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Abstract

We present novel approacho creatingstructureddia-
grams(suchas o w chartsor objectdiagrams)y com-
bining an off-line sketch recognitionsystemwith the
userinterface of a traditional structuredgraphicsedi-
tor. Our system calledUDSI (userdirectedsketchin-
terpretation),aimsto provide draving freedomby al-
lowing the userto sketchentirely off-line usinga pure
pen-and-papénterface.Theresultsof thedraving can
then be presentedo UDSI, which recognizesshapes,
lines, and text areasthat the user can then polish as
desired. The systemcaninfer multiple interpretations
for a given sketch to aid during the users polishing
stage. The UDSI programusesa novel recognition
architecturethat combineslow-level recognizerswith
domain-speci cheuristic lters andagreedyalgorithm
thateliminatesincompatibleinterpretations.

Intr oduction

UDSI (UserDirectedSketchinterpretation)s anew system
for creatingstructured box-and-linediagramshatis based
on understandindnand-dravn sketches. Unlike other sys-
temsthatrequiredevicesthatcancapturestrokeinformation
while theusersketcheghediagram UDSI usesscannedm-
agesof sketches.The userpresentsa scannedketchof the
diagramto UDSI andguidesthe applicationsinterpretation
of the sketch. The nal resultis a structureddiagramthat
canbeincorporatednto technicadocument®rre nedin an
existing structuredgraphicseditor. The usercaniteratively
createthe diagramusinga purepen-and-papéenterfaceun-
til the useris satis edwith the style,layout,andpositionof
thecomponent®f thediagram.

TheUDSI systemcombinesstandardalgorithmsfrom the
machinevision literature for Itering, segmentation,and
shapedetection(Jain,Kasturi,& Schunckl1995)with novel
algorithmsfor extracting text regions and recognizingar-
rowheads.Thesealgorithmsproduce(possiblycon icting)
interpretationof the scannedsketchthat are combinedus-
ing an elimination algorithmto producenot only the best
candidateinterpretation,but also multiple alternatve in-
terpretations. Thesealternatves are presentedo the user
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througha novel userinterfacethat allows the userto select
alternative interpretationghatthe systemhasgenerated.
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Figure 1. Original pen-and-papesketch (top), and recog-
nizeddiagrampartially editedby the user(bottom).

The goal of UDSI is to provide the userwith a natural,
paperbasednterfacefor creatingstructureddiagramsMost
existing sketchrecognitionsystemsareon-line systemghat
requirea sketchtabletor tablet PC to recognizethe users
strokes.Instead UDSI allowstheuserto createsketcheoff-
line usingpenandpaper Our rationaleis thatthoughtablet
computergepresentn extraordinaryopportunity adoption
ratescontinueto lag, while adoptionratesfor low-costim-
ageaquisitiondevices(scannersdigital camerasandcam-
eraphonesxontinueto soar We arguethatit is worth inves-
tigating off-line recognition,evenif we mustsacri ce some
amountof accurag and precision. It is worth noting that
our recognitionapproachwould also be usableon a tablet
PC,usingimagepixelsinsteadof stroke information.

Therestof thispaperis organizedasfollows. Firstwe sur
vey relatedwork in sketchunderstandingNext we present
thelow-level recognitionalgorithmsthatdetecttext regions,



rectanglesgdiamondsgircles,andarrovs. We thendescribe
how the outputsof theselow-level recognizersare com-
binedto form a globalinterpretatiorof thesketch.Next, we
presentthe graphicaluserinterfacethat allows the userto
edit the sketchand choosefrom alternatie interpretations.
Finally, we describea userstudy and reportmeasurements
of recognitionaccurag.

Related Work

This sectionbrie y reviews relatedwork in sketch under

standingandsketchediting. Previousresearchn sketchun-

derstandindhasgenerallychosenone of two paths: online
interfacesthatrequireaninstrumentediraving surfacethat
capturesstroke information;or off-line interfaceshatallow

the userto sketch using pen-and-paperMost recentwork

has chosenthe online approach. Among the online sys-
tems,we will focuson systemgfor recognizingstructured
box-and-linediagramssincethis is the domaintargetedby

UDSI.

