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Document Recognition and Translation with Handheld Mobile Devices

Esin Darici Haritaoglu
Polar Rain Inc.
465 Fairchild Drive Suite: 226
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Abstract

We describe a mobile system which is capable of tak-
ing a pictures of a document or a sign (written in for-
eign language) with digital camera attached to commer-
cial off the shelf (COTS) mobile digital personal assistant
(PDA) and process the captured image to extract foreign
text from images, recognize text (Latin and Arabic alpha-
bet), and translate the document into English so that Sol-
diers can understand what is written on these documents
or information signs without requiring a wireless con-
nection. We have achieved more than 98% accuracy for
both scripted Arabic and Latin OCR engines and over-
all process including detection, extraction, recognition
and translation takes less than 15 second for a half-page
document written with 12 point fonts.

1 Introduction

In this paper, we would like to introduce our mobile doc-
ument recognition and translation system and challenges
we have faced and solutions we have provided during
development of our system! Our system consists of a
PDA device and attached digital camera. All process-
ing modules including Latin or Arabic OCR and mul-
tilanguage translation engines are working on PDA and
do not require any wireless communication to complete
the process. Our system is capable of providing OCR
and translation results less than 15 second for half page
documents. Example of sign translation is shown in Fig-
ure 1.

One of the most challenging parts was that all solu-
tions for OCR and translation should fit into the small
memory space and limited processing power of mobile

! The research reported in this document/presentation was per-
formed in connection with contract/instrument W911QX-04-C-0015
with the U.S. Army Research Laboratory. The views and conclusions
contained in this document/presentation are those of the authors and
should not be interpreted as presenting the official policies or position,
either expressed or implied, of the U.S. Army Research Laboratory or
the U.S. Government unless so designated by other authorized docu-
ments. Citation of manufacturer’s or trade names does not constitute an
official endorsement or approval of the use thereof. The U.S. Govern-
ment is authorized to reproduce and distribute reprints for Government
purposes notwithstanding any copyright notation hereon.

55

Ismail Haritaoglu

devices. Additionally, the image quality of available
PDA based digital cameras and limited camera operation
(manual focus, handheld motion while capturing images)
makes the problem more challenging. We will explain
our mobile Arabic and Latin OCR and translation algo-
rithm which yield very accurate OCR and domain spe-
cific translation results.

Soldiers engaged in battleficld operations in foreign
countries encounter a variety of foreign language docu-
ments and signs of unknown content. These documents
and signs might be relevant to the Soldier’s current mis-
sion or to the overall battlefield process. Currently US
Department of Defense and Security agencies interest is
to use such mobile translation device in foreign coun-
tries to translate documents and road/warning signs so
that Soldiers are able to read road/information signs and
documents and quickly triage and translate foreign doc-
uments so that mission relevant documents and informa-
tion can be utilized in a timely manner.

Our system permits the user to translate captured for-
eign documents quickly so that mission relevant doc-
uments can be utilized in a timely manner, and docu-
ments containing information relevant to commanders on
the battlefield can be passed to the appropriate evalua-
tion personnel. The overall concept is to prevent doc-
uments containing time-critical information from being
combined with large quantities of other documents that
will be stored for future processing.

In addition to a document translation system, our pro-
totype device will be capable of permitting users to cap-
ture road/warning/information sign and documents and
translate to English quickly so that users can read or in-
terpret foreign sign containing warning, navigation or
other information relevant to mission. The translation
tool will help user for accurate decision making by pro-
viding translation when and where they need most.

Core elements of our technology are the ability to ex-
tract text information accurately and recognize foreign
text quickly with a limited resource mobile device. We
have developed very fast and accurate image processing
algorithm to be able to extract text information reliably
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Figure 5: Text detection and extraction performance on a PDA which has 624 Mhz intel Xscale Processor

ment images which is generated randomly and printed
10-18 font size with four different fonts (b) characters
extracted from road sign images (used in highways and
outside information) (c) characters extracted from doc-
ument images which contains English text and printed
with 10 or 12 points single font. The first set has al-
most 7600 characters (four different font type with dif-
ferent apparent sizes changing from 8 pixel to 85 pixel
in height). The second set has more than 8000 characters
and written in the sign with different fonts (we have ob-
served that the font variation is not significant as most of
the road has consistent font type). A third set consists of
16235 characters and contains single font. An example

of images are shown in Figure 6.

Below are the some character recognition results we
have obtained. On the average we have obtained 98.7%
recognition accuracy for document images. We have
obtained slightly lower recognition rate 97.8% for road
sign images. We observed that characters extracted from
road sign images have more variation than characters
extracted from document images. We were able to ob-
tain recognition rate of almost 99.2% for character Set-11
which has apparent size smaller than 19 pixel

All Sizes | (s <16) | (s <30) | 31 < s)
Set I (CG) 0.982 0.929 0.980 0.995
Set II (RS) 0.968 0.968 0.966 0.971
Set 11T (UN) 0.984 0.991 0.993 0.974

Table 1: OCR accuracy of our system for Latin alphabet

As it is seen above, the best recognition performance is
obtained with 10-12 point size printed UN document im-
ages. Extracted characters have small appearance size
however they only contain single font type.

Overall we have reduced the detection processing
down to 1.7 second on the average using 624Mhz xS-
cale based PDA with Intel Compiler. As you can see
from the results, the detection process is almost fixed and
does not depend on how many characters are extracted
from the image. However, recognition process is di-
rectly related to how many characters are extracted from
the image. For every character extracted by detection
process, recognition function is executed, therefore the
more character the image contains the longer the overall
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Figure 7: An example of Arabic character recognition
process: original text image (top row), detected text only
regions (second row), word segmentation (thirds row)
and final Arabic character segmentation (last row)

recognition time. In other words, the recognition-time
is shorter for images which contain bigger apparent size
character than the images which contain smaller appar-
ent size characters. One of the important speed measures
is processing time per single character recognition. With
our method, we are able to recognize single character in
8 ms on the average.

4.2 Arabic OCR

In addition to Latin OCR, we have developed fast and
accurate Arabic OCR which is able to recognize scripted
Arabic characters and words. In summary, we first de-
tect the Arabic text in document images and extract the
Arabic text from images. Then we apply connected com-
ponents algorithm to find each connected components.
Each connected component may contain single or multi-
ple Arabic characters or a sub-piece of an Arabic char-
acters. After we obtain the connected components, we
segment words. After the words are detected we further
apply Arabic character segmentation algorithm to detect
each individual Arabic character. Example of Arabic
character recognition and dot integration are shown in
Figure 7.

There are mainly 26 Arabic characters and 10 Arabic
digits in Arabic alphabet. However, because of scripted
nature of Arabic language, each character can have 4
different character shape depending on it’s position (iso-
lated, middle, initial or end character). In addition, some
of the basic Arabic characters can take some diacritics,
dots etc. These dots make the character totally different
character. Therefore Arabic characters without dots may
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have many ambiguities in recognition. In order to build
a robust recognition system for Arabic, we have develop
Arabic characters with and without dot information. We
trained our system to recognize Arabic OCR characters.
Each Arabic OCR character may represent a single Ara-
bic text Character or multiple Arabic text characters de-
pending on the position and whether or not it has dots
(Arabic Text characters are the ones used in Arabic text).
In our recognition system, we provide OCR-Character
to Text character mapping, and if there are one-to-many
type of mapping, dot classification algorithm helps to re-
solve disambiguates.

