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Abstract

Sletch-basednodelingshaesmanyof thedif culties of thebrand of computewisionthatdealswith singleimage
interpretation.Mostobviouslythey mustbothidentifythepartsobservedn a given2D drawingor image. We draw
on constellatiormodelsr stproposedn the computevisionliterature to developprobabilisticmodelsfor object
sketches,basedon multiple exampledrawings.Thesemodelsare thenappliedto estimatethe most-lilely labels
for a new sketch. A multi-passbrandh-and-boundalgorithm allows well-formedsketchesto be quickly labelled,
while still supportingtherecanition of more ambiguousketdes.Resultsare presentedor ve classe®of objects.

1. Intr oduction

A large-clas®f sketch-basedhodelingsystemsspeci cally

those involving drawings of objects, diagrams,or maps,
mustsolve a recognitionproblem.What did the userdraw

and what doeseachstroke correspondo? In mary cases,
this is solved with the help of domainknowledge,suchas
knowing thata sailboathasa mastanda hull. This recogni-
tion problemhasa strongparallelwith the goalsof single-
imageinterpretationin computervision, an areawhich has
seersigni cant progressover the pastfew years.

We apply a constellationor “pictorial structure'modelto
the recognitionof strokesin sketchesof particularclasses
of objects.The modelis designedto capturethe structure
of a particularclassof object and is basedon local fea-
tures, suchas the shapeor size of a stroke, and pairwise
featuressuchasdistancego otherknown parts.We learn
a probabilistic model from example sketcheswith known
stroke labelings. The recognition algorithm determinesa
maximume-likelihood labeling for an unlabelledsketch by
searchingthroughthe spaceof possiblelabel assignments
using a multi-passbranchand boundalgorithm. Our tech-
nigue supportse xible objectstructureby allowing for op-
tional parts.By applyingarecognitionthresholdextraneous
strokescanalsobereadilyidenti ed.

Figure 8 shavs an exampleresultfor the recognitionof
partsin facesketchesA subsebf thetrainingexamplesare
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shawvn, along with a setof successfullylabeledfree-form
sketchesandtrace-wer sketchesA speci ¢ contritution of
our methodis to copewith objectsthatexhibit considerable
variability in the way they aredrawvn andthatallow a vari-
ablenumberof partinstantiations.

The outputof our algorithmis a setof labelsassignedo
the strokes. This canthenbe utilized by a variety of appli-
cations.Labelledstrokes canbe usedto constructparame-
terized3D modelsasin [YSvdP03. Furthermorethey can
help to instancemodelsin a 2D or 3D scenepor sene asa
partialinterpretatiorof a larger sketcheddiagram.Sketches
can also be usedto retrieve imagesor 3D modelsfrom a
databas@ndcan,in general provide anintuitive alternatve
interfaceto modelswith complex internalparameterizations
suchasfaceqfad.

Our systemmakes two particularly strongassumptions.
First, it assumeghat similar partsare dravn with similar
strokes. For example,a o werpotthatis dravn with four
separatastrokesinsteadof onestrolke is not easilymodelled
aspartof the sameobjectclass.Secondpbjectpartswhich
are deemedmandatoryin a sketch must have exactly one
instancein the sketch.Optionalpartsmay have multiple in-
stancesn agivensketch.

Theremainderof the paperis organizedasfollows. Sec-
tion 2 givesanoverview of relatedwork. Section3 describes
the details of the probabilistic constellationmodel. Sec-
tion 4 thendescribesur algorithmsfor nding maximum-
likelihoodinterpretation®f imageausingthemodel.Results
arepresentednddiscussedn Section5, including various
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Figure 1: (a) Face sketch training examples.The manda-
tory labels are head,left-eye, right-eye, mouth, nose the
optional labels are left-pupil, right-pupil, left-ear right-
ear left-eyebraw, right-eyebraw, left-eyelash right-eyelash,
moustachepeard.(b) Face sketchesrecognizedusing our
system.

modesof useandexamplesof failurecasesLastly, Section6
providesconclusionsandfuturework.

