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Abstract. Thispaperpresentsananalysisof thedesignof classifiersfor usein a
hierarchicalobjectrecognitionapproach. In thisapproach,acascadeof classifiers
is arrangedin a treein orderto recognize multiple objectclasses.We areinter-
estedin the problemof recognizing multiple patternsas it is closely relatedto
the problemof locatingan articulatedobject.Eachdifferentpatternclasscorre-
sponds to thehandin adifferentpose,or setof poses.For thisproblemobtaining
labelledtraining dataof the handin a given posecanbe problematic. Given a
parametric3D model,generating training datain the form of exampleimages
is cheap,andwe demonstatethat it canbe usedto designclassifiersalmostas
goodasthosetrainedusingnon-syntheticdata.Wecompareavarietyof different
template-basedclassifiersanddiscusstheirmerits.

1 Intr oduction

This paperconsiderstheproblemof locatingandtrackinganarticulatedobjectusinga
singlecamera.Themethodis illustratedby theproblemof handdetection andtracking.
Thereis a lot of ambiguity in theproblemof trackingacomplex articulated object,and
a successfulmethodshouldbeableto maintainmulti-modal distributions over time.A
number of different techniqueshave beensuggestedto dealwith multi-modality, e.g.
particlefiltering [7,11]. Whentrack is lost, a robust tracker shoulddevise a recovery
strategy, asfor example in region basedtracking [23]. This task,however, canbeseen
asa detectionproblem, andthusin [19, 20] it is argued that the trackingof complex
objectsshouldinvolve theclosesynthesisof objectdetectionandtracking.

Objectrecognition is typically consideredasthetaskof detectinga singleclassof
objects� (e.g. faces)in a scene	 ; locatingtheobjectin thesceneanddetermining its
pose.But supposeweareinterestedin recognizing 
 categoriesof objects � �������� ���
simultaneously, i.e.areany of asetof objectsin thescene,andif sowhere?How canit
efficiently bedecidedwhetherthescenecontains oneof theseobjects?Oneoptionthat
is commonly followed is to independently train a classifierfor eachobject [16]. The
drawbackof suchanapproachis thatcomputation time scalesroughly linearly in the
numberof objects to beidentified.Recentlyadvanceshavebeenmade in facedetection
basedon theideaof acascadeof classifiers[15, 22], wheresuccessively morecomplex
classifiersarecombinedin acascadestructure, whichincreasesthespeedof thedetector
by focusingattentiononpromising regionsof theimage,seefigure1(a).First theimage�
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is divided into a setof subregions.The initial classifiereliminatesa large portion of
thesesubwindows with little computation;thoseremaining areprocessedfurtherdown
thecascade.At eachlevel thenumberof subwindowsremaining decreases,allowing for
morecomputationallyexpensive classifiersto beusedat thebottomlevel for accurate
discrimination of the remainingsubwindows. As the motivation for sucha cascadeis
theminimizationof computationtime,thispaperexaminessomeof theissuesinvolved
in classifierdesignfor efficient template-basedclassificationfor handposeestimation.

Thenext sectionreviews relatedwork on hierarchical detection anddescribesthe
links to 3D poseestimation.Section3 introducestheshapeandcolourfeaturesthatare
used,aswell as the templatesfor classification.An evaluation of theseclassifiersin
termsof performanceandefficiency is presentedin section4, andtheirapplication to a
poseestimationproblemis shown.

