Q THE HONG KONG
Q' db POLYTECHNIC UNIVERSITY
v T T AR

Pao Yue-kong Library
BIERIESE

Copyright Undertaking

This thesis is protected by copyright, with all rights reserved.
By reading and using the thesis, the reader understands and agrees to the following terms:

1. The reader will abide by the rules and legal ordinances governing copyright regarding the
use of the thesis.

2. The reader will use the thesis for the purpose of research or private study only and not for
distribution or further reproduction or any other purpose.

3. The reader agrees to indemnify and hold the University harmless from and against any loss,
damage, cost, liability or expenses arising from copyright infringement or unauthorized
usage.

If you have reasons to believe that any materials in this thesis are deemed not suitable to be
distributed in this form, or a copyright owner having difficulty with the material being included in
our database, please contact lbsys@polyu.edu.hk providing details. The Library will look into
your claim and consider taking remedial action upon receipt of the written requests.

Pao Yue-kong Library, The Hong Kong Polytechnic University, Hung Hom, Kowloon, Hong Kong

http://www.lib.polyu.edu.hk




AUTOMATED FORM READING

CHU KIM CHING

M. PHIL.

THE HONG KONG
POLYTECHNIC UNIVERSITY
2000

Q,'\,'b Pao Yue-Kong Library
¢/ PolyU + Hong Kong



Abstract

Forms are used extensively to collect and distribute data. The main task of an
automated form reader is to locate the data filled in forms and to encode the content
into appropriate symbolic descriptions. In this thesis, we aim to develop efficient
algorithms for an automated form reading system. The key problems tackled in this
thesis are image preprocessing, script determination, fast keywords matching, and
printed character recognition.

Preprocessing of digital images is a very important step in document analysis.
We discuss in this thesis a combined intensity histogram and a local contrast feature
for image binarization, horizontal Run Length Smoothing Algorithm (RLSA)
followed by 8-neightbouring connection method for page segmentation, the use of
simple criteria for text and line extraction, and fast skew estimation and correction
using the extracted lines with a backup of an interiine cross-correlation method for
those forms without lines. Our approach for skew estimation is efficient and effective
for those forms containing a lot of lines. The skewed angle can be detected with an
error of smaller than 1°.

It is very common that the documents contain more than one script. In this
thesis, a robust script determination approach is proposed which can cope with
different fonts, sizes, styles and darkness of text in document images. Two neural
networks are employed. The first neural network is trained to derive a set of 15 musks

which are used for extracting 15 features. The coefficients of masks are then



quantized for reduced computational complexity. The second neural network is
trained with 15 extracted features to perform the script separation. Experimental
results show that 97% of the image can be correctly classified.

A Dynamic Recognition Neural Network (DRNN) is proposed in this thesis to
perform fast keywords matching. Different sets of features are used to deal with
different scripts. For Eﬁglish, projection profiles (x and y) are used while for Chinese,
contour features are utilized. Testing on 29 name cards shows that a 90% correct
matching rate can be achieved.

An algorithm based on the vertical projection and a peak-to-valley function is
adopted for segmenting characters. By applying the algorithm on form images with
100 dpi scanning resolution, about 86% of the characters can be correctly segmented.
A neural network is then employed to classify the segmented characters into 50
groups. Both intensity features and structure-based features extracted from the
skeleton image were utilized. An accuracy of 85% to 87.5% can be achiecved when
testing on the images with 100 dpi scanning resolution and higher accuracy of 94% to

96.6% can be achieved if the scanning resolution is 150 dpi.
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Chapter 1

Introduction

1.1 Importance of Automated Form Reading

Automated document analysis and understanding is a very achive research areca
because of its wide range of applications such as form and check reading and
document image retrieval [1,2,3]. Many investigations have been carried out in the
three main aspects of document image processing: page segmentation [4,5,6],
document image analysis [1,7], and character recognition [8,9].

There are a great number of different types of document images with different
styles and purposes. 1t is difficult, if not impossible, to develop algorithms that can
handle all types of document images. One solution is that we only work on a specific

type of documents such as forms.

Forms are used extensively to collect or distribute data in. They represent a
vast majority of the paperwork need to conduct business. Hence, forms processing
[10,11,12,13] is becoming very important in practice, since those documents have
typically a simple structure when compared with general documents such as articles

that may contain pictures, figures, mathematical symbols, and complex background.
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Moreover, the automation of the form reading process is an objective of relevant
interest, since form processing is in fact an essential operation in many business
organizations.

In this thesis, we focus on developing efficient algorithms for an automated
form reading system. The system would be able to learn the layouts of a variety of
forms, to locate and “extract data correctly and to recognize the data such as
Chinese/English characters, digits or symbols, so that the useful data can be extracted

from the forms and stored in appropriately according to the needs of the user.

1.2 Previous work on Machine Form Reading

The overall objective of a form reading system is to obtain a symbolic representation
of the data (either printed or handwritten) from a given form. The typical operations
involved in these systems are document image acquisition and preprocessing, layout
analysis, and data interpretation [11,12].

The preprocessing usually involves binarization followed by form registration.
During the layout analysis, important regions that contain the information are tocated
in the form. Finally the data interpretation step takes place on regions extracted
previously by either handwritten or printed character recognition.

Form recognition is usually based on the assumption that the information
fields are in fixed positions. Another approaches [14] for information fields
extraction are by the detection of lines. Lines can be described by orientation,
thickness, and position in the form. They can be used as a reference for detecting
information fields. However, a more flexible way to characterize information fields is
to use the corresponding instruction fields to describe the positions and the content of

the information fields. In 1991, Lam and Srihari [15] proposed a system to locate
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related instruction and information fields by recognizing the text of the instruction
fields. Fujisawa ef af suggested that only fields that are inside rectangles (referred to
as frames) should be taken into account [7]. The frames were classified into two
classes: label frames and data frames, which contain instruction fields and
information fields respectively. They used the spatial relationship between the two
rectangles to link up a label frame and the corresponding data frame.

Usually, ones should consider whether or not the form 1s known in advance
before performing form registration and layout analysis as in different cases, different
operations are needed [11]. If the form is known in advance, that is, if its layout is
previously defined, then the data extraction can be based on a top-down, model-
driven process [16]. In this case, the form registration will be the most important step
as data will directly be extracted from the pre-defined positions once the registration
has taken place. Failure in the form registration step means that all the data will be
incorrectly extracted. In the case of unknown forms, a possible approach is to classify
documents in a fixed number of classes. Then use the correspondent model of each

class to carry out the layout analysis [17,18].

1.3 Previous Work on Document Image Processing

Many algorithms have been developed for general document image processing such
as binarization [19,20] , page segmentation [4,21,22], skew detection and correction
[11,23], text and lines extractions [24,25,26], character segmentation [8,27,28], script
determination {29,30] and character recognition {31,32,33].

The popular tool for binarization is image thresholding, which transforms a
gray scale image into a binary image in which, foreground and background data arc

separated. The quality of the binarization step is critical for subsequent analysis. Il
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poorly binarized images are used, document understanding would be difficult or even
impossible. Thresholding techniques can be categorized into two classes: global and
local. Global thresholding algorithms use a single threshold that will be applied on all
the pixels in the image, while local thresholding algorithms compute an individual
threshold for each pixel based on a neighborhood of the pixel.

Different page segmentation techniques have been proposed in the many
literatures. In the early approaches of page segmentation, the assumption was made
that an input document image consists of right rectangular blocks. And they were
typically applied to binary images. These methods can be classified as either top-
down or bottom-up approaches. In a top-down strategy, a page is first split into major
regions, and major regions into subregions, and so on. On the other hand, in a
bottom-up strategy, connected components are merged into small regions based on
local evidence, and the small regions are then successively merged into larger
regions. Recent hybrid approaches to page segmentation have utilized both local and
global strategies to cope with complicated page segmentation problems.

Several methods have been developed by many researchers for line and skew
angle detection. The Hough transform (HT) is a well-known method for line detection
from raster images. Its development and extension can be found in recent survey
articles [34,35,36]. Besides that, Ciardiello ef al have suggested a method using the
projection histogram [37]. In this method, a sample region with the maximum
average density of black pixels per row is rotated by prespecified angles. The
horizontal projection histogram of the region is evaluated for each angle. The skew
angle can be found by choosing a rotated angle which maximize the mean square
deviation of the histogram.

For text extraction, many techniques have been developed through the years

that can be divided into three main categories: top-down, bottom-up and hybrid
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techniques. Bottom-up techniques [26] are usually based on connected components
analysis: they usually connect the neighboring pixels to form symbols, words, text
lines and so on by continuously increasing the thresholds. In this approach, no
assumption is made on font style, font size nor about page layout. However, the
approach is computationally very intensive and the performance relies very much on
the use of appropriate thresholds. Top-down techniques use the assumptions about the
layout of the page in order to segment it [38,39,40]. They are usually faster than
bottom-up techniques and they are efficient for special purposes. But they are not
suitable for more general needs. For those proposed methods which can not be fit into
any of these two categories, they will be categorized as hybrid.

The main factors that affect the complexity of character segmentation in
machine-printed text are the wide variety of fonts, rapidly expanding text styles, and
image characteristics. Moreover, the thresholding processes in the binarization step,
as well as the thinning algorithms, can cause broken, touching and merged characters
which make the character segmentation more difficult.