2. RelatedWork

In this papemwe addresshe problemof understandingom-
pleted sketcheswith a known stroke structureand an un-

known stroke ordering.Stroke informationis assumedo be
collectedat the time of drawing creationor it canbe ex-

tractedusingimageanalysisof a rasterdraving usingmor

phologymethodgerosion/dilationandsmoothcontinuation
methods.

Recognizinginglestrokesin isolationis perhapghesim-

plestversionof sketchunderstandingndcanbeusedto sup-
portinterfacesthatusepengestureascommandgRub91.
Recognizingmulti-stroke visual structureis signi cantly
morecomple, giventhattheinterpretatiorof strokesis de-
pendanbnits local context. Many algorithmsusesometype
of “parsetree’ to searchthroughthe spaceof possiblestroke
labelingsin orderto nd themostconsisteninterpretatiorof
agivensetof strokes.For applicationghatinvolve diagram
interpretationthe searchis often anchoredby rst nding
well-de ned symbols,suchasdravn charactersor electri-
cal componensymbols[KS04. The searchis thenfurther
constrainedyy exploiting the known structureof the given
applicationdomainor objectclasses.

Matching can be treatedas a graphisomorphismprob-
lem [MFO02], whereit is appliedto therecognitionof human
stick gures usingaknown modelof connectvity. Thework
of [YSvdP0§ appliesa e xible form of hierarchicalgraph
matching.For example,it rst looks for the bestsubgraph
representin@ cup body beforethenproceedingo look for
optionalpartssuchascuphandlesCurve shapeeaturevec-
torsareusedto quantifythebestmatchandstochastisearch
is usedto explore the spaceof possiblematchesBoth of
thesegraph-basednodelsrely heaily on connecwity be-
tweenparts. They are thus weak at recognizingdrawings
with disjoint parts,suchasa noseor anairplanewindow.

A probabilisticapproactto sketchstrolke interpretatioris
proposedn [ADO4]. This usesdomain-speci clibraries of
‘Bayesiametwork fragments'that describeshapesanddo-
mainpatternsSeveralmechanismso controlthe sizeof the
spaceof hypothesesre presentedandthe techniqueis ap-
pliedto thedomainof electricalcircuit diagramrecognition.
[QSMO0Y proposeghe useof conditionalrandom elds for
labelingbox-and-linediagramdor particularlydif cult am-
biguousexampleswhere constraintsmust propagte in or-
derto nd themost-likely interpretationPerceptually-based
shapedescriptionsareusedto helpinfer thetherecognition
of imagestructurein [SMF 02]. Ourwork looksatrecogni-
tion problemsthatdo notrequireconnectity betweerparts
and considersobjectsketchesthat can exhibit considerable
variability.

Image-basedechniquescan also be usedto help iden-
tify sketchesor partsof sketches.Shapecontets [BM02]
canbe usedto matchsketchimagesto a x ed setof pro-
totypetemplateimages.Image-basedlassi ersareapplied
in [SV04 in orderto determinelikely interpretationsfor
subset®f strokes.An A* searchproceduras usedto search
amongthespaceof possiblesubsebdf strokesin orderto nd
a maximume-likelihoodinterpretationfor the image.This is
appliedto a graphicsymbolsetof 13 symbols.

Constellationmodels,also known as pictorial structure
models,arecomposedf a setof local parts,eachof which
hasanappearancmodel,andageometrymodelthatde nes
preferredrelative locationsor distancef the parts[FE73.
They are well suitedto applicationssuch as face recog-
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nition, where featuressuch as the nose, eyes, and mouth
have particularlocal featuresand also have relatively well-

de ned distancego eachother The modelis further devel-

opedin [FHOY, whereit is appliedto identify both faces
andbody con gurationsfrom images.The modelcontinues
to beextendedwith anemphasi®nlearningpictorial struc-
ture modelsautomaticallyfrom exampleimagesof object
classesMore generallythis canbeviewedasanexampleof

statisticalrelationallearning

An agent-basedpproachis presentedn [MAO03], al-
thoughthis relieson a prede nedgrammarfor the descrip-
tion of the componentsThe work of [KLPO5] is similar to
oursin thatit usesa constellation-typenodelanda proba-
bilistic framevork. Ourwork differsin anumberof respects,
including applicationto a different domain, using differ-
entandlargerindividual andpairwisefeaturesets,support-
ing e xible objectclasseswith optionalparts,anda staged
searclstrateyy.

