of 26predefinedshapes(Figure2). Thedatabaseviewsare
computer-generatedrenderingsof the 26 handshapepro-
totypesfrom viewpointsthataresampleduniformly along
thesurfaceof theviewing sphere.Theadvantageof using
appearance-basedmatchingfor 3D parameterestimationis
that the estimationis doneindirectly, by looking up the
groundtruth labelsof the retrievedsyntheticviews. This
way we avoid the ill-posedproblemof recovering depth
informationdirectly from theinput image.

Our framework has two main advantagesover previ-
ous appearance-basedmethodsfor hand shaperecogni-
tion [16, 22, 5, 25]: it canhandleimagesfrom arbitrary
viewpoints,and, in additionto classifyinghandshape,it
providesestimatesfor the cameraorientation. In [1] we
presentedan early implementationof our framework, in
whichthechamferdistance([3]) betweenedgeimageswas
usedto estimatesimilarity betweentheinputimageandthe
databaseviews. In this paperwe presentadditionalsimi-
larity measures(Section3),weintroduceamethodto com-
binedifferentmeasures,andwedescribea hierarchicalre-
trieval algorithmthatfirst quickly rejectsthevastmajority
of thedatabaseviews andthenrankstheremainingviews
in orderof similarity to the input (Section4). Compared
to theapproachdescribedin [1], experimentswith ourcur-
rentsystemdemonstratehigheraccuracy andvastimprove-
mentsin retrieval time.

2 ProposedFramework
We modelthehandasanarticulatedobject,consisting

of 16 links: thepalmand15 links correspondingto finger



Figure1: Thehandasanarticulatedobject.Thepalmandeach
fingerareshown in a differentcolor. Thethreedifferentlinks of
eachfingerareshown usingdifferentintensitiesof thesamecolor.

Figure2: The26basicshapesusedto generatetrainingviews in
ourdatabase.

Figure3: Fourdifferentdatabaseviewsof thesamebasicshape.

parts.Eachfingerhasthreelinks (Figure1). Thereare15
joints,eachconnectinga pairof links. Thefive jointscon-
nectingfingersto thepalmallow rotationwith two degrees
of freedom(DOFs),whereasthe 10 joints betweenfinger
links allow rotationwith oneDOF. For the20-dimensional
vectorcontainingthose20DOFsweusesynonymouslythe
terms“internalhandparameters,” “handshape”and“hand
configuration.”

The appearanceof a handshapealso dependson the
cameraparameters.To keepourmodelsimple,weassume
thathandappearancedependsonly on thecameraviewing
direction(two DOFs),andon the cameraorientation(up
vector, or imageplaneorientation)that definesthe direc-
tion from the centerof the imageto the top of the image
(oneDOF).Weusetheterms“cameraparameters,” “exter-
nal parameters,” and“viewing parameters”synonymously
to denotethethree-dimensionalvectordescribingviewing
directionandcameraorientation.

Givenahandconfigurationvector �������
	��
������������ and
aviewing parametervector ��������	������������
� , wedefinethe
handposevector tobethe23-dimensionalconcatenation
of � and � :  ������ 	 �!������ �"� �"� 	 �"� � ��� � � .

Using thesedefinitions,thegenericframework thatwe
proposefor handposeestimationis thefollowing:

1. Preprocessingstep: createa databasecontaininga
uniform samplingof all possibleviews of the hand
shapesthat we want to recognize. Label eachview
with thehandposeparametersthatgeneratedit.

2. For eachnovel image,retrievethedatabaseviewsthat
are the most similar. Use the parametersof the #
mostsimilarviewsasinitial estimatesfor theimage.

3. Refineeachof theretrievedparameterestimatestoop-
timally matchtheinput.

Our framework allows for systemsthat returnmultiple
estimates.Multiple estimatescanbe usefulwhen,either
becauseof deficienciesof the similarity measure,or be-
causeof adverseviewing conditions,the retrieval method
fails to rankoneof thecorrectmatchesasthebestoverall
match.If a systemreturnsmultipleestimates,we consider
the retrieval successfulif at leastone of thoseestimates
is closeto the true parametersof the observed hand. A
low valueof # maybeadequatein domainslike 3D hand
trackingandsign languagerecognition,whereadditional
contextual informationcanbeusedto discriminateamong
thereturnedestimates.

In [1] we speculateon the possibility of using this
framework to estimatearbitrary handshapes,by includ-
ing a lot of handshapeprototypesin thedatabase,so that
for any possibleobservedshapethereis a “closeenough”
shapein thedatabase.In thispaperwetackleaneasierver-
sion of the problem,by assumingthat the observed hand
shapeis closeto oneof 26 shapeprototypes.We alsoig-
norestep3 of theframework, i.e. therefinementprocess.

