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ABSTRACT

Face Recognition is the process of identificatidnagoerson by their facial image. This
technique makes it possible to use the facial imagfea person to authenticate him into a
secure system, for criminal identification, for part verification, surveillance, etc... Face
recognition is a popular research area where tleeedifferent approaches studied in
literature.

In this thesis, a holistic Principal Component Amiséd (PCA) based method, namely
Eigenface method is studied and implemented ofréloes 94 database. This approach treats
face recognition as a two-dimensional recognitiosbfem. Face images are projected onto a
face space that encodes best variation among ki@mwenimages. The face space is defined
by eigenface which are eigenvectors of the seacdd, which may not correspond to general
facial features such as eyes, nose, and lips. Wdlcbe categorized as known or unknown
face after matching with the present database. ftrpatal results in this thesis showed that
an accuracy of 98.8158% was achieved. The variaaecing theory of PCA accounts for

the smaller face space than the training set @.fac
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CHAPTER 1

INTRODUCTION
This chapter provides an introduction to face redtogn as a biometric technology, together

with its applications.

1.0 BACKGROUND OF THE STUDY

Face recognition is the ability to recognize pedpjieheir facial characteristics. Over years it
happens to be one of the increasing popular trendmage analysis and processing. This
kind of technology has many benefits which causdés be used in several different areas
which push more researchers into identifying someupar problem still existing in its

current implementation as a biometric system.

Biometrics simply refers to the term that encompagbie application of modern statistical
methods to the measurements of biological obj€@idard English Dictionary, 2004). As a
check to the dangers posed by fraudulent use aftitgledocuments, a lot of biometric

technologies are emerging. Among these are:

* Voice recognition
» Fingerprint recognition
* lIris recognition
» face recognition and
* gait recognition
These are referred to as biometric identifiers Wtaan be used for distinctive physiological

and behavioural characterization of persons.



However these characteristics should satisfy theviing properties:

Robustness: This means that the biometric should sbficiently invariant
(Permanence) over a period of time and thus maitdow intra-class variability.
Distinctiveness: This indicates that biometric idigers should differentiate
(Unigueness) any two persons and thus have latgedtass variability.

Availability: Ideally, a biometric identifier shodl be possessed by every person
(Universality).

Accessibility: The characteristic should be easgdquire (Collectability).

Since biometric system is essentially a patterogeition system, the need for data

acquisition, pre-processing, data representatiod decision making is required. This

encompasses the extraction of physiological or Weheal characteristic from persons

beforehand and using it as a template database tséd later for recognition. Biometric

identifiers which are conceptually unique attrilsutae today portrayed as the panacea to

verify person’s identity.

Mainly three approaches are available to provipgson's identity and to provide “the right

person with the right privileges, the right accassl at the right time” (Woodward et al,

2003). These are:

Something you have: The associated service or sciseseceived through the
presentation of physical objects like, keys, idgnttard, smart card, etc., in
possession of the concerned person.

Something you know: A pre-defined secret knowledgeh as, password permits to
access a service.

Something you are: The access to a service cachievad through the presentation

of measurable biometric traits, such as biometeasares.



The third approach has some significant advantages the first two since it is difficult to
share, steal or forge and neither can someonetfdargehome while to his workplace. This
indeed provides a higher security level in idenpitpve with a high degree of certainty in

response to the dangers posed by fraudulent udemtity documents.

Face recognition is an integral part of biometraesl it has a number of strengths to be

recommended over its peer in certain circumstar{Cgellappa et al, 1995).

Automated face recognition is an interesting corapuision problem with many commercial
and law enforcement applications. User verificatiand user access control, crowd
surveillance, enhanced human computer interactiobeaome possible if an effective face
recognition system can be implemented making itasea of active research to solve its

outstanding problem.

Recognizing faces is something that people usuddyeffortlessly and without much
conscious thought, yet it has remained a diffigrttblem in the area of computer vision,
where some twenty (20) years of research is jugtnbeng to yield useful technological
solutions. As a biometric technology, automatec feecognition has a number of desirable
properties that drives research into practicalneges development where computers can be
made to conduct facial database searches on Inaganas one-to-one or one-to-many
verifications with unprecedented accuracy in atsg@cond processing. Users can be granted
secure access to their computer, mobile device®r anline e-commerce, simply by looking

into their web camera.

Just like human beings, computer algorithms toguerfface analysis are also divided into
detection, recognition and expression understandiage detection is about determining the

locations and sizes of faces in an image, separtiam from other non-face objects.



Recognition, on the other hand, is about estalvigsthe identity of the person from image(s)

of his face. This is done with reference to a dasalof known faces.

The problem of face recognition can be stated dentifying an individual from images of

the face and encompasses a humber of variatioes thi#én the most familiar applications.

Face recognition and detection can be achievedgusnohnologies related to computer
science where features extracted from a face aveepsed and compared with similarly
processed faces present in the database. If asfaeeognized it is known in the database else
it is unknown. In surveillance system if an unknofane appears more than one time then it
is stored in database for further recognition. E€heateps are very useful in criminal

identification. In general, face recognition tedues can be divided into two groups based

on the face representation they use:

I.  Appearance-based, which uses texture featuressamopiied to either whole-face or
specific regions in a face image and
ii. Feature-based, which uses geometric facial feafaresth, eyes, brows, cheeks etc.),

and geometric relationships between them.

The main challenges of face recognition today &endling rotation in depth and broad
lighting changes, together with personal appearahemges. Even under good conditions,

however, accuracy needs to be improved.

1.1. APPLICATIONS

Biometrics has been widely used in forensics appbas such as criminal identification and
prison security. It also has a strong potentiabéowidely adopted in civilian applications

such as e-Banking, e-Commerce, and access cobtielto the huge increase in the use of

4



electronic transactions, e-Banking and e-Commenee ecoming the most important
emerging application of biometrics. Credit card antart card security, ATM security, check
cashing and fund transfers; online transactionsveslol access are some of the examples of
the applications. The token-based authenticatiossd uin physical access control are
gradually replaced by biometric systems. Similakpowledge-based authentication (e.qg.
password) for remote login and data access apilicaare substituted by biometrics. Other
biometric applications include welfare disbursemeamimigration checkpoints, national ID,
voter and driver registration, and time and atteeda Although very reliable methods of
biometric personal identification exist, for exampfingerprint analysis and retinal or iris
scans, these methods rely on the cooperation ofp#Hrécipants, whereas a personal
identification system based on analysis of frordalprofile images of the face is often
effective without the participant's cooperation @&nowledge. Commercial and law
enforcement applications of FRT range from statontrolled-format photographs to
uncontrolled video images, posing a wide rangeechmnical challenges and requiring an
equally wide range of techniques from image praogssinalysis, understanding, and pattern
recognition. One can broadly classify FRT systente two groups depending on whether
they make use of static images or of video. Withese groups, significant differences exist,
depending on the specific application. The diffeemnare in terms of image quality, amount
of background clutter (posing challenges to segatemt algorithms), variability of the
images of a particular individual that must be muped, availability of a well-defined
recognition or matching criterion, and the nataype, and amount of input from a user. A
general statement of the problem of machine retogniof faces can be formulated as
follows: given still or video images of a scenegndfy or verify one or more persons in the

scene using a stored database of faces.



1.2. STATEMENT OF THE PROBLEM

Traditionally, student’s attendance in KNUST isdakmanually by using attendance sheet
given by lecturer in class and not a system. Whth manual system, there are some cases
that student can cheat by asking their friendsctodr sign for them. This occurs because the
students just want to fulfill the 80% of the attende so that they can seat for the final
examination at the end of the semester. Lecturamn& enonitor for all students in the class
and it is difficult for a lecturer to record theeatdance of students accurately and efficiently,
since they are responsible to monitor the entuwdesit's attendance for the whole semester.
For those students that fail to meet the 80% af titeendance rate will be given a reminder

as a warning from faculty.

Because of this problem, a system may be neededder to record the attendance of the
students more accurately without the manual tracéetturers. A face recognition device
will be provided at each class and laboratory at féculty. This system will record the
attendance of students in class when the classdagd at the end of class. This is to ensure

that the students have attended the class untiétihere ended by the lecturer.

1.3. OBJECTIVES OF THE STUDY

Objectives of this thesis are:

1. To use Principal Component Analysis to efficiendpnd effectively reduce the
dimensions of the extracted data from the face skta

2. Using results obtained to recognize person.



1.4. METHODOLOGY

Face images from a standard database which iscad@ty source data will be extracted and
used for this thesis. There are a number of standi@abases available for research purposes
which could be used to test the performance of facegnition system. For the purposes of
this project Faces 94 database is consideredntac 152 individuals with 180 x 200 pixels
in resolution and in portrait format, 20 of whicdledemale, 112 as males and 20 as male staff

taken at different angles and variations.

The method of solution will be PCA procedure.

The analysis will be coded with MATLAB which willebimplemented in MATLAB 2012a

version.

Literature for this thesis will include resourcessaidable on the internet, thus

www.wikipedia.org, published and unpublished papers KNUST library.

1.5. JUSTIFICATION OF THE STUDY

It saves hours of teachers’ time recording atteodand lateness and provides at a glance

who'’s in and who's out.

It also makes it easy to track poor attendancelatetiess patterns, which would allow for

and early intervention.

It would also solve the problem of impersonationevgh a student can make a false

registration in someone’s name.



Again, this thesis will serve as a springboardeoegate interest and further research into the
other aspects of biometrics in Ghana. This steroms fthe fact that face recognition is a
multifaceted phenomenon and no one research ibleapaaddressing it in full. This makes

this study justifiable and worthwhile.

1.6. ORGANIZATION OF THE STUDY

This thesis consists of five chapters.

Chapter 1 is the introduction, which describeshiaekground of the study, statement of the
research problem, objectives of the study, methampljustification and organization of the
study. Also Chapter 2 comprises the review of eelatiterature. This focuses on the
conceptual base of the study. Chapter 3 dealstivtimethodology employed in carrying out
the study and Chapter 4 deals with the presentafioesults and analysis. Finally, Chapter 5

presents the conclusions and recommendations cttillg.



CHAPTER 2

LITERATURE REVIEW
The history of studies on human face perceptionraadhine recognition of faces are given
in this chapter. This chapter will focus on studmmried out by researchers on face

recognition and Principal Component Analysis, inestareas.

2.0 INTRODUCTION

Face Recognition has been an interesting issuebdbin neuroscientists and computer
engineers dealing with artificial intelligence (AB healthy human can detect a face easily
and identify that face, whereas for a computereimognize faces, the face area should be
detected and recognition comes next. Hence, forompaoter to recognize faces the
photographs should be taken in a controlled enum@nmt; a uniform background and identical

poses makes the problem easy to solve.

2.1 RECENT APPROACHES TO FACE RECOGNITION

Face recognition has been an active research aealast 30 years. This research spans
several disciplines such as image processing,rpageognition, computer vision, and neural
networks. It has been studied by scientists frofferdint areas of psychophysical sciences
and those from different areas of computer scierleggchologists and neuroscientists mainly
deal with the human perception part of the topibemas engineers studying on machine
recognition of human faces deal with the computaticaspects of face recognition. Face
recognition has applications mainly in the field§ lmometrics, access control, law

enforcement, and security and surveillance systems.



2.2 HUMAN FACE RECOGNITION

When building artificial face recognition systemssientists try to understand the architecture
of human face recognition system. Focusing on tethadology of human face recognition
system may be useful to understand the basic sysiemever, the human face recognition
system utilizes more than that of the machine reitimyp system which is just 2-D data. The
human face recognition system uses some data ebtdrom some or all of the senses;
visual, auditory, tactile, etc. All these data ised either individually or collectively for
storage and remembering of faces. In many casessufroundings also play an important
role in human face recognition system. It is handa machine recognition system to handle
so much data and their combinations. However,atge hard for a human to remember many
faces due to storage limitations. For a human facegnition system the important feature is

its parallel processing capacity.

The issue “which features humans use for face r@ttog” has been studied and it has been
argued that both global and local features are tieedace recognition. It is harder for

humans to recognize faces which they consider ilsenéattractive” nor “unattractive”.

Both holistic and feature information are importémt the human face recognition system.
Studies suggest the possibility of global desarigiserving as a front end for better feature-
based perception. Chellappa et al (1995). If tlreedominant features present such as big
ears, a small nose, etc. holistic descriptions matybe used. Also, recent studies show that
an inverted face (i.e. all the intensity values swbtracted from 255 to obtain the inverse

image in the grey scale) is much harder to rec@gthian a normal face.
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Hair, eyes, mouth, face outline have been detemintoebe more important than nose for
perceiving and remembering faces. It has also li@emd that the upper part of the face is
more useful than the lower part of the face foroggution. Also, aesthetic attributes (e.qg.
beauty, attractiveness, pleasantness, etc.) playportant role in face recognition; the more

attractive the faces are easily remembered.

