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Abstract

Sketch-basedmodelingsharesmanyof thedif�culties of thebranch of computervisionthatdealswith singleimage
interpretation.Mostobviously, they mustbothidentifythepartsobservedin a given2D drawingor image. Wedraw
on constellationmodels�r st proposedin thecomputervisionliterature to developprobabilisticmodelsfor object
sketches,basedon multipleexampledrawings.Thesemodelsare thenappliedto estimatethemost-likely labels
for a new sketch. A multi-passbranch-and-boundalgorithmallows well-formedsketchesto be quickly labelled,
whilestill supportingtherecognitionof moreambiguoussketches.Resultsarepresentedfor �ve classesof objects.

1. Intr oduction

A large-classof sketch-basedmodelingsystems,speci�cally
those involving drawings of objects,diagrams,or maps,
mustsolve a recognitionproblem.What did the userdraw
and what doeseachstroke correspondto? In many 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
seensigni�cant progressover thepastfew years.

We applya constellationor `pictorial structure'modelto
the recognitionof strokes in sketchesof particularclasses
of objects.The model is designedto capturethe structure
of a particular classof object and is basedon local fea-
tures,suchas the shapeor size of a stroke, and pairwise
features,suchasdistancesto otherknown parts.We learn
a probabilisticmodel from examplesketcheswith known
stroke labelings.The recognitionalgorithm determinesa
maximum-likelihood labeling for an unlabelledsketch by
searchingthroughthe spaceof possiblelabel assignments
usinga multi-passbranchandboundalgorithm.Our tech-
niquesupports�e xible objectstructureby allowing for op-
tionalparts.By applyingarecognitionthreshold,extraneous
strokescanalsobereadilyidenti�ed.

Figure8 shows an exampleresult for the recognitionof
partsin facesketches.A subsetof thetrainingexamplesare
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shown, along with a set of successfullylabeledfree-form
sketchesandtrace-over sketches.A speci�c contribution of
our methodis to copewith objectsthatexhibit considerable
variability in the way they aredrawn andthat allow a vari-
ablenumberof partinstantiations.

Theoutputof our algorithmis a setof labelsassignedto
the strokes.This canthenbe utilized by a variety of appli-
cations.Labelledstrokescanbe usedto constructparame-
terized3D modelsasin [YSvdP05]. Furthermore,they can
help to instancemodelsin a 2D or 3D scene,or serve asa
partial interpretationof a largersketcheddiagram.Sketches
can also be usedto retrieve imagesor 3D modelsfrom a
databaseandcan,in general,provide anintuitive alternative
interfaceto modelswith complex internalparameterizations
suchasfaces[fac].

Our systemmakes two particularly strongassumptions.
First, it assumesthat similar partsare drawn with similar
strokes. For example,a �o werpot that is drawn with four
separatestrokesinsteadof onestroke is not easilymodelled
aspartof thesameobjectclass.Second,objectpartswhich
are deemedmandatoryin a sketch must have exactly one
instancein thesketch.Optionalpartsmayhave multiple in-
stancesin agivensketch.

Theremainderof thepaperis organizedasfollows. Sec-
tion 2 givesanoverview of relatedwork.Section3 describes
the details of the probabilistic constellationmodel. Sec-
tion 4 thendescribesour algorithmsfor �nding maximum-
likelihoodinterpretationsof imagesusingthemodel.Results
arepresentedanddiscussedin Section5, includingvarious
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(a)

(b)

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-eyebrow, right-eyebrow, left-eyelash,right-eyelash,
moustache,beard.(b) Facesketchesrecognizedusing our
system..

modesof useandexamplesof failurecases.Lastly, Section6
providesconclusionsandfuturework.

2. RelatedWork

In thispaperweaddresstheproblemof understandingcom-
pletedsketcheswith a known stroke structureand an un-
known stroke ordering.Stroke informationis assumedto be
collectedat the time of drawing creationor it can be ex-
tractedusingimageanalysisof a rasterdrawing usingmor-
phologymethods(erosion/dilation)andsmoothcontinuation
methods.

