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Abstract 
 

Handwriting digit recognition is a 

challenging problem researchers had been research 

into this area for so long especially in the recent 

years. In this paper, this system used to recognize 

the handwritten digits of Kayin language. Genetic 

algorithm gives an effective Kayin digit to determine 

the optimal weight parameters that are multiplied 

by the network outputs. Neural networks have been 

recognized as a powerful tool for pattern 

recognition problems. This system checked the digit 

that is written manually by users and used Genetic 

Algorithm to produce the output result in order to 

recognize the Kayin digit. Then, it produces the 

nearly similar Kayin digit pattern. 
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1. Introduction 
Neural networks are often used for pattern 

recognition and classification. Their adaptability 

and learning capabilities make them excellent 

choices for tasks requiring comparison of data sets 

or extracting subtle patterns from complex data. 

Pattern recognition in neural networks is a very 

broad field, but a common use for a NN is in 

handwriting or character recognition. This pattern 

matching technique enables computers to identify 

and utilize human handwriting [9]. 

This thesis focuses on the handwritten 

digits of Kayin language. The rationale is to 

improve the efficiency of neural network for digit 

recognition task. A series of tests were conducted to 

determine which of the two learning algorithms i.e. 

back propagation or Hybrid Genetic Algorithm 

(GA), trained a neural network faster and more 

efficiently. The determination of convergent 

weights for pattern recognition is also an important 

observation of this research. The simulated results 

are determined from the ten sets of handwritten digit 

of Kayin languages. Often in neural networks, nodes 

are organized in a manner called a feed-forward 

network. In a feed-forward neural network, nodes 

are organized into layers; each "stacked" on one 

another. The neural network consists of an input 

layer of nodes, one or more hidden layers, and an 

output layer. Each node in the layer has one 

corresponding node in the next layer, thus creating 

the stacking effect. The input layer's nodes have 

output functions that deliver data to the first hidden 

layer nodes. The hidden layer(s) is/are the 

processing layer(s), where all of the actual 

computation takes place. Each node in a hidden 

layer computes a sum based on its input from the 

previous layer (either the input layer or another 

hidden layer). The sum is then "compacted" by a 

sigmoid function (a logistic curve), which changes 

the sum to a limited and manageable range. The 

output sum from the hidden layers is passed on to 

the output layer, which produces the final network 

result. Feed-forward networks may contain any 

number of hidden layers, but consists of only one 

input and one output layer [7]. 

A neural network with a single hidden 

layer can learn any set of training data that a 

network with multiple layers can learn. However, 

neural network with a single hidden layer may take 

longer to train. Back propagation is a learning rule 

for the training of multi-layer feed-forward neural 

network. Back propagation derives its name from 

the technique of propagating the error in the 

network backward from the output layer. To train a 

Back propagation neural network, it must be 

exposed to a training data set and the answers or 

correct interpretations of the set. During a forward 

pass through the network, the nodes in the network 

accumulate the changes in weight, and on the 

backward pass, the weights are altered. The method 

of weight modification calculation is an integral part 

of the Back propagation design [8]. 

 

2. Artificial Neural Network  
Artificial neural networks have emerged as 

a field of study within AI and engineering via the 

collaborative efforts of engineers, physicists, 

mathematicians, computer scientists, and 

neuroscientists. Although the strands of research are 

many, there is a basic underlying focus on pattern 

recognition and pattern generation, embedded 

within an overall focus on network architectures [6].  

 Many neural network methods can be 

viewed as generalizations of classical pattern-

oriented techniques in statistics and the engineering 

areas of signal processing, system identification, 

optimization, and control theory. There are also ties 

to parallel processing, VLSI design, and numerical 

analysis. A neural network is first and foremost a 

graph, with patterns represented in terms of 

numerical values attached to the nodes of the graph 



 

  

and transformations between patterns achieved via 

simple message-passing algorithms. Certain of the 

nodes in the graph are generally distinguished as 

being input nodes or output nodes, and the graph as 

a whole can be viewed as a representation of a 

multivariate function linking inputs to outputs. Four 

input nodes, four output nodes and one hidden layer 

is used in this system. Numerical values (weights) 

are attached to the links of the graph, parameterizing 

the input/output function and allowing it to be 

adjusted via a learning algorithm. A broader view 

of a neural network architecture involves treating 

the network as a statistical processor, characterized 

by making particular probabilistic assumptions 

about data. Patterns appearing on the input nodes or 

the output nodes of a network are viewed as samples 

from probability densities, and a network is viewed 

as a probabilistic model that assigns probabilities to 

patterns [1]. 