Lank et al (Lank, Thorley, & Chen 2000) usedonline
stroke informationto recognizéJML diagramsUML sym-
bolswererecognizedy heuristicssuchasstroke countand
the ratio of stroke lengthto bounding-boxperimeter Like
UDSI, the Lank systemtries to distinguishbetweenUML
symbolsand characterdata. Its userinterface allows the
userto correctthe systemat eachstageof understanding:
acquisition,sggmentationandrecognition.

Tahuti (Hammond& Davis 2002)is anotheronline sys-
temfor UML diagramrecognitionwhich usesothgeomet-
ric and contextual constraintso recognizeUML symbols.
Tahutiis non-modal:userscaninterleave editing anddraw-
ing with nomodeswitching,whichrequireseditinggestures
to bedistinguishabldrom sketchedsymbols.

Denim(Lin etal. 2000)is anonline systemfor informal
sketchingof web site designsjn which the usercansketch
boxesto representveb pagesandlinesto indicatelinks be-
tweenthe pages. Differentkinds of links are recognized
basedon their context, ratherthan on their shape. Denim
usesa unistroke recognize(Rubine1991),so eachsymbol
mustbe sketchedwith a singlestroke.

Sezgiretal (Sezgin& Davis 2001)have createdanonline
systemthat recognizesgeometricprimitives. The system
usesathree-phastechniqugapproximationpeauti cation,
basicrecognition)to transformsketchednto sharpenediia-
grams. Its recognitionprocesausesshapeand curvatureof
strokes,amongotherinformation.

Oneof theearliesttoolsin this category wasSILK (Lan-
day& Myers1995) whichrecognizedketcheof userinter-
faces.Thesketchcouldthenbecorvertedinto aninteractive
demoof the sketchedGUI.

Jomge and Fonsecapresenteda novel approachto rec-
ognizing geometricshapednteractiely (Joge & Fonseca
1999), using fuzzy logic and decisiontreesto recognize
multi-stroke sketchesof geometricshapes.

Researclton of ine sketchinterpretation,using scanned
imagesof pen-and-papediagrams,is lesscommon. Val-
very and Marti discussa method for recognizinghand-
drawn architecturalsymbols(Valvery & Marti 1999)using

deformabletemplatematching. They achiese recognition
ratesaround85%,but do notdiscusshow theusemightcor-
rectanincorrectrecognition.Ramel(Ramel1999)presents
atechniquéor recognizinghandwrittenchemicalformulas,
with a text localizationmodulethat extractstext zonesfor
anexternal OCR system.They alsousea global perception
phasethat incrementallyextracts graphicalentities. Their
systemachiezesrecognitionratesof 95-97%,but asin Val-
very andMarti, thereis no discussiorof how the usercan
correctrecognitionerrors.

Perceptuakditing, exempli ed by ScanScribdSaund&
Moran1994),is a collectionof userinterfacetechniquedor
manipulatingscannedketchesasif they werestructuredi-
agrams.Thesetoolsattemptto Il the currentvoid in com-
puterediting tools that provide supportfor perceptuakdit-
ing of imagebitmaps. UDSI is similar to this line of work
in that the input documentsare informal, rough sketches,
but UDSI providesaninterfacefor theuserto transformthe
roughsketchinto a beauti ed structureddiagram.

ShapeRecognition

UDSI'srecognitionmoduletakesanimagebitmapandcon-
vertsit to a setof geometricprimitivesthat are presented
to the userin the GUI. Our systemrecognizegext regions,
rectanglesgiamondscircles,andarrovheads.

Sketchrecognitionproceedsequentiallythroughseveral
steps:imagesmoothing,segmentation text/shaperecogni-
tion, andgeneratiorof alternatves. At the endof this pro-
cessthesystemcontainsaninitial interpretatiorandasetof
alternatve interpretations.The initial interpretationis then
automaticallyalignedusingrelationshipsinferredfrom the
diagram.

