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ABSTRACT

This project is able to recognize a person's face by comparing factal structure to that of a known person.
This is achieved by using forward fadng photographs of individuals to render a two-dimensional
representation of a human head. The system then projects the image onto a “face space” composed of a
complete basis of Eigenfaces. Because of the similarity of face shape and features from person to
person, face images fali within a relatively small region of the image space and as such can be
reproduced with less than complete knowledge of the image space. When new images are fed into
these systems it can identify the person with a high rate of success with the robustness to identify

correctly even in the presence of some image distortions.
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INTRODUCTION

Do | Know You?

The human capacity to recognize particular individuals solely by observing the human face is
quite remarkable. This capadty persists even through the passage of time, changes in
appearance and partial occlusion. Because of this remarkable ability to generate near-perfect
positive identifications, considerable attention has been paid to methods by which effective face
recognition can be replicated on an electronic level. Certainly, if such a complicated process as
the identification of a human individual based on a method as non-invasive as face recognition
could be electronically achieved then fields such as bank and airport security could be vastly
improved, identity theft could be further reduced and private sector security could be

enhanced.

Many approaches to the overall face recognition problem (The Recognition Problem)
have been devised over the years, but one of the most accurate and fastest ways to identify
faces is to use what is called the “Eigenface” technique. The eigenface technique uses a strong
combination of linear algebra and statistical analysis to generate a set of basis faces-the
Eigenfaces-against which inputs are tested. This project seeks to take in a large set of images of
a group of known people and upon inputting an unknown face image, quickly and effectively

determine whether or not it matches a known individual.

The following modules will provide a walk through exactly how this goal is achieved.
Since this was not the first attempt at automated face recognition it is important to see what
other approaches have been tried to appreciate the speed and accuracy of Eigenfaces. This is

not a simple and straightforward problem; so many different questions must be considered as

one learns about this face recognition approach.




With a basic understanding achieved it is time for the real stuff, the implementation of

L L

the procedure. This has been broken down into smaller, more manageable steps. First the set of
f basis Eigenfaces must be derived from a set of initial images (Obtaining the Eigenface Basis).
' With this basis known individuals can be processed in order to prepare the system for detection
by setting thresholds (Thresholds for Eigenface Recognition) and computing matrices of weights
(Face Detection Using Eigenfaces). Finally, with such a system in place, tests of robustness can
be performed in order to determine what quality of input images is necessary in order for
successful identification to take place (Results of Eigenface Detection Tests). In this way,
relevant condusions {Conclusions for Eigenface Detection) can be drawn about the overail

efficacy of the eigenface recognition method.
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THE PROBLEM QF FACE RECOGNITION

Face recognition is a very interesting quandary. Ideally a face detection system should be able to
take a new face and return a name identifying that person. Mathematically, what possible
approach would be robust and faidy computationally economical? If we have a database of
people, every face has spedal features that define that person. Greg may have a wider
forehead, while Jeff has a scar on his right eyebrow from rugby match as a young tuck. One
technique may be to go through every person in the database and characterize it by these small

features. Another possible approach would be to take the face image as a whole identity.

Statistically, faces can also be very similar. Walking through a crowd without glasses,
blurry vision can often result in misidentifying somecne, thus yielding an awkward encounter.
The statistical similarities between faces give way to an identification approach that uses the full
face. Using standard image sizes and the same initial conditions, a system can be built that looks
at the statistical relationship of individual pixels. One person may have a greater distance
between his or her eyes then another, so two regions of pixels will be correlated to one another

differently for image sets of these two people,

From a signal processing perspective the face recognition problem essentially boils
down to the identification of an individual based on an array of pixel intensities. Using only
these input values and whatever information can be gleaned from other images of known
individuals the face recognition problem seeks to assign a name to an unknown set of pixel

intensities.

