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ABSTRACT

The human visua system makes agreat deal more of images
than the elemental marks on a surface. In the course of view-
ing, creating, or editing apicture, weactively construct a host
of visua structuresand relationshipsas components of sensi-
bleinterpretations. Thispaper showshow some of these com-
putational processes can be incorporated into perceptually-
supported image editing tools, enabling machines to better
engage users a the level of their own percepts. We focuson
the domain of freehand sketch editors, such as an e ectronic
whiteboard application for a pen-based computer. By using
computer vision techniquesto perform covert recognition of
visua structure as it emerges during the course of a draw-
ing/editing session, aperceptual ly supportedimageeditor gives
users access to visua objects asthey are perceived by the hu-
man visua system. We present aflexibleimageinterpretation
architecture based on token grouping in a multiscale black-
board datastructure. Thisorgani zation supportsmultipleper-
ceptual interpretations of line drawing data, domain-specific

knowledgebasesfor interpretablevisua structures, and gesture-

based sel ection of visua objects. A systemimplementing these
ideas, called Per Sketch, beginsto exploreanew space of WYPI -
WYG (What Your Perceive Is What You Get) image editing
tools.

KEYWORDS: imageediting, graphicsediting, drawingtools,
sketch tools, interactive graphics, pen computing, gestures,
machine vision, computer vision, perceptual grouping, per-
ceptual organization, token grouping, scal e space blackboard
WYPIWY G, PerSketch.

INTRODUCTION

Drawingisaninteractiveprocess. Whether on paper or acom-
puter screen, the physical marks appearing on a surface sup-
port the recognition and discovery of relationshipsand struc-
turesthat had moments before been only latent in the imagi-
nation. After executing afew strokes, one takes note of new

possibilitiesaswell asproblems. Then onedraws somemore,
either by adding to or changing the existing marks, and so on.
Thus, as perceived by the user, the structure of a drawing is
emergent and dynamic. In order fully to participate in this
process, anideal drawing editor tool would be abletoread the
user’smind (hisvisual systemin particular) and synchronize
with whatever image entitiesthe user happensto perceive as
significant. While we cannot build such an ideal device, we
can adopt methods from Computational Vision to construct
and make available, within an image editing program, rich
sets of visua objects that better reflect the coherent spatia
structuresthat users are likely to perceive and want to manip-
ulate[5]. Wecall theresulting class of perceptually supported
tools WYPIWYG (What You Perceive |s What You Get) im-
age editors.

We explorethisideawithinthe context of freehand line draw-
ing editorsin which the user manipulates “digital-ink” in an
Electronic Whiteboard or Electronic Sketchpad application.
Underlying our approach are several goals for this class of
systems|[6, 8] The user interface must be transparent and im-
mediately accessible, with increased functionality coming in
layers that the user can either acquire or not: one should be
abletowalk up and just draw, obliviousto whatever the com-
puter underneath isdoing. The user shouldn’'t have to worry
about whether the computer recognizes something correctly
or not. Most work should be done directly on the drawing
(e.g. without having to deal with menus).

Existingimage editing programsare of twotypes. Paint-style
programs let one create any possible image, but at the cost
of working at the level of either individua pixelsor, at best,
crudely defined collections of pixels. Sructured graphics-
style programs| et one create abstract objects, such asellipses
and rectangles; but once created these objects must be dealt
withliterally and cannot be dissembled or composed into new
objects. Inboth casesthe grain size of user-accessible objects
rigidly constrainsthe set of image modifications easily avail-
abletotheuser at any giventime. Itiscommonplacefor users
to experience frustration when they want to make apparently
simple changes to an image that the editing toolsjust do not
allow them to perform.

Existing digital-ink-based drawing systems most closely re-
sembl e structured graphicseditors. The unitsof manipulation



are strokes, defined by the path of the pen from the time it
touchesthe surface of thedisplay until itislifted. Often, how-
ever, users wish to manipulate not the strokes as they were
originaly drawn, but objects emergent from the raw mark-
ings. See Figure 1.

