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Off-line Handwritten Character Recognition
using Geometric Moment Features and Fuzzy
Clustering
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Abstract: Now a days, the handwritten character recognition is
a challenging task for the researchers because of the difficulty in
identifying local invariant patterns due to different writing styles
of every individual. In the present work, an off-line handwritten
character recognition using geometric moment features is
investigated. The geometric moment features are directly related
to geometric features of a pattern and are also known as pattern
sensitive features. They are invariant under change of size,
orientation and translation. The Fuzzy C-means algorithm is
proposed for clustering because the geometric invariant features
contains a lot of redundant information. The proposed work
employs geometric moment invariant features and achieved a
classification accuracy of 86.50% which is quite satisfactory.

Index Terms: Geometric moment features, Fuzzy clustering,
Character recognition, Neural Network.

I. INTRODUCTION

The handwritten character recognition systems are broadly
classified as off-line and on-line systems. In case of the
off-line handwritten character recognition system, the
handwritten document is first scanned using a scanner or
camera and then digitized, stored and processed further for
the recognition process. The off-line recognition system is
found to be useful in a wide variety of applications such as in
libraries for archiving library material, in postal office for
sorting mail, in banks and insurance companies for cheque
processing, in preserving transcription of historical
documents and on the web for creating e-books. The on-line
character recognition system processes the characters during
the writing of characters itself by storing stroke information
such as stroke length, pen-up, pen-down, stroke timestamp,
stroke width etc.

In the last few decades, significant progress in handwriting
recognition has been witnessed with progress in the statistical
pattern recognition techniques. The statistical methods
process a large amount of data and provide better accuracy as
compared to the traditional methods used in handwritten
character recognition system. The statistical methods work
very well in the presence of a large amount of data only.
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However, the unavailability of quality handwritten data in
some language scripts remains a challenge for researchers.
So, there is great demand to achieve high recognition
accuracy with limited data and that too without statistical
techniques. The limited availability of script-specific quality
data popularizes the use of traditional feature-based
handwritten character recognition system. Therefore, the aim
of the work presented in this paper is to analyze the special
traits of handwritten characters and to make the best use of
various script specific characteristics.

In the area of pattern recognition research, the geometric
moment invariant features have been extensively exploited in
the recent past. The geometric moments are the simplest type
of moments and were first introduced by (Hu, 1962) for the
character recognition task. The low order geometric moments
can easily capture global descriptions of any image.
Furthermore, the geometrical information of a sample image
grows with the increase in the order of geometric moment of
that sample image. The shape describing nature of geometric
moment invariant features makes this feature more suitable
and popular for character recognition problems.

Il. RELATED WORK

A lot of research work is available in the literature on
geometric moment features and widely accepted for character
recognition in many languages (Gan & Lua, 1992); (Dehghan
& Faez, 1997); (Flusser & Suk, 1994); (Chim, Kassim, &
Ibrahim, 1999); (Trier, Jain, & Taxt, 1996); (Flusser, 2006).
(Mercimek, Gulez, & Mumcu, 2005) used moment invariant
features along with the MLP classifier for real time object
recognition. (Dhir, 2010) investigated the moment based
invariant feature for bilingual character recognition and
reported improvement in recognition accuracy. (Liu, Klein,
Xue, & Zhang, 2009) explored geometric moment feature for
human letter recognition near the acuity limit and the authors
worked on the recognition of Chinese characters and English
letters by considering global features. Recently, (Shu, Zhang,
Shi, & Qi, 2016) described and analyzed several

modifications in the original “Hu” moment invariants. The
authors also presented an experiment on a comparison of
several weighting functions of central moment calculation by
considering human perceptions. They observed that the
central moment calculated by their proposed method can
retrievals in

improve the performance of 2D shape
comparison to original “HU” moments.
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I1l. HANDWRITTEN CHARACTER DATABASE
PREPARATION ST

The database preparation step consists of creating sample
images. In the present work, the sample images are taken from

handwritten samples collected from 10 different people 4 P A & B B
(Choudhary, Rishi, & Ahlawat, 2013b); (Choudhary, & Rishi, N N "
2014b). Each person contributes one handwritten sample B & B > ® B
consisting of 26 English alphabets (A-Z). The handwritten "
samples collected from two persons has been shown in Fig.1 & & (o C & <
and Fig.2. = - ‘
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A total of 260 (26 x 1 x 10=260) raw handwritten character i L L L L /-

images has been collected from all the 10 contributors. For the u 5
proposed work, the database repository of English
handwritten alphabet has been prepared and some sample
handwritten character images are shown in Fig.3, 4, 5, 6 and
7. The sample images clearly show that the present work is
more challenging and difficult because of the presence of
variation in handwriting styles of various writers (Choudhary,
Rishi, & Ahlawat, 2013a); (Choudhary, Rishi, & Ahlawat,
2014a);. The different writers add more complexity while
writing characters of different shapes, size, skew and slant.