3 Similarity Measures
To retrieve the mostsimilar databaseviews for an in-

put imagewe combinefour differentsimilarity measures:
Edgelocationsimilarity, edgeorientationsimilarity, finger-
basedmatchingand matchingbasedon central and Hu
moments.This sectiondescribestheindividual measures.
Section4 discusseshow thosemeasuresarecombined.

3.1 Chamfer Distance
We definethedistance$ betweenapoint % andasetof

points & to be the Euclideandistancebetween% andthe
point in & thatis theclosestto % :

$'�(%)��&*�+�-,/.�01�2�354 %76*8 4 (1)

The directed chamfer distancebetweentwo sets of
points & and 9 is definedin [3]. In our systemwe use
theundirectedchamferdistance$;: , definedasfollows:



$;:!��&'��9/�+� <= & =?>1�2�3 $@�A8)��9B�)C <= 9 =D>E�2�F $'�AGH��&*� (2)

We use $;: to measurethe distancebetweenthe edge
imageof theinput andtheedgeimageof a databaseview.
Edgeimagesarerepresentedassetsof edgepixels.Before
we apply $ : we normalizethescaleof bothedgeimages,
sothatthelongestsidesof theirboundingboxesareequal.
The advantageof $ : over the directedchamferdistance
is that $;: , in additionto penalizingfor points in & that
have no closematchin 9 , it alsopenalizesfor points in9 thathave no closematchin & . In general,thechamfer
distanceis relatively robustto small translations,rotations
anddeformationsof thetestimagewith respectto thecor-
respondingmodelimage.
3.2 EdgeOrientation Histograms

Givena gray-scaleimageI , andits correspondingedge
image J , we definethe orientation K of an edgepixel %
to be K7�L%H�*�NM�O�P�Q�M�0;RTS�UWV!XRZY�ULV�X , where I 1 ��I E are the image
gradientsalongthex andy directions.Orientationvalues
arebetween0 and180degrees.We storethoseorientation
valuesin anedgeorientationhistogramwith 96 bins,nor-
malizedso that thesumof all bin valuesis 1. We denote
thei-th bin of histogram[ as \]��[^�"_`� . If a is thenumber
of bins,and b is theindex of oneof thebins,wedefinethe
cumulativehistogram�7��['��b�� by theformula

\]�c�7��[^�db��e��_Z�+�gf�h)i>j�k
f
\]��[^�clm,/npoqar� (3)

As a similarity measurebetweenedgeorientationhis-
togramswe usethemaximumcumulativehistograminter-
section. The histogramintersectionsutv of histograms[
and w is definedin [21] as

s tv ��[^��w)�+�yx�z 	>
i
k � ,7.�0?��\]��[^�"_`����\]�`wr�"_`�"� (4)

Wedefinethemaximumcumulativehistogramintersec-
tion s v ��['��w)� as

s v ��[^�!w{�+� ,;M�|�
} k f } x
s tv �c�7��[^�db��e�d�7�Zwr��b!�"� (5)

Using cumulative histogramsin histogram intersec-
tion makesthemeasurelesssensitive to small orientation
changesin an image. The reasonwe don't simply defines v ��['��w)� to be sutv ���7��[^��~��e�d�7�Zwr��~��"� is thatedgeorienta-
tion histogramsarecircular;orientationvaluescorrespond-
ing to bin 0 areascloseto valuescorrespondingto bin 1 as
to thosecorrespondingto bin a�6 < . For example,consider
the casewhere \]��[^��~��^� < ��\]�Zwr�da�6 < ��� < , andall
otherbinsof [ and w are0. sutv ���7��['��~������7�`wr��~���� would
returnan inappropriatelylow similarity valuefor the two
histograms.s v ��[^��w)� handlesthiscasecorrectly.

Figure4: An exampleoutputof thefingerdetector. For theindex
finger, � is thefingertip, � and � aretheboundaryendpointsof
thefingerand � is thebasepoint. Thecontoursegments��� and��� areshown in green.

3.3 Finger Matching
Giventhebinaryimageof a hand,mostsignificantpro-

trusionsthatweobservearecausedbyfingers(Figures2,3,
5). Thefingertipsof protrudingfingersusuallycorrespond
to local maximain thecurvatureof theboundingcontour
of the hand. We representa protrusion � asthe ordered
triple �� ?����������\��+� where  �� is the fingertippoint, and� � ��\ � arethe endpointsof theboundarycontourof the
protrusion.We definethebasepoint � � of � asthemid-
dle pointof thestraightline segmentbetween� � and \ �
(Figure4).