The issueis: what happens when perceptually salient struc-
ture occurs at the leve of (1) fragments of ink strokes, or (2)
collections of several strokes? Few existing systems address
thesepossibilities, although some high-end commercia graph-
icseditors(not ink-based systems per se) do permit such struc-
tureto bemade explicit through acumbersome process of con-
verting curvesto asplinerepresentation, sel ecting breakpoints,
fragmenting thecurves, sel ecting fragments, then reconstruct-
ing new curves.

Our work borrows from computer vision in two ways to sup-
port user access and manipul ation of visually apparent struc-
turein the course of creating and editing drawings. First, we
empl oy techniquesof perceptual organization by token group-
ing first to decompose ink-based strokes into primary units,
and then reassembl e these into coherent composite objectsin
the fashion of Marr’s Primal Sketch [3]. To reflect the some-
times ambiguousand often goal -di rected nature of human per-
ception, our methods support multiple overlapping interpre-
tationsof the primitiveimage data. Second, we employ shape
modeling, shape recognition, and curvetracing techniquesin
support of astraightforward gesture-based method for the user
to select which visual object or objects he or she intends to
edit.

The image editing paradigm follows conventional

draw/sel ect/modify user interactions. The penisinoneof two
primary modes which are toggled by button press. In DRAW
mode the pen simply lays down ink on the surface, which re-
sultsthe creation of strokeobjects. In EDIT mode existingink
objects are deleted, moved, copied, rotated, and so forth, ina
two-step process: (1) Select theobject(s) to be edited; (2) Per-
formtheactua deletion, copy, or transformation operationon
the selected object(s).

Our system, called PerSketch, is currently implemented as a
research prototypein CommonLisp runningon SymbolicsLisp
Machines and on Sun workstations under Lucid Lisp. The
system is not optimized for speed, and currently presents a
delay ranging from one quarter of a second to afew seconds
to process each stroke as it is input, depending on drawing
complexity in the vicinity of the newly added stroke. Thisis
fast enough to support many graphical editing tasks but istoo
slow for unimpeded handwriting. The system has not been
used by alarge number of people. Itsintent however isnot for
production use but as avehicle to explore extensionsto exist-
ing el ectronic whiteboard systems such asthe Tivoli drawing
program [8] which does have a substantial user community.

MAINTAINING PERCEPTUAL INTERPRETATIONS
Motivation

Out of thearray of light and dark elements comprising anim-
age, the human visua system constructs a richly articulated
description across multiple spatial scales and multiplelevels
of abstraction. Our objectiveisto mimic these processes to
some significant degree in data structures and procedures op-
erating covertly to the user, but reflecting the salient spatial
structureshisvisual systemislikely tobe constructing. These
structures serve as a resource for evaluating users' later ob-
ject selection commands, which often make reference to ab-
stract entitiesintheimage. Theearly, middle, and later stages
of human visual processing each exploit awealth of prior as-
sumptionsand knowledgeabout thevisua world. These sources
of constraint and their counterpartsin our system are summa:
rized in Table 1.

To date we have concentrated on image analysis support for
sketch editing at the intermediate level of perceptual organi-
zation, that is, groupingsof ink fragmentsthat form coherent
chunksasaresult of curvilinear alignment, parallelism, coter-
mination, closure, or other straightforward, but spatialy sig-
nificant properties. Higher-level object recognition accord-
ing with the semantics of particular drawing domains relies

on knowledgeof domain specific groupingrules, e.g. for schematic

diagrams|[2, 10], mechanica drawings[1], or chemical illus-
trations [7]. These recognition techniques fit into our archi-
tecture in principle but have not been incorporated as yet.

System Organization

The PerSketch system design is grounded in the fundamen-
tal representational e ements of symbolictokens, which make
explicit the presence of and properties of visual structurein
the image. Tokens possess attributes of :

type of structure denoted

spatial location

orientation

scaleor size

pointersto supporting tokens or data

pointersto supported tokens

additional type-specific propertiessuch ascurvature, aspect
ratio, stroke width, and so forth, as applicable

The general principle of operation isthat, as a sketch is cre-
ated and modified, image analysi sroutinesare constantly work-
ing behind the scenes to dynamically maintain an up-to-date
multilevel description of visual structure present in the cur-
rent image, represented in terms of tokens. A number of data
structures and computational resources are employed to sup-
port this process; Figure 2 portrays the major components.