Our approacHor sketchrecognitionis uniquely charac-
terizedby: (a) supportfor modelde nitions deriveddirectly
from a setof drawn training examples;(b) a probabilistic
framawork; (c) supportfor optional parts; (d) a constella-
tion modelwith featurespeci cally suitedfor sketchrecog-
nition; and (e) an ef cient multi-stagesearchstrategy. We
demonstrateurapproacton veclasse®f objectsandmul-
tiple modesof use(drawing andtracing).

3. The Constellation Model

We representinobjectusinga constellatiormodel,consist-
ing of featuresof individual objectparts,aswell asfeatures
of pairsof parts.Individualfeaturesaptureshapeandglobal

positionsof parts,whereapairwisefeaturessummarizeel-

ative positionsof parts.An exampleconstellatiormodelof

afaceobjectis shovn in Figure2.

We de ne afour-elemenfeaturevectorfor individual ob-
jectparts:F = [xy d b] where(x;y) arethelocationof the
centerof theaxis-alignedounding-boXAABB) of astrole,
asmeasuredh imagecoordinatesiormalizedo x;y 2 [0; 1];
d is the normalized-coordinateength of the AABB diago-
nal; andb = cogqf), with f beingthe angleof the AABB
diagonalwith respecto the x-axis.

Similarly, we choosea four-elementfeature vector for
part pairs de ned by Gyp = [DXap Dyap Dap Dpal, Where
Dx= Xa Xp,andDy=Yya VYpde netherelativepositionsof
the AABB centersof strokesa andb in normalizedcoordi-
natesPgp, is theminimumdistancebetweertheendpointf
stroke a andary pointon stroke b, andDy; is the minimum
distancebetweerthe endpointf stroke b andary pointon
strole a. In generalG,p 6 Gy,

Full constellatiormodelsdo not scalewell with the num-
ber of parts,n, sincethey resultin O(n2) pairwisefeatures.
We chooseto alleviate this by characterizingeachlabel as
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Figure 2: Exampleconstellatiormodelfor a sketchedface

showingthe pairwiseinteractions.In this example the left-
eye right-eye mouth,andnoseare mandatoryandthushave
completepairwise interactions. The left-ear and right-ear
are optional and thus have pairwise interactions with all

mandatorypartsbut notwith eat other

mandatoryor optional.Individual featuresarecomputedor
both mandatoryand optional parts.However, pairwisefea-
turesare only computedif oneor both of the labelsin the
pair corresponds amandatorypart. We notethatit maybe
possibleto further reducethe numberof pairwisefeatures
by searchingor subsetghatyield goodrecognitionperfor
mance[CFHOS.

The sketchrecognitionprocesshastwo phasesthe rst
whichsearchethespaceof possiblanandatoryabelassign-
mentsandthe secondvhich searche$or optionallabelsfor
theremainingunlabelledstrokes.In this way the mandatory
labelsprovide contectual locationinformationnecessarjor
assigningappropriatdabelsto the potentiallylarge number
of optional parts.We describethe searchalgorithmin the
following section.

3.1. Learning the Model

An objectclassmodelis representedsinga probability dis-
tribution over featuresin objectconstellationmodels.This
functionis learnedfrom a setof examplelabelledsketches.
A straightforvardchoiceof objectclassmodelis to usemul-
tivariate Gaussiardistributions. However, in orderto sup-
port recognitionfrom a small numberof training examples,
we opt for a diagonalcovariancematrix. Thuswe indepen-
dentlycomputethe meanandcovarianceof eachelementof
thefeaturevectorsF andG for the setof labelledsketches
thatsene astraining data.More explicitly, the probabilistic
modelfor the fth elementin the featurevectorof a label”
is givenby qf andconsistof themeanvaluefor thefeature

elementuf, aswell asthestandardieviation,s . Similarly,
a pairfeaturemodel,qu ,isgivenby < ufj ; S«fj >,
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3.2. Labeling Lik elihood