2 PoseEstimation UsingShapeTemplates

Onequestion is whethera cascadedapproachcanbeusedfor recognizingmultipleob-
jects,i.e. how to designa computationallyefficient cascadeof classifiersfor a given
setof objects,� � ������ � � . Theproblem is closelylinkedto the recognition of artic-
ulatedobjectswhich canbe thought of asan infinite collectionof objectsindexed by
thejoint articulation parameters.In particular, Gavrila [6] examinestheproblem of de-
tectingpedestrians.Chamfermatching [2] is usedto detecthumans in different poses,
anddetectingpeople is formulatedasa templatematchingproblem.Whenmatching
many similar templatesto animage,asignificantspeed-upcanbeachieved by forming
a templatehierarchy andusinga coarseto fine search[6,14]. ToyamaandBlake [21]
useexemplar templatesto evaluatelikelihoods within a probabilistic trackingframe-
work. Shapetemplatesof a walking personare clusteredandonly the chamfercost
of the prototypesneedsto be computed.However, with increasingobjectcomplexity
thenumberof exemplars required for tracking risesaswell. If a parametric3D object
modelis available,thegenerationof trainingexamplesis cheap.Additionally, eachgen-
erated2D templateis annotatedwith the3D modelparameters,thusposerecovery can
beformulatedasobjectdetection: createadatabaseof model-generatedimagesanduse
anearest-neighboursearchto find thebestmatch.Thisapproachis followed,for exam-
ple,by AthitsosandSclaroff for handposeestimation[1] andShakhnarovich etal. [17]
for upper bodyposeestimation.In [19] it is suggestedto partitiontheparameterspace
of a3D handmodelusingamulti-resolution grid.A distribution is definedonthefinest
grid andis propagatedover time.This hastheadvantage thattemporal informationcan
be usedto resolve ambiguoussituationsandto smooththe motion. Shapetemplates,
generatedby the3D model,areusedto evaluatethelikelihoods in regions of thestate
space.Thetemplatesarearrangedin ahierarchy andareusedto rapidly discardregions
with low probability mass.For thefirst frame, thetreecorrespondsto a detectiontree,
thusthe ideaof cascadedclassifierscanbe applied, which eliminatelarge regions of
the parameterspaceat early stagesandfocus computationon ambiguousregions. In
termsof classifiers,theaim is to maintainahighdetectionratewhile rejectingasmany
falsepositivesaspossibleat eachnode in the tree.Within this paper we will analyze



Algorithm 1 : Cascadeof Classifiersfor Multiple Categories
for eachsubwindow �

startat root node �������������! ��" #� .
if $&%' ���(��)+* then repeatfor child nodesof �����,��� .
elseassignzeroprobability to all child nodesof �����-�.� .
endif

endfor

the designof cascadedclassifiersfor sucha hierarchy, which canbe usedwithin the
tree-basedfiltering framework of [19].

Givenatreewhichateachlevel partitionsthesetof models into mutuallyexclusive
regions /102 for 35476 ����#�98 where8 is thenumber of levelsin thetreeand:;4<6 ��9=?>
where=@> is thenumberof setsat thatlevel. Sothat /A4CB 2 /D02 and /10EGF /D0H 4JILK-MLN �(O .
The goal is to designa classifier PQ0E which achieves high detectionrateswith modest
falsepositiveratesor theregion /R0E . Thesearchthenproceedsasshown in algorithm 1.
A schematicof thisalgorithm isshown in figure1b. Thenext sectionexaminesanumber
of differentclassifiersbasedonedgeandcolourfeatures.

C (  )3 I

C (  )2 I

C (  )
1

I

Subwindow

Reject

Reject

Reject
0

1

0

0

1

1

I

Further Processing   

(a)

Subwindow I

C (  )I
2
1

C (  )I3
2 C (  )I3

3 C (  )I4
3

C (  )I
2
2

C (  )I3
1

I1
1

Reject
0

0 0 00

1 1 1 1

Reject

Reject Reject Reject Reject

Reject

1 1 1

Further Processing

0 0

1

C (  )

(b)

Fig.1. Cascadeof Classifiers. (a) A cascade of classifiers for a singleobjectclasswhere each
classifierhasa highdetectionandmoderatefalsepositiverate. (b) Classifiers in a treestructure;
in a tree-basedobjectrecognition schemeeach leaf correspondsto a singleobjectclass.When
objectsin the subtreeshavesimilar appearance, classifiers can be usedto quickly prune the
search. A binary treeis shownhere, but thebranching factor canbelarger thantwo.

