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ABSTRACT 

The complexity of a face’s components originates from the constant variations in the facial 

component that occur with respect to time. Notwithstanding these variations, humans recognize a 

person very easily using physical characteristics such as face, voice, gait, etc. Automatic face 

recognition deals with extracting these essential features from an image, placing them into a 

suitable representation and performing some kind of recognition on them. This study presents an 

assessment of the performance of Fast Fourier Transform and Principal Component Analysis with 

Support Vector Machines (FFT-PCA/SVM) under the constraint of head tilting. 80 head pose 

images from 10 individuals were extracted from the Massachusetts Institute of Technology 

Database (2003-2005).  Classification rate and runtime were adopted as the numerical evaluation 

methods to assess the performance of the study algorithm. All computations were done using 

MATLAB. An earlier study asserted that the higher the degrees of head-pose the larger the 

Euclidean distance and that above 20°, the Euclidean distances become profoundly larger 

compared to the 4° head-pose. The study therefore divided the data set into two classes; Lower 

(below 20°) and Upper (20° and above) and performed an SVM classification. Results from the 

classification showed that 16° head tilts were more likely to be in the upper class than the lower 

class. This indicates that with the classification, the Euclidean distance becomes larger from 16° 

and beyond. It was observed that the SVM classifier performed better in the upper class (20° and 

above) than that of the lower class (below 20°). It is therefore recommended that further studies 

be conducted to understand the poor performance of the model in the lower class (below 20°). 
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CHAPTER ONE 

INTRODUCTION 

1.1 Background 

Biometric technologies have become all important, especially in the twenty-first century. This is 

greatly because they can be used for automated identification and verification, which in most cases 

is performed on finger prints, iris, face, hand geometry and voice recognition. Amongst all the 

forms of identification or verification, face recognition has been proven to be more robust and also 

requiring less user interaction among these technologies. Thus, face recognition has come to the 

fore rapidly as a lively area of research in the biometric field. It is known from our own personal 

experiences, that the human face shows a phenomenal level of robustness against rotation about 

the vertical axis. As a result, if one becomes familiar with a person from only a single photograph, 

it is nonetheless not too difficult to see that person even from disparate views which has never 

been seen before. This, according to Marques´ (2010), is primarily because the human face 

recognition is a dedicated process in the brain. That is, human brains have specialized nerve cells 

which respond to certain local characteristics of a scene, such as lines, edges, angles or movement. 

These nerve cells according to Wagner (2012) operate twenty-four (24) hours after birth. The 

process of automated facial recognition is therefore all about extricating the meaningful features 

from a face, putting them into a convenient representation and conducting some kind of 

classification on them (Wagner, 2012). Consequently, the goal of parroting such a skill immanent 

in human beings by machines can be extremely beneficial although the thought of developing an 

intelligent and self-learning system may need the supply of adequate information to the system. 

This is due to the fact that although facial recognition is a dedicated process in the brain, it is quite 

clear that for a relatively large database, it is very difficult and error prone to visually match a face 
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to its various pose changes and vice versa. Notwithstanding the fact that humans, to a large extent 

are good in recognizing faces which are known, they are not so dexterous when it comes to dealing 

with unknown images in large quantities. However, computers, having almost inestimable 

computational speed and memory, are able to deal with such human flaws. To a large extent, the 

algorithms help to ease the problem of trying to identify a particular face by its pose visually. The 

real-life applications (e.g. human/computer interface, surveillance, secure access) and the 

accessibility of affordable and hefty hardware have also led to the development of facial 

recognition systems for commercial purposes. 

Among the most challenging problems in the area of image enquiry and understanding is facial 

recognition. Facial recognition systems are basically categorized into two groups, which are 

verification and identification. For face verification, there is a 1:1 matching that weighs up face 

images against template face images. Facial identification on the contrary is a 1: N situation that 

juxtaposes probe face images against every single one of the image templates in a face database 

(Hasan, Jouhar & Alwan, 2012). Facial recognition poses a very arduous hurdle as a result of the 

divergent face poses, considerable variations in light direction (illumination), varied facial 

expressions, aging (changing the face over time) and Occlusions (like cosmetics, hair, glasses). 

Generally, to identify an individual from an unfamiliar face, the unknown face is normally 

compared with the known faces from a face database.  The inquisitiveness of researchers in the 

issue of facial recognition has grown expeditiously in recent times due to the wide range of law 

enforcement and commercial applications of face recognition. Areas of application include but not 

limited to crowd surveillance, driver’s license, criminal investigations, passport checks, entrance 

control, witness face reconstruction, and ATM machines.  The ever-soaring demand for 
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surveillance-based technologies, predominantly resulting from the activities of terrorists and drug 

peddlers has a significant repercussion on the rising interest in the area of facial recognition. 

Researchers have shown much interest in the problem of face recognition in recent years. In the 

group of such researchers include psychophysicists, engineers and neuroscientists studying this 

famous situation in separate fields and from different dimensions. Lots of researches are being 

perceived by these researchers for the last five decades to address the myriad of issues in the 

challenging field of facial recognition. Since the 1960s, lots of research work has been carried out 

in this field and this has led to vast improvement in both the technologies and the algorithms, 

which have profoundly augmented a computer's capability to recognize the same person in 

multiple images. For many years, people were using physical human attributes, for example, gait 

(movement), facial expression, voice, height, weight, shadow and many more mechanisms to 

recognize an individual. The set of facial features that relate to an individual constitutes their 

respective identity. With the introduction of computers in the nineteenth century, the scientific 

community became interested in using computer software applications to identify or verify a 

person’s identity. This led to face recognition studies which provides an individual facial image 

with targeted facial characteristics (such as the mouth, eye, ear and nose) and tends to measure a 

face image at a time. 

The techniques of face recognition have continued to attract remarkable curiosity from researchers 

partially due to the fact that facial recognition is non-invasive with a sense of primary identification 

(Pentland & Choudhury, 2000). A major propelling factor for facial recognition is the innumerable 

applications that a resilient and an efficient system addresses; for instance, security systems relying 

on biometric data, missing children identification, criminal identification, voter identification and 

user-friendly human-machine interfaces. A classic illustration of the latter categorization is smart 
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rooms, which normally employ cameras and microphones arrays to discover the arrival of humans, 

determine their identity and then acts based on a set of preferences which are predefined for each 

individual (Asiedu, Adebanji, Oduro & Mettle, 2015). 

Regardless of the successes of most of such systems in contrived situations, the broad tasks of 

facial recognition continue to be faced with numerous challenges like pose, illumination and facial 

expression (Heisele, Ho, Wu & Poggio, 2003). These challenges in facial recognition persists due 

to the fact that the human face is complex and rigid and that images can be acquired from different 

viewpoints. The complexity of the human face’s characteristics originates from continual changes 

in the facial characteristics that occur over time. According to Heisele et al., (2003) varying the 

head pose of an individual consequently leads to significant imbalances in the images of an 

individual’s face. The basic and foremost implication of such an assertion is that, despite the fact 

that it is considerably robust, face recognition is not excellently invariant to pose and viewpoint 

variations. Stiefelhagen (2004) posited that when the head tilt of an individual is known, it gives 

significant leads regarding visual focus of attention. Since the face images captured by many 

digital devices are somehow tilted, many researchers have advocated for extensive research work 

directed towards the constraint of varying head poses. Sahu and Tiwari (2015) corroborated that 

developing an algorithm for a face recognition system is quite a challenging task since human 

faces are multifaceted, multi-dimensional and react to visual stimuli. Modelling human 

interactions and applications like intelligent environments demand the estimation of head poses 

from face images. 

The head pose of an individual is generally ascertained by three angles, which includes the slant, 

pan and tilt. The slant angle constitutes inclination of the head with respect to the image plane, 

while the pan and tilt angles shows the vertical and horizontal inclinations of a face. Various 
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researchers have developed various face recognition algorithms or techniques to deal with the 

phenomenon of pose variation. Some of these include but not limited to Artificial Neural Networks 

(ANN), Independent Component Analysis (ICA), Discrete Wavelet Transform and Principal 

Component Analysis with Singular Value Decomposition (DWT-PCA/SVD), Support Vector 

Machines (SVM), Linear Discriminant Analysis (LDA), Garbor Wavelet, Fast Fourier Transform 

and Principal Component Analysis with Singular Value Decomposition (FFT-PCA/SVD), just to 

mention a few. All these designs (algorithms) give various values for the evaluation procedure, be 

it the average run time or the recognition rate. However, current attention of researchers is drawn 

to finding a comparatively efficient and consistent algorithm in recognizing face images under 

varying head pose. 

It is a very significant objective in facial recognition, to be able to measure the algorithm on the 

basis of consistency and efficiency in identifying or verifying images. Most of the previous 

methods of evaluation focused only on the algorithm’s runtime, recognition rate, the algorithms 

sensitivity and descriptive statistics as the fundamental technique of measuring the performance 

of a recognition algorithm (Asiedu et al., 2015). This study, therefore seeks to assess the 

performance of support vector machines (SVM), combined with principal component analysis and 

singular value decomposition face classification algorithm, under the constraint of varying head 

poses, where FFT is used as a pre-processing technique. 

1.2 Problem Statement 

Weyrauch, Heisele, Huang & Blanz (2004) posited that, variations in the frontal view pose 

predominantly occasion imbalances in the position of the components of the face and that 

necessitated flexibility of the geometric model. Murugan, Arumugam, Rajalakshmi & Manish 

(2010) stated that after many years of invention of various software packages and exploration, face 
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recognition remains a challenging field of study. The authors argued that face recognition is 

sensitive to variation based on an individual image pose position. Different authors have used 

different descriptors and classifiers with different approaches, for the effective face recognition 

systems, to overcome the stated limitation. 

Although a lot of work have been done to find a suitable algorithm to deal with the varying head 

constraint, few works has been done to evaluate a classification algorithm under the constraint of 

varying head poses. Philips (1999) applied support vector machines to image recognition by 

developing an algorithm to compare with the well-known principal component analysis. The 

comparison of the two algorithms was done based on images obtained from the Facial Recognition 

Technology (FERET) database and assessment of the performance was done on the back of 

verification and identification scenarios. The results obtained showed that support vector machines 

performed better (77-78%) as compared to 54% for PCA, on the basis of identification. 

Guo, Li & Chan (2001) concluded that SVM achieves higher accuracy as an algorithm for face 

recognition. Asiedu, Adebanji, Oduro and Mettle (2016) also concluded in their work that, the 

recognition rates of PCA/SVD and FFT-PCA/SVD are 88.49% and 89.29% respectively, under 

the constraint of variable facial expressions. Various algorithms have been proffered for the 

purpose of recognizing images, which have their rates of recognition to be above 90% under 

conditions that are expedient. (Jain, Ross & Prabhakar, 2004; El-Bakry & Mastorakis, 2009, Zhao, 

Chellapa, Philips & Rosenfield, 2003; Chellapa, Sinha & Philips, 2010). 

From the few examples above it is clearly observed that different algorithms when applied to 

different data and different constraints produce different results in terms of performance. Hence 

there is no clear evidence which algorithm is best under what constraint. Also, little work has been 
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done which combines the two approaches; Principal Component Analysis and Support Vector 

Machines (PCA/SVM).  Thus, the study tries to fill the gap by assessing the performance of support 

vector machines, combined with principal component analysis (FFT-PCA/SVM), under varying 

head tilts. 

1.3 Objectives 

This study seeks to assess the classification performance of support vector machines (SVM), 

combined with Principal Component Analysis algorithm under varying head poses. More 

specifically, the study seeks to 

• Train an SVM model for classification using Matlab 

• Assess the algorithm’s (model) performance under the constraint of head poses through 

the computation of the classification rate and runtimes. 

• Compute the accuracy of the model under various head tilt classifications. 

1.4 Significance of The Study 

Developing an efficient and resilient face recognition technique is worthwhile due to the vast 

number of application areas. These include criminal identification, access management, law 

enforcement, information security and entertainment or leisure. There has been an increase in the 

interest of people in facial recognition in recent times for differing reasons. These include but not 

limited to the rise in security matters to the general public, how identity verification has become 

very important in a technology-driven world and the exigency of analyzing images and modeling 

methods in data management. 