For the text with proportional pitch, they can be divided into broken
characters and touching characters. There are two methods for segmenting broken
characters. One is to employ a merging process based on the estimated character
width and intervals, and the other is to combine character components based on
recognition results [41]. On the other hand, the touching characters are ofien
segmented using structural analysis. Lu e al proposed a character segmentation
algorithm based on the analysis of neighboring components [25]. The algorithm
consists of two steps: computing the connected components and analyzing the
structure of neighboring components.

Merged touching characters are components of connected multiple characters.

Segmentation of touching characters has been the most difficult problem in character
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segmentation. The segmentation techniques have to determine whether a segment
contains multiple characters or not, and find the suitable break locations if necessary.
The techniques for segmenting touching characters can be divided into two
categories, featured-based or recognition-based. Some of the touching characters can
only be segmented by recognizing the individual components while some others can
be recognized only after they have been isolated. Therefore, techniques in both
categories are equally important. The vertical projection is widely used technique for
character segmentation [41]. To deal with the touching characters in the first
category, the algorithms often transfer the vertical projection to functions which
provide more information for finding the break points. Decision can be made based
on these function values. The commonly used functions include characteristics of the
word or line images, such as width, height of the word and candidate segment, aspect
ratio, foreground pixel density, contour analysis, etc. On the other hand, the results of
character segmentation in the second category usually based on the recognition
process.

Many techniques have been developed for identifying of the script when the
input image contains characters. In 1990, Spitz proposed a method of classifying
individual text lines as being either English or Japanese in documents [42]. The
method is based on the distribution of an index of optical density. For Japanese text
lines, they may contain Kanji which tend to be complex, and therefore optically
dense. However, they may also contain Kana which tend to be simple and therefore
optically light. On the other hand, English characters have a more consistent optical
density. Therefore, this can be used to identify the scripts. By using filtered pixel
projection profiles, Wood et al proposed a technique that could identify five scripts
based on the response to tuning the parameters of the filter [30]. In 1997, Hochberg e

al proposed a technique for identifying 13 scripts, where single connected
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components may span the entire horizontal extent of words [29]. Their algorithm has
an advantage that is able to accept a new script without tuning of the system. And it is
based upon identifying frequently occurring connected component templates that
have been scale-normalized.

Character recognition can be performed separately or accompany with the
process of character segmentation. One of the most popular approaches is the feature
matching method. In general, the feature matching technique needs to extract the
complete features of a character pattern to order to achieve the correct recognition.
Besides, the syntactic approach is also an active research area in character
recognition. A syntactic method is capable of using primitives to describe local
details and production rules to describe the global structure. The outer boundary and
the skeleton of a character image are two popular forms of images used for character
recognition in a syntactic approach. In most cases, the statistical information was
incorporated into a string matching process in order to improve the reliability of
matching and recognition. Lee proposed a methodology for character segmentation
and recognition that makes use of the characteristics of gray-scale images [8]. In the
proposed methodology, the character segmentation regions are determined by using
projection profiles and topographic features extracted from the gray-scale images.
Then a nonlinear character segmentation path in each character segmentation region
is found by using multi-stage graph search algorithm. Finally, in order to confirm the
nonlinear character segmentation paths and recognition results, recognition-based
segmentation method is adopted. Artificial Neural Networks (ANN) for pattern
recognition have attracted more attention in the past decade [43]. The advantages of
thc ANN approaches are their massive parallelism, high noise tolerance, und
adaptability. Many ANN approaches for character recognition were proposed

throughout the years and satisfactory results were reported [33,44,45].
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1.4 Our Work

In this thesis, efficient algorithms for an automated form reading system are
developed. The system supports functions including segmenting forms, locating and
extracting data reliably and recognizing the data, such as English characters, digits or
symbols. By using the syétem, the useful data can be extracted from forms and stored

appropriately according to the needs of the user.

Binarization ) Block . N Line an.d Text N Skew Detec.tion
Extraction Extraction and Correction

| it 1
l Script Character Character ; Field E y Data
Separation B Segmentation ™ Recognition P Identification r"i Extraction

Fig. 1.1 Block diagram of the automatic form reading system

Figure 1.1 shows the block diagram of the automatic form reading system that
we developed. A form is digitized and inputted as gray-scale image to a computer by
using a scanner. Then it goes through a preprocessing step in which the image 1s
binarized using both the intensity histogram and a measure of local contrast. A Run
Length Smoothing Algorithm (RTSA) and 8-neighbourhood connection method is
then used to extract blocks that contain useful information. According to the features
of the blocks, text and lines are detected and extracted. Based on the extracted lines,
the skew angle of the image is determined and the image is then de-skewed. For those
blocks that contain text data, script is determined using a neural network approach.
The characters in a text block are then segmented using vertical projection and a
peak-to-valley function. Finally, character recognition is carried out using a neuril

network.
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Our research focus on high-performance binarization, text block extraction,
skew estimation and correction, script determination of Chinese and English textual
images, English character segmentation and recognition. We have also made
investigation into fast keywords matching using a Dynamic Recognition Neural

Network (DRNN).

1.5 Organization of This Thesis

Following this Introduction, the document image processing algorithms used for
image preprocessing is discussed in Chapter 2. In chapter 3, a neural network based
script determination approach is presented together with experimental results on a
number of textual images. A DRNN based algorithm for fast keywords matching is
presented in chapter 4. In chapter 5, a printed English character recognition system
including both character segmentation and recognition is discussed. Finally,

concluding remarks are drawn in Chapter 6.



Chapter 2

Document Image Processing

2.1 Introduction

In form reading, a form-like document is first scanned and stored as a digital image.
Several factors that will affect the reading performance include the quality of a
document, the distortion introduced during the scanning process, and whether or not
an image 1s skewed. In order to achieve satisfactory reading performance, some
preprocessing algonthms should be applied.

Preprocessing of document images has been an active research area for many
years [4,11,24,46,47,48,49]. Although there are many existing algorithms for various
preprocessing tasks, few have integrated the algorithms into a whole system. A
critical problem to combine them into an effective system is to choose the suitable
algorithms that are compatible to each other. In this chapter, we will propose several
algorithms for form image preproceséing such as binarization, page segmentation,

text and lines extraction, and skew detection and correction.
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2.2 Binarization of Document Images

It is an important step to separate the foreground information (mainly text) of a
document image from the background. There are many existing algorithms for this
purpose [19,20,48].

In this thesis, a combination of histogram and a local contrast feature is used
to binarise document images. It is found that the method can successfully separate the
foreground information from the backgrounds of images as complex as map images

in which different intensities are used for the background.

Algorithms

To successfully separate the foreground information from the background, two
thresholds are determined and used for making decision of whether a pixel belongs to
the foreground or background. One threshold is computed from the histogram of the
gray scale image and the other from the histogram of a measure of local contrast.

Let ./ be a measure of local contrast of a darker pixel against its background. It

is defined as

sy = OB e i};')lsgn[ca’ s 2.1)

where /(i,j) is the intensity of the pixel in gray-scale and LA(i ) is defined as

i+3  J+]
2 2.1(p.)
LA(, j) = ”“‘“‘j; (2.2)

sgn is the sign operator defined as
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-1 : x<0
sgn(x) = {1 : 250 (2.3)

(1J)

Fig. 2.1: Eight neighboring pixels for calculating C(i)

The term C(i,j), which is defined in equation (2.4), measures the difference of
a pixel intensity and the average intensity of its eight neighboring pixels. Since lines
have thickness, to reduce the effect of the foreground pixels within the same line on
calculating C(i,j), the nearest neighbor pixels are not included in computing. The

eight neighboring pixels for computing C(i,j) are shown in Fig. 2.1.

\
C(i,j)=§[1(5—3,j)+](i—2,j)+](i+2,j)+](z'+3,j)+[(i,j—3) (2.4)

1, -2+ I J+ 2+ (L, j+3)] -1, )

The B(ij) term is a measure of the average intensity of the relative brighter pixels

[C(p.q) <0] in the 9 x 9 region and is computed by

1
B(i, jy=— D.1(p.q) (2.5)
Nb i—4<psi+vd
J-45gSi+4
C{p.q)s0
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where N, is the number of relative brighter pixels.
A foreground pixel usually has a positive value of J, and most background
pixels have negative, zero, or small positive values. A threshold is determined by

locating a deep valley in the histogram of local contrast J.

The second feature used is the histogram of pixel intensities of the image. In
document images, especially in form images, pixels can be classified into two classes:
foreground or background. Therefore, the histogram of the image should contatn two
peaks close to both ends. An image-adaptive threshold is determined by examining
these peaks. Although the absolute locations of the peaks and valleys of histograms
are quite different from one image to another, the shape (relative location of peaks
and valleys) of the histograms are similar for document images. A threshold can be
determined by using the locations of the peaks of the histogram so that it can tolerate
the changes of image brightness due to illumination. Let &, and d denote the
brightest peak and the darkest peak in the histogram respectively. The threshold (7) is

then determined by

T=d, +p,-d,) (2.6)

where A is a factor with value between ( to 1. By examining different values of A on

all the form images, it is found that 0.85 is the optimal value for A.

