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Abstract 
 

Over the past few decades, face recognition has become a rapidly growing 

research topic due to the increasing demands in many applications of our daily life 

such as airport surveillance, personal identification in law enforcement, surveillance 

systems, information safety, securing financial transactions, and computer security.  

The objective of this thesis is to develop a face recognition system capable of 

recognizing persons with a high recognition capability, low processing time, and 

under different illumination conditions, and different facial expressions. The thesis 

presents a study for the performance of the face recognition system using two 

techniques; the Principal Component Analysis (PCA), and the Zernike Moments 

(ZM). The performance of the recognition system is evaluated according to several 

aspects including the recognition rate, and the processing time. 

Face recognition systems that use visual images are sensitive to variations in 

the lighting conditions and facial expressions. The performance of these systems may 

be degraded under poor illumination conditions or for subjects of various skin colors. 

Several solutions have been proposed to overcome these limitations. One of these 

solutions is to work in the Infrared (IR) spectrum. 

IR images have been suggested as an alternative source of information for 

detection and recognition of faces, when there is little or no control over lighting 

conditions. This arises from the fact that these images are formed due to thermal 

emissions from skin, which is an intrinsic property because these emissions depend 

on the distribution of blood vessels under the skin. On the other hand IR face 

recognition systems still have limitations with temperature variations and recognition 

of persons wearing eye glasses.  

In this thesis we will fuse IR images with visible images to enhance the 

performance of face recognition systems. Images are fused using the wavelet 

transform.  Simulation results show that the fusion of visible and thermal face images 

enhance the performance of face recognition systems. The thesis also presents an 

application of cepstral analysis for face recognition. A cpestrum-based face 

recognition system is introduced and tested for various types of degradation. 
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Chapter 1                                                                                                                  Introduction 
 

CHAPTER                                      1
Introduction 

1.1 Introduction 

The process of machine recognition of human faces continues to attract 

researchers from disciplines such as image processing, pattern recognition, neural 

networks and learning, computer vision, computer graphics, and psychology. 

Face recognition is one of the most important applications of image analysis and 

processing. It has recently received significant attention, especially during the 

last decades [1].  

Although very reliable methods of biometric personal identification exist, 

face recognition can be considered as the essential biometric technique, since it is 

the natural mode of identification among humans, and is totally unobtrusive [2]. 

It has several applications such as law enforcement, verification such as drivers' 

licenses and credit cards, gateways to limited access areas, and surveillance of 

crowd behavior [3]. 

 Visual face recognition systems still have a lot of challenges that restrict 

their application in the real world. These challenges include lighting conditions 

(indoor/outdoor) and facial expression changes. This is attributed the fact that 

visible facial images are formed due the reflections from the face, which is 

dependent on the amount of light incident on the face, and the angle of incidence. 

So the performance of visual face recognition systems is sensitive to lighting 

condition variations and facial expression changes. 

 Face recognition in the thermal IR domain has received relatively little 

attention in comparison with recognition in visible-spectrum imagery. This is 

  1
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mainly due to the lack of widely available IR image databases and also due to the 

heavy cost of the IR cameras in the past, but now the cost of IR cameras has been 

decreased, which gives rise to the application of face recognition techniques on 

IR images.  

 IR images have the advantage of being invariant to light direction and 

intensity due to the fact that the light in the thermal IR range is emitted rather 

than reflected. The vein and tissue structure of the face is unique for each person, 

and therefore the IR images are also unique. It is known that even identical twins 

have different thermal patterns. On the other hand they have a disadvantage of 

being affected by currents of cold and warm air. Thermal imaging has limitations 

in situations such as recognition of a person wearing glasses since glass blocks a 

large portion of thermal energy resulting in a loss of information near the eyes. 

Also variations in ambient or body temperature significantly change the thermal 

characteristics of the human face.   

 Despite the advantages achieved by IR face recognition techniques, they 

still have a lot of limitations, which encourage fusing images from both IR and 

visible spectra as a means of enhancing the recognition performance. 

1.2 Thesis Objectives 

  The thesis aims at enhancing the performance of visual face recognition 

systems by fusing visual face images with Long-Wave IR (LWIR) images 

to achieve feature integration in the recognition process. The system 

performance is evaluated according to the recognition rate which is the 

percentage of images correctly recognized by the system. The thesis also 

aims at investigating the cepstral analysis for the development of a face 

recognition system based on cepstral features. 

1.3 Thesis Organization 

  2



Chapter 1                                                                                                                  Introduction 
 

Chapter two presents an overview of the biometric technology. It discusses the 

concepts of biometric systems. Then, the motivations towards IR identification 

of faces are widely investigated in this chapter.  

Chapter three illustrates the pre-processing steps performed on images 

before applying the face recognition techniques. It also describes the application 

of an ellipse fitting algorithm for face detection from facial images. 

Chapter four discusses the concepts of the used face recognition 

algorithms such as the PCA, which maps images into a lower dimensional space 

called the Eigen space, and finds the best match in that space. Also, the ZM 

technique is illustrated. It depends on calculating the vectors of moments of the 

training images and the vector of moments of the test image for finding the best 

match. 

Chapter five discusses the motivations towards image fusion, the 

concepts of the wavelet fusion, and how to fuse visual and thermal IR images to 

make use of the benefits of both spectra for providing face recognition systems 

with a better performance. 

Chapter six introduces the application of Mel Frequency Cepstral 

Coefficients (MFCCs) as a new approach for face recognition. Cepstral features 

are extracted from a group of facial images, which are transformed first to 1-D 

signals by lexicographic ordering. MFCCs and polynomial shaping coefficients 

are extracted from these 1-D signals to form a database of features, which can be 

used to train a neural network. In the testing phase of this neural network, face 

recognition is performed 

The thesis ends with chapter seven, which gives the conclusions, and the 

directions for the future research. 

  3
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      CHAPTER                                       2
Overview on Biometrics  

2.1 Introduction 

 The history of biometric technology dates back to the fourteenth century, 

when the Chinese explorer Joao de Barros recorded that Chinese merchants were 

stamping children's palm prints and foot prints on paper with ink to distinguish 

the young children from one another. In 1880, Alphonese Bertillon, the director 

of the identification service at Paris Police Headquarters, was trying to find a 

way to identify criminals. Bertillon and police desk clerk in Paris, developed a 

system called "Bertillonage" that uses physical characteristics as a means of 

identifying criminals. This system was widely used in France and in other parts 

of Europe as well [1]. 

With current attacks, we are in a bad need for highly secure identification 

and personal verification systems. Modern technologies such as microprocessors 

have given researchers the opportunity to produce devices capable of automated 

identity verification using biometrics. Biometrics has become the subject of 

increased interest after the September 11 terrorist attacks in the United States [3]. 

Several biometric systems have been developed so far based on anatomical 

characteristics such as faces, fingerprints, palm prints, irises, hand, and ear 

geometry. Biometric-based solutions facilitate confidential financial transactions 

and ensure the privacy of personal data. 

Section 2.2 gives the basic concepts of biometric systems.  Section 2.3 

shows the advantages of face recognition systems over other biometric 
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techniques. Applications of face recognition systems are described in section 2.4. 

Section 2.5 presents a description of the face recognition problem. Section 2.6 

explains the classifications of face recognition algorithms. The IR identification 

of faces is discussed in section 2.7. Section 2.8 gives the motivations towards IR 

identification.  

2.2 Biometric Systems 

Biometric methods are statistical methods for recognizing humans based 

on one or more intrinsic physical characteristics. In computer science, in 

particular, biometrics are used for identity access management and access 

control. Biometrics are also used to identify individuals in groups. Biometric 

characteristics can be divided in two main classes: 

1. Physiological characteristics. They are related to the shape of the body 

including fingerprint, face print, DNA, Palm print, hand geometry, and 

iris. 

2. Behavioral characteristics. They are related to the behavior of a person. 

Examples of such characteristics include gait and voice. Some researchers 

have termed this class of biometrics as behavior metrics. Voice is also a 

physiological trait, because every person has a different vocal tract, but 

voice recognition is mainly based on the study of the way a person speaks, 

commonly classified as behavioral. 

The human characteristics to be used for biometrics should satisfy the following 

criteria:  

• Uniqueness – It is how well the biometrics separate individuals from one 

another (each person should have a unique characteristic). 

• Permanence – It measures the biometric characteristic robustness against 

varying conditions. 
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• Collect ability – It means the ease of acquisition for measurement. 

• Performance – It is related to the accuracy, speed, and robustness of the 

technology used. 

A biometric system can operate in the following two modes: 

• Verification– A one-to-one comparison of a captured biometric with a 

stored template to verify that the person is who he claims to be as in 

driving licenses. 

• Identification – A one-to-many comparison of the captured biometric 

against all biometrics stored in the database to identify an unknown 

person. 

The first time an individual uses a biometric system is called an 

enrollment. During the enrollment, biometric information from an individual is 

stored. In subsequent uses, biometric information is detected and compared with 

the information stored at the time of enrollment. The basic block diagram of 

biometric systems is shown in Fig.2.1. The first block (Data source) is the 

interface between the real world and the system; it has to acquire all the 

necessary data. The second block performs all the necessary pre-processing. It 

has to remove artifacts from the sensor, to enhance the input (e.g. removing 

background noise), to use some kind of normalization, etc. In the third block, 

necessary features are extracted. This step is an important step as the correct 

features need to be extracted in the optimal way.  

In the enrollment stage, the template is simply stored somewhere on a card 

or within a database or both. In the testing phase, the pattern to be tested is  

compared with all stored templates in the database to find the closest match. 
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Fig. 2.1 The basic block diagram of a biometric system. 

2.2.1 Enrollment Phase 

The enrollment phase consists of three steps; data acquisition, feature 

extraction, and storage of features. In the data acquisition, the user’s biometric 

sample is obtained using an input device. This sample must be of good quality. 

The biometric data are processed after the acquisition. The raw measurement 

contains a lot of irrelevant information. So, the data are processed and only the 

important features are extracted to be used. The extracted features are stored in a 

database as shown in Fig.2.2. 

 

 

                                   Fig.2.2. Enrollment of biometrics. 
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2.2.2 Identification Phase 

The identification of the test image is done by locating the image on the 

database that has the highest similarity with the test image. The authentication or 

identification is similar to the data enrollment process, with some differences. It 

consists of acquisition, feature extraction from the test image, comparison with 

the features stored in the database, and decision making as shown in Fig. (2.3). 

 

 

 

 

 

 
Comparison 

 
Decision 

 
Database of  

Features 

Feature 
Extraction 

Data 
Acquisition 

Fig.2.3. Identification phase.  

2.3 Face Recognition  

Face is a biometric used to identify or verify the personal identity. Face 

recognition has a number of advantages from being the primary biometric 

technique that humans use to recognize one another. Some of the earliest 

identification methods, i.e. portraits, use this face biometric as an authentication 

pattern. There are many systems that use face images such as police, passports, 

and driving licenses records. Video indexing is another example of legacy data 

for which face recognition, in conjunction with speaker identification is a 

valuable tool. 

Face recognition has the advantage of ubiquity and of being universal 

over other major biometric systems, in that everyone has a face and everyone 
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readily displays the face, whereas, for instance, fingerprints are captured with 

much more difficulty and a significant proportion of the population has 

fingerprints that can not be captured with a sufficient quality for recognition. 

Each face has the advantage of being unique, another desirable characteristic for 

a biometric, which is hard to claim at current levels of biometric systems.   

Since face shape, especially when young, is heavily influenced by 

genotype, identical twins are very hard to tell apart with this technology. With 

some configuration and co-ordination of one or more cameras, it is more or less 

possible to acquire face images without active participation of the subject. Such 

passive identification might be desirable for customization of user services and 

consumer devices  

Surveillance systems rely on passive acquisition by capturing the face 

image without the cooperation or knowledge of the person being imaged. Face 

recognition also has the advantage that the acquisition devices are cheap and are 

becoming available. 

Finally, there are many challenges that affect the performance of face 

recognition systems. They add to the complexity of the recognition problem if 

they can not be avoided by careful design of the acquisition conditions. These 

challenges include: 

1- Physical changes such as facial expression change; aging; personal 

appearance (Make-up, eyeglasses, facial hair, hairstyle, disguises). 

2- Imaging changes such as lighting variations, and camera 

variations. 

No current system can handle all these problems well. In particular, there 

has been little research on making face recognition robust to the effects of aging. 

The constraints on the application scenario and acquisition conditions must be 

handled so as not to decrease the performance of the face recognition system.  
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The main challenges to face recognition today are handling rotation and 

broad lighting changes, together with personal appearance changes. Even under 

good conditions, however, accuracy needs to be improved. Face recognition 

offers a non-intrusive and perhaps the most natural way of personal 

identification. Authentication with face recognition is intuitive and the analysis 

of frontal or profile face images is often effective for personal identity 

recognition tasks without the participants’ cooperation or knowledge as images 

can be acquired with a hidden camera held on the door. The schematic diagram 

of a face recognition system is shown in Fig.2.4. 

  

Fig 2.4 Schematic diagram of a face recognition system. 
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2.4 Applications of Face Recognition  

Nowadays, machine recognition of human faces is used in a variety of 

civilian and law-enforcement applications that require reliable recognition of 

humans. Identity verification for physical access control in buildings or security 

areas is one of the most common face recognition applications. At the access 

point, an image of someone’s face is captured by a camera and is matched 

against pre-stored images of the same person. Only if there is a match, access is 

permitted, e.g. the door opens. For high security areas, a combination with card 

terminals is possible, so that a double check is performed. Such face recognition 

systems are installed for example in airports to allow the crew and airport staff to 

pass through different control levels without having to show an ID or passport. 

To allow secure transactions through the Internet, face verification may be 

used instead of electronic means like passwords or PIN numbers, which can be 

easily stolen or forgotten. Such applications include secure transactions in 

banking, computer network access, and personalized applications like E-health 

and E-learning. Face identification has also been used in forensic applications for 

criminal identification and surveillance of public places to detect the presence of 

criminals or terrorists. It is also used for government applications like national 

ID, driver’s license, passport and border control, immigration, etc. 