For humans, photographic negatives of faces afieutfto recognize. But, there is not much

study on why it is difficult to recognize negativeages of human faces.

Bruce (1999) conducted a study on the directionlwhination and showed the importance
of top lighting. He demonstrated that it is eastgrhumans to recognize faces illuminated

from top to bottom than the faces illuminated frbaitom to top.

2.3 MACHINE RECOGNITION OF FACES

Although studies on human face recognition wereeetqul to be a reference on machine
recognition of faces, research on machine recagnitf faces has developed independent of

studies on human face recognition.

Chellappa et al. (1995) posited that, during 197ygical pattern classification techniques,
which use measurements between features in face@rmprofiles, were used. During the
1980’s, work on face recognition remained nearbbkg. Since the early 1990’s, research
interest on machine recognition of faces has grmemendously. The reasons may be;

- An increase in emphasis on civilian/commercigkagch projects,

- The studies on neural network classifiers withpbasis on real-time computation and

adaptation,

11



- The availability of real time hardware,

- The growing need for surveillance applications.

The basic question relevant for face classificat®that; what form the structural code (for

encoding the face) should take to achieve facegratton. Two major approaches are used
for machine identification of human faces; geoncefrilocal feature based methods, and
holistic template matching based systems. Also,lipations of these two methods, namely
hybrid methods, are used. The first approach, themgtrical local feature based one,

extracts and measures discrete local features (asckye, nose, mouth, hair, etc.) for
retrieving and identifying faces. One of the watlekvn geometrical-local feature based

methods is the Elastic Bunch Graph Matching (EBGé&thnique. The other approach, the
holistic one, conceptually related to template iniatg, attempts to identify faces using

global representations; Huang (1998). Holistic rmdthapproach the face image as a whole
and try to extract features from the whole facaamgin this approach, as in the previous
approach, the pattern classifiers are appliedassdly the image after extracting the features.
One of the methods to extract features in a holisyistem is applying statistical methods
such as Principal Component Analysis (PCA) to thelerimage. PCA can also be applied to

a face image locally; in that case the approadioisolistic.

With the problem being a classification problenajrimg the face recognition system with
images from the known individuals and classifyihg hewly coming test images into one of
the classes is the main aspect of the face recogrslystems. This problem seems to be
easily solved by humans where limited memory canthHze main problem; whereas the
problems for a machine face recognition system are:

1. Facial expression change

12



2. lllumination change

3. Aging

4. Pose change

5. Scaling factor (i.e. size of the image)

6. Frontal vs. profile

7. Presence and absence of spectacles, beard atloaistc.

8. Occlusion due to scarf, mask or obstacles intfro

Appropriate methods should be applied to reduce dimeension of the studied space.
Working on higher dimension causes overfitting vehetre system starts to memorize. Also,

computational complexity would be an important peal when working on large databases.

Kanade’s (1973) face recognition system was tlst &éind is still one of the few systems in
which all the steps in the recognition process wantomated, using a top-down control
strategy directed by a generic model of expectemtufe characteristics. His system
calculated a set of facial parameters from a sifagle image and used a pattern classification
technique to match the face from a known set, @&lpustatistical approach depending

primarily on local histogram analysis and absolyrgey-scale values.

2.3.1 STATISTICAL APPROACHES

Statistical methods include template matching basedems where the training and test
images are matched by measuring the correlatiowesst them. Moreover, statistical
methods include the projection based methods ssi€triacipal Component Analysis (PCA),

Linear Discriminant Analysis (LDA), etc. In factrgjection based systems came out due to

13



the shortcomings of the straightforward templatéctmag based approaches; that is, trying

to carry out the required classification task space of extremely high dimensionality.

2.3.1.1ATEMPLATE MATCHING

Huang (1998) explained that template matching isceptually related to holistic approach

which attempts to identify faces using global repreations. These types of methods
approach the face image as a whole and try toaeatures from the whole face region and
then classify the image by applying a pattern di@ssOne of the methods used to extract
features in a holistic system, is based on stegilspproaches which are discussed in the

following section.

A simple version of template matching is that d emge represented as a two-dimensional
array of intensity values is compared using a bletanetric, such as the Euclidean distance,
with a single template representing the whole fatere are several other more sophisticated
versions of template matching on face recognit@ne can use more than one face template

from different viewpoints to represent an indivitisiface.

Brunelli and Poggio (1993) suggested that the agdtstrategy for face recognition is holistic
and corresponds to template matching. In theirysttitey compared a geometric feature
based technique with a template matching base@mydn the simplest form of template
matching, the image (as 2-D intensity values) mgared with a single template representing

the whole face using a distance metric.
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2.3.1.2FACE DETECTION AND RECOGNITION BY PCA

In Karl Pearson (1901), PCA is a standard stasistechnique that can be used to reduce the
dimensionality of a data set, and is useful whetaiobd data have some redundancy. This
result in reduction of variables into smaller numbkvariables called Principal Components

which will account for most of the variance in thigserved variable.

Sirovich and Kirby (1987) were the first to utili®incipal Components Analysis (PCA) to
economically represent face images. They demossiréiat any particular face can be
efficiently represented along the standard facéupc(eigenpicture) coordinate space, and
that any face can be approximately reconstructedusing just a small collection of

eigenpictures and the corresponding projectionsgaéach eigenpicture.

Turk and Pentland (1991) discovered that while gisire eigenfaces technique, the residual
error could be used to detect faces in imagesseodery that enabled real-time automated
face recognition systems. Although the approach wvemsnewhat constrained by
environmental factors, it nonetheless created fogmit interest in furthering development of

automated face recognition technologies.

Starner et al (1994) posited that, an importaniufeaof PCA is that one can reconstruct any
original image from the training set by combinirge teigenfaces. They stipulated that, by
means of PCA one can transform each original intdidke training set into a corresponding

eigen face. The original face image can be recoctsd from eigenfaces if all the eigenfaces
(features) are added in the right proportion. Egiglenface represents only certain features of

the face, which may or may not be present in tiggral image.
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Samal and lyengar (1995) proposed a PCA face dmtestheme based on face silhouettes.
Instead of eigenfaces, they generated eigensiltesuahd combined this with standard image
processing techniques (edge detection thinninggstiolding) and the generalized Hough
transform. They reported a detection rate of 92% alataset of 129 images (63 face images
and 66 general images)where in the case of theifaages, the face occupy most of the

image.

Belhumeur et al. (1997) argued that although PCgeaps to work well when a single image
of each individual is available, but when multipleages per person are present, by choosing
the projection which maximizes total scatter, P@fains unwanted variations due to lighting

and facial expression.

Kanade (1973), employed simple image processindpadstto extract a vector of 16 facial

parameters - which were ratios of distances, aagdsangles (to compensate for the varying
size of the pictures) - and used a simple Euclidbstance measure for matching to achieve a
peak performance of 75% on a database of 20 diffgyeople using 2 images per person

(one for reference and one for testing).

Cox et al. (1996) reported a recognition perforneaoic95% on a database of 685 images (a
single image for each individual) using a 30-dimenal feature vector derived from 35

facial features. However, the facial features waenually extracted, so it is reasonable to
assume that the recognition performance would l@esm much lower if an automated, and

hence less precise, feature extraction method éed &dopted.
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Moghaddam and Pentland (1995) used the Eigenfadbddeor image coding of human
faces for potential applications such as videoptebay, database image compression and

face recognition.

Lee et al. (1999) proposed a method using PCA wtlathcts the head of an individual in a
complex background and then recognize the persotolparing the characteristics of the

face to those of known individuals.

Crowley and Schwerdt (1999), in a study suggested, tPCA is used for coding and
compression for video streams of talking headsy Buggest that a typical video sequence of

a talking head can often be coded in less thanrhérdsions.

Moghaddam et al. (1999), (1998), and (2000), sugdethie Bayesian PCA method. By this
system, the eigenface method based on simple stéssgstricted norms is extended to use a
probabilistic measure of similarity. Also, anothdifference from the standard Eigenface
approach is that this method uses the image difée® in the training and test stages. The
difference of each image belonging to the sameviddal with each other is fed into the
system as intrapersonal difference, and the diffs&¥eof one image with an image from
different class is fed into the system as extraqmal difference. Finally, when a test image
comes, it is subtracted from each image in thebda and each difference is fed into the
system. For the biggest similarity (i.e. smalle$tedence) with one of the training images,
the test image is decided to be in that class. mhthematical theory is mainly studied in

Moghaddam and Pentland (1997).
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Moghaddam (2002) introduced his study on severahrigues; Principal Component
Analysis (PCA), Independent Component Analysis (JCAnd nonlinear Kernel PCA
(KPCA). He examined and tested these systems tiseW¢ERET database. He argued that
the experimental results demonstrate the simpliciiynputational economy and performance

superiority of the Bayesian PCA method over othethods.

Chung et al. (1999) suggested the use of PCA arubiGhilters together. Their method
consists of two parts: In the first part, Gabotdfg are used to extract facial features from the
original image on predefined fiducial points. Ireteecond part, PCA is used to classify the
facial features optimally. They suggested the dssmbining these two methods in order to
overcome the shortcomings of PCA. They argued thla¢n raw images are used as a matrix
of PCA, the eigenspace cannot reflect the cormaladif facial feature well, as original face
images have deformation due to in-plane, in-depthtion and illumination and contrast
variation. Also they argued that, they have overedhese problems using Gabor Filters in

extracting facial features.

2.3.1.3FEATURE-BASED APPROACHES

Bobis et al. (1999) studied on a feature based ie@egnition system. They suggested that a
face can be recognized by extracting the relatogtipn and other parameters of distinctive
features such as eyes, mouth, nose and chin. Htensydescribed the overall geometrical
configuration of face features by a vector of nuoardata representing position and size of
main facial features. First, they extracted eyewdioates. The interocular distance and eyes
position is used to determine size and positiothefareas of search for face features. In these

areas binary thresholding is performed, system fiszdihreshold automatically to detect
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features. In order to find their coordinates, digouiities are searched for in the binary
image. They claimed that, their experimental ressiiowed that their method is robust, valid
for numerous kind of facial image in real scenerksoin real time with low hardware

requirements and the whole process is conducteanatically.

Cagnoni and Poggi (1999) suggested a feature-tmg@adach instead of a holistic approach
to face recognition. They applied the eigenfacehoeto sub-images (eye, nose, and mouth).

They also applied a rotation correction to the $aoeorder to obtain better results.

Guan and Szu (1999) compared the performance of B@AICA on face images. They
argue that, ICA encodes face images with statifticadependent variables, which are not
necessarily associated with the orthogonal axeslewPCA is always associated with

orthogonal eigenvectors.

Duda et al. (2001) suggested that while PCA sedlextibns in feature space that best
represent the data in a sum-squared error sende,skeks directions that are most

independent from each other.

Martinez (1999) proposed a different approach baseddentifying frontal faces. Their
approach divides a face image into n differ@gions, analyzes each region with PCA, and
then uses a Bayesiapproach to find the best possible global matclwéen a probe and
database image. The relationship between the 8 marhodeled by usinglidden Markov

Models (HMMs).
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2.3.1.4GEOMETRY FEATURE BASED METHODS

Geometry feature based methods uses the facialréeateasures such as distance between
eyes, ratio of distance between eyes and nosebeiicit is significantly different from the
feature-based techniques that it constructs theldgfral graph using the facial features of

each subject.

Lades et al. (1997) presented dynamic ! link architecfor distortion invariant object
recognition which employs elastic graph matchindinol the closed stored graph. Objects
were represented with sparse graphs whose vertieeslabeled with geometrical distances.
In this system, individual faces were representg@ bectangular graph, each node labeled
with a set of complex Gabor wavelet coefficien@llexl a jet. Only the magnitudes of the
coefficients were used for matching and recognitdfhen recognizing a face of a new
image, each graph in the model gallery was mattbeitie image separately and the best
match indicated the recognized person. They predegbod results with a database of 87
subjects and test images composed of differentesspns and faces turned 15 degree. The
matching process was computationally expensivengatioughly 25 seconds to compare an

image with 87 stored objects when using a paraikthine with 23 transputers.

Wiskott et al. (1997) extended this system to hanaltger galleries and larger variations in
pose and to increase the matching accuracy. Fitey use the phase of the complex Gabor
wavelet coefficients to achieve an accurate locadiothe nodes and to disambiguate patterns
which would be similar in the magnitudes of the fGoeent. Secondly, they employ object
adapted graphs, so that nodes refer to specifial iandmarks, called fiducial points.

The correspondences between two faces can be faoraks large viewpoint changes.

Thirdly, a new data structure called the bunch lgragas introduced which serves as
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generalized representation of faces by combinitgygéa small set of individual faces. This
allows the system to find the fiducial points ineomatching process, which eliminates the
need for matching each model graph individuallyisTalso reduces computational effort
significantly. It offers good performance of abd@8% for FERET database. But the
drawback in this feature matching approach is thetquires manual intervention to select

the fiducial points in the facial image and it reqa precise location of those points.