Experimental Results

Based on the two thresholds discussed above, the foreground mformation can be
separated from the background in the images. Fig. 2.2 shows an example of image

binanzation.
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Fig. 2.2 The results of foreground and background separation:

(a) original image. (b) binarized image.
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2.3 Page Segmentation

Page segmentation is a document processing technique used for determining the
layout of a page. Before applying classification algorithm, a scanned input image
must first be well segmented into different regions. Higher level analysis of the input
document image is based on the result of page segmentation. For example, text
extraction is based on the features in individual segmented text region but not the
whole image. Many algorithms for page segmentation have been developed [4,5,6]. A
survey of page segmentation techniques and document image understanding can be

found in Haralick {50].
Algorithms

In this thesis, the Run Length Smoothing Algorithm (RLSA) is applied to the
binarized image to check the connection between the black pixels. The space between
two neighboring black pixels is usually smaller in the same information part, for
example, horizontal spacing in a text part, than that in different parts so that a
threshold can be set to determine whether the two black pixels are in the same part or
not. The RLSA is applied to binary sequence in which black pixels are represented by
1’s and white pixels by 0’s. The algorithm transforms a binary sequence x into an

output sequence y according to the following rules:

(n 0’s in x are changed to 1’s in y if the number zeros between adjacent 1’s is
less than a predefined limit C.

(2) 1’s in x are unchanged in y.
For example, with C =5, the sequence x is mapped into y as follows:

x: 00011001111000001110111001111110000000011110000111001101110000
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y: 00011111111000001111111111111110000000011111111111111111110000

In form documents, most of the information is arranged in horizontal lines.
Therefore, only the horizontal RLSA is applied to identify the connected components.
A paragraph in a form will be treated as a number of individual text lines. following
by the RLSA, an algorithm is used to check the 8-neighborhood connection between
the black pixels. After ail the connected pixels are checked within the same part, a
block with the smallest size which can just surround that part will be assigned. The
algorithm is applied recursively until all the black pixels have been assigned to a part.
The advantage of using the 8-neighborhood connection instead of vertical RLSA IS
the potential of separating text parts from other effects, such as underline and text in

boxes, which are most likely to be happened in many form-like documents.
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Experimental Results

Figure 2.3 shows the results of applying RLSA on a form image with C set to 5.

g = — 2 0 — m_ w4 ¢
—— T — T — e

(b)

Fig. 2.3 Results of applying the Run Length Smoothing Algorithm two form
images: (a) an upright form image; (b) a skewed form image.
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Page segmentation results of an upright form image and its skewed one are shown in

Fig. 2.4.
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Fig. 2.4 Page segmentation results: (a) an upright form image; (b)

a skewed form image.
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2.4 Text and Lines Extraction

A key phase of the machine reading of documents is the segmentation of a page nto
text and other regions, in order to provide appropriate input to the character
recognition system [24]. Many techniques for text extraction have been developed
through the years. Bottom-up techniques [26] are usually based on connected
components analysis while top-down techniques [38,39,40] use a priori assumptions
about the layout of the page in order to segment it. On the other hand, lines provide
important topological features in form documents and it is very necessary to localte
them. Thus, the image blocks extracted by the algorithms discussed in Section 2.3
classified into different categories, text, straight lines, and others, for successivc
processing. For example, straight lines will be used for skew estimation and

correction.

Algorithms

In this thesis, as we have segmented the image, a fast and efficient algorithm has been
chose to apply on the blocks extracted in page segmentation for classification in

which some simple measurements are taken as the features:

1. The height of a block ()
2. ‘The width of a block (W)

3. The mean horizontal length of the black runs in the original data from the
block (X)
4. The number of vertical cuts for each vertical line in the original data from the

block
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Since text is the predominating data type in a typical form and text lines are
basically textured stripes of approximately a constant height -/ and a mean length of
black runs R, text blocks tend to be cluster due to these features. For the blocks that
contain straight lines, the aspect ratio (4), which is equal to W//I, or its inverse must
be much larger than other kinds of information blocks. For the skewed images, the
aspect ratio, as well aé the horizontal length of black runs, can not determine straight
lines correctly. Thus, the number of vertical cuts is used for this purpose. As a result,

the blocks can be ciassified by the following rules:

1. Straight lines if R > Cy and 4 > C4 or number of vertical cuts equals to 1 for ali

vertical lines in the block
2. Textsif R<Crand A>Cyand H>Cy

3. Graphics/Images/Noise if R < Czand A < Cy

where Cg, C4 and Cy are pre-set threshold values.

Experimental Results

The values of the parameters are determined based on several training images. With
Cr =6, Cy =5 and C4 = 1.5. This method has been tested on a number of form
images and the results are satisfactory. Examples of text extraction and lines

extraction are shown in Fig. 2.5.
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Fig. 2.5 Text and lines extraction: (a) text blocks extraction; (b) lines extraction.
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2.5 Skew Estimation and Correction

During the scanning process, a document may be skewed. This may cause problems
in document layout analysis and other processing. Several skew estimation methods
have been reported in the literature [11,34]. However, the methods involving
interpolation of the image and Fourier transform are time consuming for a large
image. Hough transform is one of the most popular approaches to detect skew angle
of a document image [35,36,51]. This method can be applied to binary images only
and the performance depends on the reliability of the character extraction procedure.

Moreover, this method is computational intensive.

Algorithms

Lines provide important topological features for form identification and skew
information. By using the algorithms discussed in Section 2.4, lines can be located
and extracted. The skewed angle of an image can be determined by simply computing
the orientations of all the lines and take the majority vote on line orientations.

After determining the skewed angle of the image, we need to correct it by
rotation. 2-D rotation of an image rotates the object in a circular path on the 2-D
plane. The following equations rotate the image in reference to the origin (the top-lelt

corner of the image):

X =Xcos@-Ysin#

new

Y . =Ycos@+ Xsing (2.7)

new

where X and ¥ refer to the horizontal and vertical coordinates of the images. 0 is the
angle of rotation. If © is positive, the rotation is in a counterclockwise direction,

otherwise, it is in a clockwise direction.
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However, there are always some forms that do not contain any line. In these
cases, we use the interline cross-correlation method proposed by Yan [11]. In this
method, the cross-correlation between a pair of lines in the image with a fixed
distance i1s computed. The correlations for all pairs of lines in the image are
accumulated. The vertical shift for which the accumulated cross-correlation takes the
maximum is then used for determining the skew angle. The interline cross-correlation
method can be used for gray-scale and color images as well binary images.

Assume that the image intensity is represented by a two-dimensional function
i{x,y) where 0 < x < X-1 and 0 <y < Y-1, and that the corresponding binary image 1s
B(x,y) withl representing a bright pixel in the background and 0 a black pixel in the
foreground. We consider the following function:

X-d-1

R(s)= D Rl(x,s) (2.8)

where d is a constant, -S <s < §, and
¥-5-1

RI(x,s}= > B(x+d,y+5)B(x,y) (2.9)

»r=s

Note that R1(x,s) 1s the lvalue of the cross-correlation with a shift s between
two vertical lines of the image at x and (x+d), respectively, in the horizontal direction
and that R(s) is the accumulated cross-correlation function for all pairs of lines with a
fixed distance d in the image.

B(x+d y+s)B(x,p) is 1 only if both (x,)) and (x+d, y+s) are background pixels.
Thus R(s) is maximized at a value Sy for which there is a maximal overlap for the
white spaces (bright pixels) between text lines for all pairs of vertical lines. The
estimation can be very accurate if (X-d-1) is reasonably large. The skew angle o can

be determined from
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s
tang = —=& 2.10
J (2.10)

Because B(x,y) is binary, the multiplication in equation (2.9) can be
implemented as logical AND. Thus the accumulated cross-correction function can be
obtained without any multiplication. If the image is large, one may just need an area

instead of the entire image for determining the skew angle.

Experimental Results

For equation 2.7, the image is rotated around the top left corner. In order to simulate
rotation around the center of the image and preserve the same size, we have to

transform the origin to the center of the image. Thus, equation 2.7 can be modified to:

X —X.=(X-X )cos@—~(Y-Y.)sin@

new

Y  —Y.=(Y-Y.)cos8+(X-X.)sind (2.11)

new

The result of skew detection and correction is shown in Fig. 2.6.
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Fig. 2.6 Skew estimation and correction by line extraction method: (a) skewed
image with an actual skewed angle of about 10°; (b) skew-corrected image

with skewed angle estimated to be 10.8°.
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2.6 Concluding Remarks

Several document image preprocessing tasks have to be performed for automatic
form reading. This chapter discusses binarization, page segmentation, text block and
line extraction, and skew estimation and correction. In binarizing a document images,
we used two thresholds that were determined from the histograms of a local contrast
measure and pixel intensities. Page segmentation is carried out to the binarized image
and segmented blocks are further classified into three classes, text, lines and others,
using three if-then rules. Lines are then used to determine the skewed angle of the
image and, if necessary, a skew correction is carried out. Character segmentation and

recognition will be performed on the extracted text blocks, which will discussed in

next chapter.
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Script Determination

3.1 Introduction

Text is the main component in most documents. It is not uncommon that a country or
a region use two or more written language, for example, both Chinese and English are
official languages in Hong Kong. It is very necessary to have an algorithm that can
determine scripts so that the text can be inputted to an appropnate character
recognition system.