The quality of a particular matching betweenlabels and

strokesis scoredusing a costfunction. In early constella-
tion models,the matchquality is de ned in termsof anen-

ey thatis afunctionof boththeindividual featurematches
and the pairwise feature match. As in other recentwork

[CFHOY, we castthe problemin a probabilisticframenork

andsearchfor themostlik ely interpretationThe probability

of agivenlabelingL is givenby theproductof theindividual

stroke labelinglik elihoods furthermultiplied by the product
of all labelledstrolke pair likelihoods.This canbe expressed
as:

, N Y ¢ BN N

P(Lia) = O O P(Fija)™ O O P(Gkig-p)™ (1)
i=1°=1 j=1k=1

In the abose expression,the interior of the rst term,

P(Fijq~)d“ , representshe probability of stroke i having la-

bel™. Thisis computedor all strokes,asgivenby theoutside

product.The inside productis a notationalconveniencefor
expressinghe stroke-labelassignment.

The interior of the seconderm, P(Gjq: j)dki , represents
the probability of stroke i in relationto all the mandatory
parts,as measuredy the pairwisefeaturevectors.Thusif
a stroke is labelledasright earbut it is locatedbelown the
mouth,thenit is this termthatwill give thatlabelinga low
likelihood. Pairwise relationsare computedwith respecto
all mandatoryparts,as given by the outsideproduct. The
insideproductis a notationalcorvenienceor expressinghe
stroke-labelassignmentor the mandatorystrokes.

Theassignmenof strokesto labelsis modelledasalabel-
assignmenmatrixd, with d;- = 1if strokei is assignedabel
*,andd; = 0 otherwise Theexponentiatiorusingthed val-
uesis a notationalcorveniencefor compactlyrepresenting
stroke-labelassignmentsAll termshaving an exponentof
d = 0 evaluateto 1 andthuseffectively dropout of thelik e-
lihood computation.The label-assignmenitnatrix hasim-
poseduponit theappropriateestrictionthateachstroke can
beassignedanly onelabel,andthatmandatoryabelsshould
mapto auniquestroke. N is the numberof strokes,M is the
numberof labels,andm is the numberof mandatorylabels.
P(Fijg-) modelsthe likelihood of stroke i having label ".
Similarly, P(Gkjar j) modelsthelik elihoodof thestroke pair
(i;k) having thelabeling("; j). Theabore omitsthe normal-
izing constantP(q), which doesnot affect the ML solution.
We assumea uniform prior onthelik elihoodof partsappear
ing in asketch.

4, Maximum Lik elihood Search

A maximum likelihood (ML) searchprocedure nds the
mostplausiblelabellingfor all strokesthatappeaiin theim-
age.For a simpleapplicationof a constellationmodelhav-
ing n strokes and m independenbbject part labels, there

arem” possibleassignmentshat could in principle be ex-
plored,andeachassignmenton guration requiresevaluat-
ing O(n2) pairwiseinteractionsFurthercomplicationsarise
becausesome strokes may not have plausiblelabels, and
someobjectparts(i.e., labels)may not be foundin a given
sketch, or may have multiple instanceslin orderto allow
for thesecomplications,andto alleviate the computational
costassociatedavith the exponentialnumberof matchesthe
searchover possiblelabelassignmenthastwo phases.

The rst searchphasenvolveslabelling strokesthat cor
respondonly to the mandatoryobject partsand then com-
miting to thoselabels. This is followed by a linear search
throughthe optionallabelsfor therecognitionof theremain-
ing unlabelledstrokes.Both searchphasesisethe sameob-
jective function, namelythe likelihood as describedn the
previoussection.