3 Explanation of Featuresand Classifiers

Edges(occludingcontours)andcolour (silhouetteinterior) haveprovedusefulfeatures
for recognizing handsand discriminating betweendifferentposes,e.g. [1,13]. Each



Fig.2. Examplesof Training and TestImages.Top: Firstsix imagesfromleft: training images,
last six: testimages. Bottom: First six imagesfromleft: negativetraining examplescontaining
handin differentpose, last six: negativeexamplescontainingbackground.

featureis treatedindependently, assumingthat in differentsettingsoneof the features
maybesufficientfor recognition.Edgefeaturesareconsideredin thefollowing section.

3.1 EdgeFeatures

Whenusingedgesasfeatures,robustsimilarity functionsneedto beusedwhencom-
paringatemplatewith theimage,i.e.onesthataretolerant to smallshapechanges.One
wayto achievethis is to blur theedgeimageor templatebeforecorrelatingthem.Other
methods, which aretolerant to small shapedeformationsandsomeocclusionarethe
(truncated)chamferandHausdorff distancefunctions [2,10]. Both methods aremade
efficientby theuseof fastoperationslike thedistancetransform or dilationof theedge
image.OlsonandHuttenlocher [14] include edgeorientation in Hausdorff matching.
This is doneby decomposingbothtemplateandedgeimageinto a numberof separate
channels according to edgeorientation.The distanceis computed separatelyfor each
channel, andthesumof theseis thetotal cost.

Both chamfer and Hausdorff matchingcan be viewed as specialcasesof linear
classifiers[5]. Let S bethefeaturemapof animageregion, for example a binary edge
image.ThetemplateT is of thesamesizeandcanbethought of asa prototypeshape.
The problemof recognition is to decidewhetheror not S is an instanceof T . By
writing theentriesof matricesT and S into vectors U and V , respectively, thisproblem
canbewrittenasa linearclassificationproblemwith a discriminantfunction UGWXVY4JZ ,
with constant Z . This generalization alsopermitsnegative coefficients of U , potentially
increasingthe cost of clutteredimageareas,and different weights may be given to
differentpartsof theshape.Felzenszwalb [5] hasshown thata singletemplateT and
a dilatededgemap S is sufficient to detecta varietyof shapesof a walking person. A
classifieris thusdefined by theentriesin thematrix T andin this paperthefollowing
classifiersareevaluated(illustratedin figure3 (a)). For eachtypetwo setsof templates
aregenerated, onewith andonewithout orientation information.For orientededgesthe
anglespaceis subdivided into six discreteintervals, resultingin a templatefor each
orientation channel.

Centre Template: This classifierusesa singleshapetemplateT , generatedusingthe
centreof a region in parameterspace.Two possibilitiesfor the feature matrix S are
compared.Oneis the distancetransformededgeimagein order to compute the trun-
catedchamferdistance[6]. For comparison,theHausdorff fraction is computedusing
thedilatededgeimage[9]. Theparametersfor bothmethodsaresetby testingtheclas-
sificationperformanceona testsetof 5000images.Valuesfor thechamferthreshold[
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Fig.3. Templatesand FeatureMaps usedfor Classification.(a) Templatesusedfor classifying
edge features.From left to right: single template, marginalizedtemplate, binary marginalized
template, templatelearnt fromimage data.(b) Templatesfor classifyingcolour features,analo-
gousto top row. (c) Extractedfeaturesfroman image with simplebackground. Fromleft to right:
input image, edges,distancetransformededge map,dilatededge map,colour likelihoodimage.

from 2 to 120weretested,and [\4^]_I waschosen,but little variation wasobservedfor
valueslarger than20.For thedilationparameter̀ valuesfrom 1 to 11werecompared,
and `a4cb showedthebestperformance.