Face recognition is also an essential part of modern technology, which 

aims at incorporating intelligence in our living environment and allowing 

humans to interact with machines in a natural way, just like people interacting 

with each other. The fact that face recognition is an essential tool for interpreting 

human actions, human emotions, facial expressions, human behavior and 

intentions, and is also an extremely natural and non-intrusive technique, makes it 

an excellent choice for ambient intelligence applications. 
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During the last decade, wearable devices were developed to help users in 

their daily activities. Face recognition is an integral part of wearable systems like 

memory aids or context-aware systems. A real-world application example is the 

use of mini cameras and face recognition software, which are embedded into an 

Alzheimer patients' glasses, to help them remember the person they are looking 

at. The applications of face recognition systems can be explained in detail in the 

following subsections:  

2.4.1 Access Control 

Face verification techniques can be used to authenticate the identity of 

individuals in highly secure areas. Since PC cameras have become widespread, 

their use for face-based PC login has become suitable. It seems to be easier for 

users to authenticate their login into personal computers by using a face print 

than using passwords. 

2.4.2 Surveillance  

Surveillance can be considered as one of the most important applications 

of face recognition. Video is the medium of choice for surveillance because of 

the richness and type of information that it contains.  The deployment of face-

recognition surveillance systems has already begun though the technology is not 

accurate enough yet. The United States government is investing in improving this 

technology. 

2.4.3 Hands-Free Authorization Checks 

           For user comfort, security systems have to avoid as much user 

interaction as possible. Figure 2.5 shows different access control scenarios. 

Inside a car, the environment is quite constrained due to the fixed position of the 

driver's seat (Fig. 2.5 (a)). This restricts the region where his head could be 

found. The driver usually has to cooperate when unlocking the system. During 

the trip, he will be looking straight out of the front window, looking into the 



 Chapter 2                                                                                       Overview on Biometrics 
 

 
 

 
 
 

13

mirrors, and monitoring the panel instruments. A camera position in the vicinity 

of one of these positions guarantees obtaining frontal face images during vehicle 

operation. However, ideal moments for facial snapshots have to be selected by 

the recognition system.  

A PIN/video console is found as part of some existing security systems at 

a protected entrance or an automated teller machine (Fig. 2.5 (b)). These systems 

require a high degree of user interaction; at least a key card and/or a PIN code 

have to be entered. During these actions, the user position is approximately 

predefined; the user has to look at the device. It seems reasonable to use that 

moment for face image acquisition. This setup usually tries to control the image 

capturing process by providing a visual user feedback by a semi-transparent 

mirror. In case of a simple image capturing device, there is no other way to 

obtain high-quality facial images.  

In Fig. 2.5 (c), a surveillance situation at a clearance counter is depicted. 

Avoiding unwanted attention, a face recognition system has to operate 

autonomously without the requirement of any interaction by the monitored 

persons in this operational environment. Usually, the monitored person will look 

at the security officer during service. This situation is difficult to cope with; the 

operating environment is quite unconstrained, and the position variance of 

possible face locations is high. It is the task of the face recognition system to 

choose the right moment for face image capturing. In general, a fixed camera will 

not be able to obtain images with a sufficient resolution, while covering the 

complete surveillance area.  
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Fig. 2.5 Face recognition for access control scenarios. (a) Driver's face monitoring, 

(b) PIN/video input console. (c) service/reception counter surveillance. 

2.4.4 Face Recognition for Smart Environments  

Advanced technologies helped to build smart environments such as visual, 

audio, and interfaces to environments such as rooms, cars, and office desks. In 

these applications, a key goal is usually to give machines perceptual abilities that 

allow them to function naturally with people; to recognize the people and 

remember their preferences and peculiarities, to know what they are looking at, 

and to interpret their words, gestures, and body language. Researchers are using 

these perceptually-aware devices to explore applications in health care, 

entertainment, and collaborative work. Recognition of facial expressions is an 

important example of how face recognition interacts with other smart 

environment capabilities. It is important that a smart system knows whether the 

user looks impatient, because information is being presented too slowly, or 

confused because it is going too fast; facial expressions will be used for 

identifying and distinguishing between these different states. In recent years 

much effort has been done into the area of recognizing facial expressions, a 

capability that is critical for a variety of human-machine interfaces, with the hope 

of creating a person-independent expression-recognition capability.  
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2.4.5 Wearable Recognition Systems  
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Face recognition is an integral part of wearable systems like memory aids, 

and remembrance agents as shown in Fig.2.6. Thus, there is a need for many 

future recognition systems to be integrated with the user's clothing and 

accessories. For instance, if there is a camera connected to eyeglasses, then face 

recognition software can help the individual remember the name of the person he 

is looking at by whispering the name of the person in his ear. 

 

Fig.2.6 Wearable face recognition system. 
 
es.
 

2.5 Description of the Face Recognition Problem  

Given still or video images of a scene, identifying or verifying one or 

more persons in the scene requires a stored database of faces. Available 

information such as race, age, gender, facial expression, or speech may be used 

in enhancing the recognition. The solution to the problem involves segmentation 

of faces (face detection) from cluttered scenes, feature extraction from the face 

regions, and a recognition, or verification process [4] as shown in Fig.2.7.  
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Fig. (2.7) Configuration of a face recognition system. 

 

In identification problems, the input to the system is an unknown face, and 

the system reports back the determined identity from a database of known 

individuals, whereas in verification problems, the system needs to confirm or 

reject the claimed identity of the input face. 

2.6 Classifications of Face Recognition Systems 

     2.6.1 Feature-Based Face Recognition Systems 
Most of earlier face recognition systems use appearance-based algorithms 

that detect a set of geometrical features on the face such as the eyes, eyebrows, 

nose, and mouth. Properties and relations such as areas, distances, and angles 

between the feature points are used as descriptors for face recognition [5–6]. 

Typically, 35–45 feature points per face were generated. The performance of face 
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recognition based on geometrical features depends on the accuracy of the feature 

location algorithm. However, there are no universal answers to the problem of 

how many points that give the best performance, what the important features are, 

and how to extract them, automatically. 

2.6.2 Appearance-Based Face Recognition Systems 
Since the 1990s, appearance-based approaches have been dominant 

approaches in face recognition. Appearance-based face recognition algorithms 

proceed by projecting an image into a subspace and finding the closest match. 

The PCA has been a widely-used approach for dimensionality reduction and 

feature extraction [7]. Several leading commercial face recognition products use 

face representation methods based on the PCA or the Karhunen–Loeve (KL) 

expansion techniques. 

2.7 IR Identification of Faces 

The performance of face recognition systems varies significantly 

according to the environment, where face images are taken, and according to the 

way user-defined parameters are adjusted in several applications. Thermography, 

which is the use of sensitive cameras in the IR spectrum, provides highly secure, 

rapid, non-contact positive identification of human faces or other parts of the 

body, even with no cooperation from the subject being identified. When the need 

is for "on-the-fly" identification such as to maintain accountability during 

emergency evacuations, or to spot targeted Faces in a Crowd, only imaging 

technologies in either the visible or IR spectra are suitable.  

IR Identification (IRID) is similar to visual identification in that both are 

completely passive and able to be performed from a distance using either manual 

or automatic comparison with previously collected images. However, 

identification from IR images provides several significant benefits. Human 

thermograms are affected by changes in ambient temperature, by soft tissue 
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injuries, and other physiological conditions. The IR image provides detailed 

anatomical information that each person's information is unique, and is constant 

regardless of the medical condition variables.  

IR video cameras are passive, emitting no energy or other radiation on the 

subject, but merely collecting and focusing the thermal radiation spontaneously 

and continuously emitted from the surface of the human body. IR cameras 

operate in the mid (3-5 micron) or long (8-12 micron).  IR bands produce images 

of patterns caused by superficial blood vessels, which lay up to 4 cm below the 

skin surface. The human body is bilaterally symmetrical. Any significant 

asymmetry indicates a potential health-related abnormality. The assumption of 

symmetry facilitates assigning face axes. The reality of minor local asymmetries 

in each person's face facilitates alignment of images for comparison, 

classification, and identification of unique thermograms for each person. 
2.8 Motivations towards IR Identification 

All biometric techniques deal with the physiology of the human body, 

which involves aging effects, seasonal variations, and variations due to medical 

conditions [8]. The motivations towards IR identification of faces can be 

summarized as follows: 

2.8.1 Uncontrolled Illumination Conditions 

Since the IR images are formed according to the thermal energy emitted 

from the object and are independent of light, IRID systems can operate in dim 

light or total darkness, whereas visible light systems are poor in dim light and 

useless in the dark. Using IR or UV sources to illuminate the face for a visible 

identification system produces poor-quality images not suitable for accurate 

identification. IR face recognition systems work effectively, when the 

requirement is for identification under poor lighting conditions. 

2.8.2 Robustness against Intentional Disguise 
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IR Identification systems can detect attempted disguise. The IRID 

technique utilizes hidden micro parameters, which lie below the skin surface, and 

which cannot be forged. IR signature cannot be changed by surgical intervention. 

The temperature distribution across artificial facial hair or other appliqués is 

readily distinguished from normal hair and skin.  

2.8.3 Resisting the Surface Facial Changes 
 

Since the body pattern of blood vessels is fixed under the skin at birth and 

remains relatively unaffected by aging, except for predictable growth as with 

fingerprints. This makes the thermal images better than visual ones for extracting 

features required for the identification process. Visible changes to hair color and 

style, colored contact lenses, suntan, and makeup have no effect on the accuracy 

of thermal analysis. Other changes, such as weight loss and gain, do not affect 

the thermal pattern of the face. 

2.8.4 Uniqueness  

Since thermal patterns seen by an IR camera are derived primarily from 

the pattern of blood vessels under the skin, which transport warm blood 

throughout the body, facial thermograms have the advantages of being unique as 

can be demonstrated through comparison with fingerprints.  

2.8.5 Identification of Subjects with Various Skin Tones 

Since the work with visual recognition systems includes low rates for dark 

skinned subjects, one has to adapt the system to work with all skin tones, which 

adds more complexity and effort to the system operation.  It is expected that 

inclusion of a representative distribution of skin tones might significantly 

degrade the performance results unless the lighting were adjusted for proper 

illumination of all skin tones. On the contrary, the skin tone does not affect the 

accuracy of thermal identification. This is an important factor in 

commercialization of any system, which will be used for high-security 
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applications, or in relation to the criminal justice system. Wide implementation 

and acceptance of automated facial recognition will require that the accuracy of 

the system is irrespective of  race and gender, as well as other characteristics 

such as age. 

2.8.6 Non-Interfering Property 

Both IRID and visual ID share the advantageous features of non-contact 

and hands-free on-the-fly operation, causing no interference with or slowing 

down of the entrants. All persons provide usable images, whereas significant 

percentages of persons do not provide usable fingerprints, retinal/iris scans, or 

voiceprints. Therefore, no secondary identification technique is needed to 

accommodate special cases. Most people are accustomed to the presence of 

surveillance cameras, and little if any training is required for cooperative ID 

system use. Facial recognition systems can provide accurate real-time automated 

identification even without the entrant's cooperation or awareness, which is not 

true for other biometrics.  

2.8.7 Highest Efficiency 

The work with IR face recognition systems provides the highest efficiency 

over other biometric techniques due to the fact that it is non-contact, can be done 

at a distance limited only by the selection of optics. It does not require processing 

to correct lighting effects, and can recognize multiple faces in a single frame, 

simultaneously. The non-contact nature also helps to minimize maintenance 

costs, and reduce the chance of accidental or intentional damage. Any contact 

technique (such as fingerprints or hand geometry) or any action technique (such 

as voice or handwriting signature) requires more entrant time, and also requires 

training of the user and maintenance of the user interface.  
 
 
2.9 Survey on the Related Work 
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 The process of face recognition has attracted many researchers during the 

last decades. Francine et al. [8] presented a study about the IR imaging analysis 

as a technique for classification, recognition, and identification of faces and body 

parts. Zhao et al. [9] presented the Fourier invariant as featuresfor face 

recognition techniques. Barrett [10] concluded that pose and illumination are still 

unsolved challenges to face recognition problem and that multi-modal 

approaches to face recognition show promise. He described solutions to 

automated face recognition as neural, and eigenfaces.  

 Adini et al. [11] discussed the sensitivity of the visual face recognition 

performance to the variations in the illumination. Socolinsky et al. [12] presented 

a performance study of face recognition methodologies on visible and thermal IR 

imagery. 

 Kong et al. [13] reviewed the major efforts and advances in face 

recognition techniques focusing on two major sensing modalities; visual and 

thermal IR sensors. The review also states that the performance of visual face 

recognition often degrades under uncontrolled illumination conditions as in 

outdoor surveillance applications in addition to the difficulties in detecting 

disguised faces, which can be critical in high-end security applications.  

 Socolinsky and Selinger [14] presented a study on the face recognition 

performance using a PCA algorithm for both visible and thermal images. The 

most interesting conclusion of their study is that face recognition using thermal 

images degrades more sharply than with visible images when training and test 

images are chosen from different sessions.  

 Socolinsky and Selinger [15] presented also a comparative study of face 

recognition performance for visible and thermal IR imagery, emphasizing the 

influence of time-lapse between enrollment and testing images. They show that 

the performance difference between visible and thermal recognition in a time-
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lapse scenario is smaller than previously believed. Yoshitomi et al. [16] 

developed a method for face identification by exploiting a thermal image 

processing technique. The method is based on 2-D detection of temperature 

distribution of face, using IR radiation. The measured temperature distribution 

and the locally averaged temperature are separately used as input data for a 

neural network, while the values of shape factors are used for supervised 

classification. By integrating information from the neural network and supervised 

classification, the face was identified.  

 Socolinsky et al. [17] examined the invariance of LWIR imagery with 

respect to different illumination conditions. Dowdall et al. [18] presented a face 

detection system on the near-IR based on multi-band feature extraction. The 

system uses correlated dynamic multi-band integral projections to detect the eyes 

and the eyebrows. Kong et al. [19] presented the registration fusion of visible and 

thermal IR image data. 

 Prokoski [20] presented the IRID as a biometric technology, also the 

superiority of IRID over other modalities. Socolinsky, and Selinger [21] 

presented an analysis of the performance of multiple appearance-based face 

recognition methodologies, on visible and thermal IR imagery. They emphasized 

the role of varying the training and testing sets, as a tool to uncover strengths and 

weaknesses of algorithms and imaging modalities. 