Cagnoni and Poggi (1999) suggested a feature Egg@dach instead of a holistic approach
to face recognition. They applied the eigenfacenoeto sub-images (eye, nose and mouth).

They also applied a rotation correction to the $aoeorder to obtain better results

Fischler and Elschlager (1973) attempted to measurglar faces automatically. They
described a linear embedding algorithm that used local feature template matching and a
global measure of fit to find and measure facialtdees. This template matching has been

continued and improved.

Yuille et al (1989) continued and improved the worktemplate matching. Their strategy is
based on “deformable templates”, which are pardred models of the face and its features

in which the parameter values are determined l®ractions with the image.

Choudhury et al. (1999) described a multimodal gereecognition system. This system
consists of a face recognition module, a spealattification module, and a classifier fusion
module. It has the following characteristics:

(1) The face recognition module can detect and emsgte for pose variations; the speaker

identification module can detect and compensatetanges in the auditory background;
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(2) the most reliable video frames and audio chpesselected for recognition;
(3) 3D information about the head obtained thro8f\ is used to detect the presence of an

actual person as opposed to an image of that person

In Li and Chellappa (2001), a face verificationtsys based on tracking facial features was
presented. The basic idea of this approach ispto#xhe temporal information available in a
video sequence to improve face recognition. Fitls¢, feature points defined by Gabor
attributes on a regular 2D grid are tracked. Thhg, trajectories of these tracked feature

points are exploited to identify the person presemt a short video sequence.

2.3.1.50THER STATISTICAL APPROACHES

Cevikalp et al. (2005) solved small sample sizeblenm of LDA by optimizing a variant of
Fisher's criterion. It searched for the optimaljgetion vectors in the null space of within
class. So, to find the optimal projection vectanstlie null space of it projects the face
samples onto the null space of to generate comractors for each class and then obtain the
projection vectors by performing PCA on common gext A new set of vectors, called as
discriminative common vectors, are obtained by quiipg face samples on the projection
vectors. Thus each class is represented by a sifiggeiminative common vector. Among
two algorithms to extract the discriminant commatters for representing each person in
the training set of face database, one algorithes usthin-class scatter matrix of the samples
in the training set while the other uses the sutispmethods and the Gram-Schmidt
orthogonalization procedures to obtain the diserative common vectors. These

discriminative common vectors are used for classifon of new faces.
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In Zhang et al (2004) the 2D PCA is based on 2Dgenmatrices instead of 1D vector. The
image covariance matrix is constructed directlyrfrthe original image. Let A denote the
image with m rows and n columns. The image masigrojected on to n-dimension column
vector x as, y = Ax where y is an m dimensionaliouh vector called the projected feature
vector of the image A. The column vector x is clmosach that the generalized total scatter

criterion is maximized. This means that total syadf the projected vectors is maximized.

Zhang et al (2004) showed that the scatter criterosatisfied when x is chosen as the
orthonormal eigenvectors of the image covarianc&im&t. For each eigenvectog,xthere
exists a projected feature vecter Yherefore, the principal components of a 2D-PGAu
vector unlike that of PCA which is a scalar. If Sinpipal components are used
(corresponding to the largest S eigenvalues {ft@e principal component vectors obtained
can be represented as, B 5, [y,...Ys]. Thus, B is the feature matrix of the image sanl
Unlike the conventional PCA, the 2D-PCA does notolwe computation of a large
correlation matrix and therefore is relatively lessmputation intensive. But on the other

hand, it requires more memaory for storing featusdrices.

Yang, Zhang et al. (2004) tested 2D-PCA method Bh,(AR and Yale face databases. For
the ORL database, the authors used two strategiexperiments:

(a) 5 image samples per class for training andg@ye one out strategy for observing the
average performance. In case (a) the recognititnisa96% and in case of (b) the same is
reported to be 98.3% for ORL. Leave one out stsatggs adopted for Yale database and

maximum accuracy is reported to be 84.24%.

23



Li and Yuan (2005), in the recently proposed 2D-LBi#owed the image is not reordered as
a column vector. The process of projection of angeusing 2D-LDA is given as follows.
An image A of m rows and n columns is projected asAx, where y is the projected vector
and x is the projection vector. Optimal projectwectors are chosen when Fisher's criterion
iIs maximized. The classification using nearest Imegoy strategy is similar to the

classification using 2D-PCA.

Appearance-based approaches for face recognitiem HCA, LDA, and probabilistic
subspace view a 2D face image as a vector in irspgee. A set of face imaggs; 3 can be

represented as an M x N matrix X & [x,, ....., xy], where M is total number of pixels in
the images and N is the total number of samplesh B&the face images belongs to one of

the Cclasses 1, 2, 3,..., C.

Hong and Jain (1998) showed that there is subataetated work in multimodal biometrics.
They used face and fingerprint in multimodal bioneeidentification. Others have used face
and voice. However, use of the face and ear in cuatibn seems more relevant to

surveillance applications.

Turk and Pentland (1991) developed the traditidgd@A algorithm used in the eigenfaces
approach. This method computes the eigenvectorsemy@hvalues of a covariance matrix
and solves an eigenvalues system problem. This adeperforms no discrimination but
instead the eigenvectors that correspond to tlgesarigenvalues are used in as base vectors

in a low-dimensional space.
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Etemad and Chellappa (1996) proposed a method miaape of Linear/Fisher Discriminant
Analysis for the face recognition process. LDA @sried out via scatter matrix analysis. The
aim is to find the optimal projection which maxiragzbetween class scatter of the face data
and minimizes within class scatter of the face .da in the case of PCA, where the
eigenfaces are calculated by the eigenvalue asaly& projections of LDA are calculated by

the generalized eigenvalue equation.

Belhumeur et al. (1997) studied a method which daego PCA and LDA. This method

consists of two steps; the face image is projedtgd the eigenface space which is
constructed by PCA, and then the eigenface spamecgbed vectors are projected into the
LDA classification space to construct a linear sifr. In this method, the choice of the
number of eigenfaces used for the first step i8calj the choice enables the system to
generate class separable features via LDA fromeigenface space representation. The
generalization/overfitting problem can be solvedhis manner. In these studies, a weighted
distance metric guided by the LDA eigenvalues wé& semployed to improve the

performance of the subspace LDA method.

Podilchuk and Zang (1996) proposed a method whinds fthe feature vectors using Discrete
Cosine Transform (DCT). Their system tries to detbe critical areas of the face. The
system is based on matching the image to a mapvafiant facial attributes associated with
specific areas of the face. They claim that thchméque is quite robust, since it relies on
global operations over a whole region of the faBecodebook of feature vectors or
codewords is determined for each person from thmitrg set. They examine recognition
performance based on feature selection, numbeeatfifes or codebook size, and feature

dimensionality.
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Duda et al. (2001) tried several block-based t@nshtions for feature selection and the K-
means algorithm to generate the code words for eadebook. They argue that the block-
based DCT coefficients produce good low-dimensidealure vectors with high recognition
performance. This brings the possibility of perforghnface recognition directly on a DCT-

based compressed bit stream without having to aetteelimage.

Eickeler et al. (1999) suggested a system base®sawudo 2-D Hidden Markov Models
(HMMs) and coefficient of the 2-D DCT as the feasirA major advantage of their approach
is that the system works directly on JPEG-compredaee images, i.e. it uses the DCT-
coefficients provided by the JPEG standard. THwes not need any further decompressing

of the image.

Phillips (1999) applied SVM to face recognition.cEarecognition is a K-class problem,
where K is the number of known individuals; and SV&va binary classification method. By
reformulating the face recognition problem and temoreting the output of the SVM
classifier, they developed a SVM-based face ret¢mgnalgorithm. They formulated the face
recognition problem in difference space, which ni@déssimilarities between two facial
images. In difference space, they formulated tloe facognition as a two class problem. The
classes are; dissimilarities between faces ofdneesperson and dissimilarities between faces
of different people. By modifying the interpretati@of the decision surface generated by
SVM, they generated a similarity metric betweerefadearned from examples of differences

between faces.
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2.3.1.6NEURAL NETWORK BASED APPROACHES

Artificial Neural Network (ANN) Bishop (1995); Mamaome (1993), is a powerful tool for
pattern recognition problems. The use of neuraadts (NN) in faces has addressed several

problems: gender classification, face recognitiod elassification of facial expressions.

Kohonen (1988) outlined one of the earliest dematishs of NN for face recall applications
which was reported in Kohonen's associative mamdJs small set of face images, accurate
recall was reported even when input image is vergynor when portions of the images are

missing. A few NN based face recognition technicaresdiscussed in the following.

Stonham (1984) reported a single layer adaptive (8Ne for each person) for face
recognition, expression analysis and face verificatA system named Wilke, Aleksander
and Stonham's recognition devise (WISARD) was a@ekisit needs typically 200-400
presentations for training each classifier wheeetthaining patterns included translation and
variation in facial expressions. One classifier wasstructed corresponding to one subject in
the database. Classification was achieved by detargnthe classifier that was giving the
highest response for the given input image.

Much of the present literature on face recognitioth neural networks presents results with

only a small number of classes (often below 20).

Lawrence et al. (1997) presented a hybrid neurdhork solution which combines local
image sampling, a self-organizing map (SOM) andravolutional neural network. The SOM
provides a quantization of the image samples intmpalogical space are also nearby in the
output space, thereby providing dimensionality e and invariance to minor changes in
the image sample. The convolutional neural netwprkvides partial invariance to

translation, rotation, scale and deformation. Téwognizer provides a measure of confidence
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in its output. The classification error approackheso when rejecting as few as 10% of the
examples on a database of 400 images which contaihggh degree of variability in

expression, pose and facial details.

In Dai and Nakano (1998), a Hopfield memory moaelthe facial images is organized and
the optimal procedure of learning is determined.m&thod for face recognition using
Hopfield memory model combined with the pattern chatg is proposed. It shows better

performance of database having 20 faces of 40 sisbje

Lin et al. (1997) proposed a face recognition tépne based on Probabilistic Decision based
Neural network (PDBNN). It adopts a hierarchicatwwk structures with nonlinear basis
functions and competitive credit assignment schdngemonstrated a successful application

of PDBNN on FERET and ORL databases.

Gutta et al. (2000) described the application oktares of experts on gender and ethnic
classification of human faces and pose classiboatnd showed their feasibility on the
FERET database. The mixture consists of ensemblesdial basis functions (RBFs).
Inductive Decision Trees (IDTs) and SVMs implemgin@ “gating network™ components for
deciding which of the experts should be used terdahe the classification output and to
restrict the support of the input space. Experi@ergsults yield good results on gender,

ethnic and pose classification, which can be affelt used in face recognition.
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2.3.2 HYBRID APPROACHES

This type of approach uses both statistical pattextognition techniques and neural
networks.
Examples for hybrid approaches include the comlmnatf PCA and Radial Basis Function

(RBF) neural network.

Er et al (1999) suggested the use of RBF on the eddtacted by discriminant eigenfeatures.
They used a hybrid learning algorithm to decre&sedimension of the search space in the
gradient method, which is crucial on optimizatiohhigh dimension problem. First, they

tried to extract the face features by both the R@A LDA methods. Next, they presented a
hybrid learning algorithm to train the RBF Neurattiorks so the dimension of the search

space is significantly decreased in the gradierihote

Thomaz et al (1998) also studied on combining PG& RBF neural network. Their system
for face recognition consists of a PCA stage wimiguts the projections of a face image over

the principal components into a RBF network acea@ classifier.

2.3.3 OTHER APPROACHES
Chellappa et al. (1995) used range images in '@@egnition. In this method data is obtained
by scanning the individual with a laser scannertesys This system also has the depth

information so the system processes 3-dimensiaatal to classify face images.

Yoshitomi et al. (1997) used thermal sensors teademperature distribution of a face. In
this method, the front view face in input imagen@malized in terms of location and size,

followed by measuring the temperature distributite, locally averaged temperature and the
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shape factors of face. The measured temperatutabdion and the locally averaged
temperature are separately used as input dataetb deneural network and supervised
classification is used to identify the face. Theadivantage of visible ray image analysis is
that the performance is strongly influenced by tilghp condition including variation of
shadow, reflection and darkness. These can be mwerby this method which uses infrared

rays.

Liposcak and Loncaric (1999) worked on profile iraagnstead of frontal images. Their
method is based on the representation of the aligand morphological derived profile
images. Their aim was to use the profile outlireg tiounds the face and the hair. They take a
gray-level profile image and threshold it to proéue binary image representing the face
region. They normalized the area and orientatiothsf shape using dilation and erosion.
Then, they simulate hair growth and haircut anddpce two new profile silhouettes. From
these three profile shapes they obtain the featectors. After normalizing the vector
components, they use the Euclidean distance me#&sumeasuring the similarity of the

feature vectors derived from different profiles

Cagnoni and Poggi (1999) suggested a feature gg@dach instead of a holistic approach
to face recognition. They applied the eigenfacenoeto sub-images (eye, nose and mouth).

