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Abstract

This paper proposes a simple voting scheme for off-line
recognition of handprinted numerals. One of the main fea-
tures of the proposed scheme is that this is not script depen-
dent. Another interesting feature is that it is sufficiently fast
for real-life applications. In contrast to the usual practices,
here we studied the efficiency of a majority voting approach
when all the classifiers involved are multilayer perceptrons
(MLP) of different sizes and respective features are based
on wavelet transforms at different resolution levels. The
rationale for this approach is to explore how one can im-
prove the recognition performance without adding much to
the requirements for computational time and resources. For
simplicity and efficiency, in the present work, we considered
only three coarse-to-fine resolution levels of wavelet repre-
sentation. We primarily simulated the proposed technique
on a database of off-line handprinted Bangla (a major In-
dian script) numerals. We achieved 97.16% correct recog-
nition rate on a test set of 5000 Bangla numerals. In this
simulation we used two other disjoint sets (one for training
and the other for validation purpose) of sizes 6000 and 1000
respectively. We have also tested our approach on MNIST
database for handwritten English digits. The result is com-
parable with state-of-the-art technologies.

1. Introduction

The off-line recognition of hand printed characters, in
particular, numerals has been a topic of intensive research
during last few years due to its enormous application poten-
tial. The application areas include postal code reading, au-
tomatic processing of bank cheques, office automation and
various other scientific and business applications. On the
other hand, the problem is very interesting by nature be-
cause each individual writer produces a unique set of char-
acters each time they write.

Many diverse algorithms/schemes for hand printed char-
acter recognition [1, 2] exist and each of these have their
own merits and demerits. Moreover, they are usually script
dependent. A few works include [3] in English, [4] in Chi-
nese, [5] in Korean, [6] in Arabic and [7] in Kanji and so

on. Some preliminary works [8, 9, 10] has been done on
Bangla, the second-most popular language and script in the
Indian subcontinent and the fifth-most popular language in
the world.

Possibly the most important aspect of a handwriting
recognition scheme is the selection of a good feature set
which is reasonably invariant with respect to shape vari-
ations caused by various writing styles. A large number
of feature extraction methods are available in the litera-
ture [11]. So instead of proposing another feature extrac-
tion method, it seems justified to investigate how an exist-
ing feature extraction method(s) can be used along with an
intelligent classification strategy to achieve both speed and
acceptable recognition accuracies in different scripts.

In the present work, we considered multiresolution fea-
tures based on a wavelet transform and a voting scheme on
the responses of a set of multi-layer perceptron (MLP) net-
works for the classification purpose. The present technique
has been tested on two different scripts — Bangla and En-
glish and obtained both speed and recognition accuracies
comparable to the state-of-the-art techniques. The reason
for obtaining high speed recognition rate in the proposed
approach is that wavelet, as a feature-extraction tool, fits
naturally with digital computer with its basis functions de-
fined by just multiplication and addition operators — there
are no derivatives or integrals.

Wavelet based approaches have been proposed previ-
ously for recognition of handwritten characters [12, 13] but
not in a manner used by us. Since the wavelet transform
provides an invariant interpretation of a character image at
different resolution levels characterizing different physical
structures of the character, this feature extraction scheme
intuitively seems to be very effective for handprinted char-
acter recognition tasks.

It has been already established that combining the de-
cisions of several classifiers usually result in better classi-
fication accuracy. This is perhaps because different clas-
sifiers represent different aspects of the input data, while
none of them can represent all those together. In the do-
main of character recognition, significant improvement in
recognition performance has been reported in a number of
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Figure 1. Smooth...smooth components of wavelet
decompositions of a humeral image at different
resolution levels (a) Original image (b) 32 x 32
resolution (c) 16 x 16 resolution (d) 8 x 8 resolution

occasions [14, 15] by considering the combination strategy
and this is true regardless of whether the classifiers are in-
dependent or make use of orthogonal features. There exists
a variety of methods [16, 17] implementing the combina-
tion of classifiers strategy. The simplest such method is the
majority voting strategy [18].

