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Abstract

We explore a simple statistical method for classifying handwritten numerals. We work with numerals only in segmented
form. We defined a pseudo-distance function between handwritten numerals and classify each numeral based on ils distance
from the those in the reference set. This method, and its obvious variants, are studied on the basis of their performance
on a data-set of moderate size (95 observations). The results suggest that this method may be considered in recognition of
handwritten numeric characters.

1 Introduction

Optical Character Recognition (OCR), more specifically handwriting recognition, is a complex subject that has
received much attention over the past 35 years. In the hand printed character recognition field, significant research
efforts have been made [1, 2, 3, 4, 5]. Broadly these classifiers are of two types : Statistical Classifiers and Neural
Network Classifier. These two classifiers are closely related [9]. Statistical techniques are based on the idea of
estimating classconditional likelihoods and using Bayes rule to convert these to posterior class probabilities [10, 11,
8]whereas neural techniques estimate directly the posteriors[6, 7]. Of the two types of classifiers, the most popular
ones are Principal Component Analysis (PCA) based methods (statistical classifier) and different variants of Neural
Network (NN) methods . PCA methods are based on the following principle: all handwritten numbers will form a
distinct distribution in the feature-space and that within that distribution, particular number classes will have their
own distributions. PCA seeks the directions in the input space along which most of the image variation lies. Images
are then projected into this reduced-dimensional space. Training images are used to compute cluster centroids, or
averages, in this space; running the system on unseen images involves projecting and grouping the data to the nearest
centroid. NN classifiers are work in somewhat similar fashion, but does not have good geometric interpretation like
PCA methods. In a simple neural network classifier, each input pixel value contributes to a weighted sum of each
output units. The output unit with the highest sum indicates the class of the input character. If each input data
has N pixels, these methods have 10N weights and 10 biases.A good survey of commonly used methods and their
performances can be found in [12].

However, in spite of many years of research, optical readers that can recognize handwritten materials at a
satisfactory rate are rare. In this paper, an simple intuitive method has been described, and its results are studied
on a small data-set, collected by the author.

The main idea behind the method is that if two characters are similar, after suitable scaling and rotation, they
should be very close to each other. To make this more concrete, a pseudo-distance function between two handwritten
characters has been defined. This function is then used to find the distance of a new character(from the test-set)
from the 10 sets of characters ( corresponding to the 10 digits 0,1,...9 )in the reference set. The new character
is then classified on the basis of minimum distance from the characters in the reference set (or training set). The
definition and interpretation of this pseudo-distance function is given in next section. The Classification method is
then described in Section 3. Results are shown in section 4, and conclusions are made in the last section of the paper.

*This work was done under the guidance of Prof. Probal Chaudhuri, (Stat-Math Unit, Indian Statistical Institute,203, B.T. Road
Kolkata 700035 INDIA). I did this work as my Masters project an M-Stat student in Indian Statistical Institute, Kolkata.



Figure 1: dissimilar figures Figure 2: similar figures

2 The Pseudo-Distance Function

Let B = {(ng),ygB)), 1<i<np}and C= {(xg-o),yj(-c)), 1 < j <n¢} be two set of bivariate data. Define :

1 np+nc
dB,C)= —— d:(B,C
(B.C) =g 2 G(BC)
p=1
where d; (B, C) is defined as :
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(I(z, )| = v/22 + y?) being the usual norm in R? .
In the context of character recognition, each bivariate data point represents dots (colored pixels) describing

the curve(handwritten character). If two such characters are suitably normalized (scaled, centered, and rotated
appropriately to bring to comparable orientation), then this function d measures amount of overlap between them
when superimposed [ see fig.1, fig.2 |.

d is zero if and only if the two characters are identical (after scaling, centering and rotation). This is symmetric
also, i.e d(B, C) = d(C,B). The only reason why we call it a pseudo-distance is that it does not satisfy the triangle
inequality.

But if two characters overlap, except for a few points and none of these non-overlapping points are very far from
the overlapping points (as in fig.2), then d takes small values. Intuitively, in this case we expect the two characters
to be similar. If there are many non-overlapping points (compared to total number of points in two characters) at a
moderate distance, or if there are few non-overlapping points far away from the overlapping parts ( as in fig.1 )then
only d takes large values. In this case we expect the two characters to be dissimilar. In short, this function d takes
large values for a pair of dissimilar characters and small value for similar characters. So we expect that this function
should be able to distinguish different characters successfully.

3 The Classification method

Let Ag{") = m-th observation of the k-th digit = m-th bivariate data set (of size nﬁ,’:)) of the k-th digit, k =
0,1,2,...,95m =1,2,...,N. Use first M of the observations as the reference set, or, training set and the rest of
the N — M observations as the test set (for each of the 10 digits). To use this method, one can start with a reference
set, and treat each of the new characters as an observation from the test set.