4.2.1 Performance Evaluation

We have conducted extensive tests to evaluate the Ara-
bic character segmentation and recognition accuracy. We
have generated four different test sets, each test set have
word-level ground truth data that allows us to compare
the results. We have computed three accuracy metrics:
character recognition accuracy(OCR), word recognition
accuracy without any spelling correction (WORD-NSP),
word recognition with Spelling(WORD-SP). Here is the
summary of the results:

e set-I: Set-I contains 21 document images taken with
Veo camera with 1280x1024 resolution. The Arabic
text are CNN news segments, UN documents etc
and printed on 12 and 16 point size Arabic fonts
(roughly equal to 150dpi). It contains 4049 scripted
Arabic words and 19210 characters. The words and
characters appear on document images with various
apparent sizes, where avg. character size is 17 pixel.

e set-II: Set-II contains 13 document images taken
with Veo camera with 1280x1024 resolution. The
Arabic text are CNN news segments and printed on
16 point size Arabic fonts and cover half page doc-
ument(roughly equal to 175dpi). It contains 1927
scripted Arabic words and 9043 characters. The
words and characters appear on document images
with various apparent sizes, where avg. character
size is 18 pixel.

o set-III: Set-III contains 11 document images taken
with Veo camera with 1280x1024 resolution. The
Arabic text are CNN news segments and printed on
12 point size Arabic fonts and cover half page doc-
ument(roughly equal to 145dpi). It contains 1735
scripted Arabic words and 8227 characters. The
words and characters appear on document images
with various apparent sizes, where avg. character
size is 14 pixel.

e set-IV: Set-IV contains 31 document images ob-
tained with scanner at 300 dpi resolution. This set
allow us to compare our results with commercial
Arabic OCR products. The Arabic text are CNN
news and UN documents and printed on 12 and 16
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Figure 8: Example of results obtained with Polar Rain’s Kenai-II Mobile Arabic to English Translation and Triage
system. The execution times are in second and obtained with a PDA which has 64MB main memory and 624Mhz

xScale processor

point size Arabic fonts. It contains 7695 scripted
Arabic words and 34477 characters. Average char-
acter size is 25 pixels.

Using above test sets, we have achieved following ocr
and word accuracy:

OCR. | WORD-NSP | WORD-SP
Set 1 0.989 0.906 0.946
Set I1 (12) 0.972 0.775 0.893
Set 111 (16) 0.929 0.544 0.757
Set IV (scan) | 0.991 0.965 0.977

Table 2: Arabic OCR accuracy of our system

Our Arabic OCR is also very fast and runs on a 624 Mhz
PDA with 6.2 second per image (per half page) which is
rough 7.5 ms per character. Figure 8 and Figure 9 shows
examples of Arabic and Spanish OCR and translations
results with execution time statistics.

5 Document Translation and Triage

Overall goal of our system is to provide usetul translation
and triage results so that Soldier in the field can easily
understand what is written on any information sign or
on a piece of document that are written with a foreign
language.

We have built Spanish to English and Arabic to En-
glish machine translation system for PDA. Translation
engines runs fast enough to provide acceptable text trans-
lation less than 5 second (on the average) for text with
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300 words. We have conducted offline training by using
parallel sentences for documents and road signs in both
Spanish and Arabic. In addition we have built translit-
eration tables in case the recognized word is not in our
dictionaries. In addition, we have built necessary tools to
support any mission specific translation and triage pro-
cessing and fast new mission deployments. Currently
we are conducting accuracy of our translation engines
by comparing human translator and commercial transla-
tion engines. An example of Arabic translation obtain by
our system, SYSTRAN and human operator are shown
in Figure 10.

6 Conclusion

We have described our mobile document recognition and
translation system (Kenai-II) which works on a COTS
PDA with attached digital camera. Core elements of
our technology are the ability to extract text informa-
tion accurately and recognize each foreign text quickly
with a limited resource mobile device. We have devel-
oped very fast and accurate image processing algorithm
to be able to extract text information reliably from pic-
tures and documents and recognize each character or
word in the text. It does not require any special hard-
ware and works on a COTS PDA. Once foreign text de-
tected and characters and words are extracted, they are
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Figure 10: A comparison of Arabic to English translation
with our system and Systran and human translator

recognized using Polar Rain’s mobile OCR engine. Po-
lar Rain’s Mobile OCR engine is capable of recognizing
machine printed Latin, Arabic and Cyrillic documents
and road/information signs. It is capable of generating
acceptable and usable results. We have achieved more
than 98% accuracy for both scripted Arabic and Latin
OCR engines. Once the text is recognized, it is trans-
lated to English. Polar Rain has been developing custom
domain-specific and generic mobile translation engines
which is capable of translating Spanish, Arabic, Serbian
to English.
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A System for Discriminating Handwriting from Machine
Print on Noisy Arabic Documents

John C. Femiani'

Abstract

A system for identifying handwritten and machine
printed text from grayscale images of real-world Arabic
documents is presented. The focus is on Arabic
language documents because the problem is more
difficult since Arabic typeset is similar to Arabic
handwriting. Arabic typeset letters are connected and
have similar shapes to handwritten words. Once the
two types of text have been segmented it is anticipated
that each can be recognized with higher accuracy using
specialized treatment. We achieve positive results in
segmentation by augmenting a set of attributes geared
towards identification of machine printed text on binary
documents (2D attributes) with attributes motivated by
a 3D stroke-based interpretation of the grayscale
information on documents.

1 Introduction

Our goal in this paper is to describe attributes used to
distinguish typeset or machine-printed Arabic text from
handwritten Arabic text in low-quality document
images acquired at a resolution of 150 dots-per-inch
(dpi). The authors hope that this research will
ultimately be the first part of a system that provides the
capability to collect, organize, and search for text in
data from Arabic documents, allowing fewer language
experts to accomplish more. The need to discriminate
between typeset and handwritten Arabic comes from
the nature of handwritten annotations: the fact that
handwriting is present at all in a document can be a clue
to its nature, as handwriting often contains corrections
to the document or indicates the importance of the
document. In spite of the fact that some tools for
recognizing typeset Arabic can sometimes recognize
handwriting as well, the accuracy is much worse.
Therefore, special treatment may be given to the
handwritten portion of a document by the use of more
powerful software tools or human transcription.

Mariano Phielipp’

Anshuman Razdan®

The particular task motivating this research was the
processing of a large dataset of documents collected en-
masse and containing sensitive information. We
conceived of a system whereby presence of handwriting
would affect the handling of a document: All
documents would be run through an Optical Character
Recognition (OCR) tool to be catalogued in a keyword-
searchable database. The documents could then be
inspected and corrected manually based on the
percentage of the document that contained handwriting
(in descending order).

2 Data

The project was motivated by the influx of Arabic
language documents following 9/11. Millions of
documents had been acquired in digital form and the
intent was to extract meaningful intelligence from the
scanned documents. We received data in the form of
430 almost-randomly chosen degraded 150 ppi 8-bit
gray-scale Arabic language document images that had
been extracted from compressed PDF files and thus
suffered compression artifacts. A significant portion of
the document images was occupied by a dark region
caused by the scanner bed being left open as pages were
scanned. The document’s page on average occupied
around a quarter to a third of the entire document
image, but some images contained several pages that
had been placed on the scanner bed at once. The
document’s themselves exhibited a variety of font sizes,
including images that contained only one large word as
well as images with text that was only a few pixels high
and thus undecipherable. Due to the classified nature of
the document images, we are prohibited from
publishing documents from our testing and training
dataset. However, the documents we use are almost
identical in nature to those available at the Iraq
Research and Documentation Project (IRDP) [1]
sponsored by Harvard University’s Center for Middle

' Graduate Research Assistant, PRISM, Arizona State University, John.Femiani@asu.edu.
* Graduate Research Assistant, PRISM, Arizona State University, Mariano.Phielipp@asu.edu.
3 Research Professor and Director, Decision Theatre, Arizona State University, razdan@asu.edu
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Eastern Studies, with the exception that the IRDP
documents have been binarized whereas we work with
grayscale images. These documents were seized from
Iraq and they are not classified. The US Senate has
released digital copies of over 2.4 million documents to
Harvard, who has made 42,000 publicly accessible.