Smoothingand Segmentation

Image acquisition devices introduce some noise into the
sampledimagebitmap of the original sketch. Becauseof
this, UDSI usesan image Iter to preprocesshe image
bitmapbeforepassingt to the coreof the sgmentatiorpro-
cess. We usea discretegaussianiter to smoothout the
noisebecausét is rotationallysymmetricandthereforewill
not biassubsequerline pixel detectionin ary particulardi-
rection (Jain, Kasturi, & Schunck1995). We empirically
determinedheoptimal lter sizebasednthesampleof im-
agesollectedfromapilot userstudy Thisoptimal Iter size
is dependenbnthesizeof theimage,andalsotheresolution
atwhichtheimagewasscannedFor all of theexperiments,
the sketcheswere dravn on 8.5x11 paper scannecat 100
dpi, andthresholdedo black-and-white For theseparame-
ters,we foundthatthe optimal Iter sizeis 3x3 pixels. The
reasortheoptimal lter sizeis smallis becaus¢he scanned
imagesarealreadyhighly thresholdedtherefore,not much
smoothingis neededor accuratdine detection.Thetrade-
off whenchoosinglter sizeisthatthelarger Iter smoothes
out more of the noise,but at the expenseof imagedetails
thatwould improve the precisionof therecognizers.

The outputof the lter is a smoothedmagebitmapthat
is presentedo the segmentationstep,which rst computes
theline pixels of theimage. Sgmentatioris accomplished



throughthe following steps:Canry line detection,contour
following, line splitting, andsegmentmeming. Standardal-
gorithmswereusedfor thesestepgJain,Kasturi,& Schunck
1995). The outputof the sgmentationstepis a setof line
segmentsthatareusedby theindividual recognizers.

Text Recognition

UDSI doesnotimplementcharacterecognition but it does
locatetext regionsthatit presents$o theuseraseditabletext
elds. Denseregions of shortline sgmentsare assumed
to betext regions. Theseregionsare found usinga simple
meming algorithm.For eachsmallline segment,thesystem
scandor othersmallsggmentshatarewithin a smallneigh-
borhoodof thegivensggment.If thetwo segmentsareclose
enoughthenthe systemmergesthetwo segmentsnto asin-
gle text region. This algorithm continuesuntil the system
canno longermeige ary recognizedext regions. Finally,
the algorithmdropstext regionscontainingfewer sggments
thana x edthreshold. This thresholdwas determinedem-
pirically to beatleastthreesggmentgertext region, but this
valueseemdo bevery sensitie to thetext sizeandtheres-
olution of theinputimage. An exampleof text recognition
is shavn in Figure2.
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Figure2: Text recognition.Original imageshawn with rec-
ognizedtext rectanglesiravn in. Most of thefalsepositives
(arrovheadscircle arcs)are Itered out later by globalin-
terpretation.

Corner Detection

Right-anglecornersare detectedn orderto nd rectangles
anddiamonds.Cornerdetectionis accomplishedby search-
ing for pairsof sggmentsthatapproximatelymeetandtest-
ing that the angle betweenthem is approximately90 de-
grees. Cornersare then classi ed as axis-alignedor non-
axis-aligned axis-alignedcornersareusedby therectangle
recognizerandnon-axis-alignedornersareusecdby thedia-
mondrecognizerA doublethresholds usedsothatacorner
canbeclassi ed asbothtypesif it is in betweerthethresh-
old values(Figure3).

RectangleRecognition

Rectanglesre detectedusingthe following algorithm: if a
corneris (approximatelyhorizontallyalignedand (approx-
imately) vertically alignedwith two other corners,thena
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Figure3: Resultsof cornerdetection.Cornersthatwill only
beusedby oneof therecognizergeitherdiamondor rectan-
gle) areshawvn asun lled circles; cornersthatwill be used
by bothrecognizerareshovn as lled circles.

rectanglexiststhatspangheareaof thethreecorners.This
algorithmcangeneratdalsepositivessinceit only requires
three cornersto producea rectangleinterpretation,but it
generallyproducesall true positives. Falsepositivesare |-
teredout by the heuristicsandgreedyeliminationalgorithm
describedelow. Ourapproacho shapeecognition,jn gen-
eral, follows the samepattern:try to generateall true pos-
itives, evenif it involvesgeneratinga fair numberof false
positves,aswell. Therearetwo reasongor doingthis: (1)
if the true positive is missed,thenthereis no way subse-
guentstepscanever achiese completerecognition,and (2)
userscan more easily deletea false positive than createa
(missed}ruepositive.