Recognizingsinglestrokesin isolationis perhapsthesim-

plestversionof sketchunderstandingandcanbeusedto sup-
port interfacesthatusepengesturesascommands[Rub91].
Recognizingmulti-stroke visual structure is signi�cantly
morecomplex, giventhattheinterpretationof strokesis de-
pendantonits localcontext. Many algorithmsusesometype
of `parsetree' to searchthroughthespaceof possiblestroke
labelingsin orderto �nd themostconsistentinterpretationof
a givensetof strokes.For applicationsthat involve diagram
interpretation,the searchis often anchoredby �rst �nding
well-de�ned symbols,suchas drawn charactersor electri-
cal componentsymbols[KS04]. The searchis thenfurther
constrainedby exploiting the known structureof the given
applicationdomainor objectclasses.

Matching can be treatedas a graphisomorphismprob-
lem[MF02], whereit is appliedto therecognitionof human
stick �gures usingaknown modelof connectivity. Thework
of [YSvdP05] appliesa �e xible form of hierarchicalgraph
matching.For example,it �rst looks for the bestsubgraph
representinga cupbodybeforethenproceedingto look for
optionalpartssuchascuphandles.Curveshapefeaturevec-
torsareusedto quantifythebestmatchandstochasticsearch
is usedto explore the spaceof possiblematches.Both of
thesegraph-basedmodelsrely heavily on connectivity be-
tweenparts.They are thus weak at recognizingdrawings
with disjointparts,suchasanoseor anairplanewindow.

A probabilisticapproachto sketchstroke interpretationis
proposedin [AD04]. This usesdomain-speci�clibrariesof
`Bayesiannetwork fragments'thatdescribeshapesanddo-
mainpatterns.Severalmechanismsto controlthesizeof the
spaceof hypothesesarepresented,andthe techniqueis ap-
plied to thedomainof electricalcircuit diagramrecognition.
[QSM05] proposestheuseof conditionalrandom�elds for
labelingbox-and-linediagramsfor particularlydif�cult am-
biguousexampleswhereconstraintsmustpropagate in or-
derto �nd themost-likely interpretation.Perceptually-based
shapedescriptionsareusedto helpinfer thetherecognition
of imagestructurein [SMF� 02]. Ourwork looksat recogni-
tion problemsthatdonot requireconnectivity betweenparts
andconsidersobjectsketchesthat canexhibit considerable
variability.

Image-basedtechniquescan also be usedto help iden-
tify sketchesor partsof sketches.Shapecontexts [BM02]
can be usedto matchsketch imagesto a �x ed set of pro-
totypetemplateimages.Image-basedclassi�ersareapplied
in [SV04] in order to determinelikely interpretationsfor
subsetsof strokes.An A* searchprocedureis usedto search
amongthespaceof possiblesubsetof strokesin orderto �nd
a maximum-likelihoodinterpretationfor the image.This is
appliedto agraphicsymbolsetof 13symbols.

Constellationmodels,also known as pictorial structure
models,arecomposedof a setof local parts,eachof which
hasanappearancemodel,andageometrymodelthatde�nes
preferredrelative locationsor distancesof theparts[FE73].
They are well suited to applicationssuch as face recog-
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nition, where featuressuch as the nose,eyes, and mouth
have particularlocal featuresandalsohave relatively well-
de�ned distancesto eachother. Themodelis furtherdevel-
opedin [FH05], whereit is appliedto identify both faces
andbodycon�gurationsfrom images.Themodelcontinues
to beextended,with anemphasison learningpictorialstruc-
ture modelsautomaticallyfrom exampleimagesof object
classes.Moregenerally, thiscanbeviewedasanexampleof
statisticalrelationallearning.

An agent-basedapproachis presentedin [MA03], al-
thoughthis relieson a prede�nedgrammarfor thedescrip-
tion of the components.The work of [KLP05] is similar to
oursin that it usesa constellation-typemodelanda proba-
bilistic framework.Ourwork differsin anumberof respects,
including application to a different domain, using differ-
entandlarger individual andpairwisefeaturesets,support-
ing �e xible objectclasseswith optionalparts,anda staged
searchstrategy.

