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ABSTRACT 
 
 
 

Context. Custom solutions to optical character recognition problems are able to reach higher 

recognition rates then a generic solution by their ability to exploiting the limitations in the problem 

domain. Such solutions can be generated with genetic algorithms. This thesis evaluates two different 

chromosome encodings on an optical character recognition problem with a limited problem domain. 

Objectives. The main objective for this study is to compare two different chromosome encodings 

used in a genetic algorithm generating neural networks for an optical character recognition problem to 

evaluate both the impact on the evolution of the network as well as the networks produced. 

Methods. A systematic literature review was conducted to find genetic chromosome encodings 

previously used on similar problem. One well documented chromosome encoding was found. We 

implemented the found chromosome encoding called binary, as well as a modified version called 

weighted binary, which intended to reduce the risk of bad mutations. Both chromosome encodings 

were evaluated on an optical character recognition problem with a limited problem domain. The 

experiment was run with two different population sizes, ten and fifty. A baseline for what to consider 

a good solution on the problem was acquired by implementing a template matching classifier on the 

same dataset. Template matching was chosen since it is used in existing solutions on the same 

problem. 

Results. Both encodings were able to reach good results compared to the baseline. The weighted 

binary encoding was able to reduce the problem with bad mutations which occurred in the binary 

encoding. However it also had a negative impact on the ability of finding the best networks. The 

weighted binary encoding was more prone to inbreeding with a small population than the binary 

encoding. The best network generated using the binary encoding had a 99.65% recognition rate while 

the best network generated by the weighted binary encoding had a 99.55% recognition rate. 

Conclusions. We conclude that it is possible to generate many good solutions for an optical character 

problem with a limited problem domain. Even though it is possible to reduce the risk of bad mutations 

in a genetic algorithm generating neural networks used for optical character recognition by designing 

the chromosome encoding, it may be more harmful than not doing it. 

 
Keywords: chromosome encodings, genetic 
algorithms, optical character recognition, resilient 
propagation. 
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GLOSSARY 
Classifier: A system that takes an input and assigns it to a class based on the properties of 
the input. 
Encog is a machine learning framework mainly focused on neural networks. It has support 
for multi-threaded resilient propagation.  
False positive: A character that is incorrectly classified. 
Fitness value: A measure of quality of the solution that is used to compare different 
solutions. 
Lookup table: A table where a given key is paired with a value. 
Machine learning: A type of artificial intelligence that evolves behaviours based on data. 
Omnifont recognition: A system that can recognise and classify several fonts. 
Overfitting: When the classifier is trained too much on the training set so that it cannot 
generalise. That is to say that it cannot recognise anything other than instances from the 
training set. 
PlusGiro/BankGiro: clearing systems used in Sweden for money transactions such as bill 
payments. 
Recognition rate: A measure of how good the classifier is. It is calculated by dividing the 
number of correctly classified instances with the total number of instances. 
Reliability rate: A measure of the reliability of the results. It is calculated by dividing the 
number of correctly classified instances plus the number of unclassified instances with the 
total number of instances. 
Salt and pepper noise: Black and white pixels that occur randomly in a picture.  
True positive: A character that is correctly classified. 



  9 

 INTRODUCTION 1
Optical character recognition is an area of artificial intelligences and machine learning where 
a system or machine tries to visually identify characters and turn them into text. It is a 
surprisingly hard problem to solve since characters can come in almost any form, especially 
if they are handwritten. The quality of the image can also have a big impact on the result. 
Even under close to optimal conditions with printed characters in a known font and in a 
controlled environment it is often not possible to reach a perfect recognition rate [1]. When 
trying to classify an image of words in a known language the recognition rate can be 
improved by using a dictionary. However, approaches that uses a dictionary only works on 
words that are known and correctly spelled. A similar technique can be used on series of 
numbers, if there is a known structure or pattern such as phone numbers. On other problems 
such as recognition of random sequences of characters, this approach cannot be used and the 
solution will only depend on the recognition rate of the classifier. 
Optical character techniques have been applied to many interesting problems, including: 
automatic sorting of mail, cheque reading, bill handling and digitizing books.  
There exists several methods for doing optical character recognition; one of the simplest 
methods is to use template matching. In template matching each image is compared against a 
number of template images and the system determines which template image the image is 
most alike. This approach depends on all characters to always look the same and will have 
trouble with images with a lot of noise or distortion. Another approach that is better at 
working with noisy and distorted images is to use artificial neural networks. This approach is 
good at these types of problem because it does not only learn the training data but also 
creates generalised solution. Artificial neural networks has shown good results both with 
handwritten [2] and printed characters [3][4].  
 
Our research was conducted together with the mobile service company Wireless Independent 
Provider (WIP). WIP is in the phase of introducing a service that allows a user to photograph 
a PlusGiro/BankGiro bill with his/her camera equipped-phone and send the image to a 
server. The server will then analyse the image using our generated neural network and 
respond with the text in the image. This will relieve the user of the tedious work of entering 
the long numbers by hand and thereby speed up the process of entering the numbers on the 
bill. 

1.1 Background & Related work 
Before we go on to describe the problem at hand and our approach to it, a brief introduction 
to the various techniques we used is needed. This section will cover artificial neural 
networks, resilient propagation and genetic algorithms as well as related work on the subject. 
We have also included a short glossary in section 0 to explain some of the terms used in this 
thesis. 
1.1.1 Artificial neural networks 
Neural networks were first proposed in 1943 by Warren McCulloch and Walter Pitts. Their 
idea was to create artificial neurons, and in that way create a model of the human brain. They 
showed that this model could be used to calculate any computable function and that all 
logical connectivities could be implemented in it [5]. The neuron works by taking a number 
of inputs and then using the sum of the inputs in an activation function, a descriptive image 
of a neuron can be found in Figure 1. The activation function, which is either a step function 
or a continuous function, outputs a number in a predetermined range. The range is dependent 
on what activation function is used in the neuron. The activation function also has a 
threshold value that affects how the input is converted in to the range. If the input is over the 
threshold the output will be close to the upper bound of the range and if it is under it will be 
close to the lower bound of the range. 
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A neural network is built by connecting several neurons (referred to as nodes) to each other. 
The connections between the nodes are called synapses; each synapse has a weight that is 
multiplied with the output going over the connection. A high weight means that the values 
going over that synapse are important. By adjusting the weights of the synapses as well as 
the thresholds of the activation function in each node a neural network can learn and adapt to 
solve a problem.  
Neural networks are commonly built with three types of layers; input layer, hidden layers 
and output layer. Each layer contains a number of nodes that are all connected to every node 
in the layer behind and in front (this is illustrated in Figure 2). The hidden layer(s) are the 
layers in between the input and output layers. This seemingly simple design can solve 
complex problems that are difficult to solve using conventional programming. A network 
with one hidden layer can solve any continuous problems and with two hidden layers it can 
also solve any discontinuous problem [5].  
The input layer is the nodes which receive the input of the problem. Before they can get the 
input it must be decided how to translate the problem into values given to the input nodes. 
How to translate the problem to input is highly dependent on the type of problem type and 
implementation. In the case of optical character recognition the input values could be 
features of the image or the RGB values of the pixels, a more detailed description of an 
optical character recognition implementation is covered in section 1.1.1.1. 
The output nodes will give the output of the network. It will, however, not be in a human 
readable format. The output has to be translated before it can be understood. How to translate 
the output is very dependent on the implementation. 

 
Figure 1: Close-up of a neuron. 
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Figure 2: Neural network. 
 
The network topology refers to the number of nodes in each layer. The problem with using 
neural networks is that there is no theory on how the network topology should be constructed 
[4]. As each layer only gets the output from the previous layer as its input, the size of the 
previous layer determines the amount of information that the layer will have to process. If it 
is too much information there is a risk of overfitting, if it is too little information it is not 
possible for the classifier to learn anything.  Often a heuristic approach based on previous 
experience is used to design the topology [6]. Another possible solution that has been 
proposed is to use genetic algorithms to evolve the topology [2]. The design of the topology 
is very important as it influences the performance as well as the recognition rate and 
generalizability of the solution. The optimal topology for a problem will be different 
depending on the problem at hand. Generally a larger problem domain will require a larger 
topology. 

1.1.1.1 Optical character recognition with artificial neural networks 

When doing optical character recognition with neural networks one approach is to have a 
fixed size for each character bitmap that is inputted to the network, e.g., 50x50 pixels. In that 
case, there would be 2500 input nodes in the network, one for each pixel. The number of 
output nodes is either one node for every character or so many nodes that is needed to 
represent the number of characters in binary, for example five output nodes can represent 
everything in between 00000 and 11111 that is to say 32 different values [7]. The advantage 
of one output node for every character is that the classifier will not only indicate which class 
it thinks it is, but also give an indication about how good it matches the rest of the classes 
and there by the confidence in the solution can be interpreted from the output. Another 
advantage is that if two output nodes have a high result the classifier can decide not to accept 
the classification since it could be either class. Rejecting classifications in this way may 
lower the recognition rate but decreases the risk of the incorrect classifications therefore 
increasing the reliability of the system.  