Object Lattice: In general, human users are capable of at-
tending to any of severa aternative interpretations or pars-
ings of a given image depending upon their immediate tasks
goals, surrounding context, and other cues. For example, in
Figure 1 (Pand 3), onecan readily focuson either the sausage
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1. Create rectangle and circle.

D

3. Move half-circle to other end of rectangle.

LD

2. Move circle atop rectangle.

)

4. Remove vertical sides of rectangle.

Figure 1: A sequence of drawing creation and transformation steps easy to visualize and describe, but not supported
under conventional structured graphics or “ink” drawing editors.

or therectangle. To which does the top stroke fragment be-
long? We maintain that the set of identifiably plausibleinter-
mediate level objects maintained by a perceptually supported
image editor should reflect therich and overlapping set of co-
herent perceptual chunks discovered or discoverable by the
human visua system. To this end, tokens are conceived as
forming an Object Latticethat rel ates perceptua objectsacross
levels of abstraction. Figure 3 illustrates.

Atthelowest levelsinthehierarchy, tokensrepresent e emen-
tal curve fragments, which congtitute PRIME objects. At the
higher levels, each comPOSITE object reflects a collection of
PRIME Or COM POSITE objectsthat formsa sensiblechunk ac-
cording to some rule of perceptual organization. The lattice
nature of thisorganization providesfor aternativeinterpreta
tions of the primary data, that is, a given PRIME object may
participate in the support of more than one COMPOSITE ob-
ject.

Token Grouping Procedures: ComPOSITE objectsareplaced
inthe Object Lattice one by one as coherent structureisiden-
tified by an open-ended and extensible set of token grouping
procedures. Thus far we have found that substantial power
derivesfromarather modest set of rulesunderlyingthegroup-
ing procedures, consisting mainly of analysis of cotermina-
tionrelationsand alignment rel ationsamong tokensrepresent-
ing curvefragments. Noticein Figure 3 how cOMPOSITE ob-
jects emerge and are obliterated as the result of simple edit
steps. We have also designed rules for identifying closure,
paralelism, corners, and T-junctions; attemptsat buildingrules

for these and other structures can be found inthe computer vi-
sion literatureeg. [4, 9].

Scale-Space Blackboard: Perceptually coherent objects are
identified by virtueof qualifyingspatia configurationsof con-
gtituent tokens. The token grouping rules spend a great deal
of effort searching for and testingfor pairsand tuplesof PRIME
and coMPOSITE objectsthat satisfy respective conditionson
their spatia arrangements. In general a combinatoria explo-
sion couldresult fromtesting all combinationsof tokensagai nst
all rules. However, by and large, meaningful collections of
tokens will be specified as lying in a common spatial neigh-
borhood, and the grouping rules may be applied locally. The
combinatorics is managed by the use of a spatially indexed
data structure called the Scale-Space Blackboard. This per-
mits grouping procedures to perform enquiries of the form,
“Return al tokens of type T" within distance D of location
(z,y).” The Scale-Space Blackboard also indexes tokens by
sizesothat large scale structureis segregated fromsmall scale
detail. Spatial neighborhoods are defined not in terms of ab-
solute pixels, but instead in terms of a scale-normalized dis-
tance which assesses spatial proximity withrespect tothesizes
of theobjectsinvolved. Thisensuresthat likevisual structure
can beidentified consistently across all magnifications of any
given image. For detailssee [11].

Shadow Bitmap: For asketch editingapplication, PRIME ob-
jects consist of the smallest curve fragments not broken by
corners or junctions with other curves. Thus it routinely be-



Table 1: Knowledge used at different stages of the human visual system, and its counterparts in the

PerSketch drawing editor.

Processing Stage

Human Visual Processing

PerSketch

Early Vision:
Sensing

Assumptions about object cohe-
sion and the laws of opticslead to
hardwired edge, line and motion
sengitiveanayzers.

Premise of linedrawing editing re-
flected in a chaincode “ink” data
structure for curve primitives.

MiddleVision:
Perceptua Organization

Gestalt rules of perception guide
the segmentation and articulation
of coherent collections of image
components likely to reflect com-
mon underlying objects or pro-
cesses in theworld.