Little research has been done on separating Chinese document images from
English ones. Jain et al. [4] proposed a neural network solution to page segmentation
and, as a byproduct, script determination. In their approach, a three-layer (two hidden
layers) feed-forward neural network was trained to separate the text in Chinese from
that in English. The approach achieved promising results when it was tested on a
couple of document images with Chinese text arranged in columns. However, in their
approach, arbitrarily choosing training and test blocks from the whole image is
neither cost-effective nor focusing on the problem. The neural network trained using

such training blocks may not reliable in dealing with document images of different

27
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appearances, in particular, if the text region is small such as short text lines in form
images. Moreover, computatton is intensive due to using a large neural network with
two hidden layers.

In this thesis, a robust, artificial neural network based script determination
approach is proposed which can cope with different fonts, sizes, styles and darkness

of text in document images. The Artificial Neural Network (ANN) approaches mainly

have the following advantages:

1. Massive parallelism: Basically, a neural network is composed of large amount
of autonomous neurons interconnected by synapses. Each neuron can
simultaneously perform its own functions. Thus, the ANNs are often
implemented by massively parallel architectures.

2. High noise tolerance: Many proposed ANN modules have some degree of
noise tolerance. In other words, these modules can process those data which
are incomplete or noisy with graceful performance degradation.

3. Adaptability: ANNs can automatically adjust their internal parameters (e.g.
synapse weights, neuron bias) to adapt them to various applications and also

to improve their performance.

Texts of different scripts have different structures of fundamental elements
(letters, characters, etc.) Chinese characters are usually square-like and more complex
than English letters. This textual difference can be learned by training a necural
network using the training samples chosen from text lines.

In this chapter, we will discuss preprocessing algorithms and how to derive
the masks for feature extraction by training a three-layer feedforward neural network.
Experimental results of using a smaller two-layer feedforward neural network for

script determination are also reported in this chapter.
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3.2 Neural Network Derived Feature Extractors

Before deriving feature extractors, several preprocessing steps are carried out to
extract training and test samples from text lines. A square window with the sides
equal to the height of a line is placed on the text line, sliding from the left to night, to

extract sample blocks. Fig. 3.1 shows the examples of document images after sample

block extraction.
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Fig. 3.1 Document images after sample block extraction: (a) a Chinese document
image arranged in columns; (b) an English document image.

a b
C 81 22
d g3 : Ba
(a)

a 1 b
c g1 £2 g3
1| gs Bs Za
d | g g8 o
{b)

Fig. 3.2 Block normalization: (a) s <1; (b}s> 1.
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To be fed to a neural network, each extracted block is normalized to a
standard 7 x 7 window. Assume that the size of a block is n, x n,. The scaling factors
of X-axis and Y-axis are s, = n,/ 7 and s, = n,/ 7, respectively. In our system, we set
ny, = ny = n, hence s, =5, = n /7 =s. In both expansion when s < 1 and shrinking
when s > 1, we used the same scheme to normalize a block into a 7 x 7 window. Fig.
3.2 (a) and (b) depict the block normalization mapping for s < I and s > 1,
respectively, where dotted lines represent the original grids and solid ones the grids in
the 7 x 7 window. When s < 1 as shown in Fig. 3.2 (a), the average pixel value of the

solid block corresponding to a pixel in the normalized 7 x 7 window is given by

_ acg, + beg, +adg, + bdg, 3.1)
(a+b)(c+d) '

Ea

where (a+b) = (c+d) = 5 and g; (i=1,2,3,4) are gray scales of the four neighboring
pixels in the original #» x n image block. When s > 1, we may get a partition map as

shown in Fig. 3.2(b). The average pixel value 1s then given by

g = acg, +cg, +becg, +ag, + g, +bg, +adg, +dg, + bdg, (3.2)
“ (a+1+b)c+1+d) '

where (a+1+b)=(c+1+d)=s and g, (=1,2,...,9) are gray scales of the nine neighboring
pixels in the original # x n image block. Note that this algorithm is equally applicable
to normalize rectangular blocks.

Images may have different gray scale ranges. Therefore, we have to normalize
the input values so that the foreground and background pixels of images with
different gray scales will lie in the same range. In our system, the obtained gray scale
pixel intensities in the standard window are normalized bilinearly before they are fed

into a neural network. They are normalized linearly from 0.0 to 0.5 if they are smaller
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than the binanization threshold (7) which is determined by histogram or from 0.5 to
1.0 if they are greater than the threshold. As shown in Fig. 3.3, the darkest pixel(s)
have a normalized value of 0.0, the brightest pixel(s) a value of 1.0, and the pixels

with the gray scale equal to the threshold have a value of 0.5.

After normalization
A
1.0
0.5
0 > Pixel value
The darkest Threshold The brightest
pixel(s) pixel(s)

Fig. 3.3 Bilinear normalization of gray scale pixel values

As discussed in [4], a three-layer (two hidden layers) feedforward neural
network is sufficient for image classification and it is employed to derive a set of
masks for extracting features to perform script determination. The normalized 7 x 7
training blocks are used to train the neural network. To improve the performance,
each of the training blocks is labeled as one of the three classes, Chinese, English, and
blank where blank is to label those blocks of smaller than seven darker pixels based
on the same binarization threshold 7. A schematic diagram of the neural network is
shown in Fig. 3.4. The input layer of the neural network contains 49 nodes receiving
the inputs from the normalized pixels values in the standard 7 x 7 window. Fifteen
nodes are used in the first hidden layer. The number of nodes in second layer 1s

determined by try-and-error and it is found that 20 hidden nodes gave the highest
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accuracy. There are three nodes in the output layer that correspond to the three

classes.

Chinese English Blank

Output Layer (3 Nodes)

Hidden Layer 2 (20 Nodes)

Hidden Layer 1 (15 Nodes)

AN
N
~

Vg AvE @
VAV

Input Layer (49 Nedes)

/X
AVAVEEVEEAV:

Fig. 3.4 Schematic diagram of the neural network for deriving the feature extractors

The neural network is trained with the back-propagation algorithm. During the
traiming, the connection weights of the network are adjusted to mimimize the
classification error. A set of optimal weights are finally formed after a number of

iterations of the training. Let the weight vector for node ¢/ in the first hidden layer be

W; We have
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W, = (wi,l’wi.ZB"'!wf,dt))T (3.3)

where w;; is the connection weight from the jth pixel in the window fo the ith node in
the first hidden layer. We can interpret each weight vector between the input pixels
and a node in the first hidden layer as a mask. In total, there are 15 masks
corresponding to the 15 nodes in the first hidden layer. Let the pixel value of the jth

pixel be g;. The output of the ith node of the first hidden layer, o;, is given by
| 49
o] = fFQ w;g,) (3.4)
J=l

where f{) is the sigmoid function. To compute the output of each hidden node, 49
multiplication of two floating-point numbers plus f{) are required, which is a big
computational burden. We found that almost all the weights were within [-2, 2]. In
order to reduce the computational complexity, each of the coefficients of the 15

masks (weights) is approximated to the nearest one in a set of 17 pre-defined values

as given below:

(-2.0, -1.75, -1.5, -1.25, -1.0, -0.75, -0.5, -0.25, 0.0, 0.25, 0.5, 0.75, 1.0, 1.25, 1.5,

1.75, 2.0)

It is easy to verify that each number in the above list is the folds of 2. Even
in the worst case, only two shift operations and two additions are required to compute

wyg;. For example, if the approximated weight wy = -1.75, then

w,g, =—1.75g,=—(g, +27'g; +27g,) (3.5)
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Fig. 3.5 The fifteen masks derived from the trained neural network



Chapter 3 Script Determination 35

As we know, 1t takes a considerable amount of time to perform the
multiplication of two floating-point numbers. Therefore the substantial saving in the
computation can be achieved if we approximate the weights in this way. Fifteen
approximated masks are shown in Fig. 3.5. Due to the approximation introduced in
deriving the masks and the omitting of f{), a smaller two-layer feedforward neural
network with the extracted features as the input is trained to perform the script

determination,

3.3 Script Determination Using a Smaller Neural
Network

To perform script determination, a two-layer (one hidden layer) feedforward neural
network is utilized. By using the 15 masks we obtained, 15 features can be extracted.
These features are used as the input of the neural network. The optimal number of
nodes in the hidden layer can be determined by preliminary experiments in order to
improve the classification performance while reducing the computational complexity.
After testing, we use 10 nodes in the hidden layer, a half of those used in the second
hidden layer of the first neural network employed for deriving masks. Again three
output nodes are used for three classes. In the first neural network, we have 15 x 20 +
20 x 3 = 360 weights from the first hidden layer up. However, in the retrained smaller
neural network, we have 15 x 10 + 10 x 3 = 180 weights which accounts for further
50% saving in the computation.

For each texture image or text line, a number of sample blocks are randomly
extracted and fed to this neural network classifier. The script of the text image is then

determined by a simple majority vote among sample blocks.
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3.4 Experimental Results

The script determination algorithm has been applied to 40 document images (a half of
them are English document images and the rest are Chinese ones) and 90 text lines
from several form images of different appearances. These documents were scanned
with a resolution of 100 dpi using a Hewlett Packard ScanJet Hcx desktop scanner.

Ten arbitrarily selected English document images, ten Chinese document
images, and 43 text line images were used as a training set. The rest of document
images and text lines were used as a test set. We extracted totally 8600 sample blocks
for the training. These blocks were fed into a 49-15-20-3 neural network to derive a
set of 15 masks. To reduce the computational complexity, the coeffictents of the 15
trained masks were approximated to the nearest 17 pre-defined values within [-2, 2]
as discussed in Section 3.2. By using the 15 masks, 15 features were extracted and
used to train a smaller 15-10-3 neural network for the script determination.

