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Abstract

Not all document images of interest are comprised
of properly scanned, cleanly printed text in a known
language, formatted according to standard layout
conventions. We are often interested in the con-
tent of rough documents. Rough documents include
handwritten notes, sketches, drawings, annotations,
doodles, specialized notations, unconventional lay-
outs, and poorly imaged markings. Despite their un-
ruly diversity, rough documents embody visual struc-
ture which is accessible and exploitable by humans by
virtue of our powerful perceptual apparatus. We be-
lieve that to achieve breadth and depth in interpret-
ing images of rough documents, computer systems
will require a foundation of image analysis approxi-
mating the human visual stage postulated as Percep-
tual Organization. This whitepaper motivates and
outlines a research program along these lines. A
viewpoint that raises the identification of visual per-
ceptual structure as a primary objective helps to open
a broader range of tasks for document image analy-
sis, beyond character-to-text transcription.

1 Introduction: Motivation

1.1 Rough Documents

To a human observer, Figures la and 1b depict
more-or-less the same information. While current
text and graphics document recognition technology
is capable of transcribing 1b into ascii text and
graphical shape models, 1a is far out of reach. Yet,
many applications are more likely to encounter im-
ages resembling Figure 1a, that is, arising from un-
predictable sources and uncontrolled imaging con-
ditions. We may refer to documents whose image
content extends beyond properly scanned, cleanly
printed text in a known language, formatted ac-
cording to standard layout conventions, as rough
documents. Rough documents include handwrit-
ten notes, sketches, drawings, annotations, doodles,
specialized notations, unconventional layouts, and
poorly imaged markings. Figure 2 presents more

examples of rough documents whose interpretation
by machines is far beyond current technology.

The difficulties posed by rough documents are not
just a matter of image degradation due to fading
ink, multiple-generation copies, or poor quality scan-
ning. Certainly imaging quality can be a factor, as
shown in Figures 2a, 2b, and 2f, which were proba-
bly captured with digital cameras. But more signifi-
cantly, rough documents are typically characterized
by unconstrained semantic content rendered in id-
iosyncratic styles, by casual and imprecise marking
processes. The result is tremendous unpredictability
in what textual and graphical material needs to be
recognized, and tremendous variability in how this
material appears in a document image.

Despite their unruly diversity, rough documents
nonetheless embody visual structure which is acces-
sible and exploitable by humans by virtue of our
powerful perceptual apparatus. At a glance we iden-
tify not only lines and columns of written material,
but also printed or hand drawn underlines, encir-
clings, arrows, figures, the distinct slants of annota-
tions, notable features arising from logos or rubber
stamps, coffee stains, graphical arrangements, and
so forth. Content elements of this sort are found
across document domains. They are all ingredients
of comprehensive interpretations of images, and they
contribute to critical base-level representations of
the layout and coarse-level content of a document
necessary to orient and direct localized OCR/ICR,
symbol classification, and graphics recognition pro-
cedures. We believe that significant machine inter-
pretation of rough documents will require, at a foun-
dational level, algorithms and representations capa-
ble of identifying and labeling visual structure com-
parable to human perceptual processes.

1.2 Tasks

The range of tasks that people perform around doc-
uments is not limited to straight reading. We skip
around and visually navigate the document, we high-
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Figure 1: Rough and formal versions of mixed text and graphics content.

light and annotate, we copy and edit selected mate-
rial, we file and organize based on the document’s
appearance, style, format, and content. Computer
systems for managing rough documents should sup-
port such a range of tasks. Even when classical
recognition cannot succeed, for example in transcrib-
ing sloppy handwriting or an unfamiliar language,
image analysis tools can still be useful for other pur-
poses. Examples include:

e Sorting and classifying documents according to
genre or other properties. For example, with-
out attempting to actually transcribe the cir-
cuit, the visual qualities of Figure 2d indicate
that it is a schematic diagram, it is hand-drawn,
it is drawn on notebook paper, and it contains
some titular text. By contrast, again prior to
performing any text recognition, 2g has the vi-
sual characteristics of a receipt, with logos and
a watermark.

e Fxcerpting significant sections of rough doc-
uments, for example separating the scattered
handwritten text of Figure 2e from the pho-
tographs, to be entered into a handwriting
database. In Figure 2d, perceptual-level recog-

nition of the parallel line structure is critical to
the lifting of the writing and drawing from the
background rule lines of the paper.