Gestalt-like rules operate to as-
sembl e coherent groupings of “to-
kens’ which represent individua
strokes or collections of strokes.

Later Vision:
Object Recognition, other tasks

Domain specific knowl-
edge of particular visua environ-
ments supportstagging of task and
goal -specific visual objects.

Open-ended sets of
domain-specific rulesconstruct se-
mantically significant drawing en-
tities such as specific shapes and
drawn objects.

Object Lattice

Scale-Space Blackboard

Token Grouping
Procedures

Rule Base

Displayed
Image

Figure 2: The major functional components of the PerSketch perceptually supported sketch editor.

Shadow Bitmap

Bitmap Spatial

Analysis Procedures
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Figure 3: The Object Lattice of PRIME objects (elemental curve fragments) and COMPOSITE objects (emergent figures)
underlying the sketch creation and editing steps of figure 1.



comes necessary, during the course of adrawing session, for
the system to break up an existing PRIME object when a new
stroke is drawn to cross it. To support the efficient discov-
ery of strokeintersections, a SHADOW BITMAP ismaintained
that depicts explicitly the paths of all strokesin the sketch.
Whereas theimage displayed to the user will show strokesin
their proper thicknesses as well as ancillary user interface -
ements, the shadow bitmap maintains only single pixel wide
“gpines’ of thecurvee ements. Whenever an intersectionof a
newly drawn stroke with an existing strokeis detected in the
shadow bitmap, it becomes an easy matter to check nearby
PRIME objectsinthe Scal e-Space Bl ackboard to discover which
token representsthe existing stroke, so that it can be removed
from the Blackboard and replaced with two smaller PRIME
objects bounded by the newly formed junction. The “Bitmap
Spatial AnalysisProcedures’ in Figure 2 support thisand other
similar functionsrel ated to anal yzing the proximitiesof curves
on the bitmap level.

Control Structure

In order to maintain aconsi stent i nternal representation of emer-
gent perceptua structureduring animage creation/editing ses-
sion, the PerSketch linedrawing editor obeysthecontrol struc-

tureshownin Figure4. Therounded boxesreflect the draw/sel ect/mc

loop apparent to the user.

Thebody of theimage analysiswork fallswithinthemodul es,
“Remove Objects From Image”’ and “ Add Objectsto Image.”
Figure3illustratestheinterna representationsunderlyingthe
scenario of Figure 1. When objectsare removed fromtheim-
age, their constituent PRIM E curve fragmentsare removed from
the Scal e-Space Blackboard and the Shadow Bitmap, and al
COM POSITE objectsinthe Blackboard that had been supported
by any of these PRIME fragments are removed as well. Fur-
thermore, PRIME objects remaining in the vicinity of newly
deleted PRIME Objectsaretested to see if they can be merged.
When objects are added to the image, the Shadow Bitmap is
checked for the creation of new junctions. Existing PRIME
objects are fragmented and replaced where necessary. Then,
the token grouping rules are applied to label newly emergent
COM POSITE objects.

Inthecurrentimplementationall perceptual organizationrules
are applied at each passthroughthecycle. Computational ex-
pense increases with the sophistication and scope of the ob-
ject recognition procedures, leading to a potential computa:

tional bottleneck as more domai n-specific knowledgeisbrought

to bear to recognize more abstract objects. However, the con-
trol structure easily extends to one in which processing re-
sources are alocated among the primary function of support-
ing real -time user interaction, and a secondary functionof iden-
tifying emergent spatial structure. In other words, as tech-
niquesfor sophisticated drawing recognition are refined, they
can be performed on an opportunistic basisin ared-timein-
teractive environment.

Select Object(s)

Draw Stroke
in Image

Remove Object(s)
from Image

Specify Desired
Transformation

4
Transform Object(s)

e

Add Object(s) to Image

Detect Corners
on Stroke

Figure 4: Program control structure underlying the
Draw/Select/Modify interaction loop apparent to the
user.