The length of a contoursegment is definedto be the
numberof pixels along that segment. The length �����m�
of protrusion� is definedastheminimumof the lengths
of the segments� �  � and  � \ � . The width �����m� of� is the symmetricHausdorff distance([9]) betweenthe
contoursegments���+ �� and  ?�+\�� . If &������u �� and9��- ��u\�� , then

�����m����,;M�|{�A,;M�|1�2�3 $'��8)��9B�e��,;M�|E�2�F $@�AGH�"&*��� (6)

using the point-to-setdistance$ definedin Equation1.
TheelongationJ of a protrusion� is definedas Jq���m���� U � X� U � X .We have implementeda finger detectorthat identifies
protrusionswhosewidth is lessthana threshold�H� and
theirelongationexceedsathreshold�{� . A detaileddescrip-
tion of thefingerdetectoris givenin [2].

In defining a distancemeasurebetweenhand images
that usesthe resultsof finger detection,we needto have
in mindthataslightchangein handshapeor cameraview-
point cancausetwo nearbyfingersto bedetectedasa sin-
gle protrusion,or it cancausetheelongationof a fingerto
dropbelow thedetectionthreshold� � . Becauseof that,we
generatetwo setsof fingersfor agivenhandimageI : aset
of definitefingers s R� , detectedby setting � � � <  � , anda
setof potentialfingerss RV , detectedwith � � � <  < .



We definethedistancebetweenfingers� and � to be

4 �-6�� 4 ��,;M�|{� 4  ?�*6� ?  4 � 4 �¡�@6��¡  4 � (7)

Thefinger-baseddistance$;¢ betweenaninput imageI
andadatabaseview � is definedas

$ ¢ ��I£�d�¤�+�¥,;M�|D�e,;M�|� 2�¦�§¨�© $'���ª��s¬«V �d��D,7M�|  2�¦p®¨u© $'���7�ds RV �e��
(8)

usingthepoint-to-setdistance$ definedin Equation1 and
thefingerdistancedefinedin Equation7.

Intuitively, $;¢ penalizesfor any “definite” fingerin ei-
ther imagefor which thereis no nearby“potential” finger
in theotherimage.It doesnotpenalizefor any “potential”
finger in one imagethat hasno closematchin the other
image.Beforewe apply $7¢ on two handimages,we nor-
malize their scale,as describedin the subsectionon the
chamferdistance.

3.4 Moment-BasedMatching
From a handimage I we computeseven centralmo-

mentsand seven Hu moments([8]), and store them in
a 14-dimensionalmomentvector. We perform Principal
ComponentAnalysis ([4]) on the momentvectorsof all
databaseviews, and we identify the top nine eigenvec-
tors. We definethe moment-baseddistance$7¯ between
an input image I anda databaseview � to be the Maha-
lanobisdistance([4]) betweentheir momentvectors,after
they havebeenprojectedto theeigenspacespannedby the
topnineeigenvectors.

4 Hierar chical Retrieval Using Combina-
tions of Measures

In general,wehavefoundthatcombiningdifferentmea-
sureswe get moreaccurateresultsthanby usinga single
measure.Thecombinationof a setof a measuresis done
asfollows: givenaninput imageI , usingeachof themea-
sureswe canrankthedatabaseimagesin orderof similar-
ity to I (themostsimilar view hasrank1). We denotethe
rankof the i-th syntheticview � i undermeasurel as ° i

j
.

We definea new combinedmeasure±���I²��� i � as

±���I£�d� i �+� x>j�k 	 ��³
jD´ n�µ¬° i

j � (9)

where ³ j is a preselectedweight associatedwith the j-th
measure.Then,wecanrankthesyntheticviewsagain,us-
ing thevaluesof thecombinedmeasure.Thereasonweuse
in ± theranksof aview, asopposedto usingtheoriginal a
measurescoresof theview, is thatthescoresunderdiffer-
ent measureshave differentrangesanddistributions,and
it is not obvioushow they shouldbecombined.Therank
numbersall belongto the samespaceand can be easily
combined.Wesumthelogarithmsof theranks,asopposed
to theranksthemselves,becausethisway ± behavesmore
robustlyin thefrequentcaseswhereasinglemeasuregives
a reallybadrankto acorrectdatabasematch.

Weightscanbetunedto reflecttheaccuracy and/orre-
dundancy of the individual measures.Our systempicks
weightsautomaticallyby searchingover differentcombi-
nationsandchoosingthecombinationthatmaximizesac-
curacy overa smalltrainingsetof realhandimages.

