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Abstract

This paper proposes a technique for automatic
recognition of Bengali handwritten numerals using
multiple feature sets. We discuss about some novel Mor-
phological features and k-curvature feature extraction
technique to recognize handwritten scripts. We use dif-
ferent multi-layer perceptron (MLP) classifiers to train
this feature spaces and then fuse those classifiers us-
ing modified ‘Naive’-Bayes combination to increase ac-
curacy of recognition result. The individual feature
sets give reasonably high accuracy up-to 96.25% while
fused classifier gives accuracy of 97.75%.

Keywords: Bengali numerals, multi-layer percep-
tron, ‘Naive’-Bayes classifier, Morphology, curvature.

1. Introduction

Selection of features in image analysis task is one
of the most important factor in achieving high recog-
nition performance. Numerous features were proposed
for handwritten as well as printed numeral recognition
in last few years. Among these features, projection fea-
tures, directional features, chain code histogram, cross-
ing and distances features, zoning features and mo-
ment features are widely used and have been previously
proved to be useful to a large extent. Morphological
algorithms are developed in 80’s but there are no signif-
icant study on the usefulness of morphological features
in recognition of handwritten documents. In this paper
we elaborate some morphological features, which are
deemed to be very efficient in the context of recogniz-
ing Bengali numerals.

We propose three sets of morphological features and
k-curvature features, which are found good enough for
the purpose. Individually MLP classifier can recognize
handwritten numeral based on these features quiet effi-
ciently. All the classifier are mutually independent and
finally, are fused to achieve even higher performance.

In pattern recognition systems fusion of multiple
simple classifiers with different feature sets may give
more accurate result compared to a single complicated
classifier. Classifier fusion usually assumes that all clas-
sifiers are trained over the whole feature space, and are
considered as competitive classifiers. Here we have
modified ‘Naive’-Bayes decision while combining the
classifiers as it gives much better decision if the classi-
fiers used mutually independent features subspaces.

In the next section we have highlighted some of
the past works on recognition of handwritten numer-
als. In section 3 we discuss the technique used for pre-
processing followed by Morphological Feature sets and
methods to extract them. Design of simple MLP based
classifiers and fusing them using modified ‘Naive’-
Bayes combination is presented in section 4. Finally,
the experimental results and concluding remarks are
given in section 5 and 6 respectively.

2. Related Work

Research on Bengali numerals recognition is started
in early 90’s, even though there are no significant work
in mid 90’s. Around 2003’s and later various ap-
proaches have been proposed by the researchers for nu-
meral recognition on Indian scripts.

Sethi and Chatterjee [13] was among the first re-
searchers to develop automatic recognition scheme for
hand printed indian scripts. Among later studies, Ra-
makrishnan [14] considered independent component
analysis for feature extraction from handwritten De-
vanagari numeral images. To take care of variability
involved in the writing style of different individuals, Pal
and Chaudhuri [10] proposed a robust scheme for the
recognition of isolated Bengali off-line handwritten nu-
merals. The scheme is based on features obtained from
the concept of water over flow from the reservoir, as
well as topological and statistical features.

Dutta and Chaudhuri [5] developed a system for
recognition of isolated Bengali alphanumeric handwrit-



ten characters using neural networks. The characters
were represented in terms of the primitives and struc-
tural constraints. The primitives were characterized on
the basis of the significant curvature events like curva-
ture maxima, curvature minima and inflectional points
observed in the characters.

Bhattacharya et al. [3] have used a topology adap-
tive self-organizing neural network to extract the skele-
tal shape from a numeral pattern represented as a graph.
Certain features like loops, junctions, etc. present in
the graph are considered to classify a numeral into a
smaller group. Finally, multi-layer perception networks
are used to classify different numerals uniquely.

The early work in combining decisions of multiple
classifiers was done by Bajaj et al. [1] for an In-
dian script. They represented different numerical ob-
ject by concatenation of strokes and then calculated
strength, density and moment as the feature set. Then
they trained different networks and combined them for
increasing reliability of the recognition results.

