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Abstract

Thresholding of a given image into binary image is a necessary step for most image analysis
and recognition techniques. In document recognition application, success of OCR mostly
depends on the quality of the thresholded image. Non-uniform illumination, low contrast
and complex background make it challenging in this application. In this paper, selection of
optimal parameters for Neural Network (NN) based local thresholding approach for grey
scale composite document image with non-uniform background is proposed. NN-based
local image thresholding technique uses 8 statistical and textural image features to obtain
a feature vector for each pixel from a window of size (2n + 1)x(2n + 1), where n > 1.
An exhaustive search was conducted on these features and found pixel value, mean and
entropy are the optimal features at window size 3x3. To validate these 3 features some
non-uniform watermarked document images with known binary document images called
base documents are used. Characters were extracted from these watermarked documents
using the proposed 3 features. The difference between the thresholded document and
base document is the noise. A quantitative measure Peak-Signal-to-Noise ratio (PSNR) is
used to measure the noise. In case of unknown base document characters were extracted
through the proposed 3 features and used in a commercial OCR to obtain the character
recognition rate. The average recognition rate 99.25% and PSNR shows that the proposed
3 features are the optimal compare to the NN-based thresholding technique with different
parameters presented in the literature.
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1. Introduction
Giant steps have been taken in the last two decades, both in terms of technological sup-
ports and in software products to provide computerized Document Analysis System (DAS).
Optical character recognition (OCR) contributes to this progress by providing techniques
to convert large volumes of text to readable file automatically. There are so many papers
and patents claiming recognition rates as high as 99.99%, this gives the impression that
OCR problems seem to have been solved. However, the failure of some real applications
shows that performance problems subsist on composite and degraded paper documents with
non-uniform background. Non-uniform background is caused by watermarks and complex
patterns used in printing security documents. Transforming composite documents with non-
uniform background into electronic format in a form suitable for efficient storage, retrieval
and interpretation continues to be a challenging problem [5, 11, 12].

Thresholding is a popular tool for image segmentation that tries to identify and extract
the object from its background on which it is superimposed. In general, performance of
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the image thresholding technique depends on the type of document, image illumination,
contrast and the complexity of the image background. There are many thresholding schemes
published in the literature and selecting an appropriate one can be a difficult task. NN-
based local thresholding method is considered to be one of the best solutions in document
recognition application.

Trier and Jain [1] present a comparison of 4 global and 11 local thresholding techniques. In
Sahoo et. al. [3] 20 global thresholding techniques were compared. Sezgin and Sankur [10]
conducted an exhaustive survey on 40 bi-level thresholding techniques. From the techniques
used in these above mentioned literatures, Niblack [2] local adaptive method and Otsu [4]
method were found to be the best candidate in thresholding scheme.

Very few researchers have investigated the use of NN in thresholding of grey level im-
ages. This is because of computational cost of the NN-based thresholding which makes it
unsuitable for online applications. Koker and Sari [8] used NN to automatically select a
global threshold value for an industrial vision system based on the histogram of the image.
In this method the histogram of the supervised training data (256 levels) is used as input
and global threshold value that is determined by visually inspecting the histogram of the
training image is used as target value. Using this procedure the training data is prepared
for the application in different illumination environment. In training phase, the produced
output is compared to the target output, calculates the errors, adjust the synaptic weights
of the NN until an acceptable weight is achieved to minimize the error between produced
and target outputs. Adnan Khashman [13] used a supervised neural network for document
image binarization where local threshold values are used to train the network in order to
obtain the optimum global threshold values. 86% recgnition rate is obtained based on visual
inspection for degraded non-uniform historical document images.

Alginahi et. al. [5, 12] developed NN-based technique for thresholding composite digitized
documents with complex background. This method uses 8 statistical and textural features of
an image for each pixel at a window size 5x5. A modified NN-based thresholding technique
was developed by Alginahi [11] very recently where the author claimed 5 parameters at
window size 3x3 provides the best results. But the author did not present any justification
in support of the claim. The main aim of this paper is to conduct an exhaustive search on
these 8 features and find the optimal parameters at optimal window size.

A handful of binarization performance criteria [14] have been proposed, based on OCR
performance criteria which is one of the most acceptable method. Therefore, the optimality
is measured quantitatively by PSNR for known base documents and recognition rate for
unknown base documents. To test the performance of the optimal parameters in NN-based
thresholding techniques a comparative study is carried out. In our experimentation, Otsu’s
global thresholding [4], Niblack [2], HMM [15] and Kittler[16] were utilized as benchmark for
this comparison. To validate the optimal parameters, thresholded image using the proposed
technique will be compared to the Niblack [2] and Otsu [4] techniques in terms of yielding
the character recognition rate.

The remainder of this paper is organized as follows: In Section 2, statistical texture
features are defined. NN-based thresholding technique and it’s observation, criticisms and
objectives are discussed in Sections 3 and 4 respectively. Finally, experimental results are
discussed in Section 5 and Section 6 concludes the paper.
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2. Statistical Texture Features

Statistical features are extracted for each centered pixel in a window of size (2n+1)x(2n+1),
where n > 1. This window can be randomly placed at different locations by the user in
the area of the image in which features need to be extracted . The extracted features are
then used in neural classifier to train it for the recognition of a particular area in images of
similar nature. The NN-based thresholding technique takes advantage of the image textural
characteristics by considering the statistical descriptors in a neighborhood of pixels. The
statistical and textural features are useful in characterizing the set of neighborhood values
of pixels, which are related to its moments. These features are pixel value, mean, stan-
dard deviation, smoothness, entropy, skewness, kurtosis and uniformity. These
are adapted from [5, 6, 11, 12].