Our approachfor sketchrecognitionis uniquelycharac-
terizedby: (a) supportfor modelde�nitions deriveddirectly
from a set of drawn training examples;(b) a probabilistic
framework; (c) supportfor optional parts; (d) a constella-
tion modelwith featuresspeci�cally suitedfor sketchrecog-
nition; and (e) an ef�cient multi-stagesearchstrategy. We
demonstrateourapproachon� veclassesof objectsandmul-
tiple modesof use(drawing andtracing).

3. The ConstellationModel

We representanobjectusinga constellationmodel,consist-
ing of featuresof individual objectparts,aswell asfeatures
of pairsof parts.Individualfeaturescaptureshapeandglobal
positionsof parts,whereaspairwisefeaturessummarizerel-
ative positionsof parts.An exampleconstellationmodelof
a faceobjectis shown in Figure2.

Wede�ne afour-elementfeaturevectorfor individualob-
ject parts:F = [x y d b] where(x;y) arethe locationof the
centerof theaxis-alignedbounding-box(AABB) of astroke,
asmeasuredin imagecoordinatesnormalizedto x;y 2 [0;1];
d is the normalized-coordinatelengthof the AABB diago-
nal; andb = cos(f ), with f being the angleof the AABB
diagonalwith respectto thex-axis.

Similarly, we choosea four-elementfeaturevector for
part pairs de�ned by Gab = [Dxab Dyab Dab Dba], where
Dx= xa � xb andDy= ya � yb de�ne therelativepositionsof
theAABB centersof strokesa andb in normalizedcoordi-
nates,Dab is theminimumdistancebetweentheendpointsof
stroke a andany point on stroke b, andDba is theminimum
distancebetweentheendpointsof stroke b andany point on
strokea. In general,Gab 6= Gba.

Full constellationmodelsdonotscalewell with thenum-
berof parts,n, sincethey resultin O(n2) pairwisefeatures.
We chooseto alleviate this by characterizingeachlabel as

Figure2: Exampleconstellationmodelfor a sketchedface,
showingthepairwiseinteractions.In this example, the left-
eye, right-eye, mouth,andnosearemandatoryandthushave
completepairwise interactions.The left-ear and right-ear
are optional and thus havepairwise interactionswith all
mandatorypartsbut notwith each other.

mandatoryor optional.Individual featuresarecomputedfor
both mandatoryandoptionalparts.However, pairwisefea-
turesareonly computedif oneor both of the labelsin the
paircorrespondsto amandatorypart.Wenotethatit maybe
possibleto further reducethe numberof pairwisefeatures
by searchingfor subsetsthatyield goodrecognitionperfor-
mance[CFH05].

The sketchrecognitionprocesshastwo phases,the �rst
whichsearchesthespaceof possiblemandatorylabelassign-
ments,andthesecondwhichsearchesfor optionallabelsfor
theremainingunlabelledstrokes.In this way themandatory
labelsprovidecontextual locationinformationnecessaryfor
assigningappropriatelabelsto thepotentiallylargenumber
of optional parts.We describethe searchalgorithm in the
following section.

3.1. Learning the Model

An objectclassmodelis representedusingaprobabilitydis-
tribution over featuresin objectconstellationmodels.This
function is learnedfrom a setof examplelabelledsketches.
A straightforwardchoiceof objectclassmodelis to usemul-
tivariateGaussiandistributions.However, in order to sup-
port recognitionfrom a smallnumberof trainingexamples,
we opt for a diagonalcovariancematrix. Thuswe indepen-
dentlycomputethemeanandcovarianceof eachelementof
the featurevectorsF andG for thesetof labelledsketches
thatserve astrainingdata.More explicitly, theprobabilistic
modelfor the f th elementin the featurevectorof a label `
is givenby q f