They also applied a rotation correction to the $aoceorder to obtain better results

Fischler and Elschlager (1973) attempted to measurglar faces automatically. They
described a linear embedding algorithm that used local feature template matching and a
global measure of fit to find and measure facialtdees. This template matching has been

continued and improved.
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Li and Chellappa (2001) presented, a face veriboasystem based on tracking facial
features. The basic idea of this approach is téoéxe temporal information available in a
video sequence to improve face recognition. Fitis¢, feature points defined by Gabor
attributes on a regular 2D grid are tracked. Thhn, trajectories of these tracked feature

points are exploited to identify the person presémt a short video sequence.

Brunelli and Poggio (1993) computed a vector ofj@bmetric features from a database of 47
people (4 images per person) and reported a 90%gmémn rate. However, they also

reported 100% recognition accuracy for the samabdae using a simple template-matching
approach. Nevertheless, many of the findings haweortant consequences for engineers

who design algorithms and systems for machine matog of human faces.

During the past 5 to 8 years, much research has beecentrated on video based face
recognition. The still image problem has severbenent advantages and disadvantages. For
applications such as drivers’ licenses, due tocth@rolled nature of the image acquisition
process, the segmentation problem is rather easwelktr, if only a static picture of an
airport scene is available, automatic location aegmentation of a face could pose serious
challenges to any segmentation algorithm. On therdtand, if a video sequence is available,
segmentation of a moving person can be more eastdgmplished using motion as a cue.
But the small size and low image quality of faceptared from video can significantly
increase the difficulty in recognition. Recogniziag3D object from its 2D images poses
many challenges. The illumination and pose probleans two prominent issues for

appearance- or image-based approaches.
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CHAPTER 3

METHODOLOGY

This chapter is dedicated to the explanation afiecjpal component analysis method that is

used in face recognition, on which the proposed facognition system is based.

3.0 INTRODUCTION

Much of the previous work on automated face redomgmihas ignored the issue of just what
aspects of the face stimulus are important for f@o®gnition. This suggests the use of an
information theory approach of coding and decodoigface images, emphasizing the
significant local and global features. Such feaur@y or may not be directly related to our

intuitive notion of face features such as the egesg, lips, and hair.

In the language of information theory, the releviafdrmation in a face image is extracted,
encoded as efficiently as possible, and then comtpaith a database of models encoded
similarly. A simple approach to extracting the imf@tion contained in an image of a face is
to somehow capture the variation in a collectiofack images, independent of any judgment
of features, and use this information to encodecamdpare individual face images.

In mathematical terms, the principal componentstieég distribution of faces, or the
eigenvectors of the covariance matrix of the séaoé images, treating an image as point (or
vector) in a very high dimensional space is sought.

The eigenvectors are ordered, each one accourding tlifferent amount of the variation
among the face images.

These eigenvectors can be thought of as a setabfirés that together characterize the

variation between face images. Each image locationtributes more or less to each
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eigenvector, so that it is possible to display ¢heigenvectors as a sort of ghostly face image
which is called an "eigenface".

Each individual face can be represented exactlyerms of a linear combination of the
eigenfaces. Each face can also be approximated osily the "best" eigenfaces, those that
have the largest eigenvalues, and which therefareumt for the most variance within the set
of face images. The best M eigenfaces span an MyBianal subspace which we call the

"face space” of all possible images.

Kirby and Sirovich (1987, 1990) developed a techaidpr efficiently representing pictures
of faces using principal component analysis. Stgrtivith an ensemble of original face
images, they calculated a best coordinate systaminiage compression, where each
coordinate is actually an image that they termedesagenpicture”. They argued that, at least
in principle, any collection of face images candpproximately reconstructed by storing a
small collection of weights for each face, and aalénset of standard pictures (the
eigenpictures). The weights describing each faedamd by projecting the face image onto

each eigenpicture.

In this thesis, the method which was proposed byk Tand Pentland (1991) has been
followed in order to develop a face recognitiontegs based on the eigenfaces approach.
They argued that, if a multitude of face images barreconstructed by weighted sum of a
small collection of characteristic features or ejgetures, perhaps an efficient way to learn
and recognize faces would be to build up the charigtic features by experience over time
and recognize particular faces by comparing théufeaweights needed to approximately
reconstruct them with the weights associated witiovkn individuals. Therefore, each

individual is characterized by a small set of featwr eigenpicture weights needed to
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describe and reconstruct them. This is an extremm@hypact representation when compared

with the images themselves.

3.1 PRINCIPAL COMPONENT ANALYSIS

Principal Component Analysis (PCA) is a dimensidgateduction technique based on
extracting the desired number of principal compdsi@i the multi-dimensional data. The
purpose of PCA is to reduce the large dimensionafithe data space (observed variables) to
smaller intrinsic dimensionality of feature spar&épendent variables), which are needed to
describe the data economically. This is the casenvihere is a strong correlation between
observed variables. The first principal componenthie linear combination of the original
dimensions that has the maximum variance; the prthcipal component is the linear
combination with the highest variance, subjectém® orthogonal to the n -1 first principal
components.

An important and largely unsolved problem in dimenality reduction is the choice of the
intrinsic dimensionality of the principal manifoldo analytical derivation of this number for
a complex natural visual signal is available teeddio simplify this problem, it is common to
assume that in the noisy embedding of the signahtefest (in our case, a point sampled
from the facespace) in a high-dimensional space, signal-to-noise ratio is high.
Statistically, that means that the variance of daga along the principal modes of the
manifold is high compared to the variance withie tomplementary space.

This assumption relates to the eigenspectrum -stteof the eigenvalues of the data
covariance matrix. The i-th eigenvalue is equaltlie variance along the i-th principal
component; thus, a reasonable algorithm for detgdtiis to search for the location along the

decreasing eigenspectrum where the valuwedrbps significantly.
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3.1.1 DERIVING PCA: EIGENVECTORS OF COVARIANCE MATRIX

The first algebraic solution to PCA could be dediugsing linear algebra. This solution is
based on an important property of eigenvector deomition. The data set is X, an mxn
matrix, where m is the number of measurement tgmesn is the number of data trials. The

1

goal is to find some orthonormal matrix P where X=Buch that & E—l YYT is
n_
diagonalized. The rows of P are the principal congms of X.
Begin by rewriting $ in terms of our variable of choice P.
1 T
Sy=——YY (3.1)
n-1
1 T
=—— (PX)(PX) (3.2)
n-1
1 Tl
=——PXX'P (3.3)
n-1
1 T pl
=—PXX)P (3.4)
n-1
1 T
Sy=——PAP. (3.5)
n-1

Note that a new matrix A=XX is defined, where A is symmetric. The roadmapois
recognize that a symmetric matrix (A) is diagonadizby an orthogonal matrix of its
eigenvectors.

A symmetric matrix A can be written as EQBvhere D is a diagonal matrix and E is a
matrix of eigenvectors of A arranged as columns.

The matrix A has £ m orthonormal eigenvectors where r is the ranthefmatrix. We select
the matrix P to be a matrix where each Rgis @an eigenvector of XX

By this selection, P = EHence A = PDP.
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With this relation and the fact thaf’P= P' since the inverse of orthonormal matrix is its

transpose, we can finish evaluating& follows;

1
Sy=——-PAP

- pPDR) P (3.6)
n-1

=1 PP D PP) (3.7)
n-1

=1 PPy D (PPY (3.8)
n-1

S,=D (3.9)

It is evident that the choice of P diagonalizes S

3.2 EIGEN FACE APPROACH

An image space can be thought of as a space hdwvmensions equal to the number of pixels
making up the image and having values in the rarigbe pixels values. Thus, for example
for a grey scale image of size (Nx x Ny), the disien of the image space is P, P being Nx
times Ny.

An image can be thought as a point in the imageesjpy converting the image to a long
vector by concatenating each column of the imageadter the other.

When all the face images are converted into vectbey will group at a certain location in
the image space as they have similar structuranaye, nose and mouth in common and
their relative position correlated. This correlatic the main point to start the eigenface

analysis.
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The eigenface method tries to find a lower dimemsispace for the representation of the
face images by eliminating the variance due to fa@e-images; that is, it tries to focus on the
variation just coming out of the variation betwelba face images.

Eigenface method is the implementation of Princi@@mponent Analysis (PCA) over
images. In this method, the features of the stuttieabes are obtained by looking for the
maximum deviation of each image from the mean ima&ges variance is obtained by getting
the eigenvectors of the covariance matrix of alithages.

The eigenface space is obtained by applying thenége method to the training images.
Later, the training images are projected into tlgerdace space. Next, the test image is
projected into this new space and the distancéhefprojected test image to the training
images is used to classify the test image. In tdwedsrd eigenface procedure suggested by
Turk and Pentland (1991), Nearest Mean ClassiBeuded for the classification of test
images. It is an adequate and efficient methodeaused in face recognition due to its
simplicity, speed and learning capability. Eigeefa@re a set of eigenvectors used in the
computer vision problem of human face recognitidhey refer to an appearance based
approach to face recognition that seeks to caph@&eariation in a collection of face images
and use this information to encode and compare esiay individual faces in a holistic
manner.

The eigenfaces are principal components of a digion of faces, or equivalently, the
eigenvectors of the covariance matrix of the sehefface images, where an image with N by
N pixels is considered a point in?Nlimensional space. This suggests that coding and
decoding of face images may give information okefanages emphasizing the significance
of features. These features may or may not beegklat facial features such as eyes, nose,
lips and hairs. Relevant information in a face imageds to be extracted, efficiently encoded

and compared with a database of faces encodedadyniA simple approach to extracting
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the information content in an image of a face isstanehow capture the variation in a
collection of face images. Principal components tioé distribution of faces, or the
eigenvectors of the covariance matrix of the sdaoé images should be found. Each image
location contributes to each eigenvector, so that digenvector as a sort of face can be
displayed. Each face image can be representedexatcerms of linear combination of the
eigenfaces. The number of possible eigenfacesual éq the number of face image in the
training set. The faces can also be approximatedsiyg best eigenface, those that have the
largest eigenvalues, and which therefore accouninimst variance between the set of face
images. The primary reason for using fewer eigedas computational efficiency.

The whole recognition process involves two steps:

a. Initialization process

b. Recognition process

The Initialization process involves the followingerations:

1. Acquire the initial set of face images callering set.

2. Calculate the eigenfaces from the training setpkeponly the highest eigenvalues. These
M images define the face space. As new faces areierped, the eigenfaces can be updated
or recalculated.

3. Calculate the corresponding distributionMrdimensional weight space for each known
individual, by projecting their face images onlie tface space”.

These operations can be performed from time to twhenever there is a free excess
operational capacity. This data can be cached whah be used in the further steps
eliminating the overhead of re-initializing, decsg® execution time thereby increasing the
performance of the entire system.

Having initialized the system, the next proces®ives the steps,
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1. Calculate a set of weights based on the inpagerand th&/ eigenfaces by projecting the
input image onto each of tieggenfaces

2. Determine if the image is a face at all (knowmoknown) by checking to see if the image
is sufficiently close to &ree space”.

3. Ifitis a face, then classify the weight pattas either a known person or as unknown.

4. Update the eigenfaces or weights as either a kraywamknown.

If the same unknown person face is seen severaktthen calculate the characteristic weight
pattern and incorporate into known faces. Thed#esh is not usually a requirement of every
system and hence the steps are left optional amdeamplemented as and when there is a

requirement.

3.2.1 EIGENVECTORS AND EIGENVALUES

For a square matrix A\ is an eigenvalue of A if there exists a non-zesoter x such that
Ax=Ax. In this case, x is called an eigenvector cowadmng to), and the pairk| x) is called

an eigenpair for A. Eigenvalues and eigenvectors also known as, respectively,
characteristic rootsand characteristic vectors or latent roots and latent vectors The
dominant eigenvector of a matrix is an eigenvectoresponding to the eigenvalue of largest

magnitude of that matrix.

3.2.2 GENERAL FORMULA FOR THE SOLUTION OF THE EIGENVALUE
PROBLEM

One can find eigenvalues and eigenvectors by trgati matrix as a system of linear

equations and solving for the values of the vaealihat make up the components of the
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eigenvector. For a square matAxand| the identity matrix, detA-Al) = 0. (det means the
determinant of matrix). This equation is called tharacteristic equation.

=(a,,~A)(a,,—A)---(8,,—A) =0, the characteristic equation then reads

a, 0 - 0 10 --- 0
0 . 0
det(A-Al)=det| . a?,z L —A? P D
o 0 0 a,l |00 01 (3.10)
a,—A 0 0
B a,,—A 0
=def L0
0 0 0 &, (3.11)
=(a,=A)(3,,=4)-(8,-4)=0 (3.12)

The solutions to the characteristic equation ageetgenvaluesl =g, (i=1,...,n)

For the eigenvectorg of A, they are the non-zero solutions of the equregti(AAl) x=0, for

the values of.