The searchover possiblelabelassignmentss carriedout
using a branch-and-boundearchtree. Each node in the
searchreerepresenta partiallabelingof thesketch.A node
atdepthi in thetreehasfound correspondingtrokesfor la-
bels1 throughi. Eachnodein thetreehasacurrentassigned
likelihoodwhich is determinedrom the productof individ-
ual stroke-labellik elihoodsfor thei assignedabels,aswell
asall thepairwiseinteractionlik elihoodsamongall labelled
parts.

To adwancethe searcha nodeis extendedby evaluating
all possibleassignment®f mandatorylabeli + 1 to unla-
belled strokes. During the searchthe algorithmtracksthe
costof thebest(mostlik ely) known completeassignmenof
mandatorylabels.The costis usedto boundbranche®f the
searchEachcompletedsearchbranchcanpotentiallyresult
in abetterboundto restricttheremainingsearch.

Branchesof the searchtree canonly be boundedoncea
completeassignmenbf mandatorylabelsis found. If the
numberof strolkesor mandatorylabelsis high, nding com-
pleteassignmentss prohibitively slow. We employ two ap-
proachedo further constrainthe search:multipassthresh-
olding andhardconstraints.

With multipassthresholdingwe boundbranchesof the
searchbeforeencountering full labelling. If anodes like-
lihood, as computedby its currentpartial set of label as-
signmentsis lower thana speci edthresholda, thatsearch
branchs terminatedWe usemultiple passesheginningwith
an optimistic threshold.Thatis, at rst, we assumeall fea-
turelikelihoodsin amatchwill bevery high. This canresult
in anoverly restrictve searchthatmay leadto no complete
labelingsbeingfound. However, thisis quick to computein
comparisorto a full search,or a searchwith a more pes-
simisticbound.

Uponfailureto nd a successfutompletelabel assign-
ment,eachsuccessie passof the branch-and-boundearch
usesaprogressiely morepessimisti@assumptioruntil com-
pletesolutionsarefound.The rst completesolutionsfound
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arethenusedasagoodboundfor a nal searctpassvherein
the thresholdcan be as pessimisticas is desired.We be-

gin with a thresholdcorrespondindo P(u+ 1:3s) for each
featureelementikelihood,andon eachsuccessie passwe

scalethis by 2=3. Multi-passthresholdingnakesthe search
feasiblefor alarge numberof strokesandmandatorylabels
and alsoresultsin fastlabeling for "good' sketcheswhile

supportingmore extensive searcheshroughthe hypothesis
spaceor assigningabelsto moreambiguoussketches.

In lieu of a thresholdbasedon the lik elihood-to-datdor
the partialassignmentsanalternatve thatwe have foundto
beequallysuccessfuis to thresholdbasednindividual part
andpairlikelihoods Thus,abranchis terminatedvhenit in-
volvesary individual likelihoodthatfalls below athreshold
b. For the examplesshavn in the paper this is the type of
multi-passthresholdinghatwe apply.

Hard constraintscan be seenasa varianton the type of
thresholdingust describedFor a particularobjectclass,it
may bethe casethatonefeaturelabel shouldalwayssatisfy
aparticularrelationwith respecto anotherFor example the
nosecouldberequiredto alwaysbelocatedabose themouth
in afacesketch.For ourimplementationywe infer above, be-
low, left, andright relationshipsrom the examplesketches
wherever they canbe found. Thus,if the noseAABB cen-
ter appearsabove the mouthAABB centerin all the exam-
ple sketchesthis will be addedasa hardconstraintAn ob-
jectclassmay have mary suchconstraintdetweerlabelled
parts.

5. Resultsand Discussion

We have testedthe methodon the 5 classe®f objectslisted

in Table 1. Thesehave 7-15 labels and have beentested
on drawings having 3-200strokes. We useon the order of

20-60training examplesfor eachclass.Figures8, 3, 4, 5,

and 6 show training sketchesand successfutest sketches.
Therecognitiontimeis typically 0.01-2.5dor theshown ex-

ampleswith mostof this time beingspenton initialization.