1.1.1.2 Training 

To adjust the neural network for the specific problem adjustments are made to the weights of 
the synapses in the network. In very small networks, this can be done manually as long as the 
problem is understood very well. Since the number of weight increases quickly in 
relationship with the network size a manual approach becomes almost impossible for 
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complex problems. An error propagation algorithm is a common approach to update the 
weight values. In supervised learning the network is fed a known instance of a class and the 
output is compared to the correct answer. Mean squared error is one way of measuring the 
distance i.e. the error between the output and the correct answer. The error is then 
propagated backwards through the network and the weights are adjusted so that the output 
moves closer to the correct solution.  
In some algorithms, the adjustment is multiplied with a learning value. This is so that the 
amount of learning can be adjusted. In the beginning of the training, there might be a need 
for greater changes to the weight values while towards the end of the training; it is more 
likely to only be a need for small changes to tune the network. The network could also be 
trained according to the unsupervised learning or reinforcement learning paradigms, which 
however is beyond the scope of this thesis. 

1.1.1.2.1 Resilient propagation 
In this thesis, we have chosen to use resilient propagation as our method of weight 
adjustment. It was invented by Riedmiller in 1994[8]. The algorithm works by keeping track 
of the sign of the partial derivative for each weight independently. If the sign of the partial 
decorative changes from the last partial derivative the “step” is multiplied with -0.5 
otherwise it is multiplied with 1.2. This will allow the algorithm to build up a momentum to 
make big changes if needed and then slow down rather quickly. This removes the need for a 
fixed learning rate.  
This algorithm is the fastest for large networks [9]. 
1.1.2 Genetic algorithms 
The idea of a genetic algorithm is to simulate evolution to find an optimal or close to optimal 
solution in a large search space. The idea was first proposed by Friedberg in 1958. Even 
though his implementation of the genetic algorithm did not produce any good solutions, the 
idea was adapted successfully by others and has been proven to be able to deliver good 
solutions to optimisation problems [5]. 
In genetic algorithms, each solution (called individual) is represented as a string of 
characters using a limited alphabet, commonly ones and zeroes [5], which is referred to as 
the chromosome. How a solution is converted to a chromosome and vice versa, is 
determined by the genetic encoding. How to encode the chromosome is an important 
decision since it is what determines the search space for the genetic algorithm. If a dynamic 
encoding is used the search space could be infinite. If it is suspected that a certain area will 
contain the solution an encoding that has a bias towards that area could be used. 
 
Initially a number of individuals, i.e. solutions, are created, either randomly, or in a way that 
is assumed to have an advantage at solving a specific problem. The individuals are then 
evaluated using a fitness function to determine how good they are at solving the assigned 
task. If an individual has reached the desired fitness the process is finished. If no solution 
exists that reaches the desired fitness, a new generation is created. This is done by first 
selecting which individuals that should be allowed to generate offsprings. The selection can 
be done in many different ways. When the selection is done the selected individuals will 
reproduce through a method called cross over (see Figure 3). It works by taking two selected 
individuals and mixing their chromosomes to get two offsprings. There are several different 
ways to implement cross over. Before the offspring replace the old population, there is a 
small chance for each character in the offspring’s string to mutate; this will cause the 

effected character in the string to change, as can be seen Figure 4. 
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Figure 3: Cross-over 
 

 
Figure 4: Mutation 
 
When using genetic algorithms to generate the topology of neural networks the networks will 
also need training to adjust the weights before it can be evaluated. The complete flow of a 
genetic algorithm for generating an artificial neural network is described in Figure 5: Flow 
chart of a genetic algorithm.. 
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Figure 5: Flow chart of a genetic algorithm. 

1.2 Problem definition 
There are several approaches on how to solve the optical character recognition problem. A 
simple way is to use template matching. In template matching each character in the input 
image is separated in to a set of separate images, each image representing one character. 
Each image is matched pixel by pixel against a set of template images representing the 
character set for the problem. The image is classified as the character represented by the 
template that matched the highest number of pixels. This approach is dependent on the 
characters to always look the same, which is not always the case e.g. for handwritten text. It 
is also sensitive to bad images of text e.g. low or high lightning and bad contrast. 
 
Another popular approach is to use neural networks [10], which is an approach that has 
shown good results both for handwritten [2] and printed characters [3][4]. As already 
mentioned, a general problem with using neural networks is that there is no theory on how 
the network topology should be constructed [4]. Often a heuristic approach based on 
previous experience is used [6]. Another possible solution that has been proposed is to use 
genetic algorithms to evolve the topology [2].  
 
Generic omnifont character recognition using artificial neural networks is available with 
quite good accuracy [11][7], in many applications however, this general approach is not 
needed. The negative effects of using such a solution can be reduced recognition rate as well 
as performance decrease due to the extra computations needed to handle the larger problem 
domain. For many applications, there is only a need for a limited character set and a limited 
amount of fonts, e.g., when reading bank cheques [1]. By limiting the problem scope 
according to the problem properties, a higher performance and recognition rate can be 
achieved. Using already available neural networks architectures is likely to generate a 
working but not optimal result. Finding the optimal neural network design by hand using 
trial and error is a hard and time-consuming task and with generic solutions that are close to 
as good as a custom solution to the problem, many will find that it is not worth the effort. By 
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using a genetic algorithm designed to generate artificial neural networks for optical character 
recognition, a custom-made solution that is close to optimal is possible without requiring too 
much effort of the user.  
 
Using a custom solution over a generic may give a slight boost in recognition rate, that 
difference can mean a lot depending on the problem.  For instance, when identifying 
characters individually there is only a small difference between 99% and 99.5% recognition 
rate. When there is a need for a longer string to be correct the difference grows. A 
recognition rate of 99% would result in a 0.9920 (81.7%) theoretical probability of the system 
correctly identifying a twenty-character string. If the recognition rate is increased to 99.5% 
the probability increases to 0.99520 (90.4%). The gap in recognition rate increases quickly 
with the length of the character string. In optical character recognition applications where the 
result is useless if it does not manage to correctly identify the entire string the difference 
becomes noticeable. This is a strong motivator to finding the optimal topology for a neural 
network optical character recognition classifier. Even a small increase in recognition rate 
will be noticeable. 
 
When using genetic algorithms the genetic encoding must be chosen carefully. A good 
encoding limits the problem space so that it can search faster. The solutions, however, cannot 
be too limited or the chance of finding a global optimum will be decreased. 
To our knowledge, no comparison study has been conducted concerning how the 
chromosome encoding influences the generation and the end product of an evolved artificial 
neural network for optical character recognition.  
The idea behind this thesis is to go through the research done on using genetic algorithms on 
neural networks for optical character recognition and extract the encoding schemes used and 
then evaluating them on an optical character recognition problem with a specific font and 
limited character set.  
 
To evaluate the solutions in a real world problem, the solutions are trained and validated on 
reading the relevant information of BankGiro and PlusGiro bills. This limits the amount of 
characters the solutions needs to handle to the numbers 0-9, the number character (#) and the 
more then sign (>). Both BankGiro and PlusGiro bills are standardised to use the same font, 
OCR-B which is designed to be machine readable [12]. 
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We divided our aim into five sub-goals: 
 Doing a systematic literature review (described in Appendix A) to find research done 

on chromosome encoding that can represent the topology of a neural network. 
Evaluate the found chromosome encodings and identify relevant encodings. 

 Design our own chromosome encoding based on our assessment of the strengths and 
weaknesses of the found chromosome encodings. 

 Implement the found chromosome encodings as well as our modified version. 
 Use the chromosome encodings in a genetic algorithm for generating neural 

networks for optical character recognition, and then validate the neural networks on 
the training and validating data. 

 Evaluate the results from the experiment. 
 
The purpose of the result evaluation is to answer the following questions: 

1. What is the average recognition rate in each generation? 
2. Is there a difference in their ability to avoid local optima? 
3. Is there a difference in their ability to avoid inbreeding? 
4. Is there a difference in how many good solutions they will find? 

 
By answering the questions we aim to answer our research question: 
What difference does the chromosome encoding have on artificial neural networks generated 
for optical character recognition? 

1.2.1 Related work 
In our literature review we found 21 papers where genetic algorithms were used to evolve 
neural networks. 
When using genetic algorithms we found that there exist three methods. The genetic 
algorithm can either evolve the topology, the weights or both. Of the papers we found only 
four were described in enough detail to be able to implement them.  
In the papers we found there is a wide diversity. Many approaches have been proposed to 
raise the recognition rate. Podlena and Hendtlass proposed to use the age of the network in 
the fitness. For every generation the network is passed on its age increases affecting the 
fitness value of the network negatively [13]. This approach had a positive effect on the 
average fitness rate of the population. 
Fadili et al. assigned training time to the networks based on their size giving more training 
time to smaller networks. Their fitness was recognition rate divided by number of epochs, 
giving an advantage to small networks that train quickly [14]. 
Hintz and Spofford used an approach that makes no assumptions about the number of nodes 
or how they are connected. Their encoding enables the genetic algorithm to connect any 
node to any other node even itself. Meaning that it can go from feed-forward to recurrent if 
is advantageous [15]. 
Perez and Holzmann increased the recognition rate by extended their training set by shifting 
the characters as well as increasing and decreasing the size of them [2]. 
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 METHODOLOGY 2
Our research was done in five steps, as shown in the flowchart in Figure 6. We first started 
with a literature review to get an overview of the field and to extract the chromosome 
encodings used in genetic algorithms for neural networks for optical character recognition. 
Before any implementation could be done, the data we wanted to use had to be collected. 
After the data collection was done we started implementing the chromosome encodings and 
ran our experiments. When the experiments were done we analysed the data and drew our 
conclusions. In the rest of the sections we will describe each step in more detail. 
 