Characterizing the dependencies between pixel values becomes a statistical signal

processing problem. The eigenface technique finds a way to create ghost-iike faces that
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represent the majority of variance in an image database. Our system takes advantage of these
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similaiities between faces to create a fairly accurate and computationally "cheap" face

recognition system.
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FACE RECOGNITION BACKGROUND

The intuitive way to do face recognition is to look at the major features of the face and compare
them to the same features on other faces. The first attempts to do this began in the 1960's with
a semi-automated system. Marks were made on photographs to locate the major features; it
used features such as eyes, ears, noses, and mouths. Then distances and ratios were computed
from these marks to a common reference point and compared to reference data. In the early
1970's Goldstein, Harmon and Lesk created a system of 21 subjective markers such as hair color
and lip thickness. This proved even harder to automate due to the subjective nature of many of

the measurements still made completely by hand.

A more automated approach to recognition began with Fisher and Elschlagerb just a
few years after the Goldstein paper. This approach measured the features above using
templates of features of different pieces of the face and them mapped them all onto a global
template. After continued research it was found that these features do not contain enough

unique data to represent an adult face.

Another approach is the Connectionist approach, which seeks to classify the human
face using a combination of both range of gestures and a set of identifying markers. This is
usuallyimplemented using 2-dimensional pattem recognition and neural net principles. Most of
the time this approach requires a huge number of training faces to achieve decent accuracy; for

that reason it has yet to be implemented on a large scale.

The first fully automated system to be developed utilized very general pattern
recognition. It compared faces to a generic face model of expected features and created a series
of patters for an image relative to this model. This approach is mainly statistical and relies on

histograms and the grayscale value.




Kirby and Sirovich pioneered the eigenface approach in 1988 at Brown University. Since
then, many people have built and expanded on the basicideas described in their original paper.
We received the idea for our approach from a paper by Turk and Pentland based on simitar

research conducted at MIT.
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PROCESS DESCRIPTION

The eigenface face recognition system can be divided into two main segments: creation of the

eigenface basis and recognition, or detection, of a new face.

Figure 2Flow Diagram for Face Recognition System

S

Originel faose '
trakingSet
R

T

E = aiganiaces(frainingSat)

l

W v hta(E. tainingSet}

Input unknewr image X

I

Wy = weightE.X}

| D= avpldistancelW V)

/D‘]%

S

X4 fece ] X ot & face I




Figure 3 Summary of Overall Face Recognition Process
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EIGENFACE BASIS

The eigenface technique is a powerful yet simple solution to the face recognition
dilemma. In fact, it is really the most intuitive way to classify a face. As we have shown, old
techniques focused on particular features of the face. The eigenface technique uses much more
information by classifying faces based on general facial patterns. These patterns include, but are
not limited to, the specific features of the face. By using more information, eigenface analysis is

naturally more effective than feature-based face recognition.

Eigenfaces are fundamentally nothing more than basis vectors for real faces. This can be
related directly to one of the most fundamental concepts in electrical engineering: Fourier
analysis. Fourier analysis reveals that a sum of weighted sinusoids at differing frequencies can
recompose a signal perfectly! In the same way, a sum of weighted Eigenfaces can seamlessly

reconstruct a specific person's face,

Determining what these Eigenfaces are is the crux of this technique.

Before finding the Eigenfaces, we first need to collect a set of face images. These face
images become our database of known faces. We will later determine whether or not an
unknown face matches any of these known faces. All face images must be the same size {in
pixels), and for our purposes, they must be grayscale, with values ranging from 0 to 255. Each
face image Is converted into a vector On of length N (N=imagewidth*imageheight). The most
useful face sets have multiple images per person. This sharply increases accuracy, due to the

increased information available on each known individual, We will call our collection of faces

_face space._This space is of dimension N.