To evaluate the classification performance on the independent test images, we
also extracted 200 sample blocks from each test image to test the trained neural
network. The test results for both the training images and test images are shown in
Table 3.1.

Table 3.1: Test results on the training and test document images and text lines
from several form images (NI: the number of images; CClI: the number of

correctly classified images).

Training Set Test Set
NI CCI (%) NI CCI (%)
Chinese Documents 10 10 (100} 10 10 (100)
English Documents 10 10 (100) 10 10 (100}
Chinese text lines 21 21 (100) 23 21 (91.3)
English text lines 22 21 {(95.5) 24 24 (100)
Overall 63 02 (98.4) 67 65 (97.0)
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Fig. 3.6 (a) A Chinese document image used for training; (b} an English document image
used for training; {¢) a Chinese document image used for testing; (d) an English decument
image used for testing; (e) a text line image used for testing; (f) a text line image used for

testing.
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From the test results, we can see that more than 97% of the images in the
training and test sets are correctly classified. It shows that this approach is quite
reliable for the separation of the Chinese and English text. Fig. 3.6 shows some
examples of images included in the experiments. Note that some images have
significantly different appearances even in the same document. For example, the
image shown in Fig. 3.6(b) has two different fonts (bold and plain) of characters with
different sizes where one .near]y doubles the size of the other. In addiction, we have
also compared the results by applying our algorithm and the algorithms proposed by

Jain and Yu on some form images. Fig. 3.7 shows the results of both algorithms.

Paymilanupmmdmdhm Ywmﬂumwmmﬁ
- the oerleaf of your monthly invoice. Pwmywmplunm!!mmm
Hmhuenzsusms\ :

ul&lﬂlﬂ.!‘ﬂl HNJHI’.‘ W'FHSM%‘NRH‘#!Z&!”#!
A EHRR Rﬂﬁl*i}ﬁl‘!ﬁ!aﬁﬂ 20455088 TN -

PAY-IN SLIP
LEE £ R

Fig. 3.7 (a) A sample form image; (b) Result of our approach (black line:
Chinese; gray line: English); {c) Resuit of Jain and Yu’s method (black

region: Chinese; gray region: English})

3.5 Concluding Remarks

In this chapter, script determination is performed to classify a tex region in the
document images into Chinese or English. A neural network approach has becn
applied for script determination. In this approach, two neural networks are employed.

The first neural network is trained to derive a set of 15 masks that are used for
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extracting 15 features. The coefficients of masks are then approximated to the nearest
pre-defined values within [-2, 2] for reduced computational complexity. The second
neural network of a smaller size is trained with 15 extracted features as the input to
perform the script determination of each sample block. The script of a texture image
or a text line is determined by a simple majority vote among sample blocks.
Experimental results show that 85 out 87 test images can be correctly classified. By
using this algorithm, document images of two different languages, Chinese and
English, can be identified. It is very useful and helpful for an automated document

reading system where characters of different scripts need to be fed into different

character recognition sub-systems.



Chapter 4

Fast Keywords Matching with DRNN

4.1 Introduction

We have to do lot of keywords matching when we use computers to edit documents,
look up information, debug programs, glance over Internet, and much more. There
are many mature techniques dealing with such matching in electronic documents.
However, it is a very challenging task to fast matching the keywords in optical
documents which are obtained by scanning printed documents. As it 1s the major
channel to use printed documents to transfer information in the real life, it is much
demanded to have a fast algorithm for direct keywords matching in optical
documents. Fast keywords matching is also important for retrieval of document
images.

It is not a difficult task to matching keywords in standard documents with the
preset character font, size, spacing, and background. However, very often, we arc
exposed to a variety of documents that are very much different in appearances and
styles. In the case of name cards, we have such a diverse collection in which name

cards of different designs were printed in different fonts, sizes, background, and even

40
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in different scripts. It is a challenging task to perform character recognition on these
documents partly because we cannot successfully segment characters. Very often, we
have to deal with many connected and broken characters. Direct word recognition
may be a short-cut solution for keywords matching.

Many recognition techniques have been developed by either using completion
on words [52] or direct keywords recognition [53, 54]. Kuo et a/. [53] have proposed
the use of Hidden Markov Models for keywords recognition. In their approaches, 1D
HMM is used for keyword recognition. Then it is extended to a pseudo 2D model.
The 1D HMM approach achieves only 70% accuracy rate while the pseudo 2D HMM
approach can achieve an accuracy of 99% when the words are in the same size, or
96% 1if the words are in different sizes.

In this chapter, we focus on a fast, robust and computationally less complex
algorithm for keywords matching in various environments, such as different character
fonts, spaces, sizes, languages, background, etc. In our approach, a Dynamic
Recognition Neural Network (DRNN), a robust and flexible model with low
computational complexity, is trained using a training set of pre-classified samples to

perform this function. The block diagram of our approach is shown in Fig. 4.1.

Scanned Blocking Feature DRNN
Image > Logo(s), Lines > Extraction >
and Text

*

Text Block
Binarization On: Training
Off: Testing
Identifying the Extracting Information
Blocks that Contain ) From the Relevant
Keywords Blocks

Fig. 4.1 Block diagram of fast keywords matching
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4.2 Feature Extraction for Keywords Matching

Preprocessing of a scanned document image for fast keywords matching consists of
two steps: (1) blocking logo(s), text and lines and (2) feature extraction.

Projection profiles (x and y) and the run-length smoothing algorithm are used
to block the text, logo(s) and lines as both algorithms have low computational
complexity and are therefore suitable for fast processing. On the other hand, the
DRNN model is flexible and robust so that the requirement for locating text blocks is
not very strict in terms of precision.

The projection profile is used for determining the rough layout of a name card,
that is, finding out whether it is arranged vertically or horizontally. Also the
threshold of run-length smoothing is obtained from the projection profiles of an
image. Let im(x, y) be the intensity of a document image at location (x, y) and R

denotes the area of the document image. The projection profiles can be obtained by

p(x) = [ im(x, y)dy (4.1)
p(y) = [im(x,y)dx - (4.2)

Where p(x) and p(y) are vertical and horizontal projection functions, respectively.

The run-length-smoothing algorithm is used to link all characters in a word
together and to form a text block. For a 0’s string, if the length of the string is smaller
than a preset threshold (c), then the string will be replaced with 1’s string.

Simple and effective features should be used as the fast realization is our main
concern. Different sets of features are used to deal with different scripts. For
English, projection profiles p(x) and p(y) are used because it is easy to extract and
contains enough information for keywords matching. Since Chinese characters

contain more strokes than English letters and we have a very large set of Chincse
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characters. It is difficult, if not impossible, to recognize Chinese characters based on
projection profiles, espectally when the character size is small. For Chinese, contour
features are utilized. Let bim(x,y) be a binarized test block image pixel and R, denotes
the text block, p(x) and p(y) can be obtained by Equations (4.1) and (4.2) with R and

im(x,y) replaced by R, and him(x,y) respectively. The contour features are defined as

ctb(x) = ; g(bém(x, ) (4.3)
cht(x) = gg(bim(x, ) (4.4)
ctr() = 3 g bim(x, ) (4.5)
erl(x) = i,,. g(bim(x,y)) (4.6)

Where m and » are the width and height in pixels of the text block respectively, and
ctb(x), cbt(x), clr(y), crli(y) are top-bottom, bottom-top, left-right and right-left
contour features respectively.

The function g(bim(x,y)) as defined as

1 z'm'(x, y)es
0 im(x,y)eT

g(bim(x, y)) = { (4.7)

Where § is a set of white pixels from one of image frames to the first black pixels 1t
touches when the image is scanned on one of four directions, top-down, bottom-up,
left-right, and right-left. 7 is the complement set of §, thatis, S T =R, and ST =

J. Figure 4.2 shows § and T sets for four scanming directions with black regions

marking § sets.
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oL

Fig. 4.2 Contour features of a Chinese character: (a) a Chinese character; (b) top-
bottom contour feature; (¢) left-right contour feature; (d) bottom-top contour feature;

{e) right-left contour feature.

4.3 DRNN for Keywords Matching

Zhang et al‘s study showed that the DRNN model had high flexibility and low
computational complexity in dealing with the problem of time axis alignment in
speech recognition [55]. For keywords matching, the font, size, spacing, style and
many other conditions are variables, which introduces the similar problem as speech
recognition. Therefore, we expect that the use of the DRNN model would improve

the performance in keywords matching in document processing.

4.3.1 DRNN Architecture

In pattern recognition, a test pattern is classified to the closest prototype based on a

distance measure,
d(xX",Y), i=1,2,...N (4.8)

where vector X" = [x,{”,xg”,...,xf;’] is the i-th prototype, vector ¥ =[y,,¥,,.. 7,

denotes a test pattern to be recognized, and N is the number of prototypes. If 4
pattern is represented by a fixed-dimension vector, pattern matching can be
performed straightforwardly. However, in some applications, the dimensionality of

patterns is variable. Hence, we have

X =[x £, (4.9)

i)
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Y = [ yaresy) (4.10)

where p(i) is the length of ith prototype and ¢ is the length of a test pattern. In most

Recognition

cases, p(i) # q.