3.2.2.1WORKED EXAMPLE
] 2 1
For a 2x2 matrix A, A 1 9

det(A—A1)=0

2-1 1
det(A—A1)= 0= de =0
1 2-)

Calculating the determinant, this yields the qudeguationA® — 44 +3= 0

A, =1and A, = 3are the eigenvalues for the matrix A.
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(A-Al)x=0
For A, =1

(R B R (b M F R ML
x= m s the eigenvector of the eigenvalige1
(s B S E R s E R M P ML B

=% *+% =0= x = x Thereforex, =1 andx, =1

1
X= L} is the eigenvector of the eigenvalde=3

1
Since A, = 3is the largest eigenvalue of the matrix A, the dwamnt eigenvector ix = L}

3.2.3 PROPERTIES OF EIGENVECTORS AND EIGENVALUES

* Eigenvectors can only be found for square matraces not every square matrix has
eigenvectors.

* Given an m x m matrix (with eigenvectors), we cigua im eigenvectors.

» All eigenvectors of a symmetric matrix are perpentiir to each other, no matter how
many dimensions we have.

* In practice eigenvectors are normalized to havelangth.
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3.3 CALCULATING EIGENFACES

Let a face image I(x, y) be a two-dimensional N rarfkhy of 8-bit intensity values. An image
may also be considered as a vector of dimensforsh that a typical image of size 256 x 256
becomes a vector of dimension 65,536, or equivigilenpoint in 65,536-dimensional space.

An ensemble of images, then, maps to a collectiggoimts in this huge space.

Images of faces, being similar in overall configima, will not be randomly distributed in
this huge image space and thus can be describedréhatively low dimensional subspace.
The main idea of the principal component analysiskarhunen-Loeve expansion) is to find

the vectors that best account for the distributibface images within the entire image space.

These vectors define the subspace of face imadeshare called "face space”. Each vector
is of length N, describes an N x N image, and is a linear coatlin of the original face
images. Because these vectors are the eigenvettibrs covariance matrix corresponding to
the original face images, and because they arelifee@ appearance, they are referred to as
"eigenfaces".
Definitions:
An N x N matrix A is said to have an eigenvectoradd corresponding eigenvalué

AX = AX. (3.13)
It is obvious that, Eq. (3.13) can hold only if

deA-Al|=0 (3.14)
which, if expanded out, is an Nth degree polynonmalwhose root are the eigenvalues. This
proves that there are always N (not necessariltindiy eigenvalues. Equal eigenvalues
coming from multiple roots are called "degenerate”.

A matrix is called symmetrii it is equal to its transpose,
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A=ATorg =g (3.15)
It is termed orthogonal its transpose equals its inverse,

ATA=AAT=| (3.16)
A real matrix is called normall it commutes with is transpose,

AAT = AT A (3.17)
In mathematical terms;

Image [ - (Nxx Ny) pixels (3.18)
The image matrix | of size @ Ny) pixels is converted to the image vecloof size (P x 1)

where P = (Nx Ny); that is the image matrix is reconstructed byimglccach column one

after the other. Thus, this two dimensional ve@ahanged to one dimensional vector.

Training Set [ =[T T iy (3.19)

is the training set of image vectors and its s&z€R x M) where Mis the number of the

training images.

1 2
For example: =
2 1

Each face image is represented by the velctor

|l N T O T

1 1 2 1
F:_ZI': 3 _ 1 r :2
e P L Y L PSR n=| s
-3 2 3 1
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M,
Mean Face W :MLZE (3.20)
t i=1

is the arithmetic average of the training imageeecat each pixel point. Its size is (P x 1).

1 1 2 1 5
-2 3 1 2| |4
+ + + |=
1 -1 -2 2l |0
-3 2 3 1 3

Mean subtracted image &= -Y¥ (3.21)
is the difference of the training image from theamemage (size P x 1). Thus, each face

differs from the average by =I" —¥ which is also called mean centered image.

2 2 3 2

o= H 0,2 o, 2 o

l_ _1 2_ _3 3_ _4 ---------------- M ! O

0 5 6 4
Difference Matrix A=[®,,®,,--,®,, | (3.22)

is the matrix of all the mean subtracted trainmgge vectors and its size is (P Y M

Mt
Covariance Matrix X = A-A" :izcbid)f (3.23)

t i=1
A :[CDl,CDZ,--- ,CDMt] is the covariance matrix of the training image vextSize is (P x P).

An important property of the Eigenface method igaobng the eigenvectors of the
covariance matrix. For a face image of size (Nxyy pixels, the covariance matrix is of size
(P x P), P being (Nx x Ny). This covariance matsiwery hard to work with due to its huge

dimension causing computational complexity. On thiaer hand, Eigenface method
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calculates the eigenvectors of the (Mt x Mt) mathkk being the number of face images, and

obtains (P x P) matrix using the eigenvectors ef(it x Mt) matrix.

Initially, a matrix Y is defined as,

M,
y=AT-A=-13rT (3.24)
Mt i=1

which is of size (Mx Mt).

Then, the eigenvectorsand the eigenvalugsof Y are obtained,

Y- vi=piv (3.25)
The value of Y is put in this equation,
AT-A-vi=p v (3.26)
Both sides are pre-multiplied by A,
AAT- AV Z ALV (3.27)
The necessary matrix arrangements are made,

A-AT-Av = AW (3.28)

(aspi is a scalar, this arrangement can be done)

X'A'Vi = Wi 'A'Vi (3.29)

Now, groupA-v; and call a variable; = A-v; . It is easy to see that
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Vi = A (3.30)

is one of the eigenvectors Ef= A-A" and its size is (P x 1).

Thus, it is possible to obtain the eigenvectorX dfy using the eigenvectors of Y. A matrix
of size (Mx M) is utilized instead of a matrix of size (P x P&.([{Nx X Ny} X {N x x Ny}] ).

This formulation brings substantial computatiorféicency.

Fig. 3.1(a) and Fig. 3.1(b) below are facial imaged the mean face respectively from the

ORL database.

(b)

Fig 3.1 (a) Example of images from the ORL datapase

(b) Mean face obtained from the ORL database.

The eigenfaces are in fact (P x 1) vectors forcthraputations; in order to see what they look

like, they are rearranged asx@Ny) matrices.
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Instead of using Mof the eigenfaces, M'M: of the eigenfaces can be used for the eigenface
projection. This is achieved to eliminate someh# eigenvectors with small eigenvalues,
which contribute less variance in the data.

Eigenvectors can be considered as the vectorsipgint the direction of the maximum
variance and the value of the variance the eigdeaveepresents is directly proportional to
the value of the eigenvalue (i.e. the larger tlgemvalue indicates the larger variance the
eigenvector represents). Hence, the eigenvectoes sarted with respect to their
corresponding eigenvalues. The eigenvector haviegdrgest eigenvalue is marked as the
first eigenvector, and so on. In this manner, tlesthgeneralizing eigenvector comes first in

the eigenvector matrix.

3.3.1 USING EIGENFACE TO CLASSIFY A FACE IMAGE

In the next step, the training images are projedted the eigenface space and thus the
weight of each eigenvector to represent the imagée eigenface space is calculated. This
weight is simply the dot product of each image vatth of the eigenvectors. A new face
image () is transformed into its eigenface componentsj§oted onto "face space”) by a

simple operation

Projection g =v, -®=v] - ([ =) (3.31)

is the projection of a training image on each efeéilgenvectors where k=1, 2, ...; M

Weight Matrix Q = [o, ©, ... ,om ] (3.32)

is the representation of the training image indigenface space and its size is g\M.).
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At this point, the images are just composed of Wsign the eigenface space, simply like
they have pixel values in the image space. The itapbaspect of the eigenface transform
lies in this property.

Each image is represented by an image of sizex(Nly) in the image space, whereas the
same image is represented by a vector of sizex() in the eigenface space. Moreover,
having the dimension structure related to the wagaof the data in hand makes the eigenface
representation a generalized representation addte This makes the algorithm a solution to
the “curse of dimensionality” problem seen in thenglard pattern recognition task.

When a new test image is to be classified, it $&® ahean subtracted and projected onto the
eigenface space and Nearest Mean algorithm (Tudk Rentland 1991) is used for the
classification of the test image vector in the dead eigenface method; that is, the test image
is assumed to belong to the nearest class by a#iloglthe Euclidean distance of the test

image vector to the mean of each class of theibi@image vectors.

Test image vectorl 't (3.33)
is the test image vector of size (P x 1).
Mean subtracted image®t =I't =W (3.34)

is the difference of the test image from the meaage (size P x 1).

Projection @, =u, ‘@7 =y, - ([ =) (3.35)

is the projection of a training image on each eféigenvectors where k=1, 2, ...; M

Weight Matrix Qr=[0 © ... om]" (3.36)

is the representation of the test image in thendgge space and its size is’(ML1).
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The training and test image vectors can be reasctstl by a back transformation from the

eigenface space to the image vector space.
Reconstructed image vectof; =v-Q +¥ = ®; + ¥ (3.37)

If possible, it is better to work on a databasenofe than one image per individual in order
to increase the robustness to minor changes iresgion, illumination and slight variations
of view angles. A class of images for an individeah be formed and this class can be
considered as the representative image vectorabtthss. For an individual haviggimages

in the database, the average of the projectioreach class is the mean of all the projected

image vectors in that class. In mathematical terms;

ql
Average Class ProjectionQ,, :£ZQi (3.38)

j =1
This average class projection can be used as otfe afectors (representing an image class
instead of an image vector) to compare with theiteage vector.
A similarity measure is defined as the distancavbeh the test image vector and i-th face

class;

M
Similarity J =||Q; - Qy| = \/2(9Tk -Q,,)? (3.39)
k=1

is the Euclidean distance between projections.

A distance threshold may be defined for the maximallowable distance from any face

class, which is half of the distance between thenvost distant classes;
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Distance Threshold® = % max{‘Qqu -Qy H ) (3.40)

Classification procedure of the Eigenface methaglisss that face image vectors should fall
close to their reconstructions, whereas non-fa@garvectors should fall far away. Hence, a

distance measure is defined;

Distance measures” :HCD—CDf H2 (3.41)

is the distance between the mean subtracted inmbtha reconstructed image.

The recognition of an image knowing these two meesssii ande can be done as follows:
(a) If e > ®= the image is not a face (independent of the valfieg,

(b) If e <® and for alli, 6i > ®= the image is an unknown face,

(c) If e <O and for one of, 6i < ®= the image belongs to the training face class

This is the standard Eigenface approach suggegtédik and Pentland.

3.3.1.1IWORKED EXAMPLE
This section treats an example of the PCA procetfstivee matrices, which are assumed to

be images that make up a database.

1. Assume A, B and C are the matrix representatiamages in a database

8 1 7 4 8 1 7 1 8
A=l10 9 8 B=|7 1 1/C=|4 5 8
7 10 8 2 39 10 4 2

2. Reshape matrices such that each row representaamn
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o P ©
A W
(oo N BN
0 F @

3. Calculate the mean of the reshaped matrix usindptineula:

_13
_VZri

t i=1

This results in the mean vector:

6.3333 7.0000 6.3333 3.3333 5.0000 5.6667 383335.6667 6.3333

4. Subtract the mean from the reshaped matrix to thermean centered image matrix,

C.