Fig. 4 Database Repository Part-11
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Fig. 6 Database Repository Part-1V

The samples have been scanned and converted in a uniform
image format (.jpg, .omp or .gif) in the image acquisition step.
The uniform image format helps in making the image samples
suitable for further processing.
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Fig. 7 Database Repository Part-V

IV. PREPROCESSING OF SAMPLE IMAGES

The pre-processing step is the most important step in a
typical handwritten character recognition system. During this
step, input data is pre-processed by applying various
pre-processing techniques such as scaling, noise reduction,
slant correction, skew estimation etc. The main
pre-processing techniques that have been used here are size
normalization, rotation and grey to binary conversion. In the
present work, Otsu's method has been used to calculate the
threshold value needed in converting the grey image into a
binary image. The aim of pre-processing is to convert all raw
input images in a standard normal form which are suitable for
the next feature extraction step.

V. FEATURE EXTRACTION AND TRAINING
SAMPLE PREPARATION

Feature extraction consists of transforming the input
handwritten character images into an equivalent set of
features. It aims at obtaining a minimal and highly selective
representation of the input data, which can be used for further
classification. The Hu’s moment invariants have been used as
features for the proposed handwritten character recognition

A. Geometric Moments Features

The geometric moments (also known as Hu’s moment
invariants) are the area moment invariants and are computed
based on the shape, boundary and interior region information
of an input image (Hu, 1962). The raw image moments M,
for an image with pixel intensity (x, v) is calculated using Eq.
1.

M!’j = E.J:Zy xi}jj'!(x'}j) (1)

The Area and Centroid for input binary images are derived
from the geometric moment and are expressed in Eq. 2 and
Eq. 3.

Area = My, (2)

] _ My My,
Centroid = {X,7} = {ﬁ, ﬁ} @)

Published By:
Blue Eyes Intelligence Engineering
& Sciences Publication




Off-line Handwritten Character Recognition using Geometric Moment Features and Fuzzy Clustering

The moments about the centroid are known as central
moments. Assuming f(x, y) representing a digital character
image, the central moment is calculated as per Eq. 4.

ipg = T Zy(x — DP(y — 7 (x.7) @
here f(x,y) represents a digital character image; (x,V) is
taken from the centroid and {%,7} = {w“' Poyy

The central moment of the order up to 3 are calculated as:
Moo = Moo, Ho1 =0, H1g=0,
My = My — XMy = My — VMy,,
Mag = Mso— f@m ) .”02_= My, __J_’Mm:
Hay = Mpy — 2XMyy — My + 272 My,
12 = My — 2FMy; — £Mg; + 272 My,
H3g = M3q — 3TMyq + 2> My,
toz = Mgz — 37Mg; + 272 My,

These Central moments are translational invariants. The
moment n,; (where i +j = 2) is calculated using the Eg. 5.

u
nij = I:jt:F_r (5)
(a+—="
Haoo 2

As the name suggests, the geometric moment features are
invariant under scaling, translation and rotation. They are
calculated using central moments as follows:

I, = (20 + Moz

I = (N20 —Mo2)* + (2111)?

Iy = (N30 —3112)> + (3121 — 103 )*

I = (30 + 112)* + (21 +103)?

The feature vector of a sample handwritten character image
consists of the above-mentioned geometric moments. The
Fuzzy C-means clustering has been applied to prepare
learning samples for the classification step.

