





























signatures consist of graph-based topologies embedded
in written or printed words. These topologies usually
represent characters, but they may also reflect small
character groups or parts of characters such as loops,
cusps and line crossings. Current languages where
Pictographic Recognition has been implemented
include machine printed, hand printed and cursive
English as well as machine printed and handwritten
Arabic. A more detailed discussion of the basic
concepts can be found in the white paper entitled:
“Pictographic Matching: A Graph-based Approach
Towards a Language Independent Document
Exploitation Platform” which will be made available by
the Authors upon request.

Aside from the focus on graphs as its foundation,
another aspect of Pictographic Recognition that is
distinctive from OCR is the format of output data. OCR
typically converts images of documents into text.
Pictographic Recognition converts images into a
specially structured® format that retains much of the
information extracted from the original image
including, candidate character possibilities as well as
data related to figure topology and geometry. These
data are retained so they can be applied during the
actual searching process, so every item processed is
evaluated directly against a search term of interest.

The interim product from Pictographic Recognition
takes the form of a “Results Matrix” rather than the text
results characteristic of OCR. The Results Matrix
maintains considerable data about each word and
character in a document collection including word and
character alternatives, attendant confidence scores and
related geometric information. The manner in which
this information is stored can be defined as Planned
Indeterminacy. That is, unlike OCR which “forces” its
results into text output, Pictographic Recognition,
refrains from word determination until an actual search
is performed. At the time of the search, the full body of
information stored in the Results Matrix is brought to
bear to match the search term with words in the
document collection being searched. In this way, the
search process is “empowered” by using all the relevant
data available at exactly the time it is needed. The
value of these data is realized by a special search engine
that incorporates Dynamic Programming techniques to
find the best fit between a search term of interest and
detailed word data rendered from document collections

Pictographic Recognition starts with images of
documents. The images are parsed into individual
objects representing words and characters within these
words. Each of the parsed pieces is converted into a
graph containing a wealth of physical measurements
and mathematical descriptors. These measurements
become the basis for a classification scheme that
decodes the graph into its actual identity as a single or a
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group of letters. Because of the abundance of measures
available, classification can be sharpened by focusing
on the specific set of measures that separates each
particular letter’s graph from others. As items are
classified, they are loaded into a Results Matrix that
retains information concerning alternative identities as
well as geometric information.  As searching is
performed, the search term is compared against the
contents of the matrix to find the best mapping of the
search terms of interest with the matrix elements built
from document collections.

The previous paragraphs have presented a “primer” on
Pictographic Recognition. The remainder of this paper
discusses the Authors’ most recent research efforts
related to this topic. These efforts focus on a specific
aspect of Pictographic Recognition that “bundles” both
segmentation and recognition activities into a single
action that can be very efficient and effective in
recognizing Arabic script. In particular, the discussion
that follows will focus on the ability of Pictographic
Recognition to treat connected multiple character
strings within Arabic words as objects that can be
recognized individually. At the heart of this
recognition process is the ability to encode both the
features and topology of a character into a form that can
be used for rapid identification. The technique herein
described is strongly rooted in an algorithmic approach,
based on Graph Theory, which treats handwriting and
printed text as mathematical graphs. The principles that
have been successfully applied to individual characters
will now be applied to connected character strings.

2 Conceptual Framework

Graph Theory is a branch of Mathematics that focuses
on representing relationships as  line diagrams
containing nodal points and the linkages among these
points. In graph terminology. the nodes are relerenced
as “vertices™ and the links as “edges”. Graphs are a
handy and effective way to represent written language
since graphs can be created directly from the pen
strokes used to compose letters and words. Words,
characters and numerals take their form as graphs
written on paper assuming distinctive shapes
representing the letters of the alphabet as well as
numerals and punctuation. The edges and vertices of
these written graphs connect and cross and are straight
or curved. Graphs accurately capture the essence of
written language since they contain both the topological
structure and geometric information sufficient to
replicate complete written forms. Graphs are the
foundation of written language and a search
methodology that focuses on the graphs offers the
potential to permit searching that encompasses several
languages.

Graphs contain all the information extracted from
writing condensed into a concise mathematical format




that is highly computable. Within graphs, this
information takes two forms. The first form is the
graph’s topology that can be seen in the connectivity
among the major graph components. The way pen
strokes are crossed and connected is the framework for
graph topology. Topology is the structure of the graph.
The second form of information contained in graphs is
the geometry of the graph. Geometry is expressed in
terms of distances, angles and characteristics of graph
components. The depth or shallowness of a curve, the
distance between line crossings or the sharpness of
angles are all examples of graph geometry. Geometry
characterizes the shape of the graph. Collectively,
topology and geometry account for the structure and
shape of graphs. The topology and geometry of graphs
are also quite computable. That is, they can be
expressed as data to support computer-based processes
that can be performed on graphs such as indexing and
searching.

The foundation of Pictographic Recognition is an
algorithm that describes graph topology as a numeric
code. Any two graphs with the same structure will
generate the same code. Any two graphs generating the
same code are said to be isomorphic. Linked to the
graph topology and its attendant numeric code is graph
geometry. Graph geometry can aiso be expressed as a
feature vector used to compare graphs. A feature vector
is a multi-dimensional expression of the multitude of
measurements that can be extracted from graphs. When
the topology of graphs is coupled with feature vectors
as a combined data structure, the computability of this
data structure offers a very effective way to use graphs
as indices for characters and words contained in the
images of documents.

The computational engine for Pictographic Recognition
is an automated method for identifying and matching
isomorphic graphs and storing these graphs in a
database.  Graphs are isomorphic when they are
structurally identical—with the same number of edges
and vertices connected in the same way—although they
may appear to be different. Two graphs are considered
isomorphic  when there exists a one-to-one
correspondence between their internal structures. That
is, they have the same number of edges and vertices
connected to form exactly the same topology.

Figure 1 illustrates this point. Although the graphs
appear to be quite different, they are structurally
identical: isomorphic. They appear different because
their geometry is different. The topology is the same,
but the angles and distances are different.
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Figure 1: Illustration of two Isomorphic Graphs with
different features.

Figure 2 illustrates the concept of Isomorphic Graphs as
it applies to written characters. In this figure, each row
shows three instances of the letter “a” written as the
same isomorphic graph class. The numbers on the left
hand side of the figure are the code names derived by
the Pictographic Recognition process for each class of
graph. Graph classes reflect graph topology. The class
labeled “2;192” consists of graphs built from a loop and
one edge. Class “4;112” contains graphs with 2 edges
only. These typically characterize the letter “u” and the
letter *“a” written to be open at the top. Class
“4;98.0.64” encompasses characters with a leading
edge, an enclosed area—in graph terminology this is
called a “face” --and a trailing edge.

2;192 a a. a
4112.0 A (LA
w8064 I T

Figure 2: Sample letters “a” for three different graph
isomorphic classes.

Figure 3 shows how graph isomorphic classes transcend
individual letters. This figure presents letter “a” and “¢”
for isomorphic graphs classes coded “4;112.0” and
4;98.0.64”.

a €

a4 -
s S

Figure 3: Example of letters “a” and “e” sharing same
isomorphic graph.

4;112.0

4;98.0.64













and other descriptors, must also be considered in
concert with the graph’s topology. Within a set of
graphs of the same topology (isomorphic graphs), these
graphs can be classified based on their physical
characteristics. In the case where these graphs represent
the letters of the alphabet, classification separates the
letters “a” from “e” even though the underlying graphs
are isomorphic. Again, refer to Figure 3 which shows
different letters constructed from isomorphic graphs.

Features to support graph classification cannot be
mathematically  divined.  Rather, features for
classification must be obtained by modeling from
exemplars obtained from actual writing specimens.
Thus, classifying Arabic word segments is a two-step
process. The first step involves a modeling stage where
a classification algorithm is trained to distinguish
isomorphic graphs that represent different character
combinations. The second step is to apply this classifier
to unknown word segments to be recognized.

5 Modeling Arabic Word Segments

Building a model to classify Arabic word segments
requires that a suitable training set of graphs be
established. This set of graphs should contain the
various graph forms generated for different character
combinations as well as common embedded forms. The
modeling set can be accomplished through the
following steps.
1. Obtaining a set of Arabic writing samples

Isolating and labeling the individual word
segments within these writing samples.

3. Converting these word segments into graphs.

4. Extracting the common embedded isomorphic
graphs from the word segment graphs for each
character combination.

5. Training the classifier using the word segment

graphs and principal embedded graphs.

Steps 1 and 2 are pretty much straightforward. They
involve collecting writing specimens and labeling the
character sequences within these specimens. The most
important aspect of these two steps is to obtain a
collection of writings sufficiently broad to encompass
character sequences likely to be of interest in future
searching,

Two strategies will achieve this objective. The first
strategy is to train on a listing of likely key words from
an authority list. That is, given a priori knowledge of
likely terms of interest, collect handwriting specimens
containing these words. The second strategy is more
complex. This strategy involves building a language
model containing words that provide the broadest
coverage of the language. One way the magnitude of
this task can be approximated is to select a sampling of
words from a large collection of words in common
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usage, such as the Arabic Gigaword Corpus, and extract
and compare word segments with a specific document
collection.

A sampling of words with a frequency greater than 500
drawn from the Gigaword Corpus will yield a list of
3,172 words. These words will produce 1,777 unique
word segments. Compared against a collection of
handwritten Arabic language documents containing
32,507 words and 56,961 word segments, the segments
extracted from the Gigaword Corpus match 87 percent
of the words from the document collection. This
suggests that simply building a training set from an
attainable collection of commonly used words offers a
viable approach for collecting a comprehensive set of
Arabic word segment exemplars to support word-
segment-based recognition.

Once the samples have been collected, the next step
entails converting the word images into graphs. This
step is followed by another step that involves extracting
common embedded sub-graphs that consistently
characterize the word segments. These embedded
isomorphic graphs can be extracted directly using the
isomorphic database concept. As a word part is
encountered, it is converted into a graph and its
isomorphic key is generated. This key serves as the
basis for looking up the graph in the isomorphic
database. Once the key lookup is complete, the
isomorphic database returns a list of all embedded sub-
graphs.

The isomorphic database will identify all embedded
sub-graphs based solely on topology. As such, these
graphs may not actually represent the corresponding
components of word segments.

b e '
Original Forms /&ﬂ !
L4
Common < !
Embedding | Q/ (/b
<« '
Common
Embedding2 -7 K/ /L/
.

Figure 8: Comparison of Original and two embedded
forms for handwritten word “is”.

Figure 8 shows two possible combinations of embedded
sub-graphs for handwritten samples of the English word
“is”. Whereas the original graphs are not isomorphic,
the isomorphic database extraction method found two




pairs of common embedded graphs that were
isomorphic to each other. However, the first set of
embedded graphs provides a better match to the actual
corresponding parts of the original words.