` andconsistsof themeanvaluefor thefeature

element,µ f
` , aswell asthestandarddeviation,s f

` . Similarly,

apair featuremodel,q f
` j , is givenby < µ f

` j ;s
f
` j > .
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3.2. Labeling Lik elihood

The quality of a particular matchingbetweenlabels and
strokes is scoredusing a cost function. In early constella-
tion models,thematchquality is de�ned in termsof anen-
ergy thatis a functionof boththeindividual featurematches
and the pairwise featurematch.As in other recentwork
[CFH05], we casttheproblemin a probabilisticframework
andsearchfor themostlikely interpretation.Theprobability
of agivenlabelingL is givenby theproductof theindividual
strokelabelinglikelihoods,furthermultipliedby theproduct
of all labelledstroke pair likelihoods.This canbeexpressed
as:

P(Ljq) =
N

Õ
i= 1

M

Õ
`= 1

P(F i jq` )
di`

m

Õ
j= 1

N

Õ
k= 1

P(Gik jq` j )
dk j (1)

In the above expression,the interior of the �rst term,
P(F i jq` )

di` , representstheprobabilityof stroke i having la-
bel`. Thisis computedfor all strokes,asgivenby theoutside
product.The insideproductis a notationalconveniencefor
expressingthestroke-labelassignment.

The interior of thesecondterm,P(Gik jq` j )
dk j , represents

the probability of stroke i in relation to all the mandatory
parts,asmeasuredby the pairwisefeaturevectors.Thusif
a stroke is labelledas right earbut it is locatedbelow the
mouth,thenit is this termthatwill give that labelinga low
likelihood.Pairwiserelationsarecomputedwith respectto
all mandatoryparts,as given by the outsideproduct.The
insideproductis anotationalconveniencefor expressingthe
stroke-labelassignmentfor themandatorystrokes.

Theassignmentof strokesto labelsis modelledasalabel-
assignmentmatrixd, with di` = 1 if strokei is assignedlabel
`, anddi` = 0 otherwise.Theexponentiationusingthed val-
uesis a notationalconveniencefor compactlyrepresenting
stroke-labelassignments.All termshaving an exponentof
d = 0 evaluateto 1 andthuseffectively dropout of thelike-
lihood computation.The label-assignmentmatrix has im-
poseduponit theappropriaterestrictionthateachstrokecan
beassignedonly onelabel,andthatmandatorylabelsshould
mapto a uniquestroke.N is thenumberof strokes,M is the
numberof labels,andm is thenumberof mandatorylabels.
P(F i jq` ) modelsthe likelihood of stroke i having label `.
Similarly, P(Gik jq` j ) modelsthelikelihoodof thestrokepair
(i;k) having thelabeling(`; j). Theaboveomitsthenormal-
izing constantP(q), which doesnot affect theML solution.
Weassumeauniformprior onthelikelihoodof partsappear-
ing in asketch.

4. Maximum Lik elihoodSearch

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

aremn possibleassignmentsthat could in principle be ex-
plored,andeachassignmentcon�guration requiresevaluat-
ing O(n2) pairwiseinteractions.Furthercomplicationsarise
becausesomestrokes may not have plausiblelabels,and
someobjectparts(i.e., labels)maynot be found in a given
sketch, or may have multiple instances.In order to allow
for thesecomplications,andto alleviate the computational
costassociatedwith theexponentialnumberof matches,the
searchoverpossiblelabelassignmentshastwo phases.

The�rst searchphaseinvolveslabellingstrokesthatcor-
respondonly to the mandatoryobjectpartsand thencom-
miting to thoselabels.This is followed by a linear search
throughtheoptionallabelsfor therecognitionof theremain-
ing unlabelledstrokes.Both searchphasesusethesameob-
jective function, namelythe likelihoodas describedin the
previoussection.