A key issue in processing these documents is the
presence of artifacts on the page that are not printed
text, images, logos, or handwriting. This includes
roughly uniform perturbations of the images intensity
due to inaccuracies in the scanner as well as loss in
image fidelity due to an unknown lossy compression
method (probably JPEG) that was applied to all of the
documents in our training and testing dataset. The
documents had little or no skew caused by projection
since they were all scanned on a flatbed scanner, but
many of them had streaks or large tonal variation in
certain regions presumably due to issues with the
scanner or prior damage done to the documents
themselves, making accurate segmentation of text a
difficult task. Speckles on the document are an issue
since Arabic text is heavily accented compared to
English so the dots may be important in deciphering the
text, but by their nature there are so many dots in an
image that they would dominate the feature-collection
phase of our classifier. We resolve that issue by
flagging small components and we compute a reduced
feature set on only those dots which are nearby larger
components. Other artifacts included tears through the
pages, stains, stamps placed over the text, patterned
background images, and multiple pages at arbitrary
orientations in the images. When we mention noise in
this paper we are referring collectively to the set of
issues mentioned above.

3 Related Work

Much work has been done on separating typeset
characters or words on a page as this is a first-step for
OCR [2, 3]. Accurate results have been reported for
English typeset documents using 2D (binary) methods,
even in the presence of a significant amount of noise
[4]. In their work, document elements are split into
three categories: Handwriting, Print, or Noise. Three
trained Fisher linear classifiers are used and their results
are combined based on their classification confidences.
The classification accuracy is improved by combining
the Fisher classifiers with a Markov Random Field
(MRF) over the word-blocks where each word is
connected to the nearest word to its left and right (for
print), or the four nearest neighbors in any direction (for
noise). The probability of a word being print versus
noise based on context is systematically estimated
based on training samples, and the most likely solution
is found by the discrete local minimization method of
Highest Confidence First (HCF). The authors
demonstrate positive results on English and Chinese
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language documents, however positive results for
English language documents do not always translate to
good results in Arabic since Arabic typeset text and
handwriting are both cursive, letters are often (but not
always) connected at the baseline, and diacritical marks
are difficult to distinguish from noise but are important
to the meaning of Arabic writing [5]. In future work we
plan to do a direct comparison of our method with the
method of [4] on Arabic documents.

Stroke based models have been used to represent
handwritten text with some success since they reflect
the method used to produce the image [6]. A
distinction is made between a stroke, trace, and a
crossing such that a stroke is the concatenation of
several traces to form the complete path of a pen from
when it was placed on a page (called a “pen down”
event) until it was removed from the page (a “pen-up”
event). A trace is a portion of a stroke that does not
cross itself or any other strokes, and a crossing is a
region where traces meet, such as at the center of the
letter “X”. Traces and crossings are identified either by
skeletonizing a component or by analyzing its contours
[6]. The formation of strokes from the traces allows for
recovery of the drawing order of handwriting, but
strokes are difficult to recover efficiently or robustly
except for certain simple configurations [6-11] .

The additional information in a grayscale image prior
to binarization was modeled as a 3D surface in [12].
The surface was segmented into regions based on its
gradient and Hessian, and the regions where used to
segment strokes even in the case where one stroke
would usually be lost due to blending with another.
Cues from the intensity-surface of high resolution
images were used for detecting stroke endpoints and
stroke order in [7] which analyzes the evidence left by a
ballpoint pen using forensic-style techniques to recover
temporal order of strokes.

4  Our Method

The primitive element we classify is the four-way
connected component. We are not concerned with
breaking a component into individual letters or
identifying entire words which may encompass multiple
components since our goal is not to actually provide
OCR. We model components using a stroke-based
model that is similar to the models of [6] [10] [13]
which we call a stroke-graph as illustrated in Figure 1.
This model is an appropriate model for handwriting on
a page, but one might point out that printed text was not
produced by a pen-like instrument. Of course, we do
not know yet which components on the page are printed
or handwritten, and so we gather attributes from both a
stroke-model and a raster-based model of the text.
The nature of Arabic typeset is such that it appears to
mimic the stroke-like nature of handwriting, unlike
Latin characters such as E, K, H, F, etc.

We deal directly with the grayscale intensities as well




as with a binary mask indicating foreground versus
background pixels. In this paper, however, we shall
sometimes refer to “darkness” rather than intensity.
When darkness is mentioned we refer to the
complement of intensity. We treat the complement of
the intensity of each pixel as its depth (z) measured
orthogonal to the image plane, and thus we associate a
set of 3D points (x, y, z) with traces in our stroke-graph.

~—

~——
component

Figure 1. A single component of a stroke-graph is
shown (left) with the /loci, crossings, and traces
indicated by solid arrows. A possible stroke
interpretation is shown (right) with the drawing order
indicated by solid arrows.

In our model, traces are represented by a chain of
points we call loci roughly along their midline.
Associated with each locus is the set of points from the
image foreground that are closest to that locus. The
traces are initially obtained by thinning iteratively the
component [14] and then in order to compensate for
noise and compression artifacts some loci are removed
and others are translated according to the method
explained in the paragraph accompanying Figure 1. In
order to reduce the running time, we limit the number
of thinning passes to the expected width of the text.
Items which remain are not linear and can be removed
from further consideration. Once traces are identified,
the tangent to the trace at each locus is estimated by
normalizing the mean of up to 5 secants centered at the
tangent. Since the secants tend to get larger in
magnitude as the points grow further apart, this method
gives more weight to measurements taken further way
from the locus, compensating for the fact that the actual
positions of loci are corrupted by discretization error
and error resulting from compressing the document.
These tangents appear correct on visual inspection as
shown in Figure 2.
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Figure 2 Top: A component with the background
pixels clamped to white. Bottom: The medial axis is
shown with cross-sections at each locus orthogonal to
its approximated tangent.

The initial positions of the loci are not considered
ideal since the midline of the trace may not be
representative of the pen-path. The darkest point can
not be used either since compression, noise, and the
physics of writing may cause multiple darkness
maxima. Our solution is to use the maximal point in a
Gaussian approximation to the darkness cross-section.
Each pixel associated with the locus is projected along
the tangent direction. The resulting 1D function is
modeled as a Gaussian, and the maximal point on the
Gaussian is identified. Each locus is shifted orthogonal
to its tangent so that the locus lies at the maximum of
the Gaussian. The value of the Gaussian at its
maximum is used as the locus’s z-coordinate.

Figure 3 The pixels associated a locus (left, thick line)
are project in the direction of the tangent so that their
intensities form a 1D array of intensities (right, gray)
that can be approximated by a Gaussian (right, solid
line).

The region where multiple traces meet in a
component is called a crossing, and it is initially
represented by a connected set of points on the
components medial axis with a valance other than two.
Portions of the medial axis near the initial crossing
region are removed from the neighboring traces and
added to the crossing.




(a)

Figure 4 The ideal situation would be as in (a) where
one pixel remains at the crossing (gray). The medial
axis may contain clusters of points where traces meet as
shown in (b) and (¢).

Figure 5. A crossing region (gray) is removed since it
has a valance of two. The endpoint is also marked as a
crossing since it has a valance of one rather than two.

Once crossings have been identified many short-traces
will have entirely disappeared. If this is the case then
the crossings at either end are either merged into a
single larger crossing. If a merged crossing would have
had a valence of two it is removed entirely and the
connecting traces are joined as illustrated in Figure 5.
The resulting network of traces and crossing is termed a
stroke-graph and it is the basic unit from which many
of our 3D Stroke-based attributes will be derived.

Our main concern has been determining a set of
attributes based on these 3D stroke-graphs that
distinguish typeset from handwritten components. We
are looking for real-valued numbers that capture the
difference between handwritten and printed text only.
These attributes come from the binary raster
information, the grayscale raster information, and from
our 3D stroke based model.

4.1 2D Attributes

We began by using some attributes that were
collected directly from the binary classification of
pixels in the raster image into foreground and
background regions. These atiributes were chosen
based on their reported effectiveness [4, 15] and their
ease of implementation. Our goal was to allow our
method to build off of methods that appear successful
on binarized images. This way our tool would be able
to cope with binary images or images so noisy that a
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stroke-model becomes meaningless.