The problem of learning the weights of a 

network is thereby reduced to a problem in 

statistics—that of finding weight values that look 

probable in the light of observed data. The links to 

statistics have proved important in practical 

applications of neural networks. Real-world 

problems are often characterized by complexities 

such as missing data, mixtures of qualitative and 

quantitative variables, regimes of qualitatively 

different functional relationships, and highly non 

uniform noise. Neural networks are complex 

statistical models with the flexibility to address 

many of these complexities, but as with any flexible 

statistical model one must take care that the 

complexity of the network is adjusted appropriately 

to the problem at hand [2].  

A network that is too complex is not only 

hard to interpret but, by virtue of overfitting the 

random components of the data, can perform worse 

on future data than a simpler model. This issue is 

addressed via statistical techniques such as cross-

validation, regularization, and averaging, as well as 

the use of an increasingly large arsenal of Bayesian 

methods. Other practical statistical issues that arise 

include the assignment of degrees of confidence to 

network outputs (“error bars”), the active choice of 

data points (“active learning”), and the choice 

between different network structures (“model 

selection”) [3]. Progress has been made on all these 

issues by applying and developing statistical ideas. 

The statistical approach also helps in understanding 

the capabilities and limitations of network models 

and in extending their range. Neural networks can 

be viewed as members of the class of statistical 

models known as “nonparametric,” and the general 

theory of nonparametric statistics is available to 

analyze network behavior. It is also of interest to 

note that many neural network architectures have 

close cousins in the nonparametric statistics 

literature; for example, the popular multilayer 

perceptron network is closely related to a statistical 

model known as “projection pursuit,” and the 

equally popular radial basis function network has 

close ties to kernel regression and kernel density 

estimation [5]. 

 

3. Genetic Algorithms 

A genetic algorithm is a heuristic technique 

used to solve optimization problems. Optimization 

problems attempt to find the best solution(s) for a 

given problem that has several parameters (goals or 

resources) with associated constraints. The most 

basic tools for solving optimization problems are 

complete enumeration of all possible choices, 

calculus, and linear optimization techniques using 

the simplex algorithm such as Lindo or Excel's 

solver. However, as I will discuss in the next 

section, these traditional methods break down when 

the problem gets very large or complicated. Some of 

the same issues that affect these tools affect genetic 

algorithms, but for the most part, GAs are far more 

robust at handling very complex and non-linear 

problems. For example, a problem involving 

selecting the best shipping route for a company that 

needs to make ten shipments may be solved using 

an 'exhaustive search' technique[3]. The problem 

could be defined in the computer, which could go 

through the 3.6 million different combinations of 

the cities in a reasonable amount of time. Such a 

problem is known as a non-deterministic 

polynomial problem [4].  

The basic GA operators are selection, 

crossover and mutation. 

 

3.1 Fitness Function 
 

A fitness function is a particular type of 

objective function that prescribes the optimality of a 

solution (that is, a chromosome) in a genetic 

algorithm  so that that particular chromosome may 

be ranked against all the other chromosomes. 

Optimal chromosomes, or at least chromosomes 

which are more optimal, are allowed to breed and 

mix their datasets by any of several techniques, 

producing a new generation that will (hopefully) be 

even better.  

The weighted sum fitness function of the k 

objectives in (1) is written as follows: 

fitness(x) = w1 f1(x) + w2 ⋅ f2 (x) + ... + wk ⋅ fk (x)  

where wi is a non-negative weight value. 

One important issue is the specification of the 

weight vector w = (w1, w2, ..., wk). 



 

  

 

 

3.2 Selection scheme 
Selection in GAs aims at giving higher 

probabilities to fitter individuals in a population so 

that they can produce hopefully fitter offspring. the 

genetic is based on the following strategy: after all 

creatures have been evaluated and assigned a score, 

a set of elite creatures is directly copied in the next 

population. This strategy ensures that best creatures 

are always duplicated in the next generation. The 

rest of the produced population is then generated by 

crossover using rank-based selection based on the 

cumulative probability for each chromosome. The 

generated offsprings replace their parents in the next 

generation after the application of our mutation 

operator. 