Thesimilarity measuresdescribedin section3 havedif-
ferentstrengthsandweaknesses.Thechamferdistanceis
the mostaccurate,but alsothe mostcomputationallyex-
pensive. Momentandfinger-basedmatching,on theother
hand,arelessaccurate,but they canbedonealmostin real
time,if weprecomputeandsavethecorrespondingfeatures
of thedatabaseviews.

In orderfor the systemto function at moreor lessin-
teractive speeds,we needa retrieval methodthat canre-
ject most of the databaseviews very fast, and that ap-
pliesexpensive matchingproceduresonly to a small frac-
tion of likely candidates.Our databaseretrieval algorithm
achievesthatusinga hierarchical,two-stepmatchingpro-
cess.First, it ranksthesyntheticviews by combiningfin-
ger andmoment-basedmatching,andit rejectsthe worst
ranking views. This initial screeningcan be done very
fast;it takesundera secondin our system.Then,we rank
theremainingcandidatesby combiningall four measures.
In practice,we have found that retrieval accuracy is only
slightlyaffectedif wereject99%of theviewsin thescreen-
ing step. In general,the percentageof views thatgetsre-
jectedin thefirst stepcanbetunedto balancebetweenre-
trieval speedandaccuracy.

5 Experiments
Ourdatabasecontainsrenderingsof 26handshapepro-

totypes(Figure2). Therenderingsaredoneusinga com-
mercially available hand renderingprogramminglibrary
([24]). Eachshapeis renderedfrom 86 viewpoints, that
constitutean approximatelyuniform samplingof the sur-
faceof the viewing sphere. For eachviewpoint we gen-
erate48 databaseviews, usingdifferentvaluesfor image
planeorientation,uniformly spacedbetween0 and360de-
grees.Generatingmultiple rotationsof thesameimageis
necessary, sincethe similarity measuresthat we useare
rotation-variant.Overall,thedatabasecontains4128views
pershapeprototype,and107328views total.

We have testedour systemwith 276 real imagesdis-
playingtheright handsof four differentpersons.In those
images,thehandis segmentedusingskin detection([12]).
Eight examplesof segmentedtest imagesare shown in
Figure 5. We manuallyestablishedpseudo-groundtruth
for eachtestimage,by labelingit with thecorresponding
shapeprototypeandusingthe renderingsoftware to find
the viewing parametersunderwhich the shapeprototype
lookedthemostsimilar to thetestimage.This way of es-
timatingviewpointparametersis not veryexact;we found
thatestimatesby differentpeoplevariedby 10-30degrees.
Model views can't bealignedperfectlywith a testimage,
becauseeachindividual handhassomewhatdifferentfin-
gerandpalmwidthsandlengths,andalsobecausethehand
shapesin therealimagesareonly approximationsof the26
shapeprototypes.
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Figure5: Examplesof testimageswith differentfrontal angles.
The frontal anglesof the imagesin eachcolumnbelongto the
rangeindicatedat thetopof thatcolumn.

Giventheinaccuracy of manualestimates,we consider
a databaseview � to be a correct match for a test imageI if the shapeprototypewith which we label I is theone
usedin generating� , andthemanuallyestimatedviewing
parametersof I arewithin 30 degreesof thoseof � . For
any two viewing parametervectors ¾ and � (seeSection
2) thereexistsa rotationaroundthecenterof theviewing
spherethatmaps¾ to � . We usetheangleof thatrotation
asthedistancebetween¾ and� . Onaverage,thereare30.8
correctmatchesfor eachtestimagein thedatabase.

Our measureof the accuracy of the retrieval for a test
imageis therankof thehighest-rankingcorrectmatch that
wasretrievedfor thatimage.1 is thehighestpossiblerank.
Table1 shows thedistribution of thehighestrankingcor-
rectmatchesfor our testset.Weshouldnotethat,although
theaccuracy usingthe chamfermeasureis comparableto
the accuracy using the two-stepretrieval algorithm, the
two-stepalgorithmis about100 timesfasterthansimply
applyingthechamferdistanceto eachdatabaseview.

Theviewing parametersfor the testimagesweremore
or lessevenly distributed along the surfaceof the view-
ing sphere. We call a handview ”frontal” if the camera
viewingdirectionisalmostperpendicularto thepalmof the
hand,andwecall it a”sideview” if theviewingdirectionis
parallelto thepalm.The”frontal angle”of aview is thean-
gle(between0 and90degrees)betweentheviewing direc-
tion anda line perpendicularto thepalm. Figure5 shows
someexamplesof testimageswith differentfrontalangles.
Table2 shows themedianrankof thehighest-rankingcor-
rectmatchesfor testimagesobservedfromdifferentfrontal
angleranges.As expected,retrieval accuracy is worsefor
sideviews, wherefewer featuresarevisible. It is fair to
mentionthat,in someof thesideviews,evenhumansfind
it hardto determinewhattheshapeis (seeFigure5).