4.2 3D-Stroke Attributes

Attributes are accumulated for an entire component
based on the mean, variance, skewness, kurtosis, Gini
coefficients [16], and the mean squared sample
differences of attributes collected at the trace-level.
Trace attributes are in turn based on attributes measured
at each locus. We begin here by listing the locus-level
attributes, and then proceed up to trace and component
level attributes.

The 2D position of a locus refers to is x and y
coordinates on the image-plane. The mean of these
positions is not kept as we do not want the components
position on the page to influence the classification:
however the higher moments of position are used. The
stroke model we use allows for the computation of a z-
coordinate at each point along the trace’s path. We
illustrate our method for choosing z in Figure 3. All of
the previously mentioned statistics of the set of z-
coordinates are used, including the mean. The radius of
a locus is the minimal distance from the locus to either
contour — roughly half the trace’s width. Two radii are
kept for each locus: they are the distances from the
nearest contour to the left and right of the locus as we
traverse the contour®. The full set of statistics is used
on the set radii. The error measures the discrepancy
between the Gaussian approximation and the actual
cross section and measured as the mean squared error
taken from Figure 3. We only accumulate the mean of
this quantity. The tangent angle of a locus is measured
up from the detected horizontal axis of the page.
Tangent angles are not accumulated: rather their
respective tangent vectors are accumulated and
converted to angles afterwards. The mean tangent is
excluded from the set of attributes used to classify a
component, but the mean difference between angles is
used. Finally the number of loci in a trace, and the
number of traces in a component are used as attributes
as well.

One final source of attributes was added as a simple
way of incorporating some of the components context
within the document. The statistics kept for each
component are also accumulated over a 1.5-inch
neighborhood of each component and included as
additional features. We achieved our best result by
training two classifiers using the same algorithm (jRip)
[15], but we derived additional features for a second
classifier by using the results of the first classifier to
determine if a 1.5 inch neighborhood is mostly hand or
mostly print. We refer to the classifier that is run first

* The left and right are ill-defined since we do not know
the direction in which the contour was traversed. Our
implementation currently always begins in the leftmost
column of the topmost row in which the component
occurs.




as classifier 1, and the classifier based on its result as
classifier 2.

4.3 Classification

We use the jRip propositional rule learner [17] based on
the Repeated Incremental Pruning to Produce Error
Reduction (RIPPER) algorithm first proposed by Cohen
[18] in order to generate a classifier based on our
attribute set and training data. We chose to use jRip
over other methods because it generates a set of rules
that are often simple enough for a human to understand.
Additionally, it produced classified as many elements
correcily as some of the most popular methods such
support vector machines and neural networks (using
WEKA).  Another motivation behind using this
classifier is that while it takes some time to train, it can
classify components very quickly.  Rather than
explicitly model context as a MRF in the document, we
collect all neighbors whose bounding boxes are within a
predefined distance of each-other of 1 inch or 150
pixels. We trained two classifiers, one on features
computed at each component, and the other with a
feature set augmented by fraction of each component’s
neighbors classified as hand or print by the first
classifier.

In order to generate training and testing data for our
experiment, we generated an interactive tool for manual
entry of ground-truth for components in the documents.
We recorded each images filename and the coordinates
of the darkest pixel of each component in the image
along with information on the component as to whether
it appeared to be handwriting, printed, image, noise (of
various sorts), an embedded image, border, stamp, or a
merged component consisting of both printed and
handwritten parts. The tool allowed the user to select
from a list of 15 categories and label components by
either clicking on them, or by drawing a region around
them. In this manner 47,287 components were selected
of which were 20,491 printed, 20,567 were handwritten
or contained components that were hand and print
merged together due to overlap’, and the remaining
were items we did not wish to include in either category
(such as holes, noise, borders, or logos).

Our method was implemented in C++ and compiled
with all speed-optimization flags set. It took an average
4.3 seconds per document on a Pentium Xeon 3.2 GHz
computer with 2 Gb of RAM. Of these, on average 2.72
seconds were spent on forming the initial image
segmentation, growing connected components, finding

* For the purposes of this project, merged hand & print
are lumped together with handwritten components since
are difficult to OCR and thus require the same extra
attention as handwritten components. Also overlap
tends occur between handwritten words rather than
hand-over-print in our test data.
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skeletons and creating the stroke-graph. The remaining
1.31 seconds were spent collecting features and
evaluating the 2 sets of decision rules generated by
jRip. Our results are presented in Table 1 using a
confusion matrix. Each column corresponds to the
training label of a component, each row corresponds to
the class predicted by our classifier, and each entry in
the matrix shows the number of instances trained
according to the column and predicted according to the
row. We were able to identify 94.56% of the
components correctly®, and we identified 94.31% of all
handwritten items in our test set and 94.8% of all
printed items.

Table 1 Results of our classification of the entire
feature set, presented as a Confusion Matrix.

Predicted | Predicted

Typeset Handwritten

19325 1166 True Typeset
1069 19498 True Handwritten

5 Conclusions and Future Work

We have presented our system for discriminating
between Arabic handwriting and typeset text. We have
achieve positive results on our training and testing
corpus, and conclude that incorporating 3D features
based on a stroke-model of the text derived directly
from grayscale images can improve our ability to
separate printed from handwritten text. In future work
we would like to compare our method carefully with
the method of [4] and explore other ways of dealing
with document layout and noise in the types of
documents we see. Since handwritten or mixed
components appear to have been successfully
identified, we would like to enable queries for words
through handwritten portions of text using a shape-
based word-spotting algorithm. Also we would like to
extend out ability to capture strokes and resolve
crossings. Our current stroke based model solves simple
examples of crossovers, but suffers from some extreme
cases of ambiguity cause by sub-pixels attributes in text
or image degradation due to compression.
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% The tool “WEKA” could not process all 40,000 entries
and so it was trained with roughly 50% of the samples
and reported accuracy greater than 96% on that subset.
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Abstract

Arabic poses significant challenges to automatic
exploitation due its highly inflectional nature (stems
can have hundreds or even thousands of inflected
Jorms), and its consonantal orthography (most vowels
are omitted), which causes high ambiguity rates. These
challenges are even more pronounced when dealing
with texts that are degraded.

Arabic OCR character recognition accuracy is
adversely affected by Arabic’s cursive script, usage of
diacritic dots, and the relatively large number of letter
forms (each letter may have several allographs
depending on the context of adjacent letters).

We applied a context-sensitive morphological
analysis system to degraded Arabic texts received in
lattice format to examine the potential contribution of
linguistic analysis to text exploitation of degraded
Arabic documents. The enhancement was measured at
various levels of character recognition accuracy
(corresponding to accuracy levels typical of OCR
output). The resulting levels of word recognition and
entity detection were compared to the baseline levels of
the generated degraded texts.

The results show improvement in the number of
recognized words and entities in the linguistically
processed lexts compared to the raw degraded
documents at all levels of input letter accuracy.

1 Introduction

1.1 Arabic Morphology

Arabic! morphology is commonly viewed as being
based on underlying consonantal roots (jidr, ) that
undergo vowel changes, and in some cases consonantal

I Arabic here refers 1o Modern Standard Arabic (MSA).
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insertions and deletions, to create inflected and derived
forms [5]. For example, the root /ktb/<iS combined with

the vocalic pattern CaCaCa2 (where ‘C’ represents a
consonant and ‘a’ represents a vowel) derives the verb
kataba? <58 “to write’. This derivation may be further
inflected into forms indicating semantic features, such
as number, gender, tense etc.: katab-tu S T wrote”,
katab-ta <58 “‘you (sing. masc.) wrote’, katab-ti <&
‘you (sing. fem.) wrote’, ?a-ktubu <81 write/will
write” etc.