Thesearchover possiblelabelassignmentsis carriedout
using a branch-and-boundsearchtree. Each node in the
searchtreerepresentsapartiallabelingof thesketch.A node
at depthi in thetreehasfoundcorrespondingstrokesfor la-
bels1 throughi. Eachnodein thetreehasacurrentassigned
likelihoodwhich is determinedfrom theproductof individ-
ual stroke-labellikelihoodsfor thei assignedlabels,aswell
asall thepairwiseinteractionlikelihoodsamongall labelled
parts.

To advancethe search,a nodeis extendedby evaluating
all possibleassignmentsof mandatorylabel i + 1 to unla-
belledstrokes.During the search,the algorithmtracksthe
costof thebest(mostlikely) known completeassignmentof
mandatorylabels.Thecostis usedto boundbranchesof the
search.Eachcompletedsearchbranchcanpotentiallyresult
in abetterboundto restricttheremainingsearch.

Branchesof the searchtreecanonly be boundedoncea
completeassignmentof mandatorylabels is found. If the
numberof strokesor mandatorylabelsis high, �nding com-
pleteassignmentsis prohibitively slow. We employ two ap-
proachesto further constrainthe search:multipassthresh-
oldingandhardconstraints.

With multipassthresholding,we boundbranchesof the
searchbeforeencounteringa full labelling.If a node's like-
lihood, as computedby its currentpartial set of label as-
signments,is lower thana speci�ed thresholda, thatsearch
branchis terminated.Weusemultiplepasses,beginningwith
an optimistic threshold.That is, at �rst, we assumeall fea-
turelikelihoodsin amatchwill beveryhigh.Thiscanresult
in anoverly restrictive searchthatmay leadto no complete
labelingsbeingfound.However, this is quick to computein
comparisonto a full search,or a searchwith a more pes-
simisticbound.

Upon failure to �nd a successfulcompletelabel assign-
ment,eachsuccessive passof thebranch-and-boundsearch
usesaprogressively morepessimisticassumptionuntil com-
pletesolutionsarefound.The�rst completesolutionsfound
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arethenusedasagoodboundfor a�nal searchpasswherein
the thresholdcan be as pessimisticas is desired.We be-
gin with a thresholdcorrespondingto P(µ+ 1:3s) for each
featureelementlikelihood,andon eachsuccessive passwe
scalethis by 2=3. Multi-passthresholdingmakesthesearch
feasiblefor a largenumberof strokesandmandatorylabels
and also resultsin fast labeling for `good' sketcheswhile
supportingmoreextensive searchesthroughthe hypothesis
spacefor assigninglabelsto moreambiguoussketches.

In lieu of a thresholdbasedon the likelihood-to-datefor
thepartialassignments,analternative thatwe have foundto
beequallysuccessfulis to thresholdbasedonindividualpart
andpair likelihoods.Thus,abranchis terminatedwhenit in-
volvesany individual likelihoodthatfalls below a threshold
b. For the examplesshown in the paper, this is the type of
multi-passthresholdingthatweapply.

Hard constraintscanbe seenasa varianton the type of
thresholdingjust described.For a particularobjectclass,it
maybethecasethatonefeaturelabelshouldalwayssatisfy
aparticularrelationwith respectto another. For example,the
nosecouldberequiredto alwaysbelocatedabovethemouth
in afacesketch.For our implementation,weinfer above, be-
low, left, andright relationshipsfrom theexamplesketches
wherever they canbe found.Thus,if the noseAABB cen-
ter appearsabove themouthAABB centerin all theexam-
ple sketches,this will beaddedasa hardconstraint.An ob-
ject classmayhave many suchconstraintsbetweenlabelled
parts.

5. Resultsand Discussion

We have testedthemethodon the5 classesof objectslisted
in Table 1. Thesehave 7–15 labelsand have beentested
on drawings having 3–200strokes.We useon the orderof
20-60 training examplesfor eachclass.Figures8, 3, 4, 5,
and 6 show training sketchesandsuccessfultest sketches.
Therecognitiontimeis typically 0.01-2.5sfor theshown ex-
amples,with mostof this time beingspenton initialization.
During initialization,a featurevectorF is pre-computedfor
all strokesandanotherfeaturevectorGfor all strokepairsof
the input sketch.As an example,considerthe bottom left
facesketch in Figure 8, which contains171 strokes. The
recognitiontakesa total of 1.97 seconds,with 80% of the
computationtime spenton initialization, 18%on searching
for mandatorylabels,and2% on �nding labelsfor the op-
tional parts.Spuriousstrokescanbe rejectedby placinga
thresholdon the�t of optionalstroke labels.

