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Abstract

India is a multilingual multiscript country with more
than I8 languages and 10 different major scripts. Not
enough research work towards recognition of handwritten
characters of these Indian scripts has been done. Tamil,
an official as well as popular script of the southem part
af India, Singapore, Malaysia, and Sn Lanka has a large
character set which includes many compommnd characters.
Only a few works towards handwriting recognition of this
large chavacter set has been reported in the literature. Re-
cently, HP Labs India developed a database of handwrit-
ten Tamil characters. In the present paper, we describe an
aff-line recognition apmuoach based on this database. The
proposed method consists of wo stages. In the first stage,
we apply an wunsupervised clustering method to create a
smaller number of goups of handwritten Tamil character
classes. In the second stage, we consider a supervised clas-
sification technigue in each of these smaller groups for fi-
nal recognition. The featwres considered in the two stages
are different. The proposed two-stage recognition scheme
provided acceptable classification accurvacies on both the
training and test sets of the present database.

1 Introduction

Off-line recognition of handwritten characters has been
studied well in the literature as far as Latin and a few other
scripts of the developed nations are concerned. Surveys of
related works are found in [1, 2, 3], However, there has
nol been much progress wwards recognition of handwrit-
ten characters of Indian seripts. On the other hand, such
recognition problem for an Indian seript is different in na-
ture because of the size of is alphabet and the similarities
between different characters of an Indian alphabet. Also,
unlike in English script, the alphabet of an Indian senpt
has a large number of compound characters formed by both
vowel-consonant and consonant-consonantl combinations.
Hence, the problem of handwritten character recognition
of an Indian seript needs more attention.

A few existing studies for off-line recognition of hand-
writlten characters of Indian scripts include [4] for De-

vanagan, [3, 6] for Bangla, [7] for Telugu, [8] for Tamil
and [9, 10] for Orya. Most of these works are based
on small databases collected in laboratory environments.
However, a few recent research works on Bangla handwrit-
ing recognition are based on large databases of handwrit-
ten [11, 12, 13] charcter samples.

A major obstacle to serwus research work on handwrit-
ing recognition of an Indian script is the non-availability
of standard databases for training and testing purposes.
However, recently HP Lab India has developed a database,
called hpl-tamil-iso-char, of handwritien samples of 156
different Tamil characters [14]. This database is available
freely for research purpose. Although the data was col-
lected vsing HP Tablet PCs and 15 in standard UNIPEN
format, an off-line version of the same set of samples is
also downloadable. In the present report, we have studied
an off-line recognition strategy for 156 class handwrillen
isolated Tamil characters.

In the first stage of the proposed two-stage recognition
scheme, we classify an input character into one of a small
number of groups. 1n the second stage, we use a bank of
multilayer perceptron (MLP) classifiers, each correspond-
ing o one group of character classes. The groups of char-
acter classes used in the first stage are overdapping, that
is, samples from one character class vsoally fall into more
than one groups. Cerain transition feare values com-
puted from the training samples are used by the unsuper-
vised K-means clustering alzorithm o obtain these groups
of the first stage. The value of K and the valid character
classes in each group are determined empirically.

In the second stage, we use chain code histogram fea-
tures computed from the contour of the input character.
A distinct MLP classifier is trmined for each of the above
groups. The final recognition accuracy provided by this
two stage approach is significantly better than a single stage
method using the same chain code features along with an
MLP classifier.

The rest of this article is organized as follows. Section 2
presents a brief descrption of Tamil script and the present
database of Tamil handwritien isolated characters. The pro-
posed two-stage recognition methodology is described in
Sectuon 3. Expenimental results are provided i Section 4.
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Figure 1. Basic Tamil characters (o) Vowels; ()
Consonants; () Grantha; (d) Aytam.

Section 5 concludes the article.