Key among the factors responsible for driving facial recognition is the never-ending advantages 

that a strong and an efficient recognition procedure presents; for instance, identifying missing 

children, voter identification and verification, security set-ups which are dependent on biometric 
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data and user-friendly human-machine interfaces. A classic illustration of the latter categorization 

is smart rooms, which usually make use of cameras and sometimes microphones assemblage to 

discern human presence, reach a decision on their identity and acts thereafter based on a 

predisposition established in advance for each situation. Also, in banking ATMs, the technique is 

applied to identify and verify a customer’s identity. A few other areas of application are as shown 

in Table 1.1  

Table 1.1:  Some Application Areas of Face Recognition System 

 

Areas   Application of Face Recognition 

Access Management Secure Access Authentication, Personal Identification (National ID, 

Passport, Drivers’ License) Welfare fraud, Voter registration, 

Immigration, Multimedia communication (synthetic faces) 

Information Security Intranet security, Application security, File encryption, Data Piracy, 

TV-Parental control, Personal device log on, Internet access, 

Medical records, Accessing security, Securing trading terminal 

Biometric Advanced video surveillance, Forensic reconstruction of face 

remains, CCTV, Shop lifting, Portal control 

Criminal Justice System        Post-event analysis and forensics. 

Residential Security              Alert homeowners of approaching personnel 

Entertainment, Leisure         Human-robot interaction, Human-computer-interaction and home 

video games 

 

According to Duda, Hart & Stork, (2001), the present-day breakthrough image analysis, pattern 

recognition and machine learning has made it very practicable to come up with automatic image 

recognition techniques to deal with such applications. Improving the recognition procedure or rate 
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warrants an improvement in the areas of information security, biometric identification, access 

management and law enforcement.   This study, therefore seeks to assess the performance of two 

combined algorithms which are mostly used: PCA and SVM for classification.  Also, since face 

recognition is multifaceted phenomenon and no one research is capable of addressing it in full, 

this work will serve as a catalyst to breed interest and further research into the other aspects of 

biometrics. 

 

1.5 Brief Methodology 

The study will employ a secondary database which would be extracted from the Massachusetts 

Institute of Technology (2003-2005) Database. This database consists of various head tilts of 

individuals (both male and female) in a morphable model. The head tilt image data would serve as 

an input for the proposed model. From literature it has been shown that face recognition is 

essentially executed in three sequential phases, namely the pre-processing phase, extraction 

(dimension reduction) of facial features phase and classification (recognition) phase. The 

procedure is as demonstrated in Figure 1.1 

 

       Pre-processing                               Extraction of Features                          Face Classification 

 

Figure 1.1: The Classification Process 

 

In order to assess the classification performance of the model, numerical evaluations such as 

classification rate and the average runtime would be employed. The classification rate of the 

algorithm is stated as the ratio of the total number of face images correctly classified by the 

algorithm to the total number of face images in the test dataset for each experimental run. On the 
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other hand, the runtime of the algorithm basically constitutes the amount of time it takes for the 

algorithm to execute the task of recognition.  

 

1.6 Scope 

This study will rely on recognizing (classifying) tilted face images in the adopted database under 

varying head pose, to evaluate the algorithm (model) under consideration. 

1.7 Organization of the Study 

This study contains five main chapters. In chapter one, the concept of face recognition is 

introduced. In Chapter two, a comprehensive theoretical framework, review of the related literature 

in the field which serves as the basis for the theoretical framework for the study is discussed. 

Chapter three presents a detailed outline of the two algorithms; SVM and PCA, and how they are 

applied to the constraint of varying head poses under study. In Chapter four, interpretive critique 

and analysis of the outcome of the study are presented. The final chapter (five) of this work gives 

the conclusion of the entire study by stating the way forward for further study based on the major 

findings made in the study. 
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CHAPTER TWO 

LITERATURE REVIEW 

2.1 Introduction 

The focus of this chapter is to assess various literature in the area of Facial Recognition and 

Classification, SVM and PCA/SVD. Major theories, arguments, methodologies, approaches and 

controversies in the existing literature on the subject of this study are discussed in this chapter. 

Also, critical attention and focus will be on the empirical and theoretical appraisal of articles, 

journals and related issues on face recognition using SVM and PCA/SVD. 

2.2 Review of Works on Face Recognition 

The history of facial recognition can be traced to the late nineteenth century where Darwin (1872), 

initiated the earliest study on facial expression of emotions in both man and animals. This was 

followed by Galton (1892), who also worked on profile-based biometrics aimed at personal 

identification. His study discovered an independent feature suitable for hereditary investigation 

that aided personal identification. However, the study was limited only to parentage and next of 

kingship, which failed to address the variation in similarity image, pose, illumination, occlusion, 

etc. Automated face recognition was developed around the 1950’s. Bruner and Tagiuri (1954) 

pioneered the earliest research studies into the automated facial recognition system in a psychology 

research. In the 1970s, Kelly (1970) and Kanade (1973) presented seminars in which semi-

automated face recognition technique were adopted to map a person’s face image onto a global 

template using a facial template scheme. However, their method required high computational time, 

because locations and measurements were done manually. Literature has revealed that after the 

studies of Kelly (1970) and Kanade (1973), research work related to face recognition system 

became dormant until the mid-1980s, when researchers concentrated on automated face 
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recognition techniques which employed facial component (such as the eye, nose and mouth) to 

recognize an individual image. Majority of the work in automated face detection and face 

recognition concentrated on detecting individuals’ facial attributes like the eyes, nose, mouth etc., 

and describing a model based on the size, position and relationship among such facial 

characteristics, with some emanating from correlation-based procedures, neural networks and ship 

matching from range (Patel, Chellapa, Sankaranarayanan & Chen, 2015). It was during this era 

also, that a roughly absolutely statistical method led to the premier facial recognition system that 

is fully automated. 

The work by Kohonen (1989) remains one of the famous exemplification of facial recognition 

systems. Kohonen in his work was able to show how simple neural networks could execute face 

recognition for a situated and normalized facial image. He also employed a computer image 

descriptor to approximate eigenvectors of the image autocorrelation matrix. Such eigenvectors are 

referred to as the Eigen faces. Kohonen's system seemed good because of the need for a definite 

and accurate alignment and normalization but the system was not practically successful.  Other 

researchers, since then, have tried other recognition schemes rooted on edge inter-feature distances 

and other neural network methods. In as much as a few of the approaches were very successful on 

smaller databases of aligned facial images, not one of them was able to successfully solve the more 

pragmatic challenge of large database with unknown scale and position of the face (Kohonen, 

1989). 

Principal component analysis was introduced as an algebraic manipulation to face recognition 

problem by Kirby and Sirovich (1990). This made the direct computation of Eigen faces simple 

and very easy. The limitation of this technique was that, in order to correctly code face images that 

are suitably aligned and normalized, it required less than 100 values. In 1991, Turk and Pentland 
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found out and also demonstrated that while using the technique of Eigen faces, the residual error 

could be utilized to recognize faces in jumbled natural imagery and to ascertain the exact scale and 

location of faces in the image. Turk and Pentland again demonstrated that this method of facial 

detection coupled with localizing faces with the Eigen face recognition method could lead to 

achieving an authentic real-time recognition of faces in an environment that is extremely 

restrained. Although this approach was to a certain extent restricted by environmental constraints, 

it still generated notable interests in advancing the developments of automated technologies in 

facial recognition. 

Research in the area of facial recognition received a major boost after the work by Turk and 

Pentland (1991) on Eigen faces. Some of the successes chalked in the area of facial recognition 

comprise: Fisher face approach, which employed Linear Discriminant Analysis (LDA) after 

performing PCA to obtain a high precision; the utilization of local filters like the Gabor jets that 

yield facial characteristics which are more efficient and effective and the drawing of AdaBoot 

learning based cascade classifier designed for actual time facial detection. The techniques for facial 

recognition have advanced remarkably since that period when the procedure of Eigen faces was 

put forward. In strained environments, for instance, situations in which facial appearance, lighting 

and pose are managed, automated facial recognition outclass human recognition achievement, 

particularly where the data base has a sizeable number of faces. Notwithstanding, the process of 

automated face recognition is still faced with numerous issues when the face images are obtained 

in unrestrained situations. For the past four decades, researchers have concentrated on making face 

recognition approaches wholly automatic, by tackling the setbacks like the localization of faces in 

given images and extrication of characteristics. The attempt to design classifiers for successful 

facial recognition algorithms under various constraints has seen tremendous improvement but for 
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ageing and angular image (Zhao et al., 2003). Various techniques have been developed in separate 

fields like Statistics, Engineering, Computer Science, Psychology, etc. Notable among these are 

PCA, ICA, LDA, Neural Network and their derivatives (Asiedu et al., 2015). 

2.2.1 Face Recognition Approaches 

A greater number of the approaches that were proffered at the initial periods of computer vision 

were not seen to be a success. However, nearly all of contemporary techniques to the problem of 

facial recognition have, to a large extent been very creditable. From literature, facial recognition 

algorithms are generally grouped into two classes: 

• Image template-based 

• Geometric feature-based. 

2.2.2 The Template Matching Approach 

The template-based methods (Appearance-based method) utilize the facial feature of the entire 

face to perform face recognition. Template-based methods calculate a measure of correlation 

between original faces and a set of template models to assess the face identity (Guillamet & Vitria, 

2002). With the template-based technique, the face is regarded as a two-dimensional array of 

intensity values which are then juxtaposed using an appropriate measure like the Euclidean 

distance, where each template denotes the entire face (Brunelli and Poggio 1993). Some of the 

examples of the template-based approach include the Linear Discriminant Analysis (LDA), Non-

Negative Matrix Factorization (NMF), Independent Component Analysis (ICA), Principal 

Component Analysis (PCA), and the Singular value Decomposition (SVD).  These algorithms are 

typically dimensional reduction (feature extraction technique) algorithms which seek to lessen the 

dimensions of the face space, thereby bringing out only important points on the face for recognition 
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and identification purposes. In facial recognition works, the dimensions of the face images are 

generally huge and thus needs a substantial amount of computational time (runtime) for 

recognition (classification) (Thakur, Sing, Basu, Nasipuri & Kundu, 2008). One problem 

associated with this method is computational intricacy. An additional drawback is with the 

description of the templates. Because the recognition procedure will have to accommodate some 

dissimilarity between the template and test images, the tolerance might average out the 

dissimilarities that will make individuals (images) distinct (Tolba, El-Baz & El-Harby, 2006). 

2.2.3 Face Recognition Using Geometrical Features 

The geometric (feature-based) methods analyze the localized facial components and establish a 

geometrical relationship amongst them. The geometric facial features include the eye brow, mouth, 

chin, cheeks, etc. This approach basically involves the calculation of a set of geometrical 

characteristics such as the length and width of the nose, the position of the mouth and the shape of 

the chin etc. from the facial images under consideration. This set of characteristics obtained are 

subsequently compared with that of known faces. An appropriate metric like the Euclidean 

distance is used to determine the nearest match. A classic illustration of such method is the Elastic 

Bunch Graph Modeling algorithm. It is known from literature that the geometric approach employs 

a set of fiducial points for image recognition (Marques´, 2010). Notwithstanding the fact that the 

image cannot be observed in detail, the comprehensive feature configuration can be extricated for 

recognition. An advantage of using the feature-based (geometrical) method is that, recognition is 

very feasible even with noisy images and at resolution levels that are low. The main disadvantage, 

on the other hand is that automated extraction of the feature-based characteristics is extremely 

rigid. According to Brunelli and Poggio (1993), the automatic extraction of the geometrical 

features is also sensitive to rotation and scaling of faces in the image plane. Consequently, this 
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approach is less often used since there are developed algorithms that use the whole face (template-

based approach). There is no doubt that all existing techniques have limitations. More efforts are 

thereby needed to ensure that there is an improvement in the facial recognition approaches, 

specifically in the vast range of environmental constraints that exist in reality (Tolba et al., 2006). 

2.3 Pre-processing Techniques in Face Recognition 

It is an established fact, that facial recognition algorithms have made important breakthroughs 

in recent times, but there is still the need for improvement. The areas that make use of pre-

processing methods are those with a high potential for improvement. The quality of an image, no 

doubt plays a very crucial part in improving face recognition rate. All things being equal, an image 

with a good quality will provide a better recognition rate, as opposed to a noisy image. Current 

research works on facial recognition have proved that devices that are utilized in capturing images 

like the video camera, also affects the rate of recognition as they capture noisy and low-quality 

images as a result of their poor quality. When such situations occur, the images that have been 

captured tends to have contrast variation, noise, low resolution and differing brightness throughout 

the image. Undoubtedly, it is not very easy to extricate the characteristics from the noisy images 

which tends to diminish the recognition rate. Thus, pre-processing of facial images is done before 

extracting the features so as to overcome the challenges that arises from noisy and low-quality 

images.  

