
Adaptive Algorithm for Parameterization of Feature Extraction 
Techniques in Remote Sensing Images 

By 

EDMORE CHIKOHORA 

(StudentNumber: 24744190) 
BSc Mathematics & Computer Science, MSc Computer Science. 

A Thesis Submitted in Fulfillment of the Requirements for the Award of the Degree of 
Doctor of Philosophy (PhD) in Computer Science 

Department of Computer Science 
School of Mathematics and Physical Sciences 

Faculty of Agriculture, Science and Technology 
North-West University, Mafikeng Campus 

South Africa 

Supervisor : Professor Obeten 0. Ekabua 
Co-Supervisor: Professor Bukohwo M. Esiefarienrhe 

November 2015 

LIBRARY 
MAFIKENG CAMPUS 

CALL NO. : 

I 
I 

2021 -03- 2 4 

ACC .NO.: 

NORTH-WEST UNIVERSITY 



Declaration 

I declare that this research study on Adaptive Algorithm for Parameterization of Feature 

Extraction Techniques in Remote Sensing Images is my work, and has never been 

presented for the award of any degree in any university. All the information used has been 

duly acknowledged both in text and in the references. 

Signature ----------- Date ---------
Chi k oho r a, Edmore 

Approval: 

Signature:____________ Date _ _ ______ _ 

Supervisor: Prof. 0. 0. Ekabua 
Department of Computer Science 
Faculty of Agriculture Science and Technology 
North-West University, Mafikeng Campus 
South Africa 

Signature: - ----~- .A-a Re~-+_;-_>r_ -_ -_ -_ ------

Supervisor: Prof. B. M. Esiefarienrhe 
Department of Computer Science 
Faculty of Agriculture Science and Technology 
North-West University, Mafikeng Campus 
South Africa 

ii 



DEDICATION 

This thesis is dedicated to my wife and children for their endless love and constant support 

throughout my research and studies. 

iii 



ACKNOWLEDGEMENTS 

The words "thank you" is not enough to express my sincere gratitude to the almighty God 

for giving me wisdom and strength to make my PhD research work possible. Working on 

this thesis has been so inspiring, often exciting and sometimes challenging but always 

interesting and full of academic adventures. It has been made possible by many other 

people, who have supported me up to the end. 

I wish to express my sincere gratitude to my supervisor. Thank you Professor Obeten 0. 

Ekabua for the inspiration, patience, guidance, encouragement and support from the day I 

enrolled as a PhD student at North-West University. Your passion for my research work 

was just enough to inspire me throughout. Thank you also to my co-supervisor Professor 

Bukohwo Michael Esiefarienrhe for the guidance and support during this research work. 

I appreciate the members of staff in the Department of Computer Science at North-West 

University Mafikeng campus, Doctor N. Gasela and Ms Nosipho Dladlu for the 

unwavering support you showed. You have made my time in the department much more 

enjoyable and I feel honoured to have been part of this department. 

I further thank my colleagues and friends in the Department of Computer Science for their 

encouragement. Working together has been so inspiring and eye opening. 

A special thanks to my wife Teressa and family for their emotional support and 

encouragement throughout this research work. 

Last but not least, I would like to thank the journals that helped me publish part of my 

work and the North-West University' s Institutional Research Support for their financial 

support throughout my study. 

iv 



ABSTRACT 

Remote Sensing Images (RSI) involves identification of a Region of Interest (Roi) from a 

suitable Feature Extraction Algorithm (FEA) that best extract the identified Roi, a process 

known as Dimensionality Reduction. This process can yield better results if the FET's 

parameter selection strategy specifies an optimum parameter value combination. As a 

result, parameterization plays an important role in the use of FET algorithms. Most 

research work on improving parameter selection strategies are based on empirical 

experiments, which are often characterized by short runs that in most cases result in 

invalid conclusions. Although empirical experiments have produced acceptable results, 

this strategy tends to bias the parameter distribution to a narrow range thereby reducing the 

capability to discriminate the modeled objects. Therefore, the research study presented a 

novel adaptive heuristic algorithm based on the Gabor Filter (GF) to generate useful 

solutions to optimization of parameter selection strategies for FET in RSI. The adaptive 

heuristic named "GenApp" implements a genetic approach that is premised on Genetic 

Algorithms (GA). The GenApp uses a 16bits random generator to generate phenotype 

values that are feed into a genAid simulator to generate genotypes values. GenApp was 

evaluated against existing algorithms namely the GF and the MGF for efficiency, fitness 

of value and the worst case scenarios. The results presented in our simulations show the 

GenApp algorithm having the best fitness value in five (5) random simulation runs. On the 

other hand, the GenApp posted the highest complexity values of 0.63 and 0.03 points 

above the existing algorithms. This lapse is attributed the initialization steps of the 

GenApp that screen the initial data of population. The screening process eliminates the 

worst-case scenario of the GenApp algorithm; hence this could be seen as a trade-off in its 

overall performance as compared to other existing algorithms that fail to screen the initial 

population. 
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DEFINITION OF TERMS 

Remote sensing: The science of deriving information about a feature, an object, or a 

phenomenon from a distance by analyzing the energy reflected or emitted by the feature 

[J]. 

Genetic algorithms: An evolutionary algorithm which generates each individual from 

some encoded form known as a "chromosome" or "genome". Chromosomes are combined 

or mutated to breed new individuals. 

Genetic programming: An extension of the genetic algorithm, a model for testing and 

selecting the best choice among a set of results, each represented by a string. 

Wavelength: The distance between successive crests of a wave, especially points in an 

electromagnetic wave. 

Pixels: (derived from "picture elements"), is the basic unit of programmable colour on a 

computer display or in a computer image. 

Orientation: The relative physical position or direction of an object or phenomenon. 

Phase offset: The initial angle of an electromagnetic wave at its origin. 

Aspect ratio: An image projection attribute that describes the proportional relationship 

between the width of the image and its height. 

Neural networks: Is a system of programs and data structures that approximates the 

operation of the human brain. 

Feature extraction: Simplifying the amount of resources required to describe a large set 

of data accurately. 

Empirical experiments: Experiments that are guided or depend upon experience or 

observation alone, without the use of any scientific method or theory. 

Spatial: Relative ground sampling distance of one pixel. 

Spectral: The number of electromagnetic regions sampled. 
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Mathematical morphology: A technique that deals with the mathematical theory of 

describing shapes using sets. 

GenApp: Derived from "Genetic Approach", a novel algorithm that implements the 

adaptive principles of the natural biological genes implemented using genetic algorithms. 

Key-figures: Important points or sections in an image that is being extracted using SIFT 

approach. 

Image gradient: A directional change in the intensity or color in an image, used to extract 

information from images. 

Orientation histograms: A feature descriptor used in image processing for the purpose 

of object detection by counting occurrences of gradient orientation in localized portions of 

an image. 
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Chapter 1: Introduction 

1.0 Introduction 

Remote Sensing Images (RSI) employs various Feature Extraction Techniques (FET) such as 

the Gray Level Co-occurrence Matrix (GLCM), Traditional Gabor Filters (GF), 

Morphological Morphology (MM), Multi-Resolution (MR), Hough Transform (HT) and 

Scale Invariant Feature Transform (SIFT) among other techniques. These techniques are 

however known to use fixed parameters such as frequency, orientation, angle, direction and 

distance whose values are determined using empirical experiments or methods [2]. 

Although experimentation on parameters has produced some desired results, the use of 

Adaptive Algorithms (AAs) to determine parameter values can significantly enhance 

accuracy on the images obtained by FET in RSI. 

The science of remote sensing has emerged as one of the most fascinating subjects over the 

past three decades. Earth observation from space through various remote sensing instruments 

has provided a vantage means of monitoring land surface dynamics, natural resources 

management and the overall state of the environment itself[J]. 

Remote sensing imagery finds its application spanning over quite a number of domains and 

these include mapping land-use and cover, agriculture, soils mapping, forestry, city planning, 

archaeological investigations, military observation and geomorphologic surveying among 

other uses [4]. For example, in the late 1970s and early I980s, a great research effort was 

focused on the use of multispectral images ( obtained through remote sensing) for crop 

inventory and crop production. The Large Area Crop Inventory Experiment (LACIE) 

demonstrated the feasibility of utilizing satellite-based multispectral data for estimation of 

wheat production based on techniques that are still in use today by crop production 

forecasters in the USDA Foreign Agricultural Service [5]. 

While remote sensing data can consist of discrete point measurement or a profile along a 

flight path, in this research we are mostly interested in measurements over a two dimensional 
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spatial grid such as images. Remote sensmg systems, particularly those deployed on 

satellites, provide a repetitive and consistent view of the earth that is invaluable to monitoring 

the earth system and the effect of human activities on the earth [6]. 

Our study falls under RSI processing which encompasses feature extraction. In feature 

extraction, there are many areas of specialization that can be looked into. For example, some 

algorithms have been designed to identify specific target objects while others focus more 

generally on say buildings or roads extractions and the extraction techniques for these 

different specializations can vary substantially. 

In this study, we focused on developing a novel algorithm that determines parameter values 

for feature extraction techniques using the adaptive principles of the biological genes. The GF 

technique was considered as our control. As a result, a detailed analysis on the functionalities, 

limitations and cited examples of the GF technique is discussed as a background to our study. 

1.1 Background Study 

Remote sensing in our scope is seen as the science of deriving information about a feature, an 

object or a phenomenon from a distance by analyzing the energy reflected or emitted by the 

feature [ 7]. The main energy detected by remote sensing systems is electromagnetic energy. 

Remote sensing uses sensors to measure the amount of electromagnetic energy exiting an 

object or a geographic area. 

The sensors are characterized by different resolutions such as spatial, spectral, radiometric 

and temporal. It can be noted that objects and features on the earth' s surface interact 

differently with the electromagnetic energy based on their molecular composition and the 

differences in the amount and properties of electromagnetic radiation becomes a valuable 

source of information. 

Daugman [4], discussed the GF as a technique that implements one or multiple convolutions 

of an input image with a two dimensional Gabor Function (GFn). The filter has a real and an 

imaginary component representing orthogonal directions as illustrated in equations (1), (2) 

and (3) representing complex function, real part and imaginary part respectively. 
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2
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where, x' = xcos0+ ysin0, y' = -xsin0+ ycos0. 

(1) 

(2) 

(3) 

In this equation, ')...., represents the wavelength of the sinusoidal factor, 0 represents the 

orientation of the normal to the parallel stripes of a Gabor function, \j/ is the phase offset, cr is 

the sigma of the Gaussian envelope and y is the spatial aspect ratio. Bandwidth b is as well 

considered and specified as a real positive valued parameter as follows; 

~n+~ 
b = log2 il J$ 

a lnz -n- -
il 2 

(4) 

Using the GFn it' s evident that any slight changes made to the input values of the 

parameters A, 0, \j/ and y has a huge effect on the output image. Petrov et al. [ 8], illustrated the 

direct effects of the parameters in equations (2) and (3) on the output image. We performed 

number of simulations with Figure 1.1 as input image to test the effect of changes in 

parameter values to the output image. 

The following is a summary of the experiments performed using MatLab simulations of a 

Gabor Filter. A hexagon shape, Figurel.1 was randomly selected used as the input image 

representing a Roi ready to be extracted using GF extraction technique. The idea here is to 

illustrate the effects of parameter values on output from FET. Figures 1.2 to 1.4 show the 

effects of each incorrect parameter to the whole output image as indicated in each simulation. 

The results obtained confirmed the need for a proper parameter value combination when 

applying FET in RSI, hence the need for developing a parameter value selection strategy. 
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Figure 1.1: Input image for experiments 1, 2 & 3 [9] 

Simulation 1: Testing the effects of Wavelength "J... parameter on output image 

The images of size 100 x 100 in Figure 1.2 shows GF kernels with values of the wavelength 

parameter of 5, 10 and 15, from left to right, respectively. The values of the other parameters 

were as follows: orientation 0, phase offset 0, aspect ratio 0.5, and bandwidth 1. 

Figure 1.2: Output from Experiment l given Figure l as input image 

Simulation 2: Testing the effects of orientation 0 parameter on output image 

The images of size 100 x 100 in Figure 1.3 shows GF kernels with values of the orientation 

parameter of 0, 45 and 90, from left to right, respectively. The values of the other parameters 

are as follows: wavelength 10, phase offset 0, aspect ratio 0.5, and bandwidth 1. 

Figure 1.3: Output from Experiment 2 given figure I as Input Image 
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Simulation 3: Using empirical knowledge to determine parameter values 

The image of size 100 x 100 in Figure 1.4 show GF kernels with the following parameter 

values; orientation 0, wavelength 8, phase offset 0, aspect ratio 0.5, and bandwidth 1. The 

output image, Figure 1.4, was reached at through experience, that is, after several trials on the 

parameter values. 

Figure 1.4: Output from Experiment 3 given Figure 1 as Input Image 

1.2 Problem Statement and Research Questions 

The problem statement and research questions are as discussed below. 

1.2.1 Problem Statement 

Parameter selection plays a crucial role in the use of FET such as the GF, MGF, MM and the 

SIFT. This has long been a research focus in the field of image processing. 

Moreno et al. [10] , worked on improving the GF parameter selection for local feature 

detection. Their strategy extended the Information Datagram whereby they analyzed the 

Gabor responds function on the parameters a, y and 0 in view of selecting those parameters 

that best describe the particular object's characteristics. Their proposed strategy was a 

success in picking the best parameters semi-automatically from a set of parameters obtained 

through empirical experiments. 

In video stabilization Santhaseelan et al. in [11] proposed a technique that automatically 

determine the variance for the Gaussian Filter (GFr) from the inter-frame transformations. In 

their approach named "Adaptive parameterized filtering", they came up with a method that 
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estimates the standard deviation cr of the GFr by mapping the logarithmic function of the 

variation in translations as: 

cr = log((l + cix)(l + ify)), (5) 

Where ax and ay are the variance of the translation components in the X and Y directions 

respectively. Though their method was found to work well, it was based on observations from 

various experiments performed with regard to the components of the correlation matrix [11]. 

Most research papers we reviewed worked on improving parameter selection strategy for the 

GF and the SIFT which are mostly based on empirical experiments. Although the GF and the 

SIFT have produced acceptable results using parameters obtained through empirical 

experiments [2] [11] , this strategy could bias the parameters distribution to a narrow range 

and reduce the capability to discriminate the modeled object(s) [10]. 

Empirical experiments from our experience are too often characterized by short runs which in 

most cases result in invalid conclusions. For example, if one flips a coin 5 times and gets 4 

heads, we might assume that he/she will get heads 80% all the time, but in reality if you flip 

the coin millions of times, you'd get closer to 50% (variations would depend on how the coin 

is weighted). 

The results from the simulations performed ( simulations 1-4) show the effects of changes in 

parameter values to the output image. Figures 1.2 and 1.3 show how blurred the image could 

look when a FET fails to obtain optimum values for its parameters. Figure 1.4 show some 

improvement on the output image as compared to previous results, hence the need for an 

algorithm that specify parameter values for FET more consistently. 

In our research, we worked towards optimizing the results obtained through FET in RSI by 

shifting from the use of empirical experiments in determining parameters and their values to 

using a novel adaptive algorithm that we named "The GenApp " derived from "Genetic 

Approach" that implement the adaptive principles of the natural biological genes that we 

implemented using GA. 
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1.2.2 Research Questions (RQ) 

In consideration of the challenges faced by FET with fixed parameters in RSI processing, our 

research answered the following questions: 

RQ 1: How can we improve parameter selection strategy for FET in RSI processing? 

RQ2: Is it possible for adaptive parameterization of FET to improve quality of images 

obtained in RSI processing? 

RQ3: How can we develop an algorithm that implements adaptive parameterization for FET 

in RSI processing? 

RQ4: As proof of concept, can we implement the adaptive algorithm through simulation and 

compare the results obtained with the existing approaches? 

1.3 Research Rationale 

RSI is the only practical way to obtain data from inaccessible regions such as the Amazon 

and feature extraction becomes the first and most crucial step towards obtaining information 

from such areas. The purpose of this study is to initially survey the characteristics of FET in 

RSI that are currently in use with particular attention to how such techniques specify their 

parameters. This was followed by the development of an algorithm that specifies parameters 

for FET in RSI processing adaptively. 

On the other hand, this study helped researchers to learn alternative approaches that can help 

improve feature extraction in the field of RSI processing such as the application of GAs in 

solving RSI processing related problems. 

1.4 Research Goal and Objectives 

Our research goal and objectives are as discussed below. 
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1.4.1 Research Goal 

The mam goal of this research is to develop a novel adaptive algorithm based on the 

principles of natural biological genes that enhances parameterization of feature extraction in 

RSI. 

1.4.2 Research Objectives (RO) 

In order to achieve our research goal, we explored the following objectives: 

ROI: To survey the existing literature for the characteristics of currently used FET in RSI 

processing such as the GF, GLCM and MM. 

R02: To perform requirements elicitation/ analysis for dynamic parameterization of FET in 

RSI processing. 

R03: To develop a novel adaptive algorithm that specifies the parameters for FET in RSI 

processing adaptively. 

R04: As proof of concept, to perform an evaluation of the proposed algorithm for 

parameterization of FET using a simulation tool. 

1.5 Research Contributions to Knowledge (RC) 

The main contribution of this research work to the research literature and RSI processing is 

the development of a novel adaptive algorithm that among other contributions: 

RC 1: Specify the parameters values for FET in RSI processing adaptively in such a way 
that enhances the quality of the output image by taking into consideration various obstacles, 
such as noise that could be associated with the Roi. 

RC2: Help in the reconstruction of an image by providing an improved image detail and 
accuracy obtained through the use of FET in RSI processing. 

RC3: Enabled an image-independent parameter selection scheme which is more flexible to 
the environment and the extraction technique. This should help in situations where FETs are 
design for a specific problem and environment. 
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1.6 Research Methodology 

Our research methodology required that we initially gather relevant data from the specified 

documents and compiled databases that helped us to analyze the results sets obtained from 

different FET that use fixed parameters. This was followed by conducting simulations using 

genAID, MatLab and Microsoft Excel which helped us to address research questions and 

objectives discussed in sections 1.2.2 and 1.4.2 respectively. 

The design followed a triangulation approach, where we made a comparative analysis of 

different results sets. That is, results obtained from FET that employ fixed parameters such as 

the GF and MGF with those obtained by our novel algorithm. 

1.6.1 Literature Survey 

Our literature survey addressed research question 1.2.2 (RQl) and objective 1.4.2 (ROI) by 

way of reviewing selected journals, conference papers and other related publications on FET 

and RSI processing. This followed an in-depth analysis on the characteristics and operations 

of other FET such as the GF and MGF as well as their strategies for obtaining parameter 

values. 

1.6.2 Dynamic Parameterization of Feature Extraction Techniques 

The development of the new adaptive algorithm required that we first elicit and analyze its 

requirements. As a result, we performed a requirements elicitation for dynamic systems in 

RSI processing through a series of experiments and a case study on some randomly selected 

data using MatLab. This helped to determine a more effective requirements analysis 

technique that can be used in the development of dynamic systems such as the GenApp. This 

helped to answer research question 1.2.2 (RQ2) and objective 1.4.2 (R02). 
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1.6.3 Algorithm Development 

In order to develop the GenApp algorithm, we considered a tool that offered integrated 

capabilities for deep and broad exploration of algorithm design options, as well as efficient 

deployment to desktop and embedded software environments. The tool successfully 

simulated the commonly used genetic operators such as Population, Fitness function, 

Crossover, Mutation and Selection thereby addressing research question 1.2.2 (RQ3) and 

objective 1.4.2 (RO3 ). 