 
Figure 6: Flow chart of methodology. 

2.1 Literature review 
We began by going through the school library’s list of databases and retrieved a list of all 
databases tagged computer science. We chose to disregard those databases that did not 
contain peer reviewed journals or that were unavailable to us. After that, we searched the 
databases using the keywords we had decided, a list of databases and keywords are listed in 
Section A. We disregarded the databases that did not give any results from our list and went 
through the papers we had found. To help us go through all the papers we defined three basic 
inclusion criteria. Only papers fulfilling all of these inclusion criteria were read in full text. 
The inclusion criteria were: 

 The paper is about using genetic algorithms in combination with neural networks 
used for optical character recognition. 

 The paper deals with offline (recognised after writing) character recognition. 
 Written in English or Swedish. 

 
We then extracted new keywords from the papers that were found in the first search. The 
new keywords were used in the remaining databases (described in section A). The results of 
the searches are listed in section A. We then read the papers and made sure that they did 
fulfil the criteria. 
When we read the papers, we extracted all the chromosome encodings. We found twenty-
two papers that used genetic algorithms in combination with neural networks to solve optical 
character recognition problems, but only four papers discussed their chromosome encoding. 

2.2 Data collection 
Since no existing data sets with OCR-B could be found we had to collect our own data to be 
able to perform our experiment. We collected the training and validation set by 
photographing 300 PlusGiro and BankGiro bills with three different camera-equipped 
phones (described in section 4.2.1). The reason for using three different cameras was to 
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reduce the risk of overfitting. By having three cameras with varying quality we got a larger 
range of images than we would have gotten with only one camera. 
 
The images were run through an image pre-processor (described in chapter 3.1) to extract the 
individual characters from each image. As our pre-processing software was not perfect it 
could sometimes mistake noise in the image for characters or would divide a character in two 
or more parts. We had to manually go through the resulting images and discard any image 
where we could not see what number or character it was supposed to represent to remove the 
junk data that it introduced. This resulted in 27486 images of individual characters that we 
sorted and divided into a training and validation set with 13732 images in the training set and 
the remaining 13754 images in the validation set. The reason for having two different set is 
to be able to validate the trained neural networks to ensure that the classifier has learned a 
generalized solution and has not only learned the training set. 
The data collection is further described in Section 3. 

2.3 Implementation 
To be able to validate the chromosome encodings, we constructed a program that generated 
artificial neural networks using a genetic algorithm (further described in Section 4.1). The 
program was implemented to read the datasets and prepare it for the networks. It was also 
implemented in such way that the chromosome encoding could be changed easily. The 
implementation is described in detail in Section 4.1. 
We also implemented a template matching classifier to provide a baseline for what to 
consider as a good network. 

2.4 Experiments 
In the experiment each generated network was trained using the training set and then 
validated using the validation set. Each chromosome encoding experiment was run for two 
weeks with execution time as the only stopping criterion. During the experiment the 
characteristics of each network generated, trained and validated was logged. Each 
chromosome encoding was tested with a smaller population size of 10 individuals per 
generation as well as a larger with 50 individuals per generation. This was done to allow us 
to evaluate how the encoding worked under the different conditions. The log files generated 
were then evaluated to answer our research questions. 

2.5 Evaluation 
The logs from the experiments were evaluated and the networks generated by the 
implemented chromosome encodings were compared to each other. We also compared the 
generated networks to the baseline acquired using the template matching implementation. 
The evaluation is further described in Section 5. 
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 DATA COLLECTION 3
3.1 Image pre-processing 
Because the images taken, were of whole strings of digits we had to run them through an 
image pre-processer before the classifier could use them. The images were taken from 
mobile phone cameras using the built in standard camera software. The intentions in the real 
world application is that a custom camera application should be used that crops out a 
predefined area of the image which contains the relevant information. As we did not 
implement any custom application for the mobile phones, we performed the cropping off the 
images manually on a computer. The cropped image is considered the raw image, an 
example of such an image is shown in Figure 7.  
To pre-process the raw images we designed and implemented a program that aligns the 
characters and separates them from each other. This is needed as the network only classifies 
one character at a time. To increase the quality of the image we reduced the image noise and 
increased the contrast. The image is also turned in to a black and white representation and 
scaled to a fixed size. This is done to make it suitable to feed in to the network. 
A flowchart of the pre-processing is shown in Figure 9 and further described in the following 
subsections. The output from the pre-processing of the raw image showed in Figure 7 is 
showed in Figure 8.  
 

 
Figure 7: Raw image 
 

 
Figure 8: Processed image 
 

 
Figure 9: Pre-processing flowchart. 

3.1.1 Reduce image noise 
Salt and pepper noise is reduced by comparing each pixel to all of its neighbours. If a pixel 
has a greater or lesser RGB-value than all of its neighbours, the value of the pixel is replaced 
by the closest match among its neighbours. 
 
3.1.2 Increase image contrast 
To increase the contrast in the images colour normalisation is performed. First the brightest 
and darkest pixel is located, and by using a straight-line equation all pixels are normalised 
according to these minimum and maximum values. The process turns the brightest pixel 
white and the darkest pixel black and all pixels with colours in between are adjusted 
accordingly. 
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3.1.3 Turn image black and white 
To turn the image into a black and white image we first calculate the mean colour with the 
idea that all colour values lower than the mean colour should be set to black and all above 
should be set to white. We first tried using the mean colour directly but noticed that this did 
not produce good results. We tried scaling the mean colour and found that if each RGB value 
is divided by 1.5 first we get a good result; we call this the weighted mean colour.  
The image is then checked pixel by pixel, if the pixel is brighter than the weighted mean 
colour, we replace it with a white pixel otherwise, it is replaced by a black pixel. 
3.1.4 Level image 
Since the images were captured using a hand held device, most of the images were very 
crooked. We had to straighten them out so that they were in level to be able to remove the 
whitespace and slice the image in to the separate characters. To do this we located the first 
and last character, and found the highest point on them and rotated the picture so that they 
were levelled. 
3.1.5 Remove whitespace 
Before we divide the image in to individual characters, we remove the white space above 
and below the character.  
We start by finding which row contains the most black pixels; this is assumed to be close to 
the middle of the characters. We then go upwards until a row is found for which the two 
following criteria is met: It has fewer than ten black pixels. The next row has fewer black 
pixels than it has. That row is the top of the characters. After that, we start again in the 
middle, but now we go downwards until we find a row that satisfies the following criteria: It 
has less than two black pixels. The previous row had more black pixels than it has. This is 
the bottom of the characters.  
After the top and bottom is found we crop the image so that everything above the top and 
below the bottom is removed. 
3.1.6 Slice image 
To slice the image we go through it and look for rows without any black pixels in it. By 
locating the empty rows, we find the edges of the characters. When we know the edges of a 
character, we cut it out and place it in its own image. 
3.1.7 Scale image 
When we have cut out all characters from the image, we scale them so that they all have the 
same size. This is done to match the fixed size of the input layer in the neural network, as 
was discussed in the background chapter. 
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 EXPERIMENT 4
4.1 Implementation 
As a first step, we implemented a simple template matching classifier to get a base line 
recognition rate. We used one image of each character as a template for that class. These 
were picked manually from the complete data set with the criteria of being clear and a good 
representation of the character. Each image in the data set was then compared to the template 
images on a pixel-by-pixel basis. The images were then classified as the class of the template 
that they matched the best. The classifier was tested on the entire data set reaching a 
recognition rate of just under 98%. This showed that the pre-processing was producing good 
quality images and set a baseline for what to expect of a classifier on the problem. 
 
Since we were more interested in the genetic algorithm aspect of the problem, we decided 
not to implement the neural network ourselves but instead use an existing solution. In our 
literature review we found no one who had used an existing solution or who had made their 
solution available. For our implementation we chose to use the neural network framework 
Encog[16] since it is open source, well documented and freely available. By using a freely 
available solution the possibilities of other people repeating our experiment or building upon 
it increases. The open source part also meant that we could go in to the source code and look 
up how each part is implemented.  
4.1.1 Artificial neural networks 
There are two main categories of artificial neural networks, feed-forward networks and 
recurrent networks. Feed-forward networks only takes into regard the current input, while 
recurrent networks has an internal state which acts as a short term memory [5].  
We chose to use feed-forward networks since it is one of the most popular neural networks 
for character recognition [10] and since there is no gain in having a network with short term 
memory. This is because the order of our training set is randomised therefore there is no 
relation between the previous, current and next.  
 
