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Abstract - Recognition rate of handwritten English character is still limited due to presence of large variation of
shape, scale and format in hand written characters. The thing that's very difficult to deal with in character
recognition is that the handwriting of a person differs from one person to another and considering the human
error it is impossible for one person to write the same thing over and over again where it has to be the exact
writing. However this is considered individualistic where the consistent individual features are hidden in the
character handwriting.

For that reason this study going to focus on the Off-Line English language characters in order to extract geometric
moment’s features for the Characters shape of the Handwriting recognition. The geometric moment’s features are
being completed thoroughly also the presence of solo features will be legitimized by checking and investigating it
granularly; therefore the idea of applying the Invariant Discretization.

By injecting the solo performance to the system through the injection of different issues for the solo feature into individual
feature or standard performance this is being accomplished by the support of Invariant Discretization.

Where the advantage of the Invariant Discretization to reduce the similarity error for intra-class (of the same character),
with the increase of the similarity error for inter-class (of different characters)in recognition of Off-Line handwritten
English characters with Fuzzy logic .

Index Terms. Pattern recognition, individual representation, real English character , discretization.

papers [9], [10]. The recognition rate of such system is still low
INTRODUCTION and there is a need of improvement [11].

. . . . Where it is well known that character handwriting to be
The off-line handwriting recognition (OHR) continues to be an jnjyidualistic. So, when writing solo the outcome depends on

active area for research towards exploring the newer techniques  q hypothesis putting in mind that solo or individual have
that would improve recognition accuracy because several handwriting (12-13, 14-15). This kind of information gave a
application including mail sorting, bank processing, document  piq nush to the researchers to look for a way to find a solution
reading and postal address recognition require offline o character recognition. But it is still stumbling block for the
hand.wrltlng reco_gnltl_on sy_stems. Character_ recognition IS human capability to observe and recognize the styles of the
nothing but Machine simulation of human reading [1], [2]. Itis  characters. The study implies that what the science stated about
also known as Optical Character Recognition. It contributes  cnaracter recognition converge on the extraction of the features
immensely to the advancement of an automation process and  gnq classification task. Execrated features from the main task
can improve the interface between man and machine in  for the writer appear in different representations which degrade
numerous applications. Several research works have been  he classification performance. However, additional steps need
focusing on new techniques and methods that would reduce the (4 pe performed in order to have a better representation of input
processing time while providing higher recognition accuracy. nrior to the classification task. This study will identify such
The methods of Character recognition have grown up  aqgitional process that can transform the different
sequentially [3], [4]. The recognition of isolated handwritten  ronrecentations, which are resulted from the feature extraction

character was first investigated [5], but later whole words [6]  (aqk into a better representation of individual features.
were addressed. Most of the systems reported in literature until

today consider constrained recognition problems based on
vocabularies from specific domain e.g., the recognition of
handwritten check amounts [7] or postal address [8]. Free
handwritten recognition, without domain specific constraints
and large vocabularies was addressed only recently in a few
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I1. INDIVIDUALITY OF OFF-LINE ENGLISH HANDWRITING
CHARACTER

Handwriting of English characters has been assumed
individualistic, and the individuality of characters is based
on the theory that every single character has handwriting
that is consistent [16,21,29 ]. Fig.1 depicts the handwriting
of the characters that are the same and Fig.2 depicts the
handwriting of characters that are different by four
different individuals. Every single character is assumed to
have a particular texture [16,21] and maybe witnessed in
the two figures. The general shape partially differs for the
exact same character and somewhat varies for other
characters. This is referred to as the individuality of
characters in the English language. The intra-class
estimation and measurement is shown for features of the
same exact character, and inter-class for different

characters. Suitable unique features have to generate the
least similarity error for intra-class and the greatest
similarity error for inter-class. As a result, it is important to
obtain unique features from a character to overcome this
issue for the recognition of handwritten characters in the
English language.

Fig. 1. Same character by different writers.
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Fig. 2. Different character by different writers
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111. PROPOSED HANDWRITTEN
RECOGNITION SYSTEM

The creation of the system of Handwritten Character
Recognition contains of numerous steps (check Fig. 3).
Leading step is towards pre-processing the isolated characters.
After that the following step from the isolated characters to
extract all the features from it. It is a really significant step. The
method of feature extraction obligated to be really in effect and
well-organized where it will be the foundation of recognition or
what known as the extracted features. The third step the use of
the technique of Invariant Discretization based on the previous
work done in [17] and it is meant to reduce the variance
between features for intra-class and increase the variance
between features for inter-class. and lastly these discretization
features (extracted features ) will after that be delivered by
means of input arrangements to the system of Fuzzy logic.
Once the Fuzzy logic system has been trained for these input
patterns, it will be able to classify them.