1.6.4 Proof of Concept 

As proof of concept, simulations on the proposed novel algorithm for parameterization were 

performed. We applied the "Big Oh Notation " and the Fitness Value test, algorithm 

evaluation techniques that evaluated the efficiency and fitness of the GenApp algorithm. The 

evaluations we did answered the requirements of research question 1.2.2 (RQ4) and objective 

and 1.4.2 (RO4). 

1. 7 Included and Related Publications 

Our approach was to publish each of the core chapters of the thesis in peer-reviewed journals 

and here we present the chapters that have been published, under review and work in 

progress. The manuscripts included are as follows; 

1. E. Chikohora and 0 . 0 Ekabua, "Feature Extraction Techniques in Remote Sensing 

Images: A survey on Algorithms, Parameterization and Performance, " International 

Journal of Soft Computing and Engineering, vol. 4, no. 1, pp. 140-144, March 2014. 

(Chapter 2). This article is part of chapter two of our research work, we as well 

presented at North-West University, Mafikeng Campus, Faculty of Agriculture, 

Science and Technology Research Day, 08 October 2013 . 
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11. E. Chikohora, 0. Ekabua, "A Requirements Elicitation Approach to Performing 

Dynamic Parameterization of Feature Extraction Algorithms," This paper form part of 

chapter three of our research work and is still work in progress. 

m. E. Chikohora and 0. 0. Ekabua, "A Genetic Approach to Parameterization of Feature 

Extraction Algorithms in Remote Sensing Images, " International Journal of Soft 

Computing And Engineering., vol. 4, no. 2, pp. 144-149, May 2014. This paper 

contributed towards chapter four of this research work. 

1v. E. Chikohora, 0. Ekabua, (2015) Analysis and Performance Evaluation of Feature 

Extraction Algorithms in Remote Sensing Images. IETE Technical Review, article 

reviewed and accepted for publication. The article forms part of the evaluation of the 

experiments we did in chapter five of this research work. 

1.8 Thesis Outline 

The outline of the rest of the thesis is as follows: 

Chapter 2: Review of related literature. Cover a comprehensive review of related literature 

as discussed by other researchers covering FET and application of genetic algorithms in the 

field of RSI. 

Chapter 3: Dynamic parameterization of FET. Outlines the different approaches used to do 

requirements elicitation in dynamic systems such as the GenApp. 

Chapter 4: The GenApp: Novel adaptive algorithm. Provide a description of the 

development process of our proposed approach "the GenApp" for parameter determination in 

FET. 

Chapter 5: Simulation and performance evaluation. In this chapter the developed novel 

algorithm is put to test by way of simulations and evaluations using carefully selected 

algorithms evaluation methods, such as the Big Oh Notation and Fitness Value tests. 

Chapter 6: Summary, conclusion and future work, provides a summary of the thesis, its 

contributions, limitations and future directions in our research area. 
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Chapter 2: Review of Related Literature 

2.0 Chapter Overview 

In this chapter we looked at two major aspects of existing literature relevant to this research, 

which are FET and GA. In this regard, we divided the chapter into two major sections which 

we addressed separately as follows; 

1. A critical and comprehensive review of the algorithms implemented by different FET 

and their parameter selection strategies. 

11. Application of genetic algorithms in RSI processing, with particular focus on feature 

extraction techniques. 

The first section was further divided into three subsections where we initially selected and 

analyzed some of the widely used FET and the algorithms they implemented. Secondly, we 

surveyed their parameter selection strategies and finally made a critical analysis on their 

performance. Our analysis was mainly based on the literature results obtained from different 

publications we selected. This culminated in us making some concluding remarks on the 

success and limitations of the FET. 

2.1 Preamble 

Feature Extraction (FE) as discussed by Kumar et al. , plays a very important role in the area 

of image processing [ 12]. In their research they further elaborate that before we get image 

features, various image preprocessing techniques like binarization, thresholding, resizing, 

normalization etc. are applied on the sampled image and feature extraction techniques are 

later applied after the preprocessing phases in order to get features that will be useful in 

classification and recognition of images. 

The main idea behind FE is to obtain the most relevant information from the original data and 

represent it in a lower dimensionality space. If for example, an algorithm is too large to be 

processed and it is suspected to be redundant in such a way that it provides too much data but 
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less information, then the input data will be transformed into a reduced representation set of 

features named features vector. This transformation is what we call FE. 

2.2 Feature Extraction 

FE finds its application in many systems such as image classification, character and pattern 

recognition systems. In pattern recognition for example, input pattern is assigned to some 

possible output classes that correspond to the given input class. This process is usually done 

in two phases which are feature selection and classification. In these systems feature selection 

plays an important role in helping the classifiers to recognize features, given that most 

classifiers are not intelligent enough to recognize patterns from poorly selected features. As a 

result of this, the selection process should ensure that features have certain attributes to 

simplify the classification process such as containing required information to distinguish 

them between classes, insensitivity to irrelevant variability in the input classes and relevance 

to the output patterns to allow efficient computation of discriminant functions thereby 

reducing the required training data. 

During pattern classification relevant information that characterizes each class is extracted 

from objects to form feature vectors that are used by classifiers to recognize the input with 

target output units [12]. FE becomes an important step in the construction of any pattern 

classification in that it finds the set of parameters that precisely and uniquely defines the 

shape using its feature vectors. This process helps in maximizing the recognition rate patterns 

using a minimum possible number of elements. In the late '80s researchers made attempts to 

automating the process of feature extraction which to some extent was a milestone achieved. 

2.3 Feature Extraction History 

Kern discussed automation of the feature extraction process as the "Holy Grail " of the 

photograrnmetric data collection industry for many years [ 13] . The trade-off between the 

difficulty and the major benefits in automation of feature extraction process was the sole 

reason Kern in his publication labeled automation of feature extraction as the Holy Grail. 
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Works on automation of feature extraction started in the late 1980s with automated paper 

map conversion known as rasterization being popular. Although both automated and semi­

automated methods were in use by then, the automated methods proved to be efficient at line 

rasterization as compared to text rasterizing. The success rate of feature extraction 

automation was measured at about 80% but the major challenge was that hindered its rapid 

progress and use was the time this process took to correct improperly rasterized text. This 

challenge led to the introduction of semi-automated software that would prompt the user to 

enter text as input. Semi-automated feature extraction process was bit robust and much faster 

in processing as compared to the automated process which required much more time to 

correct processing errors. 

A breakthrough in automating feature was realized in 1990 when Digital Terrain Model 

collection from stereo pairs was achieved in digital photograrnrnetry. This was used in image 

processing to satellite imagery and produce GIS data using supervised and unsupervised 

image classification for small scale image data. It was after this breakthrough that many ideas 

came into fruition, such as the development of different automated algorithms for feature 

extraction. For example the "SNAKES" was concluded with a well-designed digital menu 

that was far much better and productive. 

2.4 Classification of Feature Extraction 

Kumar et al. , discussed feature extraction and some of the approaches used to extract feature 

points known as FET [ 12]. In their publication, they classified these techniques into three 

major categories based on their approaches to dimensionality reduction. The categories are as 

discussed below: 

2.4.1 Statistical Features 

These features are derived from the statistical distribution of points and they are commonly 

known to provide high speed and low complexity while taking care to some extent feature 

style variations. Statistical features may also be used for reducing the dimension of the 

feature set ( dimensionality reduction). 
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The following are the major statistical features: 

(i) Zoning: The frame containing the character is divided into several overlapping or non­

overlapping zones. Densities of the points and some strokes that are placed in different 

regions are analyzed of which they form the features. Contour direction features are used to 

measure the direction of the contours of the characters such as bending points. Bending 

points are points at which a stroke in the image has a strong curvature. 

Figure 2.1: Matrix Representation of a Statistical Feature 112). 

Figure 2.2: Non Uniform Statistical Feature [12]. 

(ii) Characteristic Loci: For every white point in the background of the character, vertical 

and horizontal vectors are generated. The number of times that the line segments intersected 

by these vectors are used as features. 
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(iii) Crossing and Distances: Crossing counts the number of transitions from background to 

foreground pixels along vertical and horizontal lines through the character image, while 

Distances calculate the distances of the first image pixel detected from the upper and lower 

boundaries of the image along the horizontal lines. 

2.4.2 Global Transformation and Series Expansion Features 

These features are invariant to global deformations like translation and rotations. A 

continuous signal generally contains more information that needs to be represented for the 

purposes of classification. One way to represent a signal is by a linear combination of a series 

of simpler well defined functions. The coefficients of the linear combination provide a 

compact encoding known as series expansion. 

The following are some common transform and series expansion features: 

(i) Fourier Transforms: The general procedure is to choose magnitude spectrum of the 

measurement vector as the features in a n dimensional Euclidean space. One of the 

most attractive properties of the Fourier Transform is the ability to recognize the 

position shifted characters when it observes the magnitude spectrum and ignores 

the phase. Fourier Transforms has been applied to Optical Character Recognition 

(OCR) in many ways. 

(ii) Walsh Hadamard Transform: This feature is more suitable in high speed 

processing since the arithmetic computation involves only addition and subtraction. 

The major drawback of Walsh Hadamard transform is that its performance depends 

heavily upon the position of the characters. 

(iii) Rapid transform: It is same as the Hadamard Transform except for the absolute 

value operation which may be credited with the elimination of the position shifting 

problem. 
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(iv) Hough Transform: It is a technique for baseline detection in documents. It is also 

applied to characterize parameter curves of characters. 

(v) Gabor Transform: The Gabor transform is a variation of the windowed Fourier 

Transform. In this case the window, used is not a discrete size but is defined by a 

Gaussian function. 

(vi) Wavelets: Wavelet transformation is a series expansion technique that allows us to 

represent the signal at different levels of resolution. 

(vii) Karhunen Loeve Expansion: It is an Eigen vector analysis which attempts to 

reduce the dimension of the feature set by creating new features that are linear 

combinations of the original features. 

(viii) Moments: Moment normalization strives to make the process of recognizing an 

object in an image size. 

2.4.3. Geometrical and Topological Features 

These features may represent global and local properties of characters and have high 

tolerances to distortions and style variations. These topological features may encode some 

knowledge about the contour of the object or may require some knowledge as to what sort of 

components make up that object. 

(i) Strokes: These are the primitive elements which make up a character. The strokes can 

be represented as lines and arcs which are the main strokes of Latin characters and 

can sometimes be as complex as curves and splines making up Arabic characters. In 

one line character recognition a stroke can also be defined as a line segment from pen 

down to pen up as illustrated in figure 2.3. 
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Figure 2.3: Main Strokes used for Latin Characters fl 2) 

(ii) Stroke Directions and Bays: The sequence of directions of pen motion during the 

writing of a character is used as features . 

(iii)Chain Codes: This feature is obtained by mapping the strokes of a character into a 

dimensional parameter space which is made up of codes as shown in figure 2.4. 

(iv) End points intersections of line segments and loops. 

(v) Strokes relations and angular properties. 

Figure 2.4: Chain Codes [12). 
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2.5 Overview of Different Feature Extraction Techniques 

In machine learning, pattern recognition and image processing, features extraction performs 

some transformations of original features extracted from a source image to generate other 

features that are more significant to human interpretation. These transformations are 

performed by algorithms or methods named feature extraction techniques. 

Here we provide an overview and classification of feature extraction techniques used to 

extract features from the original hyperspectral data. Since most of the algorithms are well 

known in remote sensing images literature, only a brief description of the concepts 

underlying the techniques is provided. 

2.5.1 Classification of Feature Extraction Techniques 

Feature extraction can be performed using various mathematical models, image processing 

techniques and computational intelligent tools such as neural networks or fuzzy logic [ 14]. 

Generally these techniques are classified into four categories namely, feature based, 

appearance based, template-based and part-based approaches. The last category is quite a new 

approach that finds its application mostly in recent computer vision and object recognition 

domain. Figure 2.5 illustrates the classifications of various feature extraction techniques. 

20 



Feature Extraction Techniques 

Appearance-Based Part·Btsed 
Approach 

Feature-Based T emplat~Based ApproKh 

•· PCA Approaeh Approach 
• Component 

• LOA based • Gabor feature 
• ICA • SIFT • Binary feature 
• laplacianfaGes 

Figure 2.5 : Classification of Feature Extraction Techniques [14). 

2. 5.1 .1 Appearance- Based Approaches 

In some literature, these approaches are referred to as holistic-based methods owing to their 

attempt to initially identify regions of interest using the entire image in place of local features 

and later perform some transformation on this patch to derive a compact representation for 

recognition. The transformations on the whole patch are performed based on information 

from statistical learning and analysis which are iterated until a feature is reached. 

The main advantage of the appearance-based approaches is that they do not demolish any of 

the information contained in the images by focusing on only restricted regions or points of 

interest, however their major drawback is that they start out with the basic assumption that all 

the pixels in the image are have equal importance [ 15]. The PCA, LDA and ICA are 

examples of such approaches. 
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2.5.1.2 Feature Based Approaches 

Feature based methods derive information directly from some detected fiducial points like 

eyes, noses, and lips, etc. [14] , which are usually determined from domain knowledge, image 

processing, computer vision and are used to discard other irrelevant information. The Gabor 

and binary features are some of the examples of the feature based approaches. 

The major advantage of feature based approaches is that they are relatively robust to position 

variations in the input image resulting from preprocessing activities such as image analysis 

and matching to some control data [16] . Other benefits include high speed matching and 

compactness of representation of images such as face features . However their main drawback 

is that they require user intervention in making decisions on which features return and/ or 

discard. 

2. 5.1 . 3 Template Based Approaches 

Traditional template-matching approaches used distance metric for face recognition. Using 

this approach requires a set of symbolic templates for each class (person) and the similarity 

measurement is computed between a test image and each class. The class with the highest 

similarity score is selected as the correct match [14] and this is determined by using the 

Mahalanobis distance measure to compare the input image with the one already in the 

database. In cases where the results were not satisfactory the LDA was applied for further 

dimension reduction and classification. One example of such an approach is the Hough 

Transform. 

2.5.1.4 Part Based Approaches 

The part-based methods detect significant parts from the image, say a human face and 

combine the part appearances with machine learning tools for recognition. There is a slight 

difference with feature base approaches in that the later extracts the whole image (such as the 

whole face) and compare it to achieve the recognition purpose. Examples of such approaches 

are the component based and the Scale Invariant Feature Transform technique. 
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2.5.2 Traditional Gabor Filter 

Daugman discussed the Traditional Gabor Filter (TGF) as a technique that implements one or 

multiple convolutions of an input image with a 2-D Gabor Function [4]. The function was 

viewed by Yang et al., [ 17] as a harmonic oscillator composed of sinusoidal plane wave of a 

particular frequency and orientation within a Gaussian envelope. The TGF views a complex 

2-D filter over the image domain (x, y) as; 

G(x, y) = exp ((x-xo )2 - (Y-Yo )
2 

) exp(-2rri(u0 (x - Xo) + Vo(Y - Yo))) 
20-; 2at 

(6) 

where (x0y 0 ) specify the location in the image (u0y 0 ), that has spatial-frequency w0 = 

✓u5 + v5 and orientation (/) = arctan C:)- While ax and ay are the standard deviations of 

the Gaussian envelope along the x-axis and y-axis respectively. The real part of the filter is 

specified based on equation (6) as follows; 

( 
1 [x2 

y
2
]) (27l'X ) Re g(x,y; T, (/)) = exp - 2 0

~ + a! cos -;-

Where, 

x0 = xcos(/) + ysin(/) 

Y0 = -xsin(/) + yeas(/). 

(7) 

From equation (7), (/J is the orientation of the TGF, T is the period of the sinusoidal plane 

wave and cr is the standard deviation along the axis as mentioned earlier. Further 

decomposing (7) result in the formation of two orthogonal parts. That is, one parallel while 

the other will be perpendicular to the orientation (/J and this would be represented as; 

Re g(x,y, T, (l)) = hx(x; T; (l)) · hy(y; (l)) 

= { exp ( - t:~) cos (2~x0
)} • { exp ( - ::~)} (8) 
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The design of a filter bank consists of selecting a proper set of values for the filter 

parameters: 0, a and y.The possible combination of the various parameters determines how 

the filter bank analyzes the spatial domain [ 4]. 

The GF finds its application in many areas of interest, for example Zhou et al. , discussed the 

application of GF in face recognition [J 8]. In their publication, the 2-dimension GF ( equation 

6) was expressed as follows; 

O[J,0,q>,y,B](u, v) = I(u, v) * G[J,0,q>,y,B](u, v) (9) 

Where O[ l is the Gabor wavelet, while u and v are the coordinates of the Gabor wavelet 

matrix pixel. Variable A is the wavelength, 8 is the orientation, cp is the phase offset, y is the 

aspect ratio and B is the bandwidth. The facial features were extracted by convolving the GF 

with the image area / ( u, v). Figure 2.6 shows the operations performed in the convolution 

process. 
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Figure 2.6: Gabor Filter Feature Extraction [ 18) 

As shown in Figure 2.6, each convolution operation produces a feature matrix with its 

correlated feature data obtained by connecting the pixel values from the matrix into a I­

dimension vector. This means that if, for example a Gabor filter set with filter number of m 

and a wavelet matrix size of m x n pixels. The overall feature vector would be in the 

dimension of m x n 2 • 

2.5.3 Modified Gabor Filter 

The Modified Gabor Filter (MGF) was primarily inspired by the drawbacks of the TGF, chief 

among them being its image-dependent parameter selection strategy [2] . To overcome this 
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drawback, the MGF replaced the cosine function cos(x; T) in equation (8) with a periodic 

function F(x; T1 ; T2 ), to help reduce loss of useful original information resulting from failure 

by the TGF to pass the entire frequency harmonic through the filter. The period T was 

extended to periods T1 and T2 representing the regions above and below the axis respectively 

as illustrated in Figure 2.7. 

Figure 2.7: The periodic function F(x; T1 ; T2 ) with cosinusoidal functional curve with periods T1 and T2 [2). 

Figure 2.7 show a periodic even-symmetric oscillator with the period (T1 + T2 ) / 2 which 

becomes a true cosinusoidal function when T1 = T2 . Which could be expressed as function 

where ltl = floor(t) , representing the largest integer values of the selected feature not 

larger than t as follows: 

{

cos(2rrx/T1 ) , 0 ::s; x :;s; Ti/4 
f(x) = -cos(2rr (x - Ti/4 - T2 /4)/T2 ) , Ti/4 < Ti/4 + Tz/4 

cos(2rr (x -Ti/4 -Tz/4)/T2 ) , Ti/4 + Ti/2 ::s; x :;s; Ti/2 + Ti/2 
(10) 

Modulating the periodic function F(x; T1 ; T2 ) by a Gaussian function resulted in equation (8) 

expanding as follows; 

(11) 
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The representation in equation (11) transformed the MGF into a band pass filter associated 

with a bank of low pass filters which allow retention of useful low frequency components 

that were ignored by the GF. 

The implementation MGF followed its design that was completed based on its analysis in 

frequency domain while images are enhanced in spatial domain. The algorithm considered 

implementing image rotation as opposed to multi-directional MGF where its coefficients had 

an orientation of e = 0. That is, MGF banks with different axs corresponding to different 

periods Tl and T2 are computed first then the image blocks with the same size as that of the 

convolution mask are rotated to the MGF orientation at e = 0 [19]. This resulted in the MGF 

achieving better results as compared to the TGF as shown in Figure 2.8. 