There are also several different ways to connect the layers in the network. We implemented a 
fully connected neural network, meaning that each network is connected to every node in the 
next layer. While this gives more weights to train than a less connected network it has the 
advantage of being able to use training to prune synapses that does not help the node in the 
decision. 
For our activation function, we used the hyperbolic tangent (seen in Equation 1)). The reason 
for using it over e.g. sigmoid (seen in Equation 2)) is that the hyperbolic tangent can output 
both positive and negative number while sigmoid only outputs positive numbers. By 
allowing negative numbers to move through the network, we allow the nodes to not only 
excite each other but also to inhibit them.  
 
     

     
 

Equation 1: Hyperbolic tangent 
 
 

     
 

Equation 2: Sigmoid 
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4.1.1.1 Input / Output 

Since we cannot just input images to the artificial neural network we had to first convert it to 
a suitable format. We did this by first fixing the image size to 20x40 that is to say 800 pixels 
and making the size of the input layer 800 nodes. Then we went through the image and if a 
pixel was black, we input a ‘1’ to the node that represented that pixel, if the pixel was white 

we input a ‘0’.  
The output layer has twelve nodes, one for every character i.e. class. The ideal output is a 
vector with twelve numbers where there is a one in the place representing the correct class 
and zeroes everywhere else. In our implementation, we have decided to interpret everything 
over our upper threshold as 1 and everything under our lower threshold as 0. If the network 
outputs a vector with a number in between the thresholds or two or more numbers over the 
upper threshold we interpret that as a rejection. When we reject an instance it has a negative 
effect on the recognition rate but a positive effect on the reliability rate. 

4.1.1.2 Encog 

Encog is the artificial neural network framework we have chosen to use. Using an existing 
framework instead of implementing our own comes with some benefits. First, we saved all 
the time that an implementation would have required. More importantly, however, by using a 
freely available open source implementation it makes it easier for other researchers to 
recreate our experiment and build upon it. Another benefit is that Encog provides multi-
threaded implementations of the training algorithms, giving us close to an eight-fold speed 
up. 
Encog also provides an implementation of a genetic algorithm that generates both neural 
network topologies and the weights. However we decided to build or own genetic algorithm 
implementation instead of using the one provided. The reason for this is mainly that we 
wanted to be able to make more modifications than we would have been able to make using 
Encog’s implementation. 

4.1.1.3 Resilient propagation 

In our implementation we use neural networks with two hidden layers and between one and 
255 nodes in each hidden layer. The smallest network contains 814 that requires 813 
weighted connections, the largest contains 1324 nodes requiring 273 408 weighted 
connections. Each weight needs to be adjusted after each instance in the training set. Since 
our training set is large, a lot of run time will be spent adjusting weights. This means that the 
choice of propagation algorithm is very important since even a small difference in training 
time will affect the number of generations we will have time to run.  
Our literature review revealed resilient propagation to be a good candidate on big networks 
[9]. The resilient propagation used in our implementation was provided by the Encog 
framework and supported multi-threading which gave us a near eightfold speedup.  

4.1.1.4 Performance Optimisations 

To speed up the experiment time we have done some optimisations to the algorithms, the 
most important one is that we only train each network structure once. This means that if the 
genetic algorithm generates a network that we have seen before instead of training and 
validating it we use the values we got last time. This increases the effect of the starting 
weights (This is further discussed in the validity chapter.). However this increases the speed 
so that we could run more generations in less time. 
4.1.2 Genetic algorithm 
A genetic algorithm consists of four main parts: chromosome encoding, selection, cross over 
and mutation. The chromosome encoding and selection are the foundation of the algorithm 
but both mutation and cross over is not necessarily needed. We have, however decided to use 
both. The mutation is used to insert new genes and not limit the solution to the random initial 



  23 

population, while the cross over is used to mix parts of two good solutions to try to get two 
new good solutions. 
All four parts can be implemented in many ways. For any given problem there exists endless 
ways to represent a solution in a chromosome. There also exists a myriad of selection 
algorithms, as well as for cross over. Mutation does not have as many alternatives but there 
are still some to consider. Our implementations of these concepts are described below. 

4.1.2.1 Chromosome encoding 

Choosing a good chromosome encoding is crucial if the genetic algorithm is to succeed. The 
chromosome encoding determines the solution space that the algorithm will search in. In this 
thesis, the chromosome is a representation of the topology of the artificial neural network. 
The encoding can also cause bias in the search space which may or may not be beneficial 
depending on the problem. Both chromosome encodings implemented and tested have the 
same solution space with two hidden layers with between one and 256 neurons in each. 
 
We have focused on two encodings; the first one was used by Peres and Holzmann [2], we 
will refer to it as binary encoding, and the second one is a modification of Perez and 
Holzmann’s encoding that we have made, we will refer to it as weighted binary encoding. 

4.1.2.1.1 Binary encoding 
This encoding is a simple binary encoding of the number of nodes in the hidden layers. 
There are sixteen bits in the encoding; the first eight is a binary representation of the number 
of nodes in the first hidden layer. The other eight bits represent the second hidden layer. 
An illustration of this encoding can be seen in Figure 10. 
 

 
Figure 10: Binary encoding. 

4.1.2.1.2 Weighted binary encoding 
Our assessment of Perez’s binary encoding was that it was too vulnerable to bad mutations. 

A single bit flipped could mean a difference of 128 nodes and this change was just as likely 
as a change of one node. In early trials, we implemented a chromosome encoding consisting 
of 512 bits, were each bit represented one node in the network. This encoding did not allow 
any large changes and therefore easily got stuck in local optima. To get the benefit of 
allowing large changes while preferring small changes we constructed the weighted binary 
encoding. 
The weighted binary encoding consists of 128 bits. The first 64 bits represent the first hidden 
layer and the last 64 bits represent the second hidden layer. To create the preference of small 
changes the number of bits representing each value decreases, as the values grow larger. An 
illustration of the weighted binary chromosome can be seen in Figure 11. 
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Figure 11: Weighted binary encoding. 

4.1.2.2 Initial population 

Before any evolution can occur, there has to be an initial population. This is created by using 
a random number generator where each layer in the individual was set to a random number 
between 0 and 255. The random numbers are then coded using the set chromosome encoding 
with an intentional bias against larger numbers. This means that if there is several ways to 
encode a number using the chromosome encoding, we will use the least amount of bits 
necessary. 
This only affects the weighted binary encoding as binary encoding only has one way to 
encode each value. 

4.1.2.3 Training 

Before the individuals can be evaluated they need to be trained. The individuals are decoded 
and neural networks are built using the topologies the individuals represents. The networks 
are then training for a fixed amount of epochs or until they reach a stopping criteria. When 
the training is done, the evaluation can begin. 

4.1.2.4 Evaluation 

The networks are evaluated on a validation set that is different from the training set. This is 
to make sure that the networks have learned how to solve the problem and not just how the 
training set looks like. 
The evaluation gives the fitness value of each individual. This is done using a fitness 
function that decides what behaviour we will encourage or penalise. How to calculate the 
fitness value is an important choice since that the fitness value decides which individuals 
will get to pass on its genes. We implemented our fitness function so that it takes in to 
account both recognition rate and reliability rate by taking the product of the two values. 
This is done to make it very beneficial for the individuals not to just guess at a class but 
rather only guess when it is certain on the result. 
The acquired fitness values for the population are then used in the selection process. 

4.1.2.5 Selection 

In the selection, we add up the fitness of all the individuals and then calculate how much 
each individual contributed to the total fitness of the population. This is expressed as their 
fitness divided with the total fitness. This percentage is the chance that the individual will be 
selected to be a parent. 
 
The reason for using a selection algorithm with an element of randomness instead of just 
selecting the best individuals is to reduce the risk of the solution to converge to early. 
 
When we have the probabilities for the individual to be selected as parent we randomly 
select two individuals as parent one and parent two (as shown in Figure 12). The parents will 
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produce two offspring in the cross over stage. This selection is done enough times to 
completely replace the old population. It is worth noting that in this scheme it is not certain 
that the best individual will be selected. It is also possible that an individual will be selected 
for cross over multiple times and even be paired up with itself. The latter case will produce 
two offspring that are identical to the single parent. 
The selected parents are passed on to the cross over stage. 
 

 
Figure 12: Selection. 

4.1.2.6 Cross Over 

To generate offspring from the selected parents we use a single static point cross over. The 
static cross over point is placed in the centre which gives the first offspring the first hidden 
layer from parent one and the second hidden layer from parent two. The second offspring 
gets it first hidden layer from parent two and its second hidden layer from parent one. 
This process is illustrated in Figure 3. 

4.1.2.7 Mutation 

In the mutation stage there is a random chance that a bit in the individual’s chromosome is 
flipped. This is done to prevent the genetic algorithm to get stuck in local minima. In our 
implementation we go through the individual bit for bit with a fixed chance that we a flip a 
bit. The mutation rate was decided by trial and error, for binary encoding the chance is 1%. 
For weighted binary encoding we use a chance of 0.125% since we have eight times the bits 
and we still want the same chance of mutation overall. With the values we have, there is a 
15% chance that an individual is mutated. 

