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CHAPTER 1. INTRODUCTION 
 

1.1 Motivation 

Digital image processing is currently used as tool in several processes of recognition 

and classification of objects. Pattern recognition is an integral part of most machine 

intelligence systems built for decision making [1]. The development of new 

technologies, automation in industrial production and the need of clinical support tool 

are becoming increasingly important. Each of these objects has certain features (shapes, 

textures, colors, etc.). It brings a need to extract features that allow a correct diagnosis 

of the state of the object or identification within a group. 

Pattern recognition in images has many applications today, ranging from support for 

quality control processes, selection of objects and classification, to collaboration in 

medical diagnostics, disease identification and access control processes, monitoring and 

human-machine interfaces with biometric recognition (fingerprints, faces, etc). 

The machine vision processes involve necessarily the concept of pattern recognition. 

An application of a machine vision system is in the automotive industry, either for 

visual inspection or for classification of pieces, in assembly processes. In visual 

inspection norm of quality control should be taken into account to generate a diagnosis 

and classify the objects into the defective or accepted class. In assembly processes, 

different pieces must be recognized and located within different stages of the process.  

Other application of pattern recognition in images is the faces recognition. Faces can 

offer much information: identify person, genre, mood, age, and detection of diseases. 

These applications depend on the features that have been extracted of the face and how 

these features are used. The identification of people is necessary in access control to 

private places, process of monitoring and security or storage of information in 

databases. 
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1.2 Current problems and proposed approach 

Technological advances in our society have made the automation of industrial 

production and the need to handle information in different fields of great importance. 

This trend has brought the recognition of patterns in a central place in research and 

engineering applications [2]. Pattern recognition is an integral part of most systems 

using machine vision for decision making [1], for identifying a given object and to 

perform operations on it. 

The problems of classification and pattern recognition include three basic stages: 

feature extraction, feature selection and, finally, the classification. System performance 

with respect to percentages of correct classification, reducing complexity and 

computing time can be improved by addressing variations in these elements [3]. Feature 

selection is an important step in pattern recognition because it improves the machine 

learning processes, to minimize redundancy in the information and also can reduce error 

rates in classification [4], using fewer features, as will be shown later.  

Pattern recognition has been developed using classical statistical methods such as 

principal component analysis [5], independent component analysis [6] [7], among 

others [8]. However, the three processes involved in pattern recognition (extraction, 

selection and classification) can be developed using computational intelligence, which 

would have an autonomous system with learning ability and better results in the 

classification, according to recent research [3] [9] [10] [11] [12] [13] [14] [15].  

The approach proposed in this thesis focuses on the selection and classification 

stages, using intelligent algorithms. It is show in Figure 1.  Genetic algorithms are used 

in feature selection, because this technique searches the best point into space of 

samples. Neural network is implemented in the classification stage because this 

technique establishes connections between features and classes that improve 

classifications processes. 
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FIGURE 1 Scheme of stages in pattern recognition using intelligent 

algorithms 

Genetic algorithms have a good performance in optimization problems, as in the case 

of feature selection. In several studies, superior results are presented when genetic 

algorithms to feature selection are implemented. This technique optimizes a cost 

function, and in this case, determines the best subset of features. However, in others 

works, this selection is limited to a number of specific characteristics, one-dimensional 

signals, face recognition and the genetic algorithm is used to tune parameters of other 

techniques. 

We propose an approach for effective feature selection using genetic algorithms 

applied to digital images in recognition processes and quality control. The objective is 

to reduce the dimension of features and to have minimum classification error. 

Additionally, neural networks are implemented in the classification process, using the 

selected features by the genetic algorithms. Neural networks are an appropriated choice 

for classification, because they require minimal prior knowledge of the problem and 

because they can establish input-output relationships in complex and non-linear 

conditions. 

 

1.3 Aims and scopes 

Our main goal is to design and to implement a computational intelligence-based 

system with effective feature selection in digital images for pattern recognition 

applications. 

For this purpose, we develop a visual feature extractor, with appropriate processing 

techniques, taking into account information of intensity, texture and shape. Similarly 

genetic algorithms are implemented to find the optimal set of features in pattern 

Feature 

extraction 

Intelligent 

optimization 

algorithm 

Fitness 

function 

Image Intelligent 

Classification 
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recognition and the classification process is performed using intelligent algorithms for 

object recognition. 

We validate our algorithm with different types of real images under the Matlab 

platform. Experiments will be performed, with two different metrics in the feature 

selection process, the classifier will be compared with other classic classifier and the 

results will be compared with other approaches.  

 

1.4 Main contributions 

Digital image processing is currently used as a tool to support several processes of 

recognition and classification of objects. Each object has certain own features (shapes, 

textures, colors, etc.). Then it is necessary to extract the features that allow a correct 

diagnosis of the state of the object or its identification within a group. Thus our research 

question focuses on the design and implementation of a system based on genetic 

algorithms, whose fitness function is the classification error using a nonparametric 

classifier. This system should be able to select the most relevant features for the purpose 

specified in the project, within processes of classification or diagnosis. With the 

development of the proposal, it is expected then to find minimum classification error for 

a selected subset of features.  

The scientific contribution of this research is the development of techniques for 

effective feature selection in images. Computational intelligence applied to pattern 

recognition allows having autonomous system object classification. In addition, feature 

selection also helps to increase the efficiency of classification, by requiring fewer 

features while improving classification accuracy by minimizing redundancy, as is 

shown in [16]. 

The effective features selection can be applied to artificial vision systems in the 

industry to identify products or quality control processes, creating a big impact on 

productivity by providing a tool to support recognition processes and quality control, 

based on expert systems and higher performance in classification. 
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The proposed approach could be applied to pattern recognition in medical imaging 

and the identification of individuals by face recognition, because this approach can be 

implemented in a general way, by changing some parameters in the image processing 

and feature extraction. 

 

1.5 Guide for Reading this thesis 

This work is organized as follows. Chapter 2 provides a review about topics related 

to pattern recognition, as feature extraction, selection and classification and concepts 

concerning to Genetic Algorithms (GA) and Neural Networks. 

Chapter 3 presents previous work related to effective feature selection and 

classification, using classics methods and intelligent algorithms.  

Chapter 4 describes the proposed approach, explaining the used methodology to 

pattern recognition. In this chapter is presented how the GA and Neural Networks 

approaches are used in pattern recognition. 

Chapter 5 explains the details of dataset used, describes the parameters of the two 

experiments performed and how the results are measured and compared with other 

methods of the literature.  

Chapter 6 presents the obtained results, with different metrics and compared with 

others authors.  

Finally the conclusions about the proposed approach for effective feature selection 

and classification in images are provided and future work is proposed. 
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CHAPTER 2. BACKGROUND 

INFORMATION 
 

2.1 Feature extraction 

Pattern recognition have three important stages: feature extraction, selection and 

classification. As mentioned before, the manipulation of the three stages allows 

obtaining optimal results. Each stage answers the questions [1]: how are the features 

generated? What is the best number of features to use? How does one design the 

classifier? 

Feature extraction aims to process and in some cases, to reduce the data by 

measuring certain characteristics or properties [2]. The generated features are related to 

the goal of the classification: medical diagnosis, quality control, recognition of object, 

etc. This process usually requires the knowledge of an expert and the result of the image 

processing.  Unsupervised learning allows object recognition and feature extraction 

without human inspection. It is based on operation with gradient, as [58] propose. The 

generated features describe the objects or classes. Other option is to generate own 

features of each pattern, as case of eigenfaces.  

The transform are appropriated if extracting features that describe the objects is 

difficult or the information about the recognition is minimal. In the case of images the 

most common are Discrete Cosine Transform (DCT), Discrete Fourier Transform 

(DFT), Discrete Walsh Transform and Discrete Wavelet Transform.  

 

2.1.1 Descriptors 

A pattern is an arrangement of descriptors. The name feature is often used in the 

pattern recognition literature to denote a descriptor [17]. In some processes, it is 

important to have information about the shape, color or texture to distinguish between 
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the different classes. In [17] a classification of descriptors in images is proposed: 

external characteristics (its boundary) and internal characteristics (the pixels comprising 

the region). 

Boundary descriptors allow having information about the region boundaries. Some 

simple descriptors are the length of a boundary, the diameter, major axis, minor axis 

and eccentricity. These are defined clearly in [17].  

Fourier descriptors are into the boundary descriptors. The coordinates of the 

boundary can be expressed in the form  and . The boundary itself can be 

represented as the sequence of coordinates , for k=0,1,2…K-1. 

Moreover, each coordinate pair can be treated as a complex number so that 

 

The discrete Fourier transform (DFT) of  is 

                                           (1) 

For u=0, 1, 2…K-1. The complex coefficients  are called the Fourier 

descriptors of the boundaries [17]. 

Others boundary descriptors are the statistical moments, such as the mean, variance 

and higher-order moments. One approach for describing the shape of the segment 

represented as a 1-D function, g(r) is to normalize it to unit area and treat it as a 

histogram. For example, the second moment measures the spread of the curve about the 

mean value of r and the third moment measures its symmetry with reference to the 

mean [17].  

Regional descriptors include characteristics of textures, moment invariants and 

others. Some simple regional descriptors are area, orientation, centroid, diameter, 

solidity and number of holes. Into the regional descriptors, an important description is 

based on to quantify the texture content of the image. The co-occurrence matrix offers 

the possibility of extracting a large number of descriptors to characterize the texture of 

an image. Each element of the co-occurrence matrix  is an estimation of the 

probability that a couple of points that satisfy  have values of gray levels , where P 

is an operator position defined as [7].  
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Haralick and others have proposed a set of descriptors derived from the co-

occurrence matrix, about 22, but is possible to extract more [18]. In [17] only 6 of these 

descriptors are taken, which can identify basic characteristics of texture based on the 

intensity histogram. These descriptors are: 

 Mean: a measure of average intensity. 

 

)(
1

0

i

L

i

i zpzm 






                                  (2) 

 Contrast: The contrast of a texture provides information about sudden changes of 

color in the image. Also known as the standard deviation. This descriptor is given 

by the following equation:  

22
1

0

)()(  




i

L

i

i zpmzC

                                      (3) 

 Smoothness: measures the relative smoothness of the intensity in a region. R is 0 

for a region of contrast intensity and approaches 1 for regions with large 

excursions in the value of its intensity levels.  

21

1
1


R                                                  (4) 

 Third moment. Measures the skewness of a histogram. This measure is 0 for 

symmetric histograms, positive by histograms skewed to the right and negative 

for histograms skewed to the left.  

)()( 3
1

0

3 i

L

i

i zpmz 





                                    (5) 

 Uniformity: this measure is maximum when all gray levels are equal. 
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 Entropy: a measure of randomness contained in the co-occurrence matrix. As it is 

most likely to occur, the entropy value is declining because the texture is more 

uniform: 
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                                        (7) 

 

Other image descriptors have been recently proposed in literature. In [59] authors 

present a method for extracting distinctive invariant features from images. This 

approach has been named the Scale Invariant Feature Transform (SIFT), as it 

transforms image data into scale-invariant coordinates relative to local features. The 

keypoint descriptors are highly distinctive, which allows a single feature to find its 

correct match with good probability in a large database of features. 

 

2.1.2 Discrete Wavelet Transform 

Many authors have worked in the study of wavelet transform, as it is presented in 

[19]. Then several definitions about wavelet and how it is applied are found. In this 

thesis the definition given by [20]: “the wavelet transform is a windowing technique 

with regions of changing size, which allow decompose a signal or image in scaled and 

translated versions of a mother wavelet”. 

The Wavelet Transform is used in the features extraction stage because it provides a 

description of the image taking the core and removing the details. Furthermore this 

method reduce the dimension of the characteristics, thus is possible to obviate the 

feature selection stage, if it is required.   

The Continuous Wavelet Transform (CWT) is defined as: 

                                          (8) 

 is the set of wavelet coefficients and  represent a set of scaled and translated 

versions of the mother wavelet. These functions are defined by following equation: 

                                                     (9) 
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2 

2 

2 

2 

2 

2 

Where a and b are parameters of scale and position.  The CWT works in a 

continuous set of scales and positions.  