Take any observation from the test set: A € {A;’i) :k=0,1,2,...,.9N—-M <m< N}

Define distance of A from the k-th digit’s reference set as :

Method 1:
1 M *
D(A,k) = MmZI[d(A,Am )]
Method 2:
D(A, k) = Medianm=1, . m[d(A, Al)]
Method 3:
1 M ®
D(A.k) = - ,,;196[—359»13%”;10”1[d(R9A’ AL



Method 4:

D(A, k) = Medianm—1, .m [d(RoA, AL)]

min
0€[—30°,30°;10°]
where Ry is the 2 x 2 orthogonal matrix that rotates each bivariate point by an angle § and RyA is the set of all
bivariate points in A after rotation. Here, minimum is taken over all § € [—30°,30°] with increments of 10°. The

test digit A (in the form of a set of bivariate data)is then classified as a member of the ko-th class (i.e identified as
the ko-th digit) if

D(A, ko) = in D(A
(A, ko) pen (A,k)

That means, the test digit is identified as the ko-th digit (k € {0,1,...,9}) if its average or median (with or without

rotation, depending on the method used) of all the M distances (d(A, A%‘“’O)), 1 < M) from M members of the kgth
reference set, is least among 10 such distances (for the 10 different digit’s reference set).

4 Results

To see the performance of the 4 methods, data are collected from 95 individuals. Each individual wrote the digits
0,1,...,9 in a sheet of paper. So, for each digit , we have N = 95 observations. 1 < M (= 70) are used as the reference
set and rest of the N — M = 25 of the observations as the test set.

Each observation in the reference set goes through the following set of operations before classification starts [see
figure above]:

(1): Data sheet is scanned and stored as greyscale .bmp image.

(2): Using mathematical software (e.g Matlab), the image is converted into a 2 dimensional array (dimension = pixel-
dimension of the images) with each entry from 0, ...,255 denoting the greyscale intensity of the corresponding
pixel.

(3): These matrix was converted into matrices with entries 0 or 1 (Monochrome image). Here, the cut-off used was
127, i.e any grayscale value less than 127 (darker pixels) are convetred to the value 0 (denoting a black dot)
and convetred to 1 (no black dot) otherwise.

(4): The 0-1 matrices are then cleaned (using majority function etc.) to get rid of stray dots.

(5): The observation (now, a 0-1 matrix) is then converted to a set of bivariate data points denoting the coordinates
of the black dots ( positions of 0’s in the 0-1 matrix).

(6): The set of bivariate data-points are then standardized (coordinate-wise) with respect to the coordinate-wise
means and variances of that data set.

After doing this, the observation (in the form of a set of bivariate points) are now comparable with any other
observation which goes through the same set of operations above.

Any observations from the test set also go through the same set of operations before it gets classified.
Let A € {Agf) ck=0,1,2,...,971 <m < 95} be any of the test observations ( after going through the above 6
steps ). By the method described earlier, D(A, k), k = 0,...,9 are computed, which denote the distance of A from
the reference set of 10 digits. A is classified as the ko-th digit if D(A, ko) is the least. Note: in 4 different methods,
D(A,k)) are computed differently. The results of the 4 methods are summarized in the table below.
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Figure 3: data processing

Performance of the four methods:

Method 1: Mean without Rotation
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Identified as

Truedigit | 0 1 23] 4[5 [6]7]8]9 [ Total|
020 0oJoJo]J1]oJ]JoJo]4]o0]25
1loJ2]0]o[o]o]JoJo[2]1]25
22 ]o0o]18][0[O0] o0 ]O0O[O0o][4]1]25
3lojJof1]s]o] o0 [2]1]6]0]25
4lojJofJofJo 210 [2]0]1]1]25
502]oJo[1[2]16][3[0][1]0]25
6 0]oJoJo|1] 0 [24]0]0]0]25
7loJoJofo[2]o0]of20]2]1]25
8lojJofJoJo |1 ] 1 ][1]o0]22]0]1]25
9l ojJofoJoJ4]o0Jo]1]1]19]25

| Total [[ 24 [ 221916 [32]17 [32]22]43[23] 250 |

Method 4: Median with Rotation
Identified as

Truedigit | 0 [1 [ 2 [ 3[4 [5[6][7]8]9 | Total |
024 oJoJoJoJoJoJo[1]o]25
1ofJ25]0]of[oJoJo]o]o]o][25
2] 1]o]24[0[0]JO]JOo]O]oO]O][25
3l ojJofof20]0]0o]o]o[4]1]25
4lojJofofJo[23]0]2]0[0]o0]25
5] 1]o]Jo[2[]o]21]1]0]o0]o0][25
6|l ojofoJoJo]o]25]0][0] 025
7loJojJoJo[oJo]o|24]0]1][25
8l 1t Jof[1]1]Jo]1]o0o]o0o[20]1]25
9l ojJofJoJoJ1]o]Jo]1][o]23]25

| Total || 27 | 25 | 25 | 23 [ 24 | 22 [ 28 [ 25 | 25 | 26 || 250 |

The percentages of misclassification can be easily obtained by multiplying all the figures in the table by 4. For
example, from table 4 , 96% of all the 0’s in the test set have been classified correctly. Alternatively, the error
percentage for 0’s is 4%. The corresponding error percentages for 1’sis : 0% , 2’s : 4%, 3’s : 20%, 4’s : 8%, 5’s :
16%, 6’s : 0%, 7’s : 4%, &'s : 20%, 9’s : 8%.

5 Conclusion

A simple algorithm for digit recognition is presented in this paper. Experiments on a small data set show that the
4th method (the final variant, with median, and rotation-adjustment) does the classification with quite a satisfactory
rate of accuracy.

This method, like most of the digit recognition methods, depends on fast-computing, since the complexity of the
algorithm is high. The computational aspect of the method may be improved further. But this method, unlike most
of the other methods in practice, is easy to interpret visually and can be easily implemented.
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