4.2 Experiment parameters 

4.2.1 Hardware 
In total four experiments were performed to collect the data needed to answer our research 
questions. We performed two different runs, one with a population of ten individuals and one 
with a population of fifty. Each experiment was done with both binary encoding as well as 
weighted binary encoding. In each run the encoding ran in parallel on two different 
computers. The hardware of the computers is described in Table 1. 
 
Table 1 Hardware 
RAM 8GB DDR3 
CPU Intel Core i7 2.93GHz 
 
For image capturing we used camera equipped cell phones from different manufacturers. The 
cell phones we used were: iPhone 4, Nokia N95 and Nexus One. 
4.2.2 Software parameters 
The parameters that had to be decided was fitness measure, stopping criteria, mutation rate, 
population size, stopping mean squared error, number of epochs, lower and upper threshold. 
 
As these parameters are very application dependent, we were unable to find a guideline for 
which values to use. Therefore our values were found through trial and error. 
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After the literature review, we decided that since recognition rate and reliability is equally 
important for this application, the fitness should be the product of the two variables. The 
recognition rate is needed to perform the task while the reliability is the fundamental feature 
to ensure that minimal false positives are generated by the solution. 
 
Since we did not know what kind of recognition rate we could expect or how long time the 
experiment would take, we decided that we should run it for two weeks. 
 
The mutation rate is the chance that a single bit in the chromosome encoding will be flipped. 
It was decided to be 1% for the binary encoding and since the weighted binary encoding had 
eight times the bits, we decided the mutation rate to be 0.125%. 
 
Population size is the number of individuals in our genetic algorithm. A low number will 
decrease the diversity in the population but a high number takes longer time. We 
experimented with many population sizes before deciding that 50 was a good number. We 
also decided to complement the experiment by comparing it to a run with a population size 
of 10. 
 
The mean squared error is a popular measure of the difference between the output of the 
network and the desired output. The lower it is the closer we are to the output we want. 
Deciding stopping mean squared error was difficult. If it is too low, the neural network will 
not be sufficiently trained, if it is too high we risk over fitting. After some experimenting and 
trial and error, we decided upon 0.0001. 
 
An epoch is a run through the entire training set. We had to decide how many epochs each 
neural network had to try to reach the stopping squared mean error before it gives up. We 
decided upon 1000 epoch to minimize the impact of bad starting weights. After the first 
execution, we decided to lower the number of epochs to 500 as no network needing more 
than 500 epochs were generating good recognition rates. By doing this we intend to remove 
the starting bias and get reliable results without doing multiple runs. 
 
Binary encoding: 
The parameters for the experiment were: 
Population: 10/50 
Stopping mean squared error: 0.0001 
Maximum epochs: 1000 
Upper threshold: 0.6 
Lower threshold: 0.4 
Mutation rate: 0.01 
Run time: Two weeks 
Maximum layer size: 256 
Minimum layer size: 1 
 
Weighted binary encoding: 
The parameters for the experiment were: 
Population: 10/50 
Stopping mean squared error: 0.0001 
Maximum epochs: 500 
Upper threshold: 0.6 
Lower threshold: 0.4 
Mutation rate: 0.00125 
Run time: Two weeks 
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Maximum layer size: 256 
Minimum layer size: 1 

4.3 Results 
Each encoding’s capability to deliver good solutions is shown in Table 2 and Table 3. Table 
2 shows the statistics for all individuals generated while Table 3 only takes unique 
topologies in to account. The results from the two different experiment executions are shown 
for each chromosome encoding. 
 
Through our template matching implementation we were able to set the baseline of what we 
regard as a good network to networks with a recognition rate above 98%. The results show 
that the weighted binary encoding generates a greater proportion of good networks than the 
binary encoding when regarding all individuals generated. When only looking at unique 
topologies, the weighted binary generates a greater proportion of good networks with a 
population size of 50 individuals while the binary encoding generates a greater proportion 
with a population size of 10. This is a result of inbreeding were a single topology is 
represented in the whole or a large part of the population. 
To be able to get above 90% accuracy on a 20 character string a recognition rate of 99.5% is 
needed. The capability to generate such networks differs greatly between the encodings. 
Between 12.67% and 18.04% of the networks generated by the binary encoding reached this 
criterion depending on the population size and use of all generated networks or only unique 
networks. This can be compared to the weighted binary encoding which never reaches above 
0.62%. 
The best networks generated during this experiment had a recognition rate of above 99.6%. 
All such networks were generated by the binary encoding as shown in Table 2 and Table 3. 
The results also show that the binary encoding is more likely to generate networks with a 
100% reliability rate.  
 
Table 2: Results for full population. 
Full population Population size 50 Population size 10 

  Binary Weighted binary Binary Weighted binary 

Generated networks 1650 1550 5770 51410 
Recognition > 98% 97,94% 99,16% 97,95% 98,37% 
Recognition > 99.5% 12,67% 0,13% 18,04% 0,17% 
Recognition > 99.6% 0,42% 0,00% 0,49% 0,00% 
Reliability = 100% 16,79% 3,48% 24,68% 1,54% 

 
Table 3: Results for unique topologies. 
Unique Population size 50 Population size 10 

  Binary Weighted binary Binary 

Weighted 

binary 

Unique networks 1100 911 1054 811 
Recognition > 98% 97,73% 99,12% 95,64% 94,57% 
Recognition > 99.5% 13,45% 0,22% 13,76% 0,62% 
Recognition > 99.6% 0,55% 0,00% 0,95% 0,00% 
Reliability = 100% 11,64% 1,94% 3,78% 0,07% 

 
The network with the highest fitness value generated in each experiment execution is shown 
in Table 4. The binary encoding produced better networks than the weighted binary in both 
experiment executions. 
 
Table 4: Best networks for each chromosome encoding and population size. 
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  Population size 50 Population size 10 

  Binary Weighted binary Binary Weighted binary 

Recognition rate 99,65% 99,55% 99,64% 99,55% 
Reliability rate 100,00% 99,99% 99,99% 99,99% 

 
The average recognition rate for each generation is shown in Figure 13 and Figure 14. Figure 
14 has been limited to only show the first 577 generations as the binary encoding generated 
this many generations while weighted binary generates almost nine times as many. The 
weighted binary encoding keeps a higher average recognition rate during the most part of the 
execution when run with a population size of 50 individuals. With a population size of 10, 
the weighted binary encoding suffers from severe inbreeding i.e. the larger part of the 
population consists of the same network topology. The inbreeding in population 10 is shown 
in Figure 15.  

 
Figure 13: Average recognition rate, population 50. 
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Figure 14: Average recognition rate, population 10. 
 
Each chromosome encoding was tested with two different population sizes, ten and fifty. No 
inbreeding occurred when the larger population size was used. When the smaller population 
size was used, both chromosome encodings suffered from inbreeding to some degree. Figure 
15 shows the number on identical topologies in each generation for the first 577 generations 
with a population size of 10 individuals. The diagram only shows values above zero if the at 
least more than half of the population consists of the same network topology. The weighted 
binary encoding produced 5141 generations, only the first 577 generations are shown in 
Figure 15 to make it possible to compare it to the binary chromosome encoding.  
 

 
Figure 15: Number of identical topologies per generation, population size 10. 
 
The number of previously known networks for each generation is shown in Figure 16 and 
Figure 17. In Figure 17 only the first 577 generations are shown as the binary chromosome 
encoding only generated that many while the weighted binary generated 5141 generations. 
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Figure 16 shows that both the binary and the weighted binary chromosome encoding return 
to previous solutions. In Figure 17 the inbreeding problem with the small population is clear. 
From the figure it is possible to see that the binary encoding still manages to find new 
solutions while the weighted binary seldom finds any new solutions. 
 

 
Figure 16: Number of previously known networks, population size 50. 

 
Figure 17: Number of previously known networks, population size 10. 
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 DISCUSSION 5
5.1 Conclusions 
From the data we can see that weighted binary would avoid bad mutations since it (at least 
for a population of 50) after generation three never drops below 99% recognition rate. Binary 
encoding on the other hand often drops down below 99%, however binary makes up for this 
flaw by producing better results than weighted binary. When only looking at the average 
recognition rate, weighted binary seems to be the better encoding, that is because while 
weighted binary always produces decent results while binary produces really good as well as 
really bad results. In addition to producing really good results binary encoding also produces 
many of them 13.45% of its unique networks reached 99.5% compared with 0.22% for 
weighted binary. Our conclusion is that weighted binary encoding has a problem escaping 
local optima. 
 
We can also conclude that while weighted binary suffers from severe inbreeding with a 
population of ten individuals, the binary encoding manages to deliver as good results as it 
did with a population of fifty individuals. The only problem is a tendency towards 
inbreeding, however it is nowhere near the problems of weighted binary. This tendency 
could probably be removed by using a different selection algorithm.  
 