If only a set of scales and positions are selected, for example sample taken in powers 

of 2, then the analysis is more efficient [20]. It is done by the Discrete Wavelet 

Transform (DWT). It is defined as: 

                     (10) 

Where m and n are entire, . 

The DWT allows decomposing a signal or image in approximations and details. The 

approximation coefficients are obtained from the low-pass filter and the details 

coefficients are obtained from the high-pass filter.  

In case of images, four set of coefficients are obtained (two low-pass and two high-

pass to rows and two low-pass and two high-pass to columns): one approximation and 

three of details (horizontal, vertical and diagonal). It is showed in Figure 2.  

 

FIGURE 2 Scheme of DWT: low-pass and high-pass filters 

In DWT is necessary take into account the family of wavelet coefficients when 

processes of decomposition or reconstruction are developed. Many families of wavelet 

functions have been used for several applications. In [20] a description about these 

families is proposed. Between these functions are: Haar, Daubechies, Symlets, Coiflets, 

Discrete Meyer, Biorthogonal. 
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2.2 Feature selection 

The second stage of the pattern recognition corresponds to feature selection. The 

original set generated by descriptors or transforms contains redundant information and 

not all the features permit to distinguish between the different classes. In pattern 

recognition a term is used to justify the feature selection: “curse of the dimension”. It 

means that exist a maximum number of features for a maximum performance: if more 

features are taken the classifier performance is worse.  

If we selected features with little discrimination power, the subsequent design of a 

classifier would lead to poor performance. On the other hand, if information-rich 

features are selected, the design of the classifier can be greatly simplified [1]. 

The selection is given by the following items [3]: 

1) Ideal: find the subset with minimal size within the original set Mmin=M<D, 

which is necessary and sufficient to reach the specify task. 

2) Classic: to select one possible optimum subset with M features within the 

original set D, such that M<D for one fitness function.  

The methods of feature selection have basically four steps [21]: 

1) Generation procedure: a new subset is generated 

2) Fitness function: it measures how good is the new subgroup, compared with 

the previous group generated.  

3) Stop condition: it is given by: 

a. When a number of iterations are reached or a number of features are 

obtained. 

b. When an optimum subset is obtained respect to the fitness function. 

4) Validation: this step probes the consistence of the found subset.  
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2.2.1 Fitness function 

The most important step of the feature selection is the fitness function. It allows 

selecting a subset that optimizes the given criterion and distinguishes between classes. 

In [22] the methods for feature selection are classified into two groups according to the 

evaluation procedure: the filter method and the wrapper method. With the filter method, 

feature selection is done independently of the algorithm, making use of intrinsic 

characteristics of the data to find the feature subset. The wrapper method, on the other 

hand, performs feature selection by using the learning algorithm to evaluate the feature 

subset [23]. There are many classifications relative to the fitness function. In [3] these 

categories are summarized in five classes: 

1) Distance measures: in a two-class problem, a characteristic X is preferred to 

Y if X induces to a higher difference between the two classes 

2) Information measures: these measures determine the information gain of a 

characteristic, which is defined as the difference between the previous 

uncertainty and the later uncertainty using X. 

3) Dependence measures: these correlation measures qualify the ability to 

predict the value of a variable from the value of another. 

4) Consistence measures: The trend to minimize characteristics prefers 

consistent hypotheses, which are definable on fewest features possible. These 

measures are a subset smaller than meets the tolerable rate of inconsistency, 

which is usually set by the user. 

5) Error rate of classifier measure: as the features are selected using the 

classifier that later use this features for no observed cases, the level of 

prediction is higher, but the computation requirement is complex.  

Table 1, taken from [3], shows a comparison between the five methods used in the 

fitness function relative to: how adequate is the subset for others classifiers (generality), 

time to select the subset (required time) and precision in the classification. 
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TABLE 1.  PERFORMANCE COMPARISON WITH OTHER METHODS OF SELECTION 

Fitness 

function 
Generality Required time Precision 

Distance Yes Low - 

Information  Yes Low - 

Dependence  Yes Low - 

Consistence  Yes Moderated - 

Error rate No High Very high 

 

The symbol “-“ indicates that is not possible conclude about the precision of the 

fitness function, i.e., the fitness function depends on the subset and the used classifier.  

 

2.2.2 Genetic algorithm 

A Genetic Algorithm (GA) is an intelligent technique based on the theory of 

evolution and how individuals cross, mutate and create a better population. The 

evolution of the individual that the algorithm gives, yields to optimal values of solution 

to a problem depends on an adequate code of the same, the stop condition and the 

parameters to optimize. Genetic algorithms are applied to the search for optimal values 

in the solution space [10].  

A genetic algorithm can be constructed as a method to explore all the possible 

solutions for a given problem. It follows the procedure described in the flow chart 

shown in Figure 3 [11], using n chromosome length L, and a fitness function that 

provides an evaluation measure, λ, for each of the chromosomes. 

When genetic algorithms are used is necessary take into account different parameters 

that influence in performance of the algorithm. These parameters are set experimentally 

and depend on the fitness function, the original set and how much it should be reduced.  
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FIGURE 3 Flow chart for genetic algorithm [11]. 

There are three major design decisions to consider when using a GA to solve a 

particular problem. A representation for candidate solutions must be chosen and 

encoded on the GA chromosome, fitness function must be specified to evaluate the 

quality of each candidate solution, and finally the GA run parameters must be specified, 

including which genetic operators to use such as crossover, mutation, selection, and 

their possibilities of occurrence [24]. 

 

RUN PARAMETERS 

The genetic algorithm work based on process of evolution: the next generation have 

individuals with a best performance according to the fitness function. The genetic 

algorithm creates three types of children for the next generation: 

Elite children are the individuals in the current generation with the best fitness values 

who pass to the next generation. Crossover children are created by combining the genes 

Eliminate undesirable members of the population 

Insert new chromosomes in the population 

Stop 

criterion 

Establish initial population of chromosomes 

No 

Yes 

END 

Determine the performance of each chromosome 
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of a pair of parents.  Mutation children are created by introducing random changes, or 

mutations, to a single parent. 

There are operators that influence into the behavior of the algorithm. In the following 

genetics operators are described briefly: 

 Population size: the initial population is generated randomly. The chromosome 

is codified in ‘0’ and ‘1’, where ‘0’ represents a characteristic no selected a ‘1’ 

characteristic selected. A population is a group of chromosomes which only the 

best individual survives a pass to the next generation. The genetic algorithm 

performs a series of computations on the current population at each iteration, to 

produce a new population. Each successive population is called a new 

generation.  The population size is connected with the number of characteristics 

or chromosome length: if the number of features is high, more combinations are 

needed. To create the next generation, the genetic algorithm selects certain 

individuals in the current population that have better fitness values and uses 

them to create individuals in the next generation. 

 

 Mutation is the genetic operator responsible for maintaining diversity in the 

population. Mutation operates by randomly "flipping" bits of the chromosome, 

based on some probability. A usual mutation probability is 1/p, where p is the 

length of each of the two parts of the chromosomes. This probability should 

usually be set fairly low. If it is set to high, the search will turn into a primitive 

random search [24]. 

 

 Crossover, the critical genetic operator that allows new solution regions in the 

search space to be explored, is a random mechanism for exchanging genes 

between two chromosomes using one point crossover, two point crossovers, or 

homologue crossover [24].  

 

 Reproduction: It is a process in which some individuals are chosen as parents for 

crossing, according to a performance given by the evaluation function. One 

reproduction method is the roulette, whose slots have a size proportional to 

performance individuals and individuals with higher performance will have a 

higher probability of being selected. 
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 Random immigrant: This is a method that helps to keep diversity in the 

population, minimizing the risk of premature convergence. Works by replacing 

the individuals whose fitness is under the mean by recently initialized 

individuals. Random immigrant is invoked when the best individual does not 

change for a certain number of generations [24]. 

 

2.2.3 Searching techniques 

An initial classification for feature selection methods was given in 2.2. A subdivision 

is proposed: searching techniques suboptimal and optimal, for the two approaches 

mentioned (filter and wrapper) in [1]. Into the suboptimal searching techniques are 

Sequential Backward Selection (SBS), Sequential Forward Selection (SFS) and Floating 

Search Methods and into optimal searching techniques are branch and bound methods. 

Taking into account several searching techniques related in the literature, some 

methods are defined: 

 Best individual feature (BIF): In this technique, classification performance of 

each individual feature is calculated separately. Let Pm be the classification 

performance of the mth feature point, i.e., Pm is the probability of correct 

detection using solely feature fm. Then the feature points are ordered 

according to their individual classification performances Pm and the first M 

ones, having highest Pm values, are selected [7]. This method only provides 

an individual score, but when the feature set is applied, the performance may 

be worse.  

 

 Sequential backward selection (SBS): This method of sequential search is 

developed through the following steps: it adopts a class separability criterion 

and computes its value for the feature vector eliminates one feature and for 

each of the possible resulting combinations, computes the corresponding 

criterion value and selects the combination with the best value [1]. One 

feature is eliminated until we have the required number of features.  
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 Sequential forward selection (SFS): in this method starts with an empty set of 

features. Successively one feature is added if its performance is higher than 

the other subset. The SFS technique starts as the BIF by identifying the first 

feature that has the highest discrimination power. It proceeds, however, by 

adding sequentially to the selected subset, those features that contribute most 

to the classification performance on top of the already selected ones. Thus, 

from a single initial BIF feature, the SFS subset grows until an M-fold subset 

is found [7]. From a computational point of view, the SBS technique is more 

efficient than the forward one for l closer to m than to 1, being l the number 

of features selected and m the original set. SFS is better than SBS on the 

contrary case [1]. 

 

 Sequential floating forward selection (SFFS): SFFS is similar to the SFS in 

adding features to the subset; however, in addition, it goes through cleansing 

periods, in that features are removed systematically so long as the 

performance improves after pruning. Note that the performance of the pruned 

subset is compared with that of a previous one with the same population [7]. 

This strategy helps to avoid the nesting effect. That is, once a feature is 

discarded in the SBS there is no possibility for it to be reconsidered again or 

one feature is chosen in SFS, there is no way for it to be discarded later on 

[1].  

 

 Interactive feature selection (IFS): this method is made use of a relation of 

Feature and reinforcement learning. Reinforcement learning consists of an 

agent and environment and is a learning method that leads the agent to 

perform a target action for a user. The process of learning is as follows: given 

an environment, an agent firstly performs an action and the agent receives a 

reward for the action from the environment. At that time, each time step is 

denoted as t, an environment state which the agent may include is denoted as 

 (S is a set of possible environments) and an action is denoted as 

(  is a set of possible actions in a state). A reward for an 
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action is denoted as  and when an episode has been completed,  is 

expressed as the following equation [27]: 

 

                                     (11) 

 

r is a discount coefficient in the above equation and do not make the sum of 

rewards an infinity in the case of being defined as  In addition, if the 

discount coefficient is zero, it means that only the current reward value is 

admitted. That is, we can give the weight to a future value differently 

according to the discount coefficient [27]. Finally, reinforcement learning is a 

method that determines a policy to maximize the eq. (13). 

 

 Genetic algorithm (GA): this method has been exposed in 2.3 and it is 

considered an efficient search algorithm. The GA starts from production of a 

population and selects optimal individuals by using an objective function, 

which measures how much it can be fit to the environment of the individual, 

and repeats the evolutionary process, which makes it get better. After this 

process, the GA can find an optimum [27].  

 

2.3 Classifier design 

The main task of a classifier is to label an object as belonging to one from m possible 

classes. The classifier takes the description or features of each object and through some 

processes relates the object with a class established. These processes can be taking into 

account the distribution of classes, and then the classifier is considered parametric, or 

the classifier makes training with some sample of the different classes: the classifier 

“learns” to identify the classes and it is capable of recognizing new object or test 

samples, and classifies them into the corresponding class. 
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2.3.1 K-Nearest Neighbors 

The nearest feature classifiers are non-parametric classifiers, i.e. not using density 

functions defined for different classes C [3]. The decision rule of the k nearest 

neighbors (K-Nearest Neighbors - KNN) is the simplest non-parametric classifier [3]. 