Figure 2.8 (a) and (b) illustrate results from the GF with parameter values ax = 2.0, ay = 
4.0 and ax = 2.5, ay = 4.0 respectively, while Figure 2.8 (c) are the results obtained from 

the MGF algorithm. 

(a) Gabor Filter (b) Gabor Filter (c) Modified Gabor Filter 

Figure 2.8: Fingerprint Images Enhancement Result for the TGF and the MGF [ 17] 

2.5.4 Mathematical Morphology 

The Mathematical Morphology (MM) approach is based on set theoretical principles where 

the parameter of the morphological operations is a shape (set or function of any dimensions) 

commonly known as the Structuring Element (SE) [20]. 
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The approach works by making a direct and figurative relationship between the original 

image to be processed and the SE using a combination of two basic operations, erosion and 

dilation. Each SE has a shape which can be thought of as a parameter to the operation and if 

the SE is appropriately selected with consideration to its size, shape and orientation then the 

operation is guaranteed of a better output image. 

The morphological operators were initially developed to analyze binary images but have been 

elegantly extended to operate on gray-scale images, 3D images and graphs. This was made 

possible given that the binary and grey-scale pixels are scalar values that have a natural set of 

operations and ordering properties [21]. 

The two operations, erosion (reduction) and dilation (increase) are implemented using set 

theory which when applied to an image it result in either increasing or decreasing the 

intensity of the pixels. For example, dilation was defined as the maximum value in the 

window which improves the intensity of the resulting image by changing pixels with values 

" O" or " J " [22]. In that case, dilation of a gray-scale image F(x,y) by a gray-scale SE 

B(s, t) is denoted by; 

(FEB B)(x,y) = max{F(x - s,y- t) + B(s, t)} (12) 

While on the other hand, erosion is seen as just the opposite of dilation (minimum value in 

the window), whereby the image after erosion will be darker than original image as the pixels 

with value of" 1" will be turned to "O" and is denoted by; 

(F 8 B)(x,y) = min{F(x + s,y + t) - B(s, t)} (13) 

The MM approach was successfully applied in quite a number of areas in remote sensing 

images such as edge detection using multi-structure elements, meant to evaluate sets of brain 

and chest CT images, 2D and 3D image representation and vehicle identification among 

others [22] [23] [24]. 

Figure 2.9 shows a flowchart of a MatLab simulator as applied by Wei and Tong for edge 

detection [25]. 
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Figure 2.9: A MatLab flowchart for the Morphological Edge Detection Algorithm (22] 

Opening and closing are as well morphological parameters that can be viewed as byproducts 

dilation and erosion operators. Opening is characterized by a combination of MM parameters 

in the following order, erosion followed by dilation of a given image. Closing can be viewed 

as the opposite of opening, that is, the image is initially dilated and later eroded. Like the 

erosion and dilation, the closing and opening operators as well implement a structuring 

element of any size and shape. Equations (13) and (14), respectively shows an 

implementation of the erosion and dilation operators over a binary image A by a given 

structuring element B. 

(A e B) = {xlB; C X} 

(A EBB) = {xlB; C x c} 

(13) 

(14) 

In the erosion operator the hit and miss transformation establishes that a pixel x belongs to 

the eroded set if each point of the element B1 translated to x be on X. This operator removes 

the pixels at the borders of the objects in the set X, thereby shrinking the resulting image. 

This operation finds its application mostly in removing noise from threshold images. 
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Figure 2.10 illustrates how the erosion operator works on a given original image applying a 

3x3 structural element. 

••• ••• ••• 

(a) Structural element 
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(c) Erosion 

Figure 2.10: Example of the Erosion Operator [261. 

The dilation operator defined in Equation ( 14) establishes that a point belongs to the dilated 

set when all the points in B 2 are in the complement. This operator erodes or shrinks the 

complement so that when the complement is eroded, the set X is dilated [ 26]. Figure 2.11 

illustrates the dilation process with the structural element shown in Figure 16(a) defining the 

set B 2
. 
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(b) Image 
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(c) Dilation 

Figure 2.1 1: Example of the Dilation Process (26). 
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2.5.5 Principal Component Analysis 

The Principal Component Analysis (PCA) can be viewed as a statistical procedure for 

interpreting the covariance structure of a set of observations of possibly correlated variables 

by identifying the principal directions in which the data in a given set varies [27] . The 

principal directions sometimes referred to as principal components are a result of 

transformation defined in such a way that the first principal component has the largest 

possible variance and each succeeding component in turn has the highest variance possible in 

that set. Figure 2.12 shows the PCA for data representation, where q represents the principal 

direction in which the data varies and p represents the axis orthogonal to q. x and y are the 

coordinate system of the Cartesian plane. 

YA 

.x 
Figure 2.12: Data Representation in PCA 

When using the PCA, any given image, say image A, can be viewed as a vector of pixel 

values which can be transformed using different mathematical transformations such as 

translation and scaling into subspaces that may serve as a feature extraction [28]. 

In computational terms, the PCA as discussed in [28], follows certain basic steps as below; 

(i) Select a set of training images, say A defined as a (n x n) matrix and compute the PCA 

basic steps. 

(ii) Create data samples by subtracting image A from the training set as 

follows; a1 , a 2 , a3 , ... , ~EA - A1 
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(iii) Calculate the covariance matrix between data samples as, 

cov = (A* A1 )/(N - 1) where N is the number of columns in the data sample (n). 

(iv) Find the Eigen value and vector of the covariance matrix (cov) as the determinant 

of ( cov - A/), that is I ( cov - )./) I = 0, where I is the identity matrix. 

(v) Identify the diagonal Eigen elements and extract the largest Eigen values from the 

identified elements. 

2.5.6 Scale Invariant Feature Transform 

Scale Invariant Feature Transform (SIFT) is an algorithm mainly used to detect and describe 

local features in images, mostly applied in object recognition, image sketching, 3D modeling, 

gesture recognition and video tracking [11] . It was introduced by David Lowe in [29]. The 

algorithm uses the image keys to identify possible object matches and to verify each match 

by finding a low residual least-squares solution for the unknown model parameters. These 

identified features are said to be invariant to geometric transformations such as scaling, 

translation and rotation. 

Lowe in [29] , discussed the SIFT as an approach that takes an image, transform it into a large 

collection of local feature vectors and then apply a four stage filtering approach, that is; 

Scale-Space Extrema Detection, Key-point Localization, Orientation Assignment and Key­

point Descriptor. 

2. 5. 6.1 Scale-Space Extrema Detection 

The first stage in filtering which attempts to identify those locations and scales that is 

identifiable from different views of the same object. It makes use of "scale space" 

function that is based on the Gaussian function as defined in equation (16). 

L(x,y,a) = G(x,y,a) * I(x,y) (16) 

Where * is the convolution operator, G (x, y, a )is a Gaussian variable scale and 

I (x, y) being an input image. Equation (16) identifies candidate key-points by finding 

the difference between the transformed image with scale k and the original image as 

follows; 
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D(x,y,a) = (G(x,y,ka) - G(x,y,a) * I(x,y)) 
= L(x,y,ka) * L(x,y,a) (17) 

Finally, extrema of D(x, y, a) are determined by comparing each point with its 8 plus 

or minus 1 ( +/-1) neighbors at the same scale k . 

2. 5. 6. 2 Key-point Localization 

This stage performs a detailed fit to the nearby data for location, scale and ration of 

principal curvatures [29] , thereby rejecting points with low contrast or poorly 

localized along the edge. Equation (17) calculates the fitness of the candidate points 

that will be compared to the threshold value for acceptance or rejection. 

a2 0-1 ao 
z=---­ax2 ax 

2. 5. 6. 3 Orientation Assignment 

(18) 

At this stage, the magnitude or gradient m(x,y) and orientation B(x,y) are calculated 

in order to use the histogram of gradients around the feature point for representation. 

The magnitude and orientation are calculated as shown in Equations (18) and (19) 

respectively. 

m(x,y) = J((L(x + 1,y) - L(x -1,y)) 2 + (L(x,y + 1) - L(x,y -1)) 2 (19) 

0(x, y ) = tan- 1 ((L(x,y + 1) - L(x,y -1))/(L(x + 1,y) - l(x -1,y))) (20) 

Where L the Gaussian is smoothed image. 

2. 5.6.4 Key-point Descriptor 

The previous three stages worked on ass1gnmg an image location, scale and 

orientation respectively to each given key-point. Therefore at this stage the idea was 

to compute a descriptor for the local image region that is highly distinctive to the 

remaining candidate points. Lowe and Santhseelan et al. in [29] and [JJ] respectively, 

discussed the use of gradient data computed in equations (19) and (20) to create key-
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point descriptors. They used the data obtained from m(x,y) and 0(x,y) to construct 

a set of histograms over a window centered at the key-point with a weight of 1.5 times 

the scale of the key-point added. 

The peak of the orientation histogram was then used to select the best candidate points 

in the histogram. Only those that fall within the 80% range were considered as valid 

points which in turn, result in the creation of another set of candidate key-points to be 

considered. This would repeat until the best candidate point is obtained. Figure 2.13 

shows a 2x2 descriptor array that was computed from an 8x8 set of samples using 

gradient and orientation data m(x,y) and 0(x,y) respectively. 

► 

Image gradients Key-poin descrip or 

Figure 2.13: Computation of the key-point descriptor (29) 

2.5. 7 Hough Transform 

The Hough Transform is a mathematical transformation of points from the input space, 

referred to as the feature space into curves in parameter space that can be used for the 

detection of geometric patterns [30]. This method is based on the fact that all points from a 

straight line that are positioned in feature space can be mapped to a single point in parameter 

space. 

The Hough Transform has three variances that can be considered depending on the nature of 

the problem being analyzed. These are the Generalized, the Randomized and the Hybrid 

Hough Transform. This technique uses an N-dimensional array called "the voting array " for 

the event, where N is the dimensionality of the hypothesis space. The voting array is used to 
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capture the normalized conditional probabilities so that each event simply adds its own voting 

array into the accumulator representing the hypothesis space [30]. 

The following steps represent the generalized Hough transform algorithm; 

1. Create a fixed grid representing the parameters (x, y) that need to be estimated. 

2. At each point on the grid, the likelihood of the estimate being (x, y) given the measurement 

/3, p(x, Yl/3), is evaluated and accumulated in an array, A: 

(21) 

Where /Ji is the lth measurement of the total L. 

3. Consider the estimate as the grid position corresponding to the peak accumulated likelihood. 

The Generalized Hough Transform technique find its application in different domains such as 

elimination of ghost detections in target tracking using multi-sensor data diffusion, self­

positioning of robots using map matching and emitter geo-location using time difference of 

arrival [30], [31] , [32]. Its application has in most cases produced acceptable results as 

elaborated in section 5.1.5 of this thesis. 

2.5.8 The Linear Discriminant Analysis 

The Linear Discriminant Analysis (LDA) sometimes known as the Fisher's Linear 

Discriminant Analysis as discussed by Pali et al. is an appearance based approach feature 

extraction technique [ 14]. 

The LDA technique works by finding a set of projecting vectors w that best discriminate 

different classes. According to the Fisher criteria as presented by Pali et al., the LDA can 

achieve this by maximizing the ratio of determinant of the between-class scatter matrix Sb 

and the determinant of the within-class scatter matrix Sw, The within-class scatter Sw is a 

representation of how the face images are distributed closely within-classes while the 

between-class scatter matrix Sb represents how the classes are separated from each other. 
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The idea behind the LDA technique is to divide the training images into different classes that 

is, the Sb and the Sw. This followed by finding a set of vectors that maximizes the fisher's 

discriminant criterion and this is achieved by maximizing the Sb on one hand while 

minimizing Sw on the other. 

When applying the LDA for example, we may consider two sets of points Figure 2.14, green 

(points in rectangular form) and blue (points in circular form) in color that are presented in 

two-dimensional space projected onto a single line. If we are to rely on the direction of the 

line, the points can either be combined together as shown in Figure 2.15 or be separated as 

shown in figure 2.16. In this case the LDA tries to find the line that best separates these sets 

of points. Figures 2.15 and 2.16 illustrate some examples of poor and good separation of 

points respectively as scenarios that can be presented by the LDA. 

Y-axis 

• • • • • 

X-axis 

Figure 2.14: Points in 2D Space [14). 
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Y-axis 

X-axis 

Figure 2.15: Example of a Poor Separation [ 14). 

Y-axis 

X-axis 

Figure 2.16: Example of a Good Separation [ 14] . 

Applying the LDA in face recognition domain the points represents facial images and the 

within-class (Sw) scatter matrix, also known as intrapersonal matrix, illustrates variations in 

the appearance of the same individual due to different lighting illuminations and facial 

expression, while the between-class (Sb) scatter matrix, also known as the extra-personal, 
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depicts the changes in appearance due to a difference in the identity. In this way fisher-faces 

can project away some variation in lighting and facial expression while maintaining 

discriminability [33]. The LDA technique suffered some challenges with small sample sizes 

in which the with-in class scatter matrix becomes singular and thus the technique fails to 

interpret. According to Pali et al. a number of a number of extended LDA algorithms were 

suggested and among them the most popular one is the PCA (discussed in 2.5.5) for 

dimension reduction prior to performing LDA. 

2.6 Parameter Selection Strategies 

Parameter selection plays a crucial role in the use of FET, as the choice of "good" parameters 

gives a "good" output image. This section brings an overview of the parameter selection 

strategies employed by various FET. 

2.6.1 The Traditional Gabor Filter 

A strategy that selects filter parameters semi-automatically using the Information Diagrams 

(ID) concept was explored in [JO]. The strategy considered only the orientation (0), aspect 

ratio (y) and sigma of the Gaussian envelope (a") while the rest of the parameters remained 

fixed and were specified based on empirical data [ 19]. The three parameters were selected by 

looking for a local extrema. For example, for each 0 in the set we compute the parameters of 

the highest local maximum and smallest local minimum as follows: 

Highest Local Maximum: 

r/J· 
( cr!"llax y!"llax) = arg max 0 - ID 1 

1 , 1 cr,y x,y (22) 

Smallest Local Minimum: 

( cr!"llin y!"llin) = arg min ,.,. - IDr/Ji 
1 , 1 cr,y ,µ x,y (23) 

From 3 and 4, the set of chosen GF parameter can be expressed as follows : 
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P.min = {(a!'Ilin y!'Ilin rli,) (amin ymin r,, )} 0 1 , 1 , Yl1 , ... , n , n , Yin (24) 
and 

P.max = {(a!'Ilax y!'Ilax rli ,) (amax ymax r,, )} 0 1 , 1 , Yl1 , ... , n , n , Yin (25) 

Consequently, the selected feature vector representation becomes: 

_ ( 1 i Q m )T 
Y(x,y) - V(x,y) • ... , V(x,y) , ... , V(x,y) (26) 

(27) 

Table 2.1 shows parameter values for 0, a and y computed for each ID, the distance metrics 

(Euclidean & Mahalanobis) and the feature model type (magnitude versus real-imaginary 

parts). 

't st ID type # local ma..x # lo al min di tanc mag re+ im 

1 0 1 1 Mah 
2 0 2 0 Mah 
3 'Y 2 0 Mah 
4 'Y 1 1 lah 
5 (l 2 0 Mah 
6 u 1 1 Mah 50.21 72.50 
7 0 1 1 Euc 31.93 5 

0 2 0 Euc 3 . 7 7.5 
g 'Y 2 0 Euc 17. 6 53.33 
10 'Y 1 1 Euc 15.55 45 
11 (l 2 0 Euc 24.79 74.17 
12 (l 1 1 Euc 15.97 75. 3 

Table 2. I : Computed values for parameters r/J , y, q using Information Datagrams 11 OJ 

2.6.2 The Modified Gabor Filter 

Yang et al. [19] in their publication used an approach whereby the period T of the GF was 

decomposed into T1 and T2 and then specified the remaining parameters 0, ay and the 

convolution mask size adaptively. 

2. 6. 2. 1 Specifying Orientation 0 

The original image is divided into blocks of sizes W x W and the parameter 0 is specified as 

the orientation of each pixel in the block using the following formula; 
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(/)(" .) _ ~ t _1 Lu=i-w/ z L v=i-w/ z 2Gx(u,v)Gy(u,v) 
( 

i+w/2 j+w/2 ) 

l, J - z an _,i+w/ 2 j+w/2 ( 2 2 ) 
L..u =i-w/2 Lv=j-w/2 Gx(u,v) -Gy(u,v) 

(28) 

In Equation (28), W is the size of each subdivided block, Gx and Gy is the local gradient at 

each pixel in each subdivided block. The resulting orientation value of 0(i, j) obtained from 

Equation (28) is later regularized into the range [- i, + i]. 

2. 6. 2. 2 Specifying Standard Deviations u x and u y 

The two parameters ax and ay were specified differently owing to their effects on the output 

image. The parameter cry was empirically set to 4.0 and crx was of great concern as its 

performance is related to the periods T1 & T2 thereby influencing the degree of contrast on an 

image [1 9]. As a result, the periodic function represented by hx(x; Ti, T2; 0 ) Equation (11) 

had to be examined for constraints on regions below the x-axis and those close to the origin 

above the x-axis . 

The values of T1 & T2 were computed as in 2.3. Period T2 was subdivided into a smaller 

range T1 . In Table 2.2 the circled column shows some of the ax results obtained from the 

experiments. 

T, T2 

4 14, 121 
4 [14, I I 
4 [-0. 2 ) 
6 

10 2.7 
12 
14 
16 

Table 2.2 : Computed crx values for different T1&T2 periods [/9) . 
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2. 6. 2. 3 Specifying periods T 1 and T 2 

By analyzing Figure 2.17, we can infer that function F(x; T1 ; T2 ) is a periodic even-

symmetric oscillator with the period (T1 + T2 ) /2 , given that from the figure 

corresponds to the regions above and below the x-axis respectively. 

T1 d Tz - an -
2 2 

The periods T1 and T2 were specified by initially identifying a pixel that needs to be filtered, 

say, Pa (x, y) and noting its colour intensity. This was followed by continuously checking the 

neighboring pixels until you find a pixel with different colour intensity and denote 

itPb(xi,y1). T1 was set to 2W1 the distance between Pa(x,y) and Pb(xi,y1 ) while T2 was 

set to 2W2 , that is, the distance between Pb(xi,y1 ) and the next pixel Pc(x2,y2 ) with a 

colour intensity different from Pb(xi, y1 ). Figure 2.17 shows how the periods T1and T2 were 

calculated on a fingerprint image obtained from an image database [19]. 

Figure 2. 17: The Curve of F(X; T1; T2 ) Corresponding To Different Periods T1 and T2 (19] 

2.6.3 The Mathematical Morphology 

Given that the parameter of the morphological operations is a set or a function of any 

dimensions known as the SE, Fejes and Vaida in [20] used an adaptive approach to define the 

SE and its regions. The approach applied a technique that was based on the method of the 

Least Mean Square (LMS) which minimizes the error calculated between the output and a 

selected desired signal (Mean Square Error). 
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According to the LMS coefficients-update, the following equation was used on simple grey 

scale dilation. 

(29) 

Where i, m E B and m :::/= i B represent the support of the SE. bi and bm are parameters to be 

optimized, µ is the convergence parameter, while y and d denote the output and the reference 

signal respectively [20] . 

