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Abstract

We presenta novel approachto creatingstructureddia-
grams(suchas�o w chartsor objectdiagrams)by com-
bining an off-line sketch recognitionsystemwith the
user interfaceof a traditional structuredgraphicsedi-
tor. Our system,calledUDSI (user-directedsketchin-
terpretation),aims to provide drawing freedomby al-
lowing theuserto sketchentirelyoff-line usinga pure
pen-and-paperinterface.Theresultsof thedrawing can
then be presentedto 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 user's polishing
stage. The UDSI programusesa novel recognition
architecturethat combineslow-level recognizerswith
domain-speci�cheuristic�lters anda greedyalgorithm
thateliminatesincompatibleinterpretations.

Intr oduction
UDSI (User-DirectedSketchInterpretation)is anew system
for creatingstructured,box-and-linediagramsthat is based
on understandinghand-drawn sketches. Unlike other sys-
temsthatrequiredevicesthatcancapturestrokeinformation
while theusersketchesthediagram,UDSI usesscannedim-
agesof sketches.Theuserpresentsa scannedsketchof the
diagramto UDSI andguidestheapplication's interpretation
of the sketch. The �nal result is a structureddiagramthat
canbeincorporatedinto technicaldocumentsor re�ned in an
existing structuredgraphicseditor. Theusercaniteratively
createthediagramusinga purepen-and-paperinterfaceun-
til theuseris satis�edwith thestyle,layout,andpositionof
thecomponentsof thediagram.

TheUDSI systemcombinesstandardalgorithmsfrom the
machinevision literature for �ltering, segmentation,and
shapedetection(Jain,Kasturi,& Schunck1995)with novel
algorithmsfor extracting text regions and recognizingar-
rowheads.Thesealgorithmsproduce(possiblycon�icting)
interpretationsof thescannedsketchthatarecombinedus-
ing an elimination algorithm to producenot only the best
candidateinterpretation,but also multiple alternative in-
terpretations.Thesealternativesare presentedto the user

Copyright c
�

2004, American Associationfor Arti�cial Intelli-
gence(www.aaai.org). All rightsreserved.

througha novel userinterfacethatallows theuserto select
alternative interpretationsthatthesystemhasgenerated.

Figure1: Original pen-and-papersketch (top), and recog-
nizeddiagrampartiallyeditedby theuser(bottom).

The goal of UDSI is to provide the userwith a natural,
paper-basedinterfacefor creatingstructureddiagrams.Most
existingsketchrecognitionsystemsareon-linesystemsthat
requirea sketchtabletor tabletPC to recognizethe user's
strokes.Instead,UDSIallowstheuserto createsketchesoff-
line usingpenandpaper. Our rationaleis that thoughtablet
computersrepresentanextraordinaryopportunity, adoption
ratescontinueto lag, while adoptionratesfor low-costim-
ageaquisitiondevices(scanners,digital cameras,andcam-
eraphones)continueto soar. Wearguethatit is worth inves-
tigatingoff-line recognition,evenif we mustsacri�ce some
amountof accuracy andprecision. It is worth noting that
our recognitionapproachwould alsobe usableon a tablet
PC,usingimagepixelsinsteadof stroke information.

Therestof thispaperisorganizedasfollows.Firstwesur-
vey relatedwork in sketchunderstanding.Next we present
thelow-level recognitionalgorithmsthatdetecttext regions,



rectangles,diamonds,circles,andarrows. We thendescribe
how the outputsof theselow-level recognizersare com-
binedto form aglobalinterpretationof thesketch.Next, we
presentthe graphicaluserinterfacethat allows the userto
edit the sketchandchoosefrom alternative interpretations.
Finally, we describea userstudyandreportmeasurements
of recognitionaccuracy.

RelatedWork
This sectionbrie�y reviews relatedwork in sketch under-
standingandsketchediting.Previousresearchin sketchun-
derstandinghasgenerallychosenoneof two paths: online
interfacesthatrequireaninstrumenteddrawing surfacethat
capturesstroke information;or off-line interfacesthatallow
the userto sketchusingpen-and-paper. Most recentwork
has chosenthe online approach. Among the online sys-
tems,we will focuson systemsfor recognizingstructured
box-and-linediagrams,sincethis is thedomaintargetedby
UDSI.

