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Abstract
This paper explores the existing ring based [2], the
new sector based and the combination of these, termed
as Fusion method for the recognition of handwritten
English capital letters. The variability associated with
the characters is accounted for by way of considering
a fixed number of concentric rings in the case of ring
based approach and a fixed number of sectors in the

case of sector approach. Structural features such as
end points, junction points and the number of branches
are used for the preclassification of characters, the
local features such as normalized vector lengths and
angles derived from either ring or sector approaches
are used in the training using the reference characters
and subsequent recognition of the test characters. The
recognition rates obtained are encouraging.

1. Introduction

This paper addresses the character shapes written by
different individuals. A few approaches dealing with this
problem in the literature are surveyed. Tseng et al.[1] have
used fuzzy ring data for recognizing the invariant
handwritten Chinese characters. Reber[2] has proposed an
artificial neural system design invariant to rotation and
scale. Other applications of neural networks include
preprocessing^] and Arabic character recognition[4].
Recently there have been attempts to deal with uncertain
and incomplete information due to confusing shapes,
writer variabilities, geometric distortion, noise and
contextual effects using Hidden Morkov Models Hu et
al.[5] and Park and Lee [6]. Three sophisticated neural
network classifiers viz., Multiple Multilayer
Perceptron(MLP), Hidden Morkov Model(HMM) and
structure adaptive Serf Organizing Map(SOP) are
presented in Cho[7]. In this paper we extract the features
from a character enclosed in a partitioned circle, where the
partitions take care of the variability. The features are then
trained in neural network for recognition of characters.

2. Feature Extraction:

In this work characters are pre-classified according
to structural features, viz., junction(J) and end(E) points
and branches. A pixel is designated as the junction point if
it has more than two 1's among its 8-neighbors. To remove
spurious points some conditions are applied, i.e., the

number of 0-1 and 1-0 transitions in the 8-neighborhood of
the pixel should be more than or equal to six. A pixel is
designated as the end point, if it has one of the 8-neighbors
as a " 1 " . Starting from a junction point, one of the
neighbors which is " 1 " is selected. By traversing the
skeleton from neighbor to neighbor until a point is
encountered which could be either junction or end point
yields a branch of the pattern. Similarly, all the branches
are determined. To eliminate a barb, a branch having
length less than 3 pixels or a branch ending on E and with
y co-ordinate of E coming earlier than y co-ordinate of J
is eliminated. Since the character "O" does not contain
any J or E point, it is marked as one branch. Based on these
features, the characters are preclassified into different
categories as given in Table 1.

Table 1: Pre classification of
characters
Cate
gory

1.
2.

3.
4.
5.

6.
7.
8.

No of
juncti
on
points
2
1

2
8
8

1
2
1

No of
end
point
s
2
3

0
0
2

1
4
4

No of
branches

4
3

3
1
1

2
5
4

Characters
in a
Category

A,R
E,F,I, J,M,N
,T,W,Y,Z
B,Q
B,D,O
C,G,I, J,L,M
,N,S,U,W,Z
D,P
H,I,K,X
K,X

2.1 The Proposed Approaches For Local Feature
Extraction



The isolated character from the text is made
translation invariant by enclosing it into an enclosed box
which does not contain any redundant rows/columns of
0's. Then it is preprocessed and preclassified. Here comes
the local feature extraction for which we propose the
ring based approach and also a new sector based
approach.

2.2 Ring Based Approach

In this approach first the centroid of the pixels
present in the binary character array is computed and is
enclosed in a circle/ring which is partitioned into six
concentric rings around the centroid. The number of
concentric rings has been arrived at by experimentation for
an optimum recognition rate. The vector lengths of all
pixels in each concentric ring with respect to the centroid
are summed up and then normalized by dividing with the
total number of pixels present in the character array.
Similarly, angles of all the pixels in a concentric are
summed up and then normalized by dividing with 2%.
These normalized vector and angles along with the
coordinates of the centroid constitute the ring (local)
feature vector. These vectors are collected for all the
reference input character sets. There are six concentric
rings (in an array of 24 x 20) with width as below:
Ring 1: Length > 10.0; Ring 2: 8.7 < Length < 10.0
Ring 3: 7.4 < Length < 8.7;Ring 4:5.6 < Length < 7.4
Ring 5: 3.2 < Length < 5.6;Ring 6: Length < 3.2
The coordinates of the centroid are taken as two additional
features. The architecture of a backpropagation network
for training the features is specified to have only one
hidden layer and input and output layers. Therefore, there
are two sets of weights, those figuring in the activation of
hidden layer neurons and those that help determine the
output neuron activation. While training, all the weights
are adjusted by considering a cost function in terms of the
error in the computed output pattern and desired output
pattern. The Back Propagation network for the Ring
Method is denoted by bprrn. After the preclassification of
characters, the ring feature vector is extracted from the
character. This feature vector forms the input to the
particular Backpropagation network. We have 14 input
nodes in each configuration of the neural network
corresponding to 14 features of the character.
Configuration 1 has 1 output-node because categories 1,3,6
and 8 have 2 characters each so we require 1 bit to
distinguish between characters in these categories.
Configuration 2 has 4 output nodes because categories 2
and 5 have 10 & 12 characters respectively so we require 4
bits to distinguish between characters in these categories.
Configuration 3 has 2 output nodes because categories 4
and 7 have 3 and 4 characters respectively so we require 2
bits to distinguish between characters in these categories.

