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ABSTRACT
Nowadays, the problem of recognizing handwriting characters is one of the subjects which are accepted as difficult in the
literature due to the individual handwriting of each individual. Many methods have been defined and used to recognize
handwriting. In this study, the MNIST data set consisting of 70000 data was used and 99.04% success was achieved by using
back propagation and convolutional neural networks with Python programming language.
Keywords: Back propagation artificial neural networks, Convolutional neural network, Handwritten digits, MNIST dataset
1.

Many studies have been carried out on handwriting
recognition. The most successful of these studies is the
study of NIU and Suen hybrid neural network with 99.8%
success rate. In this study, CNN was used for feature
extraction and support vector machine (SVM) network
was used for character recognition (Niu and Suen, 2012).
However, for the same data, the training and testing times
of the network are much higher than our study. For
example for 10000 test data, testing time of our network is
4 seconds by PC with Intel Core i5-7200U CPU 2.50 GHz
and 4 GB Ram, it takes 51 seconds at NIU and Sue study
by PC with Intel Pentium D CPU 3.40 GHz and 4 GB Ram.
At another successful study, principal component analysis
(PCA) was used for feature extraction, and the BPNN was
used for training. In character recognition, thirteen
different algorithms were used for comparison purposes. It
was observed that these algorithms had the lowest success
rate with 76%
(FDR)
algorithm and the highest with 92% BPNN with PCA
algorithm (Dan and Xu, 2013).
In this study, the feature extraction of the data set was
not performed, ready (feature extracted) data was used. In
order to achieve better and faster results for number
recognition and comparison, CNN and BPNN
architectures have been used. As a result of the study,
approximately 99.04% success was achieved. In the
methodology section, topics related to the processing of
the data set, training and testing of networks were
discussed. In the results section, the results of the study and
the inferences are stated.

INTRODUCTION

The problem of recognizing handwriting characters is
one of the most studied subjects in literature
(Al_Mansoori, 2015). It is aimed to read handwriting by
smart devices and thus to make the operations done faster
and more efficiently. Reading doctor prescriptions,
performing transactions related to customers in the bank,
separating the boxes from the post office to the places to
go can be some examples of such studies.
The fact that each individual or community has its own
handwriting increases the variety of handwriting. This
extreme diversity brings along the difficulty of character
recognition. In this study, back propagation neural
network (BPNN) and convolutional neural network
(CNN) have been used to overcome the difficulties
mentioned, to increase the performance rate and to
accelerate the procedures.
During the study many variations were tried by
changing the parameters of the networks. The best result
obtained is 97.91% for BPNN and we have reached a
success rate of 99.04% in CNN. It was observed that the
CNN was more successful than the BPNN in all criteria.

2.

METHODOLOGY

The MNIST data set used in the study is the preprocessed of the NIST data set and converted from the
image to the numerical form. During this conversion,
NIST's original black and white images have been resized
to fit in the 28x28 pixel box while maintaining the aspect
ratio (Dan and Xu, 2013). Images that have been resized
include grey levels as a result of the anti-aliasing technique
used by the normalization algorithm.
As shown in Fig. 2, the mass centre of the pixels is
calculated and centred in an image of 28x28. Image is
rotated to place the image in the centre of the area of
28x28. Since it is sized as 28x28, each pixel of the image

Fig. 1. Sample of the MNIST data set
In the study, MNIST data set was used as data set (Fig.
1). MNIST is a set of data collected from about 250
different people, consisting of 60000 training data and
10000 test data, containing only numbers. It is the most
widely known and used set of data in the literature (Dan
and Xu, 2013). The fact that the training set is so large
increases the rate of learning and success.
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consisting of 784 pixels has been digitized by giving
values between 0 and 255 according to the density of the
pixel. The value of 0 indicates that the pixel is white, and
255 indicates that the pixel is black (The MNIST database
of handwritten digits, 1998).

already been set. For this range, the lower limits are 0.0,
and the upper limits are calculated using the number of
nodes in Eq. (2).
(2)
In this calculation,
refers to the maximum
weight that the connection can initially take, and n refers
to the number of nodes in the layer. The first range of
values of these connections is shown at Table 1. Wih at
means value of the connection can set from input layer to
hidden layer initially and Who means value of the
connection can set from hidden layer to output layer
initially.
Table 1. Initial range of connection weights of network
Number
of Node
200
10

Fig. 2. A pixel-separated image

Parameter
Wih
Who

Minimum
Value
0.0
0.0

Maximum
Value
0.0707
0.316

The first step during training is to calculate the net
input by multiplying the weights with the input values.
Then, the value of net input in the sigmoid function is
calculated to calculate the output of the hidden layer. By
multiplying the weight with output of hidden layer, the net
output of the input is calculated. In order for the error to be
minimum, the output is compared with the value that
should be. The gradient value of the output and hidden
layers were calculated for updating to weights.

For the recognition and classification of handwriting,
BPNN and CNN were used.

2.1. Back Propagation Neural Network
The neural network consists of 784 input nodes as well
as the number of pixels of each image, 200 hidden nodes,
10 output nodes since the number of digits to be classified
is between 0 and 9. Fig. 3 shows the architecture of the
neural network. In the network, the sigmoid function
shown in Eq. (1) is used as activation function.