Lank et al (Lank, Thorley, & Chen 2000) usedonline
stroke informationto recognizeUML diagrams.UML sym-
bolswererecognizedby heuristicssuchasstroke countand
the ratio of stroke lengthto bounding-boxperimeter. Like
UDSI, the Lank systemtries to distinguishbetweenUML
symbolsand characterdata. Its user interfaceallows the
userto correctthe systemat eachstageof understanding:
acquisition,segmentation,andrecognition.

Tahuti (Hammond& Davis 2002) is anotheronline sys-
temfor UML diagramrecognition,whichusesbothgeomet-
ric andcontextual constraintsto recognizeUML symbols.
Tahuti is non-modal:userscaninterleave editinganddraw-
ing with nomodeswitching,whichrequireseditinggestures
to bedistinguishablefrom sketchedsymbols.

Denim(Lin et al. 2000)is anonlinesystemfor informal
sketchingof websitedesigns,in which theusercansketch
boxesto representwebpagesandlinesto indicatelinks be-
tweenthe pages. Different kinds of links are recognized
basedon their context, ratherthanon their shape. Denim
usesa unistroke recognizer(Rubine1991),soeachsymbol
mustbesketchedwith a singlestroke.

Sezginetal (Sezgin& Davis 2001)havecreatedanonline
systemthat recognizesgeometricprimitives. The system
usesathree-phasetechnique(approximation,beauti�cation,
basicrecognition)to transformsketchesinto sharpeneddia-
grams. Its recognitionprocessusesshapeandcurvatureof
strokes,amongotherinformation.

Oneof theearliesttools in this category wasSILK (Lan-
day& Myers1995),whichrecognizedsketchesof userinter-
faces.Thesketchcouldthenbeconvertedinto aninteractive
demoof thesketchedGUI.

Jorge and Fonsecapresenteda novel approachto rec-
ognizing geometricshapesinteractively (Jorge & Fonseca
1999), using fuzzy logic and decisiontreesto recognize
multi-strokesketchesof geometricshapes.

Researchon of�ine sketch interpretation,usingscanned
imagesof pen-and-paperdiagrams,is lesscommon. Val-
veny and Marti discussa method for recognizinghand-
drawn architecturalsymbols(Valveny & Marti 1999)using

deformabletemplatematching. They achieve recognition
ratesaround85%,but donotdiscusshow theusermightcor-
rectanincorrectrecognition.Ramel(Ramel1999)presents
a techniquefor recognizinghandwrittenchemicalformulas,
with a text localizationmodulethat extractstext zonesfor
anexternalOCRsystem.They alsousea globalperception
phasethat incrementallyextractsgraphicalentities. Their
systemachievesrecognitionratesof 95-97%,but asin Val-
veny andMarti, thereis no discussionof how theusercan
correctrecognitionerrors.

Perceptualediting,exempli�ed by ScanScribe(Saund&
Moran1994),is acollectionof userinterfacetechniquesfor
manipulatingscannedsketchesasif they werestructureddi-
agrams.Thesetoolsattemptto �ll thecurrentvoid in com-
puterediting tools thatprovide supportfor perceptualedit-
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�edstructureddiagram.

ShapeRecognition
UDSI's recognitionmoduletakesanimagebitmapandcon-
verts it to a set of geometricprimitives that are presented
to theuserin theGUI. Our systemrecognizestext regions,
rectangles,diamonds,circles,andarrowheads.

Sketchrecognitionproceedssequentiallythroughseveral
steps:imagesmoothing,segmentation,text/shaperecogni-
tion, andgenerationof alternatives. At theendof this pro-
cess,thesystemcontainsaninitial interpretationandasetof
alternative interpretations.The initial interpretationis then
automaticallyalignedusingrelationshipsinferredfrom the
diagram.