Fig. 4.3 The configuration of the DRNN

In our DRNN approach, Y is recognized as the /-th pattern if

[ =arg min{d(X‘”Y) (4.11)

l<ich

Because p(i) # g, a nonlinear comparison is required between the two vector
sequences of different lengths. The distance function designed should be

incorporated with time alignment. This nonlinear relationship between the time series

can be given by:
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Z" =T,() (4.12)

where Z(i) =z,z{",..,z%%, and T is a nonlinear reflecting array, which is based on
the optimal time alignment between two vector sequences of different lengths. After
a nonlinear conversion, the distance function is to compare two time series of the

same length.

Consider Equations (4.8) and (4.12), we have:
d, (x©29)=d, (X9, T, (1)) (4.13)

1) The start point x® of prototype pattern X is aligned to y, of test pattern
Y. The algorithm has no strict aligning requirement for the end point.
However, there is a fixed search radius that restricts the range of comparison.
We choose the length of sequences to be compared as that of the shorter

vector sequence of two, that is,
r = min{ p(i},q) (4.14)
2) Compare every y, , where k is from 1 to r, with x{* ,...,x{",.., 5,7, to find the

minimum distance:

D:l:i)nk = m{in{x((:; _)’(k)|} (4.15)
where t = k-s, ......, k. ......, k+s and s is a parameter to control the search range. |. | 1s

an absolute operation.

3) Compute the normalized minimum distance (Daor) between the test and each

prototype pattern:

D — 1 Zr:D‘”

nor min &
k=1

(4.16)

4) Finally, the test pattern is classified to i-th prototype if

i=argmin{d,, (.7, (")}

12i<M
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= arg min{D(‘) (4.17)

nor
1<i<N

Where T is implicitly implemented by reflecting ¥ non-linearly.

4.3.2 DRNN Learning Rule

The DRNN learning is adaptive and accumulative. The detail of the learming
algorithm is described as follows:

1) The first incoming input pattern sequence for each prototype is taken as the
initial weights of the prototype. Two or more prototypes may be used for a class of
patterns. The patterns that are very different from the other patterns in the same class
are chosen as initial weights. Each class could include several sub-nets so that the
neural network is more robust.

2) For any pattern from the training data, Y =y,,y,,..,y, find the optimal
matching trace [D'°] with prototypes via Equation (4.15). The optimal matching trace
is given by:

DW=[DY DY s DS s DY (4.18
nin k& minr

minl ? =" min 2 """
where r 1s the length of the shorter pattern of the two vectors.
3) According to the optimal matching trace [DY], the weights of the DRNN are

adjusted by:

()
x (¢+1)= Xning ()X 1, + ymink] (4.19)
["i + 1]

niin &

where n;, is the number of modifications have been done to the ith prototype pattern.

~4) Ifp (i) < g, wehave

X+ = [P+ 1,00 @41, (1,5 1o V| (4.20)
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5} Go to step 2) until ail of the training patterns have been presented to the neural

network.

4.4 Experiments on Name Card Keywords Matching

The reason that we chose name cards to test our approach is that name cards contain
rich information and have various styles in terms of arrangements, character fonts,
line spacing, background with different patterns or colors, company logos, etc.
Twenty-nine name cards of the people from different countries, such as China, Hong
Kong, Canada, Australia, Singapore, and Japan, are used in our experiments.

Examples of name cards we used are shown in Fig. 4.4,

‘Q T HONG Ko, Sydney University Electrical Engineering
q POLY TECHNIC UNIVERSITY s L
&/ Ganrim ; B
B fheen b T

PR St e ez m
wrE ey

itls % {#

i A LW R RSD 2Rl TR ey 2V A
W ORERE ikl paiye rdu b

Fig. 4.4 Examples of name cards used in our experiments

In our experiments, the keywords Telephone and Facsimile were chosen us
they are used frequently in daily life. Both of them have different appearance, ¢.¢.,
Tel, TEL, Telephone, Fax, FAX, Facsimile. Fig. 4.5 shows some examples of
keyword images. Therefore, the DRNN should include different prototypes for cuch
keyword. Two or three tramning images are used for cach protolype m Lhc
experiments. As discussed in Section 4.2.2, x and y projections were used for

matching keywords in English and contour features were used for matching keywords
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in Chinese. Table 4.1 shows the experimental results on the training set of images of
different keywords: Fax, Tel., Address, Pager, E-mail, Internet, etc. Table 4.2 shows

the results on the test set of images that are different from those in the training set.

Telephone: Tel: TEL
Facsimile Fax. FAX

Fig. 4.5 Some examples of keyword images

Table 4.1. Keywords matching accuracy in the training set

Keywords Tel | TEL | Telephone
Recognition Accuracy 100%
Keywords Fax | FAX | Facsimile
Recognition Accuracy 100%

Table 4.2, Keywords matching accuracy in the test set

Keywords Tel | TEL | Telephone
Recognition Accuracy 92%
Keywords Fax | FAX | Facsimile
Recognition Accuracy 91%

We have also tested our approach on the keywords Telephone and Facsimile
in Chinese words that include simple and complex characters. Table 4.3 shows the
results on the training set of images of different Chinese keywords: %% @E,

Iﬂﬁ:ﬁ}:, -@Dﬁl %q‘ﬁﬁﬁ“, etc. Table 4.4 shows the results on the test set of images.
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Table 4.3 Chinese keywords matching accuracy in the training set

Keywords ok B 75 (Telephone in
(Telephone) simple character)

Recognition Accuracy 100%

Keywords BE 6 & (Facsimile in
(Facsimile) | simple character)

Recognition Accuracy - 100%

Table 4.4 Chinese keywords matching accuracy in the test set

Keywords E F2.7& (Telephone in
(Telephone) | simple character)

Recognition Accuracy 90%

Keywords BE 7% E (Facsimile in
(Facsimile) simple character)

Recognition Accuracy 89%

We have also compared our approach with direct template match. The experimental

results are shown in Table 4.5.

Table 4.5. Recognition accuracy of the DRNN approach compared with templete
match

Keywords Tel | TEL | Telephone
DRNN 92%
Template Match 72%
Keywords Fax | FAX | Facsimile
DRNN 91%
Template Match 70%

Q/,Q Pao Yue-Kong Library
¢/ PolyU =+ Hong Kong
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4.5 Concluding Remarks

Keywords matching is very useful in optical document processing. A DRNN model
for fast and robust keywords matching is presented in this thesis. The proposed
approach can deal with ever-changing environment to capture keywords in OCR
documents of different layouts, various character fonts and sizes, and different
spacing. Moreover, the nature of accumulative learning of the DRNN model make it
easily adapted to new environments. Our approach could achieve 90% correct
matching rate when it was test on keywords matching of 29 name cards, which is

much better then direct template match approach.
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Character Recognition

5.1 Introduction

Character recognition is a very active research area. It is one of the longest histories
of commercial products for pattern recognition applications [7] and 1s a famous
problem that Artificial Neural Networks (ANNs) have been applied to. Character
recognition has found many useful applications in computerized processing of
printed/handwritten. Many techniques and applications have been reported in the
literature [8,31,43].

Characler segmentation is a necessary step for character recognition although
in some algorithms both the segmentation and recognition are tightly coupled. Lee et
al. [8] proposed a methodology for gray-scale character segmentation and recognition
which is composed of three steps: determination of character segmentation region,
search for nonlinear character segmentation paths by multi-stage graph search
algorithm, and confirmation of the nonlinear character segmentation paths and
character recognition results. In his methodology, the candidate segmentation points

could be found by using topographic features and projection profiles of gray-scale
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images. Nonlinear character segmentation paths and character recognition results
could then be found by adopting a recognition-based segmentation scheme.

Character segmentation 1s a technique by which a text line or words 1s
segmented into individual characters. It is a critical step because incorrectly
segmented characters are not likely to be correctly recognized. The difficult cases in
character segmentation are broken characters and touching characters. Moreover, the

complexity of character segmentation stems from:

1. A wide variety of fonts and rapidly expanding text styles;

2. poor-quality images especially those generated from sparse dot matrix
printers;

3. poor binary images resulted from the thresholding process in the biarization
step.

All these can cause the problems of broken and touching characters. Broken
and touching characters are responsible for the major errors in automatic reading of
both machine-print and hand-written text. |

Character recognition is a difficult problem due to a large number of
variations in font sizes and styles. In the past research, many techniques of character
recognition have been proposed [7,33,56,57). One of the most popular approaches is
the feature matching method. In general, a feature matching technique needs to
extract a sufficient number of features from a character image in order to achicve
correct recognition. If the extracted features were incomplete or noisy, then it would
most likely end up with a wrong recognition. Besides, some dynamic programming or
relaxation techniques are often used to achieve the optimal matching. However, these
methods often slow down the recognition speed. Recently, the artificial neural

networks have attracted more and more attentions in pattern recognition circle [43}.
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Many researchers have tried to use ANN as an alternative approach for character
recognition and achieved satisfactory results [33,44,45].

In this thesis, we use an artificial neuron network to recognize English
characters, digits and some symbols. Text characters in a binary image will first go
though the process of segmentation. Then each segmented character will be
normalized to a standafd size image in which, in total, 292 combined intensity and
skeleton-based features are extracted. These features will then be used for

classification.