CHARACTER

Charactar imags
Mormalization Technique
Data base U
Feature Extraction
Featurel Feature 4

Pre-Discretized Data / Extracted Features

I

Post-Discretized Data |

{1

Similanty measurement for
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Fig. 3. Framework of discretization for character recognition
for a Off-line English handwriting

1V. DISCRETIZATION PROCESS

Discretization is treating as a divider that performs two
essential tasks the first task is to convert the value of the
continuous characteristics into discrete. The second task is to
divide the value and categorized them into appropriate
intervals. The main purpose of the discretization of the
continuous characteristics is to have better data representation
[18,30]. Classification is highly dependent on the discretization
process. There are several known methods for discretization
including Equal Information Gain, Maximum Entropy, and
Equal Interval Width. Another method proposed in [8], the
Invariants Discretization method, has however been proven
more efficient in providing higher accuracy and success rates of
identification. The Invariants Discretization method is a
supervised method. The method starts by searching the
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appropriate intervals to represent the writer’s information
[14,17,18,19].

The upper and lower boundaries are then set for each interval.
The number of intervals for an image must be the same as the
number of the feature vectors.

V. ADAPTATION IN OFF-LINE ENGLISH HANDWRITING
CHARACTER RECOGNITION

This section describes adaptations of the proposed solution in
illustrating individual features and improving the variance
between features for intra-class and inter-class in off-line
English character recognition.

V.1 PRE-PROCESSING PHASE

Pre-processing of an image need to be done in order to prepare
the image before the features can be extracted. Fundamentally,
it should start by normalizing all the images of samples into the
typical dimension of 30 x 30 pixels. Then applying the
technique of binarization to the normalized samples with the
aim of being able to procedure the samples, considering that
the images contain of two colures the black bit color (0) or the
white bit (1). The preceding technique is vital on behalf of the
approaching processes having the extraction of the stroke
feature to be functional merely on the images of binary. The
Figures of 4 and Figure 5 demonstrate the values of binary
acquired by the characters input.

Figure 4: Binary value for Character (r

Algorithm of Discretization

For each writer {

Tran  Min = min feature; Max = max feature’

featu - . - . :

of d No_bin = no_feature invariant:

numl Interval = (Max - Min) /No_bin;

mem
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The computation steps of geometric moments are described as
below [21,24]:

1) Read an input image data from left to right and from top to
bottom.

2) Threshold the image data to extract the target process area.

3) Compute the image moment value, Mpa until third order
with formula:

m;m.:J J PP y)a'dy 5 pg=012... (1)
8

4) Compute the intensity moment, (“o-¥o ) of image with
formula:

Xo = Mqo/Moo; Vo = Mo1/Mgo @)

Figure 5: Binary value for Character (v)

Hpa with formula

(3)

5) Compute the central moments,
b= ||| G503 ey =0z
: §

é) Compute normalized central moment, "lpa to be used in

image scaling until third order with
formula:
: (p+q+2) Lo
V:(‘L' uf;:‘lp.?' 3 p+q£3 (4)
B "y

Hoo?

7::) Compute geometric moments, $1 0 to 0P+ with respect to
translation, scale and rotation (geometric moment invariants)
invariants with formula below:
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¢"1 =T|2I}+T|I}2 (5)

¢, = (N2 —Mg2)* + 415y (6)
d3 = (N30 — 3n32)% + (313 —Ngg)? @)
by = (N30 +M42)* + (Mag + Nga)? (8)

V. 3 INVARIANTS DISCRETIZATION PROCESS

A suitable set of interval to represent the extracted features
with a representation value is calculated in the discretization
process. This representation value is called a discretized feature
vector, where the “generalized unique feature" of individual
features is obtained from the median of an interval. This
generalized feature is used to illustrate the individual feature
that is hidden in the individual character of off-line English
handwriting. To acquire an interval, the range of minimum and
maximum data of each writer is divided into a number of
interval (cuts) with an equal size. The number of interval is
defined based on the number of feature vector columns in the
extracted features. As in the example, four feature vector
columns are obtained from the geometric feature technique.
Lower and upper approximation is given to the each interval,
and each of the intervals is represented by one representation
value. The invariant feature vector that falls within the same
interval will have the same representation. The representation
value for an interval is calculated based on the character class
(supervised discretization). If two characters have a close or
similar invariant feature vector, they will have the same or
quite similar interval (cuts) for these two classes. The
Discretization algorithm does not change the information or
characteristic of character. It just represents the original
extracted invariant feature vector in a standard representation
with generalized features. The discretization algorithm for
process is as presented here [21,25].

For characters each element is calculated like cuts and
intervals. So it can be recognized because each one has its own
style and it is unique to keep the characteristics features are
saved and it have its own meanings. Features can be discredited
to give more meaning for it and to be clear to understand, so to
have a match for this concept each characters class should have
an evaluation alone to have the right calculation, more details
for invariants are in [19,14]. To see the transforming for the
invariant vector to discredited feature vector go to Figure 6 and
7.