Smoothingand Segmentation
Image acquisitiondevices introducesome noise into the
sampledimagebitmap of the original sketch. Becauseof
this, UDSI usesan image �lter to preprocessthe image
bitmapbeforepassingit to thecoreof thesegmentationpro-
cess. We usea discretegaussian�lter to smoothout the
noisebecauseit is rotationallysymmetricandthereforewill
notbiassubsequentline pixel detectionin any particulardi-
rection (Jain, Kasturi, & Schunck1995). We empirically
determinedtheoptimal�lter sizebasedonthesampleof im-
agescollectedfromapilot userstudy. Thisoptimal�lter size
is dependentonthesizeof theimage,andalsotheresolution
atwhich theimagewasscanned.For all of theexperiments,
the sketchesweredrawn on 8.5x11paper, scannedat 100
dpi, andthresholdedto black-and-white.For theseparame-
ters,we foundthat theoptimal �lter sizeis 3x3 pixels. The
reasontheoptimal�lter sizeis small is becausethescanned
imagesarealreadyhighly thresholded;therefore,not much
smoothingis neededfor accurateline detection.Thetrade-
off whenchoosing�lter sizeis thatthelarger�lter smoothes
out moreof the noise,but at the expenseof imagedetails
thatwould improvetheprecisionof therecognizers.

The outputof the �lter is a smoothedimagebitmapthat
is presentedto thesegmentationstep,which �rst computes
the line pixelsof the image.Segmentationis accomplished



throughthe following steps:Canny line detection,contour
following, line splitting,andsegmentmerging. Standardal-
gorithmswereusedfor thesesteps(Jain,Kasturi,& Schunck
1995). The outputof the segmentationstepis a setof line
segmentsthatareusedby theindividual recognizers.

Text Recognition
UDSI doesnot implementcharacterrecognition,but it does
locatetext regionsthatit presentsto theuseraseditabletext
�elds. Denseregions of short line segmentsare assumed
to be text regions. Theseregionsarefound usinga simple
mergingalgorithm.For eachsmall line segment,thesystem
scansfor othersmallsegmentsthatarewithin asmallneigh-
borhoodof thegivensegment.If thetwo segmentsareclose
enough,thenthesystemmergesthetwo segmentsinto asin-
gle text region. This algorithmcontinuesuntil the system
canno longermerge any recognizedtext regions. Finally,
thealgorithmdropstext regionscontainingfewer segments
thana �x ed threshold.This thresholdwasdeterminedem-
pirically to beat leastthreesegmentspertext region,but this
valueseemsto bevery sensitive to thetext sizeandtheres-
olution of the input image. An exampleof text recognition
is shown in Figure2.

Figure2: Text recognition.Original imageshown with rec-
ognizedtext rectanglesdrawn in. Mostof thefalsepositives
(arrowheads,circle arcs)are�ltered out later by global in-
terpretation.

Corner Detection
Right-anglecornersaredetectedin orderto �nd rectangles
anddiamonds.Cornerdetectionis accomplishedby search-
ing for pairsof segmentsthatapproximatelymeetandtest-
ing that the anglebetweenthem is approximately90 de-
grees. Cornersare then classi�ed as axis-alignedor non-
axis-aligned; axis-alignedcornersareusedby therectangle
recognizer, andnon-axis-alignedcornersareusedby thedia-
mondrecognizer. A doublethresholdis usedsothatacorner
canbeclassi�edasbothtypesif it is in betweenthethresh-
old values(Figure3).

RectangleRecognition
Rectanglesaredetectedusingthe following algorithm: if a
corneris (approximately)horizontallyalignedand(approx-
imately) vertically alignedwith two other corners,then a

Figure3: Resultsof cornerdetection.Cornersthatwill only
beusedby oneof therecognizers(eitherdiamondor rectan-
gle) areshown asun�lled circles;cornersthatwill beused
by bothrecognizersareshown as�lled circles.

rectangleexiststhatspanstheareaof thethreecorners.This
algorithmcangeneratefalsepositivessinceit only requires
three cornersto producea rectangleinterpretation,but it
generallyproducesall truepositives.Falsepositivesare�l-
teredoutby theheuristicsandgreedyeliminationalgorithm
describedbelow. Ourapproachto shaperecognition,in gen-
eral, follows the samepattern: try to generateall true pos-
itives,even if it involvesgeneratinga fair numberof false
positives,aswell. Therearetwo reasonsfor doingthis: (1)
if the true positive is missed,then thereis no way subse-
quentstepscanever achieve completerecognition,and(2)
userscan more easily deletea falsepositive than createa
(missed)truepositive.