On the other hand a statistical analysis of the SE templates Bi is used to define the regions of 

interest as follows; 

B = {Bil (30) 

This is followed by finding tuples (Rk) of parameter locations in an arbitrary Bi template so 

that a value Bpi of Bi at location p does not differ from another element of the same tuple 

more than an error limit of A for all i as indicated in (31); 

(31) 

When implementing adaptation, the coefficient-update for parameter regions are determined 

by identifying an element m such that, 

if m € Rt then r" = rk + 2µ(d - y) (32) 

where rk and r" denote the old and the new value of the k th parameter region respectively 

and r" can be any single parameter located in the region being extracted. 

2.6.4 The Scale Invariant Feature Transform 

The use of image keys is one fundamental concept when using the SIFT technique to identify 

candidate object matches. However, the reliability of establishing the set image 

correspondences plays an important role m accuracy of the estimated parameters [ 34]. 
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Othman et al. , proposed the use of a Detection Algorithm (DA) as discussed in 2.6.4.1 , while 

Guang-hui et al. , proposed the use of a Self-Adaptive SIFT Algorithm (SASA) as discussed 

in section 2.6.4.2 to estimate parameters for the SIFT technique [35] [36]. 

2. 6. 4.1 Detection Algorithm. 

The DA algorithm is implemented following the steps below; 

(i) Find an initial position (x5 , y5 ) called "the seed " inside the Ro! and creates a 

rectangular boundary R around the seed. 

(ii) Trace a 10 x 10 mask over the given image to determine the seed point (x5 , y5 ). 

(iii) Calculate the sum, standard deviation of each mask, it 's correlation with its adjacent 

masks (neighbors) and consider one with minimum values as the mask containing seed 

point. 

(iv) Consider the seed point as the center and construct rectangles (n x n) around the seed 

point (x5 , y5 ) incrementing their size step by step, (ie. l0 X 10). 

(v) Repeat (iv) until the current standard deviation of one mask is greater than the standard 

deviation of the previous mask. 

Although the algorithm worked well in situations where it was implemented, however its 

short coming is that it relies mostly on empirical knowledge [35]. 

2. 6. 4. 2 Self-Adaptive SIFT Algorithm. 

The SASA algorithm as discussed by Guang-hui et al. in [36] , focused on calculating 

and determining the thresholds automatically based on the image information, as 

well as changing parameters for the SIFT algorithm so that it increases the number of 

extraction features and matching points. This is achieved using the following steps 

(i) - (iii). 
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(i) Calculate the average grey-scale (AG) value of input images and then divide the result 

by 10, thatis AG= avgl(x,y) / 10. (33) 

(ii) Check the following, if (AG < 1.0) reduce the contrast threshold and increase the 

number of features points to match. 

(iii)Increase the curvature ratio of the threshold if the matching points are less than 8. 

2.6.5 The Principal Component Analysis 

Li et al., proposed a method that estimate parameters based on a quantitative measure of 

practical identification of features [37]. In their method, the first principal component is the 

Eigen-vector that holds the highest Eigen-value in the matrix representation. The remaining 

candidate parameters are ranked using a recursive algorithm based on how they are identified 

as follows; 

(i) Select the highest ranked parameter p1 from the candidate parameters for 0j, such that, 

p1 = {0k1Ej = maxjEj} and set the number of selected parameters to n = 1, where 

Ej is the overall effect of each parameter on 0j. 

(ii) Compute the linear-dependence metric di for each remaining parameter 0j with respect 

to previously selected parameters {p1, ... Pn} for all selected candidate parameters. 

(iii) Calculate the identifiability index Ii for each remaining parameter as 0j ; 

Ii = Eidi (34) 

(iv) Select the next highest ranked parameter Pn+l and repeat from step (i) through to (iii), 

otherwise stop iteration when all candidate parameters are selected. 

2.6.6 The Hough Transform 

The Hough Transform is a 2D linear non-coherent operator which maps an image to a 

parameter domain in such a way that when the aim of the analysis is to detect straight lines in 

44 



an image, the parameter of interest completely defines the straight lines [38]. The technique 

uses the following equation to map the point (x, y) into parameters (r, t) which represent a 

straight line passing through the point (x, y) . 

r = xcos(t) + ysin(t) (35) 

When applying this technique, each pixel in the original image is transformed in a sinusoid in 

the (r, t) domain and the presence of a line is detected by the location in the (r, t) plane in 

which more sinusoids intersect. This leads to all the straight lines in the original image being 

represented by a peak in the Hough domain. In most applications, the Hough Transform uses 

the Mahalanobis distance to calculate the nearest distance between the subject' s image and its 

corresponding template image for feature extraction. This distance depends on the correlation 

between the covariance matrixes of the two input images [39]. The Mahalanobis Distance is 

given by equation (36) as follows; 

DMahalanobis(x,y) = .j((x -y)Y}::-1 (x -y)) (36) 

Where, 

D : Distance between two images, 
x : Subject's image, 
y : Corresponding template image, 
}::-1 : Covariance matrix. 

2. 7 Application of GA in Remote Sensing Images Processing 

Genetic algorithms were pioneered by Holland and have been proven to be very useful in a 

variety of search and optimization problems over the years [ 40]. Du et al in [ 41], discussed 

genetic algorithm as a search technique used in computing to find approximate solutions to 

optimization and search problems [ 41]. The evolution process in most cases starts from a 

randomly generated population of individuals that are iterated over several controlled 

generations. 
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In each generation, the fitness of every individual in the population is evaluated and based on 

their fitness values, multiple individuals are stochastically selected from the current 

population. These individuals are then modified by recombining and sometimes mutating 

them to form a new population which will be used in the next iteration of the algorithm. The 

iterations in most cases terminate either when the maximum number of generations has been 

reached or a satisfactory solution or fitness level has been obtained. 

Genetic algorithms finds their applications in a number of areas m the extraction of 

unstructured data [ 41] , extraction of global motion estimation data [ 42], extraction 

pathological voice data for classification [ 43] or implemented as filters for mobile robot 

localization and mapping [ 44] . 

The use of genetic algorithms proved to be a success given that in most of literature we 

reviewed, it was evident that the use of genetic algorithm improved performances in al 

algorithms they were implemented. Most of the authors fused genetic algorithms to previous 

versions of the algorithms to form a combinational approach that achieved by far better 

performances as compared to other algorithms. This was evidenced by results obtained in 

their simulations and/ or experiments. 

In [41] , genetic algorithm were modified to extract features from an unstructured data in an 

efficient and convenient manner. The modified genetic algorithm was tested using a set of 

unstructured data composed of words from a dictionary of which it proved to be efficient and 

effective especially in precision and recall using some formulae as shown in Table 2.3. 

II 

Table 2.3: Test Results of Feature Extraction by the Modified Genetic Algorithm [41] . 

Rao et al. , discussed the classical approach in global motion estimation where multiple real­

world points of an image were extracted based on structural criteria such as edge and comers 
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and their novel approach which uses genetic algorithms to combine feature extraction and 

selection [42] . The GA proved to be effective in selecting more reliable features for tracking 

global motion and feature tracking ranging from generation of interest point operators to 

actual searching for features within a frame [ 45]. Figure 2.18 shows the performances of 

different approaches in extracting features from a road image. The dotted straight lines 

indicate the mean values of each approach' s performances on each extracted frame. 
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Figure 2 .18: Comparative Stabilization Performance using PSNR [42). 

Feng et al. , presented an approach that implements genetic algorithms to solve the 

Simultaneous Localization and Mapping (SLAM) problem in mobile robots by concurrently 

optimizing appropriate cost functions defined over two sets of chromosome populations 

representing the robot pose and the environmental map. Simulations and experiments were 

conducted to demonstrate the performance gains achieved by their approach and its potential 

to yield globally consistent SLAM results [44]. 

While Hosseini et al. , introduced an algorithm that implements genetic algorithms to 

discriminate voice pathologies signals from each other via adaptive growth of wavelet packet 

tree based on the criterion of Local Discriminant Bases (LDB). Genetic algorithm was mostly 

employed for the selection of the best feature set and Support Vector Machines (SVM) as a 

classifier to guarantee better results as much as possible. The experimental results show much 
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improvement in performance of their proposed approach and credit was given to the use of 

the genetic algorithm as combinational approach [ 43] . 

Fuyan et al, discussed how they implemented genetic algorithms to improve the K-means 

algorithm. Their approach was to fuse the incremental genetic algorithms with K-means 

clustering. In this case genetic algorithms played an important role in simulating the 

evolutionary process of nature where solutions were evolved from one generation to the other 

thereby improving the final result. Their implementation followed some predefined iterated 

steps as illustrated in Figure 2.19 [46] . 
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Figure 2.19: Genetic Algorithm Improvement Flowchart 

Mutation 

It is quite evident from the literature we reviewed that genetic algorithms can be applied in 

feature extraction as an approach to improve the existing algorithms' performance. It is well 

important to mention that many traditional optimization techniques such as gradient based, 

simplex based methods and simulated annealing are mono-objective, hence they are not 

flexible enough to be extended to multi-objective cases as they are not conceived of to find 

multiple solutions to a given problem [47] . The use of genetic algorithms has helped in many 

cases where multiple solutions were required for a given problem. This notion gave us much 

needed confidence and assurance that our adaptive approach to parameterization of feature 

extraction techniques would succeed without much difficulties. 
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2.8 Chapter Summary 

The chapter reviewed literature on the algorithms implemented by different FET, their 

parameter selection strategies and performance. The performance analysis we did was based 

on the simulations and experiments performed and discussed by different authors in their 

respective publications. We established that the TGF and the MGF empirically specified 

some of their parameter values depending on the output images. 

However, the MGF tried to improve the process by splitting the period into regions, that is Tl 

and T2 then determine the Roi as discussed in section 2.6.2.3. Colour intensity played a 

major role in the determination of the periods. This to some extent significantly improved the 

results as compared to the TGF. The MM technique based much on the size of the SE, 

meaning to say the more appropriate the size of the SE the better the output results. While the 

PCA based its output image on the calculations of the parameter values using eigen-vectors 

and values. 

The second section of the chapter saw us reviewing literature on the application of genetic 

algorithms in RSI processing with particular focus on feature extraction techniques. The 

literature we reviewed showed some successes in fusing GA with the current techniques, for 

example Table 3 showed an improved recall rate to as high as 90.2 %. This gave us some 

confidence in pursuing our research. 
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Chapter 3: Dynamic Parameterization of Feature Extraction Techniques 

3.0 Chapter Overview 

In this chapter we reviewed literature on approaches used to analyze and elicit requirements 

for dynamic systems. In this regard, five techniques were reviewed which are; the goal based, 

scenario based, use-case based, case based and ontology based. The review was meant to 

study and recommend an approach that could be used in the development of the GenApp. A 

case study was applied and a hybrid model was found and recommended for eliciting 

requirements for the development of the GenApp. 

3.1 Preamble 

Requirements Elicitation (RE) and specification are critical steps in every software 

requirements engineering process; hence a solid identification of stakeholders' needs and 

relevant documentation is crucial for the success of any project. A complete understanding of 

the stakeholders' problem domain, their clear and precise definition as well as a 

representation of the material that is understandable for all stakeholders helps to design 

software that really meet customers ' needs [48]. A requirement by definition is an objective 

that must be met, while a specification describes how the objective is going to be 

accomplished. Analogically, a specification document describes how specific tasks are 

supposed to be carried out [ 49]. 

In most situations, stakeholders are non-technical experts and are therefore not quite familiar 

with the common techniques used in requirements engineering which are fairly abstract and 

often for them hard to grasp [50]. This is however in contrast with the developers who need a 

precise specification of the system structure and behavior for them to be able to analyze the 

requirements, validate stakeholders' needs and to formalize requirements for later verification 

procedures [ 48]. 

Cheng and Atlee, discussed elicitation and early modeling as collaborative activities that 

require the construction of a shared mental model of the problem and requirements [51]. This 
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has been applied in disciplines such as cognitive and social sciences where theoretical 

grounding and practical techniques are provided towards shared mental model and feasible 

graphical representation respectively, that are easily understandable by the stakeholders. 

We found quite a number of RE techniques from the literature we reviewed that can be 

applied in algorithm development. However, in our study we confined to only the techniques 

discussed below. These techniques were considered based on their applicability to dynamic 

systems which characterizes our novel algorithm, the GenApp. 

3.2 Goal-Based Requirements Analysis 

Anton (52] , viewed traditional systems analysis as ones that focus mainly on what features, 

such as activities and entities a system will support, whereas goal-based approaches focus on 

why systems are constructed, thereby providing the motivation and rationale to justify 

software requirements. 

Goal-based approaches incorporate goal analysis and goal evolution as a way to address 

issues on how to identify goals in a system and what actions to take on the requirements 

when the goals change respectively. In a practical situation, goal analysis could be considered 

as a process of exploring gathered documentation ranging from information about the 

organization (enterprise goals) to system specific information (requirements) for the purpose 

of identifying, organizing and classifying goals [ 52] . 

In a software development process it is important especially from a developers ' point of view 

that goals and requirements remain stable until the end of the project to avoid a lot of 

iterations in the refinement process. However, from experience this is only possible with 

goals which have a tendency of evolving at a gradual pace as opposed to requirements, which 

are a result of processes, organizational structures and operations that remain volatile in every 

organization. The gradual change of goals is usually motivated by elaboration and refinement 

processes whereby initially unforeseen constraints are considered or when synonymous goals 

are reconciled and/or merged. Such concerns are referred to as goal evolution. 
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3.3 Scenario-Based Requirements Analysis 

Sutcliffe [53], defined scenarios as facts describing an existing system and its environment, 

that includes the behavior of agents and sufficient context information to allow discovery and 

validation of system requirements. As a result, scenarios contain different types of 

information, such as the operations of the current system and its environment, description of 

activities in case of manual systems and instance information as they describe real world 

events that happened to individuals. 

Scenarios play important roles to both the developers and stakeholders during software 

development process as they help them understand and achieve some of their tasks and goals. 

In most situations scenarios can be used to guide an individual's thought or an idea as well as 

their reasoning. 

As for stakeholders, scenarios can be used as test data to validate design models, while 

developers use them as a starting point for all the modeling and design that contributes to the 

design process and to test the models and their specifications during requirements validations 

process. Figure 3 .1 illustrates a summarized view of some of the roles played by scenarios at 

each development stage. 
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Figure 3.1: Scenario Roles in Requirements Specification [53] . 
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3.4 Use Case-Based Requirements Analysis 

The concept of Use Case (UC) was first proposed in [54] as a model used to define the 

interaction between external actors and subject system under consideration to accomplish a 

goal. The UC model is specified using a Unified Modeling Language (UML), as specified in 

figure 3.2, in a way that its diagrams drive the whole development process with the 

specification of client-valued functions that enable documentation of required system 

behavior in contractual agreements [55]. Ebnenasir et al., further defined UC by applying 

assertions as follows [56]; 

UC = (pre, post) ~ pre = True (37) 

whereby, pre and post are the preconditions and post conditions of the UC respectively. 

These conditions are the Boolean expressions which are specified in terms of subject system 

variables that are used to collect input and output values. 

Considering Jacobson's proposal, we found out that the UC maybe triggered by internal, 

external or temporal events of which such triggers, in most cases give rise to systems errors 

[54]. These errors, if they remain unnoticed result in system bugs at a later stage hence the 

strong need to further explore the safety requirements when dealing with UC. In a way to 

reduce this challenge at design stage, Misuse cases (MUC) were introduced, with a sole 

purpose of specifying scenarios that the subject system must never exhibit. These MUC were 

represented as actions or events that negatively affect the system being modeled, such as 

system crush or cyclic redundancy errors. Formula 38 attempts to single out MUC in form of 

conflicting events or requirements thereby helping eliminate such anomalies at an early stage 

in system development. Equation (3 7) was further expanded into Equation (3 8), which 

allowed us to specify MUC as assertions in the same way as provided in Equation (37). 

UC= (pre,post) permits UC'= (pre',post') ¢::::> (post I\ pre')$. false (38) 
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Figure 3.2: Example UC Diagram for Credit Controller Module [55]. 

3.5 Case-Based Reasoning Requirements Analysis 

Jani et al., discussed Case-Based Reasoning (CBR) as a technique that reasons by 

remembering and recalling previously experienced cases in a similar way human beings 

reason when they are faced with new problems [57]. This technique uses a case base (CB), 

which is a repository of all past problems and their solutions. This is meant to speed up the 

Software Requirement Specification (SRS) process by way of reusing the knowledge and 

experience previously acquired and stored in the CB. The solutions retrieved from the CB can 

be used as they are (reuse) or with minor modification (revise) depending on the problem at 

hand. This approach serves processing time especially in situations where problems being 

solved are of similar domain. 

The CBR functions by following a cycle of four steps, which are, retrieve, reuse, revise and 

retain as illustrated in Figure 3.3. 
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In Figure 3.3, a case is considered as an example of a previously experienced SRS in a CB. 

When a new case or problem is evaluated, previously stored cases are retrieved from the CB 

and are used to come up with the analysis results for the new case. If the new case ( entered 

case) was experienced before, then the previously stored similar (exactly the same) case is 

retrieved and reused directly. Otherwise, the most similar case or a group of most similar 

cases are retrieved, revised and applied. Finally, the new case together with its solution is 

stored in the CB for future use [ 49]. Continuous use of CBR approach results in the CB 

growing bigger and bigger each time a new case is added, hence the need for a highly 

optimized tool to search through the cases and retrieve the most relevant case from the CB. 

Considering Figure 3.3 , CBR requires the use of effective information retrieval (IR) tools that 

matches and retrieve a case that is similar or closely related to the required query from a 

given repository. Bashir et al. , discussed a number of IR techniques that can be applied by 

different systems [58]. These included content based image and video retrieval, grid enabled 

search in spatial and geospatial data as well as thee-learning multimedia retrieval technique. 

However, in our case we considered the Artificial Neural Network (ANN) due its learning 

and adaptive nature. This we found it suiting well with dynamic systems. ANN was 

introduced to measure the similarity level between the new and existing cases in the CB at the 

retrieval stage of the CBR cycle [59] . 
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Figure 3.4, illustrates how the ANN is applied in case-based approach to match perceived 

new cases with the ones already in the CB. The ANN is represented inform of a compound 

equation where Q1 ... Qn are the input values. w1 .. . Wn are the assigned weights while vi is 

the calculated input value and the associated weight which are further evaluated using an 

activation function [57], to give an output value which will be considered as the best matched 

case in the CB. When considering weights, it is important to ensure that the selected weights 

values always improve the performance of the ANN so that it remains optimal. In this 

direction, heuristics could be considered [ 60] . 
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Figure 3.4: A Neuron of the ANN within the CBR Retrieve Stage (57] 

3.6 Ontology-Based Requirements Analysis 

In the area of knowledge engineering, researchers expressed different views on the definition 

of ontology, for example in [61], Lee and Zhao defined it as a formal, explicit specialization 

of a shared conceptualization, where conceptualization, explicit and formal refers to an 

abstract model elements that are clearly defined and that the model should be machine 

processable respectively. 

However, as ontology is used to describe different domain areas Lee and Zhao reiterated the 

difficulty in providing a universal definition, hence described it as a set consisting of some 

core elements as presented in Equation (39); 
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0 = {C, R, H,T} (39) 

In Equation (39), 0 is the ontology that can be expressed as a set of {C, R, H,T} elements 

where C and R represents Concepts and Relations respectively, which are two sets that do not 

have anything in common (ie. do not intersect). H stands for hyperspace consisting of 

concepts and relations while Tis the set of ontology theorems [ 61]. 

The Ontology approach can be split into three phases commonly referred to as definition of 

domain terms, decomposition of domain requirements and refinement and specification of 

domain requirements into primitive requirements using ontology. 