Duringinitialization, afeaturevectorF is pre-computedor

all strokesandanotheifeaturevectorG for all stroke pairsof

the input sketch. As an example, considerthe bottom left

face sketch in Figure 8, which contains171 strokes. The
recognitiontakes a total of 1.97 secondswith 80% of the

computatiortime spenton initialization, 18% on searching
for mandatorylabels,and 2% on nding labelsfor the op-

tional parts. Spuriousstrokes can be rejectedby placinga

thresholdonthe t of optionalstroke labels.

The hard constraintsdiscussedn Section4 may signif-
icantly reducerecognitiontimes. However, when they are
automaticallyinferred from training data, the systemmay
falselyregisterthe existenceof a hardconstraint For exam-
ple,few trainingsketchesnayresultin thesystentfalselybe-
lieving thattheleft eyeis alwaysbelav aright eyelash How-
ever, sucha situationcould easily occurin a cartoon-style
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facesketchor a somevhat asymetricsketch. This could be
viewedasanindicationthatmoretrainingdatais required.

Figure 7 shaws a set of failure examples,meaningthat
one or more strokes are mislabeled.Recognitioncan go
wrongin severalways: (1) inability to nd suitablemanda-
tory strokesbecausef the hardconstraints(2) mislabeling
of amandatorystroke, leadingto havoc with the remaining
strokes; (3) mislabelingof optionalstrokes.In practice,er
rors of type (1) arerareandimply a lack of training data.
Errorsof type (2) canoccurif unusuaktrokesoccurthataf-
fecttheoverall boundingbox andthereforeresultin atypical
normalizedcoordinatesThis might occurfor addingoverly
long or bushy hairin facesketchespr certainatypicalstems
in o wer sketches Errors of type (3) mostcommonlyoc-
cur whenthereare few mandatorystrokes, suchasfor the
sailboatsor o wers.Themodeldoesnot currentlygive ary
consideratiotto relationshipbetweeroptionalparts.Lastly,
othermislabelingscanbe attributedto impoverishedproba-
bility distribution modelsandinadequatdeaturevectors.

mandatory| optional
class labels labels
faces 5 10
owers 2 5
sailboats 3 5
airplanes 3 4
characters, 7 8

Table 1: Objectclasses.

In orderto evaluatethe utility of the multipassthresh-
olding technique we testthe recognitionof sketcheswith
andwithout thresholding Table 2 shaws the resultsof this
experiment.In all casesthe multipassthresholdingresults
in signi cantly lower computationtimes. Most notableis a
103-strolefacesketchwhichtookonly 1.242secondso rec-
ognizewith thresholdingyet withoutthresholdingfailedto

nd alabelingwithin 9 hours.

num with without
class strokes | multipasg(s) | multipass(s)
face 103 1.242 > 9 hours
ower 54 0.46 0.98
sailboat 8 0.02 0.03
airplane 21 0.08 0.1
character 18 0.12 126.69

Table 2: Computatiortimesfor recanition algorithm with
andwithoutthe multi-passtechnique

Our systemassumesa uniform prior for theapriori lik eli-
hoodof optionalparts.This decisionstemsin partfrom our
expectatiorthata smallnumberof trainingsketcheswill not
necessarilyre ect the probability of partsappearingn fu-
ture sketchesThus, the identity of partsdependssolely on
theirshapeand t asmodeledby the constellatiormodel.
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Figure 3: (a) Flower sketdh training examplesThemanda-
tory labels are pot, stem, stigma the optional labels are
sacuerpetal,leaf,andsepal (b) Flower sketchesrecaynized
usingour system.

We de ne the recognitionof a sketchto be the labeling
of theindividual partsof a sketchthatis of a known object
class.If the classof the input sketchis unknavn, the max-
imum likelihood t could be determinedfor eachof a list
of objectclassesn orderto provide informationaboutthe
objectclass.The ML log-likelihoodsthat comefrom each
classare not directly comparablehowever, becausebject
classedliffer in their numberof mandatoryparts. Manda-
tory partshave fully-connectedpairwiselik elihoodswhile
optionalpartsonly have pairwiselik elihoodsin relationwith
mandatoryparts.An appropriatenormalizationcanbe con-
structedo dealwith this, althoughwe have yetto investicate
this. We believe that there are likely betterdiscriminative
object-classi cationmethodsthat do not rely on complete
partlabeling.