MarginalizedTemplate: In order to construct a classiferwhich is sensitive to a partic-
ular region in parameterspace,thetemplateT is constructedby denselysamplingthe
valuesin this region, andsimultaneously settingthemodelparametersto thesevalues.
Theresultingmodelprojectionsarethenpixel-wiseadded andsmoothed.Differentver-
sionsof matricesT arecompared:(a) thepixel-wiseaverageof model projections,(b)
thepixel-wiseaverage,additionally settingthebackgroundweightsuniformly to aneg-
ativevaluesuchthatthesumof coefficients is zero,and(c) theunion of all projections,
resultingin abinarytemplate.

Linear ClassifierLearnt from Image Data: The templateT is obtained by learning
a classifierasdescribedby Felzenszwalb [5]. A labelledtrainingsetcontaining1,000
positive examples and4,000 negative examples of which 1,000 containthe handin a
different poseand3,000 imagescontainbackground regions (seefigure 2) is usedto
traina linearclassifierby minimizing theperceptroncostfunction [4].

3.2 Colour Features

Given an input imageregion, definethe feature matrix Sed asthe log-likelihoodmap
of skin colourand Sgf�h asthelog-likelihoodmapof backgroundcolour. Skin colour is
representedasa Gaussianin ikj �,lLm -space,andthebackgrounddistribution is modelled
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Fig.4. Including EdgeOrientation Impr ovesClassificationPerformance.Thisexampleshows
the classificationresultson a testsetusinga marginalized template. (a) histogram of classifier
output using edges without orientation information: hand in correct pose(red/light), hand in
incorrect pose(blue) and background regions (black,dashed line). (b) histogram of classifier
outputusingedgeswith orientationinformation.Theclassesare clearly betterseparated,(c) the
correspondingROCcurve.

asa uniform distribution. A silhouettetemplateT is definedascontaining +1 at loca-
tionswithin thehand silhouetteandzerootherwise.Writing thesematricesasvectors,
a costfunction, whichcorrespondsto thelog-likelihood[18] canbewrittenas:

U W ikV don V�f�h m�pCq W V�f�h � (1)

wheretheentriesin V f�h areconstantwhenusinga uniform backgroundmodel.Thus,
correlating the matrix Sr4sSgd n S fkh with a silhouettetemplateT correspondsto
evaluating the log-likelihoodof an input region up to an additive constant.Note that
whenthedistributionsarefixed, thelog-likelihoodvaluesfor eachcolourvectorcanbe
pre-computedandstoredin a look-up tablebeforehand.Thecorresponding templatesT areshown in figure3 (b).

4 Results

In order to compare theperformanceof differentclassifiers,a labelledsetof handim-
ageswascollected.Positive examplesaredefinedasthehandbeingwithin a region in
parameterspace.For thefollowing experimentsthis region is chosento bearotationof
30 degreesparallelto the imageplane.Negative examples arebackground imagesas
well asimagesof hands in configurations outsideof this parameter region. Theevalu-
ationof classifiersis done in threeindependentexperimentsfor different handposes,
anopenhand,a pointing handanda closedhand. Thetestdatasetseachcontain5000
images,of which 1000are true positive examples.The classifiersaredefinedby the
entriesin thematrix T , described in theprevioussection,andillustratedin figure3 (a)
and(b).



4.1 EdgeTemplates

Thefollowing observationsweremadeconsistentlyin theexperiments:

– In all casestheuseof edgeorientation resultedin betterclassificationperformance.
Including thegradient direction is particularly usefulwhendiscriminating between
positiveexamplesandnegative examplesof handimages.This is illustratedin fig-
ure 4 (a) and(b), which show the classdistributions for non-orientededges and
orientededgesin the caseof marginalized templateswith non-negative weights.
The corresponding ROC curvesareshown in 4 (c), demonstratingthe benefitof
usingoriented edges.This shift in theROC curve is observed in differentamounts
for all classifiersandis shown in figure5 (a)and(b).