1.6667 3.0000 0.6667 - 2.3333 4.0000 4.3333 @766 2.3333 1.666
C=|-2.3333 0 - 43333 4.6667 - 4.0006- 2.6667 4.3333 66 2.6667
0.6667 - 3.0000 3.6667 - 2.3333 0 - 16667 2.6667 323 -4.333

5. Calculate the covariance matrix, L of the meane®at matrix, C using the formula:

L = C"*C, where C' is the transpose of C.
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1.6667 —2.3333 0.6667
3 0 -3
0.6667 —4.3333 3.6667

-2.3333 4.6667 - 2.3333( 1.6667 3 0.6667 ---

L= 4 -4 0 [¥/-23333 0 -4.3333--

1.6667 -4.3333 2.6667
2.3333 -4.6667 2.3333
1.6667 2.6667 - 4.3333

This result in:

8.6667 3 13.6667 - 16.3333 16
3 18 -9 0 12
13.6667 -9 32.6667 — 30.3333 20
-16.3333 0 - 30.3333 32.6667- 28
L= 16 iwl 20 — A 32
12.3333 18 8.3333 - 18.6667 28
14.6667 -3 29.6667 — 30.3333 24
-16.3333 0 30.3333 - 32.6667 28
-6.3333 18 - 26.3333 18.6667 - 4

4.3333 - 2.6667 — 1.666/{ 0.6667 -3 3.6667 ---

12.3333
18
8.3333
18.6667

28

28.6667

14.3333

18.6667
S335%

14.6667 3383 -6.3333
-3 0 18

l1.6667 233 1.6667
- 4.3333- 4.6667 2.6667
2.6667 2.3333- 4.3333

29.6667 3383 -—26.3333
30.3333 .66827 18.6667
24 28 - 4

14.3333 .6467 7.3333
28.6667 .3388 -20.3333
30.3333 .66827 - 18.66671
2333-18.6667 28.6667

6. Calculate the eigenvalues and eigenvectors ofdkar@nce matrix, L by finding

deL-Al[=0

This produces the eigenvalues:
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—0.0000 0 0 0 0 0 0 0 0
0 —0.0000 0 0 0 0 0 0 0
0 0 —0.0000 0 0 0 0 0 0
0 0 0 0.0000 0 0 0 0 0
0 0 0 0 0.0000 0 0 0 0
0 0 0 0 0 0.0000 0 0 0
0 0 0 0 0 0 0.0000 0 0
0 0 0 0 0 0 0 67.4930 0
0 0 0 0 0 0 0 0 175.173p

And corresponding eigenvectors:

0.0615 -0.0125 0.8605- 0.4408 0.0279 0.0766 8302 0.0833 - 0.216
0.1824 -0.0722 0.1118 0.4025- 0.5082 0.3024 8041 0.5164 - 0.002
-0.0132 0.1089 0.0147 0.3140 0.0739 0.7103 D438-0.2634 - 0.399
-0.1620 0.2204 0.3214 0.3549 .6086 0.1552 0.3205 0.0056 0.4318
0.2755 0.4967 0.0701 0.3334 0.1723 0.46069 6250.3395 - 0.371
0.1564 -0.4511 - 0.2380- 0.2161 0.5555 0.1830 8303 0.5132 - 0.249
-0.1216 0.5140 - 0.2404- 0.3390 0.0400 0.1372 0.5993 0.0913 009|4
-0.7129 -0.3287 0.1214 0.3020- 0.0034 0.2727 0013-0.0056 - 0.431
-0.5596 0.3343 - 0.0968- 0.2347# 0.1139 0.1874 47360.5196 0.244

7. The eigenvalues are sorted and those with valgssien O are eliminated. The

eigenvectors that correspond to the retained eajaas then become:

0.0833 -0.216
0.5164 - 0.002
-0.2634 - 0.399
0.0056 0.4318
0.3395 -0.371
V=| 05132 -0.249
-0.0913 - 0.400
-0.0056 - 0.431
0.5196  0.2442
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8. Calculate the eigenface by multiplying the centeneaige matrix by the eigenvectors

of the retained eigenvalues.

Thus, eigenface = C *V

Eigenface=

1.6667 3.0000 0.6667 - 2.3333 4.0000 4.3333 @76 2.3333 1.666

-2.3333 0 - 43333 4.6667—- 4.0006- 2.6667

4.3333 666 2.6667

0.6667 -3.0000 3.6667 - 2.3333 0 - 16667 2.6667 323 —-4.333

0.0833 -0.216
0.5164 -0.002
-0.2634 - 0.399
0.0056 0.4318
0.3395 -0.371
0.5132 -0.249
-0.0913 -0.400
—0.0056 -0.431
0.5196 0.2442

5.7820 -5.478
0.0539 10.806
Hence, eigenface -5 8360 - 5.329

9. The centered images are projected unto a face $aceiltiplying it by the

eigenface. Thus projected image, P = eigenfacemntered image.

1.6667 3.0000 0.6667 ---

(5.7820 0.0539 - 5.836})
9

-5.4784 10.8062 - 5.3297

Thus, projected image then becomes:
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5.6202 34.8539 - 17.7776 0.3776 229122 34.63816.1597 -0.3776 35.0697
-37.8971 - 0.4516 — 70.0148 75.643# 65.1385 4367670.1653 — 75.6437 42.7733

It is obvious that, the dimension of the initiahimx has been reduced by the process, PCA.

This projected image forms the feature vector ferrecognition process.

3.3.2 SUMMARY OF EIGENFACE RECOGNITION

To summarize the eigenfaces approach to face réemygmvolves the following steps:
Collect a set of characteristic face images ofkin@vn individuals. This set should include a
number of images of each person, with some vanatiexpression and in the lighting. (Say
four images of ten people, so M = 40)

Calculate the (40 x 40) matrix L, find its eigenves and eigenvectors, and choose the M'
eigenvectors with the highest associated eigensa(liet M' = 10 in example).

Combine the normalized set of images to producéNhe 10) eigenfacesyu

For each known individual, calculate the class we€) by averaging pattern vectde
calculated from the original (four) images of thelividual. Choose a threshokt that
defines the maximum allowable distance from ang faass, and a threshdid that defines
the maximum allowable distance from face space.

For each new image to be identified, calculatepétern vectoK, the distance, to each
known class, and the distaneeto face space. If the minimum distange< 6 and the
distances < 6g, classify the input face as the individual assecdiavith class vectany. If the
minimum distancey = 0¢ but distance < g, then the image may be classify as "unknown",

and optionally used to begin a new face class.
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If new image is classified as a known individulistimage may be added to the original set
of familiar face images, and the eigenfaces masebalculated. This gives the opportunity to

modify the face space as the system encountersimsieaces of the known faces.

3.3.3 SIGNIFICANCE OF EIGENFACE APPROACH

The standard Eigenface Approach for Face Recogniiias been seen. Here, M eigenvectors
for representing training set images was found bNotv it is important to choose only M’
eigenvectors from these M eigenvectors, such tHas Mss than M, to represent face space
spanned by images. This will reduce the face spaoensionality and enhance speed for
face recognition. Here we are reducing the dimeradity of face images.

One can choose only M' eigenvectors with highesereialues. Now as the higher
eigenvalues represent maximum face variation inctireesponding eigenvector direction, it
is important to consider this eigenvector for famace representation. Since, the lower
eigenvalues does not provide much information alfage variations in corresponding
eigenvector direction, such small eigenvalues cannkeglected to further reduce the
dimension of face space. This does not affect theess rate much and is acceptable
depending on the application of face recognitioereHonly M' eigenvectors with higher
eigenvalues are chosen for defining face space.nfd& important point here is to choose
value of M' (Maximum eigenvalues chosen from Caace Matrix) so that it does not result
in high error rates for Face recognition procesge W' should be chosen such that error rates

does not increase much and are acceptable depemdeggplication for face recognition.
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CHAPTER 4
EXPERIMENTAL ANALYSIS AND RESULTS

40 INTRODUCTION

In this section, experimental results that wereamad from the proposed face recognition

system are given.

41 DATA COLLECTION

Facial images were taken from Faces 94 database.niiade up of 152 individuals who
comprise 20 female, 112 male and 20 malestaff pars¢e directories. Separate directories
were merged into one folder to achieve differeghting effect. The subjects were sitting at
approximately the same distance from the cameraneene asked to speak while a sequence
of twenty images was taken. The speech was usedrtmiuce moderate and natural facial

expression variation.

Twenty images of each person were taken at a resolaf 180 by 200 pixels in a portrait
format on a plain green background. Each imagadsxed 1 to 20 for the 20 images per
person. In all, a total of 3040 images make updiditabase for this thesis. For the purposes of
recognition and testing the performance of therilym, the dataset is divided into two: the
training set and testing set. The training setaost15 images of the 152 images whiles the
testing set contains the remaining 5 images wischsually 80% and 20% respectively as

recommended by literature. This resulted in 228ing images and 760 test images.
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Fig.4.1 below shows the first 15 images of tfi@@&rson with different facial expression.

-(lé v'lé

Fig 4.1: First 15 images of thé person that form the training set.
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4.2 FACE FEATURE ANALYSIS

Face feature algorithm with experimental resulésexplained in this section of the chapter.

4.2.1 MACHINE SPECIFICATIONS
With the chosen dataset, a Matlab code was writsémg Matlab 2012a version and executed
in Toshiba with the following specifications:

* Operating System: Windows 7 Ultimate 64-bit

System Model: Satellite C655

* BIOS: InsydeH20 Version 1.90

* Processor: Intel(R) Core(TM) i3 CPU
* Memory: 4GB RAM

« HDD: 520 GB

* DirectX Version: DirectX 11

4.2.2 FACE FEATURE EXTRACTION ALGORITHM

The following are steps of the algorithm:

Step 1(a): Obtain the matrix representation of iesagsing the code line:

Input image = imread (image); (See appendix)

Images at hand are in colour format which is 3 aisnens (3D), thus, RGB (Red, Green, and
Blue) on the X, y, and z axis. Fig 4.3(a), Fig.(d)3and Fig.4.3(c) are the Red, Blue and
Green matrix components respectively of a colouagen(Fig. 4.2). Fig. 4.2 below is the

colour image of a person in the dataset.
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Fig. 4.2: Colour image of the first person in tlaaset

The matrix below is the red component of Fig. 4.2

125
128
128
10,

109
110
110
107

This matrix below is the green component of Fig 4.2

125
127
127
s>

107
108
107
104

125
127
128
126

107
109
108
103

106 ---
a8 ---
108 ---
106 ---

126
129
130
127

122
126
128

127

123
127
130

429

[EEN

103 101 101 1

105 103 103 10§

104 103 103 1
102 101 101 1

Fig. 4.3(a): Red component of Fig. 4.2

198

32
34
31




185 185 185 185--- ..~ ... ... 185 180 181 186

188 187 187 190--- --- ... ... 188 184 185 190
188 187 188 190--- --- .-~ ... 189 187 189 192
185 185 186 188--- --- ... ... 186 186 188 189
G=

127 127 127 129--- -.- ... ... 130 130 130 130
127 127 129 31 --- -~ --- ... 132 132 132 132

126 126 128 131--- -~ ... ... 133 134 134 134
123 123 125 128-: - .- .- 131 132 132 1B2

Fig. 4.3(b): Green component of Fig. 4.2

The matrix below shows the blue component of Fig. 4

71 71 72 75 .- - - .. 79 77 78 8B
LB T . .. 3P 81 873
W45 -1 B - -8 0884 8D
72 TA SIS - - »EIGBP* 82 8p
B=
45 42 38 88w b ... 37 37937 37
49 45 42 41 ... ... ... ... 39 39 39 30
51 45 43 43 ... ... ... 40 40 40 4D
50 42 40 43 .« - .. - 38 38 38 38

Fig. 4.3(c) Blue component of Fig. 4.2

Step 1(b). Convert colour image of Fig. 4.2 to gimapge of Fig. 4.5 and extract its matrix
representation for easy computation. The codethat extracts the matrix representation of
the grey image is given below:

imread (image); (See appendix )
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This is the matrix representation of the grey imafEig. 4.5

154 154 154 157 160--- --- - .- .- 156 152 159 155 151
157 156 156 159 162.-- --- .-~ ... ... 159 155 162 158 155
157 156 157 159 1e61.-- .-+ ..~ ... ... 159 156 161 159 157
154 154 155 157 157--- .-~ .-~ -~ ... 156 155 157 156 156
154 155 156 156 156--- --- .-~ .- ... 156 157 156 156 156
137 137 137 137 138--- -+ .- ... ... 137 137 136 136 136
139 138 137 136 136--- --- .-~ .- ... 135 134 134 134 135
143 142 140 138 137--- -+ .- -« ... 136 136 136 136 136
142 141 140 139 138--- .- ... ... ... 138 139 137 137 137
138 137 136 &5 136 --- .-+ .- ..o ... 138 139 136 136 136

Fig 4.4: Matrix representation of a grey image (Hip)

The image below represents the grey image of F&yThe conversion from colour image to

grey image is done by the matlab code line:

img = rgb2gray(img); (See appendix)
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Fig. 4.5 Grey image of Fig. 4.2

The pixel intensity value on the grey scale ruonsiiO to 255. Thus, the closer the value is to

0, the darker the image and the closer the valteelds the brighter the image.

Step 2. Reshape image from 2D to 1D in order tater¢he face database with each row
representing the image of a person. This createswavector of dimension 1 x 36000.

Reshaping the image from 2D to 1D is done by tltedme:

temp = reshape (img’, irow * icol,1); (See appendix

This yields the result as shown in Fig. 4.6 whelhe resulting vector after Fig. 4.4 has been

transformed into a 1D image.

temp :(154 154 154 157 160--- --- --- 109 112 112 112 ).12

Fig 4.6: Vector representation of Fig. 4.4.

The process in steps 1 and 2 are repeated famaties in the training set to get temp i for

Image i in training set.
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Step 3(a). Compute the average face image (meahdathe database. This is done with the
code line:

m= mean (T, 2), (See appendix)
Where m is the average face image and T is theinigaset in the database. This line in the

code executes the formula:

1
m=—->%"temp

t i=l

Where M is the number of training images in the datasdttemp is an image vector in the
dataset.

Step 3(b). The mean face, m, is a vector whicksbaped into 2D to be displayed as a matrix
and an image. The code line that reshapes the faearirom a vector to a matrix is given by
the code line:

F = reshape (irow, icol); (See appendix)
The figure below shows the matrix representatiothefmean face (average face) matrix as

calculated from the dataset.