1.

Pixel Value
The center pixel, p(i,j) in a window of size (2n+ 1)x(2n+1), where n > 1, was taken
as the first feature.

. Mean

The mean, p;; of the pixel values in the defined window, estimates the value around
the pixel in which central clustering occurs.

i+n  j+n

Mij:m Z Z p(z,y) (1)

rT=1—ny=j—n

. Standard Deviation

The standard deviation, o;; is the estimate of the mean square deviation of grey pixel
value p(z,y) from its mean value p;;. Standard deviation describes the dispersion
within a local region. The standard deviation is defined as:

i+n  j+n

7= G L 2 ) —ay)? 2)

r=i—ny=j—n

. Smoothness

Relative smoothness, R;; is a measure of grey level contrast that can be used to
establish descriptors of relative smoothness.

1

1—|—O’Z-2j

Rij=1-— (3)

. Entropy

Entropy, h;; can also be used to describe the distribution variation in a region. Overall
entropy of neighborhood pixels in the window can be calculated as:

L—1
hij = — Z Pri(loga Pry) (4)
k=0
Where Pry is the probability of the k-th grey level in the range [0 1], which can be
calculated as Zy/(2n + 1)2, Zj, is the total number of pixels with the k-th grey level
and L is the total number of grey levels in the window.
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6. Skewness
Skewness, S;; characterizes the degree of asymmetry of a pixel distribution in the
specified window around its mean. Skewness is a pure number that characterizes only
the shape of the distribution.

i+n Jj+n —u 3
Sij = 2n+12 > > [ J] 5)

T=i—ny=j—n

7. Kurtosis
Kurtosis, K;; measures the peakness or flatness of a distribution relative to a normal
distribution. The conventional definition of kurtosis is:

- 3 8¢ )] ©
Y 2n+12

T=i—ny=j—n

The last term (—3) makes the value zero for a normal distribution.

8. Uniformity
Uniformity, U;; is a texture measure based on histogram and is defined as:

L—1
Uj = Pri (7)
k=0

U is maximum for which all grey levels are equal. Before computing any of the texture
features described above, the pixel values of the image were normalized by dividing
each pixel by 255 in order to achieve computational consistency.

3. NN-based Thresholding

The statistical textural features are useful in characterizing the set of neighborhood values
of pixels. Alginahi [5, 11, 12] utilized these features value in preparing data for training a
Multi-Layer Perceptron (MLP) NN which are obtained from window of size (2n+1)x(2n+1),
taken from various parts of one image and repeated over many images. Figure 1 shows a
sample screen capture of the training data preparation. The first step to prepare data for
training is to load an image then a point or pixel in the image is selected. It is supervised
training data preparation method. Therefore, the user knows about the selected pixel
whether it is background or foreground. Accordingly, the user clicks on the object or
background buttons in order to calculate the feature vector of that point. The process is
repeated for different random points in the same image and different images with complex
backgrounds to get a wide variety of features. The 8 features and their corresponding target
value (for background=1 and foreground=0) are stored in a file and then used as inputs to
the NN to train the network to produce the weights needed for testing the classifier.

4. Observations, Criticism and Objectives

The NN-based image thresholding algorithm proposed by Alginahi uses 8 features in the
paper [5, 12] at window size 5x5 and 5 features in the paper [11] at window size 3x3 as an
input to the NN. But increase in features results in more computational cost. Furthermore,
larger window size also increases the computational cost hence slower the feature extraction
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Fig.1: Sample Training Data Preparation

process. In this paper, we are questioning the validity of the number of features and window
size used in the method [12, 11], whether these 8 or 5 features with the window size of 5x5
or 3x3 are optimal in terms of yielding the best recognition rate and providing the best
PSNR. Therefore, the main objective of this research is to conduct an exhaustive search
to find and validate the optimal window size and the optimal feature combination among
8 features that provide the best recognition rate and PSNR when it is compared to other
similar techniques.

4.1 Testing Setup

The main objective of this paper is to find the optimal window size and the optimal com-
bination of features in terms of yielding the best recognition rate and best PSNR. To fulfill
these objectives, rigorous methodological steps are followed. First of all, 8 features are
labeled as 1, 2, 3, 4, 5, 6, 7 and 8 (see Section 2). Total 255 subsets are possible without

repetition from this set of 8 features that are determined using the well known mathematical
expression shown in equation 8.