 Chellappa et al. [22] presented a comprehensive survey on face 

recognition techniques over 20 years including psychophysics issues relevant to 

face recognition. Chen et al. [23] presented a study that examines the effects of 

lighting change, facial expression change, and passage of time between the 

gallery image and probe images. Experimental results indicate that when there is 

substantial passage of time (greater than one week) between the gallery and 

probe images, recognition from typical visible-light images may outperform that 

from IR images. 
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 Huang, et al. [24] proposed an Extend Local Binary Pattern (ELBP) 

method for Near IR (NIR) face recognition. They designed a device including 

one PC, one camera, an active NIR lighting, and an optical sensor. Akhloufi, and 

Bendada [25] presented an approach for face recognition in the IR spectrum 

using a network of physiological features. Their technique extracts a unique face 

print, which represents medial axis regions of isotherms extracted from IR face 

images. A distance transform is used to achieve an invariant matching during 

face recognition steps. Friedrich and Yeshurun [26] explored several aspects in 

face recognition in IR images. They compared the effect of varying the 

environmental conditions over IR and visible images. Wu et al. [27] presented a 

blood perfusion model of human faces based on thermal physiology. Li et al. 

[28] presented a face recognition system for cooperative user applications.  

2.10 Data Collection 

 The database used in our experiments is collected by Equinox Corporation 

[29]. The database consists of 240×320 pixel image pairs. Each pair of LWIR and 

visible images is taken simultaneously. The database contains images with three 

different lighting conditions (frontal, right, left illumination). For each 

illumination case, there are many facial expressions such as frown, smile and 

surprise. 180 pairs of visible and LWIR images. Sixty image pairs were used for 

training the recognition system and the remainder for testing the system. Our 

simulations are done on P-IV PC of 2.54 GHZ processor, 768MB RAM using 

Matlab7 (R14) programming language. A dataset of the infrared images used are 

shown in Fig 2.8. The visible counterpart dataset is shown in Fig. 2.9. 



 Chapter 2                                                                                       Overview on Biometrics 
 

    

  

Fig. 2.8 A dataset of infrared images. 

    

    

Fig. 2.9 A dataset of visible images. 
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CHAPTER                                                  3
Pre-processing and Face 

Detection  
3.1 Introduction 

 Pre-processing steps are essential operations which need to be carried out 

prior to face detection.  After pre-processing, the face detection process is carried 

out. The objective of face detection is to segment the face region out of the whole 

image to be used afterwards for recognition. In this chapter, we will present the 

pre-processing steps and the face detection technique used in the thesis.  

 Face detection is a very important task which constitutes the first step in a 

large area of applications; face recognition, face tracking, surveillance, etc. It is 

the most critical step towards the development of face recognition systems, since 

its accuracy and efficiency have a direct impact on the system usability [30]. 

3.2 Pre-Processing Steps  

 We have three pre-processing steps including histogram equalization to 

modify the image dynamic range for better detection, binary thresholding to be 

able to remove the background, and morphological processing to remove every 

object but the face area. These steps are described in the following subsections. 
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3.2.1 Image Histogram Equalization 

 The intensity histogram of an image shows the distribution of intensity 

levels in that image. The image contrast is measured by the range of brightness 

levels. The histogram plots the number of pixels with a particular brightness level 

against the brightness level. In other words, it plots how many times each 

brightness level appears in an image. 

 Sometimes images seem to be dark, which means that most of the 

intensity levels are concentrated in the low-intensity region of the histogram. In 

other cases, images seem to be white, but with lower contrast. This means that 

the intensity levels are concentrated in the high-intensity region of the histogram. 

In these cases, not all the brightness levels are used. Accordingly, we could 

stretch the image dynamic range to use all intensity levels to make the image 

clearer.  

 Histogram equalization is the process that aims to highlight the image 

brightness levels in a way particularly suited to human visual analysis. Histogram 

equalization aims to changing an image in such a way to produce an image with a 

flatter histogram, where all levels have an equal probability [31]. 

For the input and output images for the histogram equalization step, the 

number of points per level is denoted as I(r) and O(r) (for 0 ≤ r ≤M), respectively, 

where M is the maximum image intensity level. For square images, there are N2 

points in the input image I(r) and the output image O(r). So, the sum of points per 

level in each image should be equal as given in [31]: 

( ) ( )rr
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                                                                                                 (3.1) 

Also, Eq. (3.1) should be the same for an arbitrarily chosen level p, since 

we are aiming for an output image with a uniformly flat histogram. So, the 
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cumulative histogram up to level p should be transformed to cover up to the level 

q in the new histogram [31]: 

( ) ( )rr
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                                                                                                 (3.2) 

Since the output histogram is uniformly flat, the cumulative histogram up 

to level p should be a fraction of the overall sum. So, the number of points per 

level in the output image is the ratio of the number of points to the range of levels 

in the output image [31]: 
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 where Omax , and Omin are the maximum and the minimum intensity levels in the 

output image  So, the cumulative histogram of the output image is given  as [31]: 
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From Eq. (3.2), this is equal to the cumulative histogram of the input image, so: 
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This gives a mapping function that provides an output image that has an 

approximately flat histogram. The mapping function is given by phrasing Eq. 

(3.6) as an equalizing function (E) of the level (q) and the image (I) as [31]: 
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The output image is then defined as [31]: 

( )qyxyx ,,, ΙΕ=Ο                                                                                                 (3.8) 
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Fig. (3.1) An IR face image (a), and its histogram in (b). 
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                                  (b) 

Fig.3.2. The equalized image (a), and its histogram in (b). 

 

Figure 3.1 shows an IR face image with its histogram. The equalized 

image with its histogram is shown in Fig. (3.2). It is clear from these figures that 

histogram equalization is required to enhance the contrast of the image. After 

histogram equalization, there is a need for the binary thresholding step. 

 
 



etection Dace FPreprocessing and 3                                                                   Chapter         
               

 
 

29

 

3.2.2 Binary Thresholding 

The objective of the binary thresholding step is to discriminate the 

foreground objects from the background of the image. The thresholding operator 

selects pixels that have a particular value, or are within a specified range. It can 

be used to find objects within an image if their brightness level (or range) is 

known. This implies that the objects brightness must be known as well. The 

pixels above a specified level are set to the white level, and those below the 

specified level are set to the black level.  

 Figure 3.3 shows a thermal face image and the variations in its features 

indicated by histograms. As seen from the figure, the nose is the coldest region in 

the facial image, the eye and the eye brows are the hottest regions in the facial 

image since their gray levels are very close to white. The cheek and the mouth 

are in the same range of temperature. According to that figure, we choose the 

thresholding operator to be 0.5 according to the histograms of the facial features 

such as eye, mouth, nose, and cheek shown in Fig. 3.3. 

3.2.3 Morphological Processing 

 Morphological operations are simple mathematical constructs, which have 

led to effective solutions for many problems in image processing and computer 

vision. They constitute a broad set of image processing operations that process 

images based on shapes. Morphological operations apply a structuring element to 

an input image, creating an output image of the same size.  

In these operations, the value of each pixel in the output image is based on a 

comparison of the corresponding pixel in the input image with its neighbors. By 

choosing the size and shape of the neighborhood, we can construct a 

morphological operation that is sensitive to specific shapes in the input image. 

Common morphological operations are dilation and erosion. 
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3.2.3.1 Dilation 

Dilation adds pixels to the boundaries of objects in an image. Pixels beyond 

the image border are assigned the minimum value afforded by the data type .For 

binary images; these pixels are assumed to be set to 0. For grayscale images, the 

minimum value for uint8 images is 0. The dilation operator on sets I and S are 

defined by: Given an image ΝΕ∈Ι  N and a structuring element define ΝΕ∈S

the morphological operation of 

{ }siCSsiCS +=∈Ι∈Ε∈=⊕Ι Ν ,,                                                                    (3.9) 

3.2.3.2 Erosion 

  One of the most basic morphological operations is erosion, in 

which the state of any given pixel in the output image is determined by applying 

a rule to the corresponding pixel and its neighbors in the input image. The 

number of pixels added or removed from the objects in an image depends on the 

size and shape of the structuring element used to process the image. Erosion 

removes pixels on object boundaries.  

The mathematical erosion of A by B denoted AΘB and defined as [31]: 

( ){ }φΑΒΒΑ ≠Ζ=Θ c
z I                                                                                   (3.10) 

where Z is a set of integers. In other words, erosion of A by B is the set of all 

structuring element origin locations, where the translated B has no overlap with 

the background of A. The result of the morphological processing with the erosion 

operation is shown in Fig. 3.4 
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(e) Mouth histogram. 

(a) Original image. 

Fig. (3.3) A thermal face image, with the 

variations among its features histograms. 
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(f) Cheek histogram. 
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(a) (b) (c) 

Figure 3.4 Morphological processing of an IR image. (a) Input image. (b) Binary 

image. (c) Morphological processed image with erosion. 

 

3.3 Face Detection  
 Detecting and tracking of face-like objects in cluttered scenes is an 

important pre-processing stage of an overall automatic face recognition system 

[32]. Automatic face recognition usually begins with the detection of the face 

pattern, and then proceeds to normalize the face images using information about 

the location and appearance of facial landmarks such as the eyes. The face region 

needs to be segmented out from a still image or video before recognition since 

most face recognition algorithms assume that the face location is known.  

 The performance of face recognition software depends on how one 

controls the area, where faces are captured. For applications like mug shot 

matching, segmentation is relatively easy due to a rather uniform background. 

 Yang et al. [30] presented a detailed review of the techniques to detect 

faces in a single image. They classified image detection methods into four 

categories as will be explained in the next subsections.  
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3.3.1 Knowledge-Based Methods 

 In these methods, face detection is developed based on the rules derived 

from the researcher’s knowledge of human faces. It is easy to come up with 

simple rules to describe the features of a face and their relationships. For 

example, a face often appears in an image with two eyes that are symmetric to 

each other, a nose, and a mouth. The relationships between features can be 

represented by their relative distances and positions. Facial features in an input 

image are extracted first, and face candidates are identified based on the coded 

rules. A verification process is usually applied to reduce false detections. 

 These rule-based methods encode human knowledge of what constitutes a 

typical face. Usually, the rules capture the relationships between facial features. 

These methods are designed mainly for face localization.  

3.3.2 Feature Invariant Methods 

 These methods aim to finding structural features that exist even when the 

pose, viewpoint, or lighting conditions vary, and then use these features to locate 

faces. These methods are designed mainly for face localization. Numerous 

methods have been proposed to first detect facial features and then to predict the 

presence of a face. Facial features such as eyebrows, eyes, nose, mouth, and hair-

line are commonly extracted using edge detectors. Based on the extracted 

features, a statistical model is built to describe their relationships and to verify 

the existence of a face. One problem with these feature-based algorithms is that 

the image features can be severely corrupted due to illumination, noise, and 

occlusion. Feature boundaries can be weakened for faces, while shadows can 

cause numerous strong edges, which may affect the performance of these 

methods. 
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3.3.3 Template Matching Methods 

 In template matching, a standard face pattern (usually frontal) is manually 

predefined or parameterized by a function. Given an input image, the correlation 

values with the standard patterns are computed for the face contour, eyes, nose, 

and mouth independently. The existence of a face is determined based on the 

correlation values. This approach has the advantage of being simple to 

implement. However, it has proven to be inadequate for face detection, since it 

cannot effectively deal with variation in scale, pose, and shape. Multi-resolution, 

multi-scale sub-templates, and deformable templates have subsequently been 

proposed to achieve scale and shape invariance. 

 Several standard patterns of a face are stored to describe the face as a 

whole or the facial features, separately. The correlations between an input image 

and the stored patterns are computed for detection. These methods have been 

used for both face localization and detection. 

3.3.4 Appearance-Based Methods 

 In contrast to template matching, the models (or templates) are learned 

from a set of training images, which should capture the representative variability 

of facial appearance. The learned models are then used for detection. These 

methods are designed mainly for face detection.  

 Appearance-based methods rely on techniques from statistical analysis 

and machine learning to find the relevant characteristics of face and non-face 

images. The learned characteristics are in the form of distribution models or 

discriminant functions that are consequently used for face detection. 

Dimensionality reduction is usually carried out for the sake of computation 

efficiency and detection efficacy. A detailed survey for face detection techniques 

can be found in [33].  
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3.4 Ellipse Fitting for Face Detection 
 Since faces are almost ellipse-like objects, Ellipses are often used in face-

related technologies such as face tracking, face detection, head tracking and other 

facial component analysis. The use of an ellipse can be a powerful representation 

of certain features around the faces. We use the ellipse fitting algorithm for face 

detection to segment the face region out of the facial images. 

 An ellipse is a special case of the general conic, which can be represented 

as [34]: 

( ) 0, 22 =+++++== feydxcybxyaxF ATTA

]

                                                          (3.11) 

F(A, T) is called the algebric distance of the point (x,y) to the given conic with 

an ellipse-specific constraint  

b2-4ac<0                                                                                                          (3.12) 

where  is the vector containing the coefficients of the ellipse  , 

and 

[ fedcba ,,,,,=Α

[ ]1,,,,, 22 yxyxyx=T  the vector containing the coordinates of the points lying 

on the ellipse. 

Researchers suggested different methods to fit conics, while applying 

constraints such as , f=1, and 1=+ ca 1
2
1 222 =++ cba  

By applying the following quadratic constraint on the parameters [35]. 

ICAA T =                                                                                              (3.13) 

Where C is A constraint matrix that enforce the fitting to an ellipse given 

as:                                                                                                          

 

           

 

  

                                                                                                              (3.14) 
⎠⎝
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎞

⎜
⎜
⎜
⎜

⎜
⎜
⎛

=

0    0   0   0   0    0
    0    0   0   0   0    0
      0   0   0   0   0    0

0   0   0   0   0    2
0   0   0   0  1-   0
0   0   0   2   0   0

C ⎜
⎜

                                                                           

 
 



etection Dace FPreprocessing and 3                                                                   Chapter         
               

 
 

36

 

The minimization can be solved by a generalized Eigen-value system, 

which can be denoted as [36]: 

                                                                                          (3.15) CASADAD λ==T

where D is the design matrix, S is the scatter matrix defined as: 
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                                                                                                                         (3.16) 

The solution of Eq. (3.15) gives six pairs eigenvalues and eigenvectors. The 

eigen vector corresponding to the minimum positive eigen value gives the 

coefficients of the ellipse the best fit the data points. 