Annotating and cross-linking in an electronic
document management system would benefit
from the ability to attach annotations and links
to particular perceptually salient image items,
which in turn should be available as instantiated
image objects to the underlying system. Even
more beneficial would be the ability to detect
and flag potentially interesting visual events oc-
curring on rough documents on the basis of their
perceptual qualities, such as logos, stains, wa-
termarks, stamps, fingerprints, signatures, and
sketches.

Editing image material in rough documents of-
fers the ability to rapidly assemble new docu-
ments by re-using complex text and graphics
found on existing documents, without having
to convert to structured formats.

Transcribing handwritten text and diagrams to
ascii and structured graphics formats requires
the ability to follow the flow of the text regard-
less of slant and uneven flow, and to recognize
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Figure 2: Rough documents arise from unpredictable sources and uncontrolled imaging conditions.



graphical structures despite their failure to obey
strict graphical drafting rules.

o Indexing and Retrieval of rough documents
would benefit greatly from automated means
for labeling image content on the basis of vi-
sual qualities, even short of formal recognition
in terms of natural language or graphical lan-
guage constructs.

We are confident that exposure to practical ap-
plication scenarios for document image management
will lead to articulation and refinement of these non-
traditional tasks supported by perceptual level im-
age analysis of rough documents, and the invention
of new ones.

2 Design Principles
2.1 Strong and Weak Models

Conceptualizations of both natural and artificial vi-
sual systems tend to be organized around a sequence
of processing stages. The kind of circuits necessary
at the sensory levels to manage dynamic range and
contrast variation are different from the algorithms
employed for, say, feature detection, which in turn
are different from the computations involved in clas-
sification, model matching, and search.

Technology for recognition of document images bi-
furcates at an early stage between processing steps
employed for text recognition and those employed
for graphics recognition, respectively. These may
have in common an image processing stage that may
include thresholding, followed by a stage perform-
ing text/graphics separation. Then, text recogni-
tion processes typically follow the stages of skew
detection, page layout analysis, word and charac-
ter segmentation, and character symbol classifica-
tion. Wherever possible, lexical or other semantic
constraints are used to resolve ambiguous classifi-
cations and improve accuracy. Graphics recogni-
tion processes typically follow the stages of graph-
ics vectorization, symbol matching, and knowledge-
driven parsing of the vectors in terms of domain
models particular to the drawing domain [Tombre
and Chhabra, 98]. Examples of domain models in-
clude drafting rules for drawing mechanical parts
and their dimensioning information, the syntactic
rules governing the components and wires of elec-
trical schematics, and architectural conventions for
arranging walls, doors, windows, and furniture.

Both text and graphics lines of processing rely
heavily on strong prior models of document image
content to resolve ambiguities, to constrain possible
interpretations, and to delimit and guide successive
processing steps. These assumptions are appropri-
ate when applied to documents whose image content

is in fact confined, for example to pages of printed
text or scans of engineering drawings. But the larger
document image domain that includes rough docu-
ments cannot be approached in this way because the
image quality, stylistic aspects, layout, formatting,
and content of rough documents are so variable and
unpredictable. Human perception is capable of de-
tecting and making use of visual structure that vio-
lates standard norms defined for proper text layout
and graphical drawing rules. Machine vision sys-
tems for rough documents must have this flexibility
as well.

2.2 Knowledge Levels

Such a perspective leads our research group to a five-
level framework for document image analysis that
modularizes knowledge in a different way. This is
illustrated in Figure 3.

1. Early Processing: Early visual processing en-
compasses image processing and initial stages of fea-
ture detection. Electronic images of documents cap-
tured not from scanners but from digital camera im-
ages of notebooks, whiteboards, flipcharts, projected
images, etc. will in general carry artifacts of the
imaging process due to sensor noise, sampling, focus
issues, geometric distortion, dirt, smudges, illumi-
nation color and intensity gradients. These cause
image degradations that impede extraction of the
truly significant markings. One function of early
processing is to “clean up” or condition the input
using various image processing techniques such as
color normalization, contrast equalization, adaptive
thresholding, despeckling, etc. A second function of
early processing is to identify primitive visual fea-
tures such as lightness intensity edges, ridges, and
solid regions.

2. Perceptual Organization: The Gestalt psy-
chologists of the early 20th century identified a
number of principles that characterize spatial struc-
ture the human visual system is adept at detecting.
[Wertheimer, 23, Kanizsa 79, Green, 00]. Among the
most important of these “Gestalt laws” are curvilin-
ear alignment (or smoothness), closure, spatial prox-
imity, feature similarity, and symmetry. These prop-
erties are viewed as being important clues to object
cohesiveness and identity in natural scenes, and they
are found to strongly govern the perception of syn-
thetic images as well.