Hanmandlu and Murthy [6] proposed a fuzzy model-
based scheme for recognition of handwritten English
and Devanagari numerals. This fuzzy sets are derived
from the features consisting of normalized distances ob-
tained using the box approach. The membership func-
tion is modified by two structural parameters that are
estimated by optimizing the entropy subject to the at-
tainment of membership function to unity.

In recent work Bhattacharya and Chaudhuri [2] pro-
posed a multi-resolution wavelet analysis method for
feature extraction and a complicated multilevel classi-
fier for recognition of Devanagari and bengali numerals.
They used chain code histogram as feature on each of
wavelet sub-bands in different resolutions, multi-layer
perceptron (MLP) neural networks are trained for clas-
sification on each resolution, and then combined the
classification results by majority voting technique.

3. Recognition Scheme

3.1. Pre-processing

Usually unconstrained handwritten numerals when
scanned to a fixed resolution, produces images of dif-
ferent size, aspect ratio as well as variable stroke thick-
ness. Paper and ink quality along with A/D converter
may introduce non-negligible noise. So our first task is
to resize all the image into a fixed size with fixed av-
erage thickness. There are lots of pre processing tech-
nique available in the literature. We used morphological
filtering technique to get smooth binary image.

Input to our proposed recognition system are gray-
level images of isolated handwritten numerals. The

numerals represented by the images may be of differ-
ent sizes having different stroke thickness and limited
variation in orientation. So first we resize images to
a fixed size of 60 × 60 and then binarize the image us-
ing Otsu’s [9] method minimizing inter class difference.
Followed by morphological opening and closing with
a small size structuring element to remove background
noise and also to make the image more compact (re-
moving holes inside the numeral object). Since each nu-
meral object has ribbon like structure, we need to make
average thickness fixed for all objects. A morphological
skeleton and pruning are followed by a morphological
dilation with fixed size structuring element. Here we
have chosen disk as structuring element and radius of
the disk as the average thickness of the numeral. Some
features are extracted from the skeleton of the numeral
images and some obtained from the dilated output im-
age. Small rotation of the numerals with respect to im-
age frame is ignored to reduce computational cost.

Figure 1. The (a)first column is the orig-
inal numeral image, (b) after binarize
(c)applying some morphological filtering
algorithm and resizing (d) skeletonization
(d) Dilation of skeleton image
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3.2. Feature Extraction

Morphological Features : In this paper we pro-
pose some new morphological features and a set of k-
curvature feature. The feature extraction is done as fol-
lows :

1. Apply morphological opening on the pre-prossed
numeral image with line structuring element in
four directions horizontal, vertical, and two diag-
onal directions to get four images. Each open
image represents mass content of the numerals in
four directions. Let [S1, S2, S3, S4] be four lin-
ear structuring element in four directions. Here
length of the structuring element Si is twice the
average thickness of the numeral. Let X be the
preprocessed image, and Xi be the image ob-
tain from the morphological opening of X by the
structuring element Si.i.e. Xi = X ◦ Si, i =
1, ..., 4, where ◦ denotes morphological opening.
Then divide each of the images Xi into 36 blocks,
each of size 10 × 10. Calculate mass (mk

i , k =
1, ..., 36) of portion of the numeral inside each
blocks. Normalization is done by dividing each
value by the maximum value, i.e. normalized value
nmk

i = mk
i /maxk=1,..36(mk

i ), i = 1, .., 4; j =
1, ..., 36, to get (36×4) 144 dimension feature vec-
tor X = [nm1, nm2, nm3, nm4]T where nmi =
[nm1

i , nm
1
i , ..., nm

36
i ], i = 1, ..., 4.

2. Second morphological feature set is obtained from
the preprocessed image by the first applying mor-
phological closing operation in four directions and
then apply same procedure as before. Here close
images are obtained as Xi = X • Si, i = 1, ..., 4,
where • denotes morphological closing operation
and {Si, i = i, ..., 4} are the same structuring ele-
ments. Then dividing each close image Xi into 36
blocks of size 10×10 and histogram of each block
is calculated to get 144 dimension feature vector
as before.