121.5943 123.4965 123.9132-- 90.6526 89.0127.4893

121.7684 123.6939 124.0886.- 90.1697 88.7496.2694

121.9706 123.9149 124.2715-- 89.6294 88.5140.1385
m=

122.6303 124.5018 124.8943-- 80.6728 80.1254 80.8645

123.2250 124.9092 125.1864-- 81.1364 81.1171.0321

123.1039 124.7627 125.0421.- 81.6377 81.5820.4821)

Fig 4.7: Matrix representation of the mean faceasulated from the database

The figure below shows is the image of the mean fiagix as calculated from the dataset
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Fig 4.8: Mean face obtained from the database.

Step 3(c). Subtract the mean face vector as caééclizom each image of the database
created in step 2, to form the centered image. @imgpthe average face image is done by
the code line:

S g

for i=1.Train_Number

temp = double (temp- m)

A = [Atemp];
end. (See appendix)
Where A is the centered image. The code execueefotmula:

A=temp-m

The figure below is the matrix representation @ tlentered image as calculated from the

database.
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32.4057
32.2316
32.0294
34.9404

31.2781
30.2886
29.4949
29.3939

33.4057
32.2316
31.0294
29.9404

28.2781
28.2886
27.4949
28.3939

34.4057
33.2316
32.0294

37.405%¢- -+ ... ...
36.2316- -+ -+ -
34.0294. ... ... ...

3494 329404 --- .-+ e ...

30.2781
30.2886
29.4949
30.3939

252781 .- ... ...
26.2886. .. ... ...
27.4949. ... ... ...
30.3939. .- ... ...

33.4057 &40 37.4057 38.405]
34.2316 41623 38.2316  37.2314
36.0294 43102 38.0294  35.0294
37.9404 429404 36.9404 33.94

70.7239 7M72-70.7219 - 70.721
71714 MA7TE71.7114 - 71.711
72.5053  AB50-72.5053 - 72.505
71.6061 ®&160-73.6061 — 72.606

Fig. 4.9: Matrix representation of centered imagealculated from the database

Step 4. Calculate the covariance of the resultiagpwt in step 3. This is done by the code

line:

Which executes the formula:

Xl

L =A"* A; (See appendix)

In Fig. 4.10 below the result of the covariance nrabdf the centered image as calculated

from the database is shown.

L =1.0e+ 07

6.0372 5.6938
5.6938 6.0929
5.7500 6.0674

5.7500 5.8863:-
6.0674 5.9781..
6.1013 6.0073--

5.8863 5.9781 6.0073 6.0764 -

1.5207 1.6537
1.5844 1.7222
1.6258 1.7540
1.5226 1.6643

1.6170 1.5745..
1.6791 1.6419.-
1.7177 1.6802--
1.6283 1.5860--

1.5207 1.5844 98621.5226
1.6537 1.7222 40751.6643
1.6170 1.6791 747711.6283
1.57456419 1.6802 1.586

1.1108 1.1109 35101.1028
1.1109 1.1454 34121.1235
106 1.1254 1.1334 1.121
1.1028 1.1235 17121.1359

Fig 4.10: Matrix representation of the covariancanx as calculated from the database
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Step 5. Calculate the eigenvalues and eigenveofdise covariance matrix. This is done by
the code line:
[V D] = eig (L); (See appendix)
where V is the eigenvector and D is the eigenvalu@s line in the code executes the
formula:
defL-Al[=0
The result of the eigenvalues as calculated id#tabase is shown below in Fig. 4.11.

D =1.0e+04-0.0000 5.2922 54617 5.6955 - €0 (10 0.8681 1.2861 €.483323

Fig 4.11: Vector representation of eigenvaluehedatabase

Fig. 4.12 below is a plot of the eigenvalues asudated from the database.

Fig. 4.12: A plot of eigenvalues as calculatechim dlatabase
The matrix representation of the eigenvectors &silzded from the database is shown in the

figure below:
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-0.0209 0.0012 0.0015- 0.0016-- --- -~ --- — 0.0074 0.0046 ©301-0.0001

-0.0209 0.0132 - 0.0087- 0.0068-- --- --- --- - 0.0111 0.0056 6901 0.0004
-0.0209 -0.0060 0.0040 - 0.0026-- --- --- --- — 0.0107 0.0051 1D1010.0004

-0.0209 -0.0066 0.0026 0.0031:-- --- --- .-~ -0.0095 0.0047 - 0.0173 0.0002

0.0406 0.0524 94800 0.0123
0.0431 0.0565 101010.0123
0.0426 0.0509 0.0108 0.0122
0.0437 0.053 03010.0125

-0.0209 - 0.0008 — 0.0058 0.0089---
-0.0209 -0.0023 0.0020 - 0.0046--
-0.0209 00001 0.0037 —-0.0033:--
-0.0209 -0.0015 0.0011  0.0015--

Fig 4.13: Matrix representation of eigenvectors@fariance matrix as calculated in the

database.

Step 6. All eigenvalues are sorted and those vathes less than 0 are eliminated. The lines
in the code that returns the eigenvectors withesponding retained eigenvalues are given
by:
for i=1: size (V, 2)
If (D (i, i) > 0)
L eig=[L_eig, V (i, i)];
end

end (See appendix)

In Fig. 4.14, below, results of the eigenvectorsoseén eigenvalues have been retained are

shown.
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Leigs| e

—-0.0008 —-0.0058 0.0089- 0.0054-- --- -+ -
-0.0023 0.0020 - 0.0046 0.0049-- .- .- ...
0.0001 0.087 -0.0033° 0.0024 --- -«-/ oo .o
-0.0015 0.0011 0.0015- 0.0050-- --- - -

Fig. 4.14: Matrix representation of eigenvectorsatfined eigenvalues in the dataset.

Step 7. Calculate the eigenface by multiplyingefgenvectors whose eigenvalues have been

retained by the centered images. It is done bygdle line:

Eigenfaces = A * L_eig; (See appendix)

Fig. 4.15 below shows the matrix representatiorthef eigenface as calculated form the

database.

1.2628 -0.8880 2.2918--- .- .- 23.9000- 37.4000-

1.9884 -0.1741 - 0.6752:-- --- --- — 23.8000- 37.4000-

27122 1.2593 - 2.0094--- --- ... — 251000~ 38.00060 334.5000
eigenfaces

14249 -1.1811 0.5765--- .- -~ 35.6272 - 762.3666- 627.3352

0.0406 -0.8787 1.2970--- .-+ --- 513.6269 777.9330

-0.9808 0.3165 2.0371--- .- .- 495.4356- 795.8310

Fig. 4.15: Matrix representation of the eigenfasealculated from the database

Step 8. The projected image is then formed by piyltig the eigenface by the centered

image. Thus,
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0.0012 0.0015 - 0.0016 0.0052:- --- --- --- — 0.0074 0.0046 TB01-0.000}

0.0132 -0.0087 - 0.0068- 0.0057-- --- --- --- — 0.0111 0.0056 @&B010.0004
-0.0060 0.0042 0.0026 0.0066-- --- --- --- — 0.0107 0.0051 71010.0004

-0.0066 0.0026 0.0031 0.0009-- --- --- .. -0.0095 0.0047 - 0.0173 0.00Q

0.0406 0.0524 96000.0123
0.0431 0.0565 11010.0123
0.0426 0.0509 0.0108 0.0]
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Projected image = eigenface’ x centered image

The code line for the projected image is given by:

Projectedimages = ]

for i =1:Train_Number

temp = Eigenfaces™A(:,);
Projectedimages = [Projectedimages temp];

end. (See appendix)

This projected vector of each face forms the featector for face recognition. Fig. 4.16

shows in matrix representation, the result of thejguted image as calculated from the

database.
62.5469 698.4231 - 3154990--- .- --- - 410615 - 119.7481 7.8709
82.9130 — 473.7044 2269828 --- ... --- - 316.1269 109.3103 01.2%34
-87.3100 — 380.8487 1455649 ... ... ... 502.0833 — 259.7416- 83.0195
progimg=
7.212+ 07 @12+ 07 -6.016+ 07 --- -+ --- 6.743% 08 64987 08 65819 |0
42082+ 08 — 4238 08— 43024 08- --- -.- — 2387 68 27673 26382 ¢ 03
203&+07 1916+ 07 1.1@ O7--- .- --- 6.54867 08 65869 08934 08

Fig. 4.16: Matrix representation of projected inmge calculated from the database

This feature vector obtained is kept in the sysfeniace recognition comparison.

4.3 FACE RECOGNITION ALGORITHM

This algorithm shows the processes involved whemaimage is to be recognized.

At the recognition stage:

Step 1. The eigenfaces, the image index along \wghptojected image are loaded into the

computer system.
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Step 2. The image to be tested is allowed to goutiitr the feature extraction process of
section 4.2.2 in order to get its feature vectdisTs given by the code line:
Inputimage = imread (Testlmage);
Temp = Inputimage (;, :, 1);
[irow icol] = size (temp);
Inlmage = reshape (temp’, irow*icol,1);
Difference = double (Inlmage)-m;
ProjectedTestimage = Eigenfaces™*Difference;

end (See appendix)

Step 3. This feature vector of the test image entbompared with the projected images of
the training set in the database.
Step 4. The Euclidean distance between this tastede and the projected image in the
database is then calculated. The code line focdkmilation is given below:
Euc dist=[1;
Train_Number = size (Eigenfaces, 2);
for i = 1:Train_Number
if i ~=1img_map(input_idx)
g = Projectedimages (: , i);
temp = (norm (ProjectedTestimage-q))"2;
Euc_dist = [Euc_dist temp];
end
end (See appendix)

This code executes the formula:

e=la-a
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whereQ = projected test image a@x = projected image.
The Euclidean distances between the test projaotede and the projected image of the

training set as calculated by the system is givetavi:

l.Cb+1q 0.1573 1.8727 2.8569-- --- 3.4800 3.835%5 - 785658.9497 0.929)7

Step 5. The smallest Euclidean distance that quorets to an image in the training set is

assumed to be a match. It is selected along vatimitex. This is done using the code line:
min (Euc-dist); (See appendix)

The code executes: miny(dh, s, ds, ..., dy), where d, d, ds, ds, ..., d, are the various

Euclidean distances found.

This index is then compared to the original indéxhe projected image in the database. In

this thesis, the minimum of all the Euclidean dises was found to be 1.1951e+17.

Step 6. If the index of the test projected imagd #re projected image of the training set
happens to be the same, then there is a valid matbierwise, it failed the test of success.
The code lines for the matching are given below as:
[Euc_dist_min, Recognized_index | = min (Euc_dist);
original_idx =img_map (Recognized_index);
if original_idx = = matched_index);
match = 1;
else
match = 0
end

OutputName = strcat (char (img_idx (Recognized xydepg’); (See appendix)

Fig. 4.17 below shows a test image that has fotswhatch in the training set.
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Fig. 4.17: A test image of Fig. 4.2 with correspmgdequivalent in the training set.

This process is repeated for the rest of the imagbs tested.

4.4  ALGORITHM PERFORMANCE

To calculate the accuracy rate during the testilages each image in the testing set is
compared unto the eigenface of the training setthadndex of the image with the smallest
Euclidean distance is assumed to be a match, adeeavmismatch. This process is repeated
for the remaining 759 images of the test set.

However, during matching with the test set, theoatgm is prone to errors which perhaps
maybe due to the variation in the images. To cHeckhis error of the algorithm, all the
images found to match the training set are couatettheir total match divided by the total

number of images in the test set and their pergentarecorded.

No.of matches found
Thus, accuracy rate —————>2"C ¥ 100%

No.of test images

In this thesis, an accuracy rate of 98.8158% whgwaed with an error margin of 1.842%.

73



45 CONDITION FOR REJECTION

Classification of a new face image is performeddipwing the new face image to go

through the feature extraction process in ordegetoits feature vector. The feature vector of
the new test image is then compared to the feaeotr of the training set. This comparison
is based on the Euclidean distance between thentages. The smallest or the minimum of
the Euclidean distances obtained is chosen andnaskto be the match. The index of the
image with the smallest Euclidean distance is tt@npared with the index of the new test
image. If the index of the new test image is edqadhe index of the index in the training set,
then there is a match and the image is classifeetkaown”, otherwise it is classified as

“‘unknown”. In Fig. 4.17, a test image of Fig. 4.2shgone through the feature extraction
process, its feature vector found and comparedhéo projected images. The minimum
Euclidean found was 1.1951e+17. The index of thegenwith this minimum Euclidean

distance was equal to the index of the test imlagece a valid match was found.

74



CHAPTER 5

CONCLUSION AND RECOMMENDATION

This chapter summarizes the research done inhb&g, together with directions for future

work.

5.0 CONCLUSION

Face Recognition using Principal Component Analyss motivated by information theory.
Facial images of 152 individuals were taken froncdsa94 database which formed the data
for this research. Principal component analysis, agethod was performed on the data, and a
Matlab code of Matlab 2012a version was writteoasd in the appendix, and implemented
on Toshiba.