3.6.1 Definition of Domain Terms 

In this phase construction of domain terms that constitute a terminology dictionary take place. 

The dictionary evolves over time together with domain decomposition and this is meant to 

guarantee that the terms used are within the scope of the problem being defined throughout 

the project. 

3.6.2 Decomposition of Domain Requirements 

Once the terms in 3.6.1 are defined, the complex problem is decomposed using a subject­

decomposition technique. The technique is based on modeling different subjective 

perspectives of different stakeholders such as users and developers on a system or a domain 

[61]. The subject-decomposition technique specifies its domain using formula 40; 

D = (S,R,C) (40) 

Where S represent the viewpoints of the abstract stakeholders dealing with sub-problems, R 

representing relations of the elements of S and C being the constraints of S and R. Figure 3 .5 

shows an example of decomposition done on a generic Library Management System. 
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Figure 3.5: Library Management System Decomposition [62] 

3.6.3 Refining & Specification of Domain Requirements using Ontology 

After the decomposition phase, the requirements of each sub-problem domain are refined into 

functional and non-functional requirements and later primitive requirements [ 61] (i.e. atomic 

requirements that can' t be further decomposed anymore). 

Although some methods can be used to decompose complex systems into sub-systems, 

domain ontology is equally important to both stakeholders and engineers as an infrastructure 

to get requirements descriptions that are comparable. This is possible through the use of top­

down functional , use-case and problem frame decomposition methods [ 62]. 

3.7 Factors to Consider when Selecting a RE Technique 

Understanding the characteristics of RE techniques is crucial as it helps to identify the 

appropriate ones to be selected for a particular project [63]. To try and minimize the 

challenges faced in the selection process, Zhang [64] , introduced some guidelines based on 

the four categories of elicitation methods which are observational, conversational, analytical 

and synthetic. 
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The study identified requirements abstraction levels, sources, communication obstacles and 

levels of certainty as perspectives that influence the selection process. For example in [ 46] , 

[ 47] the findings were that observational techniques support RE process well if the objective 

is to analyze the problem (requirements' abstraction level) of a new domain (level of 

certainty) from sources other than human beings (requirements source) especially in an 

organization that has a strong culture (communication obstacles). 

While conversational approaches such as interviews are quite suitable in situations where we 

need to acquire comprehensive information and knowledge from stakeholders, whereas 

scenario-based analysis respond well in situations where we need to comprehend 

contemporary work of the systems under study. User stories and workshops perform better in 

gathering visions from end users and in-depth discussions respectively [65] . 

Although different researchers justify their approaches as most suitable, it however remains 

apparent that analysts should be aware of the factors they should consider and their effects 

before concluding. Figure 3 .6 illustrates four major factors that primarily affect the RE 

techniques which require the attention of the analysts in their process of selecting the best 

technique to implement. 
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Figure 3.6: Factors Affecting the Selection of RE Techniques [64]. 

In Figure 3.6, the illustrated analytical techniques encompass requirements reuse, 

documentation, repertory grid, laddering and card sorting as discussed earlier, while synthetic 

techniques include but not limited to prototypes, contextual inquiries, scenarios/ storyboards. 
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This technique sometimes combine conversation, observation and analytical approaches 

systematically into a single method known as collaborative where analysts and stakeholders 

cooperate in diverse ways to reach common a understanding. 

In RE, selecting the best technique would mean choosing one that facilitates knowledge 

acquisition and transfer between users and the analysts in a smooth manner. Anwar and 

Razali did a survey on how each of the four major factors illustrated in Figure 3.6 affect the 

RE selection process [ 63]. 

For example, under Technique Features, Table 3.1 shows results from a survey conducted on 

how some software development experts rate the effects of knowledge acquisition and 

transfer, analysts' experiences with a particular technique, ease of use, speed, cost and 

stakeholders' preferences in selecting RE for a particular project. The first two factors were 

found to be the most influential with the highest frequency. 

Technique Categoty Factor 

Conve1 ational: Knowledge Acquisition 
Observational: Analytical: and Tmnsfer 
Synthetic Analysts' Experiences 

Ease of Use 

Speed 
Cot 
Stakeholders ' Preferences 

Frequency 
(No. oflufonnant) 

5/5 (100%) 

515 (100%) 

315 (60%) 

2/5 (40%) 

2/5 (40%) 

1/5 (20%) 

Table 3.1: Selection Factors Based on Technique Feature [63]. 

3.8 Performing RE for Dynamic Systems 

Most RE models focus on specific methodologies or techniques. For example the Robertson' s 

Volere requirements methodology includes a detailed process model of its RE activities with 

inputs, outputs and recommended techniques for each activity [66]. Given the number of 

models of RE that are in place, we found out that each model was equally important at a 

given stage of the elicitation process hence the need to have these models harnessed. Here we 

discuss in brief one model of elicitation that represents a generalization of all known 

elicitation methodologies suitable for dynamic systems known as the Generalized Model. 
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3.8.1 The Generalized Model 

Hickey and Davis described elicitation process as a series of activities that can be represented 

using a mathematical function as in Equation ( 41) [ 66]. 

(41) 

where i is the elicitation process step, ti E T a set of all known elicitation techniques and Si 

and Ri are the current situation and state of knowledge of the requirements that needs to be 

understood respectively. Ri+i and Si+i are the new state of the requirements and situation 

derived from the previous conditions. From equation 41 it follows that for every RE 

methodology say Mi with n steps can be represented using a mathematical function as 

follows; 

(42) 

where R1 and S1 are the initial requirements and situation state respectively while 

tji, ... tin are the steps prescribed by the methodology Mi [66]. Equation 42 brings together all 

the relevant RE techniques in an ordered approach whereby output from one technique serves 

as input into the next technique. This approach is very important in that it exhaust all the 

strength found in different techniques in one process. 

3.8.2 Case Study - A RE Approach for the GenApp. 

The purpose of this case study is to describe a RE approach that we consider for the 

development of the GenApp. In Figure 3. 7 we describe the basic processes in the cycle of the 

approach. 

The starting point of RE cycle was an informal problem description done in step 1 and its 

goal was to collect and structure knowledge about current algorithms and/or methods used for 

dynamic parameterization and their roles in the systems they interact with, which was 

achieved by reading and reviewing related documents published by different authors. 
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Figure 3.7: Requirements Elicitation Cycle 

In the articles we reviewed, such as Moreno et al., discussed a strategy that selects the filter 

parameters such as the (orientation (0), aspect ratio (y) and sigma (a)) semi-automatically 

using the Information Diagrams (ID) strategy while the rest of the parameters 

(wavelength (,1) , phase offset ((f)) , bandwidth (/3)) remained fixed and were specified based 

on empirical data [ 1 O]. 

Step 2 looked at developing scenarios that exposes the current systems' strengths and 

weaknesses aimed at further specification of the problem under review. At this stage the 

Gabor Filter function (GF) was simulated using MatLab and evaluated using different 

scenarios. This was meant to ascertain the challenges faced by FET with parameterization. 

In Figure 3.8 (a) we illustrate an input image that was used during our simulation process and 

Figures 3.8 (b) - (d) represents the results obtained from the simulated GF filter with 

different parameter scenarios. The results obtained from the simulations done shows that 

Figure 3.8 (d) is somehow close to the input image Figure 3.8 (a) after filtering as compared 

to Figures 3.8 (b) and (c). However, the results in Figure 3(d) were obtained after several 

attempts using different parameter value combinations, a hit and miss scenario. 
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Figure 3.8: Results Obtained from the Scenarios on MatLab Simulation of the GF Function. 

Step 3 involves abstraction of the scenarios presented in stage 2. RE techniques discussed in 

sections 3.2 to 3.5 were selected and applied of which a combination of the use-case based 

and case-based requirements analysis techniques (3 .3 and 3.4) produced a better scenario that 

defined the interaction between external actors and subject system in addition to reuse of 

previously acquired knowledge. Combining the efforts of the two techniques resulted in an 

approach regarded as the collaborative approach. 

Step 4 looked at building a prototype that summarizes the problems described and specified 

in the first two stages and a solution part with functional, non-functional requirements, cases 

and scenarios. However, we found out that we still needed to support iteration of the 

requirements from one stage to the other; hence we introduced Equation ( 42), as discussed in 

section 3.8.1 in a way that we could obtain new requirements from the coalition of current 

and previous requirements at each iteration step. 

3.9 Chapter Summary 

The chapter looked at different approaches to RE and factors that should be considered if we 

are to select an appropriate approach for a given problem. A case study was done to describe 

and validate the RE approach for dynamic parameterization which was presented in four 

steps showing the processes involved at each step. The idea was to use this approach in the 

development on the GenApp. 

It was quite important to observe that due care must be exercised when applying RE methods 

given that their suitability depends on the application areas and scenarios presented, hence the 

need to harness them where possible to address specific needs. In this case the Generalized 
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Model worked well m the requirements elicitation process for the development of the 

GenApp. 
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Chapter 4: The GenApp: Novel Adaptive Algorithm 

4.0 Chapter Overview 

In this chapter we proposed an approach named the "GenApp ", derived from Genetic 

Approach, which is our novel adaptive algorithm that implements genetic algorithms (GAs) 

to determine parameter values for FET using the adaptive principles of the biological genes. 

In feature extraction there are many areas of specialization that can be looked into, for 

example some algorithms have been designed to identify specific target objects while others 

focus more generally on say buildings or roads extraction and the extraction techniques for 

these different specializations can vary substantially. 

The background study focused on the algorithm development process and the three basic 

genetic operators that we used to implement the GenApp, which are the selection, crossover 

and mutation. The GenApp flowchart and algorithm were presented as our deliverables from 

the chapter. The authors acknowledge that most of the work in this chapter was published in 

a peer reviewed journal, The International Journal of Soft Computing and Engineering 

(JJSCE) ISSN: 2231-2307, Volume-4, Issue-2, May 2014. 

4.1 Background Study 

Genetic Algorithms are an adaptive heuristic search algorithm found on the evolutionary 

ideas of natural selection. They follow some sequence of processing through a finite number 

of iterative operations implemented using genetic operators. 

4.1.1 The Genetic Operators 

Genetic operators were first proposed by Holland as directed random search techniques 

which can find the global optimal solution in complex multi-dimensional search spaces [67]. 

They are known to employ different genetic operators to manipulate individual solutions in a 

given set of solutions (population) over several iterations (generations) to gradually improve 
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their fitness. This has made them to be successfully applied m many engineering and 

optimization problems. 

There are three basic genetic operators that are used to generate and explore the 

neighbourhood of a population and select a new generation. These are selection, crossover 

and mutation [67] . The operators are applied after an initial population of say, N solutions 

has been generated and each solution S in the currently generated population is evaluated 

using a fitness value obtained using equation ( 43). 

F(s) = 1.5 * SqEmax - SqE(s) (43) 

Where, F(s) is the fitness value of solutions, SqEmax is the maximum square error in the 

current generation and SqE(s) is the current square error (SqE). The SqE is obtained by 

computing the following equation; 

(44) 

Where, S Ffd is the square of the sum of the d th solution, K is the number of clusters that are 

used to group chromosomes, N is the number of patterns represented in vector form and D 

represent the vector dimension. 

At this stage different selection methods such as the stochastic or ranking based selection are 

used to select individual solutions with a high fitness value from the selected population. 

The crossover operator work with pairs of selected individual solutions from the population 

and is defined in different ways. Given, for example a pair of binary coded solutions 111111 

and 000000, the crossover operator could mean swapping only a single bit between the two 

solutions commonly known as one-point crossover (Figure 4.2) or swapping several bits in 

the binary solutions at once (Figure 4.3). 

Figure 4.1 illustrates a general overview of the individual solutions before, during and after 

the implementation of the crossover operator. 
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Figure 4.1: The Crossover Operator Overview 

111111 
000000 crossov er 

101111 
010000 

Figure 4.2 : The Single-bit Crossover 

111111 
000000 crossov er 

111000 
000111 

Figure 4.3: The Multiple-bits Crossover 

From Figures 4.1 , 4.2 and 4.3 we can relate that though it's subjective to the selected initial 

population. The crossover operator can generate large amounts of different possible solutions 

which may not be quite close to the expected optimum solution or might not cover enough 

the entire GA's problem space. As a way to minimize the gap, a mutation operator is 

performed either on the selection or crossover stage. This will see the elements of the binary 

solutions being altered from 15 to 05 or vice-versa. The mutation operator is implemented 

using a probability that is kept very low (i.e. 0.001 %) as high mutation might end up 

destroying fit strings (binary solutions) and degenerate the GA into a random walk. 

Figure 4.4 shows a flowchart of a simple GA. The algorithm iterates until a predefined 

number of generations has been reached. 
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Initial Population 

Evaluation 

Selection 

Yes 

Figure 4.4: Flowchart ofa Simplified Genetic Algorithm [67] 

The distinguished feature of the GenApp is that it initially generates values for the initial 

population from a range specified by Information Datagram (ID) strategy and then uses these 

values with the same weight to find a good solution, while GAs operators such as mutation 

and crossover follows to generate permutations of different weights in order to improve the 

first computed relatively "good" solution. In this case the GF that we discussed in section 

2.5.2 was considered as our control to benchmark our algorithm. 

The characteristics of the GenApp are input, output, definiteness, finiteness and effectiveness. 

In developing our algorithm, we considered different algorithmic techniques commonly used 

such as the Divide and Conquer and Dynamic Programming. 

The phases involved in the algorithm development process are shown in Figure 4.5, which 

are the design, analysis and implementation. The design and analysis are iteratively repeated 

until we achieve a time and space efficient algorithm. 
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Design of an Algorithm 

Analyze an Algorithm 

Implementation 

Figure 4.5: Algorithm Development Process Phases (68) 

Once the first two phases are completed, the process moves towards the implementation of 

the algorithm as the last phase. 

4.2 The GenApp Analysis and Design 

The principal idea of the GenApp is to initially select and maintain a population that cover a 

bigger part of the GA's problem space. The algorithm iterates in such a way that at each 

process step the algorithm evaluates the current set of solutions known as current generation 

and chooses the best of them to serve as the "parents" for the new generation. The iterations 

are realised until either a "good" solution is found or the number of iterations exceeds a 

specified value otherwise no further improvements to the current solution are recorded. 

The following key issues were considered in our analysis and design of the algorithm, that is; 

(i) The size of the initial population, given that a bigger population size ensures sufficient 

diversity in solution selection. 

(ii) How the solutions are represented so that they can be computed using our formulae such as 

fitness value and mean square error, equations 27 and 28 respectively. 

(iii) Which fitness .function to apply when evaluation a given solution. 
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(iv) How to manipulate the representation of the current solution to obtain a newly improved 

solution, the crossover operation. 

(v) The criterion to use for choosing individual solutions that will serve as "fit parents" for the 

next generation, the selection operation. 

(vi) The approach to avoid convergence of a solution to a set of equal solutions, the mutation 

operation. 

Considering the above key issues, we managed to come up with the following processes as 

represented in the flowchart as shown in Figure 4.6. 

Ce! Ill Fitlleffof Ompi~ 
(F(SI) i>lll\ula) 

Figure 4.6: Proposed GenApp Flowchart 169) . 

4.3 The GenApp Implementation 

The proposed Genetic Approach (GenApp) is principled on the GF technique discussed in 

section 2.5.2. It strives to optimise the results obtained by the GF through its adaptive 
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parameter selection scheme inspired by the adaptive principles of the biological genes that we 

modelled using Genetic Algorithms (GA). The GenApp extended the ID strategy and used it 

to determine the initial ranges of the parameter values. The ranges are denoted as extrema, 

that is highest and smallest extrema representing the upper and lower limits respectively. The 

approach helps determine parameter values for the major GF parameters such as 

(a, y, 0, ax, ay) - Using GenApp we propose that parameter 0 for example, be specified using 

as in algorithm 1; 

Algorithm 1: Specifying Parameter 0 

1. Divide the input image into blocks of workable sizes (W x W) and calculate the local gradients 

Gx and Gy at each pixel (x, y) in each block. 

2. Estimate the local orientation of each block using formula 7. 

3. Calculate the 0-ID extrema, Highest Local Maximum HLM(0) and Smallest Local Minimum 

SLM(0) using equations 20-25. 

4. Generate values le = {01 ... 0n}for the initial population such that SLM(0) :s; le :s; HLM(0). 

5. Calculate the average rankARe for each le value as follows, ARe = L(ARin) /n where mis the 

population member, n is the total number of population members and I is the population dataset. 

6. Apply uniform crossover (UX) method with a 0. 5 probability and mixing ratio. 

7. Apply Random Mutation Hill Climbing (RMHC) method with a probability of 0. 01. 

8. Repeat (5) through (7) until you obtain the required threshold fitness value or until you reach the 

number of specified generations. 

Implementing this algorithm would help approximate a value that is likely to give a better 

output image from the FET. The rest of the parameters can have their values computed using 

the same algorithm (algorithm 1) with a few relative variations especially on steps (1), (2) 
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and sometimes (3). For example the deviations ax and ay instead of empirically setting them 

to a value, say ay being set to 4.0 or 3.0 as indicated in other literature. Using the GenApp the 

values of the parameter can be specified using algorithm 2. 

Parameter ax's value is directly related to the chosen period T in GF or T1 and T2 in MGF. 

As discussed in [17] , it is quite important and mostly recommended that we first compute the 

periods given that the larger they are, the wider the expected bandwidth whereas a too wide 

bandwidth can unexpectedly enlarge the noises. Again, a too narrow bandwidth tends to 

suppress some useful signals such as colour intensity of the original image, which is required 

for image processing. 

Algorithm 2: Specifying Parameter ay 

1. Set the value 4. 0 as the initial estimated value of luy then specify a range such that SLM( (jy) :5 

luy :5 HLM((jy). 

2. Apply steps (4) through (8) of algorithm 1. 

The first three stages of the approach (Initial population, Evaluation & Selection) use 

phenotype representation which is the physical appearance of the individual possible 

solution. While the crossover and mutation stages are implemented using genotype 

representation which is the binary representation of the phenotype. The genetic operators at 

each stage of figure 4.4 are implemented as follows; 

4.3.1 Implementation of Genetic Operators 

The purpose of this phase was to customize the generic genetic operators so that they address 

the requirements of the GenApp. This was done by looking at each genetic operator and 

assigning an appropriate algorithm that best fit the implementation of the GenApp as 

discussed in sections 4.3.1.1- 4.3.1.4. 
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4. 3.1.1 The Initial Population 

The initial population was generated from the values specified by the ID strategy for the case 

of r/J, u and y, where we consider the local extrema of each par~eter as illustrated below; 

(i) For each selected parameter say(/), we first compute local extrema, that is, the highest local 

maximum H((/)) and smallest local minimum S((/)) using the ID strategy. 

(ii)Specify the local extrema H((/)) and S((/)) as the upper and lower limits of the initial 

population for the approach. 

(iii)Randomly generate values from within the extrema range [S((/)),H(C/J)] and consider the 

generated values as the initial population for the GenApp. 

(iv) Using the fitness formula (43), calculate the fitness value of each member as part of the 

evaluation process of the initial population. 

(v) Using a selection method described in 4.3.1.2, select the highly fit members from the current 

population that will constitute the next population. 

Once the above is achieved, we are guaranteed of an initial population with most of its 

members having favourable SqE and F(s) values. 