In orderto improve the accurayg of the rectanglerecog-
nizer, two modi cations to the simple algorithmdescribed
above weremade. The rst is describedn Figure4. This
gure shows two setsof corners. The un lled cornersare
alignedappropriatelybut a rectangleis not recognizede-
causeone of the cornerspointsoutwards. The setof lled
corners,on the other hand, representan initial rectangle
recognition. This rectangle however, will not make it into
theglobalinterpretatiorbecausé will be Itered duringthe
greedyeliminationalgorithm(describedelow).

Diamond Recognition

Diamondrecognitionis analogougo rectanglerecognition:
if a corneris (approximately)alignedwith anothercorner
alongthey=x axisandis also(approximatelyplignedwith a

corneralongthe y=-x axis,thenadiamondexiststhatspans
the areaof the threecorners. As with the rectanglerecog-



Figure4: Rectanglerecognition. Theun lled cornerscon-
stitutea rectanglethatis not recognizechecaus®neof the
cornersis facingoutwards. The lled cornersconstitutea
rectanglehatis recognizedalbeitincorrectly).

nizer, thediamondrecognizeigeneratesomefalsepositives
(thoughlessfrequentlythantherectanglerecognizer)but it
generallygeneratesll true positives. Choosingamongthe
falseandtrue positivesis deferreduntil the Itering stage.

Circle Recognition

Circle recognitionis doneby a modi ed Houghtransform
algorithm (Ballard 1981). The corventionalHoughtrans-
form for circle detectionusesavoting technique Eachedge
pixel in theimagecontributesa votethatit belongsto a cir-

clewhosecenteliesonaline passinghroughthepointand
perpendiculato theedge(asdeterminedy the gradientan-
gle at thatpoint). Whena centerpoint andradiusreceves
enoughvotesfrom edgepoints, it is recognizedasacircle.

Our modi ed algorithm usessggmentsinsteadof edge
pixels. The accountingstepcontinuesto nd centerpoints
andradiusvalues,but insteadof usingall edgepointsand
gradientanglesthealgorithmusesonly eachseggments per
pendicularmisector To visualizewhatthe algorithmis do-
ing, imaginesegmentinga circle, andthen extendinglines
alongeachsegments perpendiculabisector(Figure5). Ar-
easof closeintersectioncorrespondo approximatecircle
centemoints,andtheaveragedistancdrom the centerpoint
to eachof the sggmentss theapproximateadiusof the cir-
cle.

This algorithmhastwo advantage®ver the corventional
pixel-basedHough transform. First, it is faster because
therearefar fewer sgmentshanpixelsto processandsec-
ond, it tendsto producefewer falsepositivesin practice.

Arr ow Recognition

Arrow recognitionis implementedusing a modi ed ver

sion of the algorithm describedoy Hammond(Hammond
& Davis 2002). For simplicity, UDSI's algorithmcurrently
recognizedine arrovheadsand lled triangle arrovheads,
but not opentrianglearrovheads.

Figure 5: Circle detectionusing a modi ed Houghtrans-
form, which recognize<circles by using perpendiculatbi-
sectorof constituensggments.

Performance

Thealgorithmsdescribedbore arepolynomialsearchalgo-
rithmswherethe searchspaces the setof segmentsgener
atedfrom the segmentationstep. Thesesearchalgorithms
arenot particularlyfast,but we have foundthe inef ciency
to be nggligible in practicesincethesealgorithmssearchn
segmentspaceinsteadof pixel space.In practice,thetime
spentin the Gaussianlter andsegmentatiorphasegwhich
arealgorithmsthat scalelinearly with the numberof pixels
in theimage)is approximatelyequalto thetime spentin the
remaindemnf the recognitionmodule(wherethe algorithms
scalequadraticallyor cubicallywith thenumberof features).

Global Inter pretation

After therecognitionphasethesystemhasgeneratedsetof
recognizedshapessegments,arrovheadsandtext regions
from the originalimage. The nal stepis to Iter thesetof
recognizedbjectsto createaninitial interpretatiorandaset
of alternatve interpretationsBecauseall of therecognizers
have alow falsenegative rate(meaninghatthey rarelymiss
true positives),this stepcanbeimplementedcpurelyasa I-
tering process.Therearetwo typesof Itering thatoccur:
(1) heuristic Itering thatusesdomain-speci cinformation
to eliminateglobalinterpretationshatdo not satisfydomain
constraintsand (2) greedyeliminationto choosethe best
interpretatioramongcompetingocalinterpretationsThese
two typesof Itering arediscussedn greaterdetailbelow.