Finding the embedded isomorphic graphs that best
match the original words can be accomplished by
filtering techniques rooted in geometric features. That
is, as embedded graphs are extracted, their geometric
features can be compared to find those offering the
closest match. These geometric features include lengths
of graph segments, directions among graph
components, location of “comners” and other shape-
related features and the like. The result of this process
is to establish “clusters” of similar embedded graphs for
Arabic word segments. It should be noted that a
segment may produce several different clusters based
on the variations of writing used to generate the word
segments.

6 Classifying Graphs

A graph feature vector consists of the wealth of
measurements that can be obtained from graphs. These
measurements include directions, distances and various
descriptors. Directions are quantified as angles between
graph components such as the angle from one vertex to
another or the angle from the centroid of an edge to a
vertex. Similarly, distances quantify the amount of
space between graph components such as the number of
pixels between two vertices. Graph descriptors include
factors that articulate the shape of graphs. Two such
measures are Bezier values, which provide a means for
capturing the essence of curves in as few as four
numbers and Bending Energy that is an indicator of
curvature. Figure 9 shows three classes of features that
are part of a character graph’s feature vector.

Distances among
graph features

Directions among
graph features

Curve descriptors
such as Bezier values

Figure 9: Three principal classes of features used for
Pictographic classifying of graph forms.

When isomorphic graphs are aligned, a direct one-to-
one correspondence between each geometric
measurement comprising the feature vector can be
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established. That is, when two graphs are identified
through the isomorphic graph matching process, their
feature vectors are also aligned and corresponding
features can be compared in detail.

Figure 10 shows graph alignment between two separate
embedded graphs from Arabic word segments for the
Arabic word (= . These segments were extracted from
different words from different writers.

Figure 10: Alignment for two embedded forms for
Arabic word (- taken from different writing samples.

The isomorphic graph matching process ensures that
the two versions of the Arabic word (" are matched
and aligned. Alignment means that all vertices are
matched in corresponding pairs as indicated by the
arrows in the figure.  Given the point-to-point
alignment achieved by isomorphic graph matching,
graph feature vectors can be aligned to reflect the
corresponding relationships between two graphs. The
process of matching graphs and aligning the geometric
features in the feature vector is a very robust technique
for recognizing varying forms of characters and
symbols when other techniques—principally derived
for recognition of printed fonts—are much less
forgiving of these variations in form. Once topologies
are matched and feature vectors aligned, the graphs are
ready to be modeled as individual objects that represent
both single and multiple character strings.

Considerable data are available from graph-based
feature vectors. Even a relatively simple graph can
generate a vector with over a hundred measurements.
This wealth of data is well suited for a modeling
method utilizing Stepwise Discriminant Analysis.
Discriminant Analysis is a powerful multivariate
statistical technique that can be used to identify the
subset of variables that best distinguishes one graph
from another. Using Stepwise Discriminant Analysis,
head-to-head comparisons can be made between
aligned feature vectors to identify the specific set of
measures that distinguishes one object from the other.




Modeling for ultimate classification  through
Discriminant Analysis involves considering each set of
isomorphic graphs separately. Each set of graphs may
represent different character strings but have the same
underlying topology.. During this modeling process, a
specific set of variables is isolated for each form of
each character set within the isomorphism. This feature
set constitutes the “Alphametric Kernel” for the word
segment. The Alphametric Kernel is defined as the
specific set of measures that will reliably distinguish
that a particular word segment from all other segments
represented by the same isomorphic graph.

Similarly, a Regression Tree Classifier can be used to
isolate those features that distinguish one character
string representation from another. The Classifier
distills the abundance of measurements to a succinct set
of critical measurements that distinguish one form from
another. In either case, the result is a set of powerful
variables labeled by the Authors as the Alphabetic
Kemel.

Through the modeling process, Alphametric Kernels
are generated for all forms of all word segments
extracted from the training data. These kemnels taken in
concert with the specific isomorphism provide the basic
data to decode unknown word segments into their
appropriate text character strings.

7 Recognition of Arabic Word Segments

Recognition of Arabic word segments can be
accomplished through a process that parallels the
method used for modeling. This process is
characterized by the following steps.

1. Extract objects likely to be word segments
from handwritten documents.

2. Convert these segments into graphs.

3. Generate an isomorphic database key
from the word segment graphs.

4, Use the key to find the graph in the
isomorphic database.

S. Extract the significant embedded graphs.

6. Classify these graphs based on the

training data.

The application of Pictographic Recognition to word
segments differs slightly from its application to
individual characters. The principal difference is that
individual  character identification requires a
preliminary form of segmentation that breaks the word
into small individual parts that can be assembled in
different ways to capture the actual characters. In the
case of the word segments, advantage is taken of the
intra word gaps as the means of segmentation. In both
cases, the output can be handled the same way.

When applied at the

individual character level,
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Pictographic Recognition distinguishes itself from OCR
by retaining its results in a matrix that retains
alternative candidate results. Since word segments will
resolve to character sequences, results derived from
Arabic word segments can be handled and stored in the
same way.

8 Preliminary Recognition Results

A preliminary test was structured to measure the
effectiveness of Pictographic Recognition in classifying
individual segments within Arabic words. This test
involved a training set consisting of 120 Arabic single
paragraph writing samples each containing 109 words.
Collectively, these words contained 247 word
segments. Another set of 120 handwritten Arabic
documents containing the same paragraph but from
different authors was used as the testing set. In both
cases, the documents were manually labeled at the word
and character level to provide ground truth both for
training and testing purposes.

The training documents were automatically segmented
into words and word segments using the existing
functionality of the current Pictographic Recognition
software platform. The word segments were further
processed automatically to identify common embedded
isomorphic graphs. A threshold was set to extract only
those embedded graphs that occupied more than 75
percent of the graph structure of the original word
segment from which it was extracted. As embedded
graphs were extracted, they were labeled by their
appropriate isomorphic graphs. A Regression Tree
Classifier (CART® “Classification and Regression
Tree” by Salford Systems) was used to build

classification trees for the different embedded
isomorphic graph groups extracted. For each
isomorphic graph group, the classification tree

contained the salient variables and decision rules to
distinguish the various character combinations
associated with the graph. The number of unique
character combinations within each isomorphic graph
group ranged from as few as ten to over one hundred.
This process is identical to the manner by which
individual characters are also handled for classification
by Pictographic recognition. Tables 5 - 7 show
examples of Arabic word segment classification for
three isomorphic graph groups. The graph groups
shown in these tables encompass the sets shown in
Table 4.

Table 4: Profile of selected graph groups.

Training /Testing
Graph Group Code Sample Size
6;96.128.16 1,930
4;64,128 3,155
6;112.0.16 2,453




Table 5: Classification results for top nine word segments within graph group 6;96.128.16.

Percent CLASSIFIED AS
True Class Count Correct None L& - s law ds Jead Ky
None 1510 67.61 1021 37 35 18 10 45 89 33
L 29 89.66 2 26 0 0 0 0 0 0
> 48 97.92 1 0 47 0 0 0 0 0
I 34 82.35 4 0 0 28 0 0 0 0
Lea 45 77.78 7 0 0 0 35 1 2 0
Js 54 92.59 4 0 0 0 0 50 0 0
-l 60 93.33 3 0 0 0 0 0 56 0
s 39 79.49 3 0 0 0 0 0 0 31
&a 63 90.48 2 0 0 0 0 0 4 0
A 48 91.67 2 0 0 0 0 0 0 |
Table 6: Classification results for top nine word segments for graph group 4;64,128.
Percent CLASSIFIED AS
True Class  Count  Correct None | o w L 2 Ll
None 1958 67.67 1325 12 70 38 118 110 17 48
j 264 96.59 4 255 0 2 0 0 0 1
o 115 93.04 4 0 107 1 0 1 0 0
[ 112 89.29 1 0 6 100 0 0 0 5
L 87 85.06 6 1 1 1 74 2 0 1
= 79 82.28 9 0 2 0 2 65 0 0
el 123 99.19 1 0 0 0 0 0 122 0
» 83 86.75 4 2 1 0 2 1 0 72
$ 232 89.22 15 0 0 0 5 4 0 0
] - 102 84.31 10 0 0 0 1 0 0 0
Table 7: Classification results for top nine word segments for graph group 6;112.0.16.
Percent CLASSIFIED AS
True Class  Count  Correct None | L e e o B
None 1728 73.73 1274 56 74 32 46 78 21 17
i 90 72.22 20 65 1 0 0 0 1 3
L 73 83.56 9 0 61 0 l 0 0 0
el 81 96.30 1 0 2 78 0 0 0 0
o 52 78.85 5 0 1 0 41 0 0 0
R 64 84.38 8 0 0 0 0 54 1 0
$ 63 92.06 3 0 0 0 0 1 58 0
A 145 84.83 5 3 0 0 0 1 0 123
o 53 84.91 4 0 0 0 0 1 0 1
o= 84 72.62 15 0 2 0 3 0 0 2
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The size of the testing sample was intentionally set to
the same quantity as the training sample. These three
isomorphic graph groups were selected from the
hundreds of possibilities generated because they are
among the most frequently occurring graphs for
Arabic word segments.

Figure 11 shows sample Arabic characters that
produce the three graphs used in the analysis. It
should be noted that individual isomorphic graph
groups transcend both individual characters as well as
word segments.

Graph Class Example Example 2
6;96.128.16 — -
-
4;64,128 L_)
-
P
6;112.0.16 \ \t\

Figure 11: Examples of graphs applied to Arabic
characters.

For each of the three sets of graphs, training was
performed using only the top nine character strings
based on frequency. This limit was imposed to test
classification of items not within the training set.
Testing was performed with many more character
strings to determine how items not in the training set
would be handled during classification. The total
number of unique word strings in each isomorphic
group is shown in the following table.

Table 8: Number of items processed and &dcuracy for
three selected graph group.

Number of Number
Group Word Segments Classified
6;96.128.16 122 9
4;64.128 111 9
6;112.0.16 119 9

In Tables 5-7, the leftmost column in each shows the
top nine character strings for each isomorphic graph
group. The tenth category, labeled “None” is used for
those cases where a test item did not match any of the
nine selected character strings. The “Count” column
shows the number of items for each word segment.
The “Percent Correct” column shows the percentage
of test items that correctly classified. The remaining
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columns show the distribution of classification
results. The total numbers of items processed and
percentage of correct answers are shown in Table 9.

Table 9: Number of items processed and accuracy for
three selected graph groups.

Percent
Group Count Correct
6;96.128.16 1,930 89.04
4;64.128 3,155 90.89
6;112.0.16 2,433 83.12
In addition, the groups scored 67.67 (Group

6,96.128.16) , 67.61 (Group 4;64.128) and 73.73
(Group 6;112.0.16) in terms of correctly identifying
items that were not among the nine possible character
sets that could be classified. These results show
considerable promise for applying Pictographic
Recognition to Arabic word segments.