Initially these networks are set up with weights generated
from random number generator. In total we have eight
training files, as there are eight categories of characters.

2.3 A New Sector Based Approach

Here a circle having the enclosed character is
partitioned into twelve sectors with each sector having 30
degrees. It is found from the experiments that the 30
degree sector is an optimum choice. The features are
extracted as follows: the vector lengths of pixels Ts in
each sector is summed up and then normalized by dividing
with the total number of pixel's present in the character
array. In each sector angle of each pixel is found which
varies between particular sector's minimum range and
maximum range. The summation of angles of all pixels in
each sector is computed and normalization of this value is
carried out using 2JI. Then the co-ordinates of the centroid
of the character are taken as additional two features. In all
we get twenty six features. There are 12 Sectors (in an
array of 24 x 20) with Range(degrees) as given for two
sectors below:
Sector 1 : 0 >Degrees < 30; Sector 2: 30 > Degrees < 60
The Back Propagation network for the Sector Method is
denoted by bpsm. There are 26 input nodes corresponding
to 26 features. The number of bits for the output nodes are
decided as explained earlier. Initially these networks are
set up with weights generated from random number
generator and these weights are trained during the training
phase assuming the desired outputs for the known
characters.

2.4 Symmetry With Two Stage Backpropagation
Classifier

Categories 2 and 5 of Table 1 are the largest
categories in the sense that they consist of 10 and 12
characters respectively. If these categories are further
divided into subcategories not only the training time will
be less but it may increase the recognition rate. It can be
seen from the structure of characters that some have
horizontal symmetry(E,I in Cat 2; C,I in Cat 5), vertical
symmetry (M,T,W,Y in Cat 2 & M,U,V,W in Cat 5 and the
rest do not have any symmetry (F,J,N,Z in Cat 2 &
G,J,I,N,S,Z in Cat 5).

2.5 Type Classifier Network

Since within categories 2 and 5 characters can be
placed in 3 sub-categories. There is a need for two stage
bpn classifier. A neural network having d input nodes, c
output nodes can be designed to be a classifier to assign a
given sample with d features to any one of 3 predefined
sub categories within the categories of 2 and 5. For the



recognition of an unknown character belonging to either
category 2 or 5, a two stage process is needed. During the
first stage, the type classifier gets activated indicating
whether the character has horizontal symmetry or vertical
symmetry or no symmetry as shown in Table 2. Then using
the identified subgroup from the first stage, the second
stage activates a particular type of recognition network
(type1 or type2 or type3) which finally gives the true
identity of the unknown character. The features extracted
from the character after passing through the type classifier
network identify the subcategory and the second stage
network gives the identity of the character. The structures
of both type classifier network and recognition network
for category 2 is d-h-2 and for category 5 is d-h-3, h
being the number of hidden layers. These structures are
kept the same in either categories for simplicity.

Table 2: Output node reduction with
symmetry

Confi
gurat
ion
Cat-2

Cat-5

p r o
bprm
(WOS)

14-
10-4
14-
10-4

jerty
bprm
(WS)

14-
10-2
14-
10-3

bpsm
(WOS)

26-
20-4
26-
20-4

bpsm
(WS)

26-20-
2
26-20-
3

WOS: Without Symmetry; WS: With Symmetry

If a character has been correctly pre classified for
category 2 or category 5 but if it is wrongly classified at
the first stage of symmetry determination then false
identity of character is expected. As for the relative merits,
the same test samples, bpsm has high recognition rate as
compared to bprm, since, the sector based approach deals
with symmetry of character better than bprm. Moreover,
the training time of bpsm is higher than that of bprm due
to its large structure.