Heuristic Filters

Recognitiorratesimprove with theuseof heuristic Iter s—
domain-speci c Iters that usedomain-speci cconstraints
to discardnon-conformingnterpretationsFor example the



domainof box-and-linediagramsdoesnot useoverlapping

shapes;therefore,if the shaperecognizersndependently
recognizehesameareato containtwo differentshapesthen

aheuristic lter (representingheheuristic‘shapeareasan-

not overlap”) can choosethe shapewith highercon dence

andrelegatethe other shapeto an alternateinterpretation.
We have foundthreeheuristicso be usefulin increasinghe

recognitionrates.

The rst heuristic Iter implementshe “shapeareascan-
not overlap” heuristic. Figure 6 graphicallydescribeshow
this Iter behaes.Shapeshatoverlaparenotallowedin the
domain;thereforejf shapeareaoverlapthesystemchooses
theshapewith a highercon dencevalue.

Figure6: The “shapeareascannotoverlap” heuristic Iter .

Herethecirclesarerecognizedvith lowercon dencevalues
thanthe rectangleanddiamond;therefore they will not be
includedin theinitial interpretation.

Thesecondheuristic lter implementghe“line segments
cannotintersectshapeareas”heuristic. This is similar to
the previous lter, exceptthatinsteadof comparingshape
con dencevalue,it justlooksfor recognizedine sggments
within recognizedshapeboundaries.In Figure7, the light
segmentsrepresenseggmentsthatwill bethrown out by this
heuristic lter . Thedarksegmentswill bethrown outduring
greedyeliminationbecauséhey arepartof the cornersthat
male up therecognizeddiamond.

Figure7: The“line segmentscannotintersectshapeareas”
heuristic lter .

The nal heuristic lter implementsthe “line segments
cannotintersectext rectangles’heuristic. This heuristicen-
sureghatmid-lengthsegmentghatareinsidetext rectangles
arenotincluded. In pilot tests,usersreportedthatthey had
troubleseeingheseextra segmentsandthatthey werefrus-
tratedthatthey hadto deletethem.

The nal heuristic lter implementsthe “line segments
cannotintersectext rectangles’heuristic. This heuristicen-
suresthatmid-lengthsegmentsn handwrittentext thatmay
be missedby the text recognizer(suchasthe descendeof

thelettery in Figure8), arenotincludedin the nal inter
pretation.In pilot tests,usersreportedthatthey hadtrouble
seeingheseextraseggmentsandthatthey werefrustratedhat
they hadto deletethem.
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Figure 8: The “line sggmentscannotintersecttext rectan-
gles”heuristic lter .

GreedyElimination Algorithm

The nal stageof the sketchrecognitionmoduleselectshe
bestglobalinterpretatiorandgenerateslternatve interpre-
tations.Eachof the shaperecognizerglescribedabove pro-
ceedsindependentlyand assignsa con dencevalue when
it recognizesa shape,aswell asmarking eachrecognized
shapewith the constituensegmentsthatwereusedto form
the hypothesis.A straightforvard greedyeliminationalgo-
rithm is usedthat rst sortsall interpretedshapesy con -
dencevalue,andproceedslown this list oneshapeatatime
to build up a global interpretation. Whenwe encountera
shapeahatsharesary line sggmentswith ahighercon dence
shapehathasalreadybeenselectedthe new shapds elimi-
natedfrom theinitial interpretationandinsteadrecordedcas
analternatdnterpretatiorof the highercon denceshape.

This algorithmcanbe modi ed alongseveralinteresting
dimensions. Insteadof greedily eliminating a shapethat
sharesary segmentswith a previously chosershapetheal-
gorithmcaneliminatea shapeonly if all of its sggmentsare
sharedvith previouslyrecognizeghapesFor example this
would allow aninterpretationin which two adjacentectan-
glesshareanedge.This analysiss left for futurework.