3.5 Face Detection Algorithm 
The block diagram of a face detection algorithm is shown in Fig.3.5. the 

algorithm can be described as follows: 

1. Histogram equalization to enhance the visual quality of the image. 

 

2. Binary transformation. 

 

3. Morphological processing to remove noisy patterns and isolate the face 

region from the background. 
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4. Applying a fitting ellipse algorithm to detect the face region. 

 

5. Cropping the face region. 

 

 

 

Input 
image Histogram 

Equalization 
Binary 

Threshold 
Morphological 

Processing 

 
Ellipse Fitting 

Face 
Detecte  

Face Cropping 

Fig. 3.5 Face detection algorithm. 

The result of the face detection is shown in Fig. 3.6. 
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(a) (b) 

(c)  (d) 

(e)            

 
 

                                     (f)                  

Fig.3.6. Steps of face detection. (a) IR Image, (b) Histogram equalized image, (c) Binary transformed 

image, (d) Image after morphological processing, (e) Image with face region detected, and (f) Face 

cropped image. 
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CHAPTER                                             4
Face Recognition Techniques 

4.1    Introduction 

 Face recognition techniques are classified into two types; feature-based 

and appearance-based techniques. Most of earlier face recognition systems are 

based on feature-based techniques that detect a set of geometrical features on the 

face such as the eyes, eyebrows, nose, and mouth. Properties and relations such 

as areas, distances, and angles between the feature points are used as descriptors 

for face recognition. The performance of face recognition systems based on 

geometrical features depends on the accuracy of the feature location algorithm. 

However, there are no answers to the question of how many points give the best 

performance, what are the important features?, and how to extract them, 

automatically. 

 Since the 1990s, appearance-based techniques have been common 

approaches in face recognition. Appearance-based face recognition techniques 

proceed by projecting an image into a subspace and finding the closest pattern. 

One of such techniques is the PCA, which is widely used for dimensionality 

reduction and feature extraction. 

 39

 Kirby and Sirovich were among the first, who applied PCA to face images 

[37]. They showed that any particular face can be represented along the eigen 

pictures space, and that any face can be approximately reconstructed by using a 

small collection of eigen pictures. Turk and Pentland popularized the use of PCA 

for face detection and recognition [38, 39].They used PCA to compute a set of 

subspace basis vectors, which they called “eigenfaces” for a database of face 
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images, and projected the images in the database into a subspace. New test 

images were then matched to images in the database by projecting them onto the 

basis vectors and finding the nearest image in that subspace (eigenspace). The 

eigenface method generates features that capture the holistic nature of faces 

through the PCA. 

 Zernike Moments (ZMs) have also found a popularity in the area of face 

recognition, since they describe the shape objects. ZMs are a class of orthogonal 

moments that are effective in terms of image representation. They are based on 

orthogonal Zernike radial polynomials. These moments are effectively used for 

pattern recognition since their rotational invariants can be easily constructed to 

an arbitrary order. The face recognition system based on ZMs proceeds as 

follows. The ZM vectors of the training images are calculated and stored in a 

database. For an unknown face to be identified; its vector of moments is also 

calculated and compared with the stored vectors to find the closest match. 

4.2 Face Recognition Using Principal Component 

Analysis (PCA) 

 The main idea of the PCA technique for face recognition is to express the 

large 1D vectors of pixels constructed from 2D facial images into the compact 

principal components of the feature space. This is called the eigenspace 

projection. Eigenspace is calculated by identifying the eigenvectors of the 

covariance matrix derived from a set of facial images.  

 Principal Components are also known as eigenfaces. Eigenfaces are 

derived from statistical analysis of many pictures of faces. To generate a set of 

eigenfaces, a large set of digitized images of human faces is taken. Then these 

images are resampled at the same pixel resolution N×N and then treated. The 

eigenvectors of the covariance matrix of the face image vectors are then 

extracted.  

 40
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 Given two categories of images; the training category and the test 

category, the PCA technique is applied to the training images. Then, the test 

image is projected into the eigenspace of the training set. The distance between 

the projection coefficients of the two sets of images is used as a measure of 

similarity. The object in a given test image is recognized if its projection in the 

eigenspace is close enough to a projection of an image from the training images. 

Regarding the face recognition problem, the principal components are called 

eigenfaces, and only the eigen vectors or the eigen faces corresponding to the 

highest eigen values are kept since they encode the common, typical features of 

the face images. 

  

4.2.1 The Training Phase 

The steps of the training phase have the following sequence: 

• Let we have M face images.I1, I2, I3,…, IM  of dimensions N×N. 

• Each image Ii  is reshaped as a vector  iΓ

• The mean face image is then computed as [13] : Ψ

                         ∑
=

=
M

iM 1

1
iΓΨ                                                                              (4.1) 

• Each image is differenced from the mean face [13] : 

                                                                                                        (4.2) ΨΓΦ −= ii

• The covariance matrix S of the mean differenced vectors is calculated as 

[13]:                            

                    Tt
nnM

AAΦΦS == ∑1             N2× N2 matrix                      (4.3) 

      where                                  N[ M321 ...ΦΦΦΦA = ] 2× M matrix            (4.4) 

 

• The eigenvectors  of  are computed iu TAA

Consider the matrix   as an M × M matrix. The eigenvectors of  can 

be calculated  and the relationship between and  is as follows [13]: 

AAT
iv AAT

iu iv

ui=Avi                                                                                                                (4.5)                       
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The matrices  and have the same eignvalues and their eigenvectors. TAA AAT

The matrix  has up to NTAA 2 eigenvalues and eigenvectors. So, the 

process of calculating these eigen vectors is computationally extensive. On the 

other hand, the matrix  has up to M eigenvalues and eigenvectors. Since M 

is much smaller than N

AAT

2, the eigen vectors of  
TAA  can be calculated from AAT

 

which is more tractable and easier to obtain. The M eigenvalues of  

correspond to the highest M eigenvalues of . 

AAT

TAA

  

The K eigenvectors corresponding to the highest eigenvalues are kept and 

the face images are represented onto these basis. Each face image Φi in the 

training set can be represented as a linear combination of the best K eigenvectors 

[13]: 

∑
=

+=
K

j 1

,ˆ
jji uwmeanΦ    ( )i

T
jj Φuw =                                                                 (4.7) 

The uj’s are called eigenfaces. 

-Each normalized training face Φi is represented in this basis by a vector [13]: 
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w

Ω ,       i=1, 2,…, M                                                                           (4.8) 

The block diagram of the training phase is shown in Fig. 4.1. A sample of 

the eigenfaces derived from a set of visible images is shown in Fig. 4.2. Another 

sample of eigenfaces derived from a set of LWIR images is shown in Fig. 4.3. 

 N training 
images 
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Fig. 4.1 the PCA training phase. 
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(a) Eigenfaces corresponding to the highest five eigenvalues. 

  

(b) Eigenfaces corresponding to the lowest five eigenvalues. 

                        Fig. 4.2 Eigenfaces for a set of visible images. 

  
  

(a) Eigenfaces corresponding to the highest five eigenvalues. 

 
 

(b) Eigenfaces corresponding to the lowest five eigenvalues. 
Fig. 4.3 Eigenfaces for a set of LWIR images. 
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As clear from Fig. 4.2 and Fig. 4.3 the Eigenfaces corresponding to the highest 

Eigenvalues contains most of the information and the Eigenfaces corresponding 

to the lowest Eigenvalues are less descriptive and encode noise. 

4.2. 2 The Testing phase 

For an unknown face image Г to be tested: 

• First, the image Г is differenced from the mean face image [13]:   

                                                                                                        (4.9) ΨΓΦ −=

• Then it is projected into the eigenspace as [13]: 

∑
=

=
K

i 1
,ˆ

iii uwΦ    ( )Φuw T
ii =                                                                     (4.10) 

• Φ  is represented as [13]: 
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Ω                                                                                                         (4.11) 

Finally, the distance between the vector Ω  and all the vectors of the training 

data Ω I is calculated. The test image is recognized as the image from the training 

set, which has the minimum distance with it. The block diagram of the test phase 

is shown in Fig. 4.4. 

Data Base 
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Fig. 4.4 The testing phase.  

Projected 
 

Eigen 
of  Test 

Image images 

Best 

 
 

Comp
arison 

 

 
 



Chapter 4                                                                                                         Face Recognition Techniques 

4.3 ZMs for Face Recognition 

According to the increased importance of the automatic recognition of   human 

objects, several techniques have been developed [40]. Moments and functions of 

moments have been utilized as pattern features in a number of applications to 

achieve invariant recognition of 2-D image patterns [41, 42]. Moments are scalar 

quantities used to characterize a function and to capture its significant features. 

From the mathematical point of view, moments are projections of a function onto 

a polynomial basis. 

 Moments for image analysis were originally introduced in the 1960s by 

Hu [43]. Using nonlinear combinations of regular moments (regular moments 

also referred to as geometric moments); he derived a set of invariant moments, 

which have the desirable properties of being invariant under image translation, 

scaling, and rotation. However, the recovery of the image from these moments is 

still quite difficult. Teague [44] has suggested the idea of orthogonal moments to 

recover the image from moments based on the theory of orthogonal polynomials, 

and has introduced ZMs, which allow independent moment invariants to be 

constructed easily to an arbitrarily high order. 

 The invariance property can be achieved by using  ZMs [44] which give 

an orthogonal set of rotation-invariant moments. ZM find greater deployment 

where invariant properties are required. Rotation invariance is achieved by using 

a polar representation. 

4.3.1 Definition of ZMs 

 45

 Zernike moments are a set of complex polynomials, which form a 

complete orthogonal set defined in the polar coordinates over the interior of the 

unit circle. Image features are extracted by mapping the image into a set of 

orthogonal basis functions defined over the unit circle. These features are the 

magnitudes of complex ZMs.  Also they keep their magnitude constant at any 

rotation. 
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 The orthogonality property of ZMs makes the image reconstruction from 

its moments computationally simple. Moreover, it enables one to evaluate the 

image representation ability of each order moment as well as its contribution to 

the reconstruction process. 

The complex ZMs of order n with repetition l are defined as [45]: 

 
( ) ( ) ,,,1 2

0

1

0

* θθθ
π

π

rdrdrZrfnA nlnl ∫ ∫
+

=
                                                         (4.12) 

where n=0,1,2,…,∞ denotes the order of the moment and l denotes the repetition 

, where 0≤⏐l⏐≤ n   and     n-⏐l⏐ is even              

The symbol * denotes the complex conjugate, and the circular Zernike 

polynomials Zn l are defined over a unit circle as [45]:  

          ( ) ( ) ( ) ( )θθθ ilrRrsrcZyxZ nlnlnl expin,os, ==                                          (4.13) 

where Rnl(r) is the radial polynomial, r is the length of the vector from the origin 

to (x,y) pixel,  and θ is the angle between the radial vector r and the x axis in 

counter-clockwise direction. 

The real-valued radial polynomials, are given by [45]: 
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 These polynomials are orthogonal within the unit circle, so the analyzed 

shape (the area of interest) has to be remapped to be of the same size before 

calculation of its moments. This implies difficulty in mapping a unit circle to a 

Cartesian grid.  

 To compute the ZMs of a given image, the center of the image is taken as 

the origin and pixel coordinates are mapped to the range of unit circle, i.e., X2 + 

y2 ≤ 1. The pixels falling outside the unit circle are not used in the computation. 

As illustrated in Fig. 4.5, the circle can be within the area of interest, losing 

corner information as in Fig. 4.5.a); or around the area of interest, which then 

covers areas, where there is no information, but ensures that all the information 

within the area of interest is included  as in Fig. 4.5.b. 
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Fig.4.5 Inclusion of the image inside and outside the unit circle.  

  

 The orthogonality property of these polynomials assures the reduction in 

the set of numbers used to describe a shape. The number of ZM for any order, n, 

is given by n+1, while the number of moments up to and including order n is 

given as[45]:          ∑
= ⎭

⎬
⎫
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⎥
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⎢=

max

0
1

2
_

n

n

nmomentsN                                               (4.15)                      

Some of the radial polynomials up to the sixth order are listed below and shown 

in fig.4.6 

R00(r) = 1, R11(r) = r, R20(r) = 2r2 − 1, and R22(r) = r2,  
R31(r) = 3r3 − 2r, and R33(r) = r3,  
R40(r) = 6r4 − 6r2 + 1, R42(r) = 4r4 − 3r2, and R44(r) = r4,  
R51(r) = 10r5 − 12r3 + 3r, R53(r) = 5r5 − 4r3, and R55(r) = r5,  
R60(r) = 20r6 − 30r4 + 12r2 − 1, R62(r) = 15r6 − 20r4 + 6r2, R64(r) = 6r6 − 5r4, and 
R66(r) = r6                                                                                                       (4.16) 
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Fig. 4.6The radial polynomials up to the sixth order. 
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4.3.2 Properties of ZMs  

The Zernike moment functions  have the following properties: 

• Rotation Invariance 

        ZMs based techniques are rotation invariant because they use the 

magnitudes of ZMs as descriptors for image representation and recognition. 

• Robustness 
         ZMs are robust to noise [46, 47]. 

• Expression Efficiency 

          As ZMs are based on orthogonal functions, there is no information 

redundancy. 

• Effectiveness 

An image can be better described and reconstructed by a small set of its ZM 

than any other types of moments, such as geometric moments,                     

Legendre moments, rotational moments, and complex moments in terms of 

mean-square error [48]. 

• Multilevel Representation 
           A relatively small set of ZMs can characterize the global shape of a 

pattern, electively [48]. Lower order moments represent the global shape of a 

pattern and higher order moments represent the details. 

4.4 Image Reconstruction from ZMs 

It is a well-recognized property of moments that they can be used to 

reconstruct the original function, i.e. none of the original image information is 

lost in the projection of the image on to the moment basis functions, assuming an 

‘infinite’ number of moments are calculated [49]. For non-orthogonal moments, 

the reconstruction is not straightforward and requires a moment-matching 

technique [50]. In the case of orthogonal moments like Zernike, the 

reconstruction is simple, by virtue of the orthogonality of the basis functions 

[51].              
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 Suppose that we knows all moments Anl of ( )yxf ,  up to a given order 

nmax. It is desired to reconstruct a discrete function ( )yxf ,
)

, whose moments 

exactly match those of up to the given order n( )yxf , max. ZMs are the coefficients 

of the image expansion into orthogonal Zernike polynomials. By the orthogonal 

property of the Zernike basis [50]. 