In practice, Pictographic Recognition employs a
scoring methodology that creates a composite score
from the individual classification results of all
embedded sub-graphs extracted from an Arabic word
segment. The classification results shown in Tables 5
- 7 provide a view of how three of these embedded
graphs would perform.

Figures 12 - 14 show some sample Arabic word
components and the composite scores they produce.
The scores are tabulated as the sum of the
classification scores of individual embedded graphs.
Below each image, the top 5 scores are shown with
an asterisk (“*”) placed next to the score of the
correct answer.

Word

Segment Score
1 U 788*
2 ¥ 391
3 [EN 388
4 L 226
5 W 181

Figure 12: Sample character graph form and top five
classification scores for Arabic word segment Us .
This graph had ten embeddings.




Score
1086*
333
314
291
285

2
L}
Word
Segment
=2
o8
2

T S T R S

Figure 13: Sample character graph form and top five
classification scores for Arabic word segment —-.
This graph had 20 embeddings.

4

Word

Segment Score
| = 277
2 3 252%
3 58 159
4 ) 137
5 [ 136

Figure 14: Sample character graph form and top five
classification scores for Arabic word segment .
This graph had 2 embeddings.

-
Word
Segment Score
1 33 890*
2 by 573
3 — 239
5 3 202

Figure 15: Sample character graph form and top five
classification scores for Arabic word segment s—.
This graph had 12 embeddings.
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In these examples, three of the figures had the correct
answer in the first position with a broad spread
between first and second position. In one case,
(Figure 13) the correct answer came in second
position closely following the first position score.

9 Conclusions

Word segments intrinsically formed in Arabic words
offer an extraordinary opportunity toward both word
recognition and word detection. Pictographic
Recognition provides a tool capable of recognizing
either the actual word segment or common embedded
graphs within the word segments. The common
embedded graphs are a critical ingredient toward
successful word segment recognition because the
high degree of variability in handwriting reduces the
likelihood that written character strings will regularly
appear exactly alike. However, the embedded graphs
offer a means of capturing the “essence” of these
character strings in a physical and mathematical form
that can reliably be captured and classified.
Effectively, the embedded graphs offer a means of
standardizing strings of characters into reliable
consistent forms.

Initial findings indicate Pictographic Recognition
shows promise for recognizing word segments both
in terms of accuracy of recognition and reduction of
false positives. The embedded graphs appear to
capture the essence of the written character strings
from which they are extracted. However,
implementing a  general-purpose  search and
recognition system requires compilation of a database
with sufficient exemplars to cover as many word
segments as possible. Complete coverage is not
necessary, because Pictographic Recognition can
always rely on its character-based processes to
analyze Arabic word segments never encountered
previously.

Immediate next steps include greatly expanding the
collection of word segment exemplars used for
training to achieve a broader overall Arabic language
coverage. In conjunction with the expanded training
sets, the Authors will continue to refine the
techniques herein discussed toward the goal of
building an accurate and reliable Arabic word search
and recognition tool based on Pictographic
Recognition.




Document Analysis
Applications




186




A Document Triage System for Army Application
Francis Fisher, Kelvin Marcus, Richard Chang, Joi Turner

U. S. Army Research Laboratory
2800 Powder Mill Road, Adelphi, Maryland

Abstract

Military campaigns routinely put Soldiers in contact with foreign documents that they are
generally unable to read. The PDA-based Basic Language Translation System (PDA
BLTS), an ARL designed handheld document triage system, permits the Soldier to triage,
or sort by importance, foreign language documents. The system assists the Soldier in
the collection and triage of captured documents by identifying those documents relevant
to the Soldier’s mission or the overall military campaign so that the Soldier can expedite
the processing of those documents. Through document triage the military linguist or
translator is provided those documents that may be most relevant to military operations.
BLTS was designed in response to the need for expedient document triage and delivery
through a portable system to be used by Soldiers. This paper will describe the
engineering methodology used to develop this tool.

1 Introduction

PDA BLTS is a handheld document triage system consisting of a laptop, five PDAs with PDA-mounted
cameras, and two scanners, as shown in Figure 1. The BLTS PDA gives the Soldier a handheld device to
capture and translate document images in order to determine the importance of captured foreign
language documents. The translated document and keyword search results are returned and displayed
on the BLTS PDA. The BLTS Server receives document images from multiple BLTS PDAs, processes
those document images, and returns the triage results to the appropriate BLTS PDA. The BLTS
Scanners (flat-bed and sheet-fed scanners) attach directly to the BLTS Server and provide an additional
method of document input for translation and review. Documents processed by BLTS can be reviewed
on the BLTS Server using the BLTSDocumentReview software.

The design goal for PDA BLTS was to develop a portable, handheld device to be used by Soldiers for
document translation and triage. Before beginning the design process several problems were outlined
and discussed in order to determine practical yet optimal solutions for hardware and software. Those
issues included system architecture, PDA selection, scanner selection, camera selection, and software
design.

This paper will describe the technical work performed, engineering methodology used, and the choices
made in developing the BLTS system. It will cover what we did to test, evaluate, and solve problems,
based on what problems were already known; what new problems appeared and how they were handled;
and how the system was integrated.

2 System Engineering

The first question to answer was how to meet the user's need for a small hand-held document triage
device while working within the limitations of available technology. While there are some small X-86
compatible tablet computers available now, we were unable to find suitable products for the BLTS
application when this effort was started. Even the current X-86 based tablets are much larger than typical
PDAs. If we limit the Soldier-carried device to a PDA then we seriously limit the processing
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Figure 1: PDA BLTS Components
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Figure 2: Process flow for PDA BLTS
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capability that is available. We decided to use a client/server architecture with a laptop for the server and
PDAs as the clients. This permitted us to use the existing FALCon document triage software to provide
the core functionality. The PDA is then used as a document capture and display device. A wireless
network is used to transfer document images from the PDA to the laptop, and to transfer the translation
result from the laptop back to the PDA for review. The process flow for PDA BLTS is shown in Figure 2.

The next issue then was to select an appropriate method for document input for the PDA. Using any type
of scanner would dramatically increase the size of the handheld system and would not be feasible. We
decided instead to use a digital camera module that would plug into the PDA client device. Based on
initial work using digital cameras to input document images for translation [1] and on test data collected in
the lab, we knew that VGA resolution cameras were simply not sufficient for document image processing
unless the area to be translated was severely limited. The release of 1.3 mega-pixel cameras was the
final system component that ensured the success of the PDA BLTS system design.

Another issue in the design of PDA BLTS was the limitation of the wireless data link. If the Soldier
operates the BLTS PDA beyond the range of the data link then document images cannot be sent to the
BLTS Server for processing. Due to the processing limitations of the PDA, we found it difficult to
implement an automated queuing system for delivery of document images to the server for processing.
This couid also have confused the user if document images sent for processing were not returned in a
reasonable time because they were being heid on a queue. Instead, we put the burden of operation on
the user. We provide a message to the user when the wireless link is not available and they are given the
option of saving the image for retransmission at a later time.

With the system engineering solutions in hand, we then turned to selecting hardware components for
PDA BLTS as described in the following sections.

2.1 Hardware Selection

In the design of PDA BLTS we were required to select suitable hardware components for all of the BLTS
functions. All hardware selections were performed in conjunction with Engineering Systems Solutions of
Frederick, Maryland, the integration contractor selected for this project. All of the PDA BLTS components
needed to be operational in extreme field environments. Since this is a prototype for pilot field-testing,
there was not a requirement that the components be MIL qualified.

in designing BLTS, we have worked toward a solution that gives the Soldier a handheld device for
document triage. Due to the PDA’s limitations of low processing speed, small memory capacity, and the
incompatibility with COTS software developed for the Microsoft Windows XP/2000 operating systems, we
were forced to utilize a client server architecture for PDA BLTS for the current system designs. Given the
time constraint, there was no way to port the COTS (MT, OCR, etc.) that form FALCon to the PDA,
financially or technologically. FALCon was an in-house product that could easily be integrated into the
current system design, and would be completely accessible by PDAs through a client/server architecture.

2.1.1 PDA Selection

As part of system design we were required to decide on commercial versus rugged hardware platforms.
There are many rugged PDA platforms available on the market today. The problem is, we will not know
what will be available tomorrow. The problem is even worse in the commercial PDA market where product
lifetime is typically less than two years. An additional selection criterion was the cost of the equipment.
Rugged PDAs are typically 3 to 5 times more expensive than the commercial equivalents. Users were
questioned on their preference for quantity versus ruggedized and their preference was for a larger
quantity of commercial systems for initial pilot testing. The PDA selection criteria were: COTS product;
fastest processor available; SDIO memory slot for camera; operate in extreme environmental conditions.
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After purchasing and testing sample PDAs, we selected the HP h5555 for version 1 of PDA BLTS. When
we started production of version 2 we found that the h5555 had been discontinued. We then re-evaluated
available products and selected the hx2750 PDA by HP. The hx2750 provided a 330% increase in battery
life and doubled the range of operation for the wireless network.

2.1.2 Laptop Selection

The requirements in the selection of the laptop for the BLTS server were to run the Forward Area
Language Converter (FALCon) software (the core translation software for BLTS), to provide wireless
network connectivity to the BLTS PDAs, and support operation at temperatures from 30° to 130°
Fahrenheit. The laptop selected is the Panasonic Toughbook CF-18. Built with Centrino technology, the
CF-18 runs software for the BLTS Server, scanner, and FALCon and supports wireless network
connectivity for five PDA’s. The server queues documents from the PDA and scanner, passes the
documents to FALCon for translation and keyword search, and returns the translated results to the
appropriate PDA as shown in Figure 2. If the document processed is from the scanner, then the FALCon
results are stored on the server for later review.

2.1.3 Scanner Selection

The selection criteria for the BLTS scanner included small size, extended temperature operation, and
simplicity of operation. From previous prototype fielding of FALCon, we found that users had difficulty
using sheet fed scanners to process bound or stapled documents in the field. Based on those issues we
started the initial research on the application of digital cameras for document input as reported in [1]. Flat
bed scanners have been greatly reduced in size in the 7+ years since our prototype fielding of FALCon.
For BLTS, we selected the smallest COTS flat bed scanner that we could find. We then tested three
samples of that scanner at 130 degrees F during the day and 30 degrees F at night to simulate harsh
environments encountered in some military operations. Although the temperature range tested far
exceeded the manufacturers specifications, the scanners tested performed well. Based on this testing we
selected the Canon LIDES8O flat bed scanner for the BLTS application.

During user training for PDA BLTS, users requested sheet-fed scanners to replace the flat bed scanners.
The sheet-fed scanners are much smaller than the flat bed scanners making them more portable. The
trade off is that the sheet fed scanners are not able to scan bound and oversized documents. Version 1 of
PDA BLTS was delivered with flat bed and sheet fed scanners, version 2 of PDA BLTS was delivered
with sheet fed scanners only.