In the following figure we have shown different
numerals and corresponding results of directional
opening and the closing. Figure 2.(a) shows result
of directional opening of numeral images and fig-
ure 2.(b) shows that for the directional closing.

3. Another morphological feature is obtained from
the pre-processed skeleton image X̂ . Skeleton im-
age is eroded by the diagonal structuring element
shown in figure 3(a), to get the number of co-
occurrences of skeletal pixels in diagonal direc-
tion. Other directional co-occurrences are obtained

Figure 2. Directional morphological (a)
Opening and (b)closing images in four di-
rections

by using morphological erosion of the skeleton im-
age by the structuring elements shown in figure
3(b)-3(d).

Figure 3. Four structuring element (a)-(d)
with center as the first element used to
find the images containing the portion of
skeleton in the respective direction.

Here structuring elements are S1 =
{(0, 0), (1, 1)}, S2 = {(1, 0), (0, 1)},
S3 = {(0, 0), (1, 0)}, and S4 = {(0, 0), (0, 1)}.
Each image X̂i = XΘSi, i = 1, ..., 4 con-
tains the pixels at which a particular directional
co-occurrences on skeleton occur, where Θ
is the morphological erosion operation. Then
we divide each image X̂i in 10x10 blocks and
make histogram of the directional co-occurrences
(sj

i , j = 1, ..., 36) of portion of skeleton of each
block. Then the histogram frequency is normal-
ized by dividing maximum value, i.e.normalized
value nsj

i = sj
i/maxj=1,..36(sj

i ), i = 1, .., 4; j =
1, ..., 36, to get (4 × 36) 144 dimension fea-
ture vector X = [ns1, ns2, ns3, ns4]T where
nsi = [ns1i , ns

1
i , ..., ns

36
i ], i = 1, ..., 4.
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K-Curvature Feature : The slope of a chain code at any
point is a multiple of 45◦, and the slope of a crack code
is a multiple of 90◦. In order to measure more contin-
uous range of slope, we use some type of smoothing
over, say, k such chain code to define k-curvature [12].

Here left and right k-slopes at a point P on a curve are
defined as the slopes of the line joining P to the points
k steps away along the curve on each side of P, and k-
curvature of P as the difference between its left and right
k-slopes. In this definition it is assumed that the curve
from P to the fixed k-steps away can be approximated
by straight line segment. This assumption is better satis-
fied if k is small. On the other hand, in the case of small
k, the slope may be influenced by small perturbation
due to noise. So value of k is selected compromising
these two conflicting characteristics of slope measure.

We calculate k-slopes at each point of the morpho-
logical skeleton of the numeral object as the angle with
respect to horizontal axis, and hence k-curvature as
acute angle between left and right segment at P. Usu-
ally the value of k-curvature lies between 0◦ to 180◦,
we quantize the interval [0◦, 180◦] into six unequal bins
as follows : 0◦ ≤ θ < 90◦, 90◦ ≤ θ < 120◦, 120◦ ≤
θ < 140◦, 140◦ ≤ θ < 160◦ and 160◦ ≤ θ ≤ 180◦.
We take k = 4 (or sometimes k = 5), and observe that
the value of k-curvature in most of the pixels lies be-
tween 90◦ and 180◦, with a bias towards 180◦. That is
why we take finer bias in the interval after 90◦ at the
time of quantization. We make histogram on the ba-
sis of this distribution. Now there are four possibility
which are shown in the figure 4(a)-(d). The histograms
of k-curvature on each of them are nearly identical.

Figure 4. Four possibilities (a)-(d) where
histogram of k-curvature are identical.

So we need to distinguish among the histogram of
curve segments shown in above figure. The first two i.e.
(a)-(b) and the rest two i.e. (c)-(d) can be separated by
the difference of the row number and column number of
the end points of the curve segments. Then they may be
further distinguished by checking the location of mid-
point with respect to the straight line joining the end
points of the curve segments. Then we divide the image
into 12 × 12 size blocks and calculate the normalized
histogram having (5 × 4) 20 bins for each block to get
(25× 5× 4) 500 dimension at feature vector.