The greedyelimination algorithm provides an effective

Iter amongthe falseand true positives becausejn prin-

ciple, the true positives should be recognizedwith higher
con dencelevels. They arethereforeselectedrst, andthe
falsepositivesareeliminatedbecauséheir ssgmentsoverlap
with previously chosershapes.

Alignment Module

Oncetheglobalinterpretatiorhasbheengenerateatheappli-
cationattemptgo sensiblyalign the componentsThe pur-
poseof this alignmentmoduleis to make lines andshapes
thattheuserhasapproximatelyalignedin heroriginal sketch
exactly align in the initial interpretation. We developed
heuristicsfor whenlines closeto shapesctuallyrepresent
connectiorpoints andalsofoundthresholdg$or whento de-
cideto malke lines vertical/horizontal.Becauset is impor-
tantto maintainconnectiorpoint relationshipswhile align-
ing linesandshapesthe alignmentmodulemustef ciently
solve systemsf linear constraintswhich it doesusingthe



simplex solver in Casswary (Badros,Borning, & Stucley
2001).

User Interface

The UDSI graphicaluserinterfacecombinesmary features
from standardgraphicseditors (move-to-back/front,drag-
select,multiple-selection connectionpoints) with a medi-
ationinterfaceto selectfrom alternatve interpretationsThe
resultis a GUI thatlooks andfeelslik e a standarcgraphics
editorthathasbeenslightly instrumentedo take advantage
of recognitioninformationto help guide the users editing
process.Theuserinterfacewasimplementecdentirely using
Java Swing.

SinceUDSI currentlylackshandwritingrecognition,one
importanttask for the useris editing the text labelsfrom
the default (“abc”) to the desiredtext. The userinterface
optimizesfor this task by allowing a singleclick on a text
labelto putit into editingmode.

Another major task of the userinterfaceis correcting
recognitionerrors. UDSI offers a mediationinterfacethat
presentalternatanterpretation®f partsof the sketch. This
interfaceis displayedwheneerthe userselectsa shapehat
might have alternateinterpretationg(Figure 9). This is a
choice-basednediator{Mankoff, Hudson & Abowd 2000).
The othertypical stratgy for error correctionis repetition
whichis donein UDSI by deletingthe incorrectinterpreta-
tion andcreatingthe correctshapesisinggraphicalediting
tools. Although choosingan alternatie interpretationcan
save time over deletingandrecreatingshapesuserstudies
revealedthat usersrarely usedthe choice-basednediator
preferringto deleteandrecreateénstead.

Figure9: Userselectionof ambiguousshaperiggeringdis-
play of alternatdnterpretations.

Evaluation

UDSI was evaluatedby a userstudy and by measuringts
recognitionaccuray onusers'sketchesThissectionbrie y
describegheseevaluations.More detail canbe found else-
where(Notowidigdo 2004).

User Study

A userstudywas conductedo compareUDSI with a con-

ventionalstructuredgraphicseditor, Microsoft PoverPoint.
The studyinvolved 21 participants,rangingfrom 19 to 33

yearsold, evenly divided betweenmenand women. Two-

thirds of participantsdescribedthemseles as experienced
with PowerPoint;the resthadlittle or no PowverPointexpe-

rience. No tutorialswere givenfor eitherUDSI or Powver-

Point.

Eachusernwasasledto produceone nished diagramwith
UDSI (drawing it on paper scanningt, andthencorrecting
therecognition)andonediagramwith PaverPoint. The de-
sired diagramwas describedby a simple formal language
consistingof statementéike “Circle C1, RectangleR1, C1
pointsto R1", sothattheir sketcheswvould not be biasedby
copying adiagram.Usersweregivenawarmuptaskprior to
theexperimento familiarizethemwith theformallanguage.
Bothtasksproducedsimilar diagramsusingthe samenum-
berof eachkind symbol(circles,diamondsrectangles|led
arrows, plain arrowns, andlabeledlines), with a total of 11
symbolsand 7 text labelsin eachdiagram. The ordersof
the diagramsand interfaceswere randomizedo eliminate
learningeffects.