 

3.3 Parameter of GA 
There are two basic parameters of GA - 

crossover probability and mutation 

probability.Crossover probability is that how often 

will be crossover performed. If there is no 

crossover, offspring is exact copy of parents. If 

there is a crossover, offspring is made from parts of 

parents' chromosome. If crossover probability is 

100%, then all offspring is made by crossover. If it 

is 0%, whole new generation is made from exact 

copies of chromosomes from old population (but 

this does not mean that the new generation is the 

same!). Crossover is made in hope that new 

chromosomes will have good parts of old 

chromosomes and maybe the new chromosomes 

will be better. However it is good to leave some part 

of population survive to next generation.Mutation 

probability is that how often will be parts of 

chromosome mutated. If there is no mutation, 

offspring is taken after crossover (or copy) without 

any change. If mutation is performed, part of 

chromosome is changed. If mutation probability is 

100%, whole chromosome is changed, if it is 0%, 

nothing is changed. Mutation is made to prevent 

falling GA into local extreme, but it should not 

occur very often, because then GA will in fact 

change to random search.  

 

3.4 Crossover 
The essence of any crossover operator is to 

exchange components of the two parents to form 

new offsprings. In this system one-point crossover 

is used, it’s realized by cutting the strings at a 

randomly chosen position. The child is hence 

generated by taking one segment part from each 

parent. The genetic operators must produce correct 

and complete offsprings. The choice of the cross 

point position is important in order to generate a 

valid offspring operating on the same interface units 

(input and output) as their parents.  

  

3.5 Mutation 
Often, the mutation is controlled by the mutation 

rate, which is very low for GAs in comparison with 

the crossover rate. In contrast, evolutionary 

programming often uses mutation almost 

exclusively. In this paper the mutation is performed 

more frequently than in traditional genetic 

algorithms.  

 

4. System Design 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. System flow diagram 

 

In this system, inputs are extracted from 

the handwriting digit. In this system, about 300 train 

data(Kayin Digits) is used. The system initializes 

the weight with small random values, calculate the 

output of hidden layer neurons and calculate the 

output of output layer neurons. Then calculate mean 

square value. If error is greater than minimum 

value, calculate error for output and hidden layer 

and update the weight. If error less than or equal 

with minimum value, stop training generate the 

classification result. The output values are carried to 

GA as chromosomes. GA generates these 

chromosomes and crossover. Finally, GA displays 

the output handwriting digit. 

 

4.1 Step by Step Calculation of the 

System 
1. Provide initial inputs of sample handwritten digits 

to train the artificial neural networks. 

2. Start the process of training the networks. 

3. Store the weight matrices and bias values 

obtained after training as files. 

4. Read the file containing the input matrix. 

Initialize Network with  
training patterns ( Kayin Digits) 

Initialize Weight with  

small random values 

Calculate the output of 
 output layer neurons 

Compute the output error 

E = T- O 

E<=ET ? 

Calculate the error for  
output layer neurons 

Calculate the error for  

hidden layer neurons 

Update the 

weights 

Classific
ation 

result? 

Yes 

No 

Yes 

NN result input for GA  Selected 
Output 
Digit 

Calculate the output of 

hidden layer neurons 

Mutation & Crossover 

Selection 

Fitness Function 

Evaluation  



 

  

5. Feed this as the input to the neural network. 

6. Send the outputs of the neural networks to the 

Genetic Algorithm. 

The system is developed artificial neural 

networks need to select the best and fittest solution 

from the set of outputs obtained. This is carried out 

with the help of Genetic Algorithm which is applied 

such that it accepts the output of the artificial neural 

network. The system passes the input column matrix 

in the neural network and get the output. The output 

is sent to the Genetic Algorithm and hence making 

the initial population for the Algorithm.  

The following method is applied for applying 

genetic algorithm to the output of the artificial 

neural network: 

1. Initialization: Select the output of the neural 

network with the. This corresponds to the initial 

population for the Genetic Algorithm. 

2. Selection: Select the indexes from the neural 

network that has minimum number. 

3. Fitness function: Compute the correlation 

coefficients of the selected indexes. 

4. Mutation & Crossover: For the correlation 

coefficients less than the threshold value 0.50 repeat 

the step of the fitness function for a different 

training set. Discard the indexes that have 

coefficient values less than 0.3. 

5. Evaluation: Select the index which has the 

maximum correlation coefficient with the input 

matrix. 