5.2 Character Segmentation

Most character segmentation algorithms were developed for binary text images.
Character segmentation in binary images is often based on the fact that bit patterns of
characters can be separated by scans containing no ‘black’ bits. However, this method
is clearly not adequate to separate touching characters. In this project, an algorithm
based on vertical projection and a peak-to-valley function was adopted for

segmenting characters.

5.2.1 Algorithm Based on Vertical Projection Functions

The vertical projection ¥(x), which is served as an important feature in segmentation,
is widely used in character segmentation. The vertical projection is the histogram
obtained by counting the number of black pixels in each vertical scan. I the
characters are well separated, V(x) should have zero values between characters and

character segmentation can be accomplished directly from he vertical projection
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function on each text line. Fig. 5.1 shows a text line in which the characters can be

separated straightly by vertical projection function.

THE BONG KONG POLYTECHNIC UNIVERSITY
LAk Eididia hettbdis bl AL boacddbddi Mibdladobdah 1 i

Fig. 5.1 Vertical projection function of a text line

Many text images do not have such a perfect condition and therefore can not
be correctly segmented by using the vertical projection function only. Thus, we have
to find another algorithm to deal with the touching or broken characters. In our
approach, we deliberately used a smailer threshold for image binarization so that the
binarized images are usually quite dark. As a result, we only need to deal with the
touching characters but not broken characters.

Since most of the characters in documents or forms are in proportional fonts,
the main issue involved in this problem is to find the break locations, which is a more
challenging problem than that in fixed-pitch fonts. Pavlidis et a/ [58] used recognition
algorithms to identify single-character from multiple-character blobs. They argued
that a joined two characters must have a sharp minimum in the vertical projection,
hence they proposed a function, the Peak-to-Valley function, for finding breaking

points within merged characters. The function V{x) to ¥(x+1), namely, P¥(x):

V(ix-1D)-2xV(x)+¥V(x+]) (5.1)
V(x)

PV(x) =
where F{(x) is the vertical projection function, x is the current position. The peak-to-
valley function emphasizes local minima in the vertical projection and works quite

well in finding breakpoint locations within touching characters.
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Before splitting, we assume that the width of a character is between H/4 to H,
where H 1s the height of a single-line muiti-character block. That means, if the
splitting region has a width of larger than H, the splitting process will be continued
until the width s smaller than H/4. We first calculate the minimum value of the
vertical projection, V(x)min and the maximum value of the peak-to-valley function,

PV(x)max- The algorithm of the splitting process is described as follows:

1. For a = PV(x)max to 1 at a step of -1, do:

2. for x from the lefimost position to rightmost position, do:

3. if [ x 1s 1n the splitting region ] and [ ¥(x) = V(x}min ] and [ P¥(x) = a ],then
split there and set (x-H/4) to (x+H/4) to non-splitting region

4. end loop x

5. end loop a

After this splitting process, there still exit some regions that have a width of
larger than H. Therefore, we need to do the splitting second time according to the

following steps:

1. for x from the leftmost position to rightmost position, do:

2, iIf [ x is in splitting region ] and [ P¥(x) > 2 ], then split there and set (x-H/4)
to (x+H/4) to non-splitting region

3. end foop x

4, if the split region contains less than 5 black pixels, neglect it

An example of the splitting process is shown in Fig. 5.2.
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Please
Lintin

{a) {c)
Plezz= |4l [FL
(& ' {d)

Fig. 5.2 Character segmentation: (a) a binarized image and the
corresponding vertical projection function; (b) character
segmentation based on the vertical projection function; (¢) Peak-to
Valley function in the connected region, i.e. the characters ‘ase’; (d
segmentation result using Peak-to-Valley function

5.2.2 Experimental Results of Character Segmentation

By using the above proposed algorithm, about 86% of the characters can be correctly
segmented in form images with 100 dpi scanning resolution. It is also found that a
much higher accuracy can be achieved if the images with higher scanning resolution

of 150 dpi are used. The result of segmentation of a form image is shown in Fig. 5.3.
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MEE BORG KORG AOUYIECENIO UNVBRS Y

NEWSPAEER OUIRBINGS LOAN EORM Caie|
EiiE SHEE

mesE N ek A HodAe
i ol ol

HEEE : Bai¥a| 10) Nai|
CIEERFHERE A2l Bagkl

Fig. 5.3 An example of result of character segmentation.

5.3 Character Recbgnition Using Neural Network

In this project, a feedforward neural network with one hidden layer was employed as
a classifier to recognize 64 English alphabets/digits/symbols. For those similar
characters, such as C and ¢, we put them into a single category. As a result, we have
50 categories as shown in Table 5.1. Therefore, the number of output neurons i1s 50. A

combined intensity features and skeleton-based features are used as the input.
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Table 5.1 Categories of alphabets, digits and symbols

Class | Symbol Class | Symbol Class | Symbol Class | Symbol
1 A 14 N 27 a 40 y
2 B 15 0,0,0 28 b 41 2
3 Cc 16 P,p 29 d 42 3
4 D 17 Q 30 e 43 4
5 E 18 R 31 f 44 5
6 F 19 S,s 32 g 45 0
7 G 20 T 33 h 46 7
8 H 21 U,u 34 1 47 8
9 L1 22 V,v 35 ] 48 9
10 J 23 W, w 36 n 49 (
11 K, k 24 X, x 37 q 50 )
12 L 25 Y 38 r

13 M, m 26 Z, z 39 t

5.3.1 Feature Extraction

Two types of features, intensity features and skeleton-based features, are used as
input of the neural network classifier. To solve the problem of different sizes of
different characters, each segmented binary image is normalized to a standard size of
64 x 64,

Intensity features are fast and easy to extracted. To reduce the number of
intensity features, a normalized character image is further divided into 16 x 16 equal
regions as shown in Fig. 5.4. The intensity of each region is used as a feature and
thus, in total 256 features are obtained. These features reflect the intensity distribution

of a character image.

It is believed that structure information is important in human recognition. To
obtain the structural information of a character, skeleton-based features are extracted

from the standard 64 x 64 character image.



Chapter 5 Character Recognition 60

GE | &

Fig. 5.4 Intensity features extraction of a character
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Fig. 5.5 An example of thinning and segment representation: (a} original image; (b} skeleton
image.

To extract the skeleton-based features, a thinning algorithm is first applied to
convert a binarized character image to a skeleton image as shown tn Fig. 5.5(b}. In a

skeleton image, a set of junction points and tips {end points) are found and segments
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between these points are traced. On curve (but non-circular) segments, comer points

are identified based on the rate of direction change. A labeling method is given below

(31]):

A node set in a skeleton image is defined as the collection of tips (points that
have one neighbor), comners (points that have two neighbors and where an
abrupt change of line direction occurs), and junctions (points that have more
than two neighbors).

A branch is a segment connecting a pair of adjacent nodes. A circle is a
special branch connecting to a single node. Each segment is categorized as
one of 12 types as shown in Figure 5.6, namely H line, V line, P line, N line,
C curve, D curve, A curve, V curve, S curve, Z curve, curve, and circle. Type
‘curve’ is reserved for a curve segment which cannot be fitted into any of the
other six curve types.

The measure of straightness of a branch is determined by fitting a straight line

using the least-square-error method. The straightness of a non-circular branch

1s defined as
1-§/8 f S<S
o = 7 if 7 (5.2}
0 if §285,

where Sy is the threshold of the fitting error. A branch is classified as a curve,
if 0 <f5 < 0.5, or a straight line, if 0.5 < fg < |

According to its angle with the horizontal direction, a straight line segment is
classified into H line, V line, P line or N line. A curve segment is categorized
into one of six curve types based on its shape information. If a curve segment

cannot be assigned to any of these types, it is considered to be “curve’.
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Fig. 5.6 Twelve types of line segments

Six longest segments (in the order of decreasing lengths) are considered for

cach skeleton image. Four features are associated with a segment. They are:

1. The type of a segment

2. the normalized length of the i-th segment
3. the normalized horizontal coordinate
4, the normalized vertical coordinate

Besides the four features for each of six segments, the number of segments
that a character has is used as a feature, too. The other features used include the
numbers of end points in each of four domains, the normalized total Jength, the center
coordinates of a skeleton character image, the numbers of straight lines, curves and
circles, and the aspect ratio of the image. Altogether 36 skeleton-based features are

used. Together with the intensity features, in total, 292 features are extracted.
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5.3.2 Neural Network Classifier

A two-layer (one hidden layer) neural network trained by conjugate gradient method
is employed as a classifier. Since there are 292 features and 50 classes, 292 input

nodes are used in the input layer and 50 nodes in output layer. And we use 150 nodes

in the hidden layer.

Six sets of model characters were used for training. Thus, totally 450 sample
characters were extracted for training. These characters were fed into the 292-150-50
neural network to train the neural network for recognition. Then we apply the
recognition system on 4 form images which were scanned with resolution of 100 dpi
and 6 form images which were scanned with a higher resolution of 150 dpi. It is
found that the character recognition system can achieve an accuracy of 85% to 87.5%
for the correctly segmented characters from the form images scanned with a low
resolution of 100 dpi and a much higher accuracy, 94% to 96.6%, can be achieved if
the resolution of the images increased from 100 dpi to 150 dpi. The recognition result

of the form image showed in Fig. 5.3 with 100 dpi resolution is as following:
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The bolded characters were correctly segmented characters and the characters in italic

were wrongly classified.