The majority of networks generated by both binary chromosome encoding and weighted 
binary chromosome encoding had good results. However the results of the binary 
chromosome encoding networks was more varied than the results of the weighted binary 
chromosome encoding which produced evenly distributed results. As the binary chromosome 
encoding proved to produce the best networks as well as most of the worst.  
The point of the weighted binary chromosome encoding was to avoid the large mutations 
that binary chromosome encoding was susceptible to. By doing this we reduced the variety 
in the results, we avoided the very bad networks; however we also avoided the very good. 
The weighted binary encoding got stuck in local optima it could not escape due to it not 
being as likely to do large mutations. By being stuck in local optima the networks produced 
in each generation grew more and more alike. This staleness resulted in the inbreeding that 
can be seen in the experiment with a population size of 10. This shows how hard it can be to 
see the differences the chromosome encoding has on the neural networks. We correctly 
predicted that the weighted binary chromosome encoding would not have as large mutations 
as binary chromosome encoding, however we could not predict the effect this would have on 
the quality of the networks. 

5.2 Validity 
As genetic algorithms involve several parameters which are very implementation dependent 
our results may not be generalizable if theses parameters are changed in the implementation 
to adapt it to another problem. With the required computation time to test each set of 
parameters, it is not possible to test all combinations of these parameters within the scope of 
this thesis.  
 
The mutation rate was decided by trial and error and may not be the optimal. There is a risk 
that other parameters would have given a different result. 
 
Binary encoding only has one way of encoding each value between 0 and 255, while 
weighted binary encoding has a total of 264 possible encodings for 256 values. Since the 
encodings are not evenly distributed over the values the weighted binary encoding has a bias 



  32 

towards some values. This bias could have lead it to have a bad performance on this problem 
but may be beneficial to another problem. 
 
Our pre-processing program was designed and optimised to get the best possible data from 
our raw data set. It may be that for images taken with different cameras or other light settings 
another process may be better. Another risk is that we decided what the best data based on 
what image was clearest to a human, this does not mean that it was the clearest for a 
computer. This risk is reduced since both encoding were trained and evaluated on same 
dataset. However this means that other sets of raw images may give different results from 
ours if the pre-processing is not adapted to the new dataset. 
 
When we prepared the dataset for classifying we threw away any picture where we could not 
see what character it was supposed to be, since we saw no gain in it trying to guess on a 
character that a human could not identify. This gives the neural networks a higher 
recognition rate than they would have in a real application. 
 
The different characters in our dataset do not have an equal distribution meaning that the 
neural networks will have a bias towards those characters that are more represented in the 
dataset. We have countered this threat by using reliability in our fitness reducing the risk of 
the networks guessing too much. The risk is also reduced by the fact that since the dataset is 
collected from real PostGiro/BankGiro bills the dataset will have a distribution that 
corresponds to reality. 
 
As the starting weights of the neural networks are set at random, there is a risk that a network 
is set in a way that gives the network a disadvantage in the training phase. This problem 
alone does not hinder the genetic algorithm from finding the optimal solution. However our 
optimization to only train each network topology once and then reuse the values from that 
instance the next time the same topology is generated hinders the genetic algorithm from re-
evaluating previously known topologies. This may prevent us from finding the optimal 
solution it will not, however, prevent us from seeing the tendencies the two encoding 
schemes has.  
This threat could have been avoided by doing multiple runs. The problem with that is the 
runtime that it would have required.  

5.3 Future work 
In our experiment only two chromosome encodings were tested on the problem. As there is 
an endless way of encoding the chromosomes, better encodings could be found. This thesis 
could act as a baseline for what to expect when evaluating new chromosome encodings. 
More complex chromosome encodings could for instance have no upper limit on the number 
of layers and nodes in the network. 
 
When we prepared the dataset for classifying we threw away any picture where we could not 
recognize. It could be interesting to test the neural networks on the dataset including the 
images we rejected to see how different the recognition rate would be.  
 
As our experiment only tested the chromosome encodings combined with one selection 
algorithm as well as one crossover algorithm it might be interesting to test this in other 
combinations. As the difference between the solutions were very small, a selection algorithm 
that is more adapted to small differences in the fitness values could improve the generation 
of solutions. 
It could also be interesting to evaluate if there the fitness functions could benefit from taking 
the structure of the chromosome encoding in to account when evaluating the solution. This 
could be relevant when there is an uneven distribution of chromosome encodings 
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representing each solution. This could make it possible to reduce the risk of bad mutations 
while removing the risk of the bias from an uneven distribution. 
In our experiment the chromosome encodings were only tested against one optical character 
recognition problem with limited character set. There might be an interest in testing it against 
other character sets of different sizes as this would make it possible to draw more general 
conclusions from the results. 
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A APPENDIX A 
This appendix describes our systematic literature review in a way so that it can be repeated. 

A.1 Databases 
In our literature review, we evaluated the available databases at BTHs MetaLib SamSök in 
the sub-category Computer Science. Only databases containing peer reviewed articles were 
included in search. As a result, a number of databases were excluded. The excluded 
databases are shown with the motivation for their exclusion in Table A. 8.  
The following tables show databases that were included in the first search iteration and 
settings used for them.  
 
Table A. 1: ACM Digital Library 

Type of search: Advanced 

Search in: Any field 

Subject area: ACM Publications and Affiliates 

Years: Any 

Sort by: Relevance 

Document type N/A 

Notes: None 

 
Table A. 2: Inspec/Compendex 

Type of search: Quick search 

Search in: All fields 

Subject area: N/A 

Years: Any 

Sort by: Relevance 

Document type N/A 

Notes: Uses autostemming 

 
Table A. 3: IEEE Xplore 

Type of search: Command search 

Search in: Meta data 

Subject area: All 

Years: All available years 
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Sort by: Relevance 

Document type All 

Notes: None 

 
Table A. 4: ISI 

Type of search: General search 

Search in: Topic 

Subject area: N/A 

Years: All 

Sort by: Relevance 

Document type N/A 

Notes: Add * to match singular and plural. 

 
Table A. 5: ScienceDirect 

Type of search: Expert search 

Search in: All journals 

Subject area: Computer science 

Years: All years 

Sort by: Relevance 

Document type N/A 

Notes: None 

 
Table A. 6: SCOPUS 

Type of search: Document search 

Search in: All fields 

Subject area: All subject areas 

Years: All years 

Sort by: Relevance 

Document type All 

Notes: None 
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Table A. 7: SpringerLink 

Type of search: Advanced search 

Search in: Full text 

Subject area: All 

Years: All 

Sort by: Relevance 

Document type Only journals 

Notes: None 

 
Table A. 8: Removed databases. 

Name Motivation 

Acronym finder No longer available. Encyclopedia. 

ArXiv.org – Free Not peer reviewed. 

CiteSeerX Not peer reviewed 

Dawsonera Only books. 

Ebrary Only books. 

Encyclopedia of Electrical and Electronics Engineering 
(Wiley) 

Only a book. 

Encyclopedia of Software Engineering Only a book. 

Intute: Computing Only searches for journals, not in 
them. 

McGraw-Hill Enc of Science & Technology Encyclopedia 

Safari TechBooks Online Only books. 

Wiley Interscience Books Only books. 

A.2 Scope 
The preliminary research filed was limited to finding articles related to the use of genetic 
algorithms to evolve the architecture of a neural network for offline optical character 
recognition. 
A.2.1 Basic inclusion/exclusion criteria 

A.2.1.1 Inclusion 

o The abstract indicates that the paper is about using genetic algorithms in 

combination with neural networks applied on optical character recognition. 
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A.2.1.2 Exclusion 

o The abstract indicates that the paper deals with online character recognition. 

o Not written in English or Swedish. 

A.3 Search 
The search was performed iterative so that the result of the first search iteration was 

evaluated and the result was used to form the second iteration by rejecting databases that 

were unsuccessful and extracting new keywords for the second iteration. 

A.3.1 Iteration 1 

A.3.1.1 Keywords 

In the first iteration, we defined three groups of keywords with the same meaning and 
combined them in all possible ways. In databases that not silently appended wild card 
characters, these were appended to the search strings to find both singular and plural version 
of the keywords e.g. genetic algorithm and genetic algorithms. 
Keywords in the first iteration 
The following keywords were used for each database in the first search iteration.  

 Optical character recognition OR OCR 
 Neural network OR artificial neural network OR NN OR ANN 
 Genetic algorithm OR GA 

All combinations were used and are listed in Table A. 9 
. 
Table A. 9: Search strings. 

optical character recognition AND neural network AND genetic algorithm 

optical character recognition AND neural network AND GA 

optical character recognition AND artificial neural network AND genetic algorithm 

optical character recognition AND NN AND genetic algorithm 

optical character recognition AND ANN AND genetic algorithm 

optical character recognition AND artificial neural network AND GA 

optical character recognition AND NN AND GA 

optical character recognition AND ANN AND GA 

OCR AND neural network AND genetic algorithm 

OCR AND neural network AND GA 

OCR AND artificial neural network AND genetic algorithm 

OCR AND NN AND genetic algorithm 

OCR AND ANN AND genetic algorithm 

OCR AND artificial neural network AND GA 

OCR AND NN AND GA 

OCR AND ANN AND GA 
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A.3.1.2 Results in the first iteration 

The results of the first iteration are listed in the tables below.  
 