4. 3.1. 2 Selection 

At the selection stage, the GenApp used the Average Ranks (AR) ranking method to select 

possible solutions in the current population that will be passed to the next population. Since 

the approach used the minimum SqE technique, we therefore expected members with a 

small SqE value to have a higher possibility of surviving selection in the current generation 

[70]. 

Based on equation 45 the AR generated values that were assigned to the current population 

members and this helped us to properly select the best fit solution, we ordered the members 
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according to the measured average rank AR j assigned to each member and the following 

steps illustrate the operation of the AR ranking method; 

(i) Let ARi be the average rank for each member in a generation, calculate the ARi as: 

ARi = (LAR})/n (45) 

Where i is the dataset, j is the population member, AR is the rank and n is the population in a 

generation. 

(ii) Arrange the average ranks (ARj) for the members in the current population in ascending 

order. 

(iii) Assign ranks starting with the least ARi value, such that the best fit member is the one with 

the least ARi value and assign its rank as 1, the second gets rank 2, and so forth. 

After this stage there was a high probability that the members with the best rankings are 

closer to the parameter value we were searching and the major function of the remaining 

genetic operators ( crossover and mutation) was to optimize the final solution. 

4.3.1.3 Crossover Operator 

The crossover operator mimicked propagation and here we implemented it by crossing pairs 

of chromosomes to generate new offspring using the uniform crossover (UX) with a mixing 

ratio of 0.5. In our approach, the mixing ratio was arrived at based on empirical experiments 

and analogy that in a large search space, a GA that uses UX outperforms a GA that use one­

point or two-point crossover [71]. 

Figure 4.7 confirms the efficiency of the UX over the one-point and two-point crossover as 

stated earlier, though the experiments carried out indicate that the UX outperforms all other 

crossover operators mostly in a larger population size. 
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Figure 4.7: Performance Test of Crossover Operators With a population size JOO Using GenNet [71 ]. 

By using a mixing ratio of 0.5, it follows that the generated offspring has approximately 50 

percent of its genes from the first parent and the other 50 percent from the second parent, 

even though the crossover points are randomly chosen as shown in Figures 4.8 (a) and (b). 

Parent 1 

Parent 2 

Offspring 1 

Offspring 2 

0 0 0 0 0 0 0 0 

(a) 

Figure 4.8: Uniform Crossover with a Probability Ratio Of0.5, (a) parent chromosomes, (b) offspring after 
mating with 50% genes from each parent (69]. 

In our approach we expected the crossover operator to contribute 50 percent of the population 

for the next generation, while mutation and the "elite" chromosomes (parents with best 

fitness value in current generation) to contribute 20 and 30 percent respectively. 
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4.3.1.4 Mutation 

Unlike the crossover, the mutation operator mimics the random changes in nature of the 

chromosomes within a generation. Since our initial population was derived from a controlled 

search space, we only consider it for local optimization that is, refining the already generated 

solution. 

As a result, we considered the Random Mutation Hill Climbing (RMHC) to randomly select a 

neighbor for a candidate solution and mutate only if it improves the current results, otherwise 

the operator remains unexecuted. Using the RMHC the complete set of features was 

represented by a binary string of length N, where a bit in the string is set to "1" if it is to be 

kept and set to "O" if it is to be discarded [ 72]. The following steps summarises the RMHC 

method. 

(i) Initialize a binary string S, of length N, where M features are marked as used, '1 ' and the 

remaining N-M are 'O' 

(ii)Convert the binary string S to phenotype S1 and test its fitness F(S1
) using a fitness function 

(8). 

(iii) Randomly mutate M bits in the binary string S. 

(iv) Return to step (ii) and continue until either the fitness goal is reached or the maximum 

number of iterations is reached. 

4.3.2 The GenApp Algorithm 

Combining the stages discussed in section 4.3.1.1 through to section 4.3 .1.4, resulted in our 

algorithm as listed below. 

Algorithm 3: The GenApp 

1. Initialize 0: 
2. Compute Extrema (H, SJ using ID Strategy (equations 22 -27); 
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3. 

4. 

5. 

6. 

7. 

8. 

9. 

JO. 

11. 

12. 

13. 

14. 

15. 

16. 

17. 

18. 

19. 

20. 

21. 

Generate (P J, where (S ~ Pc ~ H); 

Compute Fitness (F(s) equation 43) 

Evaluate (P J; II AR ranking method 

Res=BestOf (P J; 

Repeat_Loopl until Stop (Criterion) 

Pn = O; 

Repeat_ Loop2 (P Jl2 times II UX ratio of 0. 5 

Select P1 E Pc, P2 E Pc; 

Crossover ( P1, P2 , C1 , Cz); 

Pn = Pn U {C1 , C2}; 

End Repeat_Loop2; 

'<Ip E Pn, Compute Fitness (F(s)); 

Pc= BestOf (PJ U BestOf (PnJ ; 

Evaluate (P J; 

'<Ip E Pc, Possible Mutate (p) IIRMHC method with a probability of 0.01 

Evaluate(PJ 

Res= BestOf(.Pc U {Res}); 

End Repeat_Loopl 

Output (Res); 

In the above algorithm ( steps 1-21) the genetic representation of each individual is 

formulated by Initialize O and the current population Pc is constructed from randomly 

generated individuals by Generate (Pc) - Compute Fitness (F(s)) uses the SqE technique to 

calculate the fitness of each individual member P, Evaluate (Pc) assign fitness ranks to the 

individuals, and BestOf (P) finds the individual with the highest fitness value. 

Repeat_Loopl simulates generation cycles while Criterion terminates the simulation either 

through set number of generations or when optimized solution is reached and Repeat_ Loop2 

simulates the UX operation. In each generation, a set of offspring Pn of size P, was yielded 

by the crossover operation Crossover (P1, P2, C1, C2) where P1 and P2 are the mating parents 

yielding two offspring C 1 and C2 which are added into the current population Pc. Mutate (P) 
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uses a 0.01 probability to randomly change the genotype of each individual in Pc while 

Output (Res) gave the final result from the algorithm. 

4.4 Chapter Summary 

The chapter looked at developing the novel adaptive algorithm named the GenApp. The 

development process followed the contemporary algorithm development phases as outlined in 

Figure 4.5 . The fascinating features of the algorithm were the inclusion of the information 

datagram concept and the fusion of the genetic operators into algorithm. The two features 

were meant to screen the initial population to serve the algorithm from going through several 

iteration steps, select and optimize the parameter values respectively. 

We deliberately kept the mutation percentage at 0.01 % to avoid huge diversions from the 

solution thereby reducing processing time per generation and uniform crossover was 

preferred to avoid bias towards one solution set during mating. Later in the chapter we 

delivered the GenApp flowchart and algorithm. 
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Chapter 5: Simulation and Performance Evaluation of the GenApp 

5.0 Chapter Overview 

This chapter aimed at evaluating the performance of the GenApp algorithm, in terms of 

efficiency and make recommendations on its use. This was done by looking at similar 

algorithms as discussed by different authors in view of qualifying our own. In this regard, the 

GF, MGF approaches introduced by Yiang et al in [17] , the PCA, LDA, ICA that were 

discussed by Jeyabharathi et al. in [73] were considered as our performance control. 

The "Big Oh notation ", an algorithm evaluation technique and fitness value tests were 

performed on the GenApp and the results were analyzed as part of the evaluation process. 

The results obtained from our experiments reflected a low complexity on the execution 

algorithm, reduced number of generations in finding an optimum parameter value and a 

relatively constant fitness value, which to some extent gives us confidence in the algorithm's 

potential to improve results obtained from FET. 

Simulations on the performance of the GenApp were done using genAID, a simulation tool 

that uses macros in standard Microsoft Excel, coded in Visual Basic language. We 

incorporated Microsoft excel worksheets to capture data for our simulations and the data we 

worked with was presented in both genotype and phenotype formats. 

5.1 Background Study 

The background study reviewed some of the related work on analysis and performance 

evaluation of the aforementioned FET. The review was based on experiments performed by 

different authors as discussed in their publications. 
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5.1.1 The TGF and MGF 

The TGF and MGF as discussed in [19] were analyzed using some fingerprint image 

extracted from an image database captured using an optical live-scanned equipment. The tests 

made a comparative analysis on the robustness and efficiency of the two algorithms. 

The experimental results reviewed, showed a great improvement on the quality of the output 

image for the MGF and the Open-Close Sequence (OCS). This could be attributed to an 

improved parameter selection strategy for both the MGF and the OCS. 

5.1.1.1 Testing For Robustness 

Figure 5.l (a) shows an original fingerprint image taken from the database, while 5.l(b) and 

5.l(c) are the results obtained using the TGF with the values ax = 2.0 and ax = 2.5 

respectively. These Figures represent the best parameter values obtained using the TGF 

approach. Parameter ay was empirically assigned a fixed value of 4.0 throughout the 

experiments on both approaches. 

(a) (b) (C) (d ) 

Figure 5.1 : Enhancement Results Corresponding To The Fingerprint Image (a) [19). 

Figure 5.l(d) shows the resulting fingerprint image obtained using the MGF. Looking at the 

fingerprint images, it is evident that the Mahalanobis distance between 4l(a) and 5.l(d) is 

almost insignificant as compared to 5 .1 ( a) and 5 .1 (b) or 5 .1 ( c) 

5.1.1.2 Testing For Efficiency 

A Pentium 4 machine with a 1.3 GHz processor speed and 128 Mb of RAM was used to test 

the processing time (in seconds) for both algorithms. Different image resolutions were 
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selected for each test run with a fixed ay value of 4.0 as previously stated and a convolution 

of 11 for the TGF as shown in Table 5.1. 

Although the results in Table 5.1 show a slightly higher average computational cost for the 

MGF in each test run ( circled), this can be attributed to a larger MGF convolution mask 

of (; + :1 +;) as compared to the TGF of (2N + 1). Using a larger mask size gives an 

added advantage in that errors emanating from the effects of noise are reduced by local 

averaging within the neighbourhood of the mask. 

(J 

Table 5.1: Comparison of time cost (in seconds) between the TGF and MGF [/9) 

Secondly, the performance of MM based algorithms as discussed in [74] is analyzed using a 

well-known corrupted image called Lena. The tests were carried out by making a 

comparative analysis of the probabilities of the pixels that were correctly detected against 

those wrongly detected by the algorithm. 

5.1.2 The Mathematical Morphology 

A novel filter Open-Close Sequence (OCS), presented by Ze-Feng et al. in [<'4] that is based 

on mathematical morphology for high probability impulse noise removal was tested using 

simulation experiments to demonstrate its performance. Comparisons were made with other 

similar filter techniques using a well-known "Lena " image that was corrupted by salt and 

pepper noise with equal possibilities. 
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5.1.2. 1 Testing For Efficiency 

The efficiency (y) of the detectors that implement the algorithms is calculated using the 

following formula; 

y = (1 - a) X (1 - {]) (46) 

Where a is the probability of corrupted pixels that were missed and f3 being the probability of 

pixels that were falsely detected. From equation 46, it's worth noting that efficiency in this 

case is the product of the probabilities of corrupted pixels that were detected with the pixels 

that were correctly detected using the algorithms. 

/ ~ 
size of b 3X3 3X3 3X3 5X5 5X5 5X5 l 1x1 7X7 

T 0 100 200 0 100 200 0 100 
f a 0.0000 0.102-0 0.3820 0.0000 0.0031 0.0152 0.0000 0.0000 

R p 01143 0.1476 0.0163 0.0044 0.0037 0.0004 0.0001 0.0001 
D r 0.7257 0.7655 0.6079 0.9956 0.9932 0.9844 \ 0.9999 0.9999 

~ 

Table 5.2: Effects of the size of the SE on output image [74) 

Table 6 shows the effects on the size of a chosen structuring element b to the overall quality 

of the image being extracted. For example, the table shows efficiency values of 0.9999 and 

0.6079 corresponding to the 7x7 and 3x3 SE respectively. Meaning to say best values were 

obtained from the 7x7 SE. 

In this case we can ascertain that the larger the SE the better output image produced as the 

probability value of 0.9999 is evident enough that the extracted image is very close to the 

original image which has a probability value of 1. 

5.1.2.2 Testing For Robustness 

Further experiments were reviewed which tested the robustness of the MM algorithm, the 

OCS algorithm with other algorithms that are used in nonlinear filtering techniques such as 

82 



the Pixel-Wise Morphological Anomaly Detector (PWMAD), Network Adaptive Switching 

Median (NASM) and the Standard 5x5 Median. 

From Figure 5.2 it can be seen that the OCS performed robustly across all the noise ranges 

from 10% to 80%. The rest of the algorithms fell abruptly as the noise ratio went above 40%. 

This is evident that the rest of the algorithms reviewed are able to produce meaningful results 

only on slightly corrupted images. 

Noise Ratio 

Figure 5.2: PSNR values for different filter algorithms operating on the image "Lena" [74] . 

5.1.3 The Principal Component Analysis 

Jeyabharathi et al. in [28], analyzed the performance of PCA, Linear discriminant analysis 

(LDA) and Independent Component Analysis(ICA) using the Recognition Rate (RR) and F­

Score (FS) as performance metrics. In their experiments they showed the performance results 

of the three FET in recognizing features that were provided and their ability to combine with 

other algorithms such as the Support Vector Machines (SVM) and Nearest Neighbour (NN). 

Table 5.3 shows the test scores obtained from the experiments while Figures 5.3 and 5.4 

show the overall performance of the three FET using the RR and FS respectively. 
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'I thod 

Metric Recognition Rate 

lmag 

Table 5.3: Performance Analysis Based on RR and FS Metrics (28) 

PCA lDA ICA 

Figure 5.3 : Performance Analysis Based on RR [28] 

The RR presented in Figure 5.3 measures the ability of the FET to recognize the correct and 

false features of a given image. It is measured using Equation ( 4 7); 

R 
•t· R Number of recognized images ecogm wn ate= . 

Number of testmg images 
(47) 

While FS measure illustrated in Figure 5.3, is a measure of the test's accuracy by considering 

the precision p and recall r of the test. It is measured using Equation (48); 
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F - Score= 2 x (pxr) p+r (48) 

Where p is the number of correct positive results divided by the number of all positive results 

obtained in a test and r is the number of correct positive results divided by the total number 

of expected positive results. 

Ii 

0.45 

0. 

§ 0.2S 
:2 

PCA 0A 
~ tur Ext.r tioo Algo thru 

Figure 5.4: Performance Analysis Based on FS [28) 

From the results presented in Figures 5.3 and 5.4, it can be noticed that the PCA managed to 

provide more accurate results as compared to other two techniques. 

5.1.4 The Scale Invariable Feature Transform 

Khan et al. in [75] discussed the performance of SIFT and Speeded Up Robust Features 

(SURF) against various deformations benchmark dataset. A naive algorithm was used to 

measure their performance on an image matching mask that was selected from a set of 

datasets. They performed various experiments to evaluate the matching performance of all 

proposed descriptors on image transformations (rotation, illumination, and noise invariance), 

blurring (scale and viewpoint) and general matching on execution time. Figure 5.5 and Table 

5.4 illustrates the performance of different SIFT method variations with SURF on images of 
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different viewpoints and average matching times required to match one query image 

respectively. 
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90 
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Figure 5.5: SIFT vs. SURF Performance [75] 

Algorithm 128D 96D 64D 32D SURF 
SIFT SIFT SIFT SIFT 

Time 59 33 18 11 80 
(seconds) 

Table 5.4 : Average Matching Time [75] 

In [76] , Suaib et al. did a performance evaluation of the SIFT and SURF feature detectors and 

feature matching using a sample of the Amsterdam Hague dataset with a resolution of 

640 x 480 pixels running at 30 Hz. Figure 5.6 shows the results from their experiments on a 

comparative performance evaluation of the SIFT and SURF techniques with regards to rate of 

matched points. 
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Figure 5.6: Comparison of SIFT and SURF Performance [76] 

Basing on the results of the experiments from both publications [75] and [76], it can be 

inferred that the SIFT technique performed better on feature points matching and average 

time (in seconds) required to match a query as compared to the SURF. 

5.1.5 The Hough Transform 

Ramsoful et al. in [39] carried out some experiments aimed at evaluating the performance of 

a certain biometric security system that used the generalized Hough Transform technique. 

One important thing to note is that the Hough Transform that was used in the biometric 

security system applied the Mahalanobis distance to calculate its parameter values. 

In order to test the performance of the biometric security system, 500 images obtained from 

100 individuals were used and each individual had 5 instances which were taken at different 

intervals. The evaluation looked at the technique' s response in the following performance 

measures. 

1. False Acceptance Rate (FAR) which is the probability that an unauthorized person 

gets access to the system. 

2. False Rejection Rate (FRR) which is the probability that an unauthorized person is 

rejected. 

87 



3. Equal Error Rate (EER) which is the point where the FAR is equal to FRR. 

Table 5.5 shows the FAR and FRR for 10, 20, 30, 40, 50,100,200 and 400 images tested 

respectively. 

FR % FRR % 
lma 0 

JO 0. 00 0. 000 
20 0.1000 0.0500 
0 0.0 7 0.06 7 

40 0.07 0 0.02 0 
50 0.0200 0.0200 
100 0.0100 0.0100 
200 0.0000 0.00 0 
400 0.0000 0.002 

Table 5.5 : Performance Measures for Hough Transform [39] 

To show the EER which was defined as the points where the FAR and the FRR have equal 

values. Figure 5.7 presents a graph, the Receiver Operating Curve that plots the FAR and 

FRR points thereby showing the points where the two measures have the same values (EER). 
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Figure 5.7: ROC Curve for Hough Transform 139) 
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5.2 Performance Evaluation Metrics 

In this section, we introduce two widely used performance metrics for evaluating algorithms, 

the Fitness Value (FV) and the Efficiency Measure (EM) method implemented using the Big­

Oh notation method. 

5.2.1 Fitness Value Method 

The fitness value method was applied using experiments that implement the GA. Firstly; we 

represented each design solution in genotype then transformed it into a chromosome (a string 

of binary numbers) and perform required computations by way of simulation runs. The idea 

behind these simulations was to discard the nth worst design solution(s), known as weak/ unfit 

solutions then breed 'n' new solutions from the best design solutions known as good/ fit 

solutions in each generation. 

To accomplish that, we adopted a mechanism to award a figure of merit to each design 

solution as an indication of how close the solution is to the expected specification ( optimum 

solution value). Equations 43 and 44 helped us to generate the fitness value that we used to 

qualify every solution generated in each simulation cycle (generation). 

5.2.2 Efficiency Measure 

EM requires that we look at two important aspects of the algorithm, which are complexity and 

performance. Looking at the two, we found that with performance, we are mainly concerned 

about how much time, memory or disk space is in use when we run an algorithm. 

This translates to the type of instructions used in the algorithm, the data structures used to 

build the algorithm and their effects on runtime ( execution duration) and space (memory 

used). From the discussion above, performance requires that we execute the algorithm on the 

computer and noting down the time and space values obtained, however from our reviews we 

found that efficiencies of different algorithms cannot be compared by running the algorithms 

on computers, as run-time is system and language dependent [77]. With this in mind, we saw 
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it logical to estimate the performance of the algorithms (GenApp, GF & MGF) by analysing 

the complexity of each algorithm, as the complexity of the algorithm has a direct effect on its 

performance. Hence, its follows that an algorithm with fewer complexities performs better. 

5.2.2.1 The Big Oh Notation 

In order to test the complexity of the algorithms we used the asymptotic analysis technique 

known as the "Big Oh " Notation, denoted by "O(n)". The rational being that the technique 

enables us to analyse the scaling of the resource requirements of the algorithms as the input 

data grows. We can achieve this by approximating a cost function that allows us to predict 

growth rate and express the general behaviour of the algorithm as the input data size grows 

larger respectively. 