In this paper, a set of three MLP classifiers have been
considered where features in the form of wavelet coeffi-
cient matrices at three coarse-to-fine resolution levels are
used. These wavelet coefficient matrices is obtained by
considering the Daubechies-4 wavelet transform which is
the simplest in the family of wavelet filters discovered by
Daubechies [19]. On the other hand, Daubechies wavelet
transform is capable of picking up details which may be
missed by Haar wavelet. We considered the pyramidal al-
gorithm [20] for obtaining wavelet transforms of an input
image hierarchically and the low...low or smooth...smooth
components (Figure 1) at three consecutive levels of the hi-
erarchy have been considered as feature sets for the three
MLP classifiers.

Three MLP network architectures are trained using train-
ing sets at three coarse-to-fine resolution levels. Also a val-
idation sample set is used to determine the termination of
training. Majority voting scheme is applied on the set of
three responses for an input numeral by the three MLP net-
works and the final classification is obtained. If each of
the three MLPs produce three distinct responses for an in-
put numeral, then it is said to be rejected by the proposed
scheme.

The rest of this article is organized as follows. Section 2
provide brief overviews of wavelet transform. We describe
the preprocessing, training of the set of MLP networks and
the proposed recognition scheme in Section 3. Experimen-
tal results are reported in Section 4. Concluding remarks
are given in Section 5.

2. Wavelet descriptor for multiresolution fea-
ture extraction

A wavelet transform is orthogonal and operates on an
input vector whose length is an integral power of two. This
is a fast linear operation. It generates a vector which is of the

same length but numerically different from the input vector.
Wavelet transform can be viewed as a rotation in function
space, from the input domain to a different domain. The
basis functions of the wavelet domain are called wavelets.
Wavelets are quite localized both in space and in frequency.

There exist infinitely many possible sets of wavelets and
different sets of wavelets make different trade-offs between
how compactly they are localized in space and how smooth
they are. A wavelet transform is usually implemented by a
binary tree of filters. The art of finding good wavelets lies
in the design of these set of filters which achieve the above
trade-offs and also make the perfect reconstruction of the
original signal possible.

The working principle of a wavelet transform is as fol-
lows. An input signal x is split into a lowpass or smooth
component xy and a highpass or detail component x; re-
spectively by a lowpass filter L and a highpass filter H.
Both of these two components are down-sampled in the ra-
tio 2:1. The lowpass component z is then split further into
Zoo and xo1 by using the above filters for the second time
and these are again down-sampled in the ratio 2:1. This
process (pyramidal algorithm [20]) of splitting and down-
sampling is continued as far as required or a trivial size of
the smooth-..-smooth component (usually 2) is reached.

The first and simplest possible orthogonal wavelet sys-
tem is the Haar wavelet (Thesis of A. Haar, 1909). How-
ever, Daubechies [19] constructed a set of orthonormal
wavelet basis function that are perhaps the most elegant.
These wavelets are compactly supported in the time-domain
and have good frequency domain decay. This describes
the reason behind our choice of Daubechies wavelet trans-
form. The simplest member of this family of wavelets is the
Daubechies-4 wavelet which has only four coefficients
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The above coefficients form the lowpass or smoothing filter
L and another set of four coefficients

ho = l3,h1 = —lz,hz = ll and h3 = —lg
form the highpass filter H. (In signal processing contexts L
and H are called quadrature mirror filters.)

In the above, principle has been described for obtaining
wavelet transform of a single dimensional array. However,
simple extension of this principle to multidimensional ar-
rays is possible. A wavelet transform of an image, a 2-
dimensional array, is easily obtained by transforming the
array on its row index (for all values of its column indices),
then on its column. Each transformation corresponds to
multiplication by an orthogonal matrix and by matrix as-
sociativity, the result is independent of the order in which
the row or column are transformed.

The layout of application of wavelet transform recur-
sively on an image is shown in Figure 2. The succes-
sive application of the transform produces an increasingly
smoother version of the original image.
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Figure 2. Layout of wavelet decomposition for an
image (L — low-pass filter, H — high-pass filter,
Lj — jthlevel)

3. Recognition scheme

3.1. Preprocessing

As preprocessing, we considered only size normaliza-
tion. The input grey scale image is first scaled to 64 x 64
image by using the moment method [21]. No further pre-
processing like tilt correction, smoothing etc. are consid-
ered.