Because documents as created by people are in-
tended to be seen and interpreted by our visual
systems, it is likely that their structure naturally
tends to reflect the fundamental visual capacities
that we are endowed with. Indeed, Figure 4 illus-
trates Gestalt laws by way of positive and negative
examples that respectively validate and violate our
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Figure 3: A Research framework of five levels of analysis for rough documents.

automatic perceptions. One rarely encounters a doc-
ument whose semantic intent is depicted spatially in
violation of the principles of perceptual organization.
And when we do, these documents are confusing and
difficult to read.

We believe that visual Perceptual Organization
(PO) has an important role to play in computational
models for rough documents. Starting with an un-
differented array of pixels, the purpose of this stage
is to identify chunks, groupings, and patterns in
image material reflecting visually salient structures
that are likely to reflect syntactically and semanti-
cally meaningful elements and relationships. Short
of committing to conclusive mappings to the doc-
ument’s semantic domain, PO provides a rich set
of candidates and building blocks to draw upon in
constructing these mappings. Moreover, the knowl-
edge required to do this processing, i.e. the data
structures and algorithms required to in essence “im-
plement” the Gestalt laws, would apply universally,
across all document content domains, spanning both
text and graphics.

The principles of PO are supported by many ex-
tremely compelling psychophysical demonstrations,
but have proven very difficult to formulate as gener-
ally applicable computational algorithms. This re-
mains a subject of active research in Computational
Vision [Witkin and Tennenbaum, 83; Sarkar and
Boyer, 94; Boyer and Sarkar, 99; Boyer and Sarkar,
00; Jacobs and Lindenbaum, 01].

3. Generic Visual Language: In addition to im-
plicitly respecting the principles of human percep-
tual organization as it supports visual interpretation

of natural scenes, we believe that human graphic
communication embodies another level of structure
consisting of standards and conventions that are
culturally evolved and culturally acquired. In our
hypothesis, this Generic Visual Language (GVL),
serves certain universally important functions in
communication such as demarking distinct groups,
indicating progressions or other relationships, label-
ing, referring, and so forth. Some conventions of
GVL involve graphical elements or symbols, such as
lines, arrows, and encirclings, while others pertain to
spatial arrangements, such as paragraph structure,
titles and captioning, tabular structure, hierarchi-
cal indentations, and the proximity of text labels to
graphics objects they refer to. Examples are shown
in Figure 5.

The notion of Generic Visual Language, and a de-
tailed account of its constituent patterns and rules,
has not been a focus of study in the literature, al-
though a few researchers have examined aspects of
this topic [Bowman, 68; Bertin, 83; Tversky, 95;
Tversky, 00; Tversky et al, 00]. We anticipate that
the challenges of characterizing the range, diver-
sity, and universality of Generic Visual Language
will prove a rich area of investigation. As with
Perceptual Organization, this research must span a
range of disciplines and activities, including gath-
ering and cataloging of data, experimental studies
with diagram users, development and implementa-
tion of algorithms for recognizing GVL constructs in
representations of images, building cognitive models
for how spatial and symbolic elements contribute to
reading of diagrams, etc.
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4. Domain-Specific Visual Language: Whether
or not universal conventions for spatial communi-
cation play a significant role in interpreting doc-
uments, it is clear that particular domains of dis-
course have developed their own specialized vocab-
ularies and symbologies. Consisting of specialized
symbols, linework, layout templates, and syntaxes
for arranging these, domain-specific visual languages
(DSVLs) are numerous and varied. We assume that
all Domain-Specific Visual Languages respect the
principles of Perceptual Organization and that PO-
based segmentation and grouping will contribute to
computational models for interpreting documents in
terms of these DSVLs. Generic Visual Language
conventions may provide a foundation and a resource
for specialization in specific domains. For example,
labeled arrows (lines with arrowhead symbols) may
indicate a directed relationship between “from” and
“to” object nodes, but particular domains may en-
force rules such as the number of arrows allowed to
enter or exit nodes, whether arrows may cross one
another, and so forth.

5. Domain Semantics: While documents them-
selves are by nature spatially constructed represen-
tations renderable as images, the concepts and rela-
tionships they refer to may not be. Therefore, we
assume that document interpretation systems may
ultimately interact with knowledge and procedures
at a non-spatial level, which we may call domain se-
mantics. Some of this apparatus may be devoted to
mapping between representations at this level and
the domain-specific visual language level of descrip-
tion, while other machinery may be purely abstract
or propositional and have nothing to do with docu-
ment images at all.