In addition, the definite article, as well as several
prepositions and conjunctions are considered prefixes
and not autonomous words; additionally, pronominal
objects and possessive pronouns are suffixed to verbs
and nouns, respectively.

The structure of Arabic morphology results in each
word having a very high number of inflections, which
may radically change the basic form of the words.
Accordingly, the total number of Arabic inflected forms
is estimated to be 70 million [1], [2].

1.2 Arabic Orthography

Arabic orthography is primarily consonantal - most
vowels are not written. There is a supplementary
system of vowel and gemination diacritics (written
above, under and beside the text), — but these are
omitted in most written texts®. As a result, the rate of
form ambiguity, i.e. ratio of morphological analyses per

2 This pattern is known in Arabic grammar as J=8 s,

2 Latin transcription of Arabic examples and terms follows
English spelling conventions. The character: *?”* denotes a
glottal stop; and “8" denotes the sound “th™ in “this™.

4 This supplementary marking system is used in this
document for some Arabic examples, to emphasize the
difference between Arabic words.




given string, is considerably higher than in most
languages.

2 Arabic OCR Challenges

In addition to morphological and orthographical
features that complicate Arabic text exploitation in
general, (e.g. search, translation and entity extraction),
Arabic script and letter shapes (printed as well as
handwritten) present additional challenges that are
specific to OCR, including:

e Cursive Script: most characters are connected and
their shape is context (position) sensitive: a letter
may have different shapes when appearing in
isolation, in word-initial, -median, or -final
position; letters may have as many as 4 shapes.

e Word elongations (tatwil J:8k5) and ligatures (letter
combinations, such as lam-alif “¥”) expand the
number of possibilities.

e Diacritic marks serve to optionally mark vowels as
well as to distinguish between several of the
Arabic letters, where they are obligatory. Dust,
dirt, and specks may be confused with diacritic
marks, further complicating letter recognition.

o Punctuation marks are often omitted and cursive
script is sometimes broken within a word, making
the distinction between word boundaries and inner
word spaces more difficult, and complicating
segmentation.

Typically, OCR software generates several character
candidates per image segment, each designated by a
confidence score; such OCR internal structures are
referred to as lattices.

While statistical and language-independent OCR
strategies may suffice to provide acceptable accuracy
levels for some languages (e.g. English) in which the
above considerations are absent, or present to a lesser
degree, when dealing with Arabic texts, whether
printed, or even more significantly, handwritten, the
accuracy levels offered by such methods decrease, and
often may not yield sufficient accuracy to be of
practical value.

The purpose of this study is to examine the
contribution of applying linguistic post-processing to
enhance the exploitation of Arabic OCR output.
Exploitation enhancement is achieved by identifying
correct and appropriate words within OCR output
lattices, thereby making the texts more searchable, and
therefore more suitable for automatic categorization and
routing processes. Enabling such a linguistic-based
accuracy enhancement requires a robust NLP system
that can identify and score all 70 million inflected
forms that appear in Arabic, and be able to propose the

most appropriate word represented by the OCR word
lattice.

While fully accurate OCR of Arabic handwriting will
remain difficult to achieve, it should be noted that:

e Partial handwriting recognition, even at low
accuracy rates, is potentially of great value.

e Partial recognition may allow identifying
important keywords in documents.

e Improvement in word recognition over character
lattices at various accuracy levels can contribute
significantly to automatic processes.

3 Natural Language Processing

In pursuit to enhance and exploit degraded Arabic
documents, several approaches were examined, mainly
character and word n-grams [4], [6], light stemming
(algorithmic prefix and suffix removal) [3] and closed-
end partial lexicons.

The current study presents an approach based on
applying a robust stemming/morphological analysis
system to exploit and enhance degraded Arabic
documents.

3.1 Morphological Analysis

The Britannica Morphological Analyzer (BMA) for
Arabic was used in this study. BMA identifies all
Arabic word forms, breaking down inflected forms into
their base form (stem) and inflectional morphemes.
BMA applies scoring based on frequency measures of
each stem, as defined in the BMA lexicon, a frequency
measure of the morphological variant, and a measure
calculated by context-sensitive analysis, which checks
for validity of syntactic phrase structure.

When BMA is applied as a stemmer in search engine
indexing systems, the score is used to ensure that the
correct stem is indexed in cases of ambiguity, so that
only inflections relevant to the query (i.e. the stem
appearing in the query) are returned, and not unrelated
forms that happen to share the same spelling with one
of the inflected forms of the query terms.

When applied to degraded text, BMA’s scores are
used differently: rather than using the scores to choose
between alternative morphological analyses of a given
string, the scoring system is used to choose between
different strings, representing different word forms
proposed for a given segment of the degraded text.

3.2 Named Entity Recognition (NER)

Named Entities (NEs) refer to proper names (e.g.
people, places, organizations, expressions of time, etc.),
and hold a special significance in text exploitation due
to their high content value. NER attempts to identify
and classify Named Entities by referring to NE
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lexicons. Cross-language NER translates entities
identified in Arabic into English.
Performing NER by linguistically enhancing

degraded input intends to provide more valuable results
from the perspective of text exploitation. EntX,
Britannica's cross-language NER system, was used in
this study.

4 Data

40 typical documents from Arabic media web sites
(Al-Hayyat, Elaph, Alquds, etc.) were selected. The
length of these documents ranges from 150 to 200
words, yielding a sample corpus of over 7,000 words.

The documents then underwent automatic
degradation to four levels of character accuracy typical
of handwritten OCR output (see section 5.1 below),
yielding 160 sets of output lattices (four for each
original document), and a total of over 28,000 words.

5 Method

5.1 Automatic Degradation

To simulate OCR resuits at different levels of
accuracy, an automatic text degradation program was
developed, modeled on OCR lattices of a sample corpus
of handwritten documents. The program takes as input
an Arabic text document and the desired level of

degradation (defined as the letter accuracy level), and
returns sets of word lattices for the identified
words/strings in each degraded document.

The degradation process has several parameters:

o Character accuracy: the probability of the
character being correctly identified by the OCR
process (i.e. being shown as the topmost character
candidate per position)

e Lattice depth: the number of character candidates
for a given character (0-5)

o Lattice quality: the probability of the correct
character appearing in the generated lattice,
providing it wasn't selected as the first candidate

e Segmentation: lattices are either split, or separate
lattice joined to model incorrect identification of
word boundaries. The segmentation quality reflects
the percentage of words correctly segmented)

The lattices are populated with random characters
and random relational confidence scores (aside from the
topmost character as defined by letter accuracy, having
the top score, 0).

5 The probability of the correct letter appearing in the OCR
input in this position (compared to the ground truth).
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Note that the fact that lattices are populated randomly
makes the output somewhat more difficult to exploit, as
compared to OCR output, where scores of correct
ground truth character candidates in the lattice are
likely to be better (lower) than those of incorrect
characters.

Each document is degraded to four levels of character
accuracy: 30%, 45%, 60%, and 75%, yielding 4
documents for each original text, in addition to the
original, which serves as the ground truth for the
degraded documents.

Given the character accuracy, the lattice quality and
segmentation quality were adjusted to reflect typical
OCR results, in a manner illustrated in table 1.

Our definition of character accuracy follows the one
proposed by Rice, Kanai and Nartker [7], based on the
Edit Distance algorithm (known as the Levenshtein
algorithm).

The following table describes the character accuracy,
lattice quality and segmentation quality of the degraded
documents.

Table 1: Lattice quality and segmentation quality per
Letter accuracy.

Character Lattice Segmentation

accuracy quality quality
30% 55% 25%
45% 65% 65%
60% 75% 80%
75% 90% 90%

The output (i.e. 'identified’ words) of each degraded
document was compared to the ground truth to
determine the word accuracy achieved in the simulated
OCR output per document (for each letter accuracy
level), which serves as the baseline.