Table A. 10: SpringLink results 
Search term Date of 

search 

Number of 

hits 

Considered Included 

papers 

Already 

Included 

optical character recognition && neural network 
&& genetic algorithm 

1-31-2011 10 10 0 1 

optical character recognition && neural network 
&& GA 

1-31-2011 10 10 0 0 

optical character recognition && artificial neural 
network && genetic algorithm 

1-31-2011 0 0 0 0 

optical character recognition && NN && genetic 
algorithm 

1-31-2011 4 4 0 0 

optical character recognition && ANN && genetic 
algorithm 

1-31-2011 7 7 0 0 

optical character recognition && artificial neural 
network && GA 

1-31-2011 2 2 0 0 

optical character recognition && NN && GA 1-31-2011 3 3 0 0 
optical character recognition && ANN && GA 1-31-2011 11 11 0 0 
OCR && neural network && genetic algorithm 1-31-2011 11 11 0 1 
OCR && neural network && GA 1-31-2011 10 10 0 0 
OCR && artificial neural network && genetic 
algorithm 

1-31-2011 0 0 0 0 

OCR && NN && genetic algorithm 1-31-2011 5 5 0 0 
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OCR && ANN && genetic algorithm 1-31-2011 6 6 0 0 
OCR && artificial neural network && GA 1-31-2011 2 2 0 0 
OCR && NN && GA 1-31-2011 20 20 0 0 
OCR && ANN && GA 1-31-2011 55 55 0 0 
 
Table A. 11: ACM Results 
Search term Date of 

search 

Number of 

hits 

Considered Included 

papers 

Already 

Included 

optical character recognition && neural network 
&& genetic algorithm 

1-31-2011 10 10 0 1 

optical character recognition && neural network 
&& GA 

1-31-2011 10 10 0 0 

optical character recognition && artificial neural 
network && genetic algorithm 

1-31-2011 0 0 0 0 

optical character recognition && NN && genetic 
algorithm 

1-31-2011 4 4 0 0 

optical character recognition && ANN && genetic 
algorithm 

1-31-2011 7 7 0 0 

optical character recognition && artificial neural 
network && GA 

1-31-2011 2 2 0 0 

optical character recognition && NN && GA 1-31-2011 3 3 0 0 
optical character recognition && ANN && GA 1-31-2011 11 11 0 0 
OCR && neural network && genetic algorithm 1-31-2011 11 11 0 1 
OCR && neural network && GA 1-31-2011 10 10 0 0 
OCR && artificial neural network && genetic 
algorithm 

1-31-2011 0 0 0 0 
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OCR && NN && genetic algorithm 1-31-2011 5 5 0 0 
OCR && ANN && genetic algorithm 1-31-2011 6 6 0 0 
OCR && artificial neural network && GA 1-31-2011 2 2 0 0 
OCR && NN && GA 1-31-2011 20 20 0 0 
OCR && ANN && GA 1-31-2011 55 55 0 0 
 
Table A. 12: Inspec/Compendex results 
Search term Date of 

search 

Number of 

hits 

Considered Included 

papers 

Already 

included 

optical character recognition && neural network 
&& genetic algorithm 

1-25-2011 17 17 11 0 

optical character recognition && neural network 
&& GA 

1-26-2011 14 14 2 5 

optical character recognition && artificial neural 
network && genetic algorithm 

1-26-2011 2 2 0 2 

optical character recognition && NN && genetic 
algorithm 

1-26-2011 0 0 0 0 

optical character recognition && ANN && genetic 
algorithm 

1-26-2011 1 1 0 1 

optical character recognition && artificial neural 
network && GA 

1-26-2011 2 2 0 2 

optical character recognition && NN && GA 1-26-2011 1 1 0 1 
optical character recognition && ANN && GA 1-26-2011 2 2 0 1 
OCR && neural network && genetic algorithm 1-26-2011 1 1 0 1 
OCR && neural network && GA 1-26-2011 2 2 0 1 
OCR && artificial neural network && genetic 1-26-2011 0 0 0 0 
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algorithm 
OCR && NN && genetic algorithm 1-26-2011 0 0 0 0 
OCR && ANN && genetic algorithm 1-26-2011 1 1 1 0 
OCR && artificial neural network && GA 1-26-2011 1 1 0 1 
OCR && NN && GA 1-26-2011 0 0 0 0 
OCR && ANN && GA 1-26-2011 1 1 1 0 
 
Table A. 13: IEEE Xplore results 
Search term Date of 

search 

Number of 

hits 

Considered Included 

papers 

Already 

Included 

optical character recognition && neural network 
&& genetic algorithm 

1-26-2011 117 117 2 3 

optical character recognition && neural network 
&& GA 

1-27-2011 106 106 0 3 

optical character recognition && artificial neural 
network && genetic algorithm 

1-26-2011 0 0 0 0 

optical character recognition && NN && genetic 
algorithm 

1-27-2011 31 31 0 1 

optical character recognition && ANN && genetic 
algorithm 

1-26-2011 54 54 0 1 

optical character recognition && artificial neural 
network && GA 

1-27-2011 30 30 0 0 

optical character recognition && NN && GA 1-27-2011 39 39 0 1 
optical character recognition && ANN && GA 1-27-2011 62 62 0 0 
OCR && neural network && genetic algorithm 1-27-2011 171 171 0 3 
OCR && neural network && GA 1-27-2011 134 134 0 4 
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OCR && artificial neural network && genetic 
algorithm 

1-27-2011 55 55 0 1 

OCR && NN && genetic algorithm 1-27-2011 65 65 0 2 
OCR && ANN && genetic algorithm 1-28-2011 72 72 0 6 
OCR && artificial neural network && GA 1-28-2011 39 39 0 2 
OCR && NN && GA 1-27-2011 91 91 0 1 
OCR && ANN && GA 1-27-2011 110 110 3 0 
 
Table A. 14: ISI results 
Search term Date of 

search 

Number of 

hits 

Considered Included 

papers 

Already 

Included 

optical character recognition && neural network* 
&& genetic algorithm* 

1-28-2011 2 2 2 0 

optical character recognition && neural network* 
&& GA 

1-28-2011 0 0 0 0 

optical character recognition && artificial neural 
network* && genetic algorithm* 

1-28-2011 0 0 0 0 

optical character recognition && NN && genetic 
algorithm* 

1-28-2011 0 0 0 0 

optical character recognition && ANN && genetic 
algorithm 

1-28-2011 0 0 0 0 

optical character recognition && artificial neural 
network* && GA 

1-28-2011 0 0 0 0 

optical character recognition && NN && GA 1-28-2011 0 0 0 0 
optical character recognition && ANN && GA 1-28-2011 0 0 0 0 
OCR && neural network* && genetic algorithm* 1-28-2011 3 3 0 3 
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OCR && neural network* && GA 1-28-2011 0 0 0 0 
OCR && artificial neural network* && genetic 
algorithm* 

1-28-2011 1 1 0 1 

OCR && NN && genetic algorithm* 1-28-2011 0 0 0 0 
OCR && ANN && genetic algorithm* 1-28-2011 0 0 0 0 
OCR && artificial neural network* && GA 1-28-2011 0 0 0 0 
OCR && NN && GA 1-28-2011 0 0 0 0 
OCR && ANN && GA 1-28-2011 0 0 0 0 
 
Table A. 15: ScienceDirect results 
Search term Date of 

search 

Number of 

hits 

Considered Included 

papers 

Already 

included 

optical character recognition && neural network 
&& genetic algorithm 

1-28-2011 49 49 0 1 

optical character recognition && neural network 
&& GA 

1-31-2011 24 24 0 1 

optical character recognition && artificial neural 
network && genetic algorithm 

1-31-2011 23 23 0 0 

optical character recognition && NN && genetic 
algorithm 

1-31-2011 17 17 0 1 

optical character recognition && ANN && genetic 
algorithm 

1-31-2011 18 18 0 1 

optical character recognition && artificial neural 
network && GA 

1-31-2011 8 8 0 0 

optical character recognition && NN && GA 1-31-2011 11 11 0 0 
optical character recognition && ANN && GA 1-31-2011 15 15 0 1 
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OCR && neural network && genetic algorithm 1-31-2011 55 55 0 2 
OCR && neural network && GA 1-31-2011 29 29 0 2 
OCR && artificial neural network && genetic 
algorithm 

1-31-2011 20 20 0 1 

OCR && NN && genetic algorithm 1-31-2011 23 23 0 1 
OCR && ANN && genetic algorithm 1-31-2011 21 21 0 2 
OCR && artificial neural network && GA 1-31-2011 9 9 0 1 
OCR && NN && GA 1-31-2011 34 34 0 1 
OCR && ANN && GA 1-31-2011 26 26 0 2 
 