The nearest neighbor rule can be used as a benchmark for other classifiers, and it always 

seemed provides reasonable performance in many applications [11]. The rule can be 

described as follows [11]: 

1. Define a measure of distance between points. 

2. Calculate the distances from classifying to all other training points. 

3. Select the k closest points to the sample to classify. 

4. Calculate the rate at which the k points belong to each of the populations. 

5. Sort the distances in the population with higher frequency among the k points. 

The development of the rule assumes that an observation point should be located 

close to the other sample points that belong to the same class in the training space. 

The KNN algorithm is a method which a multiple data are spread in classes that have 

been stored and classified previously by an expert. This data are the basis of the system. 

The form that the algorithm classifies new patterns is as follow: in database k-nearest 

neighbor to the new pattern are found, later it is voted to select the class of the new 

pattern. The probability that a pattern x is into a volume V centered in a point x is given 

by [28]: 

                                                      (12) 

The design of the KNN classifier includes two tasks: training and validation. In the 

validation stage the Euclidean distance is frequently used. The new pattern is classified 

with the majority class of the K patterns labeled nearest [28].  

The most probable class c of a point target is decided by the search for the k 

neighbors with the minimum distance between feature vectors of target point z all 
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prototypes features , where C is the number of classes and 

 is the number of prototype by class. 

 

                                       (13) 

Where  represent the Euclidean norm. 

 

2.3.2 Artificial Neural Networks 

An Artificial Neural Network (ANN) is composed of a number of units, connected 

by links. Each link has a numerical weight associated with it. These weights are the 

backbone through several stages in the neural network. Learning is the task of updating 

the weights in order to obtain the required results [10]. The classification is based on the 

response of a network of processing units (neurons) to a stimulus input (pattern).  

The network response is determined by the connection and importance of the 

synaptic weights between neurons. Neural networks are attractive because they require 

minimal prior knowledge of the problem and because they can get any complex 

decision region whatsoever, if trained properly. Some disadvantages are the 

computational cost during training and the difficulty of predicting and analyzing its 

internal workings [29]. 

An artificial neural network is composed of many artificial neurons that are linked 

together according to specific network architecture. The objective of the neural network 

is to transform the inputs into meaningful outputs. Multilayer Perceptron (MLP) 

network consists of an input layer, one or more hidden layers, and an output layer. Each 

layer consists of multiple neurons. An artificial neuron is the smallest unit that 

constitutes the artificial neural network [30]. An example of ANN is showed in Figure 

4. More information about Artificial Neural Networks is found in [31]. 
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FIGURE 4 Example of an Artificial Neural Network [31]. 

The most commonly used family of neural networks for pattern classification tasks is 

the feed-forward network, which includes multilayer Perceptron and Radial-Basis 

Function (RBF) networks. Another popular network is the Self-Organizing Map (SOM), 

or Kohonen-Network, which is mainly used for data clustering and feature mapping. 

The learning process involves updating network architecture and connection weights so 

that a network can efficiently perform a specific classification/clustering task [32]. 

The ANN connections are represented mathematically by a base function u(wj,x) 

where wj is the vector of weights and x is the input vector. This function has two typical 

forms:  

 Linear base functions (LBF): the net value of the j-th neuron is a linear 

combination of the inputs [20]:  

 

                                     (14) 

 

Where wji is the weight connection of j-th neuron and its i-th input, and N is the 

number of inputs to j-th neuron. 

 

 Radial base functions (RBF): this function involves a second order base function 

(no linear). RBF networks have a static Gaussian function to get the nonlinearity 

processing elements (neurons) in the hidden layer. This function responds only to 

a small region of input space where it is centered. The key to successful 

implementation of such networks is to find suitable facilities for Gaussian 
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functions, which can be done by supervised learning. Networks RBF usually 

require more neurons than the backpropagation networks, but almost always are 

designed in a fraction of the time it takes to train one of the latter. 

Such networks work better when you have many input vectors [13].The net value 

uj of the j-th neuron is a function of distance between a reference pattern wj and 

the input x [20]: 

                                       (15) 

The neurons in an ANN are structured based on the learning algorithm used to train 

the Net. In agreement with this, the Neural Networks are grouped into two categories 

based on the connection pattern: 

 

 Forward: it is a direct route input-output, no cycles neither connections 

between neurons in the same layer. The forward nets are statics and do not 

have memory because its answer is independent of previous state [20]. 

 

 Recurrent: there are cycles because of the feedback. These nets are dynamics: 

when a new pattern is presented, the outputs in each neuron are calculated 

[20].  

Other classification of ANN is depending on the learning: supervised learning or 

unsupervised learning. The supervised learning neural networks represent the 

mainstream in the development of biometric authentication ANN [20].  

Into the supervised learning there is a famous net know as Perceptron Multilayer 

(MLP).  It is a feed forward net with supervised learning. The formulation based on 

approaches for a training set is frequently used [20]. The activation passing of the 

perceptrón is given by: 

                                                   (16) 

Where Acti is the activation of the i-th output neuron, xj is the output of the j-th input 

neuron and wij is the weight from the j-th input neuron to the i-th output neuron. The 

output of the j-th output neuron is calculated by: 
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                                       (17) 

Where typically f() is a non-linear function such as a threshold function, a sigmoid or 

a semi-linear function.  
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CHAPTER 3. RELATED WORK 
 

In this chapter the main results of recent research are presented. This body of 

research is related to the effective feature selection with classics or statistical methods 

and methods that implement intelligent algorithms in feature selection. Some researches 

use pattern recognition in images and other signal. Researches that use ANN in 

classification of pattern in images are presented too.   

 

3.1 Effective features selection 

3.1.1 Classics methods 

Feature selection methods aim to extract features that are important to the 

classification problem [3]. In the work developed in [3] a method of wavelet feature 

selection using genetic algorithms is proposed, which addresses the three stages of the 

classification system: feature extraction, feature selection and, finally, the classification. 

As the standard technique for recognition and classification experiments implement 

principal component analysis. The main results of this study are:  

• The experiments showed that the NFL classifier (nearest feature line) is the most 

appropriate for their task, considering the accuracy, the amount of information 

(variance) needed and the number of distance calculations. 

• Feature selection with the simple genetic algorithm is a search method used to 

characterize and interpret the principal components. 

In [9] the use of a selection scheme of local characteristics for effective selection of 

relevant features, based on the Partition Feature Vector (FPV) is proposed. The method 

is based on providing the genetic search with deterministic information about the 

quality of each feature in their ability of classification, addressing the evolution to select 

the most useful features. To evaluate this method, a learning algorithm that iteratively 

generates the fuzzy rules, while removing a rule is proposed. The main results are: 
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• About performance, the two systems (classifier using FPV and classifier without 

this scheme) are equivalent. 

• The number of fuzzy rules created to implement the proposed scheme is lower than 

the classifier without FPV. 

Object recognition is a fundamental task in any computer vision system [33]. In the 

work developed in [33] a comparison between feature extraction techniques PCA 

(Principal Component Analysis) and ICA (independent component analysis) is 

proposed. The main results are: 

• The universal subspace technique with a distance-based classifier is only applicable 

to symmetrical objects or objects that always show the same view or pose for the 

camera. In this scenario ICA does not improve the results of PCA. 

•The object subspace technique provides better results using ICA as feature 

extraction method. The separation between classes (objects) is more relevant than with 

PCA even with very few components. 

The research proposed in [34] shows an application of pattern recognition in the area 

of biology and medicine. In this paper, texture descriptors have been applied to 

characterize the boar sperm heads, according to the variation that has the cytoplasmic 

distribution. In addition, it has been a classification of the heads in function of 

cytoplasmic density to evaluate the descriptors used [34]. In this paper they omit the 

feature selection, but it is proposed as future work. The main results are: 

• For each image test set, they calculated two feature vectors, one comprising the 

statistical derived of co-occurrence matrix and one formed by the geometric 

characteristics. The results obtained from the first vector are better than the geometric 

characteristics. 

• Classification was performed using the method of k nearest neighbors and 

determining, for each head, if it belongs or not to the class of head considered 

potentially normal in accordance with its cytoplasmic distribution. 

Research developed in [35] presents a feature selection method using a backward 

selection algorithm that reduces the total set to only those that are most relevant for 
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classification using the kappa statistic. The method is applied to the classification of 

defects in steel from images. The main results are: 

• The experimental results show that the proposed method ensures a high rate of true 

positives compared with other algorithms. 

• The relevant features in the classification of defects can be studied to improve the 

performance of defect inspection systems. 

 

3.1.2 Intelligent algorithms 

Recent researches apply hybrid algorithms that combine several intelligent 

techniques to improve pattern recognition. Research developed in [10] proposed the use 

of genetic algorithms and neural networks to detect human faces and locating eyes in 

real time. The main results are: 

• The face detection algorithm based on symmetry is best to locate the presence of 

face regions in an image, efficiently, in terms of less memory space, processing time 

and low complexity. 

• The hybrid algorithm focused on face recognition is more efficient than current 

techniques of digital image processing such as wavelets. 

Just as previous research, the work developed in [11] also uses hybrid algorithms. In 

this case, it uses decision trees and genetic algorithms to reduce the size of features 

without compromising the classification error. The hybrid model tests are performed for 

the identification of hypernasality in the case of voice, and ischemic heart disease, in the 

case of ECG records. The main results are: 

• With the hybrid model is able to reduce the size of the training space without 

compromising the accuracy of classification, obtaining better results in reduction of 

characteristics with other commonly used schemes for feature selection reported in the 

literature. 

• Unlike conventional methods, this model also reports the significance level for each 

property belonging to the reduced set. 
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In [27] a comparison between three methods of feature selection, sequential forward 

selection (SFS), interactive feature selection (IFS) and feature selection using genetic 

algorithms (GAFS) is done. The main results are: 

• By applying a test equation to determine the best fitness, the results show a 

performance equal to IFS and GAFS, higher than FSS. However, SFS is the fastest 

converging of the three. 

In [23] is presented an approach for feature selection in face recognition based on an 

algorithm that combines the technique of PCA with a memetic algorithm and use the 

norm Euclidean classifier. The conclusions presented are: 

• The recognition rate based on the features selected by the proposed method is better 

than those obtained by the method of eigenfaces for the same number of features. 

• The performance of the eigenfaces method improved by increasing the number of 

features, however the proposed method is better. 

The face recognition technique proposed in [36] incorporates a genetic algorithm 

(GA) for feature selection and Support Vector Machines SVM for classification. The 

input feature vector is extracted using the discrete cosine transform DCT. The efficiency 

was compared to other selection algorithms using mutual information. The main results 

are: 

• GA-SVM is effective in the selection of frequency characteristics, even if the 

sample set is very small. 

• The proposed method shows better performance than other methods based on 

mutual information criterion. 

In [37] a method of selection of semi-features based on genetic algorithms is 

presented, which use labeled samples to extend the training set labeled with feedback to 

a classifier. It concludes: 

• The experimental results show that the proposed approach can get 1% to 7% higher 

accuracy rates than other feature selection algorithms, supervised and semi-supervised. 
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3.2 Neural Network classification 

The thesis developed in [20] proposed a face recognition method divided into two 

stages: feature extraction by discrete wavelet transform (DWT), which reduces the 

dimensionality of the images and a second stage corresponding to the classification of 

the feature vectors through a multilayer perceptron neural network, as this type of 

network is capable of solving highly nonlinear problems and non-parametric 

classification of facial features. The main results of this research are: 

• The feature vectors extracted by DWT are suitable for face recognition. Daubechies 

wavelet filters of order 3 and order symlet 12 had the highest recognition rates. 

• The combination of neural network and the TWD provides a robust and efficient 

model that reduces some disadvantages of various methods of face recognition. 

In [30] a face recognition method based on correspondence analysis (CA) and neural 

networks is presented. In this case, the features are extracted using CA, then these 

features feed a multilayer perceptron network for classification and finally, the actual 

features are selected with an algorithm UTA. In conclusion, they presented the 

following: 

• 6 of 16 characteristics were effective. The recognition rate was higher with reduced 

features than with the full set, using less execution time. 