= o

For example, if we consider 7 features out of 8 features, 8 subsets are possible.

n
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Fig. 2: Test Setup

For each combination, corresponding features are extracted from the main training dataset
for a specific window size. The feature vector for this combination is used to train the NN
and the corresponding weights are calculated. The weight vector is used to test the NN
for thresholding the document image. The binary image is then passed to the commercial
OCR for example ABBYY (Version 7.0) to obtain the recognized characters. The recognized
characters are then compared to the expected characters. The expected characters database
can be generated by directly feeding the document to the commercial OCR and correcting
any misclassified characters from the original image just for testing purpose. The error rate
is calculated from the expected characters and recognized characters for this combination.
For each one of the 255 combinations, by following the same procedure, we can have 255
binary images as well as error rates when they are passed through ABBYY for a specific
window size. The recognition rate for each subset is obtained with respect to different
window size for example 3x3, 5x5, 7x7 and 9x9 and tabulated them in the grid shown
in appendix A. The highest recognition rate and its corresponding feature combination
and window size is determined. The same process is followed for more testing images and
obtain the best feature combination for each image and then select the best among best
combinations. The flow chart of the test setup is shown in Figure 2.

5. Experimental Results

The NN-based local thresholding technique is applied to several images for preparing the
training dataset as well as for testing. Total 120 synthetically produced images were used
in that experimentation. About 25% images were used for generating training dataset
using all 8 features and rest of them were used for testing purpose. Since 255 different
combinations are available with 8 features, therefore for each testing image total 255%4=1020
different binary images are available. These images are passed through the commercial OCR
and corresponding character recognition rates are obtained. The highest recognition rate
represents the best feature combination. The whole image set is divided into three groups;
simple, moderate and complex and testing was done in all groups in terms of the complexity
of the background and resolution. Sample document image with complex background and
its corresponding segmented images are shown in Figure 3 and 4. For each document image
we have 1020 binary images as well as 1020 recognition rates. In this experiment initially
we have chosen one simple image of 654 characters shown in Figure 3 (Rail Road). The
recognition rate corresponding to the subsets for each window size is tabulated in the grid
shown in appendix A. Three subsets are found best in terms of their recognition rate and
they are very close to each other (1 or 2 characters difference) in different window sizes.
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Fig. 4: Sample Thresholded Image

The original image is then passed through the commercial OCR ABBYY and the recogni-
tion rate is compared with the results obtained from the binary images using best 3 subsets.
The same process is repeated for 2 more images and results are tabulated in Table 1. Al-
though we have obtained the recognition rate for window sizes 3x3, 5x5, 7x7 and 9x9, for
comparison purpose we have shown the sample output in Table 1 only for window size 5x5,
because our work is based on the paper [12] that describes the NN-based thresholding tech-
niques and found 98% correct recognition rate at window size 5x5. Therefore, our intention
is to show how our method performs for the same window size.
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Table 1: Comparative Statement of Recognition Rates (%) - Using Binary and Original Image

Imace Binary Image - Features Subset Original Image
g {1, 2, 5} {1, 2, 6} {1, 5, 6} ABBYY (7.0)

Health 99.79 99.79 99.58 99.37

Rail 99.85 99.54 99.54 99.24

Arnold 99.51 99.01 96.30 96.79

Average 99.72 99.45 98.07 98.47

It is observed from Table 1 that feature subsets {1, 2, 5}, {1, 2, 6} and {1, 5, 6} provides
the best results and these recognition rates are comparable to different window sizes. Then
from these three combinations, two combinations {1, 2, 5} and {1, 2, 6} are picked based
on their average recognition rate and we follow the same procedure for more images. The
results are shown in Table 2 for window size 5x5.

Table 2: Comparative Statement of Recognition Rates (%) - Features Combination

Features Subset

Image {1,2,5}  {1,2,6}
Niagara 100 99.41
Chretien 99.77 99.53
George 99.52 99.28
Volcano 100 99.71
Cats 99.66 99.66
Average 99.79 99.52

Considering all types of images and their corresponding recognition rate the combination
of three selected features ”pixel value (1), mean (2) and entropy (5)” was found to be
the best combination with recognition rate of 99.79%. The same process is applied to more
testing images for different window sizes using the best feature subset. For each window
size the binary image is generated and is saved in a bit-map (BMP) file. The thresholding
time is also recorded and is shown in Table 3 for sample images.

The computational time for processing one pixel centered on the different window size is
shown in Table 5.

The processing time includes feature extraction, NN testing and finally classification of
the pixel into object or background. The processing time for each pixel and character
recognition rate with respect to different window size is shown in Figure 5 and 6 respectively.

From Tables 4, 5 and Figures 5 and 6, it is observed that window size does not play a
significant role especially in character recognition rate. However, increase in window size
results in higher computational costs hence slower the segmentation process. Therefore,
comparing the computation costs and recognition rate, window size 3x3 is found to be
the optimal in this application using NN-based local thresholding approach. This research
indicated that 3 features used (Pixel value, Mean and Entropy) outperforms the 8 features
utilized by Alginahi [5, 12] and 5 features utilized by the same author [11]. The processing
time for 3, 5 and 8 features is tabulated in Table 6 for an image of size 689x723 at window
size 3x3.
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Table 3: Thresholding Time (Sec)

Window Size

Image Image Size 3%3 55 - 9%9

Arnold 689x723 6.66 7.66 9.11 11.15
Health 543x759 5.60 6.57 7.7 9.44
Rail 529x1191 8.38 9.91 11.62 14.10
Cat 463x877 5.58 6.35 7.64 9.14