                                                                                (4.17)   ( ) (∑∑
=

=
max

0
,,

n

n l
nlnl rZAyxf θ

)
)

with n having similar constraints as in Eq. 4.13. Note that as nmax approaches 

infinity ( )yxf ,
)

will approach ( )yxf , . 

4.5 Face Recognition using ZMs 

 Let we have R images for training the system, the vectors of moments for 

these images from the zeroth
 order to the highest order are calculated and stored 

in a database. The vector of moments for the test image is also calculated and 

compared with the stored vectors on the database for finding the best match. The 

recognition process using ZMs is shown in Fig. 4.7. 
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Fig.4.7 The recognition process using the ZMs technique. 

 
 



Chapter 5                                                              Wavelet Decomposition and Feature Fusion 
 

 

CHAPTER                                                  5
Wavelet Decomposition and 

Feature Fusion 

5.1 Introduction    

 The performance of face recognition systems varies significantly 

according to the environment, where face images are captured. Recognition 

based only on the visual spectrum remains limited in uncontrolled operating 

environments such as outdoor situations and low illumination conditions. Visual 

face recognition also has difficulty in detecting disguised faces, which is critical 

for high-end security applications. On the other hand, thermal IR spectrum 

comprises Mid-Wave IR (MWIR) (3-5µm), and Long-Wave IR (LWIR) (8-

12µm), all longer than the visible spectrum (0.4-0.7µm).  

 Thermal IR imagery is independent of ambient lighting since thermal IR 

sensors only measure the heat emitted from objects. The use of thermal imagery 

has great advantages in poor illumination conditions, where visual face 

recognition systems often fail. 

 Despite the success of automatic face recognition techniques in many 

practical applications, recognition based only on the visual spectrum has 

difficulties performing consistently under uncontrolled operating environments. 

Performance of visual face recognition is sensitive to variations in illumination 

conditions [52-57]. The performance degrades significantly, when the lighting is 

dim or when it is not uniformly illuminating the face. Even when a face is well 

illuminated, differences in the angle of view can affect manual or automatic 
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localization of feature points. Shadows, glint, makeup, and disguises can cause 

greater errors in locating the feature points and deriving relative distances.  

 Thermal IR images represent the heat patterns emitted from an object. 

Since veins and tissue structure of a face is unique, the IR images are unique. 

Thermal IR imagery is independent of ambient illumination, since the human 

face and body is an emitter of thermal energy. The passive nature of the thermal 

IR systems lowers their complexity and increases their reliability. The human 

face and body maintain a constant average temperature of about 36 degrees 

providing a consistent thermal signature. This is in contrast to the difficulties of 

face segmentation in the visible spectrum due to physical diversity coupled with 

lighting, color, and shadow effects. At low resolution, IR images give good 

results for face recognition. Thermal face recognition is useful under all lighting 

conditions including total darkness and when the subject is wearing a disguise. 

Many researchers have compared the performance of visible and thermal face 

recognition using several face recognition algorithms. These results show that for 

variation in expression and illumination, thermal images provide better 

recognition performance compared to visible images [58-63].  

 Disguises are meant to cheat the human eye. Various disguise materials 

and methods that have been developed over the years are impossible or very 

difficult to be detected in the visible spectrum. The facial appearance of a person 

changes substantially through use of simplistic disguise such as fake nose, wig, 

or make-up. Also, individuals may alter their facial appearance via plastic 

surgery. Both of these issues are critical for the employment of face recognition 

systems in high security applications. The thermal IR spectrum enables us to 

detect disguises under low contrast lighting. Symptoms such as alertness and 

anxiety can be used as a biometric that is difficult to conceal as redistribution of 

blood flow in blood vessels causes abrupt changes in the local skin temperature. 
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5.2 Motivations towards Fusion of Visible and Thermal 

Images 

 The recognition with thermal images still has limitations in situations such 

as recognition of a person wearing glasses. Glass blocks a large portion of 

thermal energy resulting in a loss of information near the eyes. Variations in 

ambient or body temperature also significantly change the thermal characteristics 

of the object. So, by merging visible facial images with IR facial images it is 

expected that better face recognition results can be obtained.   

 Information fusion is the process concerned with utilizing a combination 

of several sources of information, to generate a faithful representation of all these 

information sources. The importance of image fusion lies in the fact that utilizing 

complementary information can reduce error rates such that each information 

source contains complementary information. When this complementary 

information is integrated with that of another source, an image with the 

maximum amount of information is obtained. Also the use of multiple sources 

can increase reliability. The cost of implementation can be reduced by using 

several cheap sensors rather than one expensive sensor; sensors can be physically 

separated, allowing the acquisition of information from different points of view 

[64]. 

5.3 Data (Low-Level) Fusion 

 Data (low-level) fusion combines several sources of raw data to produce 

new raw data that is expected to be more informative and synthetic than the 

inputs. Typically, in image processing, images from several spectral bands of the 

same scene are fused to produce a new image with all (most) of the information 

available in the various spectral bands. An operator or an image-processing 

algorithm could then use this single image instead of the original images.  
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 This kind of fusion requires a precise (pixel-level) registration of the 

available images such as co-registered visual and thermal mages. This 

registration is intrinsic, when the various bands come from the same sensor, but it 

is a lot more complicated when several different sensors are used such as visual 

and thermal, range cameras. Low-Level fusion can be performed by a weighted 

summation operation. 

 In this chapter wavelet fusion of visible and IR images is performed to 

generate fused images with more details. By this fusion process, it is expected 

that better recognition results can be achieved. Several experiments for fusing the 

wavelet coefficients of two images have been reported in [65]. 

5.4 Discrete Wavelet Transform 

 Wavelets are functions that are concentrated in time as well as in 

frequency around a certain point. The practical applications choose wavelets, 

which correspond to a so-called multi-resolution analysis due to the reversibility 

and the efficient computation of the appropriate transform. In the wavelet 

transform, the signal is represented as a linear combination of basic wavelet 

functions at several scales and has scaling functions of the widest required scale. 

  Wavelets have become a popular tool in most image processing 

applications such as image fusion, de-noising, compression and restoration. The 

conventional DWT may be regarded as equivalent to filtering the input signal 

with a bank of band-pass filters, whose impulse responses are all approximately 

given by scaled versions of a mother wavelet. The scaling factor between 

adjacent filters is usually 2:1 leading to octave bandwidths and center frequencies 

that are one octave apart [66-71].  The outputs of the filters are usually 

maximally decimated, so that the number of DWT output samples equals the 

number of input samples and the transform is invertible as shown in Fig.5.1. 
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5.4.1 Implementation of the DWT 

         The DWT is normally implemented by a binary tree of filters as shown 

for the 1-D case in Fig 5.1. The art of finding a good wavelet lies in the design of 

the set of filters,  ,   , G  and  to achieve various tradeoffs between 0H H G1 0 1

spatial and frequency domain characteristics, while satisfying the Perfect 

Reconstruction (PR) condition [71]. Now, we are going to discuss the PR 

condition. In Fig.5.1-a, the process of decimation and interpolation by 2 at the 

output of  and  effectively sets all odd samples of these signals to zero. 0H H1

For the low-pass branch, this is equivalent to multiplying  by )(0 nx ( )( )n11
2
1

−+ . 

Hence  is converted to )(0 zX { })()( 00 zXzX −+ . Similarly,  is converted to )(1 zX

{ })()(
2
1

11 zXzX −+
. 

Thus, the expression for   is given by [71]:  )(zY

{ } { }

{ } { })()()()()(
2
1)()()()()(

2
1         

)()()(
2
1)()()(

2
1)(

11001100

111000

zGzHzGzHzXzGzHzGzHzX

zGzXzXzGzXzXzY

−+−−++=

−++−+=

 
                                                                                                                        (5.1) 

The first PR condition requires aliasing cancellation and forces the above 

term in  to be zero. Hence ( zX − ) { } 0)()()()( 1100 =−+− zGzHzGzH , which can be 

achieved if [75]:  

)()( 01 zGzzH k −= −  and                                                       (5.2) )()( 01 zHzzG k −=

where k must be odd (usually k = ±1). 

The second PR condition is that the transfer function from  to  should 

be unity [71]:  

( )zX ( )zY

{ 2)()()()( 1100 =+ zGzHzGzH }                                                                         (5.3) 

If we define a product filter )()()( 00 zGzHzP = and substitute from Eq. (5.2) into 

Eq.(5.3), then the PR condition becomes [71]:  

2)()()()()()( 1100 =−+=+ zPzPzGzHzGzH                                                    (5.4) 
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This needs to be true for all  and, since the odd powers of  in cancel with 

those in , it requires that 

z z )(zP

)( zP − 10 =p  and 0=np for all n even and non-zero. The 

polynomial  should be a zero-phase polynomial to minimize distortion. In 

general,  is of the following form [71]: 

)(zP

)(zP

( ) LL ++++++++= −−− 5
5

3
3

1
11

3
3

5
5 1 zpzpzpzpzpzpzP                              (5.5) 

The design method for the PR filters can be summarized in the following steps 

[71]: 

1- Choose to give zero-phase polynomial with good 

characteristics. 

L,,, 531 ppp )(zP

2- Factorize into  and  with similar lowpass frequency 

response. 

)(zP )(0 zH )(0 zG

3- Calculate and from and . )(1 zH )(1 zG )(0 zH )(0 zG

To simplify this procedure, we can use the following relation: 

( ) ( ) L++++== 5
5,

3
3,1,1 ZpZpZpZPzP tttt                                                     (5.6) 

where  

( )1

2
1 −+= zzZ

                                                                                                 (5.7) 

5.4.2 The Haar Wavelet Transform 

 A Haar wavelet is the simplest type of wavelet. In discrete form, Haar 

wavelets are related to a mathematical operation called the Haar transform. The 

Haar transform serves as a prototype for all other wavelet transforms [71]. Like 

all wavelet transforms, the Haar transform decomposes a discrete signal into two 

sub-signals of half its length. One sub-signal is a running average or trend; the 

other sub-signal is a running difference or fluctuation.    

 This uses the simplest possible  with a single zero at )(ZPt 1−=Z . It is 

represented as follows [71]: 

ZZPt += 1)(      and       
( )1

2
1 −+= zzZ

                                                           (5.8) 
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Thus 

( ) ( )( ) ( ) ( )zHzGzzzzzP 00
11 11

2
12

2
1)( =++=++= −−

                                        (5.9) 

We can find   and   as follows: ( )zH 0 ( )zG0

( ) ( )1
0 1

2
1 −+= zzH

                                                                                         (5.10) 

( ) ( )10 += zzG                                                                                                (5.11) 

Using Eq.5.2 with k=1: 

( ) ( ) ( )1
2
11

2
1)( 1

01 −=−=−= − zzzzzHzG
                                                        (5.12) 

( ) ( ) ( )11)( 11
0

1
1 −=+−=−= −−− zzzzGzzH      

5.5 Wavelet Packets 

 The wavelet packet transform is a generalization of wavelet 

decomposition that offers a wide range of scales for signal analysis. In wavelet 

packet analysis, the details as well as the approximations are split to yield 2  n

different ways to represent the signal where  is the decomposition level. A n

single decomposition using wavelet packets generates a large number of bases, 

which offer a more complex and flexible analysis. An entropy-based criterion is 

used to select the most suitable decomposition level for a signal or an image. The 

wavelet packet decomposition and reconstruction trees are shown in Fig.5.1. 

 The input signal  is split by filters  and  into a low-pass x
0H 1H

component  and a high-pass component , both of which are decimated 0x x1

(down-sampled) by 2. The low-pass component is then split further into  and 00x

01x , which are again decimated by 2. This process continues as far as required 

[71]. The outputs of the DWT are the band-pass coefficients , , ,……, 1x x x01 001

and the final low-pass coefficients . Because of the decimation, the total 00.....00x

output sample rate equals the input sample rate, and thus there is no redundancy 

in the transform. In order to reconstruct the signal, a pair of reconstruction filters 
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0G  and G  are used in the arrangement of Fig 5.1, and usually the filters are 1

designed such that output signal Y  is identical to the input signal . Hence )(z )(zX

in Fig.5.1,  may be reconstructed from  and ; and then  from  000x 0000x 0001x 00x 000x

and ; and so on back to , using an inverse tree of  filters. 001x x G

The result of applying the Haar wavelet transform is shown in Fig. 5.2(a) with a 

single decomposition level and Fig. 5.2(b) with two decomposition levels of a 

visible image. 
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Fig. 5.1 Wavelet-based decomposition and reconstruction. 
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(a) 

 
(b) 

Fig.5.2. Wavelet decomposition of a visible image. (a) Single 

decomposition level. (b) Two decomposition levels. 

 

(a) 
 

(b) 

Fig.5.3.Wavelet decomposition of a thermal image.  (a) Single 

decomposition level, (b) Two decomposition levels. 

 

 5.6 Wavelet Fusion for Face Recognition 

 The wavelet transform is used in image fusion due to its ability to preserve 

time and frequency details of the image to be analyzed. Wavelets with their 

multi-resolution property have proved to be effective in preserving image details. 

This property can be used in fusing multiple images with the largest amount of 

details preserved. Both visible and IR images are transformed to the wavelet 
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domain, then coefficients are fused to form a new image. The fused image is then 

obtained by calculating the inverse wavelet transform of that new image. 

Wavelet fusion is illustrated in Fig.5.4. 

 

 
Visible 
Image 

Weighted 
Average 

 
Thermal 

Image 

Sources of 
Information 

DWT of 
Images 

Fused DWT  Fused Image  

 
Fig.5.4. Schematic diagram of the wavelet fusion of visible and thermal images. 

 In this thesis, a weighted average fusion process in the wavelet domain is 

adopted. Equal weights of 0.5 are used for the approximation components of the 

visible and IR images, while equal weights of 1 are used for the details. 

Justification of these assumptions is clear from Fig. 5.5. 