Research in [38] shows an application of neural networks to classification processes, 

focusing on the detection of defects in wood. The article describes a neural classifier 

which distinguishes 7 types of defects in wood. The features were extracted from the 

wood images using 2D Gabor filters. The method of Principal Component Analysis was 

done to reduce size of the result of the filters and to optimize the features. The main 

results are: 

• The recognition obtained with the training samples is 86% and recognition of 

83.91% using the test samples. This result is considered acceptable given that human 

inspector recognition reaches between 75% and 85%. 
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• The success of a classifier depends heavily on its entries. The most important stage 

in the design of a system is deciding what features will be taken as input to the neural 

network. 

The thesis presented in [39] shows another application of neural networks to pattern 

recognition in images. In this case, it focuses on medical image processing for 

recognition of breast cancer. They work on two areas: digital image processing and 

intelligent technology to find which best suits to this kind of problem. The main results 

are: 

• According to the results of hypothesis testing, the method of using the contour with 

concentric layers shows an improvement on previous research, achieving 85% hit. 

• The most promising parameters to enter as inputs to the network with the size of the 

contour, the minimum radius and maximum radius. 

 

The results presented in recent research show that the use of intelligent algorithms 

within the pattern recognition process yields better results in the classification. 

However, in tests done the number of classes is small (2 or 3), the features are specific, 

applies to one-dimensional signals and 2D signals are limited to face recognition and 

the genetic algorithm is used to tune parameters of other techniques. 

 

Thus, the proposed approach seeks to implement an effective feature selection based 

on genetic algorithms and classification with neural networks in pattern recognition. 

This approach is applied in images of metal pieces, in processes of classification and 

quality control, several fruits and recognition in images of faces, taking into account 

several characteristics of objects and several classes, reducing the size of features and 

minimizing the error rate. 
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CHAPTER 4. PROPOSED 

APPROACH 
 

The approach we propose consists of analytical and experimental design for pattern 

recognition by implementing known techniques of image processing and intelligent 

algorithms, taking into account results of recent researches. The development of a 

pattern recognition system using computational intelligence is proposed, which is 

validated by testing for recognition of different objects, measuring the performance of 

the classifier. 

 

4.1 Development of stages for recognition on images 

The problems of classification and pattern recognition include three basic stages: 

feature extraction, feature selection and, finally, the classification. System performance 

with respect to percentages of correct classification, reducing complexity and 

computing time can be improved by addressing variations in these elements [3]. The 

solution to this problem is proposed. Two of the three stages comprising the process of 

pattern recognition (selection and classification) will be developed using artificial 

intelligence techniques. These techniques have been selected according to the results 

that have been published in related works on this issue and also taking into account the 

concepts for which have been developed. 

The proposed research is presented. Basically the pattern recognition process can 

work through the following scheme, shown in Figure 5. 

The first stage refers to techniques used for image processing (filtering, resizing, 

binarization, etc.) which is necessary when working with images. This process is 

different in each case, from three databases selected for test. Each image needs some 

operations in pixels according to the conditions of illumination, position and others 

factors relative to image acquisition. 
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The second stage extracts a set of different characteristics (shape descriptors, 

statistical descriptors, coefficients, etc) which is the basis for pattern recognition. If the 

characteristics of the objects to be classified vary within a class, requires that the feature 

extraction stage in the image be robust [38]. In the case of face images has been 

implemented at this stage, the extraction of wavelet transform coefficients. For the other 

cases different descriptors are used. 

 

FIGURE 5 Scheme of proposed approach  

 

In the next stage the initial feature vector is reduced to those that are more effective 

in the process of pattern recognition to be classified. The main objective of the feature 

selection is to use fewer features to achieve the same or better performance [24]. 

In the feature selection stage we have implemented a genetic algorithm, assuming 

that the problem of pattern recognition is a complex optimization problem and use 

several stages [40]. Most algorithms in optimization theory usually work well if the 

objective function has all the prerequisites. However, GA is a searching algorithm based 

on population. GA is the best method for linear objective functions in a search space 

limited by linear constraints [40]. 

The fitness function defined in 2.2.1 is fundamental part in a Genetic Algorithm 

because the evolution of the generation reaches to optimize the fitness function and its 

behavior is related to find the best value. The purpose of the search strategy is to find a 

subset of features to optimize this function [24]. In this case we have implemented the 

percentage of misclassification as a function of evaluation. 
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 Error rate: The error rate is defined as the number of class classified incorrectly 

by the total number of classes, as (11). That it is necessary to evaluate a 

proportion of the original group of classes, separating the set in training and test. 

When the number of object to classify is low, the training objects are taken as 

test object too. It is know as closed evaluation [20]. 

 

                                                            (18) 

 

Where S is the error rate, l is the number of class classified incorrectly and m is 

the total set.  

In order to consolidate the results derived from this research, the kappa coefficient 

has been used into evaluation function. This coefficient is used in several investigations 

[26] [41] [42]. This value indicates the percentage of agreement on the classification 

when the random part has been eliminated, i.e., it shows how much has improved the 

classification system with respect to a random classification [40]. 

 Cohen’s Kappa coefficient: Cohen’s Kappa [25] was first introduced as a 

measure of agreement between observers of psychological behavior. The 

original intent of Cohen’s Kappa was to measure the degree of agreement or 

disagreement of two or more people observing the same phenomenon. Cohen’s 

kappa measures the agreement between two raters who each classify N items 

into C mutually exclusive categories [26]. The equation for K is: 

 

                                                    (19) 

 

Where  is the relative observed agreement among raters or the total 

agreement probability, and  is the hypothetical probability of chance 

agreement, using the observed data to calculate randomly the probabilities of 

each observer. If the raters are in complete agreement then . If there is no 

agreement between the raters, other than what would be expected by chance, 

then . The better performing classifiers should then have the higher K 

[26]. 
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In Figure 6 a flow chart of the procedure is presented. It displays the application of 

genetic algorithm to feature selection stage in the process of pattern recognition. 

The genetic algorithm generates an initial binary vector where each bit is associated 

with a feature: bit 1, the property is taken into account and bit 0 is not taken into 

account. This feature vector is applied to the training and tests images of the classifier of 

the k neighbors. The inputs to this classifier are the values of characteristic of the 

training images, with a correspondence to the class to which they belong. The outputs 

are the classes of test images. The classification error is calculated as the percentage of 

wrong classes. This process is repeated until the classification error found to be 

minimal. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

FIGURE 6 Flow chart of proposed approach for selection stage 

Binary vector represents subset of features. 
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The last stage consists of the classification process. The function of a classifier is to 

divide the space of representative characteristics of each pattern in many regions 

associated with a single class or label as required [29]. 

In this stage we have used a neural network. One of the main characteristics of neural 

networks is that they are capable of learning complex nonlinear relationships of input-

output, adapting to the data [32] and they have the ability to modify the parameters, 

which depends on their performance, according to changes in their environment. This 

makes them suitable for classification processes. 

In this case the neural network takes as input the feature vector selected by the 

genetic algorithm, and by training images provides interconnections so that it can 

perform functions of classification with minimal error. 

 

4.2 Implementation of the genetic feature selection approach 

The extraction algorithm of the original features runs independently of the genetic 

algorithm to reduce computation time, because the extraction includes image processing 

functions in a repetitive manner, which delays the execution. Additionally, the feature 

extraction algorithm is different for each database, because the treatment to be given to 

each image depends on the acquisition conditions and the type of classification given. 

The results are stored in an array of features that is used by the genetic algorithm. 

GA uses the original set of extracted features (descriptors and coefficients) to select 

the minimal number of features that provide the minimal error rate. It generates 

population (“1” for selected feature and “0” for not selected) and evaluate the error rate, 

applying the KNN classifier to the samples. This is trained and tested for each 

individual in the new population generated by the genetic algorithm, giving an error 

rate. This is defined as the ratio between the numbers of incorrectly classified images 

with respect to the total number of pieces of test. 

GA performs operations like reproduction, mutation and crossover to evaluate the 

error rate for each individual of the population.  GA evolves to find the best individual 

from population in each generation. The algorithm stops when the number of 
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established generations is exceeded. GA selects the best individual that has survived, 

crossed or mutated over all generations with the lower error rate and minimal selected 

features.  

The GA's search strategy is suitable, because it uses selection, reproduction, mutation 

and crosses which guarantee the best point or best individual according to the fitness 

function. However the performance of GA depends of the run parameters and of the 

initial feature vector, whether this vector is appropriated to distinguish between classes. 

 

4.3 Implementation of the neural classification approach 

The neural network is fed with the features selected by the genetic algorithm, which 

are normalized for all to have the same importance. A multilayer Perceptron network is 

used. It is a feed forward net with supervised learning. It has backpropagation learning 

algorithm with a single hidden layer. The number of neurons in hidden layer establishes 

interconnections between input neurons and output neurons.  

In all cases of study 20 neurons in the hidden layer were used, with the exception of 

Housing quality control, which were used 30 and face recognition, 40. This 

characterization was carried out experimentally.  

A net establishes links with some weights when it is trained. The results are different 

every training, then the learning must be supervised to guarantee better results. The 

results are suitable if a minimal error rate is obtained. The confusion matrix and ROC 

curve permit to know if the net can classify correctly the pattern from the input features.  

Neural networks are attractive because they require minimal prior knowledge of the 

problem and because they can get any complex decision region whatsoever, if trained 

properly [29]. 

 

 

 

 



36 
 

 

CHAPTER 5. EXPERIMENTAL 

FRAMEWORK 
 

5.1 Dataset for validation 

To validate our approach, we use three different datasets. These datasets have 

different features extracted and these are used for varied purposes: quality control, 

recognition of objects and identification of persons. Following the characteristics of 

each dataset are summarized.  

5.1.1 Automotive pieces dataset 

Two databases of metal pieces images in JPEG format are used to develop the 

genetic algorithm. These images were collected previously in [51]. One database 

contains three types of pieces in appropriated condition (Gear, Housing peak, Central 

gearbox), aim to identify three classes and the second database contains a single type of 

piece but in different states, classifying each piece in one of four possible states 

(rejected, accepted, defective or reprocessing piece). 

 

 

 

 

 

FIGURE 7 Examples of dataset for pieces recognition: Gear, Housing and 

Gearbox 

The original feature set is different for each database, because they correspond to 

different processes: recognition and quality control. In the first case 13 features are 
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taken and for the second 17, including descriptors of form, statistical moments and 

additional information of the pieces. 

To train and test the classifier are used 32 images of each class. Both for the 

recognition process and quality control only the main view of each piece are used, to 

facilitate these processes. 

The classifier parameters are set 10 nearest neighbors to catalog a piece of a class, 

taking into account the number of pieces of training. The genetic algorithm parameters 

are determined experimentally [43] by selecting the following: population size: 10, 

number of generations limit: 100, elite population: 2, crossing factor: 0.2. 

 

5.1.2 Fruits dataset 

For this second case study, fruits images were taken from the database AlOI 

(Amsterdam Library of Object Images) [44]. These images have a size of 192 * 144 in 

PNG format. Each fruit has several shots by changing the rotation every 5º, there are 

also two different types of images for each fruit, as shown in Figure 8. This will need to 

recognize 4 different classes (apples, lemon, orange and strawberry). The uniform 

background and correct lighting, favored the processing of these images. 

 

FIGURE 8 Examples of dataset for fruits recognition 

The original feature set has 23 values, corresponding to descriptors of shape, texture 

and statistical moments in grayscale. An extraction algorithm generates this initial set. 

Statistics were also taken in each one of the RGB planes. 
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To train and test the classifier are used 144 images of each class. Given the number 

of training images, the parameters of the classifier set 70 nearest neighbors to classify 

the fruit into a class. The genetic algorithm parameters were selected in the same way as 

for the first database. 

 

5.1.3 Faces dataset 

For test from the face recognition process, images were taken from the ORL database 

of AT&T Laboratories Cambridge [45], which presents variations in facial gestures and 

positions. In Figure 9 some examples of face images are exposed. 