In orderto improve the accuracy of the rectanglerecog-
nizer, two modi�cations to the simplealgorithmdescribed
above weremade. The �rst is describedin Figure4. This
�gure shows two setsof corners. The un�lled cornersare
alignedappropriately, but a rectangleis not recognizedbe-
causeoneof the cornerspointsoutwards. The setof �lled
corners,on the other hand, representan initial rectangle
recognition.This rectangle,however, will not make it into
theglobalinterpretationbecauseit will be�ltered duringthe
greedyeliminationalgorithm(describedbelow).

Diamond Recognition
Diamondrecognitionis analogousto rectanglerecognition:
if a corneris (approximately)alignedwith anothercorner
alongthey=x axisandis also(approximately)alignedwith a
corneralongthey=-x axis,thenadiamondexiststhatspans
the areaof the threecorners.As with the rectanglerecog-



Figure4: Rectanglerecognition.Theun�lled cornerscon-
stitutea rectanglethat is not recognizedbecauseoneof the
cornersis facingoutwards. The �lled cornersconstitutea
rectanglethatis recognized(albeitincorrectly).

nizer, thediamondrecognizergeneratessomefalsepositives
(thoughlessfrequentlythantherectanglerecognizer),but it
generallygeneratesall true positives. Choosingamongthe
falseandtruepositivesis deferreduntil the�ltering stage.

Cir cleRecognition

Circle recognitionis doneby a modi�ed Houghtransform
algorithm (Ballard 1981). The conventionalHough trans-
form for circledetectionusesavoting technique.Eachedge
pixel in theimagecontributesa votethat it belongsto a cir-
clewhosecenterliesona line passingthroughthepointand
perpendicularto theedge(asdeterminedby thegradientan-
gle at that point). Whena centerpoint andradiusreceives
enoughvotesfrom edgepoints,it is recognizedasacircle.

Our modi�ed algorithm usessegmentsinsteadof edge
pixels. The accountingstepcontinuesto �nd centerpoints
andradiusvalues,but insteadof usingall edgepointsand
gradientangles,thealgorithmusesonly eachsegment'sper-
pendicularbisector. To visualizewhat thealgorithmis do-
ing, imaginesegmentinga circle, andthenextendinglines
alongeachsegment'sperpendicularbisector(Figure5). Ar-
easof closeintersectioncorrespondto approximatecircle
centerpoints,andtheaveragedistancefrom thecenterpoint
to eachof thesegmentsis theapproximateradiusof thecir-
cle.

This algorithmhastwo advantagesover theconventional
pixel-basedHough transform. First, it is faster, because
therearefar fewersegmentsthanpixelsto process;andsec-
ond,it tendsto producefewer falsepositivesin practice.

Arr ow Recognition

Arrow recognition is implementedusing a modi�ed ver-
sion of the algorithm describedby Hammond(Hammond
& Davis 2002). For simplicity, UDSI's algorithmcurrently
recognizesline arrowheadsand �lled trianglearrowheads,
but notopentrianglearrowheads.

Figure 5: Circle detectionusing a modi�ed Hough trans-
form, which recognizescircles by usingperpendicularbi-
sectorsof constituentsegments.

Performance
Thealgorithmsdescribedabovearepolynomialsearchalgo-
rithmswherethesearchspaceis thesetof segmentsgener-
atedfrom the segmentationstep. Thesesearchalgorithms
arenot particularlyfast,but we have foundthe inef�ciency
to benegligible in practicesincethesealgorithmssearchin
segmentspaceinsteadof pixel space.In practice,the time
spentin theGaussian�lter andsegmentationphases(which
arealgorithmsthatscalelinearly with thenumberof pixels
in theimage)is approximatelyequalto thetimespentin the
remainderof therecognitionmodule(wherethealgorithms
scalequadraticallyorcubicallywith thenumberof features).

Global Inter pretation
After therecognitionphase,thesystemhasgeneratedasetof
recognizedshapes,segments,arrowheads,andtext regions
from theoriginal image.The�nal stepis to �lter thesetof
recognizedobjectsto createaninitial interpretationandaset
of alternative interpretations.Becauseall of therecognizers
havea low falsenegativerate(meaningthatthey rarelymiss
truepositives),this stepcanbeimplementedpurelyasa �l-
tering process.Therearetwo typesof �ltering that occur:
(1) heuristic�ltering thatusesdomain-speci�cinformation
to eliminateglobalinterpretationsthatdonotsatisfydomain
constraints,and (2) greedyelimination to choosethe best
interpretationamongcompetinglocal interpretations.These
two typesof �ltering arediscussedin greaterdetailbelow.