Pre-processing of images has the potential of extensively maximizing the trustworthiness of any 

optical inspection. A lot of techniques for filtering that further increase or decrease the information 

obtained from an image also allow for faster and easier evaluation. Camera images can thus be 

optimized with just a few clicks. According to Anila and Devarajan (2012), pre-processing of 
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images tends to reduce the processing time while increasing the possibility of an accurate 

matching. Different preprocessing mechanisms exist that can be utilized to ensure the enhancement 

of the images that are captured and thereby improve the rate of recognition. Peng & Xue (2005) 

asserts that the quality of an image and the rate of recognition can be greatly improved by the use 

of techniques such as filtering, image resizing, image normalization, histogram equalization, de-

noising and accurate image detection. Therefore, pre-processing of images is done before features 

are extracted from the image. There exist a lot of preprocessing techniques (algorithms) such as 

Mean Centering, Discrete Wave Transform (DWT) and Fast Fourier Transform (FFT). For 

instance, Asiedu et al., (2015) compared FFT-PCA/SVD with PCA/SVD, where the constraint was 

varied facial expressions and concluded that the former algorithm had low variation and a high 

recognition rate than the latter algorithm. This was attributed to the preprocessing technique and 

therefore suggested FFT as a mechanism to be employed for de-noising. The study as a result 

employed FFT as a pre-processing mechanism. 

2.4 Feature Extraction Methods 

Raw face images usually take a longer period of time to recognize, which basically results from 

the fact that it has a huge number of pixels. There is therefore the need for one to reduce the number 

of pixels to increase recognition. This is what is known as dimensionality reduction, which has the 

primary purpose of saving time for the deep step of decision. Extraction of features basically refers 

to the transformation of face space into feature space. The image database of the feature space is 

represented by a smaller number of characteristics from the original face (Haykin, 2009). Turk and 

Pentland (1991) asserts that the most commonly used method of doing this is through the 

application of the Eigenfaces algorithm. Bellakhdhar, Loukil, and Abid (2013) have stated that 

face recognition algorithm performance depends on how it extracts feature vector and recognize a 
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facial image correctly. The feature extraction method is a vital tool in determining the performance 

of recognition rate of a face recognition algorithm. Some of the widely used methods of feature 

extraction include; Independent Component Analysis (ICA), Neural Networks, Principal 

Component Analysis (PCA), Linear Discriminant Analysis (LDA) etc. In this section, the study 

will principally focus on PCA/SVD as the face dimensional reduction (feature extraction) 

mechanism 

2.5 Support Vector Machines (SVM) 

2.5.1Theoretical Approach 

SVM is a widely used binary classification method. With classification systems that are based on 

SVMs, the classification is carried out by drawing a hyper-plane that yields the greatest segregation 

of the data points. Such a hyper-plane is termed as the optimal separating hyperplane. With this, 

the bound of the hyperplane will be at a maximum. With a set of observations belonging to two 

distinct classes, SVM identifies a hyperplane that provides the largest fraction of separation of 

points which belongs to the same class, and at the same time maximize the distance from either of 

the classes to the hyperplane. The vectors which are nearest to the hyperplane are referred to as 

the support vectors. When dealing with classification situations, SVMs present a way for image 

recognition. The technique is normally applied to the space that is derived subsequent to the feature 

extraction procedure and the image space can be the original appearance space. 

The SVM algorithm takes as an input a set {(xi, yi)} of labeled training data, where each xi is the 

data and yi = -1 or 1 is the label. A set of N support vectors 𝑠𝑖 is obtained as the output of an SVM 

algorithm, with 𝛼𝑖 as coefficient weights, 𝑦𝑖 as class labels and b as a constant. For a linearly 

separable dataset, the decision surface can be stated as; 

w · x + b = 0,                              (2.1) 
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where 

w =∑ 𝛼𝑁
𝑖=1 iyisi      (2.2) 

This construction can be extended to the situation where the separation surfaces are non-linear. 

Every observation in the input space is non-linearly projected onto a high-dimensional feature 

space. Zagouras, Economou, Macedonas & Fotopoulos, (2007) asserts that such a mapping is 

executed using kernel functions. Every single observation x in the input space is projected onto 

another point s = Φ(x) of a higher dimensional space, known as the feature space, such that 

observations are differentiated by a hyperplane. The indispensable characteristic such a method is 

that the projection Φ (·) is contingent on the fact that the dot product of two observations in the 

feature space Φ(x) · Φ(y) is able to be captured as a kernel function K (x, y). Thus, the decision 

boundary will have the equation: 

∑ 𝛼𝑁
𝑖=1 iyi K (si, x) + b = 0    (2.3) 

Here too, 𝛼𝑖 and b are coefficients and also the solutions of a quadratic programming problem. 

2.5.2 Empirical Approach 

Philips, (1999) compared an SVM-based technique with a PCA-based algorithm on a set of images 

obtained from the FERET database. The research took into consideration the dissimilarities 

between two faces of the same individual and the variations between the faces of separate 

individuals. The two classes were used as inputs to the SVM algorithm and performance was 

evaluated for both identification and verification situations. It is a well-known fact in face 

recognition that real application depends on the algorithm’s ability to generalize from a training 

set to images independent of the training set. Comparing the two algorithms, it turned out that for 
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identification; the performance of SVM was better (77-78%) than that of PCA (54%). Verification 

performance was also measured, and SVM had an error rate of 7% while PCA had the error rate 

to be 13%. Considering identification, the error rate of SVM was half (22-23%) as compared to 

that of PCA, which was 46%. This, according to Philips indicated that SVM was more efficient in 

using information in the face space as compared to the PCA. The research work however, did not 

take into consideration the constraint of pose variation. 

Guo et al., (2001) also compared SVM based recognition with two other algorithms: the standard 

eigenface and the nearest feature line (NFL) approaches. Evaluation of the algorithms was done 

using two databases, the Cambridge ORL and a compound database. The error rates for the various 

algorithms considered were SVM (3.0%, 8.79%), NC (5.25%, 15.14%) and NFL (3.125%, 9.72%) 

for the two databases respectively. The SVM based algorithm outperformed the rest as seen in the 

error rates reported above and as a result can achieve high accuracy. Although the constraints 

included variable expression, and pose, the mode of assessment was only numerical and thus the 

need for this work to add to that a statistical assessment. 

Heisele et al (2003), compared the component-based approach with two global approaches and 

facial recognition and assessed their performance on the merit of robustness against pose changes. 

With the initial global system, a sole SVM was employed for each individual in the system while 

the database was clustered and view specific SVMs were trained for each person in the second. 

With the component-based method, facial components were extracted and presented in a single 

vector which would then be classified by SVMs with a linear kernel. However, a single SVM was 

trained for every individual in the database while a set of SVM classifiers were trained for clustered 

images of an individual for the two global approaches respectively.  Extensive tests were 

performed on a test set which contained images rotated up to 40°. The conclusion was that, despite 
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the fact that more powerful classifiers (non-linear rather than linear) were used for the global 

system as compared to that of the component-based system; the latter performed better than the 

two global systems. They therefore concluded that it is very useful to employ the face components 

instead of the entire face as the former makes the task of face recognition significantly simpler. 

The challenge that was associated with the system was that, although there was some level of pose 

invariance, the classifier was unable to deal completely with the comprehensive array of poses 

(from frontal to profile views) 

According to Déniz, Castrillon & Hernandez, (2003), two other powerful and significant 

techniques which are being used recently are the SVM and the ICA. Thus, they combined these 

two techniques and performed experiments using two databases of which they concluded that the 

recognition rates achieved was high. This conclusion was arrived at after they compared the 

performance of ICA/SVM with others such as ICA/NMC and PCA/SVM on the two databases 

used: Yale Face Database and AR Face Database. It was observed from the experiments that the 

performance of PCA/SVM was very close to that of ICA/SVM and that SVM was not very 

sensitive to the representation space. As a result of this observation and the fact that PCA is a fast 

feature extraction technique as compared to ICA, they posited that it is practically best to combine 

PCA and SVM. 

This assertion of combining PCA and SVM was also corroborated by Pal and Foody (2010). 

According to the duo, series of experiments performed with two sets of hyperspectral data did not 

support the argument that SVM was insensitive to the data dimensionality. They found out that the 

accuracy of classification by the method of SVM was highly dependent on the dimensionality of 

the data. They therefore concluded that with regards to face recognition, better classification 

accuracy would be achieved when PCA is combined with SVM. 
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Frolov and Sadykhov (2008) also employed support vector machines (SVM) as a face recognition 

technique. The input feature vector that contained the most significant coefficient was employed 

for the training and classification. This was very possible after they had reduced the data space 

using the discrete wavelet transform algorithm which they assert that enabled them to select the 

coefficients which were most significant to describe the area of interest. To test the algorithm based 

on support vector machines, 611 images of size 256-by-384 pixels were used and the conclusion 

was that their system (SVM) was 84.28% valid. Their work, however, only took into consideration 

low image quality as a constraint but failed to consider other issues including illumination and 

pose constraints of which this work seeks to explore. 

Olivares-Mercado, Aguilar, Toscano-Medina, Nakano & Meana, (2011) posited that support 

vector machines (SVM) generally performed better than the Gaussian Mixture Model (GMM), 

especially with a relatively small training set.  They compared the two models for face recognition 

and verification, with the constraints being occlusion, variable facial expressions and illumination 

surroundings. Verification and Evaluation of the two systems were compared for various feature 

extraction methods such as the Gabor-based, Wavelet-based and Eigenphases. Using two data sets, 

one with occlusion (using scarf and sunglasses) and the other without, they found out that the 

identification performance decreased for the one with occlusion as compared to the other without 

occlusion under the various feature extraction methods. This according to them was as a result of 

the fact that there was not much information about the effects of occlusion. Hence it was observed 

that when the database is constant and also not too large, the SVM is most preferred but GMM is 

to be used in case of large database that changes with time. 
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2.6 Principal Component Analysis (PCA) 

2.6.1Theoretical Approach 

Principal Component Analysis can be mathematically described as an orthogonal linear transform 

which maps to a new coordinate system so that the maximum variability by any projection of data 

will be on the first coordinate (referred to as first principal component), the variability on the 

second coordinate, in that order. Thus, PCA is theoretically thought of as the optimal transform 

for any dataset in least square terms. The Eigenface technique is one of the mostly used algorithms 

in facial recognition as a result of its straightforwardness and easy implementation. PCA is an 

approach for dimension reduction and feature selection and is also termed as the Karhunen–Loève 

procedure. From literature, it can be seen that PCA is one of the popularly accepted approaches in 

the field of image detection. PCA was proposed first by Karl Pearson in 1901and in 1933 by Harold 

Hotelling to change any given set of variables which are practicably orthogonal into a smaller set 

of variables which are uncorrelated. (Turk & Pentland, 1991). The fundamental objective of a face 

recognition system is to construct and convert two-dimensional facial image into one-dimension 

vector of values consisting of compact principal component of the feature space. This idea implies 

that, PCA determines the vectors which most account for the face image distribution within the 

whole image space and seeks to bring out a subspace where the variance is maximised 

(Moghaddam & Pentland, 1997). PCA makes use of an orthogonal projection to transform a set of 

variables which are correlated to a new set of variables that are uncorrelated.  

The PCA procedure finds the directions which have the maximum variance in the data, known as 

principal components.  It is not only for dimensionality reduction, but it also keeps some of the 

variability in the data and produce a very solid characterization of an image (Turk & Pentland, 
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1991). Thus, PCA can also be described us low dimensional subspace of an image in the shortest 

period of time.  Generally, the main purpose of the PCA approach is to change a face image into a 

smaller set of characteristic features referred to as the eigen face which represents the principal 

components of the original train data. The process of using PCA for facial recognition which 

expresses the large 1-D vector pixels created from the 2-D face images into the compact principal 

components of the feature space is known as the eigen space projection (Kim, 2000). The eigen 

space is calculated by ascertaining the eigen vectors of the covariance matrix which is gotten from 

the set of images (vectors). 