 

FIGURE 9 Examples of faces dataset 

The original feature set corresponds to the wavelet coefficients of low frequency 

band, which contains information relevant to recognition between classes. The wavelet 

transform is one of the most used [3] [20] for face recognition, because of the 

information provided for this type of process. According to the results obtained in [20] 

the Daubechies of order 3 and Symlets order 12 have been selected from different 

wavelet families. Both show a lower percentage of error rates, and their properties are 

very similar. 

To train and test the classifier are used 10 images of each person to identify, for the 

recognition of 20 people. As the number of samples per class is smaller than the number 

of classes, then 10 pictures of each individual have been taken to perform validation, 

including images used in training. 
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As it has taken 70% of the images for training, 7 neighbors have been used in the 

classifier. In this case, the genetic algorithm is set to the following parameters: 

population size: 80, number of generations limit: 100, elite population: 2, crossing 

factor: 0.2. The size of the population is increased because there are a greater number of 

baseline characteristics. 

 

5.2 Design of experiments 

In order to consolidate the results derived from this research and verify the capability 

of GA with different metrics, two experiments were developed to evaluate the proposed 

approach. The first is to implement the percentage of misclassification in the fitness 

function and the second the fitness function seeks to maximize the kappa coefficient. 

The three databases have been used in both experiments. 

Tests are also implemented with another optimization algorithm, used widely in the 

literature [11], known as Sequential Forward Selection SFS, for each case study. The 

results with genetic algorithm and SFS are compared, in both experiments. Results with 

ANN, used in the classification stage, are also presented. Similarly, the results are 

compared with face-recognition research in [20] and [46], which presents results using 

various feature selection methods. 

The Repeated Holdout validation method is used for each case study, which allows 

estimating the classification error. This method is simple and it consists in dividing the 

available data in training data and validation data, typically: 30% data for test, and 70% 

data for training, as suggested in [47]. 

For the design of experiments, with the training and test sets for each database, 20 

repetitions for each case were done. In each repetition changed the training and test set, 

always keeping the ratio 70% -30% of the total set of images. Experiments were 

conducted for intervals with a confidence level of 90%. A paired t-test was done to 

compare performance of classifiers.  
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5.2.1 Validation methods 

The error rate is the probability that the classifier classifies incorrectly a subsequent 

sample to the samples used to design the classifier. The error classification in 

recognition must be estimated from every available samples, which are divided into  

training and testing sets. If the training set is small, the resulting classifier has a low 

capacity for generalization. On the other hand, if the test set is small, the reliability of 

the estimated error will be low.  

The estimation method that must be applied in design of classifier is selected taking 

into account if the number of samples per class is small (under 100) or if it is sufficient 

to generalize the result to other samples. In our case the number of data is considered 

small. 

When the number of data is sufficient the resampling method and Holdout method is 

used; if the number of samples is small the Repeated Holdout, k-fold cross-validation, 

Leave-One-out, Jackknife, Bootstrap and Bolstered methods are implemented. 

Following some methods of validation are defined according to [48]: 

 Resampling: the model is learned from all the available data and then tested on 

the same set of data. This validation process uses all the available data but 

suffers seriously from over-fitting. That is, the algorithm might perform well on 

the available data but poorly on future unseen test data. 

 

 Hold-out: A natural approach is to split the available data into two non-

overlapped parts: one for training and the other for testing. The test data is held 

out and it is not looked at during training. Hold-out validation avoids the overlap 

between training data and test data, yielding a more accurate estimation for the 

generalization performance of the algorithm. The downside is that this procedure 

does not use all the available data and the results are highly dependent on the 

choice for the training/test split. The instances chosen for inclusion in the test set 

may be too easy or too difficult to classify and this can skew the results. 

Furthermore, the data in the test set may be valuable for training and if it is held-

out prediction performance may suffer, again leading to skewed results. 
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 Repeated Holdout: The problem presented in Holdout validation can be partially 

addressed by repeating hold-out validation multiple times and averaging the 

results, but unless this repetition is performed in a systematic manner, some data 

may be included multiple times in the test set, while others are not included at 

all, or conversely some data may always fall in the test set and never get a 

chance to contribute to the learning phase. A high number of repetitions and 

stratified data guarantee to avoid this drawback. Stratification is the process of 

rearranging the data as to ensure each fold is a good representative of the whole. 

This method is simple and training and test set are independent.  

 

 K-fold Cross-validation: In k-fold cross-validation the data is first partitioned 

into k equally (or nearly equally) sized segments or folds. Subsequently k 

iterations of training and validation are performed such that within each iteration 

a different fold of the data is held-out for validation while the remaining k-1 

folds are used for learning. Data is commonly stratified prior to being split into k 

folds.  

 

 Leave-One-out: it is a special case of k-fold cross-validation where k equals the 

number of instances in the data. This is, in iterations nearly all the data except 

for a single observation are used for training and the model is tested on that 

single observation. 

 

 Repeated K-fold Cross-validation: In k-fold cross-validation, only k estimates 

are obtained. A commonly used method to increase the number of estimates is to 

run k-fold cross-validation multiple times. The data is reshuffled and re-

stratified before each round. 

 

5.2.2 Comparison of classifiers 

One result presented in this thesis is a comparison of two classifier used widely in 

pattern recognition: K-Nearest Neighbor (KNN) and Artificial Neural Networks (ANN). 
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In literature do not exist a specific method to compare performance of classifiers. 

Sometimes the average error is used like comparison criterion, but it is not sufficient to 

decide which classifier is better. In [49] some methods are exposed. It is summarized 

following: 

 Averaging over datasets: Some authors of machine learning papers compute the 

average classification accuracies of classifier across the tested data sets. If the 

results on different data sets are not comparable, their averages are meaningless. 

Averages are also susceptible to outliers. They allow classifier’s excellent 

performance on one data set to compensate for the overall bad performance, or 

the opposite, a total failure on one domain can prevail over the fair results on 

most others. There may be situations in which such behavior is desired, while in 

general we probably prefer classifiers that behave well on as many problems as 

possible, which makes averaging over data sets inappropriate. 

 

 Paired t-test: A common way to test whether the difference between two 

classifiers’ results over various data sets is non-random is to compute a paired t-

test, which checks whether the average difference in their performance over the 

data sets is significantly different from zero. Let c1i and c2i be performance 

scores of two classifiers on the i-th out of N data sets and let di be the difference 

c2i−c1i. The t statistics is computed as d/d and is distributed according to the 

Student distribution with N −1 degrees of freedom [49]. For this test to be valid 

the differences only need to have approximately a normal distribution. 

Therefore, it would not be advisable to use a paired t-test where there were any 

extreme outliers.  It would be useful to calculate a confidence interval for the 

mean difference to tell us within what limits the true difference is likely to lie 

[50]. A confidence interval for the true mean difference is: 

 

                                              (20) 

 

Where Sx and Sy are the deviations of the two classifiers compared and  is the 

difference between means. If the interval includes cero value, then there is a 
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difference statistically significant between two compared classifier, with a 

confidence level of 100(1-)%.  

 

5.2.3 Experiment 1 

This first experiment implements the error rate into the fitness function for minimize 

this value. The classification is performance by a KNN. To make the genetic algorithm 

minimizes the classification error and also reduces the size of features to optimize the 

value, the following expression was considered: 

         
featuresTotalk

subsetFeature
errorV

_*

_
%min                                    (21) 

Where the term Feature_subset expresses the reduced dimension of features, 

Total_feature is the original dimension and the factor k is placed to give priority to 

reducing the percentage of error. This factor minimizes the term that involves the 

amount of features. It is determined experimentally and selected 10 for metal pieces and 

for fruit and 1 for face recognition. 

A program that repeatedly runs the genetic algorithm is implemented aim to obtain 

the same characteristics for a minimum error selected, each time it is run under the same 

test conditions. 

 

5.2.4 Experiment 2 

The error rate is changed by the definition for kappa to design this second 

experiment [25]: 

                          )Pr(1

)Pr()Pr(

e
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K






                                                    (22) 

Where  is the percentage of hits and    is the coefficient due to chance. If 

classes are classified in complete agreement, then K = 1; If the hits are lower than those 
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given by chance . The best performing classifier should then have a larger K 

[26]. 

Just as in the error rate case, it is taken into account that genetic algorithm reduced 

the number of features and in addition to increasing K. Then the second term of 

equation (21) is included into the value to optimize. The KNN classifier is used in this 

experiment again.  
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CHAPTER 6. RESULTS AND 

DISCUSSION 
 

In this chapter we present the results obtained with the implementation of genetic 

algorithm approach for each database. An analysis about the proposed method is 

presented, taking into account comparisons with others methods.   

 

6.1 Error rate vs. Number of features 

6.1.1 Automotive Pieces dataset 

The first database is the Automotive Pieces with process of recognition and quality 

control. In this case several runs of the genetic algorithm were made. All runs give the 

same value which presented the selection of a set of features for a minimum error. The 

initial feature vector for piece recognition is grouped in set-1:  

1) Area 

2) Number of holes 

3) Diameter 

4) Eccentricity 

5) Length of mayor axis 

6) Length of minor axis 

7) Perimeter 

8) Mean 

9) Standard deviation 

10) Smoothness 

11) Third statistical moment 

12) Uniformity 

13) Entropy  
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In Figure 10 the evolution of Fitness value of the GA by generation is showed, with 

values for Best fitness and Mean fitness in each population generated. The selected 

features are showed too.  
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FIGURE 10 Behavior of GA for classification of three pieces 

This case represents the classification of three pieces: Gear, Housing and Gearbox. 

For this first case, we obtained an average percentage of classification error of 3.7% 

only with the selection of feature number 7, which corresponds to the perimeter of the 

piece. The term “Best” in the Figure 10 is equal to Vmin in eq. (21) 

For quality control, 4 features of set-2 are added to the above list of 13 features for 

piece recognition: 

14) Percentage of rusted area 

15) Distance between small holes 

16) Distance between large holes 

17) Number of teeth 

In the case of Gear’s quality control also several runs were made. In those runs 3 

features were selected for a minimum error corresponding to the mean, distance 

between small holes and number of teeth. These characteristics agree with those used for 

quality control developed in [51]. The average classification error is 6.25%. In Figure 

10 the evolution of GA and selected features are presented. 
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FIGURE 11 Behavior of GA for quality control in Gear 

 

Likewise, the algorithms were developed for the quality control of Gearbox and 

Housing. Classified classes correspond to different states of the pieces (accepted, 

rejected, defective, and reprocessing). 

0 10 20 30 40 50 60 70 80 90 100
0

0.1

0.2

0.3

0.4

Generation

F
it
n
e
s
s
 v

a
lu

e

Best: 0.011765 Mean: 0.013529

 

 

0 2 4 6 8 10 12 14 16 18
0

0.5

1

Number of variables (17)

C
u
rr

e
n
t 

b
e
s
t 

in
d
iv

id
u
a
l

Current Best Individual

Best f itness

Mean fitness

 

FIGURE 12 Behavior of GA for quality control in Gearbox 
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For quality control of the Gearbox, the algorithm determined that the effective 

features correspond to the mean and the percentage of rusted area of the piece. With 

these two features a 2.36% classification error was obtained for the test images used.  In 

Figure 12 the evolution of GA and the selected features for the Gearbox case are 

showed. 

In the case of the Housing, the classification error averaged was 3.89%, using 92 

training images and 27 test images. The three features selected to give a minimum error 

are: number of holes, diameter and the third statistical moment. In Figure 13 the 

evolution of GA and the selected features for this case are showed. 
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FIGURE 13 Behavior of GA for quality control in Housing 

 

The results of error rates for an increment in the number of features was analyzed for 

a classification with four classes and a case of quality control (Housing), taking the best 

results for each subset. The error rate vs. number of features is presented in Figure 14.  
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FIGURE 14 Error rates vs. the number of characteristics for quality control of 

Housing 

An additional test for recognition of pieces was performed, but increasing the 

number of classes to 4 (Gear, Housing and two different views of the piece Gearbox).  
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FIGURE 15 Behavior of GA for classification of four classes 
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In this case the selected features were the diameter and perimeter. The average 

classification error was 3.33% using only these two characteristics. According to result 

in Figure 10 and 15, the selected features change when an additional class was taken. 