After calculating feature vectors we use Principle
Component Analysis (PCA) to each of the feature vec-
tors to reduce dimension equal to 75.

4. Classifier Design

We use feed-forward Multi-layer perceptron model
(MLP) for the classifier to train the feature sets. We
have taken only one hidden layer consists of 30 nodes
and sigmoid function as activation function. Individual
classifier are taken to train one feature set at a time.

For fusion of classifiers, we have used a set of four
MLP classifiers and fused the classifiers using ‘Naive’-
Bayes combination.

‘Naive’-Bayes combination (NB) : This scheme
assumes that the classifiers are mutually independent.
This is why Ludmila [8] use the name naive. Xu et
al. [15] call it Bayes combination. They apply Naive-
Bayes combination for crisp label at the output of the
classifiers at the time of fusion. We modify this for soft
label vector for output of the classifiers.

Let x ∈ <n be a n-dimensional feature vector and
{1, 2, ..., c} be the label set of c classes. Every
mapping [D : <n → [0, 1]c − {0}, where {0} =
[0, 0, ..., 0]T is the origin of <c, is treated as a classi-
fier. We call the output of D a ‘class label’ and denote it
by µD(x) = [µ1

D(x), ..., µc
D(x)]T , µi

D ∈ [0, 1]. Given
the feature vector x, the components µi

D(x) may be re-
garded as (estimates of) the posterior probability for the
ith classes, i.e. µi

D = P (i|x) for i = 1, .., 4; j =
1, ..., c. The decision of D is hardened so that a crisp
class label in {1, 2, ..., c} is assigned to a feature vec-
tor x of the training set. This is typically done by the
maximum membership rule :

D(x) = k ⇐⇒ µk
D(x) = max

i=1,..,c
{µi

D(x)} (1)

Let {D1, ..., DL} be the set of L classifiers. We
denote the output of the ith classifier as Di(x) =
[di,1(x), di,2(x), ..., di,c(x)]T , where di,j(x) is the de-
gree of ‘support’ given by the classifier Di to the hy-
pothesis that x comes j. For each classifier Dj , a c × c
confusion matrix CMj is calculated by applying Dj to
the training data set. The (k, s)th entry of this matrix,
cmj

k,s is the number of elements of the data set whose
true class label is k, but is assigned to class s by the
classifier Dj .

By cmj
.,s we denote the total number of objects la-

beled byDj into class s. This is calculated as the sum of
the sth column of CMj using these values, a c× c label
matrix LMj is computed, whose (k, s)th entry lmj

k,s

is an estimate of the probability that the true label is k
given that Dj assigns crisp class label s.
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lmj
k,s = P̂ (k|Dj(x) = s) =

cmj
k,s

cmj
.,s

(2)

For every feature vector x ∈ <n of test set, we take
output ofDj as a soft label vectorDj(x) to make classi-
fier more flexible to take final decisions instead of crisp
label class what Ludmila [8] and Xu et al. [15] have
taken in their work. Here the vector Dj(x) associated
with the class s is a soft label vector [P̂ (1|Dj(x) =
s), ..., P̂ (c|Dj(x) = s)]T , which is the sth column of
the label matrix LMj . Let D1(x), ..., DL(x) be the soft
class labels assigned to x by L classifiers D1, ..., DL,
respectively obtained by normalizing the output of the
classifiers. Since the output of classifier are indepen-
dent of each other, so by independence assumption for
the feature sets, the estimate of the probability that the
true class label is i, (which is the ith component of the
final label vector) is calculated by

µi
D̂(x)

=
L∏

j=1

(
c∑

s=1

dj,s(x)P̂ (i|Dj(x) = s)), i = 1, 2, ..., c

(3)
i.e.