2.6 Fusion Method

In this approach an attempt is made to combine the
ring and sector methods for extracting the features.
Analyzing the performance, it was found that for
categories 3 , 4 and 8 bprm was the best and for
categories 1, 2, 5, 6 and 7 bpsm was the best in terms of
recognition rates. If the unknown character belongs to
categories 1,2,5,6,7 bpsm is applied else pbrm is applied.
At this point we can judge why bprm and bpsm are the best
only for the particular categories. When a complete
character is enclosed in a few concentric rings for example
B and Q in category 3 and B,D, and O in category 4 pbrm
gives the best performance. Similarly, when a complete
character is enclosed in a few sectors like I and J in
categories 2 and 5, A and R in category 1, bpsm gives the
best performance. However, some of the characters will

not fit in to this condition, they can be assigned to either
bprm or bpsm based on the relative concentration of the
character. However, the main task with the proposed Back
Propagation Fusion Method(bpfm) or simply fusion
method is how to combine the different configurations of
bpsm and bprm neural networks. This is solved by having
5 different backpropagation neural network
configurations. There is an increase in the recognition
rate with bpfm over the isolated bprm and bpsm.

3. Results

For preclassification, we need structural features
consisting of end points, junction points and branches.
Table 3 shows the number of training and test samples
used in each category.

SamplesTable 3:
Category
No

1
2
3
4
5
6
7
8

Training and Test
Trainin
g
Samples
100
450
117
132
4 2 5
62
193
74

Test
Sample
s
72
247
90
70
274
53
103
50

In order to evaluate the performance of the proposed
approaches, the number of test samples is kept same.
Assuming Ntto denote the total number of test samples and
Ns to denote the number of samples correctly preclassified
in an experiment , we define the Pre classification
Success Rate(PSR) = N/N t, where Ns is the number of
samples that are correctly preclassified. And Recognition
Rate(RR) = Nr / Ns, where Nr is number of samples
recognized correctly.

3.1 Performance of bprm & bpsm Without
Symmetry

The number of weight files used is 8 and the
learning parameter is 0.02. The total number of epochs is
fixed at 10,000. The overall PSR obtained is 95.03% and
the overall RR in bprm is 76% and in bpsm is 78.2%

3.2 Performance of bprm and bpsm with
Symmetry and two stage bp Classifier



The two stage backpropagation classifier
incorporating the symmetry property is carried out
through bprm or bpsm. Application of the symmetry
property results in the division of categories 2 and 5 into
subgroups. The number of weight files used is 14 and the
learning parameter is 0.02. The overall PSR is 95.03%
and overall RR in bprm is 79%(approx.) and that in bpsm
85% (approx.)

3.3 Performance of bpfm with Symmetry and two
stage bp classifier

In this method potentials of two methods are
combined so as to get good recognition rate as shown in
Table 4. The overall PSR is 95.03% and overall RR in
bpfm is 86% (approx).

Table 4: Performance of bpfm with
symmetry

Category
No

1
2
3
4
5
6
7
8

Method

sector
sector
ring
ring
sector
sector
sector
ring

RR(bpfm)

9 6 . 8 0 %
8 7 . 4 0 %
8 2 . 7 %
8 7 . 8 %
8 7 . 3 %
9 2 . 0 0 %
7 7 . 3 0 %
8 1 . 6 %

Finally, the results obtained from different network
configurations are summarized in Table 5.

Table 5 ; Recognition rates
S .

1.
2.
3.
4.
5.

Method

bprm (WOSP)
bpsm (WOSP)
bprm (WSP)
bpsm (WSP)
bpfm (WSP)

Recognition
Rate

76%
78.2%
79%(Approx.)
85%(Approx.)
86%(Approx.)

features, the neural networks are trained. Fusion method
gives a unique way of combining potentials of ring and
sector based approaches and the symmetry of the
characters is incorporated into the neural networks for the
improved recognition rate. We have not tapped the
capabilities of other classifiers, but the features of this
paper can be used for other classifiers such as Hidden
Markov Model classifier, Baysian classifier, stochastic
classifier etc.
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4. Conclusions

This paper presents some innovative approaches for the
recognition of isolated handwritten English characters. It
seeks to incorporate the variations in the representation of
handwritten characters by enclosing characters in circles
partitioned into either rings or sectors or both and extract
the local features. The characters are preclassified using
the structural features.. The ring and sector based
approaches take care of size and rotational invariance by
limiting it to lie within rings or sectors. Using the local