2 Handwritten database for Tamil charac-
ters

2.1 Tamil script

Tamil, a member of the Dravidian language family, is
spoken by around 52 million people of the Indian subcon-
tnent. Its sernipl like other Indic senipts, s known o be
evolved from the ancient Brahmi senpt and written ina kel
to right fashion. The Tamil scriptis syllabic but not alpha-
betic. There are twelve vowels (Fig.1(a)) and eighteen con-
sonants (Fig. 1({b)). The modern script of Tamil also con-
sists of another five consonants (Fig.1{¢)), called grantha
letters and these are used o wrle consonants bormowed
from Sanskrit. Thus, this script has 335 basic chamclers.
Also, there is another character, called aviam (Fig.1(d)),
which is classified in Tamil grammar as being neither a
consonant nor a vowel.

In addition to the above isolated characters, often a con-
sonant or a cluster of two or more consonants combines
with a vowel causing a modified shape of the vowel, called
vowel diwentic. Although this indicates the presence of a
large number of Tamil characters, the modern Tamil lan-
guage does not use many of these combinations and only
156 chamcters meluding independent vowels, consonants
and their combinations are presently used for wriling in
Tarml.

2.2 hpl-tamil-iso-char database

The dataset hpl-tamil-iso-char-online- 1.0, developed by
HF Lab India [14]. 15 used for the present work. This data-
base contains samples of the 156 character classes collected
from different writers using a TabletPC application. Each
writer contributed 2 1o 10 samples per class.

There are approximately 300 samples in most of the
classes. However, there are a few classes with fewer sam-
ples. Ina very few classes the number of samples 15 ap-
prosimately 275, The samples were witten by native Tamil
writers including school children, university graduates, and
adults from different cities of South India.

The whole database s divided into raining and est sets.
The truining dataset contans approximately 300 1solated
samples in each class save for a few classes only. The rest
of the samples form the test dataset.

A simple precewise linear mterpolation with a constant
thickenmmg factor has been used on the onhine data w gen-
erate offline image versions of these samples. These are
provided as bi-level TIFF images. In the present rmecogni-
tion work, we have used these latter offline samples.

3 Proposed recognition scheme

Usually, a single stage recognition system provides
acceptable accuracies m relatively small class problems.
However, when the number of underlying classes 15 very
large, the same recognition scheme fails o provide similar
accuracies. One common approach o this problem s o
use o multistage scheme which considers fewer classes in
cach of its stages.

To solve the present 156 class recognition problem, we
use 4 two stage recognition scheme.  Details of both the
stages are given below.

3.1 Preprocessing

First, we apply thickening of the input image. This is
accomplished by blackening all the 8-neighbours of each
of its object pixels. Next, linear size normalization s ap-
plied to convert its mow and column numbers inlo nearest
multiples of 7. In Fig. 2 an input character image and the
same afler 115 preprocessing are shown,

{a) b ()

Figure 2. Preprocessing (o) an input character im-
age (56 = 87); (b) after its thickening (58 = 89); (c)
size normalized (56 = O1) thick image.

3.2 First stage: determination of smaller groups

In the first stage of the proposed scheme, an input char-
acter is identified into one of a few smaller groups of char-
acters. These groups are determined by unsupervised clus-
tering of training samples. In the present work, we use K-
means clustering technique for the above purpose.



32.1 Feature extraction for the first stage

The matrix corresponding 0 a character image after its pre-
processing 15 divided into 7 = 7 equal blocks. We scan cach
of the mesulung 49 blocks along both honeontal and verti-
cal directions. In each such scan, we count the number of
transitions (white to black and vice -versa). Thus, we oblain
a2 x40 = 98 component transition fealure vector corre-
sponding 1o each character sample.

32.2 Unsupervised clustering

The above transition feature values are computed for the
training samples of all of the 156 classes. These feature val-
ues are pooled wegether and standard K —means algorithm
is applied on the combined set until the error decreases 1o
a preassigned small quantity. Each of the resulting group
may consist of samples from one or more characler classes.
However, if the number of raining samples from a charac-
ter class falling in a paticular group is very small (say, less
than or equal o 2.3% of the available training samples in
that character class), we ignore those trmining samples dur-
ing further computation of the groups. The prototype of
each such group is obtained by averaging feature values of
all the valid training samples falling in the particular group.
The groups are identified during further processing by these
prototy pes.