It may be possibleto furtherimprove on the meansearch
time for the branch-and-boundlgorithmby usingvariants
of the A* algorithm. This involvesexpandingnon-terminal
nodesin the searchin anordersortedby their cost-to-date.
However, muchof the leverageof A* comesfrom the abil-
ity to generate suitablealways-optimisticcost-to-gofunc-
tion. Unfortunatelythis provideslittle leveragegiventhatit
is possiblethatthe remainingunlabelledstrokes could per
fectly matchthe meanfeatures.

6. Conclusions

We have presentec systemthatadaptsonstellationor pic-
torial structure modelsfrom the computervision literature

Figure4: (a) Sailboatsketch training examplesThemanda-
tory labelsare hull, main-sail,mast the optionallabelsare
jib, boom, keel, rudder tiller.(b) Sailboat sketchesrecay-
nizedusingour system.

for e xible sketchrecognition.Adaptationsncludesupport
for optionalparts,the useof an ef cient multi-passbranch
andboundsearchfor exploring the spaceof possibleinter
pretations,andthe constructionof individual and pairwise
featuressuitablefor sketchrecognition.

Thereremainanumberof opendirectionsfor futurework.
The mostsigni cant limitation of the currentsystemis the
requirementto have one label per stroke. Thus, an eye or
planewing alwaysneedgo be draving with a singlestroke
in our systemTheideaspresented [MAO3] couldbeused
to dynamicallyinstantiate part hypotheses'which provide
a path for top-davn knowledgeto help assemblemultiple
local strokesinto a single primitive. Local stroke proximity
information[SV04] mayalsobeusefulin determinindikely
groupingsof strokesthatrepresena singlepart. It mayalso
bepossibleto encodehe mostcommonstroke patternaused
to construci partinto multiple parttemplateghatareall as-
sociatedwvith thesaméabel.Lastly, a gestalt-basetiottom-
upgroupingprocessnayprovideasigni cant speedupvhen
assigningdenticallabelsto large groupsof strokes.

The currentrecognitionprocesss largely top-davn: the

¢ TheEurographic#ssociation2006.
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Figure 5: Character sketch training examples Themanda-
tory labels are head, torso, thigh, shin, foot, upperarm,
lower-arm theoptionallabelsare hat,neck,handnose gye,
pupil, mouth, ear. (b) Character sketchesrecanizedusing
our system.

diagramis searchedor mandatorylabelsin a x edorderin

orderto constructthe searchtree. This ignoresbottom-up
informationthat could be usedto reorderthe searchto be-
gin with the strokeswhich have lik ely bindingsto particular
labels therebystronglyconstraininghe searchearly on.

In the currentsystemwe have only experimentedwith
a limited numberof individual and pairwisefeatures.lt is
likely that featuresotherthanthosewe have proposedwill
be usefulin producinga morerobustsystem.Givena large
setof possiblefeaturesandappropriatalatasetst shouldbe
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Figure 6: (a) Airplane sketch examplesThemandatoryla-

belsare fuselagejeft-wing, right-wing; the optionallabels
are left-stabilizer right-stabilizer left-engine,right-engine,
propellor window, tail- n . (b) Airplane sketchesrecaynized
usingour system.
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Figure 7: Failure modesof our systemMislabellingcanbe
causedby lack of training sketchesandinadequatdeatures.

possibleto runanofine processhatdetermineshek most
informative featureqindividual and pairwise).How to best
representhe probability distributionsfor a given setof fea-
turesis a further openproblem.Our modelof independent,
normally-distritutedfeaturedss well suitedfor systemsely-
ing on only a smallsetof examplelabelledsketches How-
ever, multi-variate Gaussianrmodelsor mixtures of Gaus-
siansmay provide betterresultsfor larger datasets,at the
expenseof requiringa largernumberof labelledexamples.
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Figure 8: Color plate (a) Training examples(b) Successfully-labellegstexamples.
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