Equally the number of features increased with this other feature. 

In Figure 16 the error rate vs. the number of features show that an increment of 

features do not improve the performance of classifier, i.e. there are a minimum of 

features that guarantee the best performance of the classifier.  

0 2 4 6 8 10 12 14
2.5

3

3.5

4

4.5

5

5.5

6

Number of features

E
rr

or
 r

at
e 

(%
)

 

FIGURE 16 Error rates vs. the number of characteristics for classification of 

four pieces 

Although the three types of pieces have similar patterns in the quality control process 

for each case, different features were selected. When another class is included in the 

recognition process the selected features are also different. Among these features 

include descriptors of shape, texture, statistical moments and invariant moments. 

As expected, an increase in the number of features increases the percentage of error 

in the recognition process, since there are similar features for classes, which makes its 

recognition hard to use more characteristics. Similarly, when using fewer features than 

selected one, it also increases the percentage of error. 
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6.1.2 Fruits dataset 

For database of the recognition process of fruit (apple, strawberry, lemon and 

orange) several runs of the genetic algorithm was made, giving the same value each run. 

The initial set of features corresponds to the set-1 of 13 features, presented above, and 

10 additional: 

14) Mean of red plane 

15) Mean of green plane 

16) Mean of blue plane 

And 7 invariant moments. 

Only 2 features were selected of an initial set of 23, which correspond to the length 

of minor axis and the third invariant moment, as it is showed in Figure 17. In Figure 18 

shows the different error rates, when increasing the number of features used in 

recognition.  
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FIGURE 17 Behavior of GA for classification of fruits 
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FIGURE 18 Error rate based on the number of features for recognition of 

fruits 

 

Just as the database for metal parts, increasing the number of features, the error rate 

increases, because there are characteristics that are similar to several classes, making 

difficult their recognition. 

 In tests, an average classification error of 1.7% was obtained, using 400 training 

images and 176 for testing. 

 

6.1.3 Faces dataset 

In the database for the process of recognizing people in images of faces, several runs 

of the genetic algorithm were performed, giving the same value each time. The number 

of classes to identify corresponds to first 20 people in database of ORL. The initial 

features are the wavelet coefficient, with four level of decomposition. The selected 

features are showed in Figure 19, with the evolution of GA until 100 generations. 
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FIGURE 19 Behavior of GA for identification of faces 

In this case the original set of features is great, because it is a series of wavelet 

coefficients. These coefficients allow a good recognition of faces. For this reason, even 

using more features, low error rates are obtained, as shown in Figure 20. The average 

error rate was 7.3% using only 7 coefficients. 
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FIGURE 20 Error rate based on the number of features for face recognition 
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Error rate increased if the number of features is very low or if the information is 

redundant, when the number of features increased. The error rate remains less than 10% 

using more wavelet coefficients, but the minimal number of features with low error rate 

was using only 7 coefficients.  

 

6.2 Results for experiment 1 

The results obtained with the two optimization algorithms (GA and SFS) with KNN, 

are presented. In the SFS algorithm a vector of zeros for features was taken as starting 

point. We compare error rates with reduced features and with all of these for each case 

evaluated, and the number of features used. 

In Figure 21 shows a comparative graph of error rates with reduced features using a 

genetic algorithm, SFS algorithm and all of these characteristics for each case evaluated. 

The proposed approach with GA in feature selection presented the lower error rate in all 

case studies. 

 

FIGURE 21 Feature reduction results for different case studies 

In Figure 22 presents a comparative graph of the number of features selected by SFS 

optimization algorithm and GA. In this case the SFS selected less or equal features that 

the GA. However, the error rate presented in Figure 21 for SFS is higher than GA. 
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According to Figure 21 and 22, the error rates of the genetic algorithm are lower than 

the results of the SFS algorithm. However, in some cases, the SFS algorithm had a 

greater reduction in the number of selected features. 

 

FIGURE 22 Number of selected features from SFS and genetic algorithm 

Likewise, tests were performed with equal amount of features as selected by the 

genetic algorithm, but a different set. The results for each case study are shown in 

Figure 23, with the minimum values obtained for different subsets. These subsets were 

selected randomly. 

 

FIGURE 23 Results with other subsets of features for various case studies 
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According to the results shown in Figure 23, the genetic algorithm not only reduced 

the size of features selected but that provided a lower percentage of error. 

 

6.3 Results for experiment 2 

In this second experiment, the genetic algorithm selected the same subset of features 

that in the first experiment, except for face recognition, which selected the same number 

but different characteristics. 

The results obtained with GA and SFS algorithms in experiment 2 are presented 

(fitness function is the kappa coefficient). 

According to Figure 24 for the second experiment, the genetic algorithm showed 

higher values of kappa, as compared to the SFS algorithm and with the full set of 

features. 

Only for the quality control of Gearbox and the recognition of three pieces, the 

results were the same as the SFS algorithm. This is because we used a fitness function 

(kappa coefficient) which improved the results of the SFS algorithm, compared with the 

percentage of error as a fitness function. 

 

FIGURE 24 Results for feature reduction for different case studies. 

Experiment 2. 
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In [52] proposes an assessment to the degree of agreement of the classifiers based on 

the value of kappa, which is shown in Table 2. Values greater than 0.6 indicate 

substantial agreement between predicted and observed data [42]. According to the 

results shown in Figure 24, the proposed approach with GA had values above 0.9. 

TABLE 2.  INTERPRETATION OF AGREEMENT IN TERMS OF KAPPA COEFFICIENT [52] 

Kappa Degree of agreement 

<0 No agreement 

0-0.2 Negligible 

0.2-0.4 Fair 

0.4-0.6 Moderate 

0.6-0.8 Substantial 

0.8-1 Excellent 

 

As shown in Figure 25, the SFS algorithm in this second experiment selected a lower 

or equal number of features compared with the genetic algorithm. Similar results to 

those obtained in Experiment 1, which uses fewer features, but with a higher percentage 

of error. 

 

FIGURE 25 Number of features selected from SFS and genetic algorithm. 

Experiment 2. 
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By taking some subsets of features in the same amount as those selected by the 

genetic algorithm, it continues to have better results with this method, as shown in 

Figure 26. 

 

FIGURE 26 Results with other subsets of features for various case studies. 

Experiment 2. 

 

Taking into account the result obtained of Experiment 1 and Experiment 2, the 

feature selection with GA have better values in fitness function: it selected a minimal 

amount of features, which had a lower error rate or higher Kappa value.  

Although SFS algorithm, in some cases, presented less number of features, do not 

have better result in fitness function than GA.  

Using Kappa coefficient in fitness function, SFS improved the results, but only in 

quality control of Gearbox and classification of 3 pieces the results was equal to GA.  
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6.4 Evaluation of classifiers 

6.4.1 Performance of ANN approach 

Following the performance of ANN in each case study is presented. Confusion 

Matrix presents how the classifier selected the class, comparing the real classes with the 

classified classes. Based on the confusion matrix some performance indicators are 

obtained [53]:  

 Proportion of True Positives (Effectiveness): PTP=TP/(TP+FN) 

 Proportion of False Negatives (Positive error): PFN=FN/(TP+FN) 

 Proportion of True Negatives (Specificity):PTN=TN/(TN+FP) 

 Proportion of False Positives (Negative error):PFP=FP/(TN+FP) 

ROC curves show the tradeoff between effectiveness and specificity of the classifier, 

an increase in sensitivity is accompanied by a decrease in specificity. That is, the ROC 

curves show the relationship between samples classified correctly (PTP) and samples 

that do not belong to the class but they were classified into the class (PFP) [53].  

In ROC space the PFP is drawn as an independent variable and PTP as the dependent 

variable. Each classifier is represented by point (PFP, PTP). The curve closest to the left 

and top edges in the ROC space, is the most accurate test because it means there is 

greater success. The curve closest to the diagonal of 45 degrees in the ROC space, the 

test is less successful [53]. 

Following, for each case study the confusion matrix and ROC curve is presented for 

the best training Neural Network. The features were normalized before to feed the net, 

aim to balance weigh into the net. 

In recognition, the classes 1,2,3 and 4 correspond to Gear, Housing, side view of the 

Gearbox and front view of Gearbox, respectively.  In quality control the classes 1,2,3 

and 4 correspond to accepted, rejected, defective and reprocessing, respectively. For 

fruits, the classes 1,2,3 and 4 are apple, strawberry, orange and lemon, respectively. For 

faces, the classes correspond to different people. 
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FIGURE 27 Confusion Matrix and ROC curve for recognition of 3 pieces 

       

FIGURE 28 Confusion Matrix and ROC curve for recognition of 4 pieces 

In the cases of recognition for 3 and 4 pieces the recognition rate is high and ROC 

curve show a good performance, according to Figure 27 and 28.  

    

FIGURE 29 Confusion Matrix and ROC curve for quality control of Gear 

In this case the error rate is high. However the performance is good. 
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FIGURE 30 Confusion Matrix and ROC curve for quality control of Housing 

   

FIGURE 31 Confusion Matrix and ROC curve for quality control of Gearbox 

Taking into account the result presented in Figure 29, 30 and 31, the ANN has a 

good performance in process of quality control of the automotive pieces tested.  

   

FIGURE 32 Confusion Matrix and ROC curve for recognition of fruits 

The ANN has an excellent performance for the set of faces taken for training the net. 
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For faces, the confusion matrix is showed in Figure33. ROC curve is presented in 

Figure 34. 

 

FIGURE 33 ROC curve for identification of faces 

 

FIGURE 34 ROC curve for identification of faces 
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According to Figure 33 and 34 and the confusion matrix, from 10 images of the face 

#15, 5 were incorrectly classified: 3 were classified into class #5 and 2 into class #9. 

This is represented by the curve below the line of 45º in ROC curve, showing a bad 

classification for this class. However, the total error rate for the 20 classes is low 

(4.5%), using this net.  

 

6.4.2 Comparison of classifiers 

The average error rate and the confidence interval for each case study is shown in 

Table 3, taking into account that 20 repetitions were performed to reduce the interval 

and set a confidence level of 90%, as it was described in the experimental framework. 

The results with the KNN classifier and ANN classifier are compared. Both classifiers 

take the features selected by the GA as inputs. 

Using ANN in the classification stage improved recognition rates in Fruits, Faces, 

Housing and Gearbox, using the features selected by the genetic algorithm, as presented 

in Table 3. 

 

TABLE 3.  CONFIDENCE INTERVAL ERROR RATE FOR VARIOUS CASE STUDIES 

Case  Study %Error(KNN) 
Confidence 

Interval 
%Error (ANN) 

Confidence 
Interval 

Pieces(3 
classes) 

3.70% 2.5%-4.8% 2.85% 2.4%-3.2% 

Gear 6.25% 5.7%-6.7% 6.23% 5.6%-6.8% 

Housing 3.89% 3.4%-4.4% 2.95% 2.6%-3.3% 

Gearbox 2.36% 1.6%-3.2% 0.34% 0.1%-0.5% 

Pieces(4 
classes) 

3.33% 2.5%-4.1% 2.78% 2.2%-3.3% 

Fruits 1.70% 1.1%-2.2% 0.31% 0.1%-0.5% 

Faces 7.3% 6.8%-7.7% 4.2% 4%-4.4% 
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In the case of the piece Gear and recognition of pieces with 3 and 4 classes, 

confidence intervals overlap, then it is considered that there is no significant difference 

in the results of two classifiers, for these cases. Additionally, a paired t-student test is 

done to evaluate and to compare the classifier. 

 

PAIRED T-STUDENT TEST 

To compare two classifier used, KNN and ANN, paired t-student test was applied in 

each case study. The eq. (20) was implemented. The results are presented in Table 4. 