B. Fuzzy C-Means Clustering

In 1973, Dunn developed a new clustering method that take
care of the fact that a data point can belong to two or more
clusters. This clustering method is known as Fuzzy C-means
Clustering algorithm (FCM). Later in 1981, the FCM was
improved by Bezdek and becomes one of the famous
clustering algorithms used for solving pattern recognition
problems. Fuzzy C-means Clustering algorithm calculates the
degree of belongingness of a data point to a particular cluster
by calculating fuzzy membership. The degree of membership
is represented as p, (x), where K represents the cluster and x
represents the data point. The distance of the cluster centre is

- H 1
related with membership value as u(x) = d(centery, x’

where the d(center,, x) is the distance of X" data point from
the k™ cluster center. The membership value of a data point is
high at the center of the cluster and low on the edges.

The Fuzzy C-means clustering algorithm operates as shown
in Fig.8.
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Choose no of cluster
Assign randomly to each point coefficients for
being in the clusters
Compute the centroid for each cluster
For each point, compute its coefficients of
being in cluster

Repeat the two previous steps until the change
in coefficients between two iterations is no

more than the given sensitivity threshold.

Fig. 8 Steps in Fuzzy C-means Clustering

The FCM clustering algorithm is a good choice of clustering
in character recognition system because a character image can
belong to one or more clusters. Also, FCM clustering may
increase the chance of finding relevant images from the
database even in the presence of non-relevant images in the
database. The algorithm minimizes the inter cluster variance
and can increase the handwritten character recognition
accuracy. In this work, the performance of neural network
classification is highly dependent on FCM clustering.

The objective function for fuzzy clustering is to minimize the
following equatlon

n,V) = ZZ e = v 1P Zumzl
i=1k= (6)
where n: no. of data items; c: no. of clusters;

U, - membership value of data among clusters;
|x, — ;| : ameasure of distance from the sample x to the

center of a cluster v7; ;

m : a parameter that controls fuzziness of a cluster (m >=1). If
m approaches 1 the partition data is based on the binary
decision otherwise the membership degrades towards a fuzzy
state.

VI. IMPLEMENTATION AND CLASSIFICATION

The implementation of the proposed system starts with 26
classes of English alphabet. The 260 sample character images
have been collected from 10 writers. The moment up to order
3 has been used to calculate geometric invariants and
considered as a feature vector for further processing. An
unsupervised neural network classifier has been used in the
proposed work. Unsupervised learning has been adopted for
training the handwritten character recognition system. Here,
the following three methods of classification has been used.

(a) Direct Comparison of the clusters obtained: The fuzzy
clustering algorithm has been applied to obtain the
clusters for both the input character image and the images
in the dataset.
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Once the clusters are obtained, the clusters of the input
sample character images and the images in the dataset
have been compared to get the degree of similarity in
between the input character image and an image in the
dataset.

(b) Slope between the Clusters: This is another way of
classification where slope between two clusters of an
input image obtained after applying fuzzy clustering
algorithm, has been calculated along the Y-axis and
compared with a slop of cluster of the training dataset.

(c) Zoning: It is a method that involves the division of the
character into smaller fragments of areas (zones). Here,
each character image has been divided into a 3x3 matrix,
i.e. 9 regions. The number of clusters in each region has
been counted. The same has been done for the images in
the training patterns where each image has been divided
into regions and then the clusters in each region has been
counted. After this, the number of clusters for the input
image and the number of clusters for the images in the
training dataset has been obtained. These cluster points
thus obtained are compared and the degree of similarity is
recorded.

The proposed handwritten character recognition system
has been implemented using a neural network classifier as
shown in Fig.9.

= e

<\ Meural Metwark Training {nntraintaall

Neural Network

G- Rl Sl Eel-&

Algorithms

Training: RProp

Performance: Mean Squared Error

Frogress

Epoch: [ TEO iterations 20000
Time: 0:00:53

Performance: 0.258 _0.0119 0.00700
Gradient: 1.00 000245 ] 1.00e-10
Walidation Checks: 0 1 [

Flots

[ Performance |

{ Training State ]

| Regression |

Plot Interval: U 1epachs

ﬁ‘g Training neural network..

[ & stop Training i | @ cancel |

Fig. 9 Training Process of the Proposed Work

The input layer of the neural network consists of neurons
representing features of a sample character image. The hidden
layer neurons are chosen to be 80 by trial and error method.
The output layer consists of 26 neurons representing English
alphabets. The ‘tansig’ and ‘logsig” functions are used as
activation function for hidden and output layer respectively,
whereas ‘trainrp’ is used as an adaptive learning function.
The experiment used a mean square error (MSE) function as a
cost function to analyze the performance of the proposed
method. The neural network training process stops when
either the error reaches less than or equal to a threshold value
(taken 0.007 for this experiment) or a maximum number of
epochs (taken 20000 for this experiment) are reached. The
whole neural network training process for the proposed
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approach has been shown in Fig.9 indicating that the network
has been trained properly.