Computing the worst and best cases of the algorithms helps us to qualify them given that the 

worst case guarantees that the performance of the algorithm will be at least as good as the 

analysis indicates while the best case gives the best statistical estimate of the actual 

performance. In our review, we are mostly interested in the worst-case scenario which gives 

us the maximum number of operations that might be performed for a given problem size 

which helps us to evaluate the efficiency of the algorithms with respect to time and space. 

Figure 5.8 shows some typical growth rate functions that we used to approximate growth 

rates of the algorithms that are as follows; 

- 0 ( n) - Linear execution 

- 0(n2
) - Quadratic execution 

- O(nk) - Polynomial execution 

- 0(2n) - Exponential execution 

- O(nlogn) - Logarithmic execution 
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Figure 5.8: The Big Oh notation growth rate functions graph (771 . 

5.3 Analysis and Evaluation of Algorithms. 

In this section, we present the evaluations and results obtained from the two performance 

metrics discussed in sections 5.2.1 and 5.2.2 that is, the EM and the FV aimed at testing the 

performance of the algorithms. Bashir et al, in [78] identified a good algorithm as one that 

has fast response time as the algorithm's response time translates to the performance of the 

system that the algorithm is applied. 

5.3.1 Efficiency Test 

The efficiency measures of the GenApp, GF and MGF were evaluated by initially identifying 

the critical sections of the algorithm and analysing their behaviour separately using the Big 0 

notation (analysis 1-7), followed by classification of critical regions based on their Growth 

Rate Functions (GRF) as illustrated in Figure 5.8. In our evaluations, we considered n and rn 

as the current population and the total number of generations respectively. 
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5.3.1.1 Efficiency Test/or GenApp 

Analysis 1: 

1. Initialize (); 

here n is the ulation size ➔ Linear Executio 

2. Compute Extrema (H, S) ID Strategy (equations 22-27); 

3. Generate (Pc), where (S::; Pc ::; H); 

4. Compute Fitness (F(s) (equation 43) 

ulation size ➔ Linear Executio 

5. Evaluate (Pc); // AR ranking method 

6. If found Best Value, Output(Res), Stop 

7. Else 

8. Res =BestOf(Pc); 

The algorithm steps in analysis 1 that is steps 2-4 requires that the algorithm loop through all 

the elements of the initial population Pc in a sequential manner to determine the highest and 

smallest values that will act as extrema. As a result, we can classify those steps as Linear 

Execution O ( n ), while steps 5-8 loop through the Pc ( current population) with some 

condition to select the best elements from the current population that will form part of the 

next generation 

Analysis 2: 

9. Repeat_Loopl until Stop (Criterion) 

10. Pn=O; 

11. Repeat_ Loop2 (P c)/2 times // UX ratio of 0. 5 

12. Select P1 E Pc, P2 E Pc; 

13. Crossover ( Pi, P2 , Ci, C2 ) ; 

14. Pn = Pn u {Ci, C2}; 
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15. End Repeat_Loop2; 

16. 'tip E Pn, Compute Fitness (F(s)); 

17. Pc= BestOf (Pc) u BestOf (Pn) ; 

18. Evaluate (Pc) ; 

19. 'tip E Pc, Possible Mutate (p) IIRMHC method with a probability of0.01 

20. Evaluate(Pc) 

21. Res= BestOf(Pc U {Res}); 

22. End Repeat_Loopl 

23. Output (Res); 

Analysis 3: 

10. Pn = 0; 

n Where n is the o ulation size ➔ Lo arithmic Executio 

11. Repeat_ Loop2 (P c)/2 times // UX ratio of 0. 5 

12. Select P1 E Pc, P2 E Pc; 

13. Crossover ( P1 , P2 , C1 , C2 ) ; 

14. Pn = Pn u {Ci, C2} ; 

15. End Repeat_Loop2; 

Analysis 2 has steps 10-22 iterated n times while steps 12-14 iterated m times. This means 

that the critical section in analysis 2 is looped ( n x ;) times, of which when m = Zn, it 

converges to n 2
, hence classified as Quadratic Execution O(n2

). Again, step 21 performs 

some evaluations that will require the algorithm to branch depending on the outcome; hence, 

we approximate it to Linear Execution O(n). In analysis 3, we see iterations on steps 12-14, 

; times, of which we can safely approximate it to a Binary or Logarithm 

execution O(n log2 n). 

5.3.1.2 Efficiency Testfor GF 



Analysis 4: 

1. At each given point (x, y); compute the 0-1 D values for the set 

follows; 

2. For each set compute the parameters of the highest local maximum and smallest local 

minimum as follows; 

3. o ulation size ➔ Linear Executio 

HLM· (cr!'l'lax y!'l'lax) = argmax 0-JDT 
• 1 , 1 a,y x,y 

SLM· (cr!'l'lin y!'l'lin) = argmin 0-JDT 
• 1 , 1 a,y x,y 

4. Then the set of chosen GF parameter will be: 

5. 

pmin = {(cr!'l'lin y!'l'lin 0-) (crmin ymin 0 )} 0 1 , 1 , 1 , ·· ·, n , n , n 

pmax = {(cr!'l'lax y!'l'lax 0-) (crmax ymax 0 )} 0 1 , 1 , 1 , ···, n , n , n 

Analysis 5: 

6. Represent the feature vector as; 

:nZ: where n is the o ulation size ➔ uadratic Executio 

_ ( 1 i m )T 
Y(x,y) - v(x,y)> ... I V cx,y )> ... I V (x,y ) 

In analysis 4, steps 1, 3 and 5 execute sequentially looping across all the elements in the 

population, hence we classified it as Linear Execution O(n). Analysis 5 step 7, the critical 

section is looped (m xi) times of which when i = m and m = n it converges to n 2 
, hence 

classified as Quadratic Execution O(n2
) . 

94 



Analysis 5: 

6. Represent the feature vector as; 

n2 where n is the o ulation size ➔ uadratic Executio 

_ ( 1 i m )T 
Y(x,y) - V(x,y)• ... , V(x,y)• ... , V(x,y) 

Analysis 5 step 6, the critical section is looped (m x i) times of which when i = m and 

m =nit converges to n 2 
, hence classified as Quadratic Execution O(n2 ) . 

5.3.1.3 Efficiency Test for MGF 

Analysis 6: 

n Where n is the o ulation size ➔ Linear Executio 

1. Divide the input fingerprint image into blocks of size W x W 

ulation size ➔ uadratic Executio 

2. Compute the gradients Gx and Cy at each pixel (x, y) in each block. 

Analysis 7: 

n3 Where n is the o ulation size ➔ Pol nomial Executio 

3. Estimate the local orientation of each block using the following formula: 

0 (
. ') _ ~ -1 Lu=i-w/z L..v=j-w/z 2Gx(u,v)Gy(u,v) 

( 

i+w/2 d+w/2 ) 

1,) - tan i+w/2 J+w/2 ( z z ) 2 Lu=i-w/zLv=j-w/z Gx (u,v)-Gy(u,v) 

In analysis 6, Step 1, loops through the size of the population creating blocks of similar 

size (W x W) in a sequential manner. As a result, we classified it as Linear Execution O(n) . 

While step 2 is a bit different from step 1 in the sense that each time we compute gradient we 

first determine the values of x then y, hence the critical section loops (p x q) times where p 
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and q are the number of x and y elements in the population. In situations where q = p, the 

critical section converges to p 2
, hence classified as Quadratic Execution O(n2). 

In Analysis 7, the critical region executes the same way as in analysis 6 step 2 but in addition 

to that, it has some procedure calls Gx ( u, v) Gy ( u, v) embedded. As a result, the critical region 

has a complexity of O ( n 2) and O ( n) executed concurrently, of which when combined, they 

converge to O(n3) polynomial. 
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5.3.2 Algorithm Comparison 

In order to compare the efficiency of the algorithms discussed, we looked at the results 

obtained from the evaluations on the complexities of the algorithms (analysis 1- 7). To 

achieve that, we assigned weights to each growth rate function based on figure 5.8, that is, as 

a percentage of the growth level. Selecting an arbitrary generation value (n) defined for all 

growth rate functions followed, of which in our case we considered n = 100 (100 

generations). 

Using the Big Oh, an algorithm that is O(n3
) is said to be "harder" to compute than one that 

is O(n2
) because the former will require, in general, more operations to complete than the 

latter, regardless of the speed at which these operations are performed [79]. 

Table 5.6 presents a combination of weighted growth rate functions as illustrated in analysis 

1-7. Considering for example, the GenApp has three instances of Linear Execution O ( n) 

evaluated to a weighted value of 0.6, one instance of Quadratic Execution O(n2
) that 

evaluates to a weighted value 0.4 and another instance of Logarithm execution O(n log2 n) 

that evaluates to a weighted value 0.23. Since these instances happen in a sequential manner 

as the algorithm executes, we summed the weighted values to get a total complexity value of 

1.23 as shown in table 5.6. 

Algorithm comparison based on complexity 

GR Functions O(n) O(n:) O(n') 0 (/09: n) 0 ( log; n ~ Total 

Weights 0.2 0.4 0.6 0.04 0.23 

Algorithms 

3 1 0 0 1 

GenApp 0.6 0.4 0 0 0.23 1.23 

3 0 0 0 0 

GF 0.6 0 0 0 0 0.6 

1 1 1 0 0 

MGF 0.2 0.4 0.6 0 0 1.2 

Table 5.6: Algorithm Complexity Results Based on Growth Rate Functions Weights. 
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5.3.2.1 Worst Case Analysis 

Apart from finding the complexity of the algorithms, we felt it was equally important to 

check the relation of the number of operations to the problem size. This check helped us to 

determine when the algorithms will perform worst for any given input values. 

The worst-case analysis gives an estimated upper bound on the resources required by the 

algorithm, which is the longest running time by an algorithm, given a variable input data of 

size n. Considering the GenApp algorithm, its worst-case scenario could be finding extrema 

values (HLM & SLM) if the initial population elements aren' t grouped in some particular 

order. In this case, the algorithm has to first order the elements into some particular order 

(ascending/ descending) by applying a sort algorithm, say bubble sort, which requires the 

algorithm to iterate through all the elements in the initial population. Therefore, in such a 

case the time needed for finding extrema values is proportional to the number of elements in 

the initial population O(n). 

The GF and the MGF share similar worst-case scenar10s but they both suffer a maJor 

drawback in that they do not screen the initial population, meaning to say if the initial 

population is mainly composed of weak elements, the algorithms start from a very weak 

position hence will have to iterate through several generations in order to improve their 

results. From analysis 4, 5 & 3, 7 in sections 5.1.2 and 5.1.3, we classified the GF and the 

MGF with growth rate functions O(n) , O(n2
) and O(n) , O(n2

), O(n3) respectively. The 

algorithms show that these functions are iterated in each generation cycle throughout all the 

predefined generations. An increase in input size of the algorithms result in a more rapid 

growth in resources (time and space) making them less efficient as indicated in figure 5.8. 

5.3.3 Experiments and Results 

In this part our experiments to test the performance of the GenApp were performed in form of 

simulation runs using genAID with the standard Microsoft Excel sheets being the source and 

repository of the simulation runs. 
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5.3.3.1 Fitness Value Test 

In order to measure the fitness of the candidate parameter values that were selected by FET 

on each generation, we performed three tests. These tests were aimed at evaluating how the 

GenApp eventually obtain an optimum parameter value by applying a genetic evolution 

model. In this case, we only managed to perform fitness value tests on the GenApp owing to 

the heterogeneity nature of some of the previously discussed techniques namely the MGF and 

the GF. However, this had little impact on our study given that our focus was mainly on 

checking the rate at which the GenApp optimised its input values. 

The data we used for our experiments was simulated data that we got arbitrarily from using a 

random number generator (RNG). In order to control the output from our generator, we had 

to apply algorithm 4 adopted from [80] in such a way that the values generated follow a 

certain criterion that represented the initial candidate values as applied to the FET parameters 

in real situation. Our generator produced candidate values in phenotype that is floating point 

numbers (5 decimal points) which we in turn converted to genotype as chromosomes 

commonly known as binary digits of 16 bits length. 

This conversion (floating point to binary integers) enabled us to apply basic genetic 

operators, which are selection, crossover, and mutation that we used to compute the 

chromosomes over several generations in our simulations as way to gradually improve their 

fitness values [81]. The fitness value of each candidate chromosome was calculated relative 

to its adjacent candidates using equation 43 in such a way that the chromosomes had an 

opportunity to compete against each other for survival. 

Algorithm 4: Controlling the RNG Output 

1. Input seed 

2. Q = {seed} 

3. While Q. NextElement * {} 
(a) For each x value in Q. NextElement, if P(x, Q) = true, then add x to Q 

(b) End While 

4. Return Q 
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In algorithm 4, Q represent the simulated initial point on the Ro! in real situation, while x is 

any point on the Ro! and seed being an arbitrary integer value used to initialize the RNG. 

5.3.3.2 Simulation Plan 

Testing the performance of the GenApp required us to draw a plan on the parameters and 

their corresponding values to be used on the simulator. Five simulation runs were performed 

with each simulation having its own carefully selected set of parameters and their 

corresponding values. This was meant to test how the new approach reacts in different 

scenarios provided thereby making recommendations on the scenarios the approach gives 

better results. Table 5.7 summarises the implemented test plan. 

Simulations 4 and 5 had similar parameter values except for the crossover probability. The 

idea was to check how the GenApp reacts to producing offspring for the next generation 

using different weights on the mating parents during crossover operation. Figures 5.9 and 

5.10 illustrate sample data represented in phenotype and genotype respectively that we 

generated for use in our simulations. The headings A to E on Figure 5.9 represent the data 

obtained from the random generator that was used as initial population for the simulations 

runs 1 to 5. 

genAID Parameters Simulations 
1 2 3 4 5 

Population Size 20 80 185 305 305 
No. of Generations 12 so 120 200 200 
Crossover Probability 0.5 0.5 0.5 0.5 0.25 
Mutation Probability 0.01 0.01 0.01 0.01 0.01 

Table 5.7: genAID Simulation Parameters and their Corresponding Values 
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A B C D E 

7.2 2.761 5.214 5.499 4.487 
2 6.675 3.195 4.526 5.382 3.99 
3 7.849 2.233 5.772 5.754 3.919 
4 6.643 3.032 4.946 5.381 4.167 
s 7.058 2.627 5.176 5.708 4.467 
s 7 .092 3.08 5.111 5.354 3. 754 
1 6.396 3.76 4.148 5.997 3.868 
8 7.763 2.702 5.324 3.921 4.048 
9 5.186 4.05 3. 797 4.872 3. 793 
10 5.759 3.723 3.998 5.211 4.478 
11 3.715 5.228 2.723 5.316 3.002 
12 8.014 2.086 5.798 5.74 3.867 
13 4.982 4.62 3.551 3.486 3.009 
14 2.343 6.079 1.932 5.905 1.855 
15 4.434 4.338 3.279 4.999 4.196 
16 5.72 3.425 4.221 4.494 4.796 
17 8.127 2.251 5.724 5.047 4.414 

Figure 5.9: A Sample of the Simulated Random Number Generator Output in Floating Point Representation 
(Phenotype) 

iml., . .. 
Homt lnst rt Paot Layout FormulH Oat, RtYIM v,ow Tum 

Zl • I .r.,1 
A B C D E F G H J J K L M N 0 p Q 

~ r 1 1 1 1 0 0 0 0 1 0 1 0 0 0 0 0 
2 0 0 0 1 0 0 1 0 1 0 1 1 0 0 1 1 
3 1 1 1 1 0 1 0 0 0 0 1 1 0 0 1 0 
4 0 1 1 0 0 1 0 0 0 1 1 1 0 0 1 1 
5 1 1 1 1 0 0 0 1 0 1 1 1 1 0 1 0 
6 0 1 1 0 0 0 1 0 0 1 1 1 1 1 1 1 
7 0 0 0 1 0 0 0 0 0 1 1 1 0 0 1 1 
8 0 1 1 1 0 1 0 0 1 0 1 1 0 0 1 0 
9 0 1 0 0 0 0 0 0 1 1 1 1 0 0 1 1 
10 1 1 0 0 0 0 0 0 0 0 1 1 1 1 1 1 
11 0 1 0 0 0 1 0 0 1 1 0 1 0 1 1 1 
12 1 1 1 1 0 0 1 0 0 0 1 1 0 0 1 0 
13 0 1 0 0 0 0 0 0 1 1 1 0 0 0 0 0 
14 0 0 0 0 1 0 0 0 1 1 0 0 0 1 1 0 
15 0 0 0 0 0 1 0 0 1 1 1 1 0 1 1 1 
16 0 0 0 0 0 0 0 0 1 1 1 1 1 0 1 0 
17 0 0 0 0 0 0 0 0 0 0 1 1 0 0 1 0 
18 0 1 1 1 0 1 0 0 0 1 1 1 1 1 1 1 
19 0 1 0 1 0 1 0 0 1 1 1 1 0 0 1 0 

I◄◄► ) I PhenoT\toe f GenoTvno A° Functtons Ftness vaues Ftness Valle Gr.toh ~ 
Rtady 

Figure 5.10: A Sample of the Random Number Generator Representation in Binary Digits (Genotype) 
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5.3.3.3 Simulation Results 

Figures 5.11 to 5.15 show the results of simulations runs 1 to 5 respectively that we 

conducted using sample data and parameter values presented in Figures 5.9, 5.10 and Table 

5.6. In each simulation run, the fitness values are presented graphically with two lines upper 

and lower representing the maximum and average fitness values of the candidates in floating 

point on each generation created respectively. 

In all the five experiments a relatively consistent data as shown in Figures 5.9 and 5.10 was 

used, however we had to consider only the average and the maximum fitness values as the 

minimum fitness values have a tendency of trapping the algorithm at local minimum. 

Mutation probability was kept at a very low value of 0.01 to avoid major deviations in fitness 

values from one generation to the other which have an effect of prolonging the yielding of the 

algorithm. The crossover value remained unchanged at 0.5 in the first four simulations runs to 

allow a 50 percent contribution from each parent value to the next generation offspring. 

While simulation run 5 varied the parentage contribution of the two parents to 25 and 75. 
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Figure 5.11: Simulation Run 1 Result from 12 Generations on Population Size of 12 and Mutation & Crossover 
Probabilities of 0.01 & 0.5 Respectively 
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Figure 5.12: Simulation Run 2. (50 Generations on Population Size of 80 and Mutation & Crossover 
Probabilities of0.01 & 0.5 Respectively) 
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Figure 5.13: Simulation Run 3. (120 Generations on Population Size of 185 and Mutation & Crossover 
Probabilities of0.01 & 0.5 Respectively) 
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Figure 5.14: Simulation Run 4. (200 Generations on Population Size of284 and Mutation & Crossover 
Probabilities of0.01 & 0.5 Respectively) 
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Figure 5.15: Simulation Run 5. (200 Generations on Population Size of284 and Mutation & Crossover 
Probabilities of 0.01 & 0.25 Respectively) 

Table 5.8 summarizes the results from the 5 simulations performed by giving the maximum 

fitness value achieved and average fitness value obtained in all the generation in a performed 

simulation run. Normalised point (NP) is the generation at which the fluctuations of the 

fitness value of the algorithm started to normalise while % NP to G is the percentage number 

of the generations required to normalise the algorithm' s fitness value, calculated 

as tp X 100). 
G 
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Max. Fitnes.s 1.5 1.9 1.42 1.78 1.78 
Value 
Avg. Fitness 1.39 1 .5 1.1 1.42 1.23 
Value 
Total No. of 12 so 120 200 200 
Genera ions (G) 
Population 12 80 185 284 284 

Normalised 8 21 65 91 98 
Point (NP) 
%NP to G 66.7 26.2 35.1 32.0 34.5 

Table 5.8: Simulation Runs Resu lts Summary 

In all our simulation runs as indicated in Figures 5.11- 5.15, we witnessed a similar 

tendencies whereby the fitness value graph sharply rise in the initial stages of the generations 

then slowly becoming stable as the generations lapses. For example, in simulation run 4, the 

fitness value made a sharp rise between generations 1 and 55, reaching the maximum fitness 

value at 56 before it started to fluctuate between generations 64 and 83 before it normalized 

to 1.7. Normally the fluctuations experienced after reaching the maximum fitness such as the 

ones between generations 64 and 83 are a result of the 0.01 mutation value. 