In facial recognition systems, the PCA is seen as a statistical method that is adopted to explain the 

variance-covariance structure of an image dataset. Based on the variance-covariance matrix 

generated from the image dataset, the PCA technique is employed to compute the eigenvalues and 

eigenvectors respectively, and to project the original image datasets onto a reduced dimensional 

feature space. This involves a numerical procedure that transforms an orthogonal basis vector of a 

set of correlated variables into an uncorrelated form called principal component, which maximises 

the scatter of all the projected samples. 

2.6.2 Empirical Approach 

Majority of scholarly works in the field of image recognition have employed PCA as dimension 

reduction mechanism. The study considered a few of them which are discussed below. 

Kirby and Sirovich (1987) are known to be the leading people to have employed PCA to 

economically denote face images. They were able to show that given any distinct image, it can be 

thoroughly represented along the standard face picture coordinate space, and so every face image 

can be rebuilt using a smaller set of eigen pictures and the corresponding transformations along 

each eigen picture. 
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Nayar and Murase (1995) also utilized principal components of numerous perspectives of a lone 

object to visualize the high-dimensional manifold expounded by changes as a result of illumination 

conditions and rotation in depth. The pose of the object would then be ascertained depending on 

the its position on the manifold. The study also employed PCA in a like manner to scrutinize the 

distribution of a pose in a high-dimensional space. 

According to Chung, Nairn, Murata & Brautigan, (1999) it was better to have a combination of 

Gabor filters and PCA. Their approach consisted of two sections, where Gabor filters were utilized 

in the extraction of facial characteristics from the primary image on fiducial points that are 

predefined in the first scenario. When it came to the second phase, PCA was employed to group 

the facial features optimally. The motivation for their suggestion of combining the two techniques 

was to repress the deficiency in PCA. Their argument was that whenever the unprocessed images 

are employed as matrices for PCA, the eigen space cannot mirror the correlation of the image so 

well, since the primary faces have distortions resulting from in-depth rotation, in-plane, contrast 

and illumination variability. 

In 2008, Nicholl and Amira adopted the PCA (eigenfaces) approach in face recognition. They 

presented DWT/PCA to automatically calculate the most discriminative coefficients in a face 

image. The most discriminative coefficient was determined based on their respective intra-class 

and inter-class variations of the training set of eigenface weighted vectors. Even though the method 

improved the performance of face recognition algorithm, the study failed to address the pose 

variation and illumination in the training face image datasets. 

Abdullah, Wazzan, and Bo-Saeed (2012) employed PCA (eigenvalues) as a data representation 

and dimension reduction technique in solving face recognition problems. The objective of their 
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enquiry was to measure the out-turn of run time in the performance of facial recognition 

algorithms. The outcome showed that for small database size the eigenfaces approach has no 

relationship with time complexity in face recognition. However, this approach has drawback of 

high computation time especially for large database size 

Paul and Al Sumam (2012) focused on applying statistical approach to construct a face recognition 

system. They employed the PCA approach to minimize the high-dimensional space to an 

intrinsically low- dimensional space. In order to do that, the dataset was divided into train and test 

sets. The eigenvalues (eigenvectors) were deduced from the covariance matrix of the training 

dataset and the eigenfaces measured the combination (linear) of the weighted eigenvectors. 

Recognition was achieved by extending a face onto the sub-space covered by the eigen faces. The 

test images were projected onto the sub-space spanned by the eigen faces and classification was 

performed afterwards by evaluating the least possible Euclidean distance. However, this study 

failed to address the problem of real time in recognition rate. 

Dhoke and Parsai (2014) performed facial recognition with PCA and Back Propagation Neural 

Network (BPNN) for identification and verification purposes. Their study adopted PCA as a 

dimensional reduction technique (feature extraction) and BPNN was used for recognition and 

classification. The results revealed that their face image recognition and classification was 

computationally very fast and provides high precision rate. 

Asiedu et al., (2015) employed statistical techniques to evaluate the performance of PCA/SVD and 

FFT-PCA/SVD, under the constraint of varying expressions. The study findings indicated that 

FFT-PCA/SVD relatively exhibited low variability and a better recognition rate than the 
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PCA/SVD algorithm. The researchers posited that FFT is a viable noise filtering technique that 

should be employed in the pre-processing stage of face recognition. 

Goyal and Batra (2016) adopted PCA with neural network in a face recognition system and applied 

photometric nominalization for comparison. The study results indicated that Euclidean distance 

classifier gives a high precision using the primal face images, although employing histogram 

equalization methods on the image does not yield appreciable effect to the performance of the face 

recognition approach under unconstrained surroundings. 

2.7 Singular Value Decomposition (SVD) 

Singular value decomposition can be considered from three different angles which are mutually 

compatible. Firstly, it can be seen as an approach used for converting variables which are 

correlated to uncorrelated variables so as to reveal all the relations among the primary data points. 

Secondly, SVD is a technique that is used for locating and ordering the dimensions through which 

observations display the greater variability. This ties in to the third and final way of considering 

SVD, which is that, as soon as the greatest variability has been identified, it becomes feasible to 

identify the best estimation of primary data items with fewer dimensions (Baker 2005). According 

to Hong (1991), the characteristics of an image can be categorized into four namely, the transform 

coefficient, statistical pixel, visual and the algebraic characteristics. The algebraic characteristics 

consist of the intrinsic features of a face, having an excellent stability. According to Hong, the 

algebraic characteristics of the image are genuine characteristics in object recognition such as 

facial recognition, and thus suggested a recognition method which is SVD based. The efficiency 

and effectiveness of the Singular Value Decomposition has been tested in (Hong, 1991) and 

(Yong-Qing, 1991) respectively. In Hong (1991), 42.47% was recorded as the error rate and this 
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was attributed to the statistical limitations of small samples. Cheng (Yong-Qing, 1991) also 

suggested a technique facial recognition which was formed on the statistical model of a small 

sample whereby the singular values were used as features of a face. Hong constructed an optimal 

discriminate transformation to convert the primary space of singular value (SV) vectors into a new 

space with a considerably lower dimension as opposed to the original space, so as to reduce the 

consequence that would arise as a result of small samples. To test this approach, 64 images of eight 

individuals were used and a very good ability of discrimination was achieved with an accuracy 

rate of 100% (Yong-Qing, 1991).  

2.8 Conclusion 

Currently, the problems of face recognition continue to attract more research effort from the 

scientific community, as a result of the diverse implementation of facial recognition techniques in 

the real world. Although facial recognition is known to be a difficult task for frontal face images, 

certain algorithm has been proposed under constrained environments.  Literature has revealed that 

the eigen face technique is most prominent in tackling face recognition problem. However, most 

of the performances of face recognition algorithms are limited to constrained environments such 

as head pose, occlusion, etc. Most of the previous works done on face recognition relied only on a 

single frontal-pose model (Chen, Patel, Sankaranarayanan & Challepa, 2015) possibly normalizing 

images through frontalization (Taigman, Yang, Ranzato & Wolf 2014). Also, literature has 

revealed that there is little work done at assessing the performance of the combination of PCA and 

SVM for classification with head tilts as the constraint. From the discussions above, it is evidently 

clear that both SVM and PCA/SVD are powerful techniques employed in the field of facial 

recognition. This study therefore seeks to evaluate the classification performance of FFT-

PCA/SVM algorithm on varying head tilts. 
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CHAPTER THREE 

METHODOLOGY 

3.1 Introduction 

The chapter is dedicated to the methodology that was employed in this study. It focused on a 

detailed and comprehensive understanding of FFT, PCA, SVD and SVM. Among the aspects that 

came under discussion included the source of data, the methodologies used in the image 

processing, methods of analysing the available data, theories and concepts used in order to obtain 

the study objectives. The study employed three (3) phases in the data analysis of the facial 

recognition procedure comprising: FFT as a noise filtering in the pre-processing phase, PCA/SVD 

as feature extraction (dimension reduction technique) phase and SVM for training the 

classification model. Also, SVM model was used to classify a new image into the appropriate class 

or group. 

3.2 Data Acquisition 

The study employed a secondary database which was extracted from Massachusetts Institute of 

Technology (2003-2005) database. This database is made up of the varying head tilts of 

individuals’ images. 

Plate 3.1 shows the original images of individuals used in the study. The head tilts of each 

individual were captured along 0°,4°,8°,12°,16°,20°,24°,28°and 32°rotation of the head. 

University of Ghana http://ugspace.ug.edu.gh



30 
 

 

Plate 3.1: Display of the ten Original Frontal Images of the dataset 

Source: [Weyrauch, Huang, Heisele & Blanz (2004)] 

 

3.3 Classification Procedure 

The research concentrated on employing FFT-PCA/SVD and SVM classification technique on a 

database from MIT under the constraints varying head tilts. The database comprising of facial 

images (in both the training and testing datasets) served as input images for the face classification 

module. The inputted facial images are operationally transformed into uniform dimension and 

compatible format for image processing. The research design for FFT-PCA/SVD is illustrated in 

Figure 3.1 
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Figure 3.1 Research Design for FFT-PCA/SVD. 

3.3.1 Pre-processing Stage 

The principle behind using a pre-processing tool is to increase the quality of the face image in 

order to achieve a good recognition performance of the algorithm. Pre-processing stage is a useful 

phase in face image representation and serves as a noise removal mechanism as stated by Asiedu 

et al. (2015). Pre-processing stage is an effective way of suppressing the unwanted distortion of 

image feature for further processing. This helps to drastically minimize the level of noise contained 

in an image data set and also makes the estimation process simpler and better conditioned for an 

improved recognition rate. From the suggestion of Asiedu et al., (2015), the study employed the 

Mean Centring and Fast Fourier Transform (FFT) at pre-processing stage as de-noising/filtering 

technique before extracting features from face images. The study adopted two stages in the pre-

processing phase namely: 
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❖ Resizing of the face image 

❖ Denoising of the face image 

3.3.1.1 Resizing of the face image 

Resizing involves reshaping the images to a preferred size. Each face image from the database was 

imported into the Matlab software. The face images were resized into a uniform dimension of 100× 

100. Reddy, Babu & Kishore (2011) stated that the resizing of face image helps to reduce the 

lighting effect associated with visual images thus makes them best suited for PCA in image 

processing. The study adopted this procedure to lessen the mathematical complexity in the feature 

extraction of a face image. 

3.3.1.2 Image De-noising 

Many researchers (Yang, Kriegman & Ahuja, 2002; Zhang, Verma, Tjondronegoro & Chandran 

2018 etc.) have revealed that face images by nature exhibit the characteristics of a Gaussian noise 

due to the presence of illumination variations. For a face image in the dataset to be de-noised 

(filtered), the study adopted a pixel-based filtering technique. In this study, mean centring and Fast 

Fourier Transform (FFT) were applied to eliminate noise in the face image and retain vital facial 

feature for recognition. FFT according to Asiedu et al., (2015) has proven to be a viable tool for 

removing noise in an image data. 

3.3.3 Mean Centring 

The Mean Centred face is deemed as the arithmetic mean of the training image vectors at each 

pixel point, having its dimensional size to be S× 1. 

Let the image matrix 𝑯𝒌 be defined as 

𝑯𝒌 = (ℎ𝑘𝑙𝑚) ;    𝑙, 𝑚 = 1,2, … , 𝑝;        𝑘 = 1,2, … , 𝑛, 
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𝑯𝒌 = (ℎ𝑘1, ℎ𝑗2…ℎ𝑘𝑝), where  ℎ𝑘𝑚 = (ℎ𝑘1𝑚, ℎ𝑘2𝑚, …,ℎ𝑘𝑝𝑚) ′. 

   𝑿𝒌 = (ℎ𝑘1
′ , ℎ𝑘2

′ ,…, ℎ𝑘𝑝
′  ) ′,                   (3.10) 

where p is the order of the image matrix and n represents the number of face images o be trained. 

From equation (3.10), let 𝑿𝒌 be a column vector of dimension S given by 

𝑿𝒌 = (𝑋𝑘𝑙)S×1                                      (3.11) 

where the 𝑋𝑘𝑙 replaces the ℎ𝑘𝑙𝑚 position-wise. The pre-processing phase is carried out based on 

the sample X = (𝑋1, 𝑋2, … , 𝑋𝑛), whose members constitute vectorised form of each image. The 

mean centring thus becomes a simple and easy pre-processing phase, performed by the difference 

in the mean. Let the training set be denoted by X = (𝑋1, 𝑋2, … , 𝑋𝑛). 