Some of the recognition results obtained from character
image sources has been shown in Fig. 10, 11 and 12. Here, the
handwritten character recognition system accepts the sample
character image as input, pre-process the input image by
performing noise reduction, centering and scaling and then
makes sample image acceptable for the feature extraction
system. The feature extraction system extracts the information
present in the input image into a few stable and informative
set of features. At last, the system classifies the input image by
comparing the feature vectors of the input image and feature
vector of the training data and recognizes the character.

Command Windo

S @ New to MATLAB? Watch this Video, see Demos, or read

Enter input image path
The character i= :-—
A

> Briguel | C )

Fi Ec Vis Ins To Desl Win He ~

DS S| k|2 >

:— rteschlhvl.jpg

Current Directory

A

Fig. 10 Recognition Result having Input from Source-1
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<

Fig. 11 Recognition Result having Input from Source 2
- Command Windo 1
o New to MATLAB? Watch this Video, see Demos, or read Ge
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v

>> uFlgure 1 l‘:' = é
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D de | k| &L >

Current Directory

A4

Fig. 12 Recognition Result having Input from Source 3

The 10 samples of each character image (A-Z) has been
prepared. The character image samples have been presented
to the neural network classifier for classification purpose. The
total number of samples are
260 (26*10=260).
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The size of target output matrix is 260 x 26, where rows are
representing the number of samples and columns are
representing the target classes (A-Z). A ‘1’ in a row represents
the neuron with the highest confidence (best match) in the
output layer. The ‘0’ is used to represent all the remaining
neurons with minimum confidence.

dphabe b ¢ d e f g h | ] k | m n o p gr s t Uvwx y z Sicoss
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s |00 00011000000 O0O0O0O0O0S 80000000 8
t o 0 0O0OoO0OOOOOOOOCOOOO®OOOOOT7 01 1 010 70
u 00 o0O0O0OOT OOOOOCOOO©OOOOOOOOOO IC0 O0CO0O0CTO0 100
v o 0 00 0O0OOOOOOTI1TO0O0UO0OOOO0OOTOT®O DS9S O0OO0O0TO0 90
w 0 0o00O0OOOCI11©0O0OO0OOOT11TO0OOCO0OOO®OSOOCTOTO0OCTO S8 000 80
X o 0 0O0OO0OOOOOOCOOOO®OOO0ODOO®OOOCOOOOOCTO0OS9S 0 1 90
Yy 0 0o00O0OO1O0O0OO0OOOOOO©OTOOOCTO®OO®OOOTOTO0OCO0OO0OTO0OS9 0 90
z 0o 0 0O0O0OOOOOOO®OO®OOQCSOO®OOOOO®O®O0OO0OCO0 1 O0 9 90

oversll recognition accuracy 86.50%

Fig. 13 Confusing Matrix representing the Performance of the
NN Classifier

It is evident from the confusion matrix shown in Fig.13 that
the characters ‘a’, ‘m’, ‘p” and ‘t’ are recognized accurately 7
times out of 10. The characters ‘h’, ‘i’, ‘r’ and ‘u’ are
recognized 100% correctly. The character ‘k’ is
miss-classified 2 times, one time as ‘d’ and one time as ‘x’.
The recognition system achieved an average recognition
accuracy of 86.50% as shown in Fig.13.

VII. CONCLUSION AND FUTURE SCOPE

Though ubiquitous invariant patterns and distinctive
features play an important role in recognizing handwritten
characters, the lesser availability of such quality data is still a
hindrance in achieving good recognition accuracy in a
character recognition problem. The proposed work
successfully uses geometric moment invariant features and
achieved a classification accuracy of 86.50%. A hybrid
approach using a combination of geometric moment features
with some other type of features such as Chain Code or
Binarization features can be investigated in future. The soft
computing techniques like fuzzy logic, genetic algorithms or
neuro-fuzzy with geometric invariant features can also be
examined in the future.
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