Table A. 16: SCOPUS results 
Search term Date of 

search 

Number of 

hits 

Considered Included 

papers 

Already 

Included 

optical character recognition && neural network 
&& genetic algorithm 

1-28-2011 89 89 0 6 

optical character recognition && neural network 
&& GA 

1-28-2011 17 17 0 2 

optical character recognition && artificial neural 
network && genetic algorithm 

1-28-2011 27 27 0 2 

optical character recognition && NN && genetic 
algorithm 

1-28-2011 6 6 0 1 

optical character recognition && ANN && genetic 
algorithm 

1-28-2011 9 9 0 1 

optical character recognition && artificial neural 
network && GA 

1-28-2011 3 3 0 1 

optical character recognition && NN && GA 1-28-2011 2 2 0 1 
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optical character recognition && ANN && GA 1-28-2011 2 2 0 1 
OCR && neural network && genetic algorithm 1-30-2011 90 90 2 2 
OCR && neural network && GA 1-30-2011 19 19 0 0 
OCR && artificial neural network && genetic 
algorithm 

1-31-2011 31 31 0 1 

OCR && NN && genetic algorithm 1-31-2011 9 9 0 0 
OCR && ANN && genetic algorithm 1-31-2011 6 6 0 0 
OCR && artificial neural network && GA 1-31-2011 31 31 0 1 
OCR && NN && GA 1-31-2011 2 2 0 0 
OCR && ANN && GA 1-31-2011 6 6 0 0 
 
Table A. 17: Wiley Interscience results 
Search term Date of 

search 

Number of 

hits 

Considered Included 

papers 

Already 

Included 

optical character recognition && neural network 
&& genetic algorithm 

1-31-2011 11 11 0 0 

optical character recognition && neural network 
&& GA 

1-31-2011 8 8 0 0 

optical character recognition && artificial neural 
network && genetic algorithm 

1-31-2011 1 1 0 0 

optical character recognition && NN && genetic 
algorithm 

1-31-2011 0 0 0 0 

optical character recognition && ANN && genetic 
algorithm 

1-31-2011 1 1 0 0 

optical character recognition && artificial neural 
network && GA 

1-31-2011 1 1 0 0 
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optical character recognition && NN && GA 1-31-2011 2 2 0 0 
optical character recognition && ANN && GA 1-31-2011 3 3 0 0 
OCR && neural network && genetic algorithm 1-31-2011 19 19 0 0 
OCR && neural network && GA 1-31-2011 21 21 0 0 
OCR && artificial neural network && genetic 
algorithm 

1-31-2011 6 6 0 0 

OCR && NN && genetic algorithm 1-31-2011 4 4 0 0 
OCR && ANN && genetic algorithm 1-31-2011 6 6 0 0 
OCR && artificial neural network && GA 1-31-2011 7 7 0 0 
OCR && NN && GA 1-31-2011 133 133 0 0 
OCR && ANN && GA 1-31-2011 203 203 0 0 
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Databases that did not result in any unique relevant hits in the first iteration were excluded 
from the second search iteration. The excluded databases are listed in the table below with 
motivation. 
 
Table A. 18: Databases removes after iteration 1. 

Name Motivation 

ACM Digital Library No relevant hits in iteration 1. 

ScienceDirect Journals- V.4 (Elsevier) No unique relevant hits in iteration 1. 

SpringerLink No unique relevant hits in iteration 1. 

Wiley Interscience No relevant hits in iteration 1. 

A.4 Iteration 2 
The databases used in the second iteration are listed below with the settings used for each 
database. 
 
Table A. 19: Inspec/Compendex 

Type of search: Quick search 

Search in: All fields 

Subject area: N/A 

Years: Any 

Sort by: Relevance 

Document type N/A 

Notes: Uses autostemming 

 
Table A. 20: IEEE Xplore 

Type of search: Command search 

Search in: Meta data 

Subject area: All 

Years: All available years 

Sort by: Relevance 

Document type All 

Notes: None 

 
 
Table A. 21: ISI 

Type of search: Advanced search 
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Search in: Topic 

Subject area: All 

Years: All 

Sort by: Relevance 

Document type All 

Notes: Add * to match singular and plural. 

 
Table A. 22: SCOPUS 

Type of search: Advanced search 

Search in: Title, abstract and keywords 

Subject area: Computer Science 

Years: All years 

Sort by: Relevance 

Document type Article or conference paper 

Notes: None 

 

A.4.1.1.1 Keywords in the second iteration 
The following keywords were used for each database in the second search iteration.  

 character recognition OR digit recognition OR ocr 
 multilayer perceptron OR neural network OR ANN  
 NEAT OR EANT OR genetic algorithm OR GA 

All combinations were used and are listed in Table A. 23. 
 
Table A. 23: Keywords in iteration 2 

character recognition multilayer perceptron NEAT 

character recognition multilayer perceptron EANT* 

character recognition multilayer perceptron genetic algorithm 

character recognition multilayer perceptron GA 

character recognition neural network NEAT 

character recognition neural network EANT* 

character recognition neural network genetic algorithm 

character recognition neural network GA 

character recognition ANN NEAT 
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character recognition ANN EANT* 

character recognition ANN genetic algorithm 

character recognition ANN GA 

digit recognition multilayer perceptron NEAT 

digit recognition multilayer perceptron EANT* 

digit recognition multilayer perceptron genetic algorithm 

digit recognition multilayer perceptron GA 

digit recognition neural network NEAT 

digit recognition neural network EANT* 

digit recognition neural network genetic algorithm 

digit recognition neural network GA 

digit recognition ANN NEAT 

digit recognition ANN EANT* 

digit recognition ANN genetic algorithm 

digit recognition ANN GA 

OCR multilayer perceptron NEAT 

OCR multilayer perceptron EANT* 

OCR multilayer perceptron genetic algorithm 

OCR multilayer perceptron GA 

OCR neural network NEAT 

OCR neural network EANT* 

OCR ANN NEAT 

OCR ANN EANT* 

 
 
The search terms were combined in to one search for databases allowing boolean algebra in 
the search term. This was done so that we did not have to read the same abstract over and 
over again. Combined search string below. 
 
("character recognition" OR "digit recognition" OR OCR) AND ("multilayer perceptron" OR 
"neural network" OR ANN) AND (NEAT OR EANT* OR "genetic algorithm" OR GA)  
 
The search string was adapted to work with each database in the following manner. 



  51 

 
IEEE Xplore Articles 
("character recognition" OR "digit recognition" OR OCR) AND ("multilayer perceptron" OR 
"neural network*" OR ANN) AND (NEAT OR EANT* OR "genetic algorithm" OR GA) 
 
ISI 
TS=(("character recognition" OR "digit recognition" OR OCR) AND ("multilayer 
perceptron" OR "neural network*" OR ANN) AND (NEAT OR EANT* OR "genetic 
algorithm*" OR GA)) 
 
Ei Village 2 
((("character recognition" OR "digit recognition" OR OCR) AND ("multilayer perceptron" 
OR "neural network*" OR ANN) AND (NEAT OR EANT* OR "genetic algorithm*" OR 
GA)) AND ({english} WN LA)) 
 
SCOPUS - V.4 (Elsevier) 
TITLE-ABS-KEY(("character recognition" OR "digit recognition" OR OCR) AND 
("multilayer perceptron" OR "neural network*" OR ANN) AND (NEAT OR EANT* OR 
"genetic algorithm*" OR GA)) AND DOCTYPE(ar OR cp) AND SUBJAREA(COMP) 



  52 

A.4.1.2 Results in the second iteration 

The results of the second iteration are listed in the tables below.  
 
Table A. 24: Inspec/Compendex results 
Search term Date of 

search 

Number 

of hits 

Considered Included 

papers 

Already 

included 

((("character recognition" OR "digit recognition" OR OCR) AND ("multilayer 
perceptron" OR "neural network*" OR ANN) AND (NEAT OR EANT* OR "genetic 
algorithm*" OR GA)) AND ({english} WN LA)) 

2-2-2011 121 121 16 24 

 
Table A. 25: IEEE Xplore results 
Search term Date of 

search 

Number of 

hits 

Considered Included 

papers 

Already 

included 

("character recognition" OR "digit recognition" OR OCR) AND ("multilayer 
perceptron" OR "neural network*" OR ANN) AND (NEAT OR EANT* OR "genetic 
algorithm" OR GA) 

2-3-2011 45 45 13 6 

 
Table A. 26: ISI results 
Search term Date of 

search 

Number of 

hits 

Considered Included 

papers 

Already 

included 

TS=(("character recognition" OR "digit recognition" OR OCR) AND ("multilayer 
perceptron" OR "neural network*" OR ANN) AND (NEAT OR EANT* OR "genetic 
algorithm*" OR GA)) 

2-3-2011 38 38 3 16 

 
 
Table A. 27: SCOPUS results 
Search term Date of Number Considered Included Already 
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search of hits papers included 

TITLE-ABS-KEY(("character recognition" OR "digit recognition" OR OCR) AND 
("multilayer perceptron" OR "neural network*" OR ANN) AND (NEAT OR EANT* OR 
"genetic algorithm*" OR GA)) AND DOCTYPE(ar OR cp) AND SUBJAREA(COMP) 

2-3-2011 53 53 3 19 
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A.4.1.3 Sorting and tagging 

After the second iteration all papers found in iteration one and two were sorted and tagged by reading 

the full text. 
 

 