2.1.4 Digital Camera Selection

The BLTS PDA Camera selection criteria was, for the most part, geared toward finding a camera with the
highest possible resolution that would provide high quality images at close range with minimal optical
distortion. The market for high-resolution compact flash or Secure Digital (SD) PDA cameras is very
limited. Of the small number of devices available, we reviewed data sheets and selected four different
models for evaluation. One of the cameras selected for evaluation included a photo flash capability, which
we thought might be helpful. Unfortunately, the addition of the flash unit to the camera resulted in a
package that was so large and so heavy that it was not at all suitable for this application. The poor quality
of the optics further reduced the usability of this camera. The Veo Phototraveler and the HP Photosmart
turned out to be the same cameras with a minor difference in the layout of the camera body. Both of
these cameras provided good imaging capability at close range with minimal optical distortion. We
selected the HP Photosmart mobile camera, a 1.3M pixel SD camera, because it provided good quality
document images and was compatible with the h5555 PDA. We used the software development kit from
Veo with the HP Photosmart camera to provide a full solution for the integration of the digital camera into
the BLTS PDA and software.
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Through previous work with 3.3M pixel digital cameras done in [1], we developed a preprocessing
algorithm for document images to improve FALCon OCR accuracy. During an additional evaluation of a
5.1M pixel camera we discovered an improved method in our algorithm to increase OCR accuracy for
both low and high-resolution cameras. We currently use this preprocessing algorithm on document
images captured by the current 1.3M pixel SD camera before passing them to FALCon for translation.

2.1.4.1 Document Image Size Limitations

In order to evaluate the PDA camera, tests were also performed to determine the optimal range of font
sizes and page sizes that would yield the highest OCR accuracy when capturing and processing
document images with PDA BLTS. These tests confirmed that document images with font sizes greater
than 10pt and 250 DPI yield the optimal OCR results, with accuracies from 92% - 95%. OCR accuracy fell
quickly when document images with font sizes less than 10pt were processed as shown in figure 3. The
same was true for document images with 320 DPI as shown in figure 4, but the drop in overall OCR
accuracy was much smaller for font sizes of 10pt and less as would be anticipated given the increased
number of pixels on each character.

Based on these results, the camera selected for PDA BLTS should be sufficient for capturing and
processing half-page document images and should produce optimal OCR results for documents with font
sizes of 10pt or larger.

3 System Software Components

The following sections describe the software components of PDA BLTS.
BLTS Server

The BLTS Server software acts as a link between the BLTS PDA and the Forward Area Language
Converter (FALCon), the back-end software that produces all machine translations and keyword results.
The BLTS Server keeps track of all connected BLTS PDA’s. It is also responsible for receiving all

OCR Test 250 DPI
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Figure 3: OCR Font Test resuit for 250 DPI documents
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Figure 4: OCR Font Test result for 320 DPI documents

document pictures and sending all translation results to and from the PDA’s. If the Soldier is near the
BLTS Server with documents in hand, he or she can scan the documents, which are then automatically
routed to the BLTS Server through the BLTS Scanner software. The images are then stored and
translated for review.

3.1 BLTS PDA

The BLTS PDA software uses wireless communication to exchange data with the BLTS Server. The
software provides a user interface to capture document images using the camera and displays the
translation results for review.

3.2 FALCon

FALCon, the Forward Area Language Converter, is a tool that utilizes optical character recognition (OCR)
and machine translation (MT) to help non-linguists identify the importance of foreign language documents
captured in the field. Scanned document images or digital camera images can be loaded into the
FALCon software which then converts the images into text characters and translates the text into English.
Keyword lists can be created and specified by the user, which would be used to search the resulting
English text, or if the appropriate foreign language lists exist, search the foreign language text.

During the development of BLTS, the original build of the FALCon software had undergone several key
changes. The Machine Translation software, Transphere’s Apptek, used by FALCOn for Arabic text
translation was updated from version 2.6.17 to 2.7.0.35 to address key issues where during transliteration
some English word letter combinations would consistently err, word definition selection would translate to
the least probable seiection, and proper names would not completely translate.
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3.3 BLTS Document Review- Server

All images and resulting documents can be reviewed using the BLTSDocumentReview on the laptop.
This software provides a display that conveniently groups the document pictures with their respective
Optical Character Recognition (OCR), Machine Translation (MT), and Keyword search results. A scaled
down version of this software is also used to review MT and Keyword search result files on the BLTS
PDA.

4 Software Design

The software design issues were numerous. The first issue was to figure out how to allow the system to
support multiple users, and process documents concurrently. Each BLTS Server supports up to 5 BLTS
PDAs; so, 5 Soldiers can send documents for processing at the same time. Since FALCon processes
one document at a time, FALCon became the bottleneck in the PDA BLTS process. The solution was to
adapt a multi-threaded server architecture with a document queuing process. This allowed users of the
five BLTS PDAs to send documents simultaneously and to continue capturing and sending document
images for processing. Controlling document return flow was the next issue to be resolved. An output
queue was implemented on the BLTS Server to hold translation resuits. When translation results are
available for a BLTS PDA on the server, the server checks to see if the PDA is available. If the PDA is
not available the results are stored in the queue. If the PDA is available, then the results are returned to
the PDA for review by the Soldier.

4.1 Software Improvements

The initial design for BLTS used FALCon as the backend translation software, but the processing time for
this first implementation was very slow (two and a half minutes to process a half page document). The
process time includes the image transmission from the PDA to the server to the moment the user is
notified on the PDA that the result is ready for review. By testing the individual software components, we
discovered that FALCon'’s initial sequence of language library loads for machine translation was
contributing heavily to the drag on process time. Each time the FALCon process was called, the MT
libraries would be reloaded on the server, causing unnecessary delay in the overall performance of BLTS.
However, when FALCon was run in batch mode, the initialization process was only run once, at the
beginning of the batch. The first document processing time was still over two minutes, but the remaining
documents were processed at a rate of less than forty-five seconds. We had the FALCon team modify
FALCon so that the batch mode would remain in memory and monitor a folder for new documents to
translate. As a result each half-page document takes approximately 45 seconds to process.

In response to user feedback, the Soldier is given an option on the BLTS PDA that forces the server to
store all translation results for that PDA on the server. The Soldier can then process larger quantities of
documents without interruption and retrieve all of the results for review at a later time. Also from user
feedback, documents and results are stored in non-volatile memory on the PDA in case of battery failure
or system malfunction so that results will not be lost.

The first version of PDA BLTS did not take into consideration the cumbersome task of system
configuration. The user had to set the network SSID, IP address and WEP encryption for the server and
all five PDAs. During the initial training of the system, we noted that this section took the longest to train
the Soldiers. The requirement to configure the network and security components detracted from regular
system use. Because of the frequency in the need to configure the PDA, it was necessary to automate
this process. The current configuration only needs a system number, which is located on the device, as
user input. The network and security settings are automatically configured and re-configured, on the
PDA, if that information is lost due to battery failure or a hard reboot.
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4.2 User Interface Design

Another major design area was the user interface. Through many field tests and exercises we have
found Army Soldiers to be both intelligent and resourceful. If you design a good product that they can
use, they will use it. In all aspects of the design of the user interface we attempted to make system
operation simple and flexible within the limitations of the hardware, development environment, and
operating systems used. Most of the BLTS PDA software features are controlled by menu bar buttons
across the bottom of the PDA display. These buttons change as the operating mode changes. All of
these “soft” buttons are linked to the corresponding hardware button located under the menu item. In this
way the Soldier can operate the system without the need to locate, remove, and use the stylus. The
users fingertip can generally manipulate those windows that do require touch screen use for proper
operation. Along with design considerations that encompassed physical attributes of the system, we had
to keep in mind that the main purpose for the BLTS PDA is data management. Document information
obtained from the BLTS process had to be formatted in a display so that users could make decisions
upon review.

4.2.1 BLTS Document Review

The Soldier's main objective when using PDA BLTS is to aid human translators by making key decisions
to ensure critical documents are identified and passed to the appropriate authorities as quickly as
possible. As such, the Soldier must understand the importance of the system’s output in relation to their
mission. FALCon creates four document outputs during the triage process; the document image, OCR,
MT, and keyword resuits. Each document has its importance to the end user and PDA BLTS is designed
so that access to the results is simple, convenient, and understandable.

4.2.1.1 FALCon Output Format

The document image is the original view of the document either scanned or photographed. The image by
itself is a digital link to the original document. By viewing the image, the Soldier can associate it to the
physical document without knowledge of the language through simple pattern matching. The OCR -
Optical Character Recognition output is not as helpful to the Soldier because it is not easy to see
differences between the actual document and the OCR’ed document. The OCR’ed document may be
more useful to the human translator who can correct OCR errors and obtain better translations. The
appearance of the MT results could be best described as “word soup”, or a mixture of non-cohesive
words, phrases, and foreign character strings. This document can aid in the Soldier’s ability to easily
identify nouns, proper nouns, and action verbs and provide additional information not included in the
keyword list. The keyword result document displays the frequency of mission related keywords found in
either the machine transiated document or the OCR document. FALCon allows the Soldier to edit and
add customized keyword lists based on the current mission requirements.

4.2.2 BLTS Document Review-Server

BLTSDocumentReview is a server side application that aids users stationed at the laptop to view all four
FALCon output files, as shown in figure 5. All documents scanned or transmitted from the PDA’s are
stored, organized on the server and accessible from BLTSDocumentReview. This application allows
users to review data from a specific PDA source or the scanner. The user can determine the time and
date that each data input file was captured and can also traverse through all of the input files in order.
Most important, each document image is linked to its processed results. When all documents have been
analyzed, the folder containing the mission’s data is then closed and tagged with pertinent information
regarding the mission. This data can be sent to higher commands for further investigation.
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Figure 5: BLTS Server Document Review

4.2.3 BLTS Document Review-PDA

Document review on the BLTS PDA was an interesting problem. The display on the PDA is quite small
and has low resolution so it is difficult to display a great deal of visual information. Since the latency
between sending a document for translation and receiving the result could be more than a minute, we felt
that it was very important to provide the user with the ability to see both the resulting text translation and
the original document image. Our initial implementation required the user to open the text translation
result from Windows File Explorer for review, then close that view and open the document image to see
what the original document was. The user then had to close all views and close File Explorer to continue.
This was very cumbersome. After considering different alternatives we implemented a dual view display,
shown in figure 6, that shows the original document as a thumbnail view at the top of the screen with the
text translation result below. If the user taps on the document image it is enlarged to fill the screen and a
limited amount of text is displayed. If the user taps the document image again the display reverts the
original thumbnail view with large text area. In this way the Soldier can see both the original document
image and text result on one display.

Tap on the
document picture
to enlarge image.
© Tap again to make
the picture small.