5.4 Concluding Remarks

English text fields from script determination must go through a character
segmentation process. An algorithm based on vertical projection and peak-to-valley
function is adopted to locate possible segmentation points.

A feedforward neural network with one hidden layer is employed to classify
the segmented characters. In this character recognition system, two types of features,
intensity features and skeleton-based features, are used as input of the neural network
classifier. Each character image is first normalized to a standard size of 64 x 64. The
normalized character is divided into 16 x 16 equal regions. The intensity of each
region is used as a feature and thus, in total, 256 intensity features are obtained. To
extract the skeleton-based features, a thinning algorithm is first applied to convert a
binarized character to a skeleton image. Six longest segments (in the order of
decreasing lengths) are extractéd for each skeleton image. Four features are used to
characterize a segment and 12 other features are also extracted from the skeleton
image. Thus, altogether 36 skeleton-based features are extracted. Together with 256
intensity features, in total, 292 features are used for character recognition.

We made use of a 292-150-50 feedforward neural network to recognize 04
English alphabets/digits/symbols in 50 categories. A recognition rate of about 96%
was achieved on document images scanned with 150 dpi. The performance can be

further improved if the context information is also considered.



Chapter 6

Conclusion

6.1 General Conclusion

In this thesis, an automatic form reading system is developed. The system has two
main parts, image preprocessing and form reading. The main task of image
preprocessing is to locate the information fields in form images, which mainly
includes image binarization, page segmentation, text and lines extraction, skew
estimation and correction.

Image binarization: Combined histogram and a local contrast feature was used
to binarize document images. An image-adaptive threshold was first determined from
the intensity histogram of the image. A measure of local contrast of each pixel in the
image was then computed to find out the relatively darker pixels in small sub-images.
The binarization results were satisfactory for most of document images tested.

Page segmentation: The Run Length Smoothing Algorithm (RLSA) was first
applied to the binary image to check the horizontal connection between black

(foreground) pixels. The 8-neighborhood connection of the black pixels was then
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checked so that a connected component is formed. By this approach, the blocks that
potentially contain useful information can be extracted even the image is skewed.

Text and lines extraction: Several criteria were used to classify the extracted
blocks into text, lines and others. These criteria include the height and width of a
biock, the average horizontal length of the black runs in a block, and the number of
vertical cuts of each vertical line in a block. Experimental results show that these
criteria are quite reliable in classifying blocks.

Skew estimation and correction: Based on block and lines extraction, the skew
angle of an image was determined by a majority vote on line orientations. This
approach is computationally very efficient and effective for those forms containing a
lot if lines. For forms without any line, a correction method can be adopted.

In form reading part, we have made investigations in script determination of
Chinese and English textural images, fast keywords matching in images, and English
character segmentation and recognition.

A neural network approach was applied for script determination. In this
approach, two neural networks were employed. The first neural network was trained
to dertve a set of 15 masks that are used for extracting 15 features. The coefficients of
masks were quantized to the nearest pre-defined values within [-2, -2] for reduced
computational complexity. The second neural network of a smaller size was then
trained with 15 extracted features as the input to perform the final script
determination. Experimental results show that almost all of the test textual documents
can be correctly classified.

In keywords matching, a Dynamic Recognition Neural Network (DRNN) was
adopted. For English text, projection profiles (x and y) were used as features while for
Chinese text, contour features were utilized. Experiments were carried out on twenty-

nine name cards with chosen keywords, telephone and facsimile, of different formats
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(whole words or short form of the words). For English textual images, an accuracy of
91% to 92% can be achieved while for Chinese ones, 89% to 90% can be achieved.
English character segmentation and recognition was performed to the text
fields that contain English text. Vertical projection and a peak-to-valley function were
used for character segmentation. A feedforward neural network was then used for
character recognition. Both intensity features and structure-based features extracted
from the skeleton image were utilized. In total, 292 features were used. The
recognition system can achieve an accuracy of about 86% for the correctly segmented
characters with an image resolution of 100 dpi and a much higher accuracy of 96%

with a resolution of 150 dpi.

6.2 Future Development

To make the system practical, a module for field identification and data
extraction should be added (see Figure 1.1). The module should be able to
differentiate the field words from the data filled in by the user. Separation of printed
and handwritten characters may' have to be performed.

In current system, some characters are recognized as groups. Context
information has to be used to further identify these characters. For example, if the
recognition result of consecutive four characters are ‘N’, ‘a’, ‘M’, ‘e’, we can use the
rule that an uppercase letter only appears at the beginning of a word that contains
small-case letters. Therefore, the result should read ‘Name’.

Although the system developed in this thesis can generally handle different
form images, a form registration module is still necessary for practical uses. The form
registration module detects unique topological features of a form and retrieves the

detailed description of a blank form stored in a form database which is the same lorm
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as the one to be processed. Since most of the offices usually deal with a limited
number of forms, the registration module can increase both the speed and the
accuracy of the system.

An algorithm should also be developed and added to the system to handle the
forms with colored and/or patterned background. These types of forms are also
commonly used in our daily life, such as bank checks and credit card application
forms.

Finally, the system should have an input device, such as an optical scanner or
a high-resolution digital camera. It should aiso support a function that allows users to

make correction on the form reading results.



Appendix A: Implementation of a

Prototypic Form Reading System

Components of the System

In our form reading system, we use a Hewlett Packard ScanJet Ilcx desk-top scanner
to scan forms. And we run the system on a PC with the following configurations:

s Pentium 166MHz CPU

¢ 32MB SDRAM

¢ Segate 2.1GB SCSI Harddisk x 2

A Linux OS with version 1.1.12 was installed on the PC.

Programming

The reading system is composed of many program modules in C. Here are the

descriptions of the modules:

1. Read /Write access to an image file: This module is used for reading/writing of
SUN raster image files. The reading part can read the header of an image file and
retrieves the data for the form reéding system. The writing part can create a file
with a header of the same format and save the data into a file.

2. Binarization: It is composed of two parts, global thresholding and local contrast
thresholding. The first part is used to obtain the intensity histogram of an image

and to determine a threshold using the two highest peaks. The second part
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10.

11.

12.

computes the local contrast function as described in chapter 2 and determines a
suitable threshold.

Page segmentation: This module performs the horizontal Run Length Smoothing
Algorithm (RLSA) to connect neighboring components. The resultant images are
used for block extraction by checking the 8-neighbourhood connections of the
black pixels.

Text and lines classification: This module applies several criteria on the extracted
blocks to identify the hatures of data in the blocks.

Skew detection and correction: This module detects the skew angle of a document
image based on the majority vote of line orientations and rotates the image
accordingly.

Feature extraction for script determination: This module extracts square blocks
from text lines and normalize the blocks to a standard size. Feature extraction 1s
performed using the pre-trained 15 masks.

Feedforward neural network for script determination: A trained two-layer neural
network is used to perform script determination of the extracted text blocks.
Dynamic Recognition Neural Network (DRNN): The trained DRNN is employed
here so that if a test sample is inputted to this module, the corresponding
classification result will be retumned.

Character segmentation: This module computes the vertical projection function
and the peak-to-valley function for each text block to perform separation of
characters.

Feature extraction for character recognition: It is used for extracting the features
for each segmented character.

Feedforward neural network for character recognition: Here, another tramed
neural network is used to perform the classification of characters by inputting the
features of the characters extracted in Module 10.

User interface: The whole software package is run in a console in which the user
can select the function he wants the system to perform and obtain the

corresponding results. A third-party graphic viewer is used in this module.
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13. Caching: This module saves the processing history to ensure every process in the
system will not be repeated. The resuits of each process are also cached. It 1s used

to save both the time and CPU loading.
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Appendix B: Use of the Form Reading
System

To use the form reading system that we developed, you have to have an IBM PC with
Linux OS version 1.1.12 or above installed which must support X-Window and has
the XV Viewer installed. Moreover, an image input device, such as an optical scanner

1s needed.

Before start

Make sure the Linux OS is runming and start X-Window section. On an X-Window,
open a shell for running the program since it has to be run in a command line. Use the
image input device to get the required digitized image and store it as a gray-scaled

image in SUN raster format (with an extension ‘ras’).

Run the program

To start running the program, type in the command line in the shell;
SHELL%>> [Program name] [Image_filename]

where “"SHELL%>>" is the prompt of the shell, [Program name] is the name of the
program which 1s “formread” in this thesis, and [Image filename] is the filename of

the required input image. For example:

\usr\local\bins>formread \home\root\forml.ras

After that, you will see the following messages in the sheil:
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Please select the options

Obtain the binarized image.

Obtain the image of blocks extraction.
Obtain the image of skew correction.
Obtain the image of lines extracticn.
Obtain the image of text block outlines.
Obtain the image of text extraction.

Obtain the image of character separation.
Obtain the result of character recognition.
Exit.

) e W

?

Type in the correspond number to get the required result. Except for the result of
character recognition that will be displayed by a standard ‘vi’ editor, all the results
will be displayed on an XV Viewer after the processes is finished. To quit the XV
Viewer and continue running the program, you can press ‘q’ in the keyboard, or click
the right mouse button on the XV Viewer and click the “QUIT” button in the control
panel. For character recognition, you may press in sequence, ‘:’, °‘q’, and ‘<Enter>’ to

quit the ‘vi’ editor.
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