
 

 

 

Abstract—This paper presents handwritten character recognition 

methodology by using ANN (Artificial Neural Network). We 

employed feedforward ANN and back propagation learning algorithm 

with generalized delta rule to solve the problem of handwritten English 

character recognition. Our method has been tested by the experiments 

with UCI “Letter Recognition Data Set”, and found to be very 

efficient. We find that the recognition accuracy is proportional to the 

number of hidden neurons and the number of epochs. Also, there is 

also a great improvement in reducing the training time with two data 

approaches. 
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I. INTRODUCTION 

ECENTLY, handwritten character recognition is attracting a 

large number of researchers due to its wide applications 

including signature recognition and many text processing 

applications. Moreover, the current development of on-line 

handwriting character recognition for tablets brings about the 

imminent necessity for the development of efficient 

handwritten character recognition methodology. Many 

approaches have been proposed for both on-line and off-line 

handwritten recognition. Among these, artificial neural 

network (ANN) always plays an important role during the 

history of handwritten recognition due to its efficiency and 

simplicity.[1][2] ANN has been shown to have the ability to 

model an unspecified relationship between input patterns and 

output patterns.[3] 

In this paper, the efficient handwritten character recognition 

method based on ANN model is proposed. The ANN model 

adopted in this paper is a standard feedforward neural network, 

and an error back-propagation algorithm is used for training the 

neural network. [4] The English alphabet consists of 26 letters 

(5 vowels and 21 consonants). To recognize all these 26 letters, 

we need to divide them into classes. As the result, our ANN 

needs the corresponding number of outputs to represent English 

alphabets. Through the experiments, we have compared and 

analyzed the differences of various number of hidden neurons 

and number of epochs for each data approaches. 

The remaining of the paper is structured as follows: Section 2 

focuses on describing the artificial neural network, the 

architecture, the training procedure, and also the generalized 
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delta rule. Section 3 briefly describes the dataset used in the 

experiments, types of data approaches, and the experimental 

results in each approach. Finally, in Section 4, we conclude and 

suggest the future work. 

II.  IMPLEMENTATION OF NEURAL NETWORK 

A. Architecture 

The architecture of ANN adopted in this paper is the widely 

used type: feedforward artificial neural network. A basic 

feedforward artificial neural network consists of an input layer, 

hidden layers and an output layer. Each layer has a number of 

elements called neurons. Each neuron is connected to other 

neurons by associated weights. Each hidden neuron has an 

activation function. There are many activation functions, such 

as identity function, binary step function with threshold, binary 

sigmoid function and bipolar sigmoid function. We use the 

sigmoid function which is shown below in our architecture: 

 ( )   
 

                

(1) 

There has been much improvement for ANN so far. Among 

those, two following issues are still open: how to decide the 

number of hidden neurons, and how to decide the number of 

epochs (each run through all the entries in the training data set 

is called an epoch). Based on the training dataset, there are 16 

input neurons and one output neuron for our vowel recognition. 

The number of hidden neurons will be tested in turn from 8, 16 

and 32 hidden neurons. 

B. Procedure 

For each data entries in the training set, the procedure is 

shown in Fig. 1. 

 
 

Fig. 1 The basic procedure for data entries 

 

The formula to calculate the basic error gradient for each 

output neuron j is shown as follows:  

                 (               ) (               

             )               
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(2) 

where               is the actual value at output neuron  , and 

               is the desired value at output neuron  . We 

found that the learning rate   should be a higher value between 

0 and 1. It affects to the weight adjustments and the network’s 

training speed. The above figure also illustrates how to train a 

network by back propagation. It includes three stages: 

 The feedforward of the input training pattern. 

 The backpropagation of the associated error. 

 The adjustment of the weights. 

The weight updating rule will be described with the generalized 

delta rule in the next part. 

C.  Generalized Delta Rule 

The generalized delta rule is a gradient descent learning rule 

introduced by Widrow and Hoff [5]. This rule is used for 

updating the weights of the inputs in artificial neural networks. 

The delta rule for weight          is given by: 

            (                            ) 

   (∑               

 

)         

(3) 

where  ( ) is activation function. 

Therefore, we have a momentum term ε that makes the 

following updating rule: 

         (   )                         ( ) 

(4) 

III. EXPERIMENTAL RESULTS 

A.  Handwritten Character Data 

The handwritten character data was taken from “Letter 

Recognition Data Set” of Odesta Corporation on UCI Machine 

Learning Repository [6]. There are character images from 20 

different fonts and randomly distorted each letter to 20,000 

entries. Each entry was converted into 16 numerical attributes 

and scaled to a range of integer values from 0 to 15. For each 

data entry, we have a list of the letter and 16 attributes. We are 

not going to use the letter, so we format them into binary: 1s for 

vowel characters (a, e, i, o, u), and 0s for consonant characters. 

We split the dataset of 20,000 entries into three parts: the 

training dataset (60% of total set), the validation dataset (20% 

of total set) and the testing dataset (20% of total set). Besides 

the classic approach that our network needs to be learned a 

whole training dataset, we have two advanced approaches when 

working with large datasets like our problem. The purpose of 

these approaches is to reduce the training time and improve the 

accuracy. 

The first approach initializes a subset of the training set. This 

subset will swell with a fixed size (percentage of total set) each 

epoch. This approach continues until covering all of the 

training dataset. The second approach initializes the fixed size 

block. This block moves across the training dataset. This 

approach stops when the block reaches all the training data 

entries. 