5.2 NLP Processing

5.2.1 Word-Internal Lattice Enhancement

Each sequence of characters in the lattice is
compared with a set of patterns reflecting typical noun
and verb prefixes, suffixes, and internal patterns. In
cases where a pattern is partially found, this process
may introduce an additional character candidate to the
lattice. Consider the following table:




Table 2: Example Lattice® of 4:,adi ("the marine").
Correct letters appear in red. Optical scores appear
under letter candidates - lower scores are better.

String | Letter ! ! 3 - 4 $ 3
Option 1§ Score | 0 0 0 | 31 0 0 0
String | Letter | s ey » s i 8
Option21 Score | 85 | 20 | 35 | 58 | 10 | 51 | 35
String | Letter e | kb ? s 1 J
Option 3 | Score 57 4 70 15 32 70
String | Letter # 3 [ 8 o 4
Option4 | Score a6 76 | 75 | 138 ] 183 | 78
String { Letter | dJ ° oo S

Option 5| Score 180 20 [ 200 | 21

Output ' dJ - T J § 3

In string option | above (the first row) there is a
word-initial sequence of two alifs (""). The word-
internal processing introduces a candidate lam ("J") in
the second position as the sequence "JI" is the Arabic
determiner, which has a very high likelihood of
appearing in word-initial position. This expands the set
of strings that may be generated from the lattice.
Following this process, the set of all possible strings or
character combinations resulting from each lattice
(generally ranges from hundreds to thousands) is

generated. These strings are then subject to word level
linguistic processing (see following section).

5.2.2 Word Level Linguistic Processing

All generated strings first undergo morphological
analysis to determine which, if any, of the strings are
morphologically well-formed. The stems of the set of
well-formed strings are then subjected to lexical look-
up to determine if they are known words. The lexicon
contains statistical data regarding distribution of stems
and inflected forms. If sufficient context of neighboring
words exists, context-sensitive weighting is applied to
the word candidates. Each step of the word level
linguistic processing contributes to the linguistic score
accorded to the word (see below).

5.2.3 Linguistic Scoring

A linguistic score is determined per string (as
opposed to the optical score given to each character
candidate by the OCR process), which considers the
following factors: frequency and distribution
probability of lexical stems and inflection patterns; and

6 45% character accuracy; 01 cell contains a character
introduced by linguistic post-processing

contextual weighting (if a sufficient context of
neighboring words exists).

Thus the best linguistic scores are assigned to words
that are recognized as belonging to widespread stems
with common inflections which fit well in their
syntactic context. Words that are recognized by BMA
but are found to be derived from less frequent stems,
and/or feature rare morphological structures or are
inappropriate with their context are given higher
(worse) scores. Words that are not recognized at all are
discarded.

Table 3: output for three different strings considered for
a certain lattice (given in phonetic transcription). Lower
scores signify better confidence.

String Linguist- Gloss Details
candidate | ic score
Alsban 12 The  young | valid words,
almhtrfyn experts correct
chedl) Fuct
. re -
b siaall
(e well formed
agreement
Alsbak 23 ungrammatical | valid words,
almhirfyn (*experts the incorrect'
PO window) grammatical
(o i i context
Alsblk - word discarded | invalid word
almhtrfyn
L )
(Uh il

A composite score of the linguistic score of a word

and an optical score” for this word is calculated and the
string with the highest composite score is returned. The
composite score is calculated by 75%-25% weighting in
favor of the linguistic score (see further discussion
below regarding weighting considerations).

6 Results

The word accuracy and named entity (NE) accuracy
of each document was determined by manually
comparing it with the respective ground truth. The 160
degraded documents were then subject to NLP
processing (see section 5), providing 160 linguistically
enhanced documents. These too were manually
compared to the ground truths, and word and NE

7 The optical score of the string is calculated as the
average optical score of the characters the string
consists of.
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accuracy were determined. The results appear in figure
I below.

Eftects of NLP-Enhanced Exploitation

60% 60%

50% 50%

40%

30%

Word Accuracy

20%

10%

0% 4

OCR ch: v

~—~—a—— Words - BEFORE -

- Words - AFTER
---e--- Entities - BEFORE w - Entittes - AFTER

Figure 1. Effects of NLP processing of degraded
documents: word and entity accuracy before and
after NLP processing

The solid blue line represents the base level word
accuracy level for each of the four degradation levels
(30%, 45%, 60%, and 75%), while the dashed blue line
represents the NE accuracy at these levels.

The solid magenta line shows NLP-enhanced word
accuracy for each degradation level, and the dashed
magenta line shows the NLP-enhanced NE accuracy.
The following tables show the word- and NE-
recognition for the four levels of character accuracy.

Table 4: Word-recognition as a function of character-
accuracy

Character Word recognition
accuracy
Non-enhanced | NLP-enhanced
30% 0.5% 2.6%
45% 4.4% 17%
60% 9.8% 32.2%
75% 22.9% 51.9%

Table 4 above shows an improvement from 0.5% to
2.6% for highly degraded documents, to from 23% to
52% for the least degraded documents.
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Table 5: Named Entity-recognition as a function of
character-accuracy

Character ] —
accuracy Named entity recognition
Non-enhanced | NLP-enhanced
30% 0% 8.2%
45% 4.2% 20.6%
60% 4% 37.9%
75% 15.7% 54%

Table 5 above shows an improvement from 0% to
8.2% for highly degraded documents, to from 15.7% to
54% for the least degraded documents.

7 Discussion

The results show significant improvement both in
word and in named entity (NE) recognition accuracy
following linguistic post-processing at all character
accuracy levels.

While word accuracy is higher than NE accuracy in
non-enhanced results, NE accuracy is higher than word
accuracy in NLP-enhanced OCR. Average word length
in Arabic is 4.63 characters, while average NE length is

6.4 characters8. This characteristic may help explain the
different patterns observed between NLP-enhanced and
non-enhanced entity accuracy versus word accuracy:
since entities are by and large longer than general
words, the probability of an incorrectly identified letter
is greater for entities than for words; however, when
applying NLP-enhancement, string length contributes
positively to the probability of successfully identifying
the word, as there are more cues in the input.

From a practical perspective of trying to increase the
value of OCR to text exploitation, increasing
recognition levels of entities, which are of high content
value, is more valuable than the ‘across-the-board'
increase achieved in word accuracy.

NER was applied by looking at a pre-defined set of
entities, a subset of the words identified by BMA. An
alternative approach would be to actively search for
user-defined entities, such as certain proper names, and
trying to match them against given lattices; this may
produce more false-positives, but may limit the
documents with these specific entities that would be
overlooked to a minimum.

This study used a pre-defined weighting allowing
75% to the linguistic score, and a 25% weight to the
optical score. This was based on preliminary tuning,
however, further work needs to be carried out to find
the optimal balance between the two scores, which we

8 These values are based on a sample corpus of documents/
articles collected from Arabic media web sites.




expect to be dependent on type of material and OCR
quality.

Appendix A shows an example Arabic text, in raw
degraded form and in linguistically enhanced form.
Correct words and NEs are marked in both documents.

Appendix B shows an XML excerpt for a word
processed by BMA, and shows the metadata that may
serve other exploitation processes.
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Appendix A — Sample Arabic Document

Figure 2 shows an example Arabic text degraded to
60% character accuracy.
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Figure 2. Non-enhanced OCR output (16 correctly
identified words appear in brown)

Figure 3 below shows the result of linguistic post-
processing applied to the document; an additional 47
words were recognized, of which 12 are named entities
(versus none in the original degraded document).
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Figure 3. BMA-enhanced OCR Output (45 newly
recognized words in blue, NEs are highlighted)

Figure 4 below shows the document returned by
Britannica's EntX server, containing cross-language
NER. The English entity digest appears at the head of
the document, and Britannica's ETL (Embedded
Translation Layer) provides a hidden layer of
translation for all words/phrases that is displayed by
placing the mouse (cursor) over any word/phrase (see
middle of document by mouse cursor in figure 4).
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Figure 4. EntX processing of NLP-enhanced text,
showing the entities highlighted by category, with their
English equivalents appearing in the entity digest
header.