Within this five-stage hierarchy, the Perceptual
Organization and Generic Visual Language stages
emphasize the foundational significance of weak
prior models for document image analysis, that is,
to identify meaningful visual structure without re-
sorting to strong assumptions about what will be
found. The proposed emphasis is on building tools
that will deliver at least some level of meaningful in-
terpretation across a wide range of document image
input, as opposed to performing very well a narrow
class of images but failing on any input that falls
outside the class. Such a foundation is likely to sup-
port not only the interpretation of rough documents,
but formal documents as well, especially when they
contain rough aspects, such as handwritten annota-
tions, logos, tables, and figures.

3 Technology and Research

Our group has engaged a number of topics focusing
on the three earliest knowledge levels in this frame-

work. Our efforts include:

e Image Processing

— mosaicing of multiple snapshots for a video
camera-based whiteboard scanner

— page image dewarping for a face-up book
scanner

— color normalization for documents imaged
with a camera

e Perceptual Organization

— curve saliency and grouping
— sketch recognition

— occluding surface labeling
— closed path detection

e Visual Language Recognition

— structural page description and matching

— structural recognition by constraint-based
subgraph matching

— sketch recognition exploiting PO-based
data graph rectification

e Applications

perceptually-supported digital ink sketch
editing
— diagrammatic user interfaces

physical/virtual collaboration surfaces

perceptually-supported bitmap-based doc-
ument image editing

In the following sections we touch on a few of these
projects.

3.1 Image Processing

The advent of digital cameras increasingly enables
casual document image capture. The resulting im-
ages suffer from artifacts not encountered through
traditional scanning. One important image process-
ing function is to correct for uneven illumination of
the document. Our algorithm for lightness correc-
tion is based on inverting the image equation relat-
ing illumination, I, surface reflectance R, observed
lightness L,
L=1IR

If one is able to construct an estimate of the illumi-
nation I, then the underlying document reflectance
can be recovered. A standard approach attempts to
recover illumination under the assumption that most
of the document consists of background white, on
which dark markings are sparsely distributed. Un-
der this model, foreground markings can be detected
by high-pass filtering. The lightness values of the



background can be interpolated across the resulting
foreground mask.

However, this approach fails when the document
contains large regions of foreground markings, such
as contained in business graphics and artwork. Fig-
ure 6b illustrates the results of the commercial pro-
gram, Whiteboard Photo. The fundamental prob-
lem is that, because illumination may vary across the
image, it is impossible to determine locally whether
the RGB value of any given patch is due to colored
illumination off a white background surface or re-
flectance of a bright illuminant off a marked fore-
ground surface.

To address this problem we have recently de-
veloped enhanced methods for detecting larger
foreground regions, leading to improved color-
normalization as exemplified in Figure 6c. We be-
lieve that much research remains to be done toward
global spatial integration of image cues about light-
ness and reflectance changes which will lead to a
comprehensive solution to this problem.

3.2 Perceptual Organization

The field of computer vision has seen some progress
in formalizing middle-level visual processes of Per-
ceptual Organization as computer vision algorithms
for such processes as texture segmentation[Malik et
al, 99], curvilinear line aggregation[Amir and Lin-
denbaum, 98], shape decomposition[Johannes et al,
01], and closed path detection[Jacobs, 96], among
others. Because of limited efficacy, suitability of im-
age content, and computational cost, rather little of
this research has been carried over directly to doc-
ument image analysis. However, the overall motiva-
tion and certain algorithmic techniques for finding
perceptual structure in document images has taken
root in the document image analysis community.
Examples include grouping approaches to page seg-
mentation [Kise, 98], grouping of curvilinear strokes
in maps [Thomson and Brooks, 02], and grouping of
text elements in engineering drawings [Kasturi et al,
92, Burge, 03].

One core paradigm is a three-stage process con-
sisting of the following steps:

1 Segment the image into primitive elements.
2 Form link relations among related elements.

3 Perform search for collections of linked elements
that satisfy target criteria.

Different kinds of visual structure are detected ac-
cording to specific criteria, parameters, and algo-
rithms employed for each of the steps.

FU WU wuwuwmnn

Figure 6: a. Original digital camera image. b.
Processing by the commercial product, Whiteboard
Photo. Note degradation of the solid color regions.
c. Result of our algorithm which detects large fore-
ground regions.
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Figure 2b. b. Exploded view of elements result-
ing from splitting to extract salient curvilinear frag-
ments.