The weightsusedto combinethe finger andmoment-
basedmeasures(Equation9) in the screeningstepof the
retrieval were0.6and0.4. Theweightsusedin thesecond
stepof theretrievalwere0.4for thechamferandthefinger-
basedmeasure,and0.1 for the edgeorientationmeasure
andthe moment-basedmeasure.Theseweightswerees-
tablishedusingasmalltrainingsetof 28realimages,none
of whichwasincludedin thetestset.

Rank Chamfer Edge Fingers Moments 2-step
range hist.
1 22.8 0.0 7.6 2.5 21.7
1-2 31.9 0.0 11.2 6.5 31.5
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 2.2 34.0 20.3 60.1
1-32 68.8 4.7 43.8 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 31.5 42.0 12.7

Table1: Retrieval accuracy: for eachrankrangeandeachmea-
surewe indicatethepercentageof testimagesfor which therank
of the highestrankingcorrectmatchwasin the given range. 2-
stepstandsfor thetwo-stepretrieval algorithmdescribedin Sec-
tion 4.

Frontalangle 0-22.5 22.5-45 45-67.5 67.5-90
# of images 54 72 86 64
Median 1 3 9 47

Table2: Accuracy of the two-stepretrieval algorithmover dif-
ferentfrontalangles.For eachrangeof frontalanglesweindicate
thenumberof testimageswhosefrontal anglesarein thatrange
andthemedianof thehighestrankingcorrectmatchesfor those
images.

Retrieval timeswerebetween3 and4 secondson a PC
with a 1.2GHzAthlon processor. The memoryrequire-
mentsof thesystemwereunder100MB.

6 Future Work
Our long term goal is a systemthat can provide reli-

ableestimatesfor arbitraryhandshapes,seenfrom arbi-
trary viewpoints, at speedsthat allow for interactive ap-
plications. In order to do that, we needto includemore
shapeprototypesin the database,and implementthe re-
finementstepof theframework presentedin Section2. At
thesametime we needto work on improving retrieval ac-
curacy. We plan to investigateways of extracting more
information from the input image,using more elaborate
bottom-upprocessing.Wearecurrentlylookinginto meth-
odsof detectingfingersandfingertipsin theinteriorof the
hand.

As the size of the databasegrows larger, the issueof
retrieval efficiency will becomecritical. It may take un-
dera secondto applyfingerandmoment-basedmatching
to adatabaseof 100,000images,but thetimemaybecome
prohibitiveif weuseasignificantlylargersetof handshape
prototypesandthenumberof viewsgrowsinto themillions
or tensof millions. We needto investigatewaysof build-
ing index tables,thatcanautomaticallyfocusthesearchon
smallerpartsof the database.We arecurrentlydevelop-
ing anindexing schemethatcandirectthedatabasesearch
usingthe locationsof detectedfingers. Index tablesmay
prove to be feasibleeven for measureslike the chamfer
distanceor the relatedHausdorff distance.[11] describes



how to embedthe Hausdorff distanceinto an ��¿ metric
and[10] discussesefficientmethodsfor answeringapprox-
imatenearestneighborqueriesin � ¿ spaces.

Anothersystemaspectthatwe have neglectedsofar is
handsegmentation.In our test imagesthe handwasseg-
mentedusingskin detection([12]), but thoseimageswere
capturedusinga backgroundthatmadesegmentationrela-
tively easy. It is importantto evaluatetheperformanceof
our similarity measuresunderrealisticsegmentationsce-
nariosandespeciallyin the presenceof segmentationer-
rors. As a start,we planto useour systemasthebasisfor
a real-timedesktophumancomputerinterface,wherethe
handis segmentedusingskincolorandmotion.

7 Conclusions
We have presenteda generalframework for 3D hand

poseclassificationfrom a single image, observed from
an arbitraryviewpoint, usingappearance-basedmatching
with a databaseof syntheticviews. Usingthegroundtruth
labelingof the retrieved imagesthe systemcanalsoesti-
matecameraviewing parameters.We usea hierarchical
retrieval algorithm,whichcombinestheefficiency of com-
putationallycheapsimilarity measureswith the increased
accuracy of moreexpensivemeasures,andrunsat closeto
interactivespeed.
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