33 Second stage: group wise classification

Different samples from the same character class may fall
into different groups obtained during the first stage. On the
other hand, a group may consist of one or more character
classes. If a group consists of a single class only, then it
does not require any processing during the second stage.
Otherwise, if a group consists of valid samples from more
than one (say, N) classes, then during the second stage of
the proposed scheme, we use a distinet MLP classifier with
N output nodes for such a group. The MLP classifier uses
chain code histogram featre [15] o recognize the charac-
ter class of each sample identified into the group during the
first stage.

33.1 Chain code histogram features

During the second stage of the proposed scheme, chain
code histogram features of an input character image is com-
puted from its contour representation. The chain code rep-
resentation of the character contour is obtained by using
Freeman's chain code (shown in Fig. 3(a)). This chain
code representation of the character contour is divided into
T equal homzontal and vertical strnips resulting mto 49 equal
rectangular blocks (Fig. 3(b)). In each block, a local his-
togram of the chain codes is calculated. Since the direc-
tions along the skeleton or contour should be effectively
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Figure 3. (o) Scheme for chaincodes; (5) chain
code representation of the character shape in Fig.
2(c).

quantized into one of 4 possible values, viz. Oord, 1 or 5, 2
or 6 and 3 or 7, the histogram of each block has four com-
ponents. Finally, the above 7 = 7 blocks 15 down sampled
into 4 x 4 blocks using Gaussian filier. Thus, the feature
viector used in the second stage has 4 x4 = 4 = 64 com-
ponents. For size nommalization, each component of this
feature is divided by the product of the height and width of
cach block.

33.2 MLP classifiers

Distinct MLP classifiers have been chosen as the classifiers
for each group of the second and final stage. There are
64 input nodes in each such MLP classifier. Number of
output nodes of each MLP classifier is equal to the num-
ber of classes belonging to the respective group.  Since
it is difficult to estimate the optimal size(s) of the hidden
layer(s) of each classifier, we experimented with several
different choices of this size in each case and classification
results are reporied i the next section corresponding Lo the
best sitwation. The well known backpropagation (BP) al-
gorithm [16] is wsed for the training of MLP classifiers.
However, in many applications hike the present one, the
proper training of an MLP largely depends on the choice
of the parameter (leaming rate and momentum factor) val-
ues of BP algorithm and also it often converges too slowly.
There exist a number of modified BP algorithms which take
care of these problems of the original BP algorithm. In the
present classification task, we considered a modified BP al-
gorithm [ 17] using self-adaptive keaming rate values.



Finally, the sirategic selection of the point of termina-
tion of the iterative learning of BP algorithm is another im-
portant issue. Usually, during the inital stages of training
of an MLP using BP tmining algorithm, it gradually de-
creases the system error [ 16] on both the traiming and test
sets. However, afler a certain amount of waining, this error
further decreases on the training set while it starts increas-
ing on the test set. The point of time when the error on the
test sel increases for at least three consecutive sweeps for
the first instance is noted and the weight values before the
error starts increasing, are considered for reporting classi-
fication percentages.

e Shape of the Character Class
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Figure 4. A few groups of character classes
formed during the first stage of the proposed
scheme.

4 Experimental results

We simulated the K —means algorithm with different
choices of K for unsupervised clustering of the first stage.
Based on these simulations we observed that K = 25 is an
acceplable choice in terms of different factors such as num-
ber of character classes in each cluster and classification
ermor between clusters. With this choice of K, the maxi-
mum number of classes ina groupis 28 while the minimum

o
number is 1 (the character @ @ forms a singleton group).