- KEYWORD DETAILS -
CHEMICAL (3 total hit(s)) ****
CONTROL (1 total hit(s)) ****
GAS (2 total hit(s)) ****

NERVE GAS (3 total hit(s)) ****
ORDER (1 total hit(s)) ****
PROTECTION (2 total hit(s)) ****
SHAKE (1 total hit(s)) ****
SHELTER (1 total hit(s)) ****
ISPECIAL (1 total hit(s)) ****
TOXIC (2 total hit(s)) ****

UNIT (1 total hit(s)) ****

ke ok ok e ok ok ok ke oK ok ok ok ok oK ok ok

-- KEYWORD DETAILS -- -
CHEMICAL {3 total hit(s)) **** =
CONTROL (1 total hit{s)) **** :
GAS (2 total hit(s)) ****
NERVE GAS (3 total hit{s)) **** -

Open Prev Next  fxit | Open Prev  mewt Bt

Figure 6: BLTS PDA Document Review. Machine Translation can be viewed by scrolling down in
the text view.
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5 Conclusion and Future Work

The various COTS software components required to implement a document triage system on a PDA were
not available when this effort was started. Handheld PCs were also not available. Hence, to develop a
handheld document triage system required the implementation of a client/server architecture system that
utilizes a PC-based server and PDA-based handheld devices. Handheld PCs may soon be small enough
to permit a handheld document triage system to be build that is based on FALCon or similar COTS based
products. As an alternative to “waiting for the COTS market”, the Army is using a Small Business
Innovative Research (SBIR) contract to fund the development of custom software to perform document
triage on handheld PDA platforms.

Systems developed for field use must take the needs of the Soldier into account. User interfaces must be
simple and easy to use, not because the Soldiers are not able to work with complex interfaces, but
because the Soldiers have a larger mission to perform. We cannot anticipate that our system will receive
the users full attention and we must design accordingly.

The version of PDA BLTS described in this paper will be replaced in the future by a document triage
system that requires only the PDA and PDA mounted camera. This future version is aiready under
development by contractors to the U.S. Army and some of that work will be presented at SDIUT’05.
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Multi-Language Handwriting Derived Biometric Identification
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Abstract

This paper provides a discussion of key technologies
underlying the development and implementation of a
Handwriting Derived Biometric Identification system.
Three applications for author identification through
handwriting are in development based on this system:

1. Individual Identification
2. Document Clustering
3. Forensic Document Examination

Individual Identification involves relating a document
of unknown authorship to a data base of reference
samples of handwriting from known authors.

Document Clustering encompasses grouping documents
based on handwriting characteristics without
knowledge of specific author identity.

Forensic Document Examination involves building a
statistical foundation that will support court room
testimony by expert witnesses that will withstand
Daubert Challenges raised against handwriting
analysis as evidence.

This paper focuses on the technical foundations of
Individual Identification.

Handwriting Derived Biometric Identification exploits
the rich set of measurements available through
Isomorphic Graph Matching which is a technique
based on Graph-Theory that is used to identify the same
written forms in different writing samples. By
statistically comparing measurements on similar
objects across different writing we are able to identify
those writing characteristics that best distinguish or
characterize individual authors. An author’s biometric
identity is defined through the measurements that are
determined to characterize that author’s writing in the
sense that those measurements have the power to
distinguish the author’s writing from that of other
authors. Handwriting Derived Biometric Identification
is a computationally intense process that utilizes
statistical discrimination algorithms.

Mark A. Walch
The Gannon Technologies Group
Alexandria, Virginia

1 Overview

An automated process parses a handwriting sample to
identify individual characters. This process uniquely
associates each parsed character with a graph. For
purposes of this paper, the software tool that makes this
association is referenced as the “Graph Builder”. Each
graph is a collection of nodes connected by loops and
curves. Nodes are located at the ends of curves or
where curves cross. The following example
demonstrates that there is a very large set of physical
measurements defined for even the simplest graphs.

Character: a
Graph Model: 4;112
Number of Edges: 3 : »

Number of Vertices: 4

Measurements for Graph 4:112 Number of
Measurements
Absolute Distance
Vertex to Vertex 6
Vertex to Edge Centroid 12
Vertex to Edge Contours 12
Edge Centroid to Edge Centroid 3
Edge Contours to Edge Contours 3
36

Centroid Distance
Vertex to Graph Centroid 4
Edge Centroid to Graph Centroid 3
Edge Contours to Graph Centroid 3
1

Graph Direction

Vertex to Vertex 18

Vertex to Edge Centroid 24

Vertex to Edge Contours 24

Edge Centroid to Edge Centroid 6

Edge Contours to Edge Contours 6
78

Centroid Direction

Vertex to Graph Centroid 12

Edge Centroid to Graph Centroid

Edge Contours to Graph Centroid 9




Exit Direction at Vertex 6
Skew 3
Edge Aspect Ratio 3
Edge Length 3
Bending Energy 3
Bezier Offsets 24
42
Total Features for Graph 196

Prior to biometric analysis, character recognition
automatically associates each graph with a letter from
the alphabet. The graph used for character recognition,
or a reduced version of the graph, is used for biometric
identification. A particular graph, appropriately flexed
and shaped, can fit many different letters of the
alphabet. There are about 25 graphs that typically
account for about 90 percent of English handwriting.

The biometric identification work in this paper is based
on a handwriting database prepared by the FBI
Laboratory. Over 500 writers wrote ten copies of the
London Business Letter.

Our London business is good, but Vienna and
Berlin are quiet. Mr. D. Lloyd has gone to
Switzerland and I hope for good news. He will be
there for a week at 1496 Zermott St. and then goes
to Turin and Rome and will join Col. Parry and
arrive at Athens, Greece, Nov. 27th or Dec. 2nd.

Letters there should be addressed 3580 King James
Blvd. We expect Charles E. Fuller Tuesday. Dr.
L. McQuaid and Robert Unger, Esq., left on the
"Y.X. Express" tonight. My daughter chastised me
because I didn't choose a reception hall within
walking distance from the church. I quelled my
daughter's concerns and explained to her that it was
just a five minute cab ride & would only cost $6.84
for this zone.

Five copies were in script and five copies were printed.
This paper reports our success at biometric
identification based on each author’s five script copies
of the London letter. The first, third and fifth script
copies are used to biometrically model an author; the
remaining two copies are used to test the accuracy of
biometric identification based on the authors’ biometric
models.

2 Letter/Graph Pairs

Each copy of the London letter provides multiple
samples of all letters in the alphabet. We have
observed that authors are very consistent relative to the
associations between letters of the alphabet and the
graphs assigned to them by our Graph Builder. For
instance, Table | presents a breakdown of the letter to
graph correspondences observed for a particular author
among the characters in the three modeling London
letters for this author.

Table 1: Distribution of letter/graph pairs that has been observed in a particular author’s modeling paragraphs. [In
this table, the entries are percentages. These percentages add to 100% across each row; i.e., each row is a
conditional distribution of graphs for the given letter. For instance, 38.9% of Author #1°s use of letter ‘a’ are

associated with isomorphism 4;112.0.]

Author=1 -
6

- 8 9 8

4 6 5

- - 1 - 1

1 7 1 1 1 1

a 0 - 2 6 3 2 1
- 6 0 6 1 - - 6 a - 2

¢ ) - - 2 2 1 - 2
h 8 1 1 1 0 a 4 1 1 0 a4 1
a 4 4 1 2 1 - - 2 1 5 - - 2
r 0 2 8 2 2 2 6 - 3 6 0 8
a 2 1 3 1 - 4 4 a 1 1 1 a -
c 1 6 2 - 2 0 6 9 - - 1 6 2 - 0 6
t 1 2 4 - 2 0 a 6 0 0 1 1 2 6 0 0 - a
e 9 6 2 1 - 2 - - - 3
r 2 0 0 a a 0 0 0 0 0 8 8 0 0 0 0 2 0
a 38.9 38.9 22.2  -- -- --
c -- 47 .1 -- 52.9 - -
d - -- 100.0  -- -- -- - -
e 24.8  -- -- -- 48.9 26.3  -- - -
i - - - -- - 100.0 -
1 - -- 35.9 64.1 -
n  -- 65.2 34.8  -- - -- -- - - --
) -- -- . .- 100.0  -- -
r .- 22.1 - 77.9 - -- - - - - - -
s 33.3 29.6 37.0  -- -- --
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assigned to the column graph. Entries in the table are
constrained in that percentages are only calculated for
those letter/graph pairs which were observed at least
ten times in the author’s modeling London letters.

Each row of the table refers to a single letter; and
each column of the table refers to a particular graph.
The numbers in each row of the table present the
percentage of occurrences of the letter that were

Table 2: The same information as in Table 1, but for Author=10.
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6
. 8 9 8 -

4 - 6 - 5

- . 1 - 1 .

- 1 7 1 - 1 1 1

4 - 0 - - 2 6 - 3 2 1

- 6 0 6 1 - - 6 4 - 2

c 9 - . - 2 2 - 1 - - 2 -
h - 8 - 1 1 1 0 4 a 1 1 - 0 4 1
a a - a 1 2 1 - - - 2 1 5 - - 2
r - - 0 - - 2 8 2 2 2 6 . - 3 - 6 ()} 8
a 2 1 - - 3 1 - - - 4 4 a 1 1 - 1 4 - -
c - 1 6 2 - 2 [ 6 9 - - - - 1 6 2 - 0 6
t 1 2 4 - 2 0 - a 6 ()} o 1 1 2 6 0 0 - 4
e 9 - - 6 2 - 1 . - - - 2 2 - - - - 3 -
r 2 0 0 4 4 0 6 0 0 0 0 8 8 o 0 0 0 2 0
a 19.2  -- 88.1  -- .- - - s e e e e - 32,7 -- ee - -
¢ - 100.0 .- -- e e ee e aeae e e e - e e e -
T B - 100.0 .- .- - -
e - 42.0 -~ 7.0 .- 28.7 - - 9.8  -- - «o  an R I - -
h o -- 1000 - - o= oo - e e e e s - e e -- -
i .- 338 - - e .- 66.2 --  as ae e s LR -
1 -- 100.0 -- -- .- .- -- -- -- .- - -- -- - -- - -- -- -
N -- 75.8 - --  -- o2 284.2 == e eeae oo . - e e e e -
0 42.9  -- 57,1 - o= oo oo e e oo oo S e e e -
r .- 29.7 -- 56.0 -- -- - -- -- .- -~ 14.3 -- - -- -- -- .- -
§  -- 56.7 43.3 - .c e e e ae e ae el - ee e e -
t -+ e+ <+ —« -- .. .. .. 25,4 -- 55,2  --  -- - - - -2 19.4 -
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Table 3: Observed frequencies of letter/isomorphism pairs occurring in Author #1’s test paragraphs.