3.2.1 Segmentation

In document image analysis, the segmentation
step almost always starts with the extraction of con-
nected components in a binarized image. In clean
images of formal documents, individual characters
are frequently segmented into distinct components.
Line drawings, on the other hand, undergo a fur-
ther step of vectorization, which delivers units corre-
sponding to straight or curved segments. Very little
work has been devoted to articulated segmentation
of solid graphic regions, although some commercial
systems include detection of photographic regions
which are extracted as distinct image objects.

Traditional analysis of degraded documents ad-
dresses the problem of distinct semantic image ob-
jects touching one another and thereby being insep-
arable on the basis of connected component segmen-
tation. For text, special algorithms have been devel-
oped to perform character segmentation, while some
limited amount of work has been done on separating
touching symbols and line-art in technical drawings
[Shimotsuji, et al, 94].

The problem of separating touching objects
is especially important when addressing rough
documents, which frequently include hand-drawn
sketches and handwritten notes. Our group has
focused some attention on this problem, and our
approach has evolved over time, starting from one
based on iterative classification of connected com-
ponents and splitting off of curvilinear fragments
of limited thickness [Saund, 02]. More recently, we
have developed techniques that combine information
derived from contour features with scale-invariant
detection of “strokes” in order to split off signifi-
cant curvilinear objects at perceptually natural cut
points. Figure 7 presents an example.

3.2.2 Linking

The purpose of linking is to form a graphical
substrate of candidates for grouping collections of
elements. Linking of image objects is often done
based on spatial proximity (e.g. k-neighbors) or the
Delaunay graph. In their simplest form, links are
purely categorical, all-or-none. Greater use of links
is gained by endowing them with attributes reflect-
ing local spatial properties such as distance and ori-
entation between respective pairs of linked objects.

Our research has pushed this idea further by itera-
tively refining the set of links according to the local
spatial environment. In [Mahoney and Fromherz,
02] for example, the initial sets of linked curve ends
are augmented to include the transitive closure of
any set of links. In [Saund, 03], linking criteria
are adjusted adaptively to deliver sets of links of
bounded degree. Both this work, and [Saund, 99],
each introduce links with rich type attributes which
are in turn attributed by local measures of spatial
configuration.

3.2.3 Grouping Search

Under the segmentation/linking/grouping frame-
work, grouping amounts to selection of subgraphs
of the link graph. The simplest version of this is
the selection of transitive closures, assuming initial
links have been pruned down to exclude links be-
tween elements that should not be grouped together,
leaving “islands” of connected components in the
graph. This is equivalent to tracing in one dimen-
sion, and coloring in two dimensions. More gener-
ally, graph partitioning algorithms [Shi and Malik,
00] or search algorithms are applied to generate sets
of linked elements that reflect target global criteria.
Thus far, these criteria mainly reflect spatial prox-
imity, curvilinear alignment, and path closure. Our
group has developed versions of all of these grouping
criteria. For example, Figure 8 shows a result from
our recent work on the identification of perceptu-
ally closed paths in line drawings [Saund, 03]. This
technique involves two primary innovations. First,
we identified criteria relating both the local progres-
sion of lines through junctions, and the global shape
of paths, to paths’ perceptual salience. Second, we
showed that a bi-directional search procedure ame-
liorates garden path searches and permits qualified
paths in the link graph to be found efficiently.

In general we believe that the issues of forming
and refining link graphs, and formulating search cri-
teria and search algorithms to identify perceptually
salient visual structure, will continue to be key areas
of research important to sensible machine interpre-
tation of rough documents.



Figure 8: a. Sketched figure. b. Closed paths found
by our bidirectional search algorithm.

3.3 Visual Language Recognition

Perceptually salient collections of primitives labeled
as groups at the PO stage represent resources,
or building blocks, with respect to which recogni-
tion procedures may perform matching to structural
models. Under this framework, much latitude re-
mains in the content of a structural model database,
and in the matching procedures used.

Under the five knowledge levels identified in Sec-
tion 2.2, we anticipate that many if not most rough
documents will reflect general graphical conventions
that may eventually be expressed as a relatively sta-
ble database of generic visual language constructs.
Elements of generic visual language include the vari-
ous roles that straight lines, arcs, encirclings, arrows,
and proximal text play as communicative devices for
grouping, separating, labeling, referring, indicating
progression, indicating logical structure, indicating
text flow, and so forth.