TheuserstudyfoundthatUDSI wasslightly sloweronav-
eragethanPowerPoint(6 min 8 secto createa diagramwith
UDSI vs. 5 min 23 secfor PaverPoint).However, whenthe

nished diagramswere evaluatedby a panelof judges(re-
cruitedin the sameway asusersandnottold how eachdia-
gramwasproduced)the UDSI diagramswereratedsigni -
cantlyhigherin alignmentandoverall quality (Notowidigdo
2004).We discusssomepossiblereasondor this difference
below.

RecognitionAccuracy

Recognition accuray was evaluated using a set of 25

sketchescollectedfrom users(the 21 usersin the userstudy
plus 4 pilot users). Eachsketchimagewaspassedhrough
low-level recognitionandglobalinterpretatiorto producea

nal structureddiagram. The falsepositive rate  is cal-

culatedby dividing the numberof incorrectly recognized
shapegshapeghat appearin the recognizeddiagrambut

not in the original sketch) by the numberof shapesn the

original sketch. Thefalsenegativerate  is calculatedby

dividing thenumberof shapeshatfailedto berecognizedy

thenumberof shapesn the original sketch. Table 1 reports
theaggrejatefalsepositive andfalsenegative ratesfor vari-

ousrecognizergshapeslines,andtext regions). For several

images.the falsenggative ratesare zero,which meanshat

all shapesn the original sketchalsoappearedn therecog-
nizeddiagram.



shapes 10.2% | 7.3%
lines 25.4% | 3.2%
text regions | 70.7% | 2.1%
overall 35.8% | 4.3%

Table1: Averagerecognitionaccurag. measuregalse
positives(elementsncorrectlygeneratedy recognition,as
a fraction of original sketch elements),and  measures
falsenegatives (elementsmissedby recognition,as a frac-
tion of original sketchelements).

Discussion

Astheseesultsshaw, recognitionin UDSI is biasedstrongly
toward falsepositives. Both kinds of errors(falsepositives
andfalsenegatives)requireeffort from the userto correct
theerror. To correctafalsepositive, theusermustdeletethe
shapgrom the diagram.For a falsenegative, the usermust
createheshapdrom scratch.Thetotalamountof effort that
theusermustexertto correcttherecognizedliagramis thus
aweightedsumof thefalsepositive correctionrateandfalse
negative correctionrate. Futurework canattemptto actually
estimateheweights but from obsenationsmadeduringour
userstudy we believe thatfalsepositivesare easierto cor
rectthanfalsenegatives.

Text recognition,in particular producesnary falsepos-
itives. For every text region correctlyrecognizedthereare
.707text regionsthatarealsofalselyrecognized.This sug-
geststhat betterrecognitionandbetter Itering areneeded
to improve the performanceof the text recognitionmod-
ule. One possibleimprovementwould be to include more
domain-speci cheuristics;anothemight be to incorporate
handwritingrecognition,which would help Iter outunrec-
ognizabletext regions.

The user study shaved that UDSI produced higher
quality diagramsthan PowerPoint, at the cost of slightly
moretime. Thisdifferencds partly dueto UDSI'salignment
module ,which automaticallyimprovesthe alignmentof the
diagram.Anotherreasorfor the difference deducedy ob-
servinguserdn thestudy is thatthe UDSI approactencour
agesmore careful planning and whole-diagramiteration.
Severalusersdrenv morethanonepen-and-papesketchwith
UDSI, delaying scanningand recognitionuntil they were
satis ed with the overall layout. In contrast,PaoverPoint
usersnever iteratedtheir diagramsfrom scratch,and some
usersfound rearranginga badlayout so time-consumingn
PawerPointthatthey appearedo justgive up.

Conclusion

We presentech novel approachto creatingstructureddia-
gramsby combiningan off-line sketch recognitionsystem
with theuserinterfaceof atraditionalstructuredyraphicsed-
itor. Thecurrentsystenrecognizegeometricshapeslines,
text regions,andarrovheadsandit providesauserinterface
to modify interpretationandedit components.

For futurework, UDSI's vision-baseapproachof recog-
nition shouldbeevaluatedn anon-linesystemon aninstru-
mentedtabletcomputer This will allow UDSI to provide

somereal-timefeedbackif usersbegin to drav shapeghat
thesystemwill beunableto recognizeatall, whichis arisk
of the purelyoff-line approach.
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