6. Output the selected digits 

 

4.2 Input of handwritten Kayin Digit (0 

to 9 ) 

 
 

 

 

 

 

 

 

 

 

 

 

 

4.2.1 Output of the System ( 0 to 9 ) 

Input (handwritten)   output       Input (handwritten)   output 

 

 

 

 

 

 

 

 

4.2.2 Kayin Input Digit and Output Digit 

of the System 

 
 

 

 

 

 

 

 

 

 

 

 

5. Implementation 

 

 

Figure 3. Training Digit 

User can train hand written digit or digit image 

from this page. User draws digit and trains the digit 

image. Then user saves the digit image. 

 

Figure 4 . Testing Digit 

In this page, user can test hand written digit or 

digit image. User draws digit and click “Test Digit” 

button. The system generates this image and outputs 

One 

Two 

Three 

Four 

Input Digit Output Digit Output Digit Input Digit 

Zero Five 

Six 

Seven 

Eight 

Nine 

One 

Two 

Thre

e 

Four 

Zero Five 

Six 

Seven 

Eight 

Nine 



 

  

the result. This output result is set into genetic 

algorithm (GA) as chromosomes. 

 

 

Figure 5.  Crossover 

GA crossovers these chromosomes and finally 

generates the best result. 

 

Figure 6. Generating Output Digit 

The output digit and accuracy are displayed 

in this page.  

6. Experimental Results 

Digit Image Accuracy 

One  97% 

Two  92% 

Three  92% 

Four  94% 

Five  89% 

Six  93% 

Seven  91% 

Eight  94% 

Nine  86% 

Ten  98% 

 Table (1) Accuracy for Each Digit 

 

 

Digit Image 
Accuracy 

Neural 

Network 

Genetic 

Algorithm 

One  89% 97% 

Two  82% 92% 

Three  83% 92% 

Four  86% 94% 

Five  81% 89% 

Six  85% 93% 

Seven  83% 91% 

Eight  86% 94% 

Nine  80% 86% 

Ten  90% 98% 

Table (2) Accuracy Comparison for Each Digit of 

Neural Network and Genetic Algorithm 

 

7. Output of Neural Network and Input 

of Genetic Algorithm 

 

 

 

8. Conclusion 

 Using neural networks and genetic 

algorithm for handwriting digit recognition is a field 

that is attracting a lot of attention. As technical 

advances are made, the benefits of using neural     

network and genetic algorithm for the purpose of 

handwriting digit recognition become clearer. This 

digit recognition starts with acquiring the image to 

be preprocessed throw a number of steps. As an 

important point, classification and recognition have 

to be done to get the outputs that are chromosomes 

of genetic algorithm. Genetic algorithm has been 

applied to get the clear selected digit. 

 

8.1 Limitation of the System 

There are some limitations in this system 

because it is only considered for handwritten Kayin 

C1 

-

0.016 0.014 0.019 0.024 0.022 0.014 0.017 0.018 0.017 0.024 

C2 0.18 0.019 0.016 0.014 0.019 0.017 0.019 0.019 0.019 0.016 

C3 0.019 0.013 0.015 0.016 0.029 0.02 0.014 0.017 0.017 0.07 

C4 0.017 0.011 0.014 0.016 0.029 0.022 0.022 0.018 0.015 0.012 

C5 0.018 0.014 0.016 0.017 0.022 

-

0.016 0.017 0.018 0.017 0.024 

C6 0.016 0.019 0.017 0.021 0.019 0.024 0.019 0.019 0.019 0.016 

C7 0.018 0.013 0.018 0.02 0.029 0.019 0.014 0.017 0.017 0.07 

C8 0.018 -0.013 0.018 0.02 0.029 0.019 0.014 0.017 0.017 0.07 

C9 0.02 0.019 0.019 0.019 0.019 

-

0.019 0.019 0.019 0.019 0.016 

C10 0.011 0.013 0.013 0.014 0.029 0.016 0.014 0.017 0.017 0.07 



 

  

digit. This system can be able to recognize not only 

for user handwritten but also for manual draw Kayin 

digit. This system can be decided 10 Kayin digits ( 0 

to 9 ). 

7.2 Further Extension 

This system can be extended into the 

capabilities and efficiency of Data Mining System. 

This system has been tested on Kayin Handwritten 

digit. This system used feedforward neural network 

and genetic algorithm for output results. Other 

measures with the similar properties could be used 

for further study. 

 This system can extend other handwritten 

digit and used different method for produce 

patterns. 
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