George 693x712 7.01 8.00 9.47 11.37
Volcano 492x886 5.96 6.85 8.25 9.84
Niagara 723x845 7.32 9.92 11.45 15.13
Chretien 499x726 5.59 6.32 7.46 9.36
Health 479x660 5.13 5.51 6.29 7.52
Mercury 538x799 6.43 7.94 8.19 10.33
Urban 680x966 10.11 11.08 12.42 15.73
Insect 869x1084 14.40 16.02 18.21 22.43

Table 4: Window Size Vs. Correct Recognition Rate (%)

Window Size - Misclassification

Image Total Chars 3%3 55 - 9x9
Arnold 405 0 3 1 3
Health 476 2 2 2 0
Rail 654 0 1 1 2
Cat 585 0 1 1 1
George 414 0 1 1 1
Volcano 384 0 1 0 0
Niagara 339 1 0 0 0
Chretien 426 3 0 1 0
Health 383 0 0 0 0
Mercury 301 0 0 0 0
Urban 692 0 0 0 0
Insect 487 4 20 6 8
Total 5546 10 29 13 15
Correct (%) 100 99.82 99.48 99.77 99.73

Table 5: Window Size Vs. Process Time for each pixel

Window Size Process Time (us)
3x3 13.5
9XH 15.7
=7 18.5
9x9 22.6

Table 6: Number of Features Vs. Process Time (Sec)

No. of Features Process Time (Sec)
3 (Proposed) 6.60
5 (Alginahi [11]) 8.47
8 (Alginahi [5, 12]) 9.03
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5.1 Optimal Features Validation

To validate the optimal features and the window size a known binary document image (black
text in white background) called base document is used. That document is added to the
simple watermark image to the complex watermark image. In each case the watermarked
image is thresholded using 3, 5 and 8 features. The difference between the thresholded
image and base document is the noise. PSNR is used to measure the noise in each case and
it is tabulated in Table 7 for 4 sample images.
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Sample base document, watermark image, watermarked document image and thresholded
image using the proposed optimal features are shown in Figures 7-20.

Table 7: PSNR Measurement for Different Parameters

Image Image Size No. of Features No. of Error Pixels PSNR-dB

3 (Proposed) 4 49.5575
Fig. 17 426x848 5 [11] 48088 8.7577
8 [5, 12] 22077 12.1387
3 (Proposed) 0 00
Fig. 18 426x848 5 [11] 37187 9.8741
8 [5, 12] 18230 12.9702
3 (Proposed) 3992 19.5661
Fig. 19 426x848 5 [11] 22079 12.1383
8 [5, 12 18649 12.8715
3 (Proposed) 1573 24.2698
Fig. 20 659x638 5 [11] 34527 10.8555
8 [5, 12] 20443 11.5472

Digital watermarking is the
process of embedding information
into a digital signal. The
signal may be audio, pictures or
video, for example. If the
signal is copied, then the
information 1s also carried in
the copy.

Fig. 7: Sample Base Document 1
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Digital watermarking is the process
of embedding information into a
digital signal. The signal may be
audio, pictures or video, for
example. If the signal is copied,
then the information is also carried
in the copy.

In visible watermarking, the
information 1is visible in the picture
or video. Typically, the information
is text or a logo which identifies
the owner of the media. The image on
the right has a visible watermark.
when a television broadcaster adds
its Togo to the corner of transmitted
video, this is also a visible
watermark.

Fig. 8: Sample Base Document 2
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Fig.9: Sample Watermark 1

Fig.10: Sample Watermark 2

Fig.11: Sample Watermark 3
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Fig.12: Sample Watermark 4

Fig. 13: Sample Document Watermarked Image 1
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ideo, "for example. -
signal i1s copied, then the
information 1s also carried in

Fig. 14: Sample Document Watermarked Image 2

Fig. 15: Sample Document Watermarked Image 3
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Fig. 16: Sample Document Watermarked Image 4

Digital watermarking is the
process of embedding information
into a digital signal. The
signal may be audio, pictures or
video, for example. If the
signal is copied, then the
information is also carried in
the copy.

Fig. 17: Thresholded Image 1 Using Proposed 3 Features
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Digital watermarking is the
process of embedding information
into a digital signal. The
signal may be audio, pictures or
video, for example. If the
signal is copied, then the
information is also carried in
the copy.

Fig. 18: Thresholded Image 2 Using Proposed 3 Features
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Fig. 20: Thresholded Image 4 Using Proposed 3 Features

in early 2003, Californians pointed
fingers as their state struggled with
a $38 billion budget deficit and a
continuing energy crisis.
Republicans set their sights on
Democratic Gov. Gray Davis,
attempting to make him the second
governor in U.S. history to be
recalled. On October 7, the majority
of voters decided to oust Davis, then
chose a successor from among 135
candidates. One of Hollywoods own
took Davis place bodybuilder-
turned-actor Republican Arnold
Schwarzenegger.

Recognized

In early 2003, Californians pointed
fingers as their state struggled with
a $38 billion budget deficit and a
continuing energy crisis.
Republicans set their sights on
Democratic Gov. Gray Davis,
attempting to make him the second
governor in U.S. history to be
recalled. On October 7, the majority
of voters decided to oust Davis, then
chose a successor from among 135
candidates. One of Hollywoods own
took Davis place bodybuilder-
turned-actor Republican Arnold
Schwarzenegger

Expected

Fig. 21: OCR output: From Binary Image (Proposed) vs. Expected

Using the window size 3x3 and the optimal feature combination the binary image is passed
through ABBYY and sample OCR output and the expected output is shown in Figure 21.

