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Abstract

In spite of evolution of electronic techniques,
a large number of applications continue to rely
on the use of paper as the dominant medium.
Bank checks are a widely known example.
When filled by hand, the processing of the writ-
ten information requires either a human or a
special software which has intelligent abilities.
This paper examines the issue of reading the
amount of money written on the checks. Ge-
netic Programming (GP) technique is used for
dealing with this problem. A new type of input
representation is proposed: histograms. Several
numerical experiments with GP are performed
by using large datasets taken from the MNIST
benchmarking set. Preliminary results show a
good behavior of the method.

1 Introduction

Nowadays bank checks are documents used
all over the world. However a part of them are
still processed manually by humans. The most
common and important operation is reading of
the amount of money written on the check. Au-
tomation of check processing is an important
application of document analysis techniques [2].

Bank check is a complex document with many
information fields. Usually check amount is in-
dicated twice: as a numeral expressed in digits
(courtesy amount), and as a phrase expressed
in words (legal amount). Check processing sys-
tem should be able to correctly read the nu-
merical value representing the sum to be paid
to the owner of the check.

Handwriting recognition concerns the con-
version of the analog signal of handwriting into
a digital symbolic representation. The analog
signal that we are interested in is in the form
of a two-dimensional scanned image of paper.

It is widely accepted that a perfect recogni-
tion of digits requires intelligence. Specifically,
Artificial Intelligence techniques have been in-
tensively used for solving this problem. Among
them, Artificial Neural Networks are the most
popular.

In this paper we use GP for handwritten
digit recognition. The novelty consists in the
representation of the input. Because the ma-
trices, encoding the images involved in the nu-
merical experiments, are too big to be used as
direct input for GP we have to extract and
use only some partial information. This is why
we have constructed the horizontal and vertical
histograms [1] and this information was sent as
input for GP. According to our knowledge this
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type of representation was not used before in
conjunction with GP.

We have performed several numerical exper-
iments by using a well-known benchmarking
data set: MNIST [4]. Results have shown a
more than 91% classification accuracy for all
the cases. For some tests the accuracy was
more than 97%.

The paper is organized as follows: the hand-
written digit recognition problem is defined in
Section 2. The proposed approach is deeply
presented in Section 3. Test problems are given
in Section 4. The results of numerical experi-
ments are given in Section 5. Strengths and
limitations of the proposed technique are dis-
cussed in Section 6. Conclusions and future
work directions are given in Section 7.

2 Handwritten recognition prob-
lem

The recognition of handwritten characters
by a machine is a very difficult task. This work
involves identifying a correspondence between
the pixels of the image representing the sample
to be analyzed (recognized) and the abstract
definition of that character. In this paper we fo-
cus our attention on the problem of digit recog-
nition.

The main drawback of this problem is the ex-
treme variability of handwritten that produces
a large number of features for different writing
style. That is why there is no single method for
solving handwritten recognition.

Artificial Neural Networks are very popular
techniques for solving this problem. Although,
GP was suggested [6] as an alternative method
for attacking this problem. However, the re-
sults presented so far are not very encouraging:
huge populations and extensive running times
have been involved.

3 Proposed approach

The proposed approach uses standard GP [3]
as the main search mechanism.

What is different in our paper is the way in
which the input is represented. GP ability to
solve problems is highly related to the number
of terminals [3]. If we have too many terminals
it is more difficult for GP to select the good
ones.

The original data sets consist in images en-
coding digits represented as 20x20 matrices. If
all pixels of this matrix are sent as input to GP
we would have 400 terminals. This is a huge
number for GP.

This is why we have tried to reduce the num-
ber of inputs. We can do that by extracting
some information from the original 20x20 ma-
trices. In this paper we have built the hori-
zontal and vertical histograms and this infor-
mation was actually sent as input to GP. This
information is further processed by the GP clas-
sifier.

Histograms representation is very simple [1].
For each row and each column of the image
we count the pixels containing ink (see Figure
1). The obtained number can give us some
rough information about what digit we have
there. Histograms have been used in the past
for handwritten recognition [1]. However, this
is the first time when they are used in conjunc-
tion with Genetic Programming.

Figure 1. Histogram for digit 2.
For each row and column we have
counted the ink pixels.

We have used our method as a binary clas-
sifier. We want to find out if the method can
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distinguish between one digit and the rest of
the digits. For instance we are interested to
find a computer program (mathematical for-
mula) which can distinguish between 0 and the
digits from 1 to 9.