(3)
The calculation of the gradient value of the output
layer at Eq. (3) is shown. In the equation
means to the
gradient value of the output layer, Oc means output value
of network and yc means value that should be.

(1)
x indicates the net value of the weighted sum. The
sigmoid function returns a value between 0 and 1.

(4)
Equation (4) shows the calculation of the gradient
value of the hidden layer. At equation,
means gradient
value of the hidden layer and
means gradient value of
the output layer. Og means output value of the hidden layer,
yc means value that should be.
means the weight value
of the connection to the output layer from the hidden layer.
The last operation to be performed is the updating of
the weights. In Eq. (5), it shows the weight change that
must be in a connection from the hidden layer to the output
layer. At equation,
means change that should be,
means learning parameter,
means output value of
hidden layer. As shown at Eq. (6), the amount of change
found is added to the old weight value and the new weight
value is calculated.
(5)
(6)

Fig. 3. Architecture of BPNN (Exploring Activation
Functions for Neural Networks, 2017)

The same operations are used to calculate the change
amounts and new states of the weight values of the
connections from the input layer to the hidden layer.

The first values of connection weights on the network
are given in randomly. However, the random interval has
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These numerical values in each layer are based on the
best results from the experiences at the time of the model
creation.

(7)
(8)
The calculation of the weight values is continued until
the error rate falls below the acceptable value. When the
error rate falls below acceptable value, the training can be
completed and the test can be passed.

2.2. Convolutional Artificial Neural Network
3D matrix is used as input to protect the spatial
relationship between pixels in the network. The number of
channels of the matrix is 1 because the images we use are
black and white. Since the width and height of the images
are divided into 28 pixels, the number of rows and columns
of the input matrix is 28. Therefore, the size of the input
matrix is 1x28x28. The network consists of 2 convolution
layers, each with its own weight and bias values. The
network has 10 nodes in the output layer. The architecture
of a CNN can be seen at Fig. 4.

Fig. 6. Second convolutional layer and the result
The Relu function shown in Eq. (9) is used as
activation function in network (Activation Functions:
Neural Networks, 2017).
(9)
The softmax function is used to calculate the
probability that each test data belongs to all classes. As
shown in the Eq. (10), the softmax function finds the
possibility of belonging to each class which sum of 1 of a
data and returns the results as an array (Softmax function,
2017). At the equation, i means the number of the data
class, x means net value of weighted sum.

Fig. 4. Architecture of CNN

(10)

A convolution layer consists of a set of filters derived
from weights and bias. Instead of fully connecting to all
input and output nodes, each node is locally connected to
a subset of input nodes that are localized to a smaller input
zone. Filters has been moved from left to right and from
top to bottom.
8 filters were applied in the first convolution layer. The
size of each one is 5x5 and the 2 steps are shifted over the
input matrix. At the end of the first convolution layer, an
intermediate result of 8x14x14 is created as seen in Fig. 5.

The output layer has 10 nodes because the data to be
categorized is only numbers. Therefore, the matrix formed
as a result of the second convolution layer has 10
connections to each of the 10 output nodes separately.
3.

CONCLUSION

The equation shown in the Eq. (11) is used to calculate
the accuracy ratio in the study.
(11)
The MNIST data set, which has totally 70000 data, is
divided into different amounts for training and testing.
Table 2 shows the percentage value of accuracy rates of
the network for data in 5 different number of training and
test quantities.
Table 2. Experimental percentage value of accuracy rates
for different data numbers (TRN: number of train data,
TST: number of test data)

Fig. 5. First convolutional layer and the result

TRN
TST
CNN
BPNN

In the second convolution layer, 16 filters of 5x5 size
were shifted by 2 steps and applied to the outputs formed
as a result of the first convolution. As a result of the second
convolution layer, a result matrix of 16 results of 7x7 was
created as seen in Fig. 6.
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60000
10000
98.06
97.91

60500
9500
98.97
96.18

61000
9000
98.93
95.86

61500
8500
99.04
95.94

62000
8000
98.97
96.17
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As can be seen from Table 2, it was observed that the
increase of the training set did not contribute to the
network after a limit. This limit is 60000 training data
10000 test data for BPNN, and 61500 training data 8500
test data for CNN. As the number of training sets increased
during the experiments, it was observed that the training
period increased. It has been observed that CNN has been
trained in less time and achieved more accurate results
than BPNN for equal training data.
The results of the tests carried out for the change in the
connection weights to be updated for each step during the
training are shown in Fig. 7. As can be seen in Fig. 7, it
can be said that the amount of change of the network
should be taken as 0.1 in order to obtain the best results for
both networks. It was observed that CNN was trained in
less time than the BPNN for an equal number of changes
and that more successful results were achieved.

It was observed that best results of networks is
different for number of training data and number of
networks trained with the same data set, same for change
of weights during the study.
In all the tests performed in equal criteria, it was
concluded that CNN was more successful in terms of
learning time and success rate than BPNN. It can be said
that a well-designed CNN can be preferred for image
processing artificial intelligence problems.
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Fig. 8. Effect of training repetition on accuracy

91