Appendix B - BMA XML Excerpt

The following XML document shows an excerpt of
the morphological and other linguistic metadata added
by the Britannica Morphological Analyzer (BMA).

- <root>
- <word>
- <input>
- <N[CDATA[S4])>
</input>
- <result>
<stem>eiS</stem>
<transcription>kataba</transcription>
<partOfSpeech>verb</partOfSpeech>
<root>iS</root>
<conjugation>1</conjugation>
<category />
- <raw Translation>
- <I[CDATA[ to write]]>
</rawTranslation>
- <prefix>
<string_prefix />
</prefix>
- <suffix>
<string_suffix>s</string_suffix>
<person_suffix>3</person_suffix>
<number_suffix>singular</number_suffix>
<gender_suffix>masculine</gender_suffix>
</suffix>
<score>85</score>
- <inflection>
<vocalizedWord>4&8s</vocalizedWord>
<inflectionTranscription>wakatabahu</in-
flectionTranscription>
<person>3</person>
<number>singular</number>
<gender>masculine</gender>
<state />
<tense>past</tense>
<voice />
</inflection>
- <morphTranslation>
<conjTranslation>and</conjTranslation>
- <inflectionTranslation>
- <I[CDATA[wrote}]>
</inflectionTranslation>
<objectTranslation>it</objectTranslation>
</morphTranslation>
</result>
</word>
</root>

Figure 5. BMA XML Output for the Arabic Word 458
(“he wrote it”)
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Abstract

This paper presents preliminary results that we ob-
tained during the first “proof-of-concept” stage of
our on-going research on offline Arabic handwrit-
ing recognition. Our method relies on the Arabic
script’s large-scale features (e.g. loops, cross- and
end-points) and employs a double-layered discrete
Hidden Markov Model (HMM) for character and
word recognition. This approach does mot require
manual segmentation of words into characters dur-
ing training or testing. The prototype system uses
manual feature extraction and yields high recognition
rates on synthetically generated words.

1 Introduction

Although there have been extraordinary advances
in automatic recognition of machine-printed Arabic
text over the last several decades, the problem of
automatic offline recognition of handwritten Ara-
bic script remains largely unsolved. As Edelman et
al. [3] point out, the two main reasons for the diffi-
culty of this task are

e character segmentation ambiguity; and
o character shape variability

Arabic script is inherently cursive, meaning that
a considerable part of a word image may consist of
ligatures that connect consecutive characters. These
ligatures may often be interpreted as parts of letters
giving rise to multiple equally plausible segmenta-
tions. Letter shapes are position-dependent. Ara-
bic text contains numerous diacritics, overlaps, and
casheedas. Furthermore, even when written by the
same person, the same characters may change both
geometry and topology (see, for example, Figure 1
taken from the corpus described by Pechwitz et al. in
[8]). All these characteristics, combined with other
language-independent irregularities typical in hand-
written text, make Arabic handwriting recognition
problem extremely difficult.
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Figure 1: Same word written by the same writer
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The core of a complete ICR system is its recog-
nition unit. According to Steinherz et al. [14], one
way of classifying recognition algorithms is by the
size and nature of the lexicon involved, as well as
by whether or not a segmentation stage is present.
Lexicons may be

e small and specific containing about 100 words,

e limited, but dynamic, which may go up to 1000
words, and

e large or unlimited.

Segmentation-based methods take a sequence of
primitive segments derived from a word image to-
gether with a group of possible words, and attempt
to concatenate individual segments to best match
candidate characters. In the segmentation-free case,
no attempt is made to separate the image into pieces
that relate to characters, although splitting into
smaller pieces is still possible, followed by genera-
tion of a sequence of observations. In both cases,
algorithms try to reproduce how a word was written
by recognizing its components in the left-to-right (or
right-to-left) fashion.

Alternatively, there is a class of perception-
oriented methods that perform a human-like read-
ing by utilizing some stable features to reliably find




characters anywhere in the image, and to use them
to bootstrap a few word candidates for a final evalu-
ation phase. Such methods have rarely been truned
into complete recognition systems. Instead, they are
sometimes used to enhance more traditional “direc-
tional” algorithms described above.

To date, most attention appears to have been di-
rected toward small- and limited-lexicon methods,
especially those applied to Latin scripts. Many dif-
ferent methods and a few complete recognition sys-
tems have been proposed in the literature. Overall,
however, the field of handwritten text recognition
has not yet matured [14].

There are relatively few review-style articles [10, 4]
and even fewer attempts to experimentally compare
different methods. One reason for this is lack of suf-
ficiently large, general, and publicly available test
datasets. Furthermore, the performance of a com-
plete ICR system depends on many other compo-
nents besides its recognition engine, e.g. preprocess-
ing, segmentation, and post-processing modules. To
our knowledge, there have been virtually no at-
tempts to create a common framework that allows
an objective comparison of different engines or com-
plete recognition systems.

One of the most successful approaches to Arabic
character and word recognition is based on the ap-
plication of Hidden Markov Models (HMM) [5, 9, 2].
They model variations in printing and cursive writ-
ing as an underlying probabilistic structure, which
cannot be observed directly [1]. When small lex-
icons are involved, elementary HMMs that model
individual characters are combined to form individ-
ual larger model-discriminant HMMs for every word
in the lexicon. When a word image is presented to
such a system for recognition, it chooses the word
interpretation whose model gives the highest proba-
bility given a sequence of observations, or symbols,
generated from the given image. For larger lexicons
only one path-discriminant HMM is build from the
character sub-HMMSs and recognition is performed
by finding the most likely path through the model
given the sequence of observations from a word im-
age. Path-discriminant models are more general but
less accurate than model-discriminant ones.

HMM-based methods are popular because they
performed quite well on a similar problem of speech
recognition, and because their mathematical ma-
chinery has been developed and refined quite well.
At the same time, they still constitute an active
area of research. One reason is that performance
of an HMM depends strongly on the type of fea-
tures used to generate observation sequences both
for training of the models and for recognition. As
pointed out in [14], the “ideal” feature set has not
yvet been found, and may not exist at all. Also,
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while most HMM-based methods represent a word
image as a one-dimensional sequence of observation
vectors, a more recent approach is to generalize to
two-dimensional Markov Models (also called Markov
Random Fields) [7]. While this approach appears
to give better accuracy, it is also much more com-
putationally expensive and so requires more sophis-
ticated design and implementation than traditional
HMM-based methods. In addition, MRF-based sys-
tems usually require much more training data than
HMM-based ones.

Figure 2 shows the same Arabic word written
by two different people (also taken from [8]). We
can see that while the two handwriting styles are
quite different, most of the large-scale features such
as loops, turning points and long straight strokes
are preserved. Therefore we made the decision to
base feature extraction in our recognition system on
such features. We believe that they are more robust
than small-scale features such as local curvature and
stroke thickness to inter-writer and intra-writer vari-
ations in size, orientation, and local distribution of
characters as well as to poor image quality.

Figure 2: Same word written by different writers

Our approach, which we describe in more detail in
Section 2 is based on that developed by Khorsheed
in [5]. Our recognition system consists of four main
components. First, it is based on large-scale geomet-
ric features. Second, it simulates the writing process
by tracing connected components of a word image
using a consistent set of rules. Third, it is train-
able and uses HMMs. Finally, it can be adapted to
use various types of high-level information at latter
stages of the recognition process to resolve ambigu-

1ty.

2 Methodology

In Section 2.1, we present in some detail the original
approach of Khorsheed [5]. We then describe our
modifications in Section 2.2.