TABLE 4.  PAIRED T-STUDENT TEST 

Case  Study  SKNN SANN Confidence Interval 

Pieces(3 classes) 0.86 2.94 1.02 (-0.35,2.06) 

Gear 0.03 1.23 1.57 (-0.74,0.79) 

Housing 0.94 1.39 1.02 (0.27,1.61) 

Gearbox 2.02 2.07 0.54 (1.19,2.85) 

Pieces(4 classes) 0.55 2.13 1.38 (-0.43,1.53) 

Fruits 1.39 1.41 0.47 (0.81,1.97) 

Faces 3.10 1.04 0.43 (2.64,3.55) 

 

The cases of quality control of Gear and recognition of three and four classes of 

pieces include cero value into the confidence interval. Then, in these cases there are not 

statistical differences in performance of KNN and ANN classifiers. In recognition of 

fruits and identification of faces, ANN has performance higher than KNN. 

 

6.5 Comparison with other approaches 

In the related works section the results of research related to pattern recognition in 

images have been presented. In the thesis developed in [20], whose results were 

published in [46], wavelet transform for feature selection and neural network 
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classification are implemented. The authors compare their results with other proposed 

methods of feature selection in faces, developed in [54]. These results are presented and 

compared with our proposed approach in Table 5. Following, the methods are briefly 

explained: 

 Eigenfaces: The eigenface method as one of the most successful appearance-

based face recognition approaches adopts PCA. PCA is an unsupervised 

technique linearly transforming an original set of variables into a 

substantially smaller set of uncorrelated variables that represent most of the 

information in the original set of variables. Such a technique transforms the 

data to a new coordinate system where the largest variance by any projection 

of the data comes to lie on the first coordinate [23]. 

 

 Discrete cosine transform: Discrete Cosine Transform of an N x N cosine 

transform matrix C = {c (k, n)} is defined as      

               (23) 

                         

The basis vectors of the cosine transform are the eigenvectors of the 

symmetric tri diagonal matrix. On applying the DCT, the input signal will get 

decomposed into a set of basis images. For highly correlated data, cosine 

transforms show excellent energy compaction. Most of the energy will be 

represented by a few transform coefficients [56]. 

 

 Gabor filter: the impulse response of the complex two-dimensional Gabor 

filter is given as the product of a Gaussian low-pass filter with a complex 

exponential. A procedure similar in concept to the DTWT (Discrete Time 

Wavelet Transform) one is to employ a bank of two-dimensional Gabor 

filters to perform the splitting of the image into a number of frequency bands. 

The choice of the Gabor filters is justified by the fact that these filters offer 

the optimal trade-off between spectral bandwidth and spatial localization [1]. 
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 Discrete Walsh transform: The discrete Walsh transform is found useful in 

image processing tasks such as image coding, pattern recognition, and 

sequence filtering. The discrete Walsh transform (DWT) can be computed 

using algorithms similar to the DFT algorithms [57]. 

 

For comparison, the parameters described in [20] are used in the performance of face 

recognition experiments with the ORL database [45]: 

 The first 30 individuals in the database were considered for evaluation. 

  The first five images of each individual were used for training. 

  The 10 images of 30 individuals were tested in the evaluation phase. 

 A multilayer Perceptron neural network with one hidden layer with 40 neurons 

was used. The training was conducted with the backpropagation algorithm. 

  In the discrete wavelet transform was used Symlets filter order 12 and a level 4 

of decomposition  

As shown in Table 5, the proposed method reduced significantly the number of 

features used, with a higher recognition rate. Just as the method developed in [20], in 

this case was implemented the discrete wavelet transform in the feature extraction stage 

and a neural network was used as classifier, with the same parameters. 

TABLE 5.  COMPARISON OF PERFORMANCE WITH OTHER METHODS OF SELECTION 

Method 
Number of 

features 
% Recognition 

Eigenfaces 150 83 
DCT 160 90.67 

GF 108 85.67 
Discrete Walsh Transform  80 75.33 
Eigenfaces + GF 258 92 

Eigenfaces + GF + Discrete 

Walsh Transform 
338 86.7 

DWT (level 3) 168 87.33 

DWT (level 4) 42 88.67 
Proposed Method  11 94 
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However, a GA is implemented with the error rate as a fitness function, to reduce the 

number of wavelet coefficients to be used by the ANN. This represents an additional 

stage in the process of face recognition, compared with the proposed method in [20]. 
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CHAPTER 7. CONCLUSIONS 
 

Given these presented results, the stage of feature selection using a genetic algorithm 

eliminates the redundant information reducing the number of features for the 

recognition process. In addition it allows getting lower error rates in this process. 

From tests the influence of the classifier in the genetic algorithm performance is 

perceived. For one single neighbor, the features in each run were quite different, 

although sometimes with the same minimum value of error. When the number of 

neighbors increases, it is observed that the behavior of the algorithm is more uniform 

and the reduction is more effective. 

Additionally, an iterative algorithm is used. It allows performing multiple runs of the 

GA and thus showing the best characteristics with a minimum classification error. 

 It can be seen, according to the results shown in the graphs, that the reduction of the 

number of features is significant, with misclassification very low compared with the 

errors by using all the features or a larger number of them. 

Similarly, not only achieved a reduction in the feature space, but also a qualitative 

selection optimum, because in spite of using a minimum number of features with other 

subsets were not achieved error rates lower than the genetic algorithm. 

For an increment in the feature set an increment in the percentage of error of the 

classifier is presented, because the classes tend to have similar values in certain 

properties. In the case of face recognition to an increase in the number of wavelet 

coefficients, error rates remain low. This is because these coefficients provide a good 

identification of faces [20]. 

The SFS algorithm is the simplest search algorithm. It begins a series of empty 

characteristics then features are added to get the best value in the fitness function of the 

algorithm. Stops when adding another feature not get better value in the fitness function 

[55]. This algorithm finds local minimum, without the possibility of reaching the 

optimal solution. 
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This limitation makes SFS generates a vector with a minimum error rate, but not one 

that optimizes the fitness function. Thus, the genetic algorithm is not concentrated in a 

local minimum but allows reaching the best solution, because it generates crossing of 

populations and not along a gradient. 

Kappa coefficient, defined in [25], was implemented also in the fitness function of 

genetic algorithm to analyze the results of feature selection. The kappa coefficient is a 

more robust calculation of the percentage of correct classification, because it takes into 

account the agreement due to chance [26]. This measure also had lower error rates and a 

reduction in the number of features. 

For purposes in which it has been used, the KNN classifier is efficient and easy to 

implement. It was used in the function of evaluation in the selection by GA, obtaining 

low percentages of error. However, the type of classes and number of classes affects the 

classification error, as can be verified with the results in the recognition process (for 3 

and 4 classes). Additionally, in the classification stage neural networks were 

implemented, improving the recognition of the classes. It is because neural networks 

relate inputs (characteristics) and outputs (classes), with learning processes that improve 

the relations between these.  In our approach, with the GA the features were selected 

effectively and the neural networks reduce the percentage of error 

Using a neural network in the classification stage improved recognition rates, using 

the features selected by the genetic algorithm, as presented in Table 3. It is because 

neural networks relate inputs (characteristics) and outputs (classes), with learning 

processes that improve the relations between them.  In our approach, with the GA the 

features were selected effectively and the neural networks reduce the percentage of 

error. Only in some case as pieces recognition and quality control of Gear, the results of 

ANN are similar to those showed by the KNN classifier. 

When comparing the performance of the proposed approach to other authors in the 

face recognition the results are better when implementing a genetic algorithm in the 

selection stage and a neural network in classification, because it greatly reduces the 

dimension of features used and a higher percentage of recognition is obtained. As a 

counterpart, the proposed approach must apply an additional step, after obtaining the 

wavelet coefficients, which corresponds to the selection process made by the genetic 

algorithm to minimize the number of features that come into the neural network. 
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CHAPTER 8. FUTURE WORK 
 

In this research a comparative analysis between classifiers has been developed taking 

into account the error rate. However an important study would be to analyze the 

computational cost and the execution time of classifiers, taking into account that 

patterns recognition can be applied in real time and the hardware implementation have 

to be minimally complex.  

The interface for face recognition iFaces is being developed in Matlab as part of 

project funded by Colciencias. The first stage or functionality has implemented the 

proposed approach in feature selection: a person is identified from a database, showing 

some personal data and an own picture. The features has been selected previously and 

used by a KNN classifier to recognize the face. An ANN has not been implemented to 

avoid the supervised training that it requires and make easy the interface with the user.  

In future stages for iFaces other functionalities has been proposed as: add an 

individual to database, delete an individual from database and modify the personal 

information. 
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ANEXO  
A. FLOW CHART FOR EXTRACTION, SELECTION AND CLASIFICATION 

 
 

 
 

 
 
 
 
 
 

 
 
 
 

 
 

 
 
 

 
 

 
 
 
 
 

 
 
 
 
 
 

 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 

INPUT IMAGE 

Image processing: resize, gray 

scale, binarization, filtering. 

Extract regional, texture, 

statistical and others descriptors. 

Group descriptors in a feature 

vector. 

Binary vector represents subset of features. 

Apply to training images of k-

neighbor classifier 

Apply to testing images 

of k-neighbor classifier 

 

Classify the test images with k-neighbor classifier 

Calculate the classification error 

Minimum 

error? 

Generation of population, selection, reproduction, mutation, 

crosses. 

Image processing: resize, gray 

scale, binarization, filtering. 

Extract regional, texture and 

statistical descriptors for each 

color plane and invariant 

moments. 

Group descriptors in a feature 

vector. 

Apply wavelet with N levels of 

decomposition. i=0 
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Take approximation coefficients 

in a vector. 

Normalize feature vector. 
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Selected features. 
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B. ALGORITHMS FOR EXTRACTION, SELECTION AND CLASIFICATION 

AUOTOMOTIVE PIECES  

 

 Extraction 
 

%%%%Preprocesamiento de la imagen%%%% 

  
function vect2=processim(imagen) 

 
%%%primer procesamiento por defecto. 
    imagenr=imresize(imagen,[500 500]); 
    g2=rgb2gray(imagenr); 
    cbw=im2bw(imagenr,0.5*graythresh(imagenr)); 
    f=adpmedian(cbw,7); 
    [L,num] = bwlabel(f) ; %determina el número de objetos en la 

imagen 
    %%si hay más de un objeto en la imagen es porque está mal 

procesada, 
    %%entonces se toman otros parámetros. 
    if num>1 
        imagenr=imresize(imagen,[200 400]); 
        imagen1=rgb2gray(imagenr); 
        g2=imadjust(imagen1,[0.1 1],[0 0.8]); 
        cbw=im2bw(g2,0.5*graythresh(g2)); 
        f=adpmedian(cbw,10); 
    end 

     
    [L,num] = bwlabel(f) ; %determina el número de objetos en la 

imagen 

 
    %%si hay más de un objeto en la imagen es porque está mal 

procesada, 
    %%entonces se toman otros parámetros. 
    if num>1 

Training the net with images of dataset. 

Net with 

minimum error? 

Selected features. 

Apply the net in classification system.  