3.2. Training of MLPs

Two important aspects of the training of MLP networks
are . . . .

e Designing the training sets and

e Termination of training

Designing the training set. The recognition performance of
an MLP network highly depends on the choice of a repre-
sentative training set. Manual selection of training samples
is definitely a good approach to this problem. However,
since this approach is extremely tedious, we have chosen
the training set randomly from the available data on Bangla
numerals. In fact, we performed random selections with
respect to three different seed values and experimental re-
sults will be provided corresponding to the best of these
three. In each of these cases, the size of the training set
is 50% of the available data size. On the other hand, the
MNIST database of handwritten English digits, available
from http://yann.lecun.com/exdb/mnist/ has a training set of
60,000 examples, and a test set of 10,000 examples. In our
simulations, we randomly selected 50,000 samples from the
training set of MNIST database to form training set of our
experiments and the rest 10,000 samples have been used to
form the validation set.

Termination of training. There are various termination
criteria available in the literature. The recognition perfor-
mance highly depends on how much training has been given
to the network. An effective strategy of judging training ad-
equacy is the use of a validation set. With increased train-
ing, the recognition error on the validation set decreases
monotonically to a minimum value but then it starts to in-
crease, even if the training error continues to decrease. For
better network performance, training is terminated when
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Figure 3. (a) Ideal samples of Bangla numerals
(b) A typical sample data subset of handwritten
Bangla numerals

the validation error reaches its minimum. In our simula-
tions , we considered 1000 samples for Bangla numerals
and 10,000 samples for English numerals as the two vali-
dation sets. In each case, equal representation of all the 10
classes has been taken into consideration.

3.3. Recognition scheme

The proposed recognition scheme has been simulated on
the domains of handprinted Bangla numerals and MNIST
database of handwritten English numerals. Ideal Bangla
numerals and 70 handwritten samples (7 different numeral
characters per class) are shown in Figure 3. A sample from
the MNIST database may be found in [22].

The bounding box (minimum possible rectangle enclos-
ing the image) of an input image of a numeral is first com-
puted and then this is normalized to the size 64 x 64 us-
ing the moment method [21]. Wavelet decomposition al-
gorithm is applied to this normalized image recursively for
three times to obtain 8 X 8 smooth. . .smooth approximation
of the original image as the final decomposition. In this pro-
cedure, we also obtain 32 x 32 and 16 x 16 smooth. . .smooth
approximations of the original image at intermediate stages.
Theoretically, this decomposition algorithm could be ap-
plied up to the fifth time to obtain 4 x 4 and 2 x 2 ap-
proximations. However, during our simulations, it is ob-
served that different numerals are not generally distinguish-
able from these smaller possible approximations.

The above approximations of the original image are
gray-valued images and we apply simple thresholding tech-
nique to obtain these as binary images. The present recog-
nition scheme is a majority voting scheme. The binarized
versions of 32 x 32 16 x 16 and 8 x 8 approximations
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of the original image are fed to the input layers of three
MLP networks. Different responses at the nodes of the out-
put layers of each of the three MLPs are compared. The
output node with maximum value recognizes the input im-
age. Thus, there may occur a case, when an input numeral
may be classified into three different categories and in such
a situation, the input numeral is said to be rejected by the
proposed scheme. On the other hand, if at least two MLP
networks classify the input numeral into the same category,
then the majority voting scheme recognizes it to belong to
this class. During our simulation runs, it has been observed
that by extending the proposed classification scheme into
further stages cannot improve the classification accuracy.

4. Experimental results

The authors are not aware of the availability of any stan-
dard database of handprinted Bangla numerals. So, such
a database had been developed with the help of a group
of University students. Our database consists of 12,000
isolated handprinted Bangla numerals equally distributed
over all classes. These data had been collected from dif-
ferent sections of the population of West Bengal, India and
this includes possible variations with respect to age, sex,
education, place of origin, income group and profession.
Since there appears variation in the writing style of a single
individual at different points of time, each individual has
been approached on 4 occasions for the sample. However,
for simulation results on English we considered MNIST
database consisting of a total of 70000 isolated handprinted
English numerals. In the following, simulation results on
both the scripts are provided — figures within brackets cor-
respond to English numerals.