To validate the performance of the proposed combination the output from the original
image is compared to the expected output that is shown in Figure 22. The output of
the proposed NN-based thresholding technique using 3 best features at window size 3x3 is
compared to Otsu [4] and Niblack [2] method and their outputs are shown in Figures 23,
24 and Table 8 for a document image of 405 characters (Fig. 3 - Arnold).
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+ inearly 2003, Caii form ans pointed
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continuing energy crisis.
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Democratic Gov. Gray Davis,
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governor in U.S. history to be
recalled. On October 7, the majority
of voters decided to oust Davis, then
chose a successor from among 135
candidates. One of*H”llywoods own
took Davi solace bodybupder-
turned-aci Republican Arnold
Schwarzenegger.

ABBYY

In early 2003, Californians pointed
fingers as their state struggled with
a $38 billion budget deficit and a
continuing energy crisis.
Republicans set their sights on
Democratic Gov. Gray Davis,
attempting to make him the second
governor in U.S. history to be
recalled. On October 7, the majority
of voters decided to oust Davis, then
chose a successor from among 135
candidates. One of Hollywoods own
took Davis place bodybuilder-
turned-actor Republican Arnold
Schwarzenegger

Expected

Fig. 22: OCR output: From Original Image vs. Expected
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OCR Output

Fig.23: OCR output: From Binary Image (Using Otsu [4])
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then chose a successor from among 135
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Republican Arnold Schwarzenegger.
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OCR Output

Fig.24: OCR output: From Binary Image (Using Niblack [2])
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Table 8: Recognition Rate Comparison- Proposed, Niblack [2] and Otsu [4]- (Fig. 3- Arnold)

Techniques Misclassification (chars) Correct Recognition Rate (%)
Proposed 0 100
Niblack 11 97
Otsu 59 85

Using these three features (Pixel value, Mean and Entropy) and window size 3x3, segmen-
tation is performed for simple, moderate and complex images. Another sample segmented
image using proposed features is compared with hidden Markov model (HMM) [15]-based
binarization, Otsu [4] and Kittler [16] method that is shown in Figure 25.

Original imsge
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Sg\mL = Sardlzla s

EURCPE AWAY FROM IT ALL & EURDPE AWAY FROM IT ALL -
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St. Petersburg St. Petersburg o
ART ATTACK IN ART ll"q KN ’ P
CIAR CITY CLam Oty e
Tee off on... Tee off on... )
THE BIG ISLAND, THE BIC I5LAND -~
kL LANAL KAUAL, I 'ﬁ- : ML LARAT KAV, o - .

Propased Kittler

EUROPE nwm FROM IT ALL
Puerto Rico

SALSA RHYTHAM IN OLD SAN JUAN

St. Petersburg
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CZAR CITY

Tee offon... ’ P

T P A
; 5 3 47
AND GAHU e |

Fig. 25: Segmentation Performance Comparison: Proposed, HMM]15], Kittler [16] and Otsu [4]

From this figure it is obvious that Kittler [16] and HMM [15] based segmentation has
almost identical performance. But the proposed one is better than that.
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Then the segmented image is passed through the ABBYY commercial OCR to obtain the
overall simulation results for around 15000 characters. The simulation result is shown in
Table 9.

Table 9: Performance of the Proposed Features (Pixel, Mean, Entropy)

Technique Tested Chars Recognition Rate (%)
Proposed, 3 features 15000 99.25
ABBYY [5] - Original Image 14600 96
Alginahi [5], 8 features 14600 98
Alginahi [11], 5 features Not Mentioned 98.3

6. Conclusions

An exhaustive search was conducted to develop an efficient thresholding technique based
on the work reported in [5, 11, 12]. In this paper, a method is devised to find the optimal
parameters and optimal window size in NN-based thresholding technique to segment the
non-uniform and composite document images. Three features pixel value, mean and en-
tropy and window size 3x3 are found to be optimal in this technique in terms of PSNR,
computational costs and correct recognition rate. To measure the performance of the pro-
posed method, the segmented image obtained by the optimal features was compared with
HMM [15], Otsu[4], Niblack[2] and Kittler[16]- based segmented image. For known base
documents and watermark images, the noise is measured in terms of PSNR from the seg-
mented image obtained using proposed 3 optimal features, 5 features [11] and 8 features
[12] and is compared. The result shows the proposed method outperforms the reference
methods. Then the optimal features were used to segment the same set of document image
files used in [5] and applied to a commercial OCR ABBYY and 99.25% recognition rate
is achieved for around 15000 characters. Our quantitative study shows that recognition
rate obtained using the proposed method is much higher than the methods found in the
literature.
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Appendix A. Recognition Rate- Grid-based Method

This table represents the recognition rate of a sample document image (figure 3- Rail Road)
using a commercial OCR ABBYY 7.0. For 8 features 255 different subsets are available.
Fach subset is used to obtain the binary image at window size 3x3, 5x5, 7x7 and 9x9.
The binary image is then passed through the commercial OCR ABBYY 7.0 and the ob-
tained recognition rate is tabulated in the following Tables 10, 11 and 12. Therefore, total
255*%4=1020 binary images as well as 1020 recognition rates are available for one document
image.
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Table 10: Recognition rate in various window size (%)