– In all experiments the bestclassificationresultswere obtained by the classifier
trainedon real data.The ROC curves for a particular handpose(open handpar-
allel to imageplane)areshown in figure 5. At a detectionrateof 0.99 the false
positive ratewasbelow 0.05in all experiments.

– Marginalizedtemplatesshowedgood results,alsoyielding low falsepositive rates
at highdetectionrates.Templates usingpixel-wiseaveragingandnegativeweights
for background edgeswerefound to perform bestwhencomparing the threever-
sionsof marginalizedtemplates.For this templatethefalsepositive rateswerebe-
low 0.11at a detectionrateof 0.99.

– Using the centretemplatewith chamfer or Hausdorff matchingshowed slightly
lower classificationperformance thantheothermethods,but in all casesthe false
positive ratewas still below 0.21 for detectionratesof 0.99. Chamfermatching
gave betterresultsthanHausdorff matching, ascanbe seenin the ROC curve in
figure 5 (b). It shouldbe notedthat this result is in contrast to the observations
madeby Huttenlocherin [8], for moredetailssee[18].

Theexecution timesfor different choicesof templatesT werecompared in order
to assessthecomputationalefficiency. Computing thescalarproduct of two vectorsof
size 6ut_vxwy6zt{v is relatively expensive.However, thecomputationaltimecanbereduced
by avoiding themultiplicationof zerovaluedentriesin thematrix T . For chamfer and
Hausdorff matching, thetemplateonly contains thepointsof asinglemodel projection.
Thenumberof pointsin themarginalizedtemplatedependson thesizeof theparame-
terspaceregion it represents.In theexperimentsit containedapproximately14timesas
many non-zeropointsasasinglemodel template.Whenusingabinarytemplatethedot
productcomputationsimplifiesto additionsof coefficients.If bothvectorsarein binary
form, afurtherspeed-upcanbeachievedby usingAND operations[18]. Theexecution
timesfor correlating10,000 templatesareshown in table1. Thetime for computing a
distancetransform or dilation, which needsto beonly computed once for eachframe
whenchamfer or Hausdorff matchingis used,is lessthan2 msandis thereforenegligi-
ble whenmatching a large number of templates.There clearlyseemsto bea trade-off
betweencomputationtimeandclassificationperformancefor theclassifiers.Whenused
in acascadedstructure, thedetection rateof aclassifierneedsto bevery high,soasnot
to missany truepositives.ChamferandHausdorff matching,while having alargerfalse
positive rate,areabout10-14timesfasterto evaluatethanmarginalizedtemplatesand
about 40 timesfasterthanthetrainedclassifier.
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Fig.5. ROC CurvesFor Classifiers.Thisfigure showstheROCcurvefor each of theclassifiers.
(a) edge features alone, and (b) orientededges. Note the differencein scaleof the axes.The
classifiertrainedon real image dataperformsbest,themarginalizedtemplatesall showsimilar
results,andchamfermatchingis slightlybetterthanHausdorff matchingin thisexperiment.When
usedwithin a cascade structure, theperformanceat high detectionratesis important.

4.2 SilhouetteTemplates

Thesametestdatasetasfor edgeswasused,andthefollowing observationsweremade:

– For thetestsetcolourinformationhelpsto discriminatebetweenpositiveexamples
of hands andbackground regions. However, thereis significantoverlap between
the positive and negative classexamples which contain a hand. Orientededges
are betterfeatures to discriminatebetweenthe hand in different poses,whereas
colour featuresareslightly betterat discriminatingbetweenthepositive classand
backgroundregions.

– Both,centretemplateandmarginalizedtemplateshow betterclassificationperfor-
mancethanthe trainedclassifier, in particular in the high detection range.At de-
tectionratesof 0.99 thefalsepositiveratefor thecentretemplateis 0.24, wherasit
is 0.64for thetrainedclassifier. However, thetrainedclassifiershowsbetterperfor-
manceat separatingpositive examplesfrom negative example imagescontaining
hands.At a detectionrateof 0.99, the falsepositive rateis 0.41comparedto 0.56
for theothertwo classifiers.