The hardconstraintsdiscussedin Section4 may signif-
icantly reducerecognitiontimes.However, when they are
automaticallyinferred from training data,the systemmay
falselyregistertheexistenceof a hardconstraint.For exam-
ple,few trainingsketchesmayresultin thesystemfalselybe-
lieving thattheleft eyeis alwaysbelow arighteyelash.How-
ever, sucha situationcould easilyoccur in a cartoon-style

facesketchor a somewhat asymetricsketch.This could be
viewedasanindicationthatmoretrainingdatais required.

Figure 7 shows a set of failure examples,meaningthat
one or more strokes are mislabeled.Recognitioncan go
wrong in severalways:(1) inability to �nd suitablemanda-
tory strokesbecauseof thehardconstraints;(2) mislabeling
of a mandatorystroke, leadingto havoc with theremaining
strokes;(3) mislabelingof optionalstrokes.In practice,er-
rors of type (1) are rareand imply a lack of training data.
Errorsof type(2) canoccurif unusualstrokesoccurthataf-
fect theoverallboundingboxandthereforeresultin atypical
normalizedcoordinates.This might occurfor addingoverly
longor bushy hair in facesketches,or certainatypicalstems
in �o wer sketches.Errors of type (3) most commonlyoc-
cur whenthereare few mandatorystrokes,suchas for the
sailboatsor �o wers.Themodeldoesnot currentlygive any
considerationto relationshipsbetweenoptionalparts.Lastly,
othermislabelingscanbeattributedto impoverishedproba-
bility distributionmodelsandinadequatefeaturevectors.

mandatory optional
class labels labels
faces 5 10
�o wers 2 5
sailboats 3 5
airplanes 3 4
characters 7 8

Table1: Objectclasses.

In order to evaluatethe utility of the multipassthresh-
olding technique,we test the recognitionof sketcheswith
andwithout thresholding.Table2 shows the resultsof this
experiment.In all cases,the multipassthresholdingresults
in signi�cantly lower computationtimes.Most notableis a
103-strokefacesketchwhichtookonly 1.242secondsto rec-
ognizewith thresholding,yetwithout thresholding,failedto
�nd a labelingwithin 9 hours.

num with without
class strokes multipass(s) multipass(s)
face 103 1.242 > 9 hours
�o wer 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: Computationtimesfor recognition algorithmwith
andwithoutthemulti-passtechnique.

Oursystemassumesauniformprior for theapriori likeli-
hoodof optionalparts.This decisionstemsin part from our
expectationthatasmallnumberof trainingsketcheswill not
necessarilyre�ect the probability of partsappearingin fu-
ture sketches.Thus,the identity of partsdependssolely on
their shapeand�t asmodeledby theconstellationmodel.
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(a)

(b)

Figure 3: (a) Flower sketch training examples.Themanda-
tory labels are pot, stem,stigma; the optional labels are
sacuer, petal,leaf,andsepal. (b) Flowersketchesrecognized
usingour system.

We de�ne the recognitionof a sketch to be the labeling
of the individual partsof a sketchthat is of a known object
class.If the classof the input sketchis unknown, the max-
imum likelihood �t could be determinedfor eachof a list
of objectclassesin order to provide informationaboutthe
objectclass.The ML log-likelihoodsthat comefrom each
classarenot directly comparable,however, becauseobject
classesdiffer in their numberof mandatoryparts.Manda-
tory partshave fully-connectedpairwiselikelihoodswhile
optionalpartsonly havepairwiselikelihoodsin relationwith
mandatoryparts.An appropriatenormalizationcanbecon-
structedto dealwith this,althoughwehaveyetto investigate
this. We believe that thereare likely betterdiscriminative
object-classi�cationmethodsthat do not rely on complete
partlabeling.