Heuristic Filters
Recognitionratesimprovewith theuseof heuristic�lter s—
domain-speci�c�lters that usedomain-speci�cconstraints
to discardnon-conforminginterpretations.For example,the



domainof box-and-linediagramsdoesnot useoverlapping
shapes;therefore,if the shaperecognizersindependently
recognizethesameareato containtwo differentshapes,then
aheuristic�lter (representingtheheuristic“shapeareascan-
not overlap”) canchoosethe shapewith highercon�dence
and relegatethe other shapeto an alternateinterpretation.
Wehavefoundthreeheuristicsto beusefulin increasingthe
recognitionrates.

The�rst heuristic�lter implementsthe“shapeareascan-
not overlap” heuristic. Figure6 graphicallydescribeshow
this �lter behaves.Shapesthatoverlaparenotallowedin the
domain;therefore,if shapeareasoverlapthesystemchooses
theshapewith a highercon�dencevalue.

Figure6: The “shapeareascannotoverlap” heuristic�lter .
Herethecirclesarerecognizedwith lowercon�dencevalues
thanthe rectangleanddiamond;therefore,they will not be
includedin theinitial interpretation.

Thesecondheuristic�lter implementsthe“line segments
cannotintersectshapeareas”heuristic. This is similar to
the previous �lter , except that insteadof comparingshape
con�dencevalue,it just looksfor recognizedline segments
within recognizedshapeboundaries.In Figure7, the light
segmentsrepresentsegmentsthatwill bethrown out by this
heuristic�lter . Thedarksegmentswill bethrown outduring
greedyeliminationbecausethey arepartof thecornersthat
makeup therecognizeddiamond.

Figure7: The “line segmentscannotintersectshapeareas”
heuristic�lter .

The �nal heuristic �lter implementsthe “line segments
cannotintersecttext rectangles”heuristic.Thisheuristicen-
suresthatmid-lengthsegmentsthatareinsidetext rectangles
arenot included. In pilot tests,usersreportedthat they had
troubleseeingtheseextrasegmentsandthatthey werefrus-
tratedthatthey hadto deletethem.

The �nal heuristic �lter implementsthe “line segments
cannotintersecttext rectangles”heuristic.Thisheuristicen-
suresthatmid-lengthsegmentsin handwrittentext thatmay
be missedby the text recognizer(suchasthe descenderof

the letter y in Figure8), arenot includedin the �nal inter-
pretation.In pilot tests,usersreportedthatthey hadtrouble
seeingtheseextrasegmentsandthatthey werefrustratedthat
they hadto deletethem.

Figure8: The “line segmentscannotintersecttext rectan-
gles”heuristic�lter .

GreedyElimination Algorithm
The�nal stageof thesketchrecognitionmoduleselectsthe
bestglobal interpretationandgeneratesalternative interpre-
tations.Eachof theshaperecognizersdescribedabovepro-
ceedsindependently, andassignsa con�dencevaluewhen
it recognizesa shape,aswell asmarkingeachrecognized
shapewith theconstituentsegmentsthatwereusedto form
thehypothesis.A straightforwardgreedyeliminationalgo-
rithm is usedthat �rst sortsall interpretedshapesby con�-
dencevalue,andproceedsdown this list oneshapeata time
to build up a global interpretation. When we encountera
shapethatsharesany line segmentswith ahigher-con�dence
shapethathasalreadybeenselected,thenew shapeis elimi-
natedfrom theinitial interpretation,andinsteadrecordedas
analternateinterpretationof thehigher-con�denceshape.

This algorithmcanbe modi�ed alongseveral interesting
dimensions. Insteadof greedily eliminating a shapethat
sharesany segmentswith a previouslychosenshape,theal-
gorithmcaneliminatea shapeonly if all of its segmentsare
sharedwith previouslyrecognizedshapes.For example,this
would allow aninterpretationin which two adjacentrectan-
glesshareanedge.This analysisis left for futurework.