Features Recognition Rate Features Recognition Rate
Subset 3x3 5x5 =7 9x9 Subset 3x3 5x5 =7 9x9
{1} 0 0 0 0 {1,4,5} 98.32 99.24 98.93  98.32
{2} 0 0 0 0 {1,4,6} 74.01 77.06 78.59  7T7.83
{3} 0 0 0 0 {1,4,7} 76.03  75.54  74.01 7447
{4} 0 0 0 0 {1,4,8} 74.47 7401  73.24 7248
{5} 0 0 0 0 {1,5,6} 99.24 99.54 99.08 98.93
{6} 0 0 0 0 {1,5,7} 98.32 9847 98.01  96.79
{7} 0 0 0 0 {1,5,8} 94.95 95.41  94.65 94.8
{8} 0 0 0 0 {1,6,7} 82.42  84.71 83.94 81.65
{1,2} 98.93  99.24  99.39  98.47 {1,6,8} 83.18 81.65 79.36  78.59
{1,3} 95.72  95.11 9587  95.26 {1,7,8} 84.71 83.94 8242 81.65
{1,4} 95.26  94.65  94.95 94.5 {2,3,4} 93.88 89.3 87.77 87
{1,5} 98.78  99.08 99.24  98.93 {2,3,5} 75.54  77.06 76.3 75.54
{1,6} 98.93  99.08 98.62  98.47 {2,3,6} 89.3 90.83 9235 91.59
{1,7} 94.8 94.04  95.11  95.26 {2,3,7} 83.18  84.71 8242  81.65
{1,8} 92.35  93.88 94.5 94.04 {2,3,8} 87.77 89.3 90.06  86.24
{2,3} 95.11  95.87 94.8 94.65 {2,4,5} 85.47  87.77 83.94  81.65
{2,4} 94.5 95.41  95.26  95.11 {2,4,6} 86.24  84.74  87.47  85.62
{2,5} 0 0 0 0 {2,4,7} 83.18 81.65 80.12  82.42
{2,6} 0 0 0 0 {2,4,8} 77.83 77.06 75.54  74.01
{2,7} 91.59  92.35 94.04 93.88 {2,5,6} 0 0 0 0
{2,8} 80.12  81.65 83.94 82.42 {2,5,7} 91.59 92.35 93.88  90.06
{3,4} 90.06 89.3 84.71  88.53 {2,5,8} 90.83 89.3 90.06  88.53
{3,5} 85.47  84.71  86.24  83.18 {2,6,7} 94.04 93.88 95.11  91.59
{3,6} 84.71  86.24 83.94  85.47 {2,6,8} 91.59 90.83 91.13 92.05
{3,7} 86.24 87 87.77 8547 {2,7,8} 77.83 77.06 76.30 77.22
{3,8} 82.42  87.77 83.94  85.47 {3,4,5} 75.54  74.01 7248 73.24
{4,5} 61.77 69.42 64.07 66.36 {3,4,6} 77.06 7554  76.30 76.76
{4,6} 62.54 69.36  69.42  67.13 {3,4,7} 89.60 89.3 89.14  88.99
{4,7} 65.6 67.89  68.65 67.13 {3,4,8} 83.18 81.65 83.94 83.18
{4,8} 70.18 68.65 66.36  69.42 {3,5,6} 64.83 66.36  65.60  63.30
{5,6} 0 0 0 0 {3,5,7} 69.42 69.89 70.18  70.03
{5,7} 83.18  84.71 88.53  85.47 {3,5,8} 77.22  77.06 76.30 75.23
{5,8} 83.94 81.65 8242  83.18 {3,6,7} 74.77 7401 7431  75.23
{6,7} 88.53  86.24 8547  84.71 {3,6,8} 71.71 7248 74.01  73.70
{6,8} 71.71  7T7.06  75.54 7477 {3,7,8} 72.48 7095 72.17  71.25
{7,8} 77.83 7554  77.06 76.3 {4,5,6} 70.95 69.42 68.81  69.11
{1,2,3} 96.79  95.41  96.64  95.87 {4,5,7} 85.02 84.71 83.94  85.47
{1,2,4} 96.18  94.95 95.87  95.41 {4,5,8} 78.59 77.06 77.83  77.06
{1,2,5} 100 99.85 99.85 99.69 {4,6,7} 72.48 7095 T1.71 7217
{1,2,6} 99.24 99.54 99.08 98.01 | {468} 7416 7248 7217 7278
{1,2,7} 96.18  95.11  95.72  93.88 {4,7,8} 69.11 69.42 68.65 70.18
{1,2,8} 9541  95.26 96.18  95.72 {5,6,7} 85.32  84.71 8547  85.02
{1,3,4} 96.02 94.95 96.18  95.87 {5,6,8} 76.30 77.06 78.29  75.54
{1,3,5} 95.57  96.18 96.02  96.18 {5,7,8} 7217 7248  73.24  70.95
{1,3,6} 94.34 93.88 9235  90.83 {6,7,8} 69.72  69.42 71.71  68.65
{1,3,7} 94.19 9235 9159 90.83 | {1,2,3,4} 9450 93.88 94.19  93.12
{1,3,8} 80.12 84.71 8394 8242 | {1,235} 93.12 9235 92.66 91.59
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Table 11: Recognition rate in various window size (%)