2.1 Original Algorithm

Khorsheed’s approach is to construct a single “uni-
versal” discrete HMM that represents an entire lex-
icon that is being modeled. This is an example




of the path-discriminant approach described in Sec-
tion 1. The universal model is a collection of states
each of which represents a single Arabic character.
These character states are interconnected according
to character bigram statistics extracted from a given
training lexicon. Each state is in itself a discrete
HMM that has a left-to-right (or, perhaps more pre-
cisely, right-to-left) topology. Each hidden state in
a character model heuristically represents a stage
in writing this character. Therefore the number of
hidden states is proportional to the character’s com-
plexity.

The recognition system works in two stages: train-
ing and recognition (see Figure 3). During training,
a preprocessor converts an image of a word or a let-
ter into a sequence of discrete observations symbols.
These sequences are used to train individual charac-
ter models that are then connected into a universal
model. The well-known Baum-Welch HMM training
algorithm [11] is used at this stage. During recogni-
tion, the same preprocessor converts a word image
into an observation sequence that is then fed into
the trained model. The most likely path through
the model yields a sequence of character states that
constutites the recognized word. A modification of
the standard Viterbi algorithm [11] that computes
several top paths rather than just the best one is
used at this stage.

The preprocessor works in several steps. First, a
skeleton of a word or letter image is computed and
represented as an image consisting of background
pixels, “simple” foreground pixels as well as “knot”
points that are foreground pixels that are end or in-
tersection points. Then this image is converted into
an ordered sequence of links that connect the knots.
This approach is somewhat similar to the method
described in [15] where knots are used as “anchors”
to align both topological and geometric features of
a glyph skeleton. In order to perform the skeleton
traversal, we use a set of tracing rules that simulate
the writing process. However, it is important to re-
alize that any set of rules would work as long as it
is consistent and robust to variations. For instance,
the main right-to-left direction of tracing is not es-
sential. After the links are computed, the next step
is to detect loops of various types. After that all
links that are not part of a loop are approximated
by piecewise-linear curves. The final step of the pre-
processor is to convert the resulting sequence of line
segments into a sequence of observations. Each seg-
ment is either labeled as a part of a large-scale geo-
metric feature such as a loop, an intersection point
or a turning point, or quantized using k-means clus-
tering according to its orientation and length. The
label or the index of the k-means cluster centroid is
used to compute a discrete observation symbol.
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A more detailed description of Khorsheed’s algo-
rithm may be found in {5].

2.2 Modifications

We have made several modifications to the original
methodology.

2.2.1 Smaller Feature Set

The complete feature set used in the original al-
gorithm is shown in [5, Table 1]. In our preliminary
work with synthetic data we reduced the number of
features by computing fewer types of turning points
and by reducing the number of k-means clusters (see
Table 1). Experiments indicate that such a reduced
set is sufficient to process the data at hand. We do
realize, however, that as we get more involved with
real-life data, the feature set may have to be ex-
panded to provide more discriminative power. Such
expansion will require relatively small changes to the
recognition system as long as we continue to base it
on discrete HMMs.

2.2.2 Separate Models for Various
Character Forms

In the original algorithm, a given character model
is used for all (2 or 4) positional forms of that char-
acter. We decided to use separate models for all the
different form. The main reason for such a change
is that, although this makes the resulting universal
model several times bigger, it also makes it more
accurate by limiting the number of connections be-
tween character models and therefore prohibiting or
discouraging certain paths that would be allowed
by the smaller “form-independent” universal model.
For instance, there will be relatively few connections
from models that represent final forms of characters
into those representing initials character forms, be-
cause these can only occur in words consisting of two
or more subwords, e.g. b U J.; (“Ali-Baba”).

2.2.3 Training by Words Without
Segmentation

Although during the recognition stage, one does
not need to pre-segment the data beyond separa-
tion into words, during training manual segmenta-
tion into characters is still required for the original
algorithm. Thus training of Khorsheed’s system pro-
ceeds as follows.

1. For each training word:

1.1 Manually pre-segment the word image into
character sub-images.

1.2 Convert all character sub-images into ob-
servation sequences.

2. For each character:
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Figure 3: Block diagran of the recognition system
Observation Feature Observation Feature
Symbol Description Symbol Description
0 Dot 5 2-link complex loop
1 End point 6 3-link complex loop
2 Branch point 7 double loop
3 Cross point 8 Left turning point
4 Simple loop 9 Right turning point
10-29 k-means cluster centroids

Table 1: Discrete features and the corresponding observation symbols
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2.1 Compute the initial model. In particular,
first determine the number of states.

2.2 Collect all training sequences for thet char-
acter from data generated in Step 1.

2.3 Train the character model.

3. Connect all character models into a universal
model using character bigram statistics.

Note that in Step 2 there is a single instance of
each character model that is trained once using all
instances of that character extracted from all train-
ing words. Manual preprocessing of data is a big lim-
itation for a real-life recognition system. We propose
a way of modifying this approach to avoid the pre-
segmentation. We assemble a word model for each
training word possibly using several identical copies
of the initial character model if the corresponding
character appears in that word more than once. For
instance, the name U G [e (“Ali-Baba”) contains
two instances of the initial form of the letter o
(“Beh”). We then train the word models by cor-
responding observation sequences generated from
the entire word images, just like when the model-
discriminant approach to recognition described in
Section 1 is used. Then we disassemble the trained
word models into character components. Since the
final universal model contains a single instance of
each character model, after all training words have
been processed, we have to combine all the instances
of the same character models into one. This can be
done by averaging. Thus, the training stage of the
modified algorithm proceeds as follows.

1. For each character:
1.1 Compute the initial model.
2. For each training word:

2.1 Assemble initial character models into a
word model.

2.2 Convert entire training word image into an
observation sequence.

2.3 Use the sequence to train the word model.

2.4 Disassemble the word model into instances
of trained character models.

For each character:

3.1 Average all instances of corresponding
trained model into a single trained char-
acter model.

Connect all character models into a universal
model using character bigram statistics.

In Section 3 we describe results of experiments
with both manually segmented and unsegmented
data.
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3 Experiments

In this paper we present results of the initial “proof-
of-concept” stage of our project that only involved
experiments with synthetic data.

3.1 Manual Skeletonization and
Tracing

In place of a fully automatic preprocessor we have
implemented an interactive graphical tool designed
to manually create ordered feature sequences of seg-
mented letters. A user can superimpose an ordered
piecewise-linear skeleton on top of an image of a
“template” letter (see Figure 4. Each segment of
the skeleton is labeled with a corresponding feature
from Table 1 if this segment is a part of a loop,
intersection etc. These skeletons are used to train
individual character models and can also be con-
catenated into skeletons representing entire words.
To simulate handwriting differences, both charac-
ter and word skeletons can be randomly perturbed.
Two types of perturbation are possible, namely,

e Adding random noise to geometric coordinates
of endpoints of a segment (a.k.a. “shaking”).
The amount of shaking is controlled by a stan-
dard deviation parameter.

e Random adding or removal of entire segments
to/from a skeleton.

For instance, Figure 5 shows skeletons of the word
Jot (“Mohammad”) created by concatenation fol-
lowed by various degrees of shaking of the letter
skeletons shown in Figure 4.

3.2 Synthetic Data Tests

We performed three sets of tests with synthetic data.
In the first two cases, we used machine-printed Ara-
bic characters as templates when manually creating
character skeletons. The first set of tests was based
on training using segmented data. To train a total
of 102 character models for the various positional
forms of the main 29 letters of the Arabic alpha-
bet, we manually created and labeled skeletons of
each character form. Each of these skeletons was
perturbed by various degrees of shaking and this
data was used to train individual models that were
then assembled into a universal model based on bi-
gram statistics extracted from a set of about 2,000
unique words collected from a set of newspaper ar-
ticles. The character models contained between 3
and 20 hidden states. The same word collection was
used to evaluate the trained model: word skeletons
were obtained by concatenation of the corresponding
character skeletons, then they were shaken.

The second set of tests involved unsegmented
training data. In this case, 90% of the word col-
lection was used for training and the other 10%