GESTURE-BASED OBJECT SELECTION

Motivation

The collection of marks comprising animage may giveriseto
numerous overlapping plausibleparsings and interpretations.
PerSketch’simage analysi s procedures and internal represen-
tations attempt to make the most salient emergent structure
explicitly avail able, but thisrai sestheissue of how theuser is
to specify to the system which particul ar interpretation he has
inmind at themoment. Gesturesare anatural communication
means for pen-based systems. The signal analysis problem
that arises by adopting gesture-based selection is one of in-
ferring the user’sintent in terms of the collection of identified
primitiveand abstract objects. Machinevisiontechniquesare
useful because they provide mechanisms for generating hy-
potheses reflecting structured models for signal data, and for
matching these hypotheses to observations.

Existing graphical object selection methods include pointing
and clicking/tapping at or near image objects, and encircling.
One problem with these techniques isthat they lead to ambi-
guity when there are multiple overlapping interpretations of
the visible marks. We wish to employ these techniques, but



also to augment them to leverage the multiple levels of vi-
sua structure made explicit by token-based perceptua orga
nization and domain specific object recognition procedures.
We offer two additional gesture selection techniques, plus a
framework for deploying a multiplicity of gesture selection
methods simultaneoudy and in cooperation with one another.

Pose Matching

Although the various abstract objects identifiablein a collec-
tion of curvilinear lines may overlap and share support at a
primitivelevel, each is characterized by itsown unique com-
bination of | ocationand shapeintheimage. A techniquecalled
pose matching enables users to select among objects by ex-

ploitingthedual propertiesof gesturelocation and gesture shape.

All theuser hasto do isto make a quick gesture that indicates
the approximate location, orientation, and elongation of the
intended object.

To each coMPOSITE object in the Scale-Space Blackboard
we assign aparametric model based onitslocation and shape.
At present we use afive degree of freedom pose model pos-

sessing the parameters, x-location, y-location, orientation, length,

and width. These parameters are assigned equiva ently tofit-
ting an oriented bounding box to the object, using the first
moment of inertiaabout the centroid to estimate orientation.
See Figure5a. Similarly, any curve comprising the path of a
selection gesture can be modeled by pose parameters in the
same way.

To compare object and gesture poses it is necessary to use a
nonlinear similarity measure that trades off distancewith con-
gruence in shape. It isinsufficient to use a linear similarity
measure such as Euclidian distance because, for example, dif-
ference in orientation parameters of two poses is significant
only when the aspect ratio of each isrelatively high, but be-
comesinsignificant when either object displayslow aspect ra-
tio. See Figure 5b. For any given selection gesture we rank
order abstract objectsresiding in the Scal e-Space Blackboard
according to the similarity measure and offer the most simi-
lar as the best guess of the object the user intends to select.
Figure 5cillustratesthat pose matching permits perceptualy
coherent objects to be selected with a single gesture despite
the presence of overlapping objects and clutter.

Path Tracing

A second method for gesture-based object selection alows
the user to select an arbitrarily composed curve by tracing an
approximate path over it. The agorithmidentifiesthe path of
curve fragments connected end-to-end that best matches the
path of the selection gesture. For any given chain of curve
fragments, a quality measure, or score, can be assigned as-
sessing the degree to which a given selection gesture path re-
sembl es that defined by the curves. Thisisbased on the frac-
tion of the selection gesture spanned by the chain, and thefit
of each congtituent curve fragment to the portion of the ges-
ture path it projects onto. See Figure 6a.

D F

Figure 6: a. Any partial path consisting of a chain of
PRIME curve fragments, e.g. path A-B, is assigned a
score assessing how well it accounts for the selection
gesture path (circular dots). The score is based on the
fraction p of the selection gesture spanned, and on the
maximum distance d between the selection path and
each constituent curve fragment. b. Dotted lines show
the path of end-to-end-linked PRIME curve fragments
chosen by the path tracing algorithm for a sample se-
lection gesture (circular dots).