The code applied the method, which effectively oelithe dimension of the data (matrix)
from an initial 36000 x 3040 as found in Fig. 4.4ieh is the training set in section 4.2.2, to
a final 2279 x 2279, the projected image in Fid.64.which formed the feature vector for
recognition.

This final matrix of the projected image (Fig. 4.16as used to form the feature vector for
the recognition process. Based on the projectedy@meecognition was successful as the
system achieved 98.8158% accuracy rate. An exaofgl@s is found in Fig. 4.17 where a
test image has been successfully recognized bsytem.

The eigenface approach, an application of princgmahponent analysis to facial images,
provides a practical solution that is well fittemt the problem of face recognition. It is fast,

relatively simple, and works well in a constrairewironment.
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5.1 RECOMMENDATION

This project is based on the eigenface approachapglication of principal component
analysis and gives an accuracy maximum of 98.8158%.

* The system is useful, fast and simple. | theref@eommend it to KNUST and
stakeholders in various fields such as biometacsess control, law enforcement, and
security and surveillance systems.

* For the system to be effective, gadgets needs tadoeired and these include:
computers, servers for storage, and cameras forgtgictures. In addition, personnel
should be trained on the usage of the system ierdodeffectively run it.

* The whole software is dependent on the databasdh@&ndatabase is dependent on
resolution of camera. So if good resolution digitamera or good resolution analog

camera is used, the results could be improved.
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APPENDIX
Create database

function [T,img_idx,img_map] = CreateDatabase(Train DatabasePath)

% Align a set of face images (the training set T1, T2, ..., TM)

%

% Description: This function reshapes all 2D images of the training
database

% into 1D column vectors. Then, it puts these 1D co lumn vectors in a row to

% construct 2D matrix 'T".
%
%

% Argument: TrainDatabasePath - Path of th e training database

%

% Returns: T - A 2D matri X, containing all 1D
image vectors.

% Suppose al | P images in the
training database

% have the s ame size of MxN. So the
length of 1D

% column vec tors is MN and 'T" will

be a MNxP 2D matrix.
%
% See also: STRCMP, STRCAT, RESHAPE

% Original version from Amir Hossein Omidvarnia, Oc tober 2007
% Email: aomidvar@ece.ut.ac.ir

%%%%%%%%% %% %% %% %% %% % %% %% File management
1 TrainFiles = dir(TrainDatabasePath);
2 Train_Number = 0;

3 for i = 1:size(TrainFiles,1)

if
not(strcmp(TrainFiles(i).name,".")|strcmp(TrainFile s(i).name,"..")|strcmp(T
rainFiles(i).name, Thumbs.db"))
Train_Number = Train_Number + 1; % Number o f all images in the
training database
end
end

%%%%% %% %% %% % %% %% %% %% %% %% Construction of 2D nfiednix1D image vectors
faces = 15;
% faces = 1;
Train_Number = Train_Number/faces;
T=0
counter = 1;
fori=1: Train_Number
forj=1:faces
code = strcat(num2str(i),’_',num2str(j));
img_idx{counter} = code;
img_map(counter) =i,
% | have chosen the name of each image in d atabases as a
corresponding
% number. However, it is not mandatory!
strl = int2str(i);
str2 = int2str(j);
str = strcat('\',strl,"_',str2,".jpg");
str = strcat(TrainDatabasePath,str);
img = imread(str);
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img = rgb2gray(img);
[irow icol] = size(img);

temp = reshape(img',irow*icol,1); % Resha ping 2D images into 1D
image vectors
T = [T temp]; % 'T' grows after each turn
counter = counter + 1;
end
end

creating eigenfaces

function [m, A, Eigenfaces] = EigenfaceCore(T)

% Use Principle Component Analysis (PCA) to determi ne the most
% discriminating features between images of faces.

%

% Description: This function gets a 2D matrix, cont aining all training
image vectors

% and returns 3 outputs which are extracted from tr aining database.

%

% Argument: T - A 2D matr ix, containing all 1D
image vectors.

% Suppose a [l P images in the
training database

% have the same size of MxN. So the
length of 1D

% column ve ctors is M*N and 'T'

will be a MNxP 2D matrix.
%

% Returns: m - (M*Nx1) M ean of the training
database

% Eigenfaces - (M*Nx(P-1 )) Eigen vectors of the
covariance matrix of the training database

% A - (M*NxP) M atrix of centered image
vectors

%
% See also: EIG

% Original version by Amir Hossein Omidvarnia, Octo ber 2007
% Email: aomidvar@ece.ut.ac.ir

%%%%%% %% %% %% %% %% %% %% %% %% Calculating the mean image

m = mean(T,2); % Computing the average face image m = (1/P)*sum(Tj's) (i
=1:P)
figure; imshow(imrotate(reshape(uint8(m"),180,200), 270)),title('Mean Face')

save('meanFace.mat','m’)
Train_Number = size(T,2);

%%%%%%%%% %% %% %% %% %% % %% %% Calculating the deviaifaach image from mean

image
A=l
fori=1: Train_Number
temp = double(T(;,i)) - m; % Computing the diff erence image for each

image in the training set Ai=Ti-m
A = [A temp]; % Merging all centered images
end
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figure;
imshow(imrotate(reshape(uint8(A(:,1)),180,200),270)
Image")

) title('Centered

%%%%%%% %% %% %% %% %% % %% %% %% Snapshot method of deigeeathos

% We know from linear algebra theory that for a PxQ
% number of non-zero eigenvalues that the matrix ca
% Since the number of training images (P) is usuall
% of pixels (M*N), the most non-zero eigenvalues th
equal

% to P-1. So we can calculate eigenvalues of A™*A (
% A*A' (a M*NxXM*N matrix). It is clear that the dim
% larger that A*A. So the dimensionality will decr

L = A*A; % L is the surrogate of covariance matrix
figure; imshow(uint8(L)),title('Covariance Matrix")
save('covariance.mat','m")

[V D] = eig(L); % Diagonal elements of D are the ei
L=A"*A and C=A*A'".

figure; imshow(uint8(D)),title('EigenValue')
save('eigenvalue.mat','D")

matrix, the maximum
n have is min(P-1,Q-1).
y less than the number
at can be found are

a PxP matrix) instead of

ensions of A*A' is much
ease.

C=A*A".

genvalues for both

%%%% %% %% % %% %% %% %% %% % %% %% Sorting and eliminatiggreialues

% All eigenvalues of matrix L are sorted and those
% specified threshold, are eliminated. So the numbe
% eigenvectors may be less than (P-1).

L_eig vec =];
fori=1:size(V,2)

if( D(i,i)>1)
L_eig_vec =[L_eig_vec V(.,i)];
end
end

who are less than a
r of non-zero

%%% %% %% %% %% % %% %% %% %% %% %% Calculating the eigemsexftoovariance matrix

cr
% Eigenvectors of covariance matrix C (or so-called
% can be recovered from L's eiegnvectors.
Eigenfaces = A * L_eig_vec; % A: centered image vec
figure; imshow(uint8(Eigenfaces)),title(EigenFace'
save('eigenFace.mat’,'m’)

recognition

function [OutputName, match] = Recognition(Testimag
img_idx, img_map, Projectedimages, input_idx)

% Recognizing step....

%

% Description: This function compares two faces by
into facespace and

% measuring the Euclidean distance between them.
%

% Argument:  Testlmage - Path of t
%

% m - (M*Nx1) M

% database,

'EigenfaceCore' function.
%

% Eigenfaces - (M*Nx(P-1
% covarianc
% database,

'EigenfaceCore' function.
%
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% A - (M*NxP) M atrix of centered image
% vectors, which is output of
'EigenfaceCore' function.

%

% Returns: OutputName - Name of t he recognized image in
the training database.

%

% See also: RESHAPE, STRCAT

% Original version by Amir Hossein Omidvarnia, Octo ber 2007
% Email: aomidvar@ece.ut.ac.ir

% %%%%%% %% %% %% %% %% % %% %% %%% Projecting centeresl\Bgrs into facespace
% % All centered images are projected into facespac e by multiplying in

% % Eigenface basis's. Projected vector of each fac e will be its
corresponding

% % feature vector.

%

% Projectedimages = [];

% Train_Number = size(Eigenfaces,?2);

% fori=1: Train_Number

% temp = Eigenfaces™AC(:,i); % Projection of ce ntered images into
facespace

% Projectedlmages = [Projectedlmages temp];

% end

%%%%% %% %% %% %% %% % %% % %%%%% Extracting the PCA fedtare test image
Inputimage = imread(Testimage);
temp = Inputimage(:,:,1);

[irow icol] = size(temp);

Inimage = reshape(temp',irow*icol,1);

Difference = double(Inlmage)-m; % Centered test ima ge
ProjectedTestimage = Eigenfaces™*Difference; % Test image feature vector

%%%%%%%%% %% %% %% %% % %% %% %% Calculating Euclideaantiss

% Euclidean distances between the projected test im age and the projection
% of all centered training images are calculated. T est image is
% supposed to have minimum distance with its corres ponding image in the

% training database.

Euc_dist = [];
Train_Number = size(Eigenfaces,?2);
fori=1: Train_Number
if i ~= img_map(input_idx)
g = Projectedlmages(:,i);
temp = ( norm( ProjectedTestimage - q ) )2 ;
Euc_dist = [Euc_dist temp];
end
end

[Euc_dist_min , Recognized_index] = min(Euc_dist);
original_idx = img_map(input_idx);

matched_idx = img_map(Recognized_index);

if original_idx == matched_idx

match = 1;
else

match = 0;
end
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OutputName = strcat(char(img_idx(Recognized_index)) S ipgY;

Init stat

clear all

clc

close all

if exist('parameters.mat’,'file’) ==
delete parameters.mat

end

% You can customize and fix initial directory paths
TrainDatabasePath = 'D:\New Folder\BA ACCOUNTANT\in d-maths\give Silas
Code\FINAL_DATASET\Copy of SOURCE";

[T,img_idx,img_map] = CreateDatabase(TrainDatabaseP ath);
[m, A, Eigenfaces] = EigenfaceCore(T);

%%%%%%% %% %% %% %% %% % %% %% %% Projecting centered weatmm's into facespace
% All centered images are projected into facespace by multiplying in

% Eigenface basis's. Projected vector of each face will be its
corresponding

% feature vector.

Projectedimages = [];
Train_Number = size(Eigenfaces,?2);
fori=1: Train_Number

temp = Eigenfaces™A(:,i); % Projection of cent ered images into
facespace
Projectedimages = [Projectedimages temp];
end
% clear
msgbox(‘'Data feature extraction FINISHED. EXIT WIND OW!''SILAS FACE

RECOGNITION’)

final run
% A sample script, which shows the usage of functio ns, included in
% PCA-based face recognition system (Eigenface meth od)

%
% See also: CREATEDATABASE, EIGENFACECORE, RECOGNIT ION

% Original version by Amir Hossein Omidvarnia, Octo ber 2007
% Email: aomidvar@ece.ut.ac.ir

clear all

clc

% You can customize and fix initial directory paths
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% TestDatabasePath = '/home/appatech/Documents/OTHE
DOCUMENTATION/MSc Salas_300/Matlab Code/FINAL_DATAS
TrainDatabasePath = 'D:\New Folder\BA ACCOUNTANT\in
Code\FINAL_DATASET\Copy of SOURCE?;

TestDatabasePath = 'D:\New Folder\BA ACCOUNTANT\ind
Code\FINAL_DATASET\test';

train_data = load(‘parameters.mat’);

train_data2 = load('‘parameters2.mat’);

m = train_data.m;

A =train_data.A,

Eigenfaces = train_data.Eigenfaces;

img_idx = train_data.img_idx;

img_map = train_data.img_map;
Projectedimages = train_data2.Projectedimages;
n =15;

input_idx = 1;
mTest=(5*length(img_idx)/n);
match = J;
% for i = 1:length(Projectedimages)/n
for i = 1:length(img_idx)/n
forj=n+1:n+5
Testimage = strcat(TestDatabasePath,'\',
num2str(i),'_',num2str(j),".jpg";
im = imread(Testlmage);

[OutputName, matchVal] = Recognition(Testim
Eigenfaces,img_idx,img_map,Projectedimages,input_id

Selectedimage = strcat(TrainDatabasePath,'\
Selectedimage = imread(Selectedimage);

subplot(1,2,1);
subimage(im); axis off;
title('Test Image")

subplot(1,2,2);
subimage(Selectedimage); axis off;
titte('Equivalent Image")

str = strcat('Matched image is : ',OutputN
disp(str)
match = [match matchVal];
input_idx = input_idx + 1;
end

end

match = mTest-sum(match);

Accuracy = match/mTest*100;

Error = (100-Accuracy);

disp(['Accuracy Rate: ',num2str(Accuracy),' and Err
Margin:',num2str(Error)])
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