CLASSIFICATION 
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        imagenr=imresize(imagen,[400 300]); 
        imagen1=rgb2gray(imagenr); 
        g2=imadjust(imagen1,[0.09 1],[0 0.8]); 
        cbw=im2bw(g2,0.2*graythresh(g2)); 
        f=adpmedian(cbw,22); 
    end 

  
    [L,num] = bwlabel(f) ; %determina el número de objetos en la 

imagen 

     
    %%si hay más de un objeto en la imagen es porque está mal 

procesada, 
    %%entonces se toman otros parámetros. 
    if num>1 
        imagenr=imresize(imagen,[400 200]); 
        imagen1=rgb2gray(imagenr); 
        g2=imadjust(imagen1,[0.1 1],[0 0.8]); 
        cbw=im2bw(g2,0.5*graythresh(g2)); 
        f=adpmedian(cbw,10); 
    end 

     
    [L,num] = bwlabel(f) ; %determina el número de objetos en la 

imagen 

     
    %%si hay más de un objeto en la imagen es porque está mal 

procesada, 
    %%entonces se toman otros parámetros. 
    if num>1 
        imagenr=imresize(imagen,[300 400]); 
        imagen1=rgb2gray(imagenr); 
        g2=imadjust(imagen1,[0.09 1],[0 0.8]); 
        cbw=im2bw(g2,0.2*graythresh(g2)); 
        f=adpmedian(cbw,22); 
    end    
 

imnew=immultiply(g2,f);%%muestra la imagen con un fondo más uniforme  
 %características de la pieza total 
stat1=regionprops(bwlabel(f),'Area','EulerNumber','EquivDiameter','Con

vexImage','FilledImage', 

'Image','Eccentricity','MajorAxisLength','MinorAxisLength','Perimeter'

);  

  
vect1=cat(2,stat1.Area,stat1.EulerNumber,stat1.EquivDiameter,stat1.Ecc

entricity,stat1.MajorAxisLength,stat1.MinorAxisLength,stat1.Perimeter)

; 
%%descriptores estadísticos de primer orden. 
desc1=statxture(imnew); 

  
vect2=cat(2,vect1,desc1); 
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 Selection: fitness function.  
 
function porc_error=fun_error(vectorGA) 

  
load kvecinos 
%%%%%etapa de entrenamiento del clasificador%%%%%%% 
%%%arroja el vector de características de las imágenes de 

%%%entrenamiento a clasificar 
%  
for i=1:92  %esto es 21*3 21 es el 70% de 32 
%     eval(['imagenT= imread(','''piezaT', num2str(i),'.jpg'');']); 
%     vect_caracT=processim(imagenT); 
    multT1=multT(:,i); %vectorGa es binario, entonces elimina algunas 

características 
    training(:,i)=multT1'.*vectorGA; 
end 
%  
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
training=training'; 

  
%%%arroja el vector de características de las imágenes de prueba a 
%%%clasificar 
%  
for j=1:36  %esto es el 30% de 32 9*3 
    multS1=multS(:,j); 
    sample(:,j)=multS1'.*vectorGA; 
end 
%  
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
sample=sample'; 

  
%%%las clases a las que pertenecen las imágenes de entrenamiento 
group(1:23,1)=1; 
group(24:46,1)=2; 
group(47:69,1)=3; 
group(70:92,1)=4; 

  
class = knnclassify(sample, training, group,10);  

%arroja las clases de sample 
%%%clases a las que pertenecen las imágenes de prueba (esto es para 

%%%sacar el porcentaje de error 

  
class_real(1:9)=1; 
class_real(10:18)=2; 
class_real(19:27)=3; 
class_real(28:36)=4; 

  
%%%diferencias entre lo que dice el clasificador y lo que realmente es 
diferencias=class_real-class'; 
%donde diferencias=0 entonces clasificó correctamente 
errores=find(diferencias); %encuentra donde no clasificó correctamente 
[m1 n1]=size(class_real); 
[m2 n2]=size(errores); 
[m3 n3]=size(vectorGA); 
suma=sum(vectorGA); 
if suma==0 
    suma=n3; 
end 
porc_error=(n2/n1)+suma/(10*n3) 
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 Classification with neural networks.  
 
function net = create_pr_net4(inputs,targets) 
%CREATE_PR_NET Creates and trains a pattern recognition neural 

network. 
% Create Network 
numHiddenNeurons = 20;  % Adjust as desired 
net = newpr(inputs,targets,numHiddenNeurons); 
net.divideParam.trainRatio = 70/100;  % Adjust as desired 
net.divideParam.valRatio = 15/100;  % Adjust as desired 
net.divideParam.testRatio = 15/100;  % Adjust as desired 

  
% Train and Apply Network 
[net,tr] = train(net,inputs,targets); 
outputs = sim(net,inputs); 

  
% Plot 
plotperf(tr) 
plotconfusion(targets,outputs) 

 

 

FRUITS 

 

 Extraction 
 
 

function vect2=process_fruta(imagen) 

  
im1=rgb2hsv(imagen); 
im1=im1(:,:,3); 
cbw=im2bw(im1,0.3*graythresh(im1)); 
f=adpmedian(cbw,9); 

  
g2=rgb2gray(imagen); 
imnew=immultiply(g2,f);%%muestra la imagen con un fondo más uniforme 

  
  %características de la pieza total 
stat1=regionprops(bwlabel(f),'Area','EulerNumber','EquivDiameter','Con

vexImage','FilledImage', 

'Image','Eccentricity','MajorAxisLength','MinorAxisLength','Perimeter'

);  
%%%vector de 7 
vect1=cat(2,stat1.Area,stat1.EulerNumber,stat1.EquivDiameter,stat1.Ecc

entricity,stat1.MajorAxisLength,stat1.MinorAxisLength,stat1.Perimeter)

; 
%%descriptores estadísticos de primer orden. 
desc1=statxture(imnew); %vector de 6  
invm=invmoments(imnew); %%%vector de 7 
%%%sacar la media de cada canal RGB 
red=imagen(:,:,1); 
green=imagen(:,:,2); 
blue=imagen(:,:,3); 
imnewr=immultiply(red,f); 
imnewg=immultiply(green,f); 
imnewb=immultiply(blue,f); 
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imnew2=cat(3,imnewr,imnewg,imnewb); 
%%%rojo 
p_red=imhist(red); 
p_red=p_red./numel(red); 
[v_red, mu_red]=statmoments(p_red,3); 
%%%verde 
p_green=imhist(green); 
p_green=p_green./numel(green); 
[v_green, mu_green]=statmoments(p_green,3); 
%%%azul 
p_blue=imhist(blue); 
p_blue=p_blue./numel(blue); 
[v_blue, mu_blue]=statmoments(p_blue,3); 
desc2(1)=mu_red(1); 
desc2(2)=mu_green(1); 
desc2(3)=mu_blue(1); %%%vector de 3 

  
vect2=cat(2,vect1,desc1,desc2,invm); %%%23 características 

 

 

 Selection: fitness function.  
 
function porc_error=fun_fruta(vectorGA) 

  
load kvecinos 
%%%%%etapa de entrenamiento del clasificador%%%%%%% 
%%%arroja el vector de características de las imagenes de 

entrenamiento a 
%%%clasificar 
%  
for i=1:400  %esto es 100*4 
%     eval(['imagenT= imread(','''piezaT', num2str(i),'.jpg'');']); 
%     vect_caracT=processim(imagenT); 
    multT1=multT(:,i); %vectorGa es binario, entonces elimina algunas 

características 
    training(:,i)=multT1'.*vectorGA; 
end 
%  
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
training=training'; 

  
%%%arroja el vector de características de las imagenes de prueba a 
%%%clasificar 
%  
for j=1:176  %esto es 44*4 
    multS1=multS(:,j); 
    sample(:,j)=multS1'.*vectorGA; 
end 
%  
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
sample=sample'; 

  
%%%las clases a las que pertenecen las imagenes de entrenamiento 
group(1:100,1)=1; 
group(101:200,1)=2; 
group(201:300,1)=3; 
group(301:400,1)=4; 

  
class = knnclassify(sample, training, group,70); %arroja las clases de 

sample 
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%%%clases a las que pertenecen las imagenes de prueba (esto es para 

%%%sacar el porcentaje de error 

  
class_real(1:44)=1; 
class_real(45:88)=2; 
class_real(89:132)=3; 
class_real(133:176)=4; 

  
%%%diferencias entre lo que dice el clasificador y lo que realmente es 
diferencias=class_real-class'; 

  
%donde diferencias=0 entonces clasificó correctamente 
errores=find(diferencias); %encuentra donde no clasificó correctamente 
[m1 n1]=size(class_real); 
[m2 n2]=size(errores); 
[m3 n3]=size(vectorGA); 
suma=sum(vectorGA); 
if suma<=1 
    suma=n3; 
end 
porc_error=(n2/n1)+suma/(10*n3); 

 

 

 Classification with neural networks.  
 
function net = create_pr_net(inputs,targets) 
%CREATE_PR_NET Creates and trains a pattern recognition neural 

network. 

 
% Create Network 
numHiddenNeurons = 20;  % Adjust as desired 
net = newpr(inputs,targets,numHiddenNeurons); 
net.divideParam.trainRatio = 70/100;  % Adjust as desired 
net.divideParam.valRatio = 15/100;  % Adjust as desired 
net.divideParam.testRatio = 15/100;  % Adjust as desired 

  
% Train and Apply Network 
[net,tr] = train(net,inputs,targets); 
outputs = sim(net,inputs); 

  
% Plot 
plotperf(tr) 
plotconfusion(targets,outputs) 
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FACES 

 

 Extraction 
 

 
function cA2=process_face2(Y) 
%extracción de coeficientes wavelet  
[cA,cH,cV,cD] = dwt2(Y,'db3'); 
%%%cuatro niveles de descomposición 
for i=1:4 
   [cA,cH,cV,cD] = dwt2(cA,'db3');  
end 
[a b]=size(cA); 
cA1=reshape(cA, 1,a*b); 
norma=sqrt(sum(cA1.*cA1)); 
cA2=cA1./norma; 

 

 
 

 Selection: fitness function.  
 
function porc_error=fun_face2(vectorGA) 

  
load kvecinos5 
%%%%%etapa de entrenamiento del clasificador%%%%%%% 
%%%arroja el vector de características de las imagenes de 

entrenamiento a 
%%%clasificar 
%  
for i=1:140  %esto es el 70% de las imagagenes 
%     eval(['imagenT= imread(','''piezaT', num2str(i),'.jpg'');']); 
%     vect_caracT=processim(imagenT); 
    multT1=multT(:,i); %vectorGa es binario, entonces elimina algunas 

características 
    training(:,i)=multT1'.*vectorGA; 
end 
%  
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
training=training'; 

  
%%%arroja el vector de características de las imagenes de prueba a 
%%%clasificar 
%  
for j=1:200  %esto es el 30% de las imagenes 
    multS1=multS(:,j); 
    sample(:,j)=multS1'.*vectorGA; 
end 
%  
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
sample=sample'; 

  
%%%las clases a las que pertenecen las imagenes de entrenamiento 
for i=1:20 
    group(7*i-6:7*i,1)=i; 
end 
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class = knnclassify(sample, training, group,7); %arroja las clases de 

%sample 

  
%%%clases a las que pertenecen las imágenes de prueba (esto es para 

%%%sacar el porcentaje de error 

  
for i=1:20 
    class_real(10*i-9:10*i)=i; 
end 

  
%%%diferencias entre lo que dice el clasificador y lo que realmente es 
diferencias=class_real-class'; 

  
%donde diferencias=0 entonces clasificó correctamente 
errores=find(diferencias); %encuentra donde no clasificó correctamente 
[m1 n1]=size(class_real); 
[m2 n2]=size(errores); 
[m3 n3]=size(vectorGA); 
suma=sum(vectorGA); 
if suma<=1 
    suma=n3; 
end 
porc_error=(n2/n1)+suma/n3; 

 

 
 

 Classification with neural networks.  
 
function net = create_pr_net7(inputs,targets) 
%CREATE_PR_NET Creates and trains a pattern recognition neural 

network. 

 
% Create Network 
numHiddenNeurons = 40;  % Adjust as desired 
net = newpr(inputs,targets,numHiddenNeurons); 
net.divideParam.trainRatio = 70/100;  % Adjust as desired 
net.divideParam.valRatio = 15/100;  % Adjust as desired 
net.divideParam.testRatio = 15/100;  % Adjust as desired 

  
% Train and Apply Network 
[net,tr] = train(net,inputs,targets); 
outputs = sim(net,inputs); 

  
% Plot 
plotperf(tr) 
plotconfusion(targets,outputs) 
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C. RESULTS OF EXTRACTION STAGE 

AUTOMOTIVE PIECES 

 

   
 

Figure C.1. Example of image processing (Gear): a) original image, b) 
binarization, c) gray scale image.  
 
 

FRU

ITS 

 
 

 
 
Figure C.2. Image processing for fruits (apple) 
 

 

 

a b c 

Red plane Green plane

Blue plane Binarization
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FACES 

                  

 

Figure C.3. Example of face processing: a) original image, b) image of 

approximation coefficients (level 3). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

a b 
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D. INTERFACE FOR FACE RECOGNITION iFaces 

Main screen of iFaces 

 

Search button: window to select person to identify. Supported formats: JPEG, BMP, PNG and GIFT.  

 

 

If the person is into the database, a picture and personal information is presented.  
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If the person is not into database, a warning message is showed.  

 