 Fig. 5.5.a shows the visible image, Fig. 5.5.b shows the thermal image, 

Fig.5.5.c shows an image with emphasis on the high frequency components, 

while equal weights of 1 are used for the details and equal weights of 0.5 are 

used for approximations. Fig. 5.5.d. shows an image with emphasis on the low 

frequency components, while equal weights of 0.5 are used for the detail 

components and equal weights of 1 are used for the approximations. We will 

adopt equal weights of 1 for fusion of the details in the rest of the experiments. 
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These weights are chosen to emphasize on the details of both visible and infrared 

image and used as the best weights for fusing images [58]. 

 
(a) Visible image. 

 

 
(b) Thermal image. 

 

 
(c) Fused image with emphasis on high 

frequency components (equal weights of 1 

for the details and equal weights of 0.5 for 

the approximations). 

 
(d) Fused image with emphasis on low 

frequency components (equal weights of 0.5 

for the details and equal weights of 1 for the 

approximations). 

 

Fig. 5.5 Weighted average fusion of visible and thermal images.   
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An example for the fusion of visible and thermal images is shown in Fig. 5.6. 

(a)  

 

(b)

dwt visible image

 

(c)  (d)

dwt infrared image

 

(e)  

Fig.5.6. Image fusion in the 
wavelet domain.(a) Visible 
image, (b) DWT of the visible 
image,(c) Thermal IR image, (d) 
DWT of the thermal image, 
(e) Fused image. 

 

5.7 PCA Performance on Visible Images 
The Eigenfaces technique has been applied on visible images. The 

recognition rate versus the number of Eigenfaces is shown in Fig. 5.7. The 

required computation time is listed in Table 5.1. As shown from this figure, the 

Eigenfaces technique achieves a maximum recognition rate of 93.33% for 45 

Eigenfaces at 0.5second. It is clear that the recognition rate increases as the 

number of eigenfaces increase with small increment in the computational time 

from 0.4 to 0.6 second. 
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Fig. 5.7. The PCA recognition rate versus the number of Eigenfaces for recognition 

from visible images. 

 

Table 5.1 The computational time with the number of 
    used Eigenfaces of the PCA technique for recognition from visible images. 

No of 
Eigenfaces 

Processing time in 
seconds 

5 0.4 
10 0.40 
15 0.43 
20 0.44 
25 0.44 
30 0.46 
35 0.49 
40 0.5 
45 0.51 
50 0.52 
55 0.59 
59 0.6 
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5.8 ZM Performance on Visible Images 

The ZM technique has been applied on visible images. The recognition 

rate versus the ZM order is shown in Fig. 5.8. The required computational time is 

listed in Table 5.2. The ZM technique achieves a maximum recognition rate of 

90% for ZM order of 20 at 21.3 second. As shown the recognition rate increases 

as the ZM order increase consuming more computational time this is due to the 

fact that the system complexity increases with increasing the ZM order. 
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Fig. 5.8. The ZM recognition rate versus the ZM order for recognition  

from visible images. 

 

     Table 5.2 The computational time at various ZM  
orders for recognition from visible images 

ZM Order Processing time in 
seconds 

0 0.36 
1 0.39 
5 1.05 
10 3.8 
15 10.35 
20 21.3 
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5.9 Fusion Results 

In this section, simulation experiments have been carried out to test the 

performance of the PCA recognition system with fusion. The result of applying 

the PCA technique on fused images, the approximation component after the first 

and, the second decomposition levels using Haar wavelet is given in Fig. 5.9. As 

seen from the figure, the maximum recognition rate using the fused images 

reaches 73.33% in 0.2 seconds, while using the first level fused wavelet 

approximation sub-band images achieves 93.33% in 0.1 seconds, and using the 

second level fused wavelet approximation sub-band images achieves 96.66% in 

0.01 seconds. This indicates that the fused wavelet approximation sub-band 

achieves better performance (high recognition rate) and consumes less time than 

the whole fused image. The required computational time versus the number of 

Eigenfaces is listed in Table (5.3).  
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Fig.5.9 PCA recognition rate versus the number of Eigenfaces for recognition from 

fused images (Haar) and their fused approximation components.            
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Table5.3. The computational time with the number of 
    used Eigenfaces of the PCA technique using the Haar wavelet. 

Processing Time in seconds 
No of used  
Eigenfaces 

Fused images First Level 
Fused  

Approximation 

Second 
Level  Fused 
Approximation 

5 0.2 0.1 0.01 
10 0.2 0.1 0.01 
15 0.2 0.1 0.01 
20 0.2 0.1 0.01 
25 0.21 0.18 0.01 
30 0.23 0.18 0.01 
35 0.25 0.18 0.01 
40 0.25 0.2 0.01 
45 0.26 0.2 0.01 
50 0.26 0.2 0.01 
55 0.27 0.2 0.01 

 

The PCA technique has also been used for recognition of fused images using 

Daubiches wavelet filter of orders 2, 3, and 4. The recognition rate versus the 

number of used Eigenfaces is shown in Figs. (5.10), (5.11), and (5.12).  The required 

computation time versus the number of Eigenfaces is listed in Tables (5.4), (5.5), 

and (5.6).  
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Fig.5.10 PCA recognition rate versus the number of Eigenfaces for recognition from 

fused images (db2) and their fused approximation components.            
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Table5.4. The computational time with the number of  used Eigenfaces of the PCA 
technique using db2 wavelet. 

Processing  Time in seconds 
No of used  
Eigenfaces Fused 

images 
First Level  

Fused 
Approximation 

Second 
Level  Fused 

Approximation 

5 0.2 0.1 0.01 
10 0.2 0.1 0.01 
15 0.21 0.1 0.012 
20 0.21 0.1 0.012 
25 0.21 0.11 0.012 
30 0.23 0.11 0.013 
35 0.24 0.12 0.013 
40 0.24 0.13 0.014 
45 0.25 0.13 0.016 
50 0.26 0.15    0.017 
55 0.27 0.15 0.017 
59 0.27        0.15 0.018 
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Fig.5.11 PCA recognition rate versus the number of Eigenfaces for recognition from 
fused images (db3) and their fused approximation components.   

 
As shown in Fig. 5.11 the fused image using db3 achieves high recognition rate 

of 96.66 which is better than that with image. Also the approximation component 

after the first and second decomposition levels enhances the recognition rate to 

100 % and reduces the computational time from 0.4 to 0.2 second.        
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               Table5.5 The computational time with the number of    
 used Eigenfaces of the PCA technique using db3 wavelet. 

Processing  Time in seconds 
No of used  
Eigenfaces  

Fused 
images (db3)

First Level  Fused 
Approximation 

Second Level 
Fused  

Approximation 
5 0.2 0.2 0.2 

10 0.21 0.2 0.2 
15 0.21 0.2 0.2 

20 0.23 0.21 0.2 

25 0.23 0.21 0.2 

30 0.23 0.22 0. 2 

35 0.26 0.22 0.2 

45 0.29 0.22 0.21 

50 0.29 0.23      .0.21 

55   0.29 0.23 0.23 
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Fig.5.12 PCA recognition rate versus the number of Eigenfaces for recognition from 

fused images (db4) and their fused approximation components.            
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Table5.6. The computational time with the number of 
used Eigenfaces of the PCA technique using db4 wavelet 

Processing  Time in seconds 
No of used 

Eigenfaces 
Fused 

images (db4)

First Level  Fused 

Approximation 
Second Level 

Fused 

Approximation 

5 0.21 0.2 0.2 

10 0.22 0.2 0.21 

15 0.22 0.2 0.21 

20 0.22 0.2 0.21 

25 0.25 0.2 0.21 

30 0.25 0.21 0. 21 

35 0.28 0.21 0.2 

45 0.28 0.21 0.23 

50 0.31 0.23 0.23 

55 0.31 0.23 0.23 

 
 

 Similar simulation experiments have also been carried out to test the 

performance of the ZM recognition system with fusion. The ZM technique has 

been applied on fused images using the Haar wavelet transform and their fused 

approximations and its performance is shown in Fig.5.13. The required 

computation time at various ZM orders is given in Table 5.7.  The ZM technique 

has also been used for recognition of fused images using Daubiches wavelet 

filters of orders 2, 3, and 4. The recognition rate versus the ZM order is listed in Figs. 

(5.14), (5.15), and (5.16).  The required computation time versus the ZM order is 

listed in Tables (5.8), (5.9), and (5.10). As shown from these figure the 

recognition rate increases as the ZM order increases but with increment in the 

computational time.  
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            Fig.5.13 ZM recognition rate versus the ZM order for recognition from fused 

images (Haar) and their fused approximations. 
 
 

As shown from fig. 5.13 the recognition rate increases by increasing the ZM 

order. The approximation components after the first and second levels enhance 

the recognition rate with increment in computational time as listed in table 5.7. 
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          Table5.7 The computational time at various ZM orders  
using Haar wavelet. 

Processing Time in seconds 
ZM Order 

Fused images 
First Level  

Fused 
Approximation

Second 
Level  Fused 

Approximation 
0 0.45 0.35 0.01 
1 0.5 0.36 0.03 
2 0.59 0.37 0.03 
3 0.73 0.43 0.06 
4 0.9 0.48 0.07 
5 1.18 0.53 0.09 
6 1.43 0.64 0.09 
7 1.81 0.67 0.14 
8 2.4 0.89 0.18 
9 3.2 1.5 0.2 
10 4.3 1.3 0.3 
11 5.5 1.68 0.4 
12 7.5 2 0.5 
13 8.8 2.5 0.67 
14 10.9 3 0.9 
15 13 3.6 1.1 
16 14.5 4.3 1.29 
17 16 5.2 1.7 
18 22 6 1.9 
19 26 7 2.1 
20 30 8 2.5 
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            Fig.5.14 ZM recognition rate versus the ZM order for recognition from fused 

images (db2) and their fused approximations. 
 
Table5.8 The computational time at various ZM orders using db2 wavelet. 

Processing time (Sec) ZM Order 

Fused images 

(db2) 

First Level  Fused 

Approximation 
Second Level Fused 

Approximation 

0 0.3 0.05 0.01 

1 0.5 0.07 0.03 

5 1.18 0.1 0.1 

10 4.4 0.2 0.3 

15 13.8 1.2 1.1 

20 31.8 2.4 2.5 

22 32 2.8 2.8 

25 34.2 4.4 3 
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            Fig.5.15 ZM recognition rate versus the ZM order for recognition from fused 

images (db3) and their fused approximations. 
 
         

        Table 5.9 The computational time at various ZM orders using db3  
     wavelet. 

Processing time (Sec) ZM Order  

Fused images 

(db3) 

First Level  Fused 

Approximation 
Second Level Fused 

Approximation 

0 0.1 0.04 0.04 

1 0.2 0.06 0.06 

5 0.3 0.1 0.07 

10 1.5 0.3 0.24 

11 1.7 0.45 0.3 

14 3 1.1 0.8 

15 4.6 2.4 0.9 
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The ZM is applied on fused images using db4 as shown in Fig. 5.16. the 

approximation component after the second decomposition level enhances the 

recognition rate with much increment in the computational time as listed in table 

5.10. 
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            Fig.5.16 ZM recognition rate versus the ZM order for recognition from fused 

images (db4) and their fused approximations. 
 

Table5.10 The computational time at various ZM orders using db4  
     wavelet. 

Processing time (Sec) ZM Order  

Fused images 
(db4) 

First Level  Fused 
Approximation 

Second Level 
Fused 

Approximation 
0 0.07 0.04 0.04 

1 0.1 0.06 0.1 

5 0.76 0.8 0.26 

9 1.01 1.4 0.37 

11 1.35 1.7 0.51 

13 2.1 2.3 0.9 
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5.10 Summary  

ble5.11 the results of the Eigenfaces technique. 

f Eigenfaces 
Time (sec.) Recognition 

Images 

Ta

No oProcessing Maximum 

Rate 
45 visible 0.51 93.33% 
20 0.20 73.33% Fused (Haar ) 
20 0.1 93.33% First Level  

Approximation 
(Haar) 

15 0.01  96.66%   
Approximation 
Second Level 

(Haar) 
55 0.27 70% Fused (db2) 
59 0.15 93.33% First Level  

Approximation 
(db2) 

59 0.018 96.66% 
Approximation 
Second Level 

(db2) 
15 0.21 96.66% Fused (db3) 
20 0.21 100% First Level  

Approximation 
(db3) 

20 0.20 100% 
Approximation 
Second Level 

(db3) 
20 0.22 93.33% Fused (db4) 
25 0.20 93.33% First Level  

Approximation 
(db4) 

30 0.21 96.66% 
Approximation 
Second Level 

(db4) 
 

Table (5.11), the Eigenfaces technique achieves a recognition rate 

image. 

 

As seen from 

of 100% in 0.2 seconds with the first level fused approximation image using the 

Daubiches filter of order 3 (db3), which is better than the performance with 

visible images. This due to the fact that db3 has some overlapping iterations in its 

processing steps which makes it capture most of the information conveyed by the 
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ZM order Processing Time Maximum ages 

 The results of the Zernike moments technique are summarized in Table 

(5.12).  
Table 5.12 the results of the ZM technique. 

Im
(sec.) Recognition Rate 

20 21.3 90% Visible 
15 13 83.33% Fu r ) sed (Haa
20 First Level  

Approximation (Haar) 
8 86.66% 

12 2.5   
Approximation (Haar) 

96.66%  Second Level 

20 31 90% Fused (db2) 
25 4.4 93.33% First Level  

Approximation (db2) 
22 2.8 36.66% 

Approximation (db2) 
Second Level 

10 1.7 96.66% Fused (db3) 
14 1.1 96.66% First Level  

Approximation (db3) 
14 0.8 96.66% Second Level 

Approximation (db3) 
7 1.1  93.33%  Fused (db4) 
13 1.01 93.33% First Level  

Approximation (db4) 
11 0.5 96.66% Second Level 

Approximation (db4) 
 

Table (5. M technique achieves a recognition rate 

nds with the second level fused approximation image using 

 om As seen fr

of 96.66% in 0.5 seco

12), the Z

the Daubiches filter of order 4, which is better than the performance with visible 

images. 
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  6                    CHAPTER                         

Face recognition with Cepstral 

Analysis  
6.1 Introduction  

 The Mel-frequency cepstral analysis is widely used for feature extraction 

in speaker recognition [72-77]. This is attributed to the fact that the vocal tract 

produces many acoustic signals that seem similar in the time domain while they 

can be discriminated in the frequency domain. In a similar manner, we can apply 

the cepstral analysis on the facial images by lexicographic ordering into 1-D 

signals. Cepstral coefficients are the coefficients of the Fourier series 

representation of the log magnitude spectrum of a signal. 