The greedyelimination algorithm provides an effective
�lter amongthe falseand true positives because,in prin-
ciple, the true positives shouldbe recognizedwith higher
con�dencelevels. They arethereforeselected�rst, andthe
falsepositivesareeliminatedbecausetheirsegmentsoverlap
with previouslychosenshapes.

Alignment Module
Oncetheglobalinterpretationhasbeengenerated,theappli-
cationattemptsto sensiblyalign thecomponents.Thepur-
poseof this alignmentmoduleis to make lines andshapes
thattheuserhasapproximatelyalignedin heroriginalsketch
exactly align in the initial interpretation. We developed
heuristicsfor whenlines closeto shapesactuallyrepresent
connectionpoints, andalsofoundthresholdsfor whento de-
cide to make linesvertical/horizontal.Becauseit is impor-
tant to maintainconnectionpoint relationshipswhile align-
ing linesandshapes,thealignmentmodulemustef�ciently
solve systemsof linearconstraints,which it doesusingthe



simplex solver in Cassowary (Badros,Borning, & Stuckey
2001).

User Interface

TheUDSI graphicaluserinterfacecombinesmany features
from standardgraphicseditors(move-to-back/front,drag-
select,multiple-selection,connectionpoints)with a medi-
ationinterfaceto selectfrom alternativeinterpretations.The
resultis a GUI that looksandfeelslike a standardgraphics
editor thathasbeenslightly instrumentedto take advantage
of recognitioninformation to help guidethe user's editing
process.Theuserinterfacewasimplementedentirelyusing
Java Swing.

SinceUDSI currentlylackshandwritingrecognition,one
important task for the user is editing the text labels from
the default (“abc”) to the desiredtext. The userinterface
optimizesfor this taskby allowing a singleclick on a text
labelto put it into editingmode.

Another major task of the user interface is correcting
recognitionerrors. UDSI offers a mediationinterfacethat
presentsalternateinterpretationsof partsof thesketch.This
interfaceis displayedwhenever theuserselectsa shapethat
might have alternateinterpretations(Figure 9). This is a
choice-basedmediator(Mankoff, Hudson,& Abowd 2000).
The othertypical strategy for error correctionis repetition,
which is donein UDSI by deletingthe incorrectinterpreta-
tion andcreatingthecorrectshapesusinggraphicalediting
tools. Although choosingan alternative interpretationcan
save time over deletingandrecreatingshapes,userstudies
revealedthat usersrarely usedthe choice-basedmediator,
preferringto deleteandrecreateinstead.

Figure9: Userselectionof ambiguousshapetriggeringdis-
playof alternateinterpretations.

Evaluation

UDSI wasevaluatedby a userstudyandby measuringits
recognitionaccuracy onusers'sketches.Thissectionbrie�y
describestheseevaluations.More detail canbefoundelse-
where(Notowidigdo2004).

UserStudy

A userstudywasconductedto compareUDSI with a con-
ventionalstructuredgraphicseditor, Microsoft PowerPoint.
The study involved 21 participants,rangingfrom 19 to 33
yearsold, evenly divided betweenmenandwomen. Two-
thirds of participantsdescribedthemselvesas experienced
with PowerPoint;the resthadlittle or no PowerPointexpe-
rience. No tutorialsweregiven for eitherUDSI or Power-
Point.

Eachuserwasaskedto produceone�nished diagramwith
UDSI (drawing it on paper, scanningit, andthencorrecting
therecognition)andonediagramwith PowerPoint.Thede-
sired diagramwas describedby a simple formal language
consistingof statementslike “Circle C1, RectangleR1, C1
pointsto R1”, sothattheir sketcheswould not bebiasedby
copying adiagram.Usersweregivenawarmuptaskprior to
theexperimentto familiarizethemwith theformallanguage.
Both tasksproducedsimilar diagrams,usingthesamenum-
berof eachkindsymbol(circles,diamonds,rectangles,�lled
arrows, plain arrows, andlabeledlines), with a total of 11
symbolsand7 text labelsin eachdiagram. The ordersof
the diagramsand interfaceswere randomizedto eliminate
learningeffects.