Now ℎ̅k = E (𝑋𝑘) of the data (𝑋𝑘, k = 1, 2… n) through the data 

ℎ̅k = 
1

𝑆
 ∑ 𝑋𝑘𝑙

𝑆
𝑘=1                                (3.12) 

ℎ̅k = 
1

𝑆
 ∑ ∑ 𝑋𝑘𝑙𝑚

𝑆
𝑚=1

𝑆
𝑙=1  (k=1, 2… n) 

where   𝑆 = (𝑝 × 𝑝), length = (row of image × column of image) of the image data, 𝐻𝑘. 

Let 𝑋̅k be defined as a constant column vector with order (𝑟 × 𝑟) having all members equivalent 

to that of ℎ̅k, (k = 1, 2… n). 

The mean (average) centring is represented by 𝑌 = ( 𝑦1, 𝑦2, … , 𝑦𝑛). Subtracting the mean image 

from the training image we obtain the equation below. 

`   𝑌 = 𝑋 − 𝑋̅k                           (3.13) 
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3.3.4 Fast Fourier Transform 

A mechanism for noise reduction that is used in image pre-processing is the Fast Fourier Transform 

(FFT). The FFT is a computationally efficient algorithm, which is employed in calculating the 

Discrete Fourier Transform and its inverse (IDFT). That is, FFT is an algorithm that basically does 

the same thing as the DFT but in much lesser time. The FFT is faster than the DFT and is able to 

reduce the computational burden from O (𝑁2) arithmetic operations to O (𝑁 log𝑁) operations 

(Glynn, 2007). The FFT is faster as compared to the DFT because it has the ability to minimize 

the number of computations needed to examine an image data set. Thus, in dealing with large 

image datasets, it is prudent to employ FFT other than DFT. 

In the process of performing FFT during image pre-processing, the first step is to compute the 

DFT. For a column vector ℎ𝑘𝑚, the DFT is mathematically denoted as 

 ℎ𝑘𝑔𝑚
∗ = 𝐷𝐹𝑇{ℎ𝑘𝑚} = ∑ ℎ𝑘𝑚𝑒

−𝑖(
2𝜋𝑔𝑓

𝑝
)𝑝−1

𝑓=0  ,        (3.14) 

where, g = 0,1,...,p−1,  j = 1,2,...,n  and  i = √−1. 

ℎ𝑘𝑚 is the 𝑘𝑡ℎ column of the image matrix 𝐻𝑘. For an image matrix of order 4, p = 4 and g = 

0,1,2,3. The DFT becomes; 

       ℎ𝑘0𝑚
∗ = ℎ𝑘0𝑚𝑒−0.𝑖𝜋/2 + ℎ𝑘1𝑚𝑒−0.𝑖𝜋/2 + ℎ𝑘2𝑚𝑒−0.𝑖𝜋/2 + ℎ𝑘3𝑚𝑒−0.𝑖𝜋/2 

       ℎ𝑘1𝑚
∗ = ℎ𝑘0𝑚𝑒−0.𝑖𝜋/2 + ℎ𝑘1𝑚𝑒−1.𝑖𝜋/2 + ℎ𝑘2𝑚𝑒−2.𝑖𝜋/2 + ℎ𝑘3𝑚𝑒−3.𝑖𝜋/2 

       ℎ𝑘2𝑚
∗ = ℎ𝑘0𝑚𝑒−0.𝑖𝜋/2 + ℎ𝑘1𝑚𝑒−2.𝑖𝜋/2 + ℎ𝑘2𝑚𝑒−4.𝑖𝜋/2 + ℎ𝑘3𝑚𝑒−6.𝑖𝜋/2 

       ℎ𝑘3𝑚
∗ = ℎ𝑘0𝑚𝑒−0.𝑖𝜋/2 + ℎ𝑘1𝑚𝑒−3.𝑖𝜋/2 + ℎ𝑘2𝑚𝑒−6.𝑖𝜋/2 + ℎ𝑘3𝑚𝑒−9.𝑖𝜋/2 
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Thus, 

[
 
 
 
ℎ𝑘0𝑚

∗

ℎ𝑘1𝑚
∗

ℎ𝑘2𝑚
∗

ℎ𝑘3𝑚
∗ ]

 
 
 

 = [

𝑒−0.𝑖𝜋/2
𝑒−0.𝑖𝜋/2 𝑒−0.𝑖𝜋/2 𝑒−0.𝑖𝜋/2

𝑒−0.𝑖𝜋/2

𝑒−0.𝑖𝜋/2

𝑒−0.𝑖𝜋/2

𝑒−1.𝑖𝜋/2

𝑒−2.𝑖𝜋/2

𝑒−3.𝑖𝜋/2

𝑒−2.𝑖𝜋/2

𝑒−4.𝑖𝜋/2

𝑒−6.𝑖𝜋/2

𝑒−3.𝑖𝜋/2

𝑒−6.𝑖𝜋/2

𝑒−9.𝑖𝜋/2

] [

ℎ𝑘0𝑚

ℎ𝑘1𝑚

ℎ𝑘2𝑚

ℎ𝑘3𝑚

] 

and 

[
 
 
 
ℎ𝑘0𝑚

∗

ℎ𝑘1𝑚
∗

ℎ𝑘2𝑚
∗

ℎ𝑘3𝑚
∗ ]

 
 
 

 = [

1
1
1
1

1
−𝑖
−1
𝑖

1
−1
1

−1

1
𝑖

−1
−𝑖

] [

ℎ𝑘0𝑚

ℎ𝑘1𝑚

ℎ𝑘2𝑚

ℎ𝑘3𝑚

] 

Next after this is to calculate the Inverse Discrete Fourier Transform (IDFT), which is given as 

  ℎ𝑘𝑚 = 𝐼𝐷𝐹𝑇{ℎ𝑘𝑚
∗ } =

1

𝑝
∑ ℎ𝑘𝑚

∗ 𝑒
−𝑖(

2𝜋𝑔𝑓

𝑝
)𝑝−1

𝑓=0      (3.15) 

g = 0,1,...,p−1,  j = 1,2,...,n  and  i = √−1. 

When p = 4, the IDFT is given by 

[

ℎ𝑘0𝑚

ℎ𝑘1𝑚

ℎ𝑘2𝑚

ℎ𝑘3𝑚

] =
1

4
[

𝑒0.𝑖𝜋/2
𝑒0.𝑖𝜋/2 𝑒0.𝑖𝜋/2 𝑒0.𝑖𝜋/2

𝑒0.𝑖𝜋/2

𝑒0.𝑖𝜋/2

𝑒0.𝑖𝜋/2

𝑒1.𝑖𝜋/2

𝑒2.𝑖𝜋/2

𝑒3.𝑖𝜋/2

𝑒2.𝑖𝜋/2

𝑒4.𝑖𝜋/2

𝑒6.𝑖𝜋/2

𝑒3.𝑖𝜋/2

𝑒6.𝑖𝜋/2

𝑒9.𝑖𝜋/2

] 

[
 
 
 
ℎ𝑘0𝑚

∗

ℎ𝑘1𝑚
∗

ℎ𝑘2𝑚
∗

ℎ𝑘3𝑚
∗ ]

 
 
 

 , 

and 

[

ℎ𝑘0𝑚

ℎ𝑘1𝑚

ℎ𝑘2𝑚

ℎ𝑘3𝑚

] =
1

4
[

1
1
1
1

1
𝑖
1
−𝑖

1
1

−1
1

1
−𝑖
1
𝑖

]  

[
 
 
 
ℎ𝑘0𝑚

∗

ℎ𝑘1𝑚
∗

ℎ𝑘2𝑚
∗

ℎ𝑘3𝑚
∗ ]
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The images that have been transformed basically comprises of two parts; real and imaginary.  The 

real parts of these images are extracted for the process of feature extraction whereas the imaginary 

parts are ignored and treated as noise. 

3.4 The Process of Singular Valued Decomposition (SVD) 

Singular Value Decomposition can be thought of as a numerical tool for analysing matrices. It is 

analogous to the well-known theory of matrix diagonalization. Singular Value Decomposition is 

concerned with the transformation of variables that are correlated into a set of uncorrelated ones 

which best display all the correlations among the original observations. SVD can similarly be 

viewed as a dimensionality reduction or data reduction method, and this is primarily because after 

identifying the most variation in the original data items, it is also able to find the approximation 

that best reduces the data items with fewer dimensions (Baker, 2005). The study considers SVD 

of a matrix 𝑿 defined as the factorization of 𝑿 into the product of three matrices. Let 𝑿 represent 

a 𝑓 × 𝑔 real valued-data of rank ℎ, without loss of generality 𝑓 ≥ 𝑔, and hence ℎ ≤ 𝑓.  Let 𝑨 and 

𝑩𝑇 be orthonormal matrices where 𝑨 = f × g and B = g × g. Thus, supposing that matrix 𝑿 is real 

implies also that the singular values are basically real numbers, and thus matrix 𝑨 and matrix B 

are also real.  The equation for Singular Valued Decomposition of 𝑿 can be quoted as: 

𝑿 = 𝑨𝜮𝑩′     (3.16) 

where Σ is a matrix having diagonal entries such as 𝜎𝑗𝑗 ≥ 0, ∀𝑗= 1,2, 3, … , 𝑔 and 𝜎11 ≥ 𝜎22 ≥ 

𝜎33 ≥,… ,≥ 𝜎𝑔𝑔. 

Equation 3.17 display the matrix representation of the SVD, 
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𝑿         𝑨          𝜮              𝑩′ 

[

𝑥11 ⋯ 𝑥1𝑔

⋮ ⋱ ⋮
𝑥𝑓1 ⋯ 𝑥𝑓𝑔

] = [

𝑎11 ⋯ 𝑎1𝑔

⋮ ⋱ ⋮
𝑎𝑓1 ⋯ 𝑎𝑓𝑔

] [

𝜎11 ⋯ 0
⋮ ⋱ ⋮
0 ⋯ 𝜎𝑓𝑔

] [

𝑏11 ⋯ 𝑏1𝑔

⋮ ⋱ ⋮
𝑏𝑓1 ⋯ 𝑏𝑓𝑔

]  (3.17) 

𝑓 × 𝑔    𝑓 × ℎ     ℎ × ℎ     ℎ × 𝑔 

3.4.1 Properties of SVD 

The properties of SVD which were employed in this study are presented as follow: 

❖ The singular values 𝜎11, 𝜎22, 𝜎33, … , 𝜎𝑔𝑔 are unique. 

❖ 𝑿′𝑿 = 𝑩𝜮′𝑨′𝑨𝜮𝑩′, and since  𝑨 orthogonal matrix, 𝑨′𝑨 = 𝑰 such that I is the identity 

matrix. Hence, 𝑿′𝑿 = 𝑩𝜮′𝜮𝑩′ and this demonstrates the uniqueness of the SVD. The 

matrix 𝑨 and the matrix 𝑩 are calculated from the eigenvector of 𝑿′𝑿 and 𝑿𝑿′ respectively. 

❖ The rank of the matrix 𝑿 is the same as the number of its non-zero singular values. 

 Theorem 3.1 

Let 𝑿 be a matrix with dimension  𝑓 × 𝑔 , (𝑓 ≥ 𝑔). 

Then 

❖ The matrices  (𝑿′𝑿)𝑔×𝑔 and (𝑿𝑿′)𝑓×𝑓  are symmetric with real and nonnegative 

eigenvalues. 

❖ If λ is a nonzero eigen value of 𝑿′𝑿 having the eigen vector 𝑿, then λ too is an eigen value 

of 𝑿𝑿′ with 𝑿 as the correspondent eigen vector. In other words, 𝑿′𝑿 and 𝑿𝑿′have the 

same nonzero eigenvalues. 