In this case we deal with a classification
problem with 2 classes. The fitness is computed
as the number of incorrectly classified examples
over the total number of cases. Thus, the fit-
ness has to be minimized.

For increasing the generalization ability of
the method we have divided the training set
in 2 parts: a subset for the training purposes
only and a validation set. The search process
is guided by the training set. When a new in-
dividual is generated it is tested against the
validation set. The individual with the best er-
ror for validation is applied (at the end of the
search process) to the test set. Using the val-
idation set is an effective method for avoiding
overfitting.

4 Test data

The MNIST is a database [4] of handwritten
digits having a training set of 60,000 examples,
and a test set of 10,000 examples. It is a subset
of a larger set available from NIST. The digits
have been size-normalized (to a 20x20 matrix)
and centered in a 28x28 fixed-size image. In
our case we have extracted only the informa-
tion from the central 20x20 matrix. By build-
ing the histograms we have obtained a dataset
with 60000 examples, each of them having 40
attributes.

5 Numerical experiments

We have extracted from MNIST 10 differ-
ent files containing a dataset for each digit to
be classified. In each dataset 30% from the in-
stances represents a digit and the other 70%
represents the other digits. Each dataset con-
tains 10000 cases. The validation set has 2000
cases and the digits are represented uniformly

(about 10% each). The distribution is the same
for test set.

Secondly we have built the histograms and
then we have applied GP for all of them.

In the numerical experiments performed in
this paper the following parameters for GP are
used: a population of 500 individuals evolved
for 100 generations, binary tournament selec-
tion, point-mutation with 0.1 probability and
subtree-swap crossover with 0.9 probability.
The function set is F = {+,−, ∗, /}. The set
of terminal consist of input data for each digit
classification (in this case 40 values).

5.1 Results

The classification accuracy obtained by run-
ning GP method for all test problems are given.
In all runs we have obtained a very good clas-
sification error. 30 runs have been performed
and the best errors are provided in Table 1.

Table 1. Results obtained by applying
GP to the considered test problems

Digit Error(%) Digit Error(%)
0 3.99 5 8.72
1 4.27 6 2.44
2 5.22 7 3.57
3 7.00 8 6.51
4 2.29 9 4.91

Taking into account the values presented we
can observe that the best error is obtained for
classifying digit 4. This means that is very easy
to make distinction between this digit and the
rest of digits. The worst result is obtained for
classification of 5 and, then, for classification
of 3. This means that is very difficult to make
distinction between 5 and the rest of the digits.

Note that the results can be further im-
proved by using a larger population or running
the search process for more generations.
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5.2 Comparison with other GP
techniques

In [6] GP with a special representation was
used for digit classification. The reported er-
ror was between 2% and 5%. In [5] the error
was between 3% and 9%. Note that a perfect
comparison cannot be made because the repre-
sentations and the parameter settings are too
different.

6 Strengths and weaknesses

Genetic Programming strengths and weak-
nesses are already known to the research com-
munity. This is why we focus our attention to
the advantages and disadvantages introduced
by the representation with histograms.

The greatest benefit is the fact that we have
been able to successfully apply GP for solving
this problem. This is due to the reduced num-
ber of inputs which are sent to the GP individ-
uals. This was not possible if we sent the entire
matrix to GP because the method cannot suc-
cessfully handle such large amount of inputs.

The limitations of the proposed approach are
mainly related to the limitations introduced by
the histogram representation. There are several
digits which are difficult to be distinguished
when using this kind of representation. For in-
stance, in the case of 5 and 3 it is quite difficult
to find a very good classification. Luckily, our
test data contains digits written by hand. In
this case there is a more clear distinction be-
tween the digits previously enumerated since
the handwritten characters have a huge num-
ber of possible representations. This fact has
been shown by the results from Table 1 where
the classification errors are quite good.

Another weakness is that by using his-
tograms we have reduced the amount of infor-
mation which was sent to GP classifier. This
could lead to some poor results in some cases.

7 Conclusions and further work

In this paper a new way of representing
the input for solving handwritten recognition
problems using GP has been suggested. The
proposed representation was tested on a well-
known benchmarking data set. The results
of the numerical experiments have shown very
good classification accuracy. Further efforts
will be focused on introducing more functions
(such as sin, exp, lg) in GP algorithm and on
testing the method for other datasets (includ-
ing letters).
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