TheuserstudyfoundthatUDSIwasslightlysloweronav-
eragethanPowerPoint(6 min 8 secto createadiagramwith
UDSI vs. 5 min 23secfor PowerPoint).However, whenthe
�nished diagramswereevaluatedby a panelof judges(re-
cruitedin thesamewayasusers,andnot told how eachdia-
gramwasproduced),theUDSI diagramswereratedsigni�-
cantlyhigherin alignmentandoverallquality(Notowidigdo
2004).We discusssomepossiblereasonsfor this difference
below.

RecognitionAccuracy

Recognition accuracy was evaluated using a set of 25
sketchescollectedfrom users(the21usersin theuserstudy
plus 4 pilot users).Eachsketchimagewaspassedthrough
low-level recognitionandglobal interpretationto producea
�nal structureddiagram. The falsepositive rate ��� is cal-
culatedby dividing the numberof incorrectly recognized
shapes(shapesthat appearin the recognizeddiagrambut
not in the original sketch)by the numberof shapesin the
original sketch. The falsenegative rate ��� is calculatedby
dividing thenumberof shapesthatfailedto berecognizedby
thenumberof shapesin theoriginal sketch.Table1 reports
theaggregatefalsepositiveandfalsenegativeratesfor vari-
ousrecognizers(shapes,lines,andtext regions).For several
images,the falsenegative ratesarezero,which meansthat
all shapesin theoriginal sketchalsoappearedin therecog-
nizeddiagram.
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shapes 10.2% 7.3%
lines 25.4% 3.2%
text regions 70.7% 2.1%
overall 35.8% 4.3%

Table1: Averagerecognitionaccuracy. � � measuresfalse
positives(elementsincorrectlygeneratedby recognition,as
a fraction of original sketch elements),and � � measures
falsenegatives(elementsmissedby recognition,asa frac-
tion of original sketchelements).

Discussion
As theseresultsshow, recognitionin UDSI isbiasedstrongly
toward falsepositives. Both kindsof errors(falsepositives
and falsenegatives)requireeffort from the userto correct
theerror. To correcta falsepositive,theusermustdeletethe
shapefrom thediagram.For a falsenegative, theusermust
createtheshapefrom scratch.Thetotalamountof effort that
theusermustexert to correcttherecognizeddiagramis thus
aweightedsumof thefalsepositivecorrectionrateandfalse
negativecorrectionrate.Futurework canattemptto actually
estimatetheweights,but from observationsmadeduringour
userstudy, we believe that falsepositivesareeasierto cor-
rectthanfalsenegatives.

Text recognition,in particular, producesmany falsepos-
itives. For every text region correctlyrecognized,thereare
.707text regionsthatarealsofalselyrecognized.This sug-
geststhat betterrecognitionandbetter�ltering areneeded
to improve the performanceof the text recognitionmod-
ule. Onepossibleimprovementwould be to includemore
domain-speci�cheuristics;anothermight be to incorporate
handwritingrecognition,which would help�lter out unrec-
ognizabletext regions.

The user study showed that UDSI producedhigher-
quality diagramsthan PowerPoint, at the cost of slightly
moretime. ThisdifferenceispartlyduetoUDSI'salignment
module,whichautomaticallyimprovesthealignmentof the
diagram.Anotherreasonfor thedifference,deducedby ob-
servingusersin thestudy, is thattheUDSI approachencour-
agesmore careful planning and whole-diagramiteration.
Severalusersdrew morethanonepen-and-papersketchwith
UDSI, delayingscanningand recognitionuntil they were
satis�ed with the overall layout. In contrast,PowerPoint
usersnever iteratedtheir diagramsfrom scratch,andsome
usersfound rearranginga badlayoutso time-consumingin
PowerPointthatthey appearedto justgiveup.

Conclusion
We presenteda novel approachto creatingstructureddia-
gramsby combiningan off-line sketchrecognitionsystem
with theuserinterfaceof atraditionalstructuredgraphicsed-
itor. Thecurrentsystemrecognizesgeometricshapes,lines,
text regions,andarrowheads,andit providesauserinterface
to modify interpretationsandedit components.

For futurework, UDSI's vision-basedapproachof recog-
nition shouldbeevaluatedin anon-linesystemonaninstru-
mentedtabletcomputer. This will allow UDSI to provide

somereal-timefeedbackif usersbegin to draw shapesthat
thesystemwill beunableto recognizeat all, which is a risk
of thepurelyoff-line approach.
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