Features Recognition Rate Features Recognition Rate
Subset 3x3 5xb =7 9x9 Subset 3x3 5x5 =7 9%x9

{1236} 9358 9404 93.12 9358 | {2468} 7171 67.89 69.42 70.95
{1237} 9541 945 9388 9358 | {2478}  61.77 65.60 63.30 61.01
{1238} 9511 94.65 94.19 9541 | {2,5,6,7} 64.83 67.43 69.42 68.65
{1245} 9511 9572 9541 94.95 | {2,5,6,8}  66.36 67.13 67.89 70.18
{1246} 9159 9235 9205 91.13 | {2,578}  67.13 64.83 68.65 63.30
{1247} 9235 9159 9251 91.13 | {2,6,7.8}  66.36 6529 64.83 64.07
{1248} 98.01 9832 9847 97.71 | {3456} 6942 66.36 67.89 64.83
{1256} 99.24 99.39 9954 98.78 | {34,557}  73.24 7248 70.95 70.18
{1257} 98.17 99.08 9847 97.71 | {3458} 7095 69.42 69.11  67.89
{1258} 97.71 9755 9725 98.01 | {34,6,7} 6483 66.36 67.89 68.04
{1267} 97.71 9847 98.01 98.32 | {3468} 6942 67.13 64.83 63.30
{1268} 98.78 98.17 97.71 9740 | {3478}  70.18 7095 69.42 67.89
{1278} 99.24 98.78 9847 97.55 | {3,5.6,7}  67.89 68.65 66.36 67.13
{1345} 9694 96.18 9541 94.65 | {3,5,6,8}  74.01 7248 69.42 73.24
{1346} 9618 9572 96.64 9587 | {3578} 6942 7401 66.36 64.83
{1347} 9618 9541 9572 94.65 | {3,6,7,.8} 7248 69.42 70.95 67.89
{1348} 96.64 96.02 9541 9419 | {4,56,7} 6820 66.36 67.89  65.60
{1,356} 9235 93838 93.12 90.83 | {4,5,6,8} 70.18 67.89 69.42  66.36
{1357} 9419 9465 95.11 9450 | {4,578}  68.65 69.11 67.89  68.20
{1358} 9235 9266 93.12 9251 | {4,6,7,8}  66.36 64.83 61.77 63.30
{1367} 9388 9312 9266 92.35 | {56,778} 7095 69.42 67.89 67.13
{1368} 91.59 9235 90.06 92.05 | {1,2,345} 91.59 90.83 90.06 88.99
{1378} 9235 9159 91.13 90.83 | {1,2,34,6} 90.06 89.30 91.59 89.76
{1456} 9511 94.65 9541 94.19 | {1,234,7} 8945 90.06 89.30 90.67
{1457} 9159 9235 9205 93.12 | {1,2,34,8} 9343 9159 92.05 90.98
{1458} 9358 9312 9266 9343 | {1,2,356} 90.83 87.77 89.30 88.53
{1467} 9159 90.83 91.13 90.06 | {1,2,3,5,7} 89.30 87.00 88.53 89.45
{1468} 91.90 9266 90.83 91.28 | {1,2,35,8} 90.83 91.59 93.12 9251
{14,778} 92.05 90.83 90.06 89.76 | {1,2,3,6,7} 88.53 87.92 89.30 89.76
{1567} 9312 9235 9205 91.28 | {1,2,3,6,8} 87.77 86.24 87.00 87.31
{1568} 90.83 91.28 91.59 90.67 | {1,2,3,7,8} 89.76 83.84 90.98  90.06
{1578} 8853 89.30 88.99 88.07 | {1,24,56} 9419 93.12 9251  92.05
{16,78} 8654 8624 85.93 8547 | {1,24,57} 9205 9159 90.98 92.51
{2,345} 68.65 6942 67.89 66.36 | {1,2,4,5,8} 88.07 87.77 88.99 88.53
{2,34,6} 74.01 7248 7095 69.42 | {1,24,6,7} 87.77 8624 85.78 86.70
{2,347} 7783 77.06 7630 7477 | {1,2,4,6,8} 88.07 87.16 87.77  86.39
{2,348} 7477 7401 7248 7339 | {1,24,78} 87.00 86.39 88.38 87.92
{2,356} 7676 7554 7431 73.24 | {1,2,56,7} 91.74 9159 90.83 91.13
{2,357} 64.83 6865 6330 61.77 | {1,2,56,8} 94.19 93.88 93.12  93.58
{2358} 6330 6820 6881 64.83 | {1,2,578} 90.83 90.06 88.38 91.28
{2,367} 6942 7294 7248 68.81 | {1,2,6,7,8} 86.24 84.71 86.70 85.63
{2,368} 74.01 7217 7110 70.64 | {1,34,56} 90.52 90.06 88.53 88.99
{2,378} 7248 7171 7095 69.42 | {1,3457 9297 9144 89.76  90.52
{2456} 6942 71.10 7248 71.71 | {1,34,58} 88.53 86.70 87.77 87.31
{2457} 7095 6927 7171 73.24 | {1,34,6,7} 90.83 89.76 89.30  88.53