  This chapter presents a cepstral approach for feature extraction from 

facial images. In this approach, images are lexicographically ordered into 1-D 

signals. Then, Mel-Frequency Cepstral Coefficients (MFCCs) and polynomial 

coefficients are extracted from these signals, or one of their transforms, or both 

of them. Discrete Wavelet Transform (DWT), Discrete Cosine Transform (DCT), 

and Discrete Sine Transform (DST) are tested and compared for efficient feature 

extraction. Neural networks are used for feature matching in the proposed 

approach. For performance evaluation, the tested images are degraded by 

Gaussian, speckle, and Poisson noise with and without blurring. 
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6.2 Mel Frequency Cepstral Analysis for Face 

Recognition   

  The proposed face recognition technique has two phases; a training phase 

and a testing phase. In the training phase, a database of facial images is used to 

extract features from each image. These features are used to train a neural 

network. In the testing phase, features are extracted from every test image and a 

feature matching process is performed to decide whether these features belong to 

a previously known face pattern or not. A block diagram of the steps of the 

proposed detection system is shown in Fig.6.1  

6.3 Feature Extraction  

 Feature extraction can be defined as the process of reducing the amount of 

data present in a given signal, while retaining the signal discriminative 

information. A reliable and robust feature extraction is important for pattern 

recognition tasks. The steps of the feature extraction process from a facial image 

can be summarized as follows: 

1- The image is lexicographically ordered into a 1-D signal. 

2- The obtained 1-D signal can be used in time domain or in another discrete 

transform domain such as The DCT, DST and DWT. 

3- MFCCs and polynomial shape coefficients are extracted from the 1-D 

signal itself or its transformed version or both of them. 

4- The extracted features are fed to a neural network to create a database. 

In the testing phase, the features are extracted from degraded test images 

and a matching process is performed by the neural network for making a 

decision of accepting or rejecting the subject to be tested.  
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(b) Testing phase 

Fig.6.1 Face recognition system using cepstral analysis. 
  

 

6.4 Extraction of MFCCs 

 The MFCCs are commonly extracted from signals through cepstral analysis. 

The input signal is first framed and windowed, the Fourier transform is then 

taken and the magnitude of the resulting spectrum is warped by the Mel-scale, 
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the log of this spectrum is then taken, and the DCT is applied [78, 79]. Fig. 6.2 

shows the proposed steps of extraction of MFCCs from a facial image.  

    

   

Input 
image Lexicographic 

Ordering 
Windowing 

MFCCs Log (magnitude 
spectrum)  

Mel Filter 
Bank 

DCT 

DFT 
Calculation 

Fig. 6.2 Extraction of MFCCs.  
 

First, the image is converted to a 1-D signal using lexicographic ordering. 

Then, this signal is framed into small sections each of which has N samples. 

Then, each frame is windowed using the Hamming window function. 

Windowing in time domain is a multiplication of the frame and the window 

function. According to the convolution theorem, the windowing in the time 

domain corresponds to a convolution between the short term spectrum and the 

window function frequency response. The Hamming window is defined in [80] 

as: 

( ) ⎟
⎠
⎞

⎜
⎝
⎛

−
−=

1
2cos46.054.0
N

nnwH
π                                  (6.1) 

The intensity of the Hamming window is much grater around the center 

than at the edges. When this window is multiplied point-by-point with a frame, 

the edges of the frame will become insignificant. Therefore, calculations on the 

frame will not be affected by the end of the data as shown in Fig. 6.3 [80].  

When a data is framed and windowed, the data at the ends of the frames is 

much likely to be reduced to zero. This will represent a loss of information. An 

approach to tackle this problem is to allow overlapping in the sections between 

 80



Chapter6                                                                                       Face Recognition with Cepstral Analysis 

 
frames. Overlapping will allow adjacent frames to include portions of data in the 

current frame.  

 
 

 
 

Fig. 6.3: Hamming window and its transform  
 

Then, the Discrete Fourier Transform (DFT) is calculated to obtain the magnitude 

spectrum as [81]: 

                                                                        (6.2)                              ( ) ( ) Nknj
N

n
enskS /2

1

0

π−
−

=
∑=

where s(n) is the windowed frame. 

The magnitude spectrum is frequency warped in order to transform the 

spectrum into the Mel-frequency scale.  The Mel-frequency warping is 

performed using a Mel-filter bank composed of a set of band-pass filters with 
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triangular frequency response. The bank consists of a number of filters equal to 

the number of the desired MFCCs.  

The Mel-scale is a mapping between the real frequency scale in Hz and 

the perceived frequency scale in Mels. The Mapping is virtually linear below 1 

kHz and logarithmic above 1 kHz. The relation that maps the actual frequency 

measured in Hz to the Mel frequency measured in Mels is given by [81] as: 

⎟
⎠
⎞

⎜
⎝
⎛ +=

700
12595 10

Linear
Mel

fLogf

)

                                                                      (6.3)            

The log of the warped magnitude spectrum is taken, the objective of 

this logarithmic operation is to reduce the signal amplitude. So the 

magnitude spectrum is now scaled in both frequency and magnitude. 

First, the frequency is scaled logarithmically using the so-called Mel 

filter bank , and then the logarithm is taken, giving [78, 79]: ( ,H k m

( ) ( ) ( mk,ΗkSlnmS
1Ν

0k
⋅⎟
⎠

⎞
⎜
⎝

⎛
=′ ∑

−

=

)                                                         (6.4) 

For m=1, 2,…, M, where M is the number of filter banks and M << N. 

The last step is to convert the signal back to the time domain by calculating the 

DCT of log of the Mel-frequency transformed signal. The DCT is used instead of 

the IDFT to reduce the calculations. The MFCCs  can be calculated as follows 

[78, 79]: 

( )( ) ( )⎟
⎠
⎞

⎜
⎝
⎛ −′= ∑

=

5.0coslog2
1

m
M
jmS

N
c

M

mf
j

π  

     (6.4)                              

 where j=1,2,…, M and cj  is the jth MFCC and M is the number of Mel filters.  

6.4.1 Mel Scale Filter Bank  

The bank consists of one filter for each desired Mel–frequency 

component, where each filter has a triangular band-pass frequency 

response as shown in Fig. 6.4; the triangular filters are spread over the 

entire frequency range from zero to the Nyquist frequency.  The number 
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of filters is one of the parameters, which affect the recognition accuracy 

of the system [80]. 

  

Fig. 6.4: Mel scale filter bank. 
 

6.4.2 Extraction of Polynomial Coefficients   
The MFCCs are sensitive to mismatches or time shifts between training 

and testing data, thus polynomial shaping coefficients are added to reduce this 

sensitivity. Each MFCC is modeled as a time waveform over adjacent frames, 

polynomial coefficients are used to model the slope and curvature of this time 

waveform. Adding these polynomial coefficients to the MFCCs vector will be 

helpful in reducing the sensitivity to any mismatches between the training and 

testing data. The following two orthogonal polynomial can be used [83].  

 

                                                                                                     (6.5)      5)(1 −= iiP

3/5510)( 2
2 +−= iiiP                                                                                         (6.6)           
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To model the shape of the MFCCs time functions, a nine elements 

window at each MFCC is used. Based on this window assumption, the 

polynomial coefficients can be calculated as follows [77]:  
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where aj(t) and bj(t) are the slope, and the curvature of cj in the  tth frame. The vectors 

containing all cj, aj and bj are concatenated to form a single feature vector. 

6.5 Artificial Neural Networks 

During the testing phase, features are extracted from every 

incoming image and a feature matching step is performed to decide 

whether these features belong to a face pattern or not. 

The classification step in the proposed recognition approach is in 

fact a feature matching process between the features of a new face image 

and the features saved in the database.  Neural Networks are widely used 

for feature matching. Multi-Layer Perceptrons (MLPs) is the structure, 

which will be used for feature matching, because it is suitable for the 

problem considered in our approach.  

Neural networks are composed of a large number of highly 

interconnected processing elements (neurons) working in union to solve 

specific problems. Neural networks, like people, learn by example. A 

neural network is configured for a specific application, such as pattern 

recognition or data classification, through a learning process. In most 

cases, a neural network is an adaptive system that changes its structure 
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based on external or internal information that flows through the network 

[84].   

6.5.1Neural Network Concepts  

Concepts related to neural networks give enough details to 

provide some understanding of what can be accomplished with neural 

network models, and how these models are developed. The basic 

concepts of a neural network will be defined in this section. The neural 

network structure is shown in Fig. (6.5).  

 

 

 

 

Fig. 6.5. Neural Network structure.   

output 
Layer 

Hidden Layer 
Input 
Layer 

 

Fig.6.5 neural network architecture. 
 

6.5.1.1 Cells    

A cell (or unit) is an autonomous processing element that models 

a neuron. The cell can be thought of as a very simple computer. The 

purpose of each cell is to receive information from other cells, then 

perform relatively simple processing tasks of the combined information, 

and send the results to one or more other cells.                                                                              
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6.5.1.2  Layers 

A layer is a collection of cells that can be thought of as performing a 

common function. It is generally assumed that no cell is connected to another cell 

in the same layer. All neural networks have an input layer and an output layer to 

interface with the external environment. Each input and output layer has at least 

one cell.  Any cell that is in-between the input layer and the output layer is said to 

be in a hidden layer. Neural networks are often classified as single layer or multi-

layer. 

6.5.1.3  Arcs 

An arc (or connection) is a one-way communication link between 

two cells. A feed-forward network is one in which the information flows 

from the input layer through some hidden layers to the output layer. A 

feedback network, by contrast, also permits “backward” communication.  

6.5.1.4  Weights 

The weights are often combined into a weight matrix W. These 

weights may be initialized as zeros, or initialized as random numbers, but 

they can be altered during the training phase.  

6.5.2 The Learning Rules of Neural Networks 

There are three main types of learning in neural networks [85]: 

 

6.5.2.1 Supervised Learning 

With this type of learning, the network can be provided with input 

data and the correct answer i.e. the desired output given the input data. 

The input data is propagated forward through the network till activation 

reaches the output neurons. The answer which the network has calculated 

can be compared with the desired output. If the answers agree, the 

networks do not be changed. If the answer, which the network gives is 

 86



Chapter6                                                                                       Face Recognition with Cepstral Analysis 

 
different from the desired output, then the weights will be adjusted to 

ensure that the network is more likely to give the correct answer in the 

future if it is again presented with the same (or similar) input data. This 

weight adjustment scheme is known as supervised learning or learning 

with a teacher. 

6.5.2.2   Unsupervised Learning 

With this type of learning, the network will be provided with the input 

data. The network is required to self-organize (i.e. to teach itself) depending on 

some structure in the input data. Typically, this structure may need some form of 

redundancy in the input data or clusters in the data. 

 

6.5.2.3   Reinforcement Learning  

In this type of learning, the network is provided with the input data and it 

propagates the activation forward and decides if it has produced a right or a wrong 

answer. If it has produced a wrong answer, some adjustment of the weights is done 

so that a right answer is more likely in future presentations of that particular piece 

of input data. 

 

6.5.3   Neuron Model  

 6.5.3.1 Simple Neuron 

The scalar input  is transmitted through a connection that multiplies its 

strength by the scalar weight 

x

λ , to form the product xλ , again a scalar. Here the 

weighted input is the only argument of the transfer function N, which produces 

the scalar output g as shown in Fig. 6.6.  
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Fig. 6.7: Neuron with vector input structure. 
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where are the inputs; mΧΧΧ ,,........., 21 m,12,11,1 ....,........., λλλ are the 

synaptic weights of neuron k; rk is the linear combiner output due to the weights; 

bk is the bias, which has the effect of applying affine transformation to the output 

rk in Eq. (6.10); Λ  is the activation function; gk is the output signal of the neuron.  

 

6.5.4 Activation Functions 

           The network rule is often given by an activation function  to 

produce the neuron output signal. Most frequently, the same function is 

used for all cells. Several different functions have been used in neural 

network simulations [84]. 

)(xΛ
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6.5.4.1 Identity Function  

The identity function is given by [84]: 

xxf =)(                                                       (6.12) 

This activation rule is just the value of the combined input as shown in 

Fig. (6.8.a) [84]. 

 

6.5.4.2 Threshold Function (Step Function ) 

The output is zero until the activation reaches a threshold θ; then it jumps 

up by the amount shown in Fig. (6.8.b) [84].   

⎪
⎩

⎪
⎨

⎧

<

≥
=

θ

θ

x

x
xf

for      0

for      1
)(  

(6-13) 

6.5.4.3   Logistic Function (Sigmoid)  

 This is an "s" shaped curve that limits the node output. That is, the input to 

the sigmoid is a value between -∞ and +∞, while its output can only be between 

0 and 1. This is shown in Fig. (6.8.c). The logistic function has the form [84]: 

)(1
1)( axe

xf −+
=  (6-14)  
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(a) Identity function. (b) Threshold function. (c) Sigmoid function. 

Fig. 6.8: Activation functions.  

6.5.5 Architectures of Neural Networks 

6.5.5.1 Single-Layer Network 

This network has an input layer of source nodes that projects onto an 

output layer of neurons. The designation “single-layer" refers to the output layer 

of computation nodes (neurons). We do not count the input layer of source nodes, 

because no computation is performed there [85]. The single-layer neural network 

architecture is shown in Fig.6.9. 

 

Output laye  Input layer 

 

 

 

 

 

 

Fig. 6.9
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           This class of neural networks distinguishes itself by the presence of one or 

more hidden layers, whose computation nodes are correspondingly, called hidden 

neurons or hidden units. The function of hidden neurons is to intervene between 

the external input and the network output in some useful manner.  

       Neural networks are characterized in principle by a network topology, a 

connection pattern, neural activation properties, train strategy and ability to 

process data. The most common neural network model is the multi-layer 

perceptron [85-86]. This type of neural network is known as a supervised 

network, because it requires a desired output in order to learn. The goal of this 

type of network is to create a model that correctly maps the input to the output 

using historical data so that the model can then be used to produce the output 

when the desired output is unknown. The multi-layer neural network is shown in 

Fig.5.10. 