Proof 3.1 

❖ (𝑿′𝑿)′ = 𝑿′(𝑿′)′ = 𝑿′𝑿 and so 𝑿′𝑿 is symmetric. Similarly, 𝑿𝑿′, 

University of Ghana http://ugspace.ug.edu.gh



38 
 

(𝑿𝑿′)′ = (𝑿′)′𝑿′ = 𝑿𝑿′ 

Let y be an eigenvector of 𝑿′𝑿 corresponding to a nonzero eigenvalue λ. Then 

𝑿′𝑿𝒚 = 𝝀𝒚     (3.18) 

Multiplying through equation (3.18) on the left by  𝒚′yields 

𝒚′𝑿′𝑿𝒚 = 𝝀𝒚′𝒚 

(𝑿𝒚)′𝑿𝒚 = 𝝀‖𝒚‖𝟐 

‖𝑿𝒚‖𝟐 = 𝝀‖𝒚‖𝟐 

≥ 𝟎 

Hence,  

𝝀 =
‖𝑿𝒚‖𝟐

‖𝒚‖𝟐
≥ 𝟎 

This holds for 𝑋𝑋′. 

❖ Multiplying through equation () on the left by X gives 

𝑿𝑿′(𝑿𝒚) = 𝝀(𝑿𝒚) 

That is, 𝑿𝒚 is an eigenvector of 𝑿𝑿′ corresponding to the eigenvalue λ, where 

𝒚 is an eigenvector of 𝑿′𝑿 corresponding to the eigenvalue λ. Hence 𝑿′𝑿 and 

𝑿𝑿′ have the same nonzero eigenvalue λ. 

3.5.1 Principal Component Analysis (PCA) 

In face recognition, facial images have very high dimensions which require a great deal of time 

for classification. For instance, two-dimensional 𝑘 × 𝑘 grayscale image will span 𝑝 = 𝑘2-

dimensional vector space. Thus, a (256 × 256) pixel image will lie in 65536-dimensional space, 

which is far too high for any calculation. In this study, the PCA technique adopted primarily 

focused on data reduction and interpretation which explains the variance-covariance structure of 
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any given set of variables though they are fewer linear combination of these variables. That is, 

PCA makes it possible to identify the salient directions in which the image data set varies. This 

procedure changed high dimensional image in every two-dimensional picture into a dimensional 

vector. The study concentration lies in the components that explain most of the information 

required.  It is evident from literature that one of the simplest and effective approaches used in the 

extraction of facial features of face images during face recognition is the eigenface approach, 

which is basically based on PCA. This approach is able to convert face images into a smaller set 

of facial characteristics, which constitute the central components of the initial training dataset. 

3.5.2 Feature Extraction Technique 

After the pre-processing stage, features like the eyes, nose, ears and mouth are extricated from the 

face images. In this study, a dimensional reduction technique was employed after using FFT at the 

pre-processing phase. Thus, a feature extraction method related to dimension reduction technique 

was employed. The extracted features of the face image are expected to have important information 

through the input data. This implies that the necessary problem can be executed by a minimized 

representation in place of the comprehensive original data. This process means decreasing the 

amount of resources needed to label a large dataset. In the feature extraction phase, the study 

adopted PCA/SVD approach as the technique for data reduction. 

Mathematically, the mean centred images from equation (3.13) are then subjected to PCA, which 

pursues a set of n orthogonal vector 𝑒𝑘, that best explains the distribution of the image data. 

The 𝑡𝑡ℎ vector 𝑒𝑡 is selected so that 

𝜆𝑡 =
1

𝑛
∑ (𝑒𝑘

′ 𝑌𝑘)
2𝑛

𝑘=1       (3.19) 
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is maximized with respect to the orthogonal restrictions 

𝜎𝑘𝑡 = {
𝑒𝑘

′ 𝑒𝑡 = 1,         𝑖𝑓 𝑘 = 𝑡
0,                   𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

    (3.20) 

The vector  𝑒𝑡 and the scalar 𝜆𝑡 represent eigenvectors and eigenvalues respectively, which are 

deduced through the covariance matrix 

𝐶 =
1

𝑛
𝑌𝑌′      (3.21) 

where the matrix 𝑌 = ( 𝑦1, 𝑦2, … , 𝑦𝑛). 

Let the matrix 𝑈 = (𝑢1, 𝑢2, 𝑢3, … , 𝑢𝑛) where 𝑢𝑘, 𝑘 = 1,2, 3, … , 𝑛 represents the 𝑘𝑡ℎ eigen vector 

of C, which is the covariance matrix. Suppose that D (𝑑𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛 𝑛× 𝑛) is the diagonal matrix 

with entries (𝜆𝑘, 𝑘 = 1, 2, 3, … , 𝑛) which are the eigen values having a corresponding eigen vectors 

𝑢𝑘, 𝑘 = 1,2, 3, … 𝑛. 

The dimension of 𝑁2 × 𝑁2 is huge and computing the eigenvalues and eigenvectors is a very 

complex task for distinctive image sizes. For instance, 100 × 100 create a covariance matrix of 

size10000 × 10000. From literature, it can be inferred that the vectors 𝑒𝑘 and scalers 𝜆𝑡 are 

obtained through the computation of the eigenvalues of 𝑌′𝑌 respectively. 

𝜇𝑘𝛼𝑘 = 𝑌′𝑌𝛼𝑘     (3.22) 

Where 𝜇𝑘 and 𝛼𝑘 constitutes the eigenvalues and eigenvectors respectively of the covariance 

matrix 𝑌′𝑌. 

By post-multiplying both by 𝑌, we can deduce that 

𝜇𝑘(𝑌𝛼𝑘) = 𝑌𝑌′𝑌𝛼𝑘     (3.23) 
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which implies that the initial 𝑛 − 1 eigen vectors 𝑒𝑘 and eigen values 𝜆𝑘 of  𝑌𝑌′ are given as 𝑌𝛼𝑘 

and 𝜇𝑘 respectively. Thus 𝑌𝛼𝑘 is normalized so that it becomes equivalent to 𝑒𝑘 and covariance 

matrix ranks cannot exceed 𝑛 − 1  (the negative one was deducted as a result of the average 

vector 𝑛). 

Hence; 

𝑒𝑘 = ∑ 𝑦𝑘
𝑛
𝑘=1 𝛼𝑘      (3.24) 

where 𝛼𝑘 and 𝑦𝑘 are the column matrices of U and 𝑌 respectively and 𝑘 = 1,2,3… , 𝑛. 

The principal component of the trained set is deduced by; 

𝛾𝑘 = 𝑒𝑘
′ (𝑥𝑘 − ℎ̅)      (3.25) 

𝛽 = (𝛾1, 𝛾2, 𝛾3, … , 𝛾𝑛)      (3.26) 

The huge dimension of the correlated face images is finally reduced to smaller uncorrelated 

fundamental dimensions which exhibit advantageous features of the image set. 

3.5.3 Classification Stage 

This segment gives a stage by stage approach to classifying an unknown face in the trained 

database. After the formulation of the representation of each face, the final phase will be the need 

to classify the unknown face into the appropriate class. 

An unfamiliar image is passed from the stage below, before classification. The face image dataset 

contains 10 individuals straight image pose (0°) and the varying head tilt of each individual were 

captured along 4°,8°,12°,16°,20°,24°,28°and 32°rotation of the head and their frontal face 

component are drawn out and kept in the database.  Therefore, when an unfamiliar image is placed 
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in a dataset, the face image undergoes a pre-processing stage and dimensional reduction process 

and compares its component to every face class kept in the database for classification. 

3.5.4 Euclidean Distance 

The rule which is most common in face recognition is the use of Euclidean distance. It basically 

calculates the distance from the query image and database images. Following the procedures in the 

dimensional reduction phase, a new image from the test set is changed into its components (eigen 

face). 

Firstly, the unfamiliar image is juxtaposed with the mean face image and the difference is 

multiplied by every eigen vector from  𝑒𝑘. 

Each value represents a weight and is saved on a vector 𝛾𝑘. 

Recall, from equation (3.24) and (3.25) 𝛾𝑘 = 𝑒𝑘
′ (𝑥𝑘 − ℎ̅) and 𝛽 = (𝛾1, 𝛾2, 𝛾3, … , 𝛾𝑛). 

𝛽𝑘 accounts for the impact of every eigen face in depicting the face image by taking the eigen faces 

as a basis set for facial images. 

The k-dimension Euclidean distance between them is computed as stated below; 

𝜏𝑘 = ‖𝛽 − 𝛽𝑘‖     (3.27) 

where  𝛽𝑘 represents the vector describing the𝑘𝑡ℎ image class and 𝛽 is a feature space of the 

database image.    In this case, 𝜏𝑘 is chosen as the distances at which a test image is recognised in 

the trained image database. 
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Figure 3.2. Summary of the Face Classification Process 
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Support vector machine, according to Vladimir and Filip (1998) is a ubiquitous constructive 
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Vapnik (1998), proffered SVM as a newly discovered type of feed forward network that is 

particularly effective for pattern recognition. Instinctively for a set of observations belonging to 

two groups, the SVM identifies the hyperplane that divides the biggest possible fraction of the 

same class on one hand, while maximizing the distance from either class to the hyperplane. 

According to Vapnik (1998), this hyperplane is known as the Optimal Separating Hyperplane 

(OSH) which minimizes the risk of misclassifying, not only the examples in the training set but 

also the unseen examples of the test set. 

 

Figure 3.3. Classification between two classes using hyperplanes 

Consider a two-class problem; the objective will be to divide the two classes by a function which 

is instigated from available examples. For instance, in Figure 3.3 (a), there exist many likely linear 

classifiers that will distinctively divide the data. However, only one as observed in Figure 3.3 (b) 

will maximize the margin.  Intuitively, the expectation will be that this boundary generalizes well 

as against the other likely decision boundaries as seen in Figure 3.3(a). Optimal separation of the 

vectors by a hyperplane is achieved if it can be done in a way such that the margin is maximum 

and also without error. In canonical form, the optimal separating hyperplane would have to satisfy; 

 𝑦𝑖[(𝑤 · 𝑥𝑖 +  𝑏)] ≥ 1,    i=1,…,n (3.28) 
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The distance from the hyperplane to any point x will be given by 

d(w , b: x ) = |w · x + b|     (3.29) 

    ||w|| 

The hyperplane that minimizes the equation below is the one that optimally separates the data. 

   Φ(w) = 
1

2
 ||w||2     (3.30) 

To solve the optimization problem of (3.30) under the constraint of (3.28), there is need of the 

Lagrange function; 

                       L(w, b, α) = 
1

2
 ||w||2 −∑ 𝛼𝑖

𝑛
𝑖=1 {𝑦𝑖[(𝑤 ·  𝑥𝑖) + 𝑏] − 1}   (3.31) 

such that the Lagrange multipliers are the 𝛼𝑖s. Minimization of the Lagrangian will be done with 

respect to w, b and it will be maximized subject to 𝛼𝑖 ≥ 0. The primal variables w and b will 

disappear with the following conditions 

  
𝜕𝑙

𝜕𝑤
= 0      (3.32) 

  
𝜕𝑙

𝜕𝑏
= 0       (3.33) 

and α ≤ 0. 

 

From equation (3.32) and equation (3.33) we obtain 

 w = ∑ 𝛼𝑖𝑦𝑖𝑥𝑖
𝑛
𝑖=1       (3.34) 

 ∑ 𝛼𝑖𝑦𝑖
𝑛
𝑖=1 = 0      (3.35) 
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Now, substituting equations (G) and (H) into (D), results in 

 LD ≡ ∑ 𝛼𝑖 −
1

2
∑ 𝛼𝑖𝛼𝑗𝑦𝑖𝑦𝑗𝑥𝑖𝑥𝑗

𝑛
𝑖=1

𝑛
𝑖=1    (3.36) 

where the primal variables are taken out. When 𝛼𝑖 is determined, w = ∑ 𝛼𝑖𝑦𝑖𝑥𝑖
𝑛
𝑖=1  is obtained and 

any new point x can be classified with 

𝑓(𝑥) = 𝑠𝑖𝑔𝑛(𝑤 ·  𝑥 +  𝑏) 

   =  𝑠𝑖𝑔𝑛((∑ 𝛼𝑖𝑦𝑖𝑥𝑖
𝑛
𝑖=1 )  ·  𝑥 +  𝑏) 

   =  𝑠𝑖𝑔𝑛 (∑ 𝛼𝑖𝑦𝑖(𝑥𝑖
𝑛
𝑖=1  ·  𝑥)  +  𝑏)     (3.37) 

The discussion so far has been focused on the assumption that the training data is linearly 

separable. In situations where the separating surface of the classes is not linear, the data points are 

mapped to a high dimensional space, where the data points will now be linearly separable. 