10




Next we need to calculate the average face in face space, Here M is the number of faces in our

set:

[

| M

n=1 i

We then compute each face's difference from the ave rage:

0, =T;- U

We use these differences to compute a covariance matrix (C) for our dataset. The covariance

between two sets of data reveals how much the sets correlate.

il
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The eigenfaces that we are looking for are simply the eigenvectors of C. However, since C is of
dimension N {the number of pixels in our images), solving for the eigenfaces gets complex very

quickly. Eigenface face recognition would not be possible if we had to do this.

12




SIMPLIFYING THE INITIAL EIGENFACE BASIS

Based on a statistical technique known as Principal Component Analysis (PCA), we can reduce

the number of eigenvectors for our covariance matrix from N (the number of pixels in our

i image) to M (the number of imagesin our dataset).

e g N o e e aeen o ftn = g s e e

i e
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PCA (PRINCIPAL COMPONENT ANALYSIS)

The Principal Component Analysis (PCA) is one of the most successful techniques that have been
used in image recognition and compression. PCA is a statistical method under the broad title of
factor analysis. The purpose of PCA is to reduce the large dimensionality of the data space
{observed variables) to the smaller intrinsic dimensionality of feature space {independent

variables), which are needed to describe the data economically. This is the case when there is a

strong correlation between cbserved variables.

The jobs which PCA can do are prediction, redundancy removal, feature extraction, data
compression, etc. Because PCA is a classical technique which can do something in the linear
domain, applications having linear models are suitable, such as signal processing, image

processing, system and control theory, communications, etc.

Face recognition has many applicable areas. Moreover, it can be categorized into face
identification, face classification, or sex determination. The most useful applications contain
crowd surveiliance, video content indexing personal identification (ex. driver's license}, mug
shots matching, entranoe security, etc. The main idea of using PCA for face recognition is to
express the large 1-D vector of pixels constructed from 2-D facial image into the compact
prindpal components of the feature space. This can be called eigenspace projection. Eigenspace

is calculated by identifying the elgenvectors of the covariance matrix derived from a set of facial

images(vectors).

In general, PCA is used to describe a large dimensional space with a relative small set of
vectors. It is a popular technique for finding patterns in data of high dimension, and is used
commonly in both face recognition and image compression. PCA is applicable to face
recognition because face images usually are very similar to each other (relative to images of

non-faces) and clearfy share the same general pattern and structure.

14




PCA tells us that since we have only Mimages, we have only M non-trivial eigenvectors. We can

solve for these eigenvectors by taking the eigenvectors of a new M x M matrix:

L=A"A

Because of the following math trick:

W

AT Ay = v,
AATAU@, = ,LLiAU?',

Where vi is an elgenvector of L. From this simple proof we can see that Avi is an eigenvector of

C. The M eigenvectors of L are finally used to form the M eigenvectors ul of C that form our

eigenface basis:
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It turns out that only M-k eigenfaces are actually needed to produce a complete basis

for the face space, where k is the number of unique individualsin the set of known faces.

In the end, we get a decent reconstruction of the image using only a few eigenfaces
(M'), where M' usually ranges anywhere from .1M to .2M. These correspond to the vectors with

the highest eigenvalues and represent the most variance within face space.

These eigenfaces provide a small yet powerful basis for face space. Using only a weighted sum
of these eigenfaces, it is possible to reconstruct each face in the dataset. Yet the main

application of eigenfaces, face recognition, takes this one step further.

16




FACE DETECTION USING EIGENFACES

First take all the mean subtracted images in the database and project them onto the face space.
This is essentially the dot product of each face image with one of the eigenfaces. Combining
vectors as matrices, one can get a weight matrix (M*N, N is total number of images in the

database)

W = HE (Fnew - \1})

QT = [w-lwg...wM,]

Wil ... Win
Weight Matric = .

Whn't T W'n

17




An incoming image can similarly be projected onto the face space. This will yield a vector in M
dimensional space. M again is the number of used Eigenfaces. Logically, faces of the same
person will map fairly closely to onhe another in this face space. Recognition is simply a problem
of finding the dosest database image, or mathematically finding the minimum Eudidean

distance between a test point and a database point.