 

 

                                       Fig. 6.10. Multi-layer neutral network. 
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The inputs are fed into the input layer and get multiplied by interconnection 

weights as they pass from the input layer to the hidden layer, then they get 

summed, then processed by a nonlinear function. Finally, the data is multiplied by 

interconnection weights, and then processed for the last time within the output 

layer to produce the neural network output. Mapping is needed to train the neural 

network. The multi-layer perceptrons have been applied successfully to solve some 

difficult and diverse problems by training them in a supervised manner with a 

highly popular algorithm known as the error back-propagation algorithm. 

 

Therefore, for an input vector X, the neural network output vector 

Y can be obtained according to the following matrix equation [85-86]: 

2112 BBXZZY ++Λ= )(  (6-15) 

where Z1 and Z2 are the weight matrices between the input and the 

hidden layer and between the hidden and the output layer, respectively, 

and B1 and B2 are bias matrices for the hidden and the output layer, 

respectively.  

6.6 Back-Propagation Neural Network 
  The back-propagation algorithm trains a given feed-forward 

multi-layer neural network for a given set of input patterns with known 

classifications. When each entry of the sample set is presented to the 

network, the network examines its output response to the sample input 

pattern. The output response is then compared to the known and desired 

output, and the error value is calculated. Based on the error, the 

connection weights are adjusted. The back-propagation algorithm is 

based on the error correction learning rule. 

Basically, error back-propagation learning consists of two passes through 

the different layers of the network; a forward pass and a backward pass. In the 

forward pass, an activity pattern (input vector) is applied to the sensory nodes of 

 93



Chapter6                                                                                       Face Recognition with Cepstral Analysis 

 
the network, and its effect propagates through the network, layer by layer. Finally, 

a set of outputs is produced as the actual response of the network. During the 

forward pass, the synaptic weights of the network are all fixed. During the 

backward pass, on the other hand, the synaptic weights are all adjusted in 

accordance with an error correction rule. 

The actual response of the network is subtracted from a desired (target) 

response to produce an error signal. This error signal is then propagated backward 

through the network, against the direction of synaptic connection hence the name 

“error back-propagation”. The synaptic weights are adjusted to make the actual 

response of the network move closer to the desired response in a statistical sense. 

The learning process performed with this algorithm is called back-propagation 

learning.                                                                                          
 Training a neural network is accomplished by adjusting its weights using a 

training algorithm. The training algorithm adapts the weights by attempting to 

minimize the sum of the squared error between a desired output and the actual 

output of the output neurons given by [84, 78]: 
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1

2

2
1 )                                                                                                     (6.16) 

where Do and Yo are the desired and actual outputs of  the oth  output neuron. O 

is the number of output neurons. Each weight in the neural network is adjusted 

by adding an increment to reduce E as rapidly as possible. The adjustment is 

carried out over several training iterations until a satisfactorily small value of E is 

obtained or a given number of epochs are reached. The error back-propagation 

algorithm can be used for this task [84, 78]. 

  

6.7 Simulation Results 
The experimental results have been performed on a dataset acquired by 

Equinox Corporation through seven experiments.  The system performance has 

been tested in the presence of various noise types such as AWGN, speckle noise, 

and Poisson noise. Blurring has also been taken into consideration. In our 
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experiments, the number of MFCCs was chosen as 13. The MFCCs and 

polynomial shaping coefficients have been extracted for all the training images 

and the resulting feature vectors have been stored in the database. For test images 

the feature vectors have been extracted from images contaminated by the 

previously mentioned noise types and degradations to test the performance. The 

system performance has been tested by MFCC features extracted from the 

original 1-D signals obtained from the images or the transformed signals or both 

of them. Several experiments have been conducted to evaluate the performance 

of the proposed system, and to determine from which signal the extracted 

features achieve the highest recognition rates.   

 The system has been tested with images contaminated by AWGN. The 

recognition rate versus the Signal-to-Noise Ratio (SNR) is shown in Fig.6.11. 

The system performance reaches 100% over the selected range of noise. 
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Fig. 6.11 The Recognition rate versus the SNR with various features extraction 
methods for images contaminated by AWGN. 
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 The system has been tested with blurred images contaminated by AWGN. 

By extracting The MFCC features from the signal or the wavelet transformed 

signal or both of them, the recognition rate reaches 100% over the selected range 

of noise even with blurred images. The recognition rate versus the SNR is shown 

in Fig.6.12.   
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Fig.6.12 The Recognition rate versus the SNR with various features extraction 
methods for blurred images contaminated by AWGN. 
  

The system has been tested with images contaminated by speckle noise. The 

recognition rate versus the signal to noise ratio is shown in Fig.6.13. The figure 

illustrates that the proposed cepstral approach is robust to the presence of speckle 

noise over the selected noise range. 
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Fig.6.13 The Recognition rate versus the signal to noise ratio with various 
features extraction methods for images contaminated by speckle noise. 
 
 
 The system has been tested with blurred images contaminated by speckle 

noise. The recognition rate versus the signal to noise ratio is shown in Fig.6.14. 

The figure illustrates that the cepstral-based recognition system is robust to 

speckle noise even with blurred images over the selected noise range.  
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    Fig.6.14 The recognition rate versus the signal to noise ratio with various 
features extraction methods for blurred images contaminated by speckle noise. 
 
  
 
 The recognition rate with different extraction methods for images 

contaminated by Poisson noise is listed in Table 6.1.  

  

Table 6.1 The recognition rate with cepstral technique for images contaminated 
by Poisson noise. 

features  Recognition rate%  
signal  100  
DWT 100  

Signal+DWT 100  
DCT 5 

Signal+DCT 85 
DST 100 

Signal+DST 100  
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 The recognition rate with different extraction methods for blurred images 

contaminated by Poisson noise is listed in Table 6.2.  

 
 Table 6.2 The recognition rate with cepstral technique for blurred images 
contaminated by Poisson noise 

features  Recognition rate% 
signal 100  
DWT 100  

Signal+DWT 100  
DCT 5 

Signal+DCT 40 
DST 75 

Signal+DST 85  
 

The simulation results indicate that the extraction of the MFCC features 

from the signal or the wavelet transformed signals or from both of them achieves 

high recognition rates for all types of degradations. 
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7                           CHAPTER                       

Conclusions and Future Work  
7.1. Conclusions 

 Face recognition is an active research topic due to its wide use in a variety of 

applications including access control, security monitoring, and video surveillance. 

Through this thesis we presented the state of the art visual face recognition systems 

and their limitations including the effect of variation in the lighting conditions and 

recognition of subjects of various skin colors since the performance of visual face 

recognition systems is degraded under poor illumination conditions. One of the 

remedies of these limitations is to work in the IR spectrum. Fusion with IR images has 

been suggested as an alternative source of information for detection and recognition of 

faces, when there is little or no control over lighting conditions. This arises from the 

fact that these images are formed due to thermal emissions from skin which are an 

intrinsic property since these emissions depend on the distribution of blood vessels 

under the skin that are independent of illumination.  

 The thesis presented an effective algorithm to fuse visible and thermal images 

to provide another spectrum to enhance the performance of visual face recognition 

systems. Images are fused using the wavelet transform to exploit the energy 

compaction property of this transform. Our results have shown that the fusion of 

visible and thermal face images enhances the performance of face recognition systems 

and reduces the processing time. 

A proposed cepstral approach for face recognition based on MFCCs and 

polynomial coefficients has been presented.  Simulation results indicated that the 

proposed approach achieves high recognition rates with all types of degradation by 

extracting the MFCCs from the DWT of lexicographically ordered images due to the 

energy compaction property of the DWT that allows accurate features to be extracted.  



Chapter7                                                                                                                 Conclusions and Future Work 

 
. 

7.2. Future Work 

 The future work can be carried out in the following directions: 

• Application of the cepstral analysis  with fusion techniques for face 

recognition. 

• Studying other strategies for fusing images like the curvelet transform. 

• Utilization of the homomorphic transform for feature extraction. 

• Application of higher order statistics techniques for face recognition. 

• Investigation of the effect of super-resolution techniques prior to face 

recognition.  
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ستخدام الصور المصوره باالشعه تحت إالتعرف على الوجوه ب
 الحمراء

 
  ةالرسالملخص 

  
  

م موضوعات البحث         الهويه بأستخدام صور الوجوه    لقد أصبحت عملية التعرف على          أحد أه

منها , وذلك نتيجة زيادة الحاجة اليها فى تطبيقات عديده فى حياتنا اليوميه            الماضيه  القليله خالل العقود 

ارات مرا ة المط و,قب ى اله هالتعرف عل ه  ي ات القانوني ات التحقيق ى تطبيق ن الشخصيه ف ق م  ,و التحق

  .تأمين المعامالت الماليه, تأمين المعلومات , أنظمة المراقبه 

الهدف من هذا البحث تطوير نظم التعرف على الوجوه وجعلها قادره على العمل فى ظروف                   

  .ات الوجهيه المختلفهاألضاءة المختلفه و فى جود التعبير

  :البحث يقدم آداء نظم التعرف على الوجوه بإستخدام طريقتان و هما

   و التى تعتمد على نقل الصور الى (PCA )تحليل المكونات األساسيه: الطريقة  األولى

 Eigen Space  

 Spaceعزوم  : الطريقة الثانيةو( Zernike Moments) Zernike    ى حساب متجهات  وتعتمد عل

  . العزوم للصور

ا    ايير منه دة مع ا لع ام وفق يم آداء النظ م تقي وه  : ت ى الوج رف عل دل التع الزم  , مع سابى ال زمن الح ال

  .للتعرف

ى الوجوه               المصوره   بإستخدام الصور   من اهم التحديات األساسيه التى تواجه نظم التعرف عل

ل     ,   وتغير التعبيرات الوجهيه    هو تغير ظروف األضاءة     المرئي فى المدى    نظم يق ذه ال حيث أن آداء ه

ن هذه الصور تتكون نتيجة الطاقه المرتده من الوجوه و التى           ألضاءه المنخفضه و ذلك     إلفى ظروف ا  

ة سقوطه          ى الوجه و زاوي ساقط عل ل مع       , تعتمد على آمية الضوء ال نظم يق ذه ال ضا نجد أن آداء ه أي

   . الوجوه ذات ألوان البشره المختلفه

تخدام  رح اس ذا أقت ى    ل رف عل ى التع راء ف عه تحت الحم دى اآلش ى م صوره ف ه الم صور الحراري ال

  .الوجوه

  



روف          ى ظ ا ف رف عليه وه و التع ن الوج شف ع ة الك ى عملي ستخدم ف ه ت صور الحراري بحت ال أص

دما تكون ا       إلا ك            إلضاءه المنخفضه أو عن ا و ذل تحكم فيه ر م ذه الصور تتكون نتيجة         ألضاءه غي ن ه

دم     . من الوجهالطاقه الحراريه المنبعثه   ه لل ه الناقل ه الدموي هذه الطاقه الحراريه ناتجه من شبكة األوعي

أثر           تحت الجلد و التى      تعتبر صفه أصيله مميزه لكل وجه حيث أن هذه الشبكه معقده فى تكوينها وال تت

ا يجعل لكل                     بالتدخالت الجراحيه وال بتغير مالمح الوجه نتيجه تقدم السن وال بمحاوالت التزييف مم

   .   وجه التوقيع الحرارى الخاص به

  

ا التعرف        على الجانب اآلخر نجد أن نظم التعرف بإستخدام الصور الحرا               ود منه ا بعض القي ه به ري

د                     ه فق شأ عن على وجوه ترتدى نظارات حيث أن الزجاج يحجب جزء آبير من الطاقه الحراريه مما ين

ر   , فى المعلومات حول منطقة العينان فى الصوره         أييضا تغيرات درجة حرارة الجسم تؤثر بشكل آبي

  .  على الخصائص الحراريه للوجه

دمجها مع      الصور الحراريه  ستخدام   يتم ا  الرساله  فى هذه    ه    ل ك لتحسين آداء نظم    الصور المرئي و ذل

   Wavelet. يتم دمج الصور فى نطاق .التعرف على الوجوه

زمن                      ل ال نتائج البحث توضح أن دمج الصور المرئيه و الصور الحراريه يحسن من آداء النظام و يقل

   .الحسابى الالزم للتعرف

ضا     دم اي اله تق ه Mel Frequency Cepstral Coefficients (MFCC) ماستخدا الرس   آطريق

وه   ى الوج ة التعرف عل ده لعملي ود   وجدي ى وج ه ف ائج عالي ق نت ه تحق ذه الطريق ه توضح ان ه نتائج

  . الضوضاء بمختلف انواعها

  : آالتاليةسالوقد تم تقسيم محتويات الر 

  . والغرض منهةيتناول أهمية موضوع الرسال -:ولالفصل األ

  

يقدم أساسيات نظم التعرف على الهويه و يعرض دراسه مرجعيه تتضمن مسح  -: لفصل الثانيا

 .للبحوث الحديثه  التى تمت فى عملية التعرف على الوجوه

  

اختص هذا الفصل بعرض مراحل المعالجه التى تمت على الصور قبل تطبيق طرق  -: لفصل الثالثا

  .تخدمه فى تحديد منطقة الوجه فى الصورهسو يعرض أيضا الطريقه الم¸ التعرف عليها 

  



  Zernik و طريقة عزوم   (PCA )ول شرح طريقة تحليل المكونات األساسيه نات ي-: الفصل الرابع

   

     )Wavelet (دمج الصور المرئيه و الصور الحراريه فى نطاق يتناول آيفية - :الفصل الخامس

   .هصور المدمجتطبيق طرق التعرف على الصور ال و 

  

ض ايضا رويع. آطريقه للتعرف على الهويه معامالت تردد ميل يتناول تطبيق  -:الفصل السادس 

 .هذه المعامالت و شرح للشبكات العصبيه االصطناعيهاستنتاج 

  .ةستنتاجات في هذه الرسالة و خطط العمل المستقبليإليه من إ يتناول ما تم التوصل -:بع الساالفصل

  . المستخدمهلمراجعوقد ذيلت الرسالة با
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