It can be observed as well from the results that the GenApp managed to optimize the fitness 

value at a much faster rate as indicated by the (% NG to G) in Table 12. Considering 

simulations 2-5 , that is Figures 52-55, the average percentage of the generations required to 

obtain a maximum fitness value is approximately 31.95. This could be credited to the 

algorithm's ability to screen weaker candidates that is those prospective solutions with values 

that aren't within acceptable range from the initial population by using extrema (HLM & 

SLM). As a result, the algorithm needed not to iterate through many generations to find an 

optimum value for the parameters. 
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5.3.4 Discussion of Results 

The performance and algorithm evaluations performed in sections 5.2 and 5.3 respectively 

measured the efficiency, fitness and the worst case scenarios of the GenApp in comparison to 

the existing algorithms. 

5.3.4.1 Efficiency Test 

The results presented in Table 5.6 illustrate the frequency at which each algorithm presented 

some significant degree of complexity based on the Big O Notation and its corresponding 

weighted GR function value. Comparing the resultant complexity value of the GenApp with 

the existing algorithms, that is the GF and the MGF. The GF posted an accumulated value of 

0.6, followed by the MGF and the GenApp with values of 1.2 and 1.23 respectively. 

The GenApp posted the highest complexity values of 0.63 and 0.03 above the existing 

algorithm owing to its initialization steps that sort the input data to enable it to screen the 

initial population. This improves the worst-case scenario of the GenApp algorithm hence 

could be seen as a trade-off in its overall performance as compared to other existing 

algorithms that fail to screen the initial population. 

5.3.4.2 Fitness Tests 

Table 5.7 shows the input values we picked at random for 5 different simulation runs. The 

results obtained in these simulations helped us to understand the behavior of the GenApp 

when presented with different population sizes ranging from as little as 20 to 305 initial input 

values. The research was mostly interested in observing the GenApp's consistency in 

optimizing the initial population; hence we did not compare it with the existing algorithms. 

Figures 5 .11 to 5 .15 show graphical representations of the fitness values obtained from the 

simulations with Table 5.8 showing a rather consistent average fitness on all the simulations. 

This gave us confidence in the algorithm's ability to consistently optimize the initial 

population without major deviations. 
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5.4 Chapter Summary 

The chapter reviewed performance evaluation of different FET. The PCA performed better 

than the ICA and LDA on both metrics, the Recognition Rate and F-Score, while efficiency 

and robustness were the other two metrics that were considered for testing. Although the 

GenApp showed a higher complexity values as compared to the existing algorithms it still has 

a chance of presenting better results given that the complexity was affected mostly by its 

initial population screening phase which helps reduce the number of generations required to 

produce an optimized value. 

The worst case scenarios for all the GF, MGF and GenApp algorithms were analysed and the 

results showed that similar tendencies on the GF and MGF in that they failed to screen the 

initial population. This result in the two algorithms starting from a weaker position in 

situations where the initial population has some weak elements. The GenApp' s strength was 

in screening weaker elements in the initial population resulting in the algorithm starting the 

optimization process from a relatively strong position. However its major drawback was a 

situation where the elements in the initial population aren' t ordered in some particular order 

(Ascending/ Descending), screening elements was a challenge. 

Simulations on the fitness values using data in phenotype and genotype showed the GenApp 

managing to optimize the parameter values in most cases in first quarter of the generations 

specified. However, a change in the mutation percentage (simulation run 5) resulted in the 

algorithm getting the same fitness value but at an increased number of generations and this 

explains the reason why we kept it at a low 10 percentage. 
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Chapter 6: Summary, Conclusion and Future Work 

6.1 Summary 

Summarily, the research study presented in this thesis focused on developing the novel 

adaptive algorithm that we named the GenApp based on the adaptive principles of the 

biological genes. The development of the algorithm followed the contemporary algorithm 

development phases as outlined in figure 4.5. The most fascinating thing about the GenApp 

was the fusion of different concepts into the algorithm such as the information datagram 

concept that played an important role of screening the initial population and the genetic 

operators that selected and optimized the parameter values in an iterative manner through 

different generations. 

The use of empirical experiments or data obtained from empirical experiments dominated in 

most researches we reviewed. Although acceptable results were obtained through this 

approach, the bias and short runs associated with them didn' t give us much comfort in the 

conclusions and outputs obtained. This approach in some cases tends to distribute parameters 

to a narrow range which in most cases negatively affects the capability of the approach to 

discriminate the modeled object. 

This study is quite important in that it contributed to the literature in RSI processing by 

providing an approach that can be used to improve parameter selection strategy for FET 

which has long been a research focus in the field of image processing. As a result of this 

study we should be able to among other things, increase detail and accuracy of images 

obtained through FET in RSI processing as well as proposing a more flexible parameter 

selection scheme. 

In order to test the GenApp algorithm, two performance evaluation metrics, the fitness value 

test and the Big Oh notation were implemented separately. These two metrics aimed at 

evaluating the efficiency and the fitness of the algorithm respectively. Analysis 1-7 tested the 

efficiency of three algorithms including the GenApp with table 5.6 presenting the results 

obtained in a comparative manner. Figures 5 .11 to 5 .15 illustrate the results graphically 
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obtained from the simulations we did using randomly generated data to check the fitness of 

the GenApp. It is important to note that the average and maximum fitness was considered in 

our experiments in this research work. This decision was reached after discovering that 

considering minimum fitness values had a tendency of trapping the algorithm to a local 

minimum, which failed to produce desirable results for our experiments. 

6.2 Conclusion 

Conclusively, parameter selection plays a crucial role in the use of FET ifwe are to get better 

output images. Although a number of solutions could be thought of to address the issue of 

parameterization, we chose to implement genetic algorithms owing to their strength in 

optimization. 

The research studies the characteristics of currently used FET in existing literature, performs 

some requirements elicitation for dynamic parameterization, develop an adaptive algorithm 

named the GenApp that implements genetic algorithms and finally perform an evaluation on 

efficiency and fitness of the developed algorithm using MatLab and GenAID as simulation 

tools. 

In the research we provided some questions that helped us to focus on our goal. In response 

to these questions we modeled the adaptive principles of the biological genes into our 

algorithm some applying commonly used genetic operators namely, selection, crossover and 

mutation. The operators were applied to an initially selected population that contained 

supposedly a blurred region of interest. 

Screening the elements in the initial population is quite important in this process, as it reduces 

the optimization task by discarding those elements that are not close to the required solution 

value. These elements require more generation cycles to be optimized thereby consuming 

more time. In this case the Average Ranks method was implemented in the selection to 

determine the potential candidates that would be passed to the crossover operator. 

The elements that passed into crossover stage are propagated using a uniform mixing ratio of 

0.5, forming new offspring that are optimized. The Random Mutation Hill Climbing method 

was applied to select a candidate element and compare it with its potential neighbors only if 
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improves its value. To achieve this, a mutation ration of 0.001 was considered to help the 

algorithm avoid major deviations from the value obtained during crossover process. 

The research help us deviate from relying on empirical data as observed in the GF and MGF 

where some parameters such as O"y were given fixed. This model is likely to fail when applied 

in an environment is not constant, hence the need for an algorithm or model that specifies 

parameter values adaptively. 

To justify the goal of the thesis, simulations and experiments were performed in Chapters 4 

and 5 to test the complexity, worst-case scenarios and fitness of the GenApp in comparison 

with other existing algorithms. The results were presented graphically and in table showing 

the performance all the algorithms. Although the GenApp would at times come last as in the 

test for complexity. The results obtained are within the same margins, which can be traded­

off with its improved worst-case scenario. The good thing with the GenApp is that it 

managed to obtain an average fitness value within the first quarter of the generations and 

would consistently maintain it throughout the generations as illustrated in Table 5.8. This 

gives confidence in the algorithm' s potential to optimize a given solution. 

Based on the above findings we recommend the following; 

(i) The use of algorithms that implement adaptive principles to improve the quality of 

the results obtained in RSI through FET. 

(ii) The implementation of genetic algorithms for adaptive parameterization of FET in 

RSI. 

6.3 Future Work 

Feature extraction has many areas of specialization that can be looked into separately, for 

example, some algorithms have been designed to identify specific target objects while others 

focus more generally on say buildings or roads extractions. Although the extraction 

techniques for these different specializations can vary substantially, their strengths depend 

squarely on their ability to identify and apply optimum parameter values. Parameter 

optimization in feature extraction is a critical requirement that can never be overemphasized. 

111 



Basically, an effective feature extraction technique should be able improve an image with a 

corrupted or blurred region of interest. 

There are many emerging disciplines in computer science that can be explored and applied to 

improve the existing approaches to feature extraction. Using evolutionary computing 

approaches, for example genetic algorithms as discussed in this research or neural networks 

could help enhance reasoning in algorithms thereby improving the overall performance of the 

whole feature extraction process. 

In our research, we used simulated data generated using a controlled random generator. 

Although we managed to test the behaviour of the GenApp, we are still of the opinion it's 

important to test the algorithm under different natural conditions as generators tend to be 

biased towards some unrealistic tendencies. 

Future work should now focus mainly on improving the GenApp in such a way that apart 

from adaptation it should apply some reason that mimic human behaviour. A hybrid model 

for example, which combines genetic algorithms and neural networks, might improve the 

algorithm by way of adding some reasoning capabilities. 

As observed in all our experiments, the algorithm iterated through all the generations 

regardless of the fact that it had optimized the solution within the first quarter of the 

generations. Making the algorithm intelligent would be ideal to avoid resource wasting such 

as memory and time during execution. On the other hand, incorporating some intelligence 

into the algorithm helps it as well to notice the quality of the solution in such a way that if 

need be, it can proceed with the optimization process beyond the stipulated number of 

generations until it obtains the most optimum value that give a better resultant image from the 

extraction process. 
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Appendices 

Appendices A and B gives some illustrations and explanations on the simulations that we did 

as part of our experiments to test the performance of the GenApp and justify the effect of 

parameterization when using feature extraction techniques such as the Gabor filter. 

Appendix A: GenApp Simulations and Results 

Figure Al shows the genAID simulation tool ' s input interface with the values that we used to 

simulate the GenApp. 

Independentvariablesrange 

Dependentvariablerange 

indvar!A 1:Y20 

depvar!A 1:A20 

Slbjects are in rows, variables in colums, no header rows 

Noolber' of trees in popuation I 30 

Heightoftrees I 4 

Noolber' of generations 25 

St.art Generation 

Crossover probablty 

Switch probablty 

Translocation probablty 

o. s 

0.01 

o. s 

Miao operators ----------. 

Miao rrutation probablty 

Miao a ossover probablty 

Miao transk>Cation probablty 

Noolber' of trees to retain 

0.1 

0.1 

0.1 

10 

Figure A 1: Simulation Input Fonn 

Figure A2 shows the major parameters used to calculate the fitness values of the GenApp and 

the decision trees that were constructed while optimizing parameter values of the GenApp. 
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tunber of Featiscs (Parameters) 

Popuation Size 

tunber of Generatlons 

25 

300 

200 

33.6084918417395 ( 11( 15( 24*( 13 .. ))( 6( 18**)( 4 .. )))( 20( 24( 15**)( 1 **))( 12( 5**)( 21 **)))) 
33.1617229627991 ( 11( 15( 24*( 20**))( 6( 9••)·))( 6( 24*( 20**))( 12( 24**)( 21 **)))) 
33.1300613688866 ( 11( 24( 15*( 6**))( 6( 18**)*))( 20( 24( 15**)( 7**)){ 13( 16**)( 19**)))) 
33.0350783628807 ( 11( 24( 15*( 20·•))( 6( 18**)*))( 6( 24( 10**)( 20·•»< 13( 16**)( 19**)))} 
32.9642134639877 ( 11( 24( 15*( 6**))( 6( 18**)*))( 20( 24( 15**)( 7**))( 12( 14**)( 15**)))) 
32.71371 00310357 ( 11( 15( 24*( 20••))( 8( 14**)( 19**)))( 20( 24**)( 12( 18**)*))) 
32.6949367658287 ( 11( 15( 24( 10**)( 13**))( 13( 9**)( 19**)))( 6( 24*( 20••»< 12( 24**)( 25**)))) 
32.6600128659205 ( 11( 15( 24*( 4**))( 6( 18**)( 7**)))( 6( 24*( 21 **))( 12( 23 .. )( 21 **)))) 
32.6530182387621 ( 11( 15( 24*( 13**))( 13( 18"'*)( 4*"')))( 20( 24( 15**)( 1 ··))( 12( 18"'*)( 4••)))) 
32.54o6683o43039 c 11c 24( 15•c 5••))( 6( 1S··>·))( 20c 24( 15••x 12••»< 12c 24••x 21 ··m> 

Figure A2 : Simulation Results Form 

Figure A3 shows the data in phenotype that was used for simulation. The data was obtained 

from the random number generator (RNG) which was considered as our dependent variables . 

..... 1nu11 
.... _ ·-· 0 MI ·-ll /,, 

A B C D E a H K M N 0 p Q R 
719961 216056 521413 549937 441725 
&61'61 3 19531 '52617 5 311175 391912 c=i 
714161 2232111 5msc 5 75'09 3 91932 

4 6 64329 3 03223 49m 5311051 4 16701 
5 7 05112 2 62108 5.17646 5 70759 4 '6667 

' 7 0922' 3 OI03 5 11123 5 35'311 J 75361 
1 6 39555 3 76044 41.053 5 9973 38'766 

• 116286 2.701&4 5.32311 3.92086 4.IM804 
9 5 18601 4 05013 31966 4 87222 379306 
10 51591 312282 399799 521145 447792 
11 3HC7J 5 22828 272JU 5 31623 3.00208 
12 801383 2 08647 5 79841 5 74028 38671 
13 4 9115 0202 3551 3 48603 3009'8 
14 2 34273 607944 1 93173 590506 1 85'55 
15 443315 4 33169 3.27905 4991S 4 19591 
1, S 71915 3<2503 4.22074 449419 4 1'9614 
17 I 12616 2.25101 5 72391 S 046116 4 4139A 
11 5 51571 311761 • 02IQ2 "9621' 3 05123 
19 5 51395 43'75' 314016 2 97242 3 24295 
20 6 21536 3-45674 4l6893 S 50493 3,91&59 
21 347371 5.40391 2 63195 5 61492 2 &3034 
22 6135S 3.52097 4 14S66 5 53563 439189 
23 5 7301 3.61649 382751 SO37S 4 20214 
24 6 33111 3 44811 4 31007 5 26766 4 45371 
2S 69905 2I0296 4 92956 5424'5 2 94248 
26 721351 2 30921 5 64564 5'8161 46631 
27 716737 2 6497S 5.36919 4 13719 3 36132 
21 66029 3 14458 4 59964 5 18085 4 70307 
29 5 73918 341512 4.55565 4 08958 474359 
JO ,,om 4 68267 3 38727 4 01314 4 40S45 
31 6 66162 3 34269 4 52113 562193 4 (109 
32 3 65831 5 0693 2 9812 4 50449 3 67964 
33 6 09326 3 66032 42021 345917 3 78233 
34 666709 3 32893 , S1036 541487 4 26732 
35 6 95779 31146 ,1n11 519771 06229 -

Figure A3: Dependent Variables in Phenotype 
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Figure A4 shows the data in genotype that was used for simulation. The data was obtained 

through the dependent variables dependent values using the two's complement method. 

L 
Homt lnwt Pa~ l"°"' ,Of'G'IIM1 Dl'l• RIMtw View TtM 

AM2 .'- [ 
B C O E F G H I J K - -L _M_N_ O_ P~ O~ R- S_ T_tr•rw- r Y 

1 1 1 1 0 0 0 0 1 0 1 0 0 0- 0 0 0 - 0 - , - 0 1 0 0 0 0 
2) 001001010110011001001110 □ 
3 111010000110010101001010 
( 11001000111001110101100 
5 11100010111101011100110 
6 11000100111111110101001 
7 00100000111001111101111 
a 11101001011001001100000 
9 10000001111001111101100 
10 1 0 0 0 0 0 0 0 0 1 1 1 1 1 1 0 0 1 0 0 1 1 1 
11 1 0 0 0 1 0 0 1 1 0 1 0 1 1 1 1 1 1 0 1 1 1 0 
12 1 1 1 0 0 1 0 0 0 1 1 0 0 1 0 1 1 1 0 
13 1 0 0 0 0 0 0 1 1 1 0 0 0 0 0 1 1 0 0 
H0001000110001101100 
15 0 0 0 0 1 0 0 1 1 1 1 0 1 1 1 1 1 0 0 
16 0000000111110100110 
17 0000000001100100010 
18 1 1 1 0 1 0 0 0 1 1 1 1 1 1 1 1 1 1 0 
191010100111100100100 
20 1011000111101111010 
21 0 0 0 1 0 0 0 1 1 0 0 0 1 1 1 1 1 0 0 
221010000111111111110 
231000000011101111110 
2, 0 0 0 0 0 1 0 0 1 1 1 0 0 1 1 1 0 1 0 
25 0 0 1 0 0 0 1 0 0 1 1 0 0 1 0 1 1 1 0 1 
26 1 1 1 0 1 0 0 0 1 1 1 0 0 1 1 1 1 1 0 1 
27 1 0 0 0 0 0 1 0 0 1 0 0 0 0 0 0 1 1 0 1 
211 11001000111000011100 
29 00000001001000001100 
30 0 0 0 0 0 0 0 0 1 1 1 0 0 1 0 0 0 0 0 0 
31 1 0 0 0 0 0 1 0 1 1 1 0 1 1 1 1 0 1 0 1 
3210000000101001111000 
33 1 0 1 1 0 0 0 0 1 1 1 1 0 1 1 0 1 1 0 0 
J.11 0000010111111110110 
35 1 0 0 0 0 1 0 0 1 1 1 0 0 1 0 1 0 0 0 0 1 

Figure A4: Dependent Variables in Phenotype 

Figure AS and A6 shows the fitness values obtained from the simulator and their presentation 

graphically. We had to consider the maximum and average fitness values from the simulator 

after discovering some tendencies of the simulator to converge to local minima resulting in 

prolonging the process of optimizing the parameter values. 
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Figure AS: Fitness Values 
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Appendix B: Gabor Filter for Image Processing 

Figure A 7 shows the simulation interface that we used to simulate Gabor filter on the effects 

of the input parameter values on the resulting image. Wavelength, orientation, aspect ratio, 

bandwidth and the number of orientations are the parameters being monitored in this 

instance. 
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Figure A 7: The Simulation Interface for the Gabor Filter 
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