-5.0995 32,8712 66,0584 0.2161 h
-5.0297 30.0317 54,1113 0.0371 h
-4.9527 29.6248 112.626 0.2478 h
-5. 5489 39. 5976 105.192 3.5101 h
—-5.5823 41.1720 18E.331 2.4801 h
-5.4618 38.4310 89,7734 0.9567 h
-5.3947 36.6550 47 .6791 1.6475 h
-5.0140 30. 3710 J.0963 0. 59486 n
-5.2929 34.6281 34.6722 0.4243 n
-5.5720 38. 9690 7.6508 6.1904 n
-5.2162 33. 5746 44, 3877 0. 3457 n
-5.2638 34,7578 45,9967 0.1476 n
-5.4938 77002 65. 0098 3.5468 n
-5.4380 36. 7971 5353.7999 2.5360 n

Fig. 6 Invariant Feature Vector Data for Character

(h)and (n )

The discretized feature vector obtained from the discretization
algorithm clearly illustrates the individual features (unique
feature) of each character in Kurdish handwriting.

18.6569 18.6569 67.1352 18. 6569 h
18.6569 18.6569 67.1352 18. 6569 h
18.6569 18.6569 115.6136 18. 6569 h
18.6569 18.6569 115.6136 18. 6569 h
18.6569 18.6569 164.0919 18. 6569 h
18.6569 18.6569 67.1352 18. 6569 h
18.6569 18.6569 67.1352 18. 6569 h
3.5809 21. 8866 3. 5809 3. 5809 n
3. 5809 40.1923 40,1923 3. 5809 n
3. 5809 40.1923 5E. 4980 3. 5809 n
3. 5809 40.1923 40.1923 3. 5809 n
3. 5809 40.1923 40.1923 3. 5809 n
3. 5809 40,1923 58.4980 3. 5809 mn
3. 5809 40.1923 58.4980 3. 5809 n

Figure 7: Example of Discretized Feature Data for Character
(h)and)(n)

V. 4 CLASSIFICATION PHASE

Applying the Fuzzy logic at the Character of off-line English
handwriting to acquire the exact outcome for this study. The
classification of Fuzzy logic require some distance within the
Character of off-line English handwriting at the exact time
attempts  towards  diminishing the inaccuracies  of
misclassification. Fuzzy logic was recognized on 1965 [26-27],
according to Lotfi A. Zadeh. Its elementary indication is a
multivalued sense it permits the values of the intermediate to be
determined among the evaluation of conventional as yes/ no,
true/ false, high/ low, etc. Philosophies that can be fast to be
articulated arithmetically then also applied to the computers
programs with the intention of spending additional human like
approach [28]. Regulating and shifting the system through
Fuzzy logic exclusively with the developments of complex or
industrial. Furthermore to perform with a professional structure
and application resembling the classification of SAR data. Two
different experiments have been made with different number of
training and testing data. In the first one used 70% training and
30% testing data from a combination of Un-discretized and
discretized datasets. The second one used 60% to 40%. Fuzzy
logic got the process of training by using a matrix of
classification, and the overall accuracy was calculated for each
the training and testing data. The result for them summarized in
(Table 1 , Table-2) and (Fig 8, Fig 9) shows the results of
recognition between some similar characters.

B Dis
B Un-Dis
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Figure 8: Visualization of Divergence Level between Un-
Discretized and Discretized off-line English Characters
Datasets for all Data Training and Testing
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Figure 9: Visualization of Divergence Level Between
Un-Discretized and Discretized off-line English Characters
Datasets for all Data Training and Testing

Table 1
Over all Comparisons of Hand Written Character Rates with
Different Training and Testing Datasets with Fuzzy Logic

Technigue Accuracy (%) Accuracy {%) Datasets
60% Training Data | 70% Training Data
40% Testing Data | 30% Testing Data
Fuzzy Logic 65 67 Un-Dis
87 84 Dis

Table 2
Comparisons of Recognition Rates with Different Training
and Testing Datasets with Fuzzy Logic

Technique | Characters | Accuracy (%) | Accuracy (%) |  Datasets
60% Training | 70% Training
Data Data
40% Testing | 30% Testing
Data Data |
Fuzzy Logic {h,n) 16 71 Un-Dis
(h,n) 90 96 Dis
(v,u) 57 60 Un-Dis
(vu) 88 75 Dis
[ry) 64 71 Un-Dis
(1) 83 8 | D

VI. CONCLUSION

Here’s a new outline for the determination of distinguishing the
off-line English Hand Written Character. Demonstration of the
properties of the discretization process. An investigation has
been positively accompanied with the use of the suggested
outline. The individual features in the Hand Written Character

can be thoroughly signified through the use of the algorithm of
invariants discretization. The consequences expose that with
the practice of the invariant discretization approach, the
exactness of the Character Recognition of off-line English
Hand Written is meaningfully better-quality with the general
arrangement to get improved accuracy paralleled to pre-
discretized information. In  future the comparable
experimentation can be verified for supplementary characters
to increase the correctness of the machine.
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