There are 10 - 20 character classes in 6 groups and 20 -
25 character classes in 14 groups. Also, the resulting mis-
classification errors between groups are 3. 85% and 5.97%
respectively on the training and test sets. In this first stage,
we considered only those character classes in a group for
which at least 2.5% of the total waining samples belong 1o

the group. A few such groups of character classes oblained
during the first stage of the present scheme are shown in
Fig. 4. Character samples belonging to a group which does
not contain the comesponding character elasses are consid-
ered o be misclassified samples. Percentages of training
and test samples misclassified in each of these groups of
the first stage are shown in Table 1.

Tahle 1. Misclassificaton figures® dunng the first stage

Cluster Misclasafication Cluster Misclassification %4
oD, Training Test Mo Traning Test
0 o1g 019 13 n.1a 03
1 ] 0 14 025 n3z2
2 0.06 0.06 15 0.18 0.33
3 013 022 16 017 017
4 oog 012 17 013 034
5 o7 0.33 18 018 0.29
G 016 02 19 022 n2a
Fi 0. 0.3 20 015 032
a 014 (IR E=] 21 021 023
a 015 029 22 014 .19
10 013 0.26 23 0.15 0.25
11 015 019 24 .19 022
12 017 0.

* The percentages are worl. the entire traming and Lest sels

In the second stage, we consider only 24 groups which
include more than one character class. Here, we do not con-
sider those training or test samples which are misc lassified
during the first stage. Also, in this stage, betier recogni-
tion accuracies are achieved for smaller groups while the
same is comparatively poor for larger groups. In the sec-
ond stage, the best recognition performance is achieved for
eroup 2 consisting of 11 character classes. The correspond-
ing misclassification percentages for training and test sets
are respectively 0002% and 0002%. On the other hand, the
worst recognition performance is achieved for group 3 con-
sisting of 27 classes. The corresponding misclassification
percentages for training and test sels are respectively 4.65%
and 6.2%. Compositions of these two groups are shown in
Fig. 4. Also, details of the recognition results of the second
stage are shown in Table 2

Finally, the ol number of training and test samples
misclassified in the first stage are respectively 1951 {out of
50,683) and 1608 (out of 26,926). Thus the comresponding
misclassification percentages of the first stage are respec-
tively 3.85% and 5.97%. The numbers of training and Lest
samples used in the second stage are 48,732 and 25 318,
Numbers of misclassifications of the second stage are re-
spectively 1711 and 1177, Thus, the mspective percent-
ages are 3.51% and 4.65%. The overall recognition accura-
cies (considering both the stages) are 92.77% and 89.66%
on the training and test sets respectively. The best accu-
racy (off-line) on the same test set reported in the intema-



Table 2, Misclassification Agures® during the second stage

Cluster Meclazsification] %) Cluster Misciazsification] %)

Mo Trairing  Test Mo Training  Test
1] 01z 014 13 TRE] 024
1 0.00 .00 14 017 0.18
2 0.0z 002 15 014 018
3 026 027 16 0.13 014
4 0.07 0.1 17 014 029
5 02 029 18 017 022
B 011 0.12 19 0.16 0.25
7 0z 026 20 0.18 031
g8 011 013 21 009 0.11
=] 018 028 2 013 015
10 012 0.15 23 0.14 0.19
11 014 0.18 24 0.18 022
12 016 0.23

+ The percentages are worL the entire training and test sets

tional compettion on handwntten Tamil character recogni-
ton (IWFHR10) was 87.66%.

5 Conclusions

In the present work, we considered a two stage recogni-
tion scheme for handwritien Tamil characters. We obtained
simulation results of the proposed scheme on a database of
handwrntten Tamil characters developed by HP Labs India
and freely available on the WWW. The recognition accura-
cies obtained are 92.77% and 89.66% respectively on the
traming and Lest sets.

We also simulated a single stage method vsing the same
chain code histogram feature and an MLP classifier 1o-
wards this recognition problem.  However, we obtained
only 74.65% and 69 48% recognilion accuracies respec-
tively on the training and Lest sets.
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