Theevaluationcanbeperformedefficiently by pre-computinga sumtable, S d-| � ,
whichcontains thecumulative sumsof costsalongthe } -direction:

S d-| � ik} �9~�m 4
��
2�� �R�������5� d i���ik: �9~Lm�m n �����5� f�h ik��i�: ��~Lm9m���� (2)



ClassificationMethod Numberof Points ExecutionTime ��� at ������*_� �z�
Chamfer 400 13 ms 0.10
Hausdorff 400 13 ms 0.12
MarginalizedTemplate 5,800 186ms 0.02
Binary MarginalizedTemplate 5,800 136ms 0.02
TrainedClassifierTemplate 16,384 524ms 0.01

Table1. Computation timesfor Corr elating Templates.Theexecutiontimesfor computingthe
dot product of 10,000image patchesof size  #���a�g ���� , where only thenon-zero coefficientsare
correlatedfor efficiency, measured on a 2.4GHzPCwith PentiumIV. Thelastcolumnshowsthe
falsepositiveratesfor each classifierat a fixeddetectionrateof 0.99.

wherein thisequationtheimage� is indexedby its } and ~ -coordinates.� d and� f�h are
theskincolour andbackground colourdistributions,respectively. Thisarrayonly needs
to becomputedonce,andis thenusedto computesumsover areasby adding andsub-
tractingvaluesatpointsonthesilhouettecontour. It is aconvenientwayto convertarea
integrals into contour integrals,andis relatedto thesummedareatablesof Crow [3],
the integral imageof Viola andJones[22] or the integration method basedon Green’s
theoremof JermynandIshikawa [12]. Comparedto integral imagesthesumover non-
rectangularregionscanbecomputedmoreefficiently, andin contrast to thetechniqueof
JermynandIshikawathecontour normalsarenotneeded. In contrastto thesemethods,
however, themodelpointsneedto beconnectedpixels,e.g.obtainedby line-scanning
a silhouetteimage.The computationtime for evaluating 10,000 templatesis reduced
from 524ms to 13 ms for a silhouettetemplateof 400points.As the computationof
the sumtable Syd-| � is only computed once, this is negligible whenmatchinga large
numberof templates.

4.3 Detection Examples

Thetree-baseddetectionmethod wastestedonrealimagedata.Thiscorrespondsto the
initialization stagein the hierarchical filter [18,19]. Figure6 illustratesthe operation
of theclassifiersat different levelsof the tree.In this casetheclassifiersarebasedon
orientededges using the chamfer distanceandskin colour silhouette.The classifiers
at the upper levels correspondto larger regions of parameterspace,andarethusless
discriminative. As the searchproceeds regions areprogressively eliminated, resulting
in only few final matches.Thetreecontains8,748 differenttemplates,correspondingto
apointing hand,restrictedto rigid motionin ahemisphere.Figure7 showsexamplesof
acceptedandrejectedtemplatesat differenttreelevelsfor a differentinput image.

5 Conclusion

In this papertheconceptof a hierarchicalcascadeof classifiersfor locatingarticulated
objectswasintroduced.Theclassifierscanbeobtained from a geometric 3D modelor
from training images.Themotivationof this researchhasbeenongoing work on hand



Fig.6. Hierar chical Detectionof Pointing Hand. Left: Input image, Next: Imageswith classifi-
cation resultssuper-imposed. Each square representsan image locationwhich contains at least
onepositiveclassificationresult.Higher intensityindicateslarger numberof matches.Faceand
secondhandintroduceambiguity. Regionsare progressivelyeliminated,thebestmatch is shown
on theright.