Author=1

- - 9 8

a 5 6 -

- - - - 1

1 . 1 - 1 7 1

0 4 1 - 6 - - 3 - 2

o - 2 - 6 - 6 6 4 1 -

c - - 9 - 5 - 1 - - - 2 2
h 1 - - a 8 1 - - 1 1 1 1 0 0 4
a 2 4 4 - - 2 5 2 1 2 1 1 - - -
r - - - 8 - - 6 0 8 - 2 2 - 2 3 8 2 0
a 1 - 2 3 - 1 1 4 - - 1 5 - 1 - - 4 4 -
c - 2 - . 6 1 2 - 6 6 2 - 0 1 9 6 - - 0
t 1 - 1 2 4 2 0 1 a 4 0 1 . 2 6 6 0 0 -
e 2 6 9 2 - - - 2 - - - 2 1 - - - - - 3
r 8 4 2 a (] 0 0 8 0 0 0 8 6 0 0 0 0 0 2
a 0 o 28 0 o 13 0 o 10 0 o 0 0 0 0 0 0 0 0
c o 14 0 0 0 12 0 0 0 0 0 0 0 0 o 0 0 0 0
d 0 (] 0 0 ) 0 0 o 14 0 0 0 o 0 0 [ 0 ()} 0
e 0 0 23 58 0 0o 15 0 0 0 () 0 0 0 0 0 0 0 ()
i 0 o 0 0 0 0 () 0 0 0 0 0 50 0 0 0 0 0 0
1 0 0 0o 13 o 0o 14 0 0 [ 0 0 0 0 0 o 0 0 (i
n o 32 0 0 o 26 0 0 0 0 0 0 0 0 () 0 0 0 o
o 0 0 0 o 10 0 0 0 0 0 0 0 0 0 0 0 0 0 ()
r 0 50 () 0 0 9 0 0 0 0 0 0 0 0 () 0 0 0 0
s o 11 13 0 0o 10 0 0 0 0 0 0 0 o o 0 0 0 o
t 0 0 0 0 0 0 0 0 0 0 0 0 0 o 10 0 0o 25 0
u o o 0 0 o 8 0 0 0 0 0 0 0 o 16 0 0 0 o
w 0 (] 0 [ 0 0 ()} 0 0 o 0 0 [} 0o 0 0 0 0

GNN O

@ N =

Q1 BN T AN NS =

(=]

OO UMOOoOOoOCO0OO0OQCO0OO0O0O0




Table 2 presents the same style of breakdown for
another author. Table 3 presents the number of times
that letter/graph pairs were observed in the first
author’s two held out London letters. Again,
frequencies in Table 3 are constrained in that
frequencies are only tabulated for those letter/graph
pairs observed to occur at least ten times in the
author’s two held out London letters. We can use the
tabulated information in these style tables to
investigate how strongly the patierns of letter/graph
associations identify unknown authors.

Hypothetically, consider Author A’s two held out
London letters to be written by an Unknown Author.
We can get expected frequencies if Author A were
the Unknown Author by multiplying the number of
occurrences of each letter of the alphabet by the
decimal values represented by the percentages, as
seen in Tables 1 and 2, in the row for that letter. We

STANDARDIZED
DIFFERENCE

-4.2 1

-3.9

-3.6

-3.3

-3.0

-2.7

-2.4

-2.1

-1.8 0

-1.5 000

-1.2 000000000
-0.9 0000

-0.6 000000000000000
-0.3 00000000000000
0.0 00000000000
0.3 00000000000
0.6 0000000000
0.9 0000000

1.2 0000

1.5 00000

1.8 00

2.1 00

2.4 0

2:7

3.0

3.3

5 10 15 20
Frequency

e

can then compare the resulting expected letter/graph
pair frequencies to the actual observed letter/graph
pair frequencies for the Unknown Author. An
obvious metric to use for measuring the differences
between the expected and observed frequencies is the
sum over all table entries of the squared differences
between observed and expected values. We did these
calculations for a set of 100 authors from our
database; that is, we compared the pattern of
observed letter/graph pair frequencies for Author A’s
two held out London letters to the modeling London
letter data for each of the 100 authors. The resulting
100 sums of squared differences (after
standardization) are presented in the histogram of
Figure 1. In Figure 1, Author A is represented by the
symbol ‘1’ and each of the other 99 authors is
represented by the symbol “0’. Author A, the true
identity of the Unknown Author, is very clearly
discriminated from the other 99 authors.

Cum. Cum.

Freq Freq Percent Percent
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1 1.00 1.00
1 0.00 1.00
1 0.00 1.00
1 0.00 1.00
1 0.00 1.00
1 0.00 1.00
1 0.00 1.00
1 0.00 1.00
2 1.00 2.00
5 3.00 5.00
14 9.00 14.00
18 4.00 18.00
33 15.00 33.00
a7 14.00 47.00
58 11.00 58.00
69 11.00 69.00
79 10.00 79.00
86 7.00 86.00
90 4.00 90.00
85 5.00 95.00
97 2.00 97.00
99 2.00 99.00
100 1.00 100.00
100 0.00 100.00
100 0.00 100.00
100 0.00 100.00

Figure 1: Standardized Sums of Squared Differences
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This strong discrimination was typical regardless of
the author playing the role of the Unknown Author.
Each of the 100 authors had the lowest sum of
squared differences among all authors when that
author played the role of the Unknown Author.

The above computations show that:

1. Authors are very consistent relative to the
associations between letters of the alphabet and
the graphs assigned to them.

2.  When the writing samples from authors in a
database are as rich as they are in our London
letter database, the patterns of letter/graph
associations can be a powerful identifier of
authorship.

3 Biometric Identification

The paper will now turn to the problem of author
identification for authors who are observed to be very
similar in that the Graph Builder assigns the same
graph to their writings of a particular letter. The
graph in question, as noted above, will have hundreds
of measurements defined for it. The quantity of
writings available from the author will determine the
number of occurrences of the letter/graph pair.
Typically, there will be many more graph
measurements than there will be observed
occurrences of the letter/graph pair. This makes the
data analysis subject to the curse of dimensionality."

3.1 Discriminant Analysis

One of the statistical methods we use to distinguish
the data for similar authors is stepwise discriminant
analysis.” We apply this technique by isolating
corresponding letter/graph pairs from different
handwriting specimens. That is, we inspect different
writing samples to locate instances of the same letter
written as the same graph, assigned by the Graph
Builder. In practice, this task is accomplished by
automation that uses recognition to identify the
character and uses the Graph Builder to assign the
appropriate graph. Once the pairing is done,
discriminant analysis will find a small subset of the
graph measurements that do a good job of

" In this article, the curse of dimensionality refers to
the fact that the amount of data available (in terms of
occurrences of a letter/graph pair) is insufficient to
support an analysis with such high dimensional data
(i.e., such a high number of measurements). Some
technique must be employed to reduce the
measurements to a small set (the Biometric Kernel).
2 SAS/STAT Users Guide, Version 9.1.
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discriminating the data on this letter/graph pair for
two authors. Stepwise discriminant analysis will

1. Select a small number of measurements for
discriminating the two authors’ data; and

2. Provide a weight (canonical coefficient) for each
selected measurement.

We combine the values of the selected measurements
using the weights; the resulting new measurement
(canonical variable) gives the best available
discrimination of the data from the two authors.
Figure 2 presents a histogram for such a canonical
variable and shows the resulting separation of the
data from two authors.

Characterization of Author 0013
‘ Results of Discriminate Analyses from Iteration B File
Discrimination of Author 0013 fram Comparitor 0014

‘ cani

. Midpoint
‘ -4.0 o o 0.00 0
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Figure 2: Discriminant Analysis for 1'wo Authors
3.2 The Biometric Kernel

Say that we have 100 authors in our data base who
have been observed to be very similar in that the
Graph Builder assigns the same graph to some of
their writings of a particular letter. We can use
stepwise discriminant analysis to compare Author |
one-by-one to each of the other 99 authors. We
combine the results of the 99 stepwise discriminant
analyses to reduce the original list of hundreds of
measurements defined for the letter/graph pair to a
still large but much smaller list of measurements with
demonstrated power in discriminating Author 1 from

m. cum.
Freq Freq Percent Percent




each of the other 99 authors.” By repeating the entire
process several times, we are able 10 isolate about a
dozen of the measurements that are powerful for
discriminating Author 1 from each of the other 99
authors. We refer to these final dozen (or so)
measurements as Author 1’s Biometric Kernel for the
particular letter/graph pair.

Following the steps in the preceding paragraph for
each author in the pool of similar* authors, we define
a Biometric Kernel for each author. We form a
database for identification by storing the following
information for each cohort of similar’ authors:

1. The names of the Biometric Kernel
measurements for each author.

2. For each pair of authors (say, Author A and
Author B), the weights (canonical coefficients),
using Author A’s Biometric Kernel, that form a
canonical variable that discriminates Author A’s
data for the specified letter/graph pair from
Author B’s data for the same pair; and the
corresponding weights associated with
discrimination of Author A’s data from Author
B’s data using Author B’s Biometric Kernel.

3. The means and standard deviations of Author
A’s data and Author B’s data for each canonical
variable computed in #2.

3.3 The Competitive Matrix

We conceptualize the stored information for a cohort
of similar authors as defining a Competitive Matrix;
see Figure 3.

Comparator
Author

Modeling
Author

Figure 3: The Competitive matrix

? The results are a subset of the graph measurements
with weights; each comparison to a new author
provides a new subset of measurements and
associated weights.

* Authors are similar in that in their three London
Letters used for modeling our Graph Builder assigned
the specified graph to some of their writings of the
specified letter.

% See Footnote 4.
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The structure of a Competitive Matrix is determined
by associating the matrix’s rows with the author
whose Biometric Kernel is the basis of the
discrimination; we say that rows are determined by
the Modeling Author. Each column is then associated
with a single Comparison Author, that is, the author
whose Biometric Kernel is not used as the basis of
the discrimination. Otherwise stated, the matrix uses
each author twice, once as a model author and once
as a comparator author. In this way, it is possible to
distil those measurements that characterize each
author-to-author comparison. Since the same authors
exist both as rows and columns, the diagonal axis of
the matrix would contain cells where authors are
compared against themselves. Since discriminating
an author’s own data from itself is meaningless in the
current context, cells along the diagonal of the matrix
are excluded from consideration.

The physical database of three modeling London
letters for each author is modeled by a collection of
Competitive Matrices. For the examples of this
paper, a database of 100 authors is used. Each
Competitive Matrix corresponds to one specific
letter/graph pair. There is a Competitive matrix for
every letter/graph pair observed to occur via use of
character recognition and the Graph Builder
application.

4 Testing the Model

We now discuss testing our Competitive Matrix
modeling of author characteristics by using the
Competitive Matrices to assign probable authorship
to the characters in the two held out London letters
for all authors in the database.

4.1 Competitive Matrix Voting

Given a character of hypothetically unknown
authorship from the held out London letters,

. Quantification Scheme: Associate the character
with a Letter and Graph pair by character
recognition and the Graph Builder.

2. Evaluate potential authorship among similar
authors in the data base, i.e., among all authors
who were observed to use the referenced
Letter/Graph pair in their three London letters
which were used for Biometric Kernel modeling.
The evaluation is accomplished via Competitive
Matrix Voting.