B.  Accuracy Analysis 

With regards to recognition accuracy, we employed mean 

squared error (MSE) to analyze the result as a measure of 

accuracy. 

     
∑ (                            )

  
   

 
 

(5) 

In (5), n is the number of entries in set. To show the effect of 

various number of hidden neurons and number of epochs, we 

carry out an experiment with the classic data approach. The 

training dataset has been trained once. The experimental result 

of the classic data approach is shown in Table I, Table II and 

Table III. Table I corresponds to ANN with 8 hidden neurons, 

while Table II and III correspond to ANN with 16 and 32 

hidden neurons. The rows in this table are trained over ten 

times, and the learning rate and momentum are set to 0.005 and 

0.8, respectively. Average accuracy and mean squared error are 

measured for each instance. 
 

TABLE I 

EXPERIMENTAL RESULT OF CLASSIC DATA APPROACH WHEN THE NUMBER OF 

HIDDEN NEURON IS 8 

Number 

of 
Epochs 

Training Set Validation Set Testing Set 

Accuracy MSE Accuracy MSE Accuracy MSE 

100 72.44 0.065 73.45 0.070 73.07 0.071 

250 73.76 0.061 72.53 0.069 72.48 0.07 

500 80.3 0.056 79.86 0.065 80.0 0.065 

1000 81.63 0.055 81.48 0.065 81.5 0.066 

 
 

TABLE II 

EXPERIMENTAL RESULT OF CLASSIC DATA APPROACH WHEN THE NUMBER OF 

HIDDEN NEURON IS 16 

Number 

of 

Epochs 

Training Set Validation Set Testing Set 

Accuracy MSE Accuracy MSE Accuracy MSE 

100 80.2 0.045 80.4 0.052 80.57 0.053 

250 84.92 0.038 83.67 0.049 83.35 0.051 

500 88.09 0.034 86.62 0.049 87.07 0.047 

1000 89.46 0.033 88.32 0.047 88.49 0.046 

 
 

TABLE III 

EXPERIMENTAL RESULT OF CLASSIC DATA APPROACH WHEN THE NUMBER OF 

HIDDEN NEURON IS 32 

Number 

of 
Epochs 

Training Set Validation Set Testing Set 

Accuracy MSE Accuracy MSE Accuracy MSE 

100 84.44 0.031 83.45 0.040 83.07 0.041 

250 90.11 0.021 88.86 0.035 89.36 0.034 

500 92.32 0.017 90.41 0.035 90.76 0.034 

1000 94.16 0.014 91.84 0.035 91.57 0.035 

 

With a specific learning rate and momentum, the recognition 

accuracy is approximately proportional to the number of hidden 

neuron and the number of epoch. However, if we do not use any 

type of regularization, the only way to prevent overfitting 

problem is by way of a small number of hidden neurons. In this 

case, a large number of epochs are not very effective, and there 

was no significant change in the accuracy or MSE. Therefore, 

we should not choose a large number of hidden neurons and 

epochs without regulation. 

In order to consider the differences between data approaches, 

we run experiments for each approaches. We use the best 
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performance case in the experiment: 32 hidden neurons and 

1000 epochs. For the relatively large dataset, we use these 

following values: 

 For the classic approach, the number of training set is equal 

to 5. It means our ANN has to be learned 5 times through the 

training dataset. 

 For swelling approach, the subset size is equal to 20. It 

means our ANN has to be learned 5 times through 5 subsets 

which are 20%, 40%, 60%, 80% and 100% of training set 

respectively. 

 For block-moving approach, the subset size is equal to 5000, 

and moving range is equal to 2000. It means our ANN has 

also to be learned 5 times (5000 entries each time).  

We run experiments 10 times for each approach, and then 

calculate the average values. Table IV shows the results of three 

approaches. 
 

TABLE IV 

ACCURACY COMPARISON OF THREE APPROACHES 

Approach 
Training Set Validation Set Testing Set 

Accuracy MSE Accuracy MSE Accuracy MSE 

Classic 

 
98.22 0.008 94.13 0.043 93.98 0.041 

Swelling 

 
95.37 0.013 91.85 0.038 92.78 0.042 

Block 
moving 

98.05 0.008 92.18 0.043 92.48 0.039 

 

With the training dataset of 12,000 entries, the training time 

of classic approach has four times slower the swelling 

approach. It also shows over five times slower than the 

block-moving approach. However the recognition accuracy 

does not have a big difference. We also count the computation 

time in seconds for three approaches. As shown in Table V, the 

classic approach is slow in comparison with the other 

approaches, while the swelling approach and the block moving 

approach are promptly converged. 
 

TABLE V 

MEASUREMENT OF COMPUTATION TIME OF THREE APPROACHES 

Approach 
Time 

(seconds) 

Classic 

Approach 
2383.8 

Swelling 

Approach 
593.5 

Block-Moving 

Approach 
444.1 

IV. CONCLUSION 

We have carried out the research on the problem of 

handwritten English recognition methodology based on ANN, 

and tested several different approaches. When working with 

large datasets, our consideration is based on the training time 

and the performance of accuracy. We perform experiments to 

find the difference of various number of hidden neurons and 

number of epochs. The experimental results show that the 

recognition accuracy is approximately proportional to the 

number of hidden neurons and the number of epochs with a 

specific learning rate and momentum, if we use the proper type 

of regulation. In this context, we are able to construct the 

efficient handwritten character recognition system. As an 

extension of this work, we need to employ other types of ANN 

classifier such as SOM and FCM, and evaluate the performance, 

along with the proposed method in this paper. 
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