µi
D̂(x)

=
L∏

j=1

(
c∑

s=1

lmj
i,sdj,s), i = 1, 2, ..., c (4)

Then we finally assign to the test objects the class labels
for which D̂(x) has maximum value, where µi

D̂(x)
is

the probability that the object x belongs to class i as
suggested by the output of the fused classifier D̂(x).
i.e. class label is given by

s = max
i=1,..,c

{µi
D̂(x)
}

.
Figure-5 shows a schematic block diagram of

‘Naive’-Bayes fusion technique. Classifier Dj generate
an output Dj(X) when a feature vector X correspond-
ing to a test image is given as an input. LMj’s are the
label matrices obtained from the training images using
different classifiers as discussed in previous paragraph.
Multiplying Dj by LMj we get a column vector for
each classifier. The numeral guess of the fused classifier
will be the index of the point-wise product (element-
wise product) of all the column vectors.

5. Experimental Results :

We have implemented our scheme using MATLAB
and tested on a public domain data-set. In the present
work we use Bengali numerical database developed by

Figure 5. Block diagram of modified
‘Naive’-Bayes Fusion technique.

Bhattacharya and Chaudhuri [2]. This database con-
tains numerals of different size with different thickness
of numeral objects. It consists of 19,392 training and
4,000 test samples among them 2,000 training samples
taken for validation set (200 for each class). Here for
Bengali numerals we have 10 classes (c = 10) and 4
first level classifier (L = 4) to train 4 different feature
sets. As the optimization of parameters is one of the
important tasks for any classifier, we have done exten-
sive experiment and set the following parameters for the
entire investigation as : number of nodes on the hidden
layer is 30, number of iteration is 20, learning rate equal
to 0.1 and momentum factor equal to 0.05. Details of
recognition rate of Morphological and k-curvature fea-
ture sets are depicted in table-1.

As shown in the table-1 with each individual, we
have got nearly same performance. Although mor-
phological directional opening feature sets giving the
best performance (96.25%) among the four feature sets.
The diversity of feature set demands fusion of classi-
fier. Taking these points into account, we have applied
a modified ‘Naive’-Bayes combination and got a recog-
nition rate of 97.75% which is almost equal to the best
existing result (98.20%) on this database obtained from
a complicated multistage classifier [2].

Also, it may be noted that performance of the sys-
tem is worst for ’one’(ek) and ’nine’(noy) among oth-
ers. The system has confused between these two nu-
merals as their shape are very close as depicted by an
example shown in the figure-6.
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Table 1. Maximum recognition rate obtained using different feature sets with MLP classifier.
Numerals Directional opening Directional closing Directional erosion k-curvature Fusion of classifiers

0 99.5% 97.5% 98.75% 96.25% 99.5%
1 91.75% 92.5% 88.25% 91.75% 93%
2 97.75% 96.5% 97.25% 95.75% 98.75%
3 96.25% 90.5% 93.75% 92.75% 98%
4 99.25% 98.5% 99.25% 97% 99.75%
5 95.25% 96.25% 93.25% 96.5% 97.5%
6 95% 96.75% 96% 95% 96.75%
7 98.5% 99% 99.25% 98.75% 99.75%
8 98.5% 99% 99.5% 98.5% 99.5%
9 90.25% 92.25% 91.75% 90% 94.5%

average 96.25% 95.87% 95.75% 95.25% 97.75%

(a) (b)

Figure 6. (a) ’one’(ek) having same shape
as (b)’nine’(noy).

6. Conclusion

Here we have studied some morphological feature
and k-curvature feature sets and their usefulness in
recognition of ISI Bengali numeral data-set. We have
explored how morphological features could be use-
ful for handwritten numeral recognition. We also
have modified existing ‘Naive’-Bayes (NB) combina-
tion from crisp label classification to soft label classi-
fication technique for further fusion of classifiers. The
results are very satisfactory.

Acknowledgement : We would like to thank Dr.
Ujjwal Bhattacharya of Indian Statistical Institute for
providing ISI Bengali numeral data-set used in this
work.
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