In Competitive Matrix Voting, each author plays the
roles of both row (i.e., Modeling) author and column
(i.e., Comparator) author; hence the matrix structure.




Each cell (intersection of a row and column) is
assigned a vote, either 1 or 0 for the row author and a

vote, either 1 or 0, for the column author. The voting
logic is presented in Figure 4.

Competitive Matri

Testing a character of un
parator

B B2 R3 B4 BE

Af

Hy: A is the True Author
Model: based on assumption Hy, is true
— So use the Biometric Kemnel for Author A
H,,: B is the True Author
Statistic is Canonical Variable for (letter/graph) pair
based on the Biometric Kemel for row Author A.
Voting Algorithm: if |z,|<=|z,| and -2<z,<2 then Vote for A
if |z,|<=|z,| and -2<z,<2 then Vote for B
It is possible that neither A nor B receives a vote. We call such a situation a ‘no-vote’

Modeling *
Author .

ad

AR

case.

z,= (x-m,)/s,

S, Sp
— _ L L L )
z,= (e-my)/s, | I 1 1 Canonical
' ' L Variable
m x m,

m_ and m, are the means of the data for Author A and Author B.
s, and s, are the standard deviations of the data for Author A and Author B.
x is the canonical variable (statistic) value for the character.

Figure 4: Competitive Matrix Voting

The next step summarizes each author’s row votes
and column votes.

Row Voting Using the Competitive Matrix with m
Authors

*  For Author A, Add the votes for A across all
columns (all comparator authors)

»  This amounts to m-1 tests of Hy: A4 is the true
Author

»  One test for each column Comparator Author B

«  Each failure to reject the H, with a plausible
value for x is a vote for A

*  An average vote close to 1 means that the
unknown data is more consistent with the data
used to model Author A than with the data from
comparator authors.

Column Voting Using the Competitive Matrix with m
Authors
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*  For Comparator Author B, sum the votes for B
across all rows (all modeling authors)

»  This amounts to 1 test of Hy: 4 is the true Author
for each modeling Author A

*  Eachrejection of H, in favor of H,,,: B is the Author
with a plausible value for x is a vote for B

*  Anaverage vote close to 1 means that the
unknown data is more consistent with the data
for author B than with the data used to model
most other Authors

As one’s intuition would expect, an author’s row and
column votes are correlated; that is, both row and
column votes are low or both are high. Typically, we
have observed that the true author will have a fraction
of row votes close to 1 and a fraction of column votes
close to 1. However, as seen in Figure 5 some
authors other than the true author might also have a
fraction of row votes close to 1 and a fraction of
column votes close to 1. In Figure 5, each author
from the Competitive Matrix is represented by a




symbol (1 or 0) plotted according to that author’s the true author is ‘1’ and the plotting symbol for all
fraction of row votes (horizontally) and fraction of other authors is ‘0.
column votes (vertically). The plotting symbol for

COMPARING COLUMN VO

. . «—— Charac

—T BOL ‘1°

ALL OTHER AUTHORS ARE
" PLOTTED WITH THE SYMBOL ‘0’

EACH AUTHOR WHO HAS A
BIOMETRIC KERNEL FOR THE
LETTER/ GRAPH PAIR IS
REPRESENTED BY A SYMBOL
IN THE PLOT.

Figure 5: Comparing Row and Column Voting

We seek a single value (statistic) that reflects both each symbol (author) in Figure 5 can be associated
how close the fraction of row votes is to 1 and how with a two-by-two frequency table. This table
close the fraction of column votes is to 1. Note that association is defined in Figure 6.

FOR EACH AUTHOR (A) IN  Consider the LOG of the Odds Ratio

THE COMPETITIVE MATRIX ab a b
OF POTENTIAL AUTHORS, Ln(—) = Ln( -d-) + Ln(_)
GET A 2x2 TABLE cd ¢
Row Column 1ntoaas ratie) cun. cum.
Tests  Tests Bdpetnt frea Proa Percont Fercent
-6.0 L[] ° .00 0.00
-5.8 L[] ° .00 0.00
-5.0 [ ] o 0.00 0.00
acentty | o | . iR E
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-2.6 00 2 L] 2.9 .70
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A R
d = Column Votes for Row Author (H,: Other)

True Author
b = Column Votes for Column Author (H,: A) Prequency ue Au

Figure 6: The Log of the Odds Ratio
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4.2 The Log of the Odds Ratio

Considering this two-by-two table, a single value
(statistic) with the desired properties is the log of the
odds ratio, that is, log(ab/cd). A histogram for
log(ab/cd) for the data displayed in the plot of Figure
5 is presented in Figure 6. Note that the true author
(symbol ‘1”) and another author (symbo} ‘0”) appear
tied for the highest value of log(ab/cd). These two
authors are out in the far tail of the distribution of
log(ab/cd) values for all of the 69 authors who are in
the Competitive Matrix.

Figure 6 parses the log(ab/cd) value into the sum of
two log odds values:

log(ab/cd) = log(a/d) + log(b/c).

This breakdown of the log of the odds ratio helps us
to appreciate the power for true author identification
in this quantity. Figure 7 plots a versus d for the true
authors associated with all characters in the held out
two London letters for all authors in our database.
Note in Figure 7 the strong pattern of plotted points
with a > d, such points will give large values of
log(a/d).

Alternatively, Figure 8 plots a versus d for the
authors who are not the true authors for the same

characters in the held out two London letters. Note in
Figure 8, the symmetric pattern of plotted points
around the 45 degree line where a = d; for such
points the values of log(a/d) will be symmetric
around 0.

Figure 9 plots ¢ versus b for the true authors
associated with all characters in the held out two
London letters for all authors in our database. Note
in Figure 9, the strong pattern of plotted points with »
> ¢; such points will give large values of log(b/c).

Alternatively, Figure 10 plots ¢ versus b for the
authors who are not the true authors for the same
characters in the held out two London letters. Note in
Figure 10, the symmetric pattern of plotted points
around the 45 degree line where b = ¢; for such
points the values of log(b/c) will be symmetric
around 0.

Figure 11 presents a histogram of log(ab/cd) for all
authors (both true authors and others) from the
Competitive Matrices for each character in all held
out London letters. Note the smooth, symmetric
structure of the histogram. The parts of the
histogram associated with values for true authors are
darkened in; note that the values for true authors are
predominantly positive whereas the values for other
authors are randomly positive or negative.

O) FOR TRUE AUTHORS IS POSITIVE

RATIO) FOR OTHER AUTHORS IS

RANDOMLY +OR -.

Figure 11: The distribution of the Log of the odds ratio
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Figure 8: Plot of a versus d for Other Authors
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4.3 Testing Multiple Characters

If we take multiple characters from a single author’s
held out London letters, then the sum of the
log(ab/cd) values for these letters assesses the
aggregate likelihood of authorship for the multiple
characters. A true author will have a preponderance

of positive log(ab/cd) values which will lead to a
strongly positive sum of log(ab/cd) values. This
should discriminate the true author from other
authors in the database. Figure 12 demonstrates this
discrimination for a particular author based on fifteen
randomly selected characters from that author’s held
out London letters.

FOR A PARTICULAR AUTHOR AMONG A GROUP OF 100 AUTHORS,
*TAKE 15 CHARACTERS AT RANDOM FROM THE HELD OoUT

PARAGRAPHS.

*TEST EACH OF THE 15 CHARACTERS

*SUM THE TEST CHARACTER LN(ODDS RATIO) VALUES FOR
EACH OF THE 100 AUTHORS

Based on 15 Characters for Author #1
SUM OF LN(ODDS RATIO) for the 100 Authors

Cum. Cum.

Midpoint Freq Freq Percent Percent
-40 0000000 7 7 7.00 7.00
-20 0000000000000000000000000000000 31 38 31.00 38.00
[} 000000000000000000000000000000000000000 39 77 39.00 77.00
20 00000000000000 14 91 14.00 91.00
40 000000 6 97 6.00 97.00
60 00 2 99 2.00 99.00
80 0 99 0.00 99.00
100 1 1 100 1.00 100.00

| | | | | | |

[ ! ! I I 1 1

5 10 15 20 25 30 35
100 Authors
Number of Authors -

True Author |

Figure 12: Sum of Logs of Odds Ratios for 15 characters

To investigate the accuracy of author identification
based on the log of the odds ratio, we took random
samples of characters from each author’s held out
London letters and hypothetically considered these
characters to be from a note written by an unknown
author in our modeling database. We tested all of
these characters and selected the author with the
largest sum of logs of the odds ratio to be our
candidate for the true author. We repeated this
random sampling 30 times for each sample size
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(number of characters) from 5 to 30. The two graphs
in Figure 13 summarize the accuracy results. The
first graph presents the average percent of samples
for which the true author was in first place, second
place, etc., when authors were ranked by decreasing
sums of logs of the odds ratio. The second graph
presents the number of samples for which 96 out of
100, 97 out of 100, etc., true authors had the largest
sum of the logs of the odds ratio thereby selecting
them as our candidate for true author.
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Figure 13: The accuracy of the Biometric Identification
S5 Conclusion

We have demonstrated that the quantification of
handwriting by the assignment of a graph to each
character provides a very powerful basis for
biometric identification. The concepts of Biometric
Kernels and Competitive Matrices are used to build a
biometric identification database for use in
determining the identity of an unknown author of a
writing sample.

We are applying the technology described in this
article to applications in the areas of Individual
Identification, Document Clustering and Forensic
Document Examination.
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Abstract

We present our theoretical comparisons and
experimental evaluations of three boundary data
representations in terms of storage and information
retrieval efficiency. We focus on three boundary data
representations, such as, location list data structure
(LLS), digital line graphs (DLGs) and topologically
integrated geographic encoding and referencing
(TIGER) data organizations. These three boundary
data representations are used frequently in the GIS
domain, and are known as ESRI Shapefiles (LLS), the
SSURGO DLG-3 soil files (DLG), and the U.S. Census
Bureau 2000 TIGER/Line files (TIGER). Boundary
information is viewed as an efficient representation of
image documents describing spatial regions. The goal
of our work is to studv the impacts of choosing
boundary information representation on document
image management and information retrieval, as well
as to improve our understanding of the processing
noise introduced during representation conversions.