By contrast, model databases for domain specific
visual languages pertain to specific document do-

mains such as journal layouts, schematic diagrams,
tables, charts, schedules, technical drawings, and
mathematical notations. These databases may be
expected to grow and adapt to different application
domains, which may nonetheless span both rough
and formal expressions of underlying semantic con-
tent.

Our research adopts the strategy of seeking a com-
mon structural matching framework which will ap-
ply to both Generic and Domain Specific visual lan-

guage.

3.3.1 Structural Modeling and

Matching

Structural matching recognizes and parses graph-
ical configurations. By “parsing” we mean individu-
ally associating each input mark with the model part
that it depicts. Because of ambiguity in the associ-
ation between model objects and data objects, this
process must cope with the multiplicity of alterna-
tive local groupings produced by the Perceptual Or-
ganization stage, and it must be capable of produc-
ing alternative plausible interpretations of the same
data, ranked by their plausibility. It must cope with
the inherent exponential worst-case complexity of
structural matching in the graphical domain, and
it must be easily extensible with new configuration
models.

Our group is developing a subgraph matching for-
mulation, implemented in a constrained optimiza-
tion framework. See Figure 9. The PO stage gen-
erates multiple plausible groupings leading to al-
ternative hypotheses for assignment of model parts
to observed data. One set of constraints enforces
a unique selection among competing alternatives.
The modeling language for specifying configurations
allows topological and geometric constraints, both
hard and soft, on the spatial relationships among
parts that define model objects. These constraints
feed in a straightforward way into an overall mea-
sure of match quality that serves as the objective
function for optimization. We believe that this ap-
proach will elegantly handle issues of ambiguity, and
provide a solid foundation for dealing with the issues
of complexity and open-endedness.

4 Application Platform:
Perceptually Supported Image
Editing

We are pursuing these lines of research in Percep-
tual Organization and Visual Language Recognition
in rough documents against an application platform
that simultaneously tests, and delivers value from,
our research as it progresses. This platform, imple-
mented in Java, presents a toolkit for building graph-
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ical user interfaces to applications calling upon our
research code base.

One application, called ScanScribe, is a perceptu-
ally supported document image editor. At its basic
level, ScanScribe offers selected functionality found
in photographic image editors like Photoshop, but
with an interaction model targeted especially to easy
selection and manipulation of image material in doc-
uments. In particular, color normalization process-
ing described in Section 3.1 performs automatic fore-
ground/background layer separation, in which the
background is rendered transparent. Then, as the
user selects and manipulates image objects present
in a single input bitmap, they retain their iden-
tity as independent bitmap fragments which can be
dragged, duplicated, grouped with one another, and
carved into yet smaller pieces. By design, this pro-
cess occurs automatically and below the user’s con-
scious awareness.

While it is quite novel and useful at its base level,
ScanScribe presents a platform for testing and vali-
dating image analysis research. The ScanScribe ar-
chitecture is designed to make available the results
of any grouping processes that automatically rec-
ognize visual structure—at whatever level—in the
image. For example, if a recognizer were available
that recognized tabular structure, ScanScribe could
present the user with easy ways to access, at will, the
rows, columns, individual elements, and entire ta-
ble. Because a user-interactive image editor puts the
user intimately in the loop, even partial or imper-
fect recognition processes can become useful. This
is especially significant when working with rough
documents, many exemplars of which will prove ex-
tremely difficult for machines to interpret without
errors for quite some time to come.

Because image editing is a broadly useful func-
tionality, we anticipate that the ScanScribe docu-
ment image editor may serve as a springboard or
base level upon which other, more specialized ap-
plications, will be built. For example, a scenario in
which a user wishes to perform database search on
the ideographs in Figure 2b, requires the selection
of this target from the other material in the image
which could misdirect any database search processes.

5 Conclusion

Success in document image analysis has to date
largely relied on having strong prior models of the in-
put data, including strong models for scanner degra-
dation processes, page layout, font, text content, en-
gineering drawing rules, and so forth. These strong
models are inappropriate for rough documents such
as handwritten sketches and notes, graphical fig-
ures, annotated documents, complex layouts, and
casually imaged documents. Instead, we advocate

the development of core visual analysis competency
at the levels of Perceptual Organization, dovetailing
with Image Processing below and Visual Language
Recognition above. The visual structure brought
forth at these stages will support not only transcrip-
tion, but will open a broad range of document im-
age processing, analysis, interpretation, and man-
agement tasks.
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