It maybepossibleto furtherimprove on themeansearch
time for the branch-and-boundalgorithmby usingvariants
of the A* algorithm.This involvesexpandingnon-terminal
nodesin thesearchin anordersortedby their cost-to-date.
However, muchof the leverageof A* comesfrom theabil-
ity to generatea suitablealways-optimisticcost-to-gofunc-
tion. Unfortunatelythis provideslittle leveragegiventhat it
is possiblethat the remainingunlabelledstrokescouldper-
fectly matchthemeanfeatures.

6. Conclusions

Wehavepresentedasystemthatadaptsconstellationor pic-
torial structure modelsfrom the computervision literature

Figure4: (a) Sailboatsketch trainingexamples.Themanda-
tory labelsare hull, main-sail,mast; theoptional labelsare
jib, boom, keel, rudder, tiller.(b) Sailboatsketches recog-
nizedusingour system.

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

Thereremainanumberof opendirectionsfor futurework.
The mostsigni�cant limitation of the currentsystemis the
requirementto have one label per stroke. Thus,an eye or
planewing alwaysneedsto bedrawing with a singlestroke
in oursystem.Theideaspresentedin [MA03] couldbeused
to dynamicallyinstantiatè parthypotheses',which provide
a path for top-down knowledgeto help assemblemultiple
local strokesinto a singleprimitive. Local stroke proximity
information[SV04] mayalsobeusefulin determininglikely
groupingsof strokesthatrepresenta singlepart.It mayalso
bepossibleto encodethemostcommonstrokepatternsused
to constructapartinto multipleparttemplatesthatareall as-
sociatedwith thesamelabel.Lastly, agestalt-basedbottom-
upgroupingprocessmayprovideasigni�cant speedupwhen
assigningidenticallabelsto largegroupsof strokes.

The currentrecognitionprocessis largely top-down: the
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(b)

Figure 5: Charactersketch training examples.Themanda-
tory labels are head, torso, thigh, shin, foot, upper-arm,
lower-arm; theoptionallabelsarehat,neck,hand,nose,eye,
pupil, mouth,ear. (b) Character sketchesrecognizedusing
our system.

diagramis searchedfor mandatorylabelsin a �x edorderin
order to constructthe searchtree.This ignoresbottom-up
informationthat could be usedto reorderthe searchto be-
gin with thestrokeswhichhave likely bindingsto particular
labels,therebystronglyconstrainingthesearchearlyon.

In the currentsystemwe have only experimentedwith
a limited numberof individual andpairwisefeatures.It is
likely that featuresotherthanthosewe have proposedwill
beusefulin producinga morerobustsystem.Givena large
setof possiblefeaturesandappropriatedatasets,it shouldbe

(a)

(b)

Figure 6: (a) Airplanesketch examples.Themandatoryla-
belsare fuselage,left-wing, right-wing; theoptional labels
are left-stabilizer, right-stabilizer, left-engine,right-engine,
propellor, window, tail-�n . (b) Airplanesketchesrecognized
usingour system.

Figure 7: Failure modesof our system.Mislabellingcanbe
causedby lack of trainingsketchesandinadequatefeatures.

possibleto run anof�ine processthatdeterminesthek most
informative features(individual andpairwise).How to best
representtheprobabilitydistributionsfor a givensetof fea-
turesis a furtheropenproblem.Our modelof independent,
normally-distributedfeaturesis well suitedfor systemsrely-
ing on only a small setof examplelabelledsketches.How-
ever, multi-variateGaussianmodelsor mixturesof Gaus-
siansmay provide betterresultsfor larger datasets,at the
expenseof requiringa largernumberof labelledexamples.
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Figure8: Color plate. (a) Trainingexamples.(b) Successfully-labelledtestexamples.
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