Our storage and retrieval efficiency tradeoff
evaluations are based on load time, computer memory,
and hard disk space requirements. The experimental
measurements are obtained with test data sets derived
from the SSURGO DLG-3 soil files and the U.S. Census
Bureau 2000 TIGER/Line files. Based on our
experiments, we concluded that LLS files will provide
the fastest boundary retrieval (40 times faster than
TIGER and 2.5 times faster than DLG) at the price of
file size (storage redundancy for LLS files is between
70% and 180% in our experiments). DLG format offers
a smaller file size, but is less efficient for boundary
retrieval. TIGER format also offers a compact physical
representation, at the cost of more processing for
boundary  retrievals.  These  findings  provide
quantitative support for institutional document image
management decisions.
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1 Introduction

Boundary information is viewed as an efficient
representation of image documents describing spatial
regions and is important for document image
management and information retrieval. Boundary
information represents one type of vector information
[1, Chapter 15]. Boundaries (or contours or outlines)
are mathematically described as convex or non-convex
polygons. One boundary can be formed by a set of
polygons, for instance, a donut shape boundary. Each
polygon consists of an ordered set of points or vertices.
In most GIS applications, points are georeferenced so
that boundary information can be integrated with raster
information. GIS examples of boundary information
would be parcels, eco-regions, watersheds, soil regions,
counties, Census tracts or U.S. postal zip codes. The
goal of our work is to study the impacts of choosing
boundary information representation on document
image management and informational retrieval, as well
as improve our understanding of the processing noise
introduced during representation conversions.

In general, boundaries can be spatially related or can
be spatially independent. The spatially related
boundaries can be either partially overlapping or totally
overlapping, such as, one contour being a subset of
another set of boundaries. For example, watershed and
U.S. postal zip codes boundaries are spatially
independent while the U.S. Census Bureau tracts and
blocks are spatially dependent in such a way that every
tract is formed by a set of blocks.

Given the wvariety of boundary information,
researchers have developed numerous file formats for
storing boundary information. These file formats are
designated in general for storing any vector data.
Vector data contain points, lines, arcs, polygons or any
combinations of these elements. Any vector data
element can be represented in a reference domain
defined by a latitude/longitude, UTM or pixel




coordinate system. The challenge in storing vector data
is to organize the data such that the positions and
geographic meanings of vector data elements are
efficiently stored and easily extracted.

Among all vector data representations in files, the
following data structures have been used frequently:
location list data structure (LLS), point dictionary
structure (PDS), dual independent map encoding
structure (DIME), chain file structure (CFS), digital line
graphs (DLGs) and topologically integrated geographic
encoding and referencing (TIGER) files. For detailed
description of each data structure we refer a reader to

[1].

The motivation of our work came from the fact that
while boundary data types are preferred over raster data
types when it comes to storing boundary information,
there are multiple memory storage schemes for
boundary information, as listed in the previous
paragraph. However, choosing the storage scheme that
minimizes memory requirements might have a
detrimental impact on boundary information retrieval

efficiency. Thus, our objective is to evaluate
quantitatively the tradeoffs between storage and
retrieval efficiency of multiple boundary data

representations for LLS, TIGER and DLG data
structures. The outcomes of our evaluations are useful
for (a) institutional decisions about archiving and
retrieving geospatial boundary information, and (b)
custom applications that perform processing of large
size, geospatial boundary data sets.

In this work, we evaluate three boundary data
representations for efficient boundary information
storage and retrieval. These three data representations
include (1) Census 2000 TIGER/Line files defined by
the U.S. Census Bureau and saved in topologically
integrated geographic encoding and referencing
(TIGER) data structures, (2) shapefiles defined by the
Environmental Systems Research Institute (ESRI) and
stored in location list data structure (LLS) data
structures, and (3) SSURGO DLG-3 soil boundaries
prepared by the United States Geological Survey
(USGS) and stored in digital line graphs (DLGs) data
structures. We overview the three data file formats first.
Next, we present our experimental results, and pair-
wise analysis of experimental results. Finally, we
summarize our work and add a few observations about
other possible trade-off metrics that might be
considered for making institutional decisions.

2 SSURGO DLG-3 Soil Files

The Soil Survey Geographic (SSURGO) Digital Line
Graphs (DLG) files provide geographical information
on the boundaries of soil types [9], [10], [11]. The
SSURGO data sets provide the highest spatial
resolution of soil type information among the three soil
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geographic data bases, such as, the Soil Survey
Geographic (SSURGO) data base, the State Soil
Geographic (STATSGO) data base, and the National
Soil Geographic (NATSGO) data base.

2.1 File Format Description

DLG File Structure: The DLG file structure is
designed to support all categories of spatial data that
can be represented on a map. Three distinct types of
DLG are defined. Large-scale DLG data is digitized
from 1:24,000-scale USGS topographic quadrangles
(SSURGO). Intermediate-scale DLG data is digitized
from 1:100,000-scale USGS quadrangles (STATSGO).
Small-scale DLG data is digitized from 1:2,000,000-
scale sectional maps (NATSGO). Furthermore, three
levels of DLG data were defined in terms of the number
of attributes. It was found that the widest user
community would be served by DLG Level 3 (DLG-3)
data, which allows for the highest resolution
(SSURGO) and highest number of attributes to be
encoded (Level 3). The lesser levels of DLG encoding
are unused. DLG-3 encodes attributes using two codes:
a major code and a minor code. Similar attributes share
a major code. The SSURGO DLG-3 soil database uses
both the major code and minor code to encode the
primary key into a relational database to further
describe an area.

We gathered the SSURGO DLG-3 files for a few
counties in Hlinois from
http://www.ncge.nres.usda.gov/branch/ssh/products/
ssurgo/data/index.html. There are two files for each
county, such as, dlg.zip (digital line graph or DLG) and
tab.zip (ASCII attribute data available in Microsoft
Access 97 or later template database). The files contain
soil boundaries of 18,000 soil series recognized in the
United States. For the integration purposes, we have
explored the following information from the DLG-3
documentation: (a) file naming convention, (b) spatial
resolution, (c¢) spatial accuracy, (d) geographic
coordinate system and (e) storage format. In terms of
file naming convention, the dig.zip file would contain
files with the following suffixes:

af - soil polygon DLG-3 file,

aa - soil polygon attribute file,

sf - special soil point and line DLG-3 file, and

sa - special soil point and line attribute file.
Regarding spatial resolution, soil survey is mapped at a
scale ranging from 1:12,000 to 1:63,360. The SSURGO
soil boundaries meet the accuracy standards for the
USGS 7.5-minute topographic quadrangles or the
1:12,000 or 1:24,000 orthophotoquads. Finally, the
storage format is Digital Line Graph optional format
with the attribute table data archived in ASCII table or
INFORMIX table format.

DLG Georeferencing Information: In terms of a
geographic coordinate system, coordinates are derived
from the North American Datum of 1983 reference




system that is based upon the Geodetic Reference
System of 1980. DLG data are recorded in either the
Universal Transverse Mercator (UTM) system or are
projected using the Albers Equal-Area Conic
projection. SSURGO DLG-3 data are normally reported
in the UTM system. STATSGO DLG data are reported
using the Albers Equal-Area Conic projection.

DLG Data Description: DLG data are reported as
nodes, lines, and areas. Lines are composed of a series
of nodes, and areas are composed of lists of lines (or
optionally nodes). The composition of an area or a line
can be encoded either as a list of the nodes that make up
the element, or as a list of points. Due to this
hierarchical structure, each element must be encoded
with a unique identifier.

A node is a coordinate on a map. Each node has an
Easting value and a Northing value in the UTM
coordinate system. Nodes define the points of each line
and are encoded with (1) a unique identifier and (2) the
coordinates that the node represents. Nodes can also be
encoded with attributes, if desired. Additionally, the
DLG format specification allows for a list of all lines
that begin and end at a node to be encoded in the record
for a node. This is redundant information, however, for
it is reflected in the line records as well.

Lines are a series of nodes. Each line is encoded
with a unique identifier, as well as its starting node and
ending node. The coordinates that a line follows are
also listed. In addition, a line can be encoded with
attributes.

An area is an enclosed section. Areas can be encoded
as either a sequence of lines or a sequence of nodes.
When encoded as a sequence of lines, the area will
contain a list of the lines that the boundary of the area
follows. This list contains the unique identifier for each
line; negative values signify that the points in the line
should be reversed. Islands within an area are delimited
by a ‘0’ in the list of lines. Areas are specified in a
clockwise direction around the perimeter of the area,
and islands are specified in a counter-clockwise
direction. In addition, an area can be encoded with
major and minor code pairs. When encoded as a
sequence of nodes, the area will contain a list of the
nodes make up the boundary of the area.

Software Development for SSURGO DLG-3 Files:
First, we implemented a loader for SSURGO DLG-3
files and added it to the list of other GIS files supported
by the NCSA 12K software package [5]. Next, we
extended our 2D visualization to support visualization
SSURGO DLG-3 files. We can visualize multiple
georeferenced vector data structures (boundaries and
sets of points) simultaneously. Third, we develop a
conversion function from SSURGO DLG-3 data
structure to ESRI Shapefile (LLS) data structure that
was needed for tradeoff comparison purposes.

The details of boundary information retrieval from
DLG-3 file format can be described as follows. The
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DLG file format defines objects using a hierarchical
structure. The lowest objects in the hierarchy must be
retrieved prior to higher objects in the hierarchy. Thus,
in order to retrieve an area, all lines that make up the
area’s boundary must be retrieved beforehand.
Therefore, the DLG-3 loader in 12K will read all the
defined lines first. The lines are kept in a lookup table,
and indexed by their unique identifier for later use. The
size of this structure is directly proportional to the
number of lines.

Next, the areas are retrieved by populating 12K
defined data structures for boundary information
denoted a ShapeObject. In the ShapeObject, an area has
a list of the coordinates that make up its boundary. This
list is dynamically constructed when reading an area.
Areas that share a boundary will have copies of the
common coordinates. Once all areas have been read
and processed, the lookup table containing the lines can
be safely discarded. Finally, the coordinates for the
areas are copied into a ShapeObject.

2.2 Theoretical Evaluation

Memory requirements: The DLG-3 optional format
used in SSURGO soil databases provides a compact
physical representation of the boundaries of soil types
over a geographic area. There is little redundancy in a
DLG-3 file. Each area is a list of lines that do not
cross. The lines must share the same endpoints in order
to fully define an area. Thus, the only redundant
information is the endpoints of each line. The points of
adjacent polygons will be specified only once; in a line,
or series of lines. The boundary between adjacent, non-
overlapping polygons is represented as the same series
of line identifiers in the file. In addition, representing
all data in a fixed-length ASCII form makes for smaller,
highly compressible files. Abundant white space exists
in DLG-3 files to maintain the fixed length. Typical
compression algorithms will compress a series of
identical characters efficiently. Thus, when a DLG-3
file is subject to compression, the white space will
compress well.

Boundary information retrieval requirements: The
boundary information retrieval from DLG-3 file format
can require significant processing resources. All
boundary coordinates are stored as ASCII characters in
a DLG file. In order to use the polygons specified in a
file, each coordinate must be converted into a native
numeric value. This conversion can be quite costly,
and takes approximately 27% of the time to load
SSURGO DLG-3 files in 12K.

3 Census 2000 TIGER/Line Files

The Census 2000 TIGER/Line Files provide
geographical information on the boundaries of counties,
zip codes, voting districts, and a geographic hierarchy
of census relevant territories, e.g., census tracts that are
composed of block groups, which are in turn composed