The whole set of 12,000 (70,000) samples of Bangla (En-
glish) numerals, is composed of three subsets called train-
ing set, validation set and test set consisting of respectively
6000 (50,000), 1000 (10,000) and 5000 (10,000) samples.
Inthe 32 x 32,16 x 16 and & x 8 resolution levels, the correct
classification percentages are respectively 95.98% (96.5%),
96.10% (96.55%) and 93.78% (94.33%) on respective test
datasets. After application of majority voting scheme on
these three classification results, final true classification is
97.16% (97.57%) and rejection is 0.76% (.45%). Thus
we achieved only 2.08% (1.98%) misclassification which is
comparable to the existing state-of-the art techniques. Table
1 shows the break-up of the final true classification percent-
ages. The final confusion matrices corresponding to Bangla
and English databases are given in Table 2 and Table 3 re-
spectively.

5. Conclusion

Wavelets have been studied thoroughly during the last
decade. Its potential in image compression tasks has been
already established and its applicability in various other im-
age processing problems are getting explored. In this paper

we considered a majority voting approach on wavelet fea-
ture based multiresolution recognition of handprinted nu-
merals. In this approach we considered three MLP classi-
fiers corresponding to the three different resolution levels.
This strategy of using multiple classifiers of similar type
helps to improve recognition accuracy without significant
increase in computation of features. However, proposed ap-
proach does not restrict further use of multiple classifiers
having less (if not zero) correlation. In fact, in the latter sit-
uation, the proposed ensemble of MLPs may be considered
as a single classifier.

Table 1. Break-up of the result of majority voting
scheme on the two datasets (Here T denotes true clas-
sification while E denotes misclassification).

Script | 32 x32 | 16 x 16 | 8 x 8 | Percentage
T T T 93.84

Bangla E T T 0.49
T E T 0.51

T T E 2.32

Total 97.16

T T T 94.06

English E T T 0.51
T E T 0.52

T T E 2.48

Total 97.57

The proposed approach is independent of the script. It
improves the recognition accuracy on Bangla and also ob-
served to produce recognition result on English MNIST
database comparable to the state-of-the-art techniques.
Also, this is fast enough for its implementation in real-life
applications and this recognizes more than sixty numerals
per second on a Pentium-IV Desktop Computer. Finally,
the wavelet based features are also not affected in the pres-
ence of moderate noise or discontinuity or small changes
in orientation. In Figure 4, we have shown the numeral of
Figure 1(a) affected by noise and its wavelet-based feature
images at different resolution levels.

Table 2. Final Confusion Matrix on Bangla dataset

a -] k] L] g 43 L] 9 W "
9748|028 | 023 | 045|023 |017 (015|009 016 | 0.67
020|97.23| 047 |026 | 027 (027|018 039|012 (058
110|025 (9786|009 (004 (014 [005[ 073|003 [ 026
110 | 0.34 | 012 |97.47| 005 | 0.24 | 010 | 022 | 004 | 026
032|085 (017 | 032 |96.52| 0.04 | 066 | 045 | 075 | 0.09
012|015 (017 | 066 | 0.21 (9693|081 | 016 | 058 | 013
005|011 (005|123 |00 | 0.29|97.89| 0.04 | 0.05 | 0.03
042|020 (034 | 001|143 | 035|004 (96.85| 0.23 | 0.05
039139069 | 035|103 055|045 032|94.50( 022
003|008 (007|023 |016|004)|025)007 | 0.06|98.87
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Table 3. Final Confusion Matrix on English database

1] 1 2 3 4 5 6 T 8 9
96.21|000 | 023|015 (025|027 0250190596 |1.00
020(97.39| 047 | 026 | 0.27 | 0.00 | 018 | 0.00 ) 012|058
1.10 | 0.25 |97.86( 009 | 0.04 | 0.14 | 005|013 | 0.03 | 026
1.10 | 0.34 | 012 [97.47)| 0.05 | 0.00 | 0.10 | 0.00 | 0.04 | 026
032 )0.00|000)|0352|98.35({000 | 0.66|0.00(045)0.00
012 )015|037 | 0.00|0.21{96.93| 0.51 | 0.16 | 0.55 | 0.00
004 )011|006|123|010({0.29 |97.89|0.04 | 0.05 | 0.03
000 (011014000 013|000 |0.00|99.77)0.00)0.05
139 (1,39 | 055 [ 000) 000|055 |049 )| 032 |94.96| 0.22
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Figure 4. Smooth ... smooth components of
wavelet decomposition of a noisy image of a
Bangla numeral at different resolution levels
(a) Original noisy image (b) 32 x 32 resolution (¢)
16 x 16 resolution (d) 8 x 8 resolution

(b)
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