Accepted Rejected
Level 1

9.84 11.08 12.21 12.29 22.90 22.90 22.90 22.90

Level 2

7.36 8.41 9.63 9.69 17.00 17.01 17.02 17.07

Level 3

6.68 6.69 6.85 6.90 12.21 12.24 12.25 13.21

Fig.7. Search Resultsat Differ ent Levels of the Tree.This figure showstypical examplesof
acceptedand rejectedtemplatesat levels1 to 3 of the tree, ranked according to matching cost
shownbelow. Asthesearch is refinedat each level, thedifferencebetweenacceptedandrejected
templatesdecreases.

tracking, in which we seekto combine the meritsof efficient detectionandtracking.
Motivatedby thesuccessof tree-baseddetection,theparameter spaceis discretizedto
generatea treeof templateswhich canbe usedasclassifiers.Even though their per-
formancehasbeenshown to benot asgoodasclassifierslearntfrom imagedata,they
havetheadvantageof beingeasyto generateandbeinglabelledwith aknown 3D pose,
permitting theirusein a model-basedtrackingframework.

Acknowledgments The authors gratefully acknowledge the support of ToshibaRe-
search.Thiswork hasalsobeensupportedin partby EPSRC,theGottliebDaimler–and
Karl Benz–Foundation, theGatesCambridge Trust,andtheORSProgramme.

References

1. V. AthitsosandS.Sclaroff. Estimating3D handposefrom aclutteredimage.In Proc.Conf.
ComputerVision andPatternRecognition, volumeII, pages432–439, Madison, USA, June
2003.

2. H. G. Barrow, J. M. Tenenbaum,R. C. Bolles,andH. C. Wolf. Parametriccorrespondence
andchamfermatching:Two new techniquesfor imagematching.In Proc.5thInt. Joint Conf.
Artificial Intelligence, pages659–663, 1977.



3. F. C. Crow. Summed-areatablesfor texturemapping. In siggraph, volume18, pages207–
212,July 1984.

4. R. O. Duda,P. E. Hart, andD. G. Stork. PatternClassification. JohnWiley & Sons,New
York, ���"� edition,2001.

5. P. F. Felzenszwalb. Learningmodelsfor objectrecognition.In Proc.Conf. ComputerVision
andPatternRecognition, volumeI, pages56–62,Kauai,USA,December2001.

6. D. M. Gavrila. Pedestriandetectionfrom a moving vehicle. In Proc.6th EuropeanConf. on
ComputerVision, volumeII, pages37–49,Dublin, Ireland,June/July2000.

7. N. J. Gordon,D. J. Salmond,andA. F. M. Smith. Novel approach to non-linearandnon-
gaussianbayesianstateestimation.IEE Proceedings-F, 140:107–113, 1993.

8. D. P. Huttenlocher. Montecarlocomparisonof distancetransformbasedmatchingmeasure.
In ARPAImageUnderstandingWorkshop, pages1179–1183,New Orleans,USA,May 1997.

9. D. P. Huttenlocher, G. A. Klanderman,andW. J. Rucklidge. Comparingimagesusingthe
hausdorff distance.IEEETrans.PatternAnalysisandMachineIntell., 15(9):850–863,1993.

10. D. P. Huttenlocher, J. J. Noh, andW. J. Rucklidge. Trackingnon-rigid objectsin complex
scenes.In Proc.4th Int. Conf. on ComputerVision, pages93–101,Berlin, May 1993.

11. M. IsardandA. Blake. Visual trackingby stochasticpropagationof conditional density. In
Proc.4thEuropeanConf. onComputerVision, pages343–356,Cambridge,UK, April 1996.

12. I. H. JermynandH. Ishikawa. Globally optimal regionsandboundaries. In Proc. 7th Int.
Conf. on ComputerVision, volumeI, pages20–27,Corfu,Greece,September1999.

13. J.MacCormickandM. Isard.Partitionedsampling,articulatedobjects,andinterface-quality
handtracking. In Proc. 6th EuropeanConf. on ComputerVision, volume2, pages3–19,
Dublin, Ireland,June2000.

14. C. F. OlsonandD. P. Huttenlocher. Automatictargetrecognitionby matchingorientededge
pixels. Transactionson Image Processing, 6(1):103–113,January1997.
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