{2458} 67.89 66.06 68.65 69.42 | {1,34,68 87.77 86.24 87.00 87.16
{2467} 7095 68.65 67.89 67.13 | {1,34,7,8} 87.00 85.93 8547 85.17
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Features Recognition Rate Features Recognition Rate
Subset 3x3 5xH =7 9x9 Subset 3x3 5xbH =<7 9x9
{1,3,5,6,8} 88.53 87.46 88.38 87.46 {1,2,3,4,6,8} 73.24 T1.41 7294 7217
{1,3,5,7,8}  90.06 88.84 87.92 87.46 {1,2,3,4,7,8} 76.15 75.54 74.46 73.24
{1,3,6,7,8}  92.51 91.13 90.06 90.52 {1,2,3,5,6,7} 80.12 77.06 75.54 73.70
{1,4,5,6,7}  86.39 84.71 85.78 85.47 {1,2,3,5,6,8} T4.77  74.01 73.39 72.32
{1,4,5,6,8} 89.76 88.23 88.53 88.99 {1,2,3,5,7,8} 75.54 76.15 74.01 74.77
{1,4,5,7,8} 87.00 86.24 84.71 85.47 {1,2,3,6,7,8} 81.65 78.29 80.12 79.20
{1,4,6,7,8}  90.98 89.60 90.52 90.06 {1,2,4,5,6,7} 72.78 T71.41 70.18 73.09
{1,5,6,7,8}  85.78 85.47 86.24 84.86 {1,2,4,5,6,8} 68.65 70.95 70.03 71.41
{2,3,4,5,6} 74.01 77.06 7248 74.01 {1,2,4,5,7,8} 74.77 73.55 T74.16 75.69
{2,3,4,5,7}  75.23 74.01 73.24 7248 {1,2,4,6,7,8} 76.15 74.92 74.01 73.85
{2,3,4,5,8} 77.83 77.06 75.23 73.70 {1,2,5,6,7,8} 80.28 78.75 78.29 79.36
{2,3,4,6,7}  74.01 7554 7248 76.15 {1,3,4,5,6,7} 77.83 77.06 76.30 76.61
{2,3,4,6,8} 7248 7095 71.41 70.18 {1,3,4,5,6,8} 69.42 70.95 68.65 67.89
{2,3,4,7.8}  67.89 69.42 70.18 70.80 {1,3,4,5,7,8} 68.35 69.42 68.04 67.13
{2,3,5,6,7}  74.01 71.71 69.42 68.81 {1,3,4,6,7,8} 66.36 68.96 67.89 68.65
{2,3,5,6,8}  71.41 72.17 7248 69.72 {1,3,5,6,7,8} 67.89 70.03 70.34 7141
{2,3,5,7,8} 75.54 7324 71.56 72.94 {1,4,5,6,7,8} 72.78 72.02 74.46 70.64
{2,3,6,7,8}  66.36 69.27 68.04 70.34 {2,3,4,5,6,7} 64.83 66.36 67.89 68.65
{2,4,5,6,7}  68.65 66.36 70.95 70.64 {2,3,4,5,6,8} 70.03 67.89 68.65 67.13
{2,4,5,6,8}  64.83 67.89 64.07 67.13 {2,3,4,5,7,8} 77.83 76.15 7477 T77.22
{2,4,5,7,8} 7248 70.18 71.25 69.57 {2,3,4,6,7,8} 73.55 74.46 73.09 72.17
{2,4,6,7,8} 70.64 69.42 67.89 66.06 {2,3,5,6,7,8} 72.78 72.02 71.10 70.64
{2,5,6,7,8}  74.77 7171 T71.41 70.18 {2,4,5,6,7,8} 67.89 69.42 66.06 67.58
{3,4,5,6,7}  70.95 69.42 71.41 70.18 {3,4,5,6,7,8} 71.71 7416 73.39 7141
{3,4,5,6,8}  64.83 67.89 66.36 68.65 | {1.2.3.4.5.6.7}  90.83 90.06 90.52 88.84
{3,4,5,7,8} 77.06 74.16 75.69 72.63| {1,2,34,5,6,8} 8746 86.24 86.70 85.93
{3,4,6,7,8y 7477 7294 74.01 7278 | {1,2.34.5.7.8} 93.12 92.35 91.44 90.98
{3,5,6,7,8} 71.41 69.72 67.89 66.36 | {1,2,3,4,6,7,8}  92.66 91.59 90.67 90.52
{4,5,6,7,8}  64.83 67.89 66.36 68.35 | {1,2,3,5,6,7,8% 87.46 86.70 85.78 85.47
{1,2,34,5,6} 80.12 77.06 75.54 74.77 | {1,2,4,56,7,8F 83.99 88.38 87.92 87.00
{1,2,3,4,5,7y 7477 74.01 7248 70.95 | {1,34,56,7,8} 90.21 88.99 87.46 86.09
{1,2,3,4,5,8+ 76.30 74.77 73.09 7248 | {2,34,56,78} 69.42 70.95 66.36 69.88

{1,2,3,4,5,6,7,8} 90.06 88.53 86.70 89.45

94



	Introduction
	Statistical Texture Features
	NN-based Thresholding
	Observations, Criticism and Objectives
	Testing Setup

	Experimental Results
	Optimal Features Validation

	Conclusions
	Recognition Rate- Grid-based Method