Assuming that the transformation is Φ (·), then the resulting equation in the high dimensional 

space will be 

 LD ≡ ∑ 𝛼𝑖 −
1

2
∑ 𝛼𝑖𝛼𝑗𝑦𝑖𝑦𝑗Φ(𝑥𝑖)Φ(𝑥𝑗

𝑛
𝑖=1

𝑛
𝑖=1 )  (3.38) 

When perfect separation is not achieved, then the data points that cross the boundaries are 

penalized with a finite constant C. Thus, non-negative slack variables 𝜉𝑖 ≥ 0 are introduced such 

that 

 𝑦𝑖[(𝑤 · 𝑥𝑖 +  𝑏)] ≥ 1 − 𝜉𝑖,   i=1,…,n (3.39) 

   𝜉𝑖 ≥ 0 ∀𝑖 

Now when the penalizing term is added to the objective function, the OSH is ascertained by 

minimizing 

 Φ(w, ξ) = 
1

2
 ‖𝑤‖2 + 𝐶 ∑ 𝜉𝑖

𝑛
𝑖=1    (3.40) 

Subject to equation (3.39) 

Introducing 𝛼 and β as the Lagrange multipliers, the Lagrangian becomes 
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L(w, b, 𝜉𝑖, α, β) = 
1

2
 ‖𝑤‖2 + ∑ (𝐶 − 𝛼𝑖 −𝑛

𝑖=1 𝜇𝑖)𝜉𝑖 − (∑ 𝛼𝑖𝑦𝑖𝑥𝑖
𝑇𝑛

𝑖=1 )𝑤 − (∑ 𝛼𝑖𝑦𝑖)𝑏 + ∑ 𝛼𝑖
𝑛
𝑖=1

𝑛
𝑖=1  

The 𝜉𝑖’s and the Lagrange multipliers do not appear in the wolfe dual problem which 

maximize =  ∑ 𝛼𝑖 −
1

2
∑ 𝛼𝑖𝛼𝑗𝑦𝑖𝑦𝑗𝑥𝑖𝑥𝑗

𝑛
𝑖=1

𝑛
𝑖=1  

w, b, ξ 

subject to 0 ≤ 𝛼𝑖 ≤ 𝐶. 

∑𝛼𝑖𝑦𝑖

𝑛

𝑖=1

= 0 

The solution to this problem is very analogous to the perfectly separable situation, save for a 

moderation of the boundary of the multipliers. The sole difference from that of the perfectly 

separable situation is that 𝛼𝑖 will be bounded above by C other than ∞. The solution still remains 

as; 

 w = ∑ 𝛼𝑖𝑦𝑖𝑥𝑖
𝑛
𝑖=1  

 

In this research work the focus was only on the use of the linear classifier, so there is no further 

discussion on the non-linear decision surfaces. 

3.6.2 Multi-Class Recognition  

Discussion so far has been on the basic SVM classification for only two classes. A combination of 

two class SVMs will lead to multi-class pattern recognition. According to Rifkin (2002), there are 

several approaches for solving m-class problems with binary support vector machine classifiers, 

but the two popular once are the one-against-all and the pairwise (one-against-one). For the one-

against-all procedure, m SVMs are trained, where every one of them separates one class from all 

other classes. For the pairwise situation, m(m-1)/2 machines are trained and each SVM separates 

a pair of classes. From literature, there exists no theoretical analysis of the two approaches on the 
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basis of classification performance. When it comes to the training performance, the one-against-

all strategy is mostly preferred because only m SVMs are trained as opposed to the pairwise where 

there is the need for m(m-1)/2 SVMs. The run-time complexity of the two approaches is very alike; 

there are m evaluations of the one-against-all while there are m-1 evaluations for the pairwise 

strategy. In 2002, a comparison of several multi-class strategies favoured the one-against-all 

strategy because it was very simple and had excellent classification performance (Rifkin, 2002). 

This research work also settled on the one-against-all technique as it seems to be at par with other 

techniques concerning the rate of classification and also it demands that only m SVMs are trained. 

Flow chart of SVM 

  

Figure 3.4 Summary of the Classification Process with SVM 

3.7.1 Numerical Evaluation:  Recognition (Classification) Rate 

Computationally, the evaluation of face recognition algorithm is usually done through the 

recognition rate and run time (computational time). The recognition rate of an algorithm is 

expressed as the ratio of the total summation of face images recognized (classified) by the 
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algorithm to the summation (total) of face images in the test dataset for each experimental run. The 

performance of this recognition has many measurement standards. 

Mathematically, the rate of recognition is expressed 

Recognition Rate =   Number of Face Images Recognized (nr)  × 100  (3.41) 

Number of Face Images Present (nt) 

Thus, the average recognition rate as stated by Thakur et al., (2008) is numerically given as: 

 𝑅𝑎𝑣𝑔 =
∑ 𝑛𝑐𝑙𝑠

𝑗6
𝑗=1

𝑞 × 𝑛𝑡𝑜𝑡
 × 100      (3.42) 

where q represents total total number of experimental runs, ntot represents the number of faces 

under test in each run and 𝑛𝑐𝑙𝑠
𝑗

 represents the number of correct faces which were recognized in 

the jth run.  Therefore, the mean error rate is computed as 

  𝐸𝑅𝑎𝑣𝑔 = 100 − 𝑅𝑅𝑎𝑣𝑔    (3.43) 

The precision of a face recognition algorithm is an essentially vital part in the analysis process of 

image processing. The highest similarity measure is the lowest distance of a resultant image. 
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CHAPTER FOUR  

DATA ANALYSIS 

4.1 Introduction 

This chapter gives a comprehensive computational work of the study. The subject area focused on 

face classification algorithm on the available database using SVM and FFT-PCA/SVD under the 

constraint of varying head poses. The chapter further explains the rationale behind every method 

used and the outcome of the analysis. 

4.1.1 Data Description 

The data were extracted from Massachusetts Institute of Technology (MIT) Database (2003 2005). 

The study generates 3Dface model based on ten training images of each individual with eight 

angular (4°, 8°,12°,16°,20°,24°,28°,32°) image constraints. Eighty (80) head pose images from 10 

individuals were captured into the study database. Twenty (20) face images (4° and 32° head pose) 

from 10 individuals were captured into the train image database. Noting that, both the train and 

test images were resized to 100 ×100-dimensional units. 

 
Plate 4.1 Example of Train Image (4° and 32°) 

Source: [Weyrauch, Huang, Heisele & Blanz (2004)] 
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Sixty (60) head pose from 10 individuals across (8°,12°,16°,20°,24°,28°) were captured into the 

test image database 

8°  12°  16°  20°  24°  28° 

 
 

Plate 4.2: Example of the test image under the various angular pose 

Source: [Weyrauch, Huang, Heisele & Blanz (2004)] 

4.2 Result 

As stated earlier in the methodology, the classification process is divided into three stages 

comprising pre-processing, feature extraction and classification. 

4.2.1 Preprocessing Stage 

Prior to performing the feature extraction, a preprocessing stage is applied to remove noise artifact 

constructed in the database before collecting the sample image values for analysis. Reviewed 

literature has revealed that the preprocessing stage significantly increases the consistency of a 

visual examination and increases the recognition performance of the algorithm. During the 

preprocessing stage, the study applied Fast Fourier Transform on the images. 
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Thus, FFT serve as the noise reducing mechanism, making the computation process simpler and 

better conditioned for recognition (classification). More so, the FFT technique is easy to implement 

on the computer (Asiedu et al., 2015). 

The process of FFT began with the calculation of the Discrete Fourier Transform (DFT) and the 

Inverse Discrete Fourier Transform (IDFT) which yielded real parts and imaginary parts. The real 

components of the transformed images were extracted for the feature extraction stage whereas the 

imaginary components were discarded as noise. 

4.2.2Feature Extraction Stage  

The feature extraction starts after the image decomposition ends. A test face dataset information 

is calculated according to the described process and its principal components are extracted.    

Procedures   

The study displays the result of the first six train image in the database;  

Step One  

Consider six trained images in the database Recall from (3.11); 

Given the set of training images 𝑋𝑘 = (𝑋𝑘𝑙)S×1, and X = (𝑋1, 𝑋2, … , 𝑋𝑛), 

Let the image matrix 𝑯𝒌 be defined as 

𝑯𝒌 = (ℎ𝑘𝑙𝑚) ;    𝑙, 𝑚 = 1,2, … , 𝑝;      𝑘 = 1,2, … , 𝑛, 

𝑯𝒌 = (ℎ𝑘1, ℎ𝑗2…ℎ𝑘𝑝),    where   ℎ𝑘𝑚 = (ℎ𝑘1𝑚, ℎ𝑘2𝑚, …,ℎ𝑘𝑝𝑚) ′. 

    𝑋𝑘 = (ℎ𝑘1
′ , ℎ𝑘2

′ ,…, ℎ𝑘𝑝
′  ) ′                
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Step Two  

Vectorise the train images and reshape. The trained images are reshaped from 2D to 1D so as to 

construct the face database such that each row depicts the trained image of an individual. The 

dimension of the constructed row vector is given as 1 x 10000. 

The process in steps 1 and 2 are repeated for all face images in the training dataset. 

Step Three  

Compute the mean of the reshaped train images. 

Step Four   

Determine the mean centred images.  

Step Five    

The covariance matrix for the trained image is given as; 

29.4152   -2.0518    2.4406     1.0352    17.7978    9.4755 

         -2.0518   48.1708    2.4156   -10.5491   -4.9199    -25.3641 

C =  2.4406    2.4156     41.4037   -5.9578     4.7693     9.0433 

1.0352    -10.5491  -5.9578  36.9821    1.5685     16.7911 

17.7978  -4.9199    4.7693   1.5685      30.4888     10.2756 

        9.4755   -25.3641   9.0433   16.7911    10.2756    61.9324 

 

Next, was to run a singular value decomposition (SVD) of the matrix C =USV′ to ascertain its 

eigenvalues and their corresponding eigenvectors, as seen from equation (3.16). This will split the 

covariance matrix C into two orthogonal matrices U and V and a diagonal matrix S.  
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Step Six   

The Singular Value Decomposition of the covariance matrix C is; 

       -0.2232   -0.0838    0.1740    0.3621   -0.3268    0.1589 

    0.0704   -0.6494   -0.0068    0.0950    0.4363    0.2943 

 U =        -0.1764   -0.2018    0.4565   -0.5981    0.1685   -0.3417 

    -0.1578    0.2442   -0.4806    0.1978    0.5261    0.0058 

                            -0.2242   -0.0773    0.1408    0.2839   -0.4285   -0.0009 

               -0.3641    0.4127   -0.2469   -0.3986   -0.0952    0.0598 

 

 

       233.9100         0                 0               0        0                0 

       0               81.5831         0               0                   0                0 

  S =           0           0        43.8176        0                   0                0 

       0                  0                 0   42.9688         0                0 

                               0            0                 0        0         33.1752         0 

      0                  0                 0               0                  0         26.9746 

 

       -0.2232   -0.0838    0.1740    0.3621   -0.3268    0.1589 

    0.0704   -0.6494   -0.0068    0.0950    0.4363    0.2943 

 V =        -0.1764   -0.2018    0.4565   -0.5981    0.1685   -0.3417 

    -0.1578    0.2442   -0.4806    0.1978    0.5261    0.0058 

                            -0.2242   -0.0773    0.1408    0.2839   -0.4285   -0.0009 

               -0.3641    0.4127   -0.2469   -0.3986   -0.0952    0.0598 
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The diagonal values of the matrix S are the eigenvalues of the covariance matrix C and their 

corresponding unit eigenvectors are the elements of the matrix U. Here, the eigenvalues are 

arranged in descending order. 

Step Seven  

The eigenvalue for the train image is deduced from the solution of the equation |𝐶 − 𝜆𝐼|, where C 

is the covariance matrix, Ι is the identity matrix and 𝜆 is the eigenvalue. The result of the eigenvalue 

is arranged in the order of magnitude  

𝑒𝑖𝑔𝑒𝑛𝑣𝑎𝑙𝑢𝑒𝑠 =[233.91     81.5831     43.8176      42.9688      33.1752     26.9746] 

The first eigenvalue accounts for an approximately 51% of the variance in the dataset, the first two 

eigenvalues account for approximately 68% of the variance in the dataset, while the first three 

eigenvalues together explained for an approximately 78% and the first four eigenvalues together 

an approximately 87%.  