We use adynamic programming algorithmto grow, one PRIME
curve fragment at atime, the best scoring chain of curvefrag-
ments that accounts for the sel ection gesture. At each step of
theagorithmalist of partial-chainsis maintained along with
their associated gesture matching scores, each chain begin-
ning with aPRIME object residing near the starting end of the
selection gesture. For each partia chainwe also notethebest-
possible-score that could be obtained if the chain were con-
tinued by a segment congruent with the remaining portion of
the selection gesture. Each step of the path growingalgorithm
addsonelink to the partial chain possessing the greatest best-
possible-score. Partia chainswhose best-possible-scoresfall
below the chain with the best actual score are pruned from
further consideration. The Scale-Space Blackboard isused to
efficiently find PRIM E objectslinked end-to-end with the end-
most PRIME curve segment of each partial chain. Figure 6b
presents the chain of PRIME curve fragments best matching a
selection path in a complex scene.
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Figure 5: a. A pose model capturing the location and rough shape of emergent objects is equivalent to fitting an oriented
bounding box around the object. The triangle and the selection gesture path (depicted with circular dots) share the same
pose parameters. b. Nonlinear pose similarity measure (actually a dissimilarity measure whose minimum value of O
occurs for identical poses). Dissimilarity is expressed as a soft OR function over differences in location, aspect ratio,
orientation, and scale. Satisfactory values for the free parameters are p; = .75 and p» = .4. c. Examples of selection
by pose matching. Selection gesture paths are depicted in circular dots, resulting selected objects are shown with dotted

lines.



Choosing Among Selection Methods

To givetheuser several methods for mapping a sel ection ges-
ture to one or more objects in an image would lead to awk-
wardness if the user had to perform an extra step to specify
among the selection methods available. Instead, we haveim-
plemented a simple means for the system to infer which se-
| ection method—ypoi nt-and-tap, encircling, pose matching, or
path tracing—isthe most apt interpretation of the current se-
lection gesture: Each time the user executes a selection ges-
ture, each object selection algorithm is runs independently.
Furthermore, each algorithmreturns not only itsbest guessas
to which object(s) the user intendsto select, but a so a confi-
dence score indicating its“belief” that the user isindeed se-
lecting by tapping, encircling, mimicing a pose, or tracing a
path, respectively. For example, if the two ends of the se-
lection gesture meet or form a small pigtail, then an encir-
cling can be asserted with fairly high confidence. The confi-
dence scores are compared to decide which sel ection method
to choose. Parameters for the confidence score estimation al -
gorithms are tuned by observing users and alowing for the
kinds of dop they tend to exhibit in pointing, circling, pose
matching, curve tracing, and so forth.

Example Use Scenarios

Figure 7 presents two scenarios for the kinds of situationsin
which perceptualy supported sketch editing leads to faster
and easier image modifications than are possible with con-
ventional ink editingtools. Existingmarks may berearranged
and reused in al or in part, and as they are combined with
each other and with new strokes, the curvilinear units avail-
able for manipulation by the user reflect many of the percep-
tually salient structuresin which hisvisual system conceives
the image.

These exampl es happen to have been drawn originally not on
a stylus-based computer, but on paper. In other words, we
are able to import static bitmaps of line drawings and apply
all of the image anaysis procedures enabling perceptually-
supported editing from scanned images as well as sketches
cregted online.

CONCLUSION

We view thisas afirst step into an emerging space of WYPI-
WYG (What You Perceive Is What You Get) image editors.
Computer vision technology is at this moment in itsinfancy.
We have in this paper applied only the simpl est techniques of
curvilinear token grouping. Asthe scientific study of percep-
tual organization and object recognition mature, more pow-
erful image interpretation methods will become increasingly
available to permit image editors to take advantage of addi-
tional kinds of image structure computed by the human vi-
sua system, including representations for image regions, re-
gion textures, three dimensional spatia structure, character
and text recognition, and a host of methods for recognizing

objectsat adomain-specific, semanticlevel. By applyingthese

formsof perception covertly asauser interactswith animage,

we envision machines that come closer to giving onetheim-
age one wants by reading one’s mind.
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i. Original drawing. tt. User selects “analog” signal.

. User selects topmost curve elements

i11. Analog signal moved on top of “digital” of composite signal, leaving “gated” signal
signal. unselected.
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v. Topmost curve elements moved away, vi. Drawing cleaned up by filling in gaps.

leaving behind “gated” signal.

Figure 7: b. Combining sketches of two electrical signals to observe the result when the analog signal (A) is gated by the
digital signal (B).
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Figure 7: PerSketch use scenarios. In each case the
main intermediate steps are shown. a. Inserting a
missing item in a bar chart.