 
Figure 4.1 Proportion of Variance accounted by the principal components 
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The eigenvector is derived from 𝑐𝑣̅ = 𝜆𝑣̅ where 𝑣̅ is the eigenvector. 

-0.2232   -0.0838    0.1740    0.3621   -0.3268    0.1589 

 0.0704   -0.6494   -0.0068    0.0950    0.4363    0.2943 

       Eigenvectors =  -0.1764   -0.2018    0.4565   -0.5981    0.1685   -0.3417 

-0.1578    0.2442   -0.4806    0.1978    0.5261    0.0058 

-0.2242   -0.0773    0.1408    0.2839   -0.4285   -0.0009  

-0.3641    0.4127   -0.2469   -0.3986   -0.0952    0.0598        

 

Step Eight: Eigenface  

The eigenfaces are computed as;  

                                   Eigen Face= Eigen vector × mean centered   

 

Step Nine: (Principal Component Analysis)   

The principal component of the trained is given as   

Faces (Γ) =Eigenface × mean centred 

-52.2096    16.4774    -41.2578     -36.9041  -52.4339     -85.1603 

-6.8382     -52.9811    -16.4658     19.9187   -6.3070       33.6713 

pc =   7.6235      -0.2990     20.0027     -21.0594     6.1675      -10.8175 

15.5591     4.0840     -25.7011      8.4977        12.1973    -17.1267  

-10.8407   14.4758     5.5889       17.4540      -14.2164   -3.1568 

 4.2854       7.9390    -9.2161        0.1576       -0.0256      1.6123 

 

4.3 Euclidean Distance  

The Euclidean distance for the various head tilts from their straight position is  

display in the table (4.1). 
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Table 4.1 Euclidean Distances of the Ten Images 

4°    8°        12°  16°        20°  24°  28°       32° 

6.4443  2.549      18.168 23.378      27.844 31.701  35.22       35.949 

4.4414  10.076      15.876 22.391      28.646 35.618             42.119       48.482 

4.3553   9.4      13.538 17.704      22.29 27.102  32.069       37.282 

5.2552  9.1987      12.778 16.498      19.351 21.447              23.21       24.929 

3.0838  6.7859      10.124 13.448      16.81 20.324  23.814       27.004 

4.9905             10.953      16.75 21.843      27.048 31.356             35.068       35.306 

5.6938             11.289      17.016 22.753      28.061 32.712             37.098       40.486 

5.9992             12.095      17.701 22.625      26.747 30.066             32.485       30.894 

6.3476             14.544      22.222 30.575      39.372 47.93             54.955       61.346 

5.0754             12.674      20.95 29.404      38.097 46.683             54.701       57.684 

Source: Researcher’s Computation using Matlab 

From Table (4.1), it is obvious that as an individual increases the tilt position of the head, the 

Euclidean distance increases. According to Asiedu, Mettle, Nortey and Yeboah (2017), the higher 

the degrees of head-pose, the larger the Euclidean distances and that above 20°, the recognition 

distances become profoundly larger. 
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4.4 Support Vector Machines 

Based on the above conclusion, the study conducted an SVM classification by grouping the dataset 

into two classes namely Lower (below 20°) and Upper (20°and above). To train an SVM algorithm 

for classification purposes, twenty (20) images (4° and 32°) of the 10 individuals were used and 

the remaining sixty (8° - 28°) were used for testing as shown in plate 4.1 and plate 4.2 respectively. 

The lower class (below 20°) was assigned the class labels of negative one, while the upper class 

(20° and above) was assigned positive one as labels. Since the two classes were linearly separable, 

a linear kernel was adopted in the SVM algorithm. The training was done using the classifier 

fitcsvm in matlab. The trained dataset and the corresponding support vectors are shown in Figure 

4.3  

 

Figure 4.3 Plot of Train Data and Support Vectors 

Source: Matlab Output  
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4.5 Classification Score 

The classification score of an SVM algorithm, for classifying an observation is the signed distance 

from the observation to the decision boundary, ranging from −∞ to +∞.  When an observation is 

predicted to the correct class, a positive sign is obtained for that class while a negative sign means 

the contrary. The results of the test are presented in the table of raw scores below. 

Table 4.2 Raw Scores from Model Prediction (Classification) 

      8°        12°         16°           20°               24°            28° 

 L         U          L         U          L           U           L            U         L            U      L            U 

0.4      -0.4     -0.14    0.14      -0.65      0.65     -1.08       1.08      -1.45      1.45        -1.80      1.80 

0.64    -0.64   0.08     -0.08     -0.55    0.55     -1.15      1.15      -1.83      1.83        -2.46     2.46 

0.7      -0.7     0.30     -0.30     -0.01    0.01     -0.54      0.54      -1.01      1.01        -1.49     1.49 

0.72    -0.72   0.38     -0.38     0.02    -0.02    -0.26       0.26     -0.46       0.46   -0.63    0.63 

0.96    -0.96   0.63     -0.63     0.31    -0.31    -0.01      0.01     -0.35       0.35   -0.69     0.69 

0.55    -0.55   -0.01    0.01     -0.5         0.50     -1.00       1.00     -1.42       1.42   -1.78     1.78 

0.52    -0.52   -0.03    0.03     -0.59    0.59     -1.10      1.10     -1.55       1.55   -1.97     1.97 

0.44    -0.44   -0.1      0.1       -0.58   0.58     -0.98       0.98     -1.30       1.30         -1.53      1.53 

0.21    -0.21   -0.54    0.54     -1.35   1.35     -2.2      2.2      -3.03        3.03   -3.71    3.71 

039     -0.39   -0.41    0.41    -1.23   1.23      -2.07      2.07    -2.91  2.91    -3.68      3.68 

Source: Researcher’s Computation using Matlab 
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From the table, it is clearly evident that the SVM model correctly classified all the observations of 

8° into the lower class. However, only four (4) and two (2) observations were correctly predicted 

by the model into the lower class for 12° and 16° respectively. From 20° and above, the model 

correctly classified all into the upper class as expected. The study also considered the posterior 

probabilities of classifying an observation into either of the two classes, and the result is as 

presented in table 4.2. 

Table 4.3 Posterior Probability Scores from Model Prediction (Classification) 

              8°       12°                16°                20°             24°          28° 

        L         U       L          U         L          U          L           U       L           U      L        U 

        0.5     0.5      0.5        0.5      0.5       0.5         0.0      1.0   0.0   1.0     0.0      1.0 

        0.5     0.5      0.5        0.5      0.5       0.5   0.0       1.0 0.0   1.0     0.0      1.0 

        0.5     0.5      0.5        0.5      0.5       0.5     0.5       0.5 0.0   1.0     0.0      1.0 

        0.5     0.5      0.5        0.5      0.5       0.5        0.5       0.5 0.5   0.5     0.5      1.0 

        0.5     0.5      0.5        0.5      0.5       0.5        0.5       0.5 0.5         0.5     0.5      1.0 

        0.5     0.5      0.5        0.5       0.5      0.5        0.0      1.0 0.0   1.0     0.0      1.0 

        0.5     0.5      0.5        0.5       0.5      0.5      0.0      1.0 0.0   1.0         0.0      1.0 

       0.5     0.5      0.5        0.5      0.5      0.5         0.0      1.0 0.0   1.0     0.0      1.0 

        0.5     0.5      0.5        0.5       0.0      1.0  0.0      1.0 0.0   1.0         0.0      1.0 

               0.5     0.5      0.5        0.5       0.0      1.0  0.0      1.0    0.0   1.0     0.0      1.0 

Overall   0.5     0.5     0.5        0.5        0.4      0.6        0.1      0.9 0.1   0 .9     0.0        1.0 

Source: Researcher’s Computation using Matlab 
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From the above table it can be observed that for the 8° and 12°, there was an equal chance for the 

model to classify an individual into either of the groups, although the expectation would have been 

for a greater if not absolute value for the lower class. It is worth noting that though the model 

correctly predicted all the observations of 8° into the lower class, the posterior probabilities 

suggests an equally likely situation. The posterior probability of classifying an individual increased 

toward the upper class from 60% (16°) to an absolute of 100% (28°). The mean posterior 

probability of classifying an observation into the lower class is 0.27 as compared to 0.73 for the 

upper class. Thus, it can be rightly deduced that it was more likely for the model to classify 

observations into the upper class than the lower class. 

The accuracy of the classification is as presented below. 

Rate of Accuracy =   Number of Face Images Correctly Classified (nr)  × 100 

Number of Face Images in the Test set (nt) 

Table 4.4 Accuracy of Model Predictions (Classifications) 

                                     8°   12°  16°   20°   24°     28° 

Correct  10  4  2  10  10     10 

Wrong   0  6  8  0  0     0 

Accuracy  100%  40%  20%  100%  100%   100% 

Misclassification 0%  60%  80%  0%  0%     0% 

 

From the above table, it is clear that out of the thirty (30) classifications in the lower class (8°, 12° 

and 16°), only sixteen were correctly classified as compared to all thirty (30) in the upper class 

(20°, 24° and 28°) being correctly classified. 
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4.6 Classification Rate 

The average classification rate as stated by Thakur et al., (2008) is numerically given as: 

𝑅𝑎𝑣𝑔 =
∑ 𝑛𝑐𝑙𝑠

𝑗6
𝑗=1

𝑞 ×  𝑛𝑡𝑜𝑡
 × 100 

The total number of correct classification is ∑ 𝑛𝑐𝑙𝑠
𝑗10

𝑗=1 = 46, the total number of experimental runs 

q = 10 and the total number of face images in a single experimental run 𝑛𝑡𝑜𝑡 = 6 

The average (mean) classification rate of the model is 

𝑅𝑎𝑣𝑔 = 
46

60
 × 100 = 76.7% 

The average error rate (misclassification) of the classification model is 

𝐸𝑅𝑎𝑣𝑔 = 100 − 𝑅𝑎𝑣𝑔 

𝐸𝑅𝑎𝑣𝑔 = 100 − 76.7% = 23.3% 

This means that the FFT-PCA/SVM algorithm has a classification rate of 76.3% and a 

misclassification rate of 23.3%.  

4.7 Classification Curve 

The study displayed the graphical representation of the classification rate with respect to the 

various head tilts.  
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 Figure 4.5: Displayed the classification curve  

From the graph in Figure 4.5, it can be deduced that in adopting an FFT-PCA/SVM algorithm, the 

classification rate declines for the head tilt of 12° to 16° and increases for 20° and above. Thus, it 

can be inferred that the FFT-PCA/SVM algorithm correctly classifies observations in the upper 

class (20° and above) than it does for the lower class (below 20°). Also, the classification showed 

that 16° head tilts were more likely to be in the upper class than the lower class. This indicates that 

with the FFT-PCA/SVM classification, the Euclidean distance becomes larger from 16° and 

beyond. 
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CHAPTER FIVE 

CONCLUSION AND RECOMMENDATION 

5.1 Introduction    

This is the final chapter of the study and also makes recommendations for future thesis work to be 

done in this field.  

5.2 Summary  

The study provided a concrete application of face classification algorithm using Fast Fourier 

Transform and Principal Component Analysis and Support Vector Machines (FFT-PCA/SVM) 

under the constraint of varying head tilt. The study used ten images with an angular constraint 

from Massachusetts Institute of Technology database (2002-2005).   

From the numerical evaluations in the previous chapter, the classification rate of Support Vector 

Machines with Principal Component Analysis and Singular Value Decomposition (PCA/SVD) as 

feature extraction techniques and Fast Fourier Transform as a noise removal technique at the pre-

processing stage (FFT-PCA/SVM) is 76.7% and a mean error rate of misclassification is 23.3%.  

5.3 Conclusion and Recommendation  

 The study successfully implemented the Support Vector Machines and Principal Component 

Analysis (PCA/SVM) algorithm by using Fast Fourier Transform as a noise removal mechanism 

during the face image pre-processing stage.  Adopting the study numerical evaluation, it can be 

concluded that, FFT-PCA/SVM has an appreciable performance when used to classify images 

under various head tilts. However, in the case of this study, the algorithm performed better in 

classifying observations in the positive (20° and above) class than the negative (below 20°) class 
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Future studies should be carried out with other classifiers as well as other noise removal 

mechanisms. Also, future studies can be conducted to understand the poor performance of the 

model in the lower class. Another area for future research could be a study on other constraints 

such as ageing and occlusions.  
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