A face can reconstructed by using its feature, WT vector and previous Eigenfaces, Um¢ as :

i
where &, = ZH-’!-UI-
=l
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Averaging Technique

Within a given database, all weight vectors of a like person are averaged together, Thiscreates a
"face class" where an even smaller weight matrix represents the general faces of the entire
system. When a new image comes in, its weight vector is created by projecting it onto the face
space. The face is then matched to the face class that minimizes the eudidean distance. A *hit'is
counted if the image matches correctly its own face class. A 'miss' occurs If the minimum
distance matches to a face class of another person. For example, the ATT database has four
hundred images total, composed of forty people with ten images each.The averaging technique

thus yields a weight matrix with forty vectors (forty distinct face classes),

Removal Technique

This procedure varies only slightly from the averaging technique in one key way. The weight
matrix represents the image projection vectors for images of the entire database. For empirical
results, an image is removed from the system, and then projected onto the face space. The
resulting weight vector is then compared to the weight vector of all images. The image is then
matched to the face image that minimizes the Euclidean distance. A 'hit'is counted if the tested
image matches dosest to another image of the same person. A 'miss' occurs when the image
matches to any image of a different person. The main difference from the average technigue is
the number of possible images that the test face can match to that will still result in a hit. For
the ATT database, a weight matrix with four hundred vectors is used, but a new image could

potentially 'hit' to ten distinct faces.

19




THRESHOLDS FOR EIGENFACE RECOGNITION

When a new image comesinto the system, there are three special cases for recognition.

e Imageisaknown face in the database
e |mage is a face, but of an unknown person

‘ e Imageis not aface at all. May be a coke can, a door, or an animal.

For a real system, where the pictures are of standard format like a driver's license photo, the
! first two cases are useful. In general, the case where one tries to identify a random picture, such
a slice of pizza, with a set of faces images is pretty unrealistic. Nonetheless, one can still define
these threshold values to characterize the images. Looking back at the weight matrix of values
using M Eigenfaces, let's define the face space as an M dimensional sphere encompassing all
weight vectors in the entire database. A fairly approximate radius of this face space will then be

.5 half the diameter of this sphere, or mathematically, half the distance between the furthest

points in the sphere.

20




1 Tl M 11
Behreshold = 7MAX (v’||53 = 53.1-”‘2)

To judge whether a new image falls within this radius, let's calculate the reconstruction error
between the image and its reconstruction using M Eigenfaces. If the image projects fairly well
onto the face space (image follows a face distribution), then the errorwill be small. However a

non face image will almost always lie outside the radius of the face space.

A |
Drecon = E‘ib'ii-ii
i=1 ;
2 2 !
B = ||'1)imnge - (I)‘I"ECOTI“

€ > Mpreshold

If the resulting reconstruction error is greater than the threshold, then the tested image
probably is not a face image. Similar thresholds can be calculated for images of like faces. If a
image passes the initial face test, it can be compared to the threshold values of faces in the

database. A similar match process can be used as mentioned earlier. Also the removal or

averaging technique can be applied for detection as previously described.

.,".,;;\ p h
£ c.f}»“‘ -~ 20y
i??’ ACC, MOorraee ) *
L s sy - |
= Pegeq | s
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NEURAL NETWORK

Artifidal neural networks are relatively crude electronic networks of "neurons” based on the
neural structure of the brain. They process records one at a time, and "learn" by comparing
their classification of the record [which, at the outset, is largely arbitrary) with the known actual
classification of the record. The errors from the initial classification of the first record is fed back
into the network, and used to modify the netwarks algorithm the second time around, and so

on for many iterations.

Roughly speaking, a neuron in an artificial neural network is

1. A setof input values (xi) and associated weights (wi)

2. Afunction(g) that sums the weights and maps the results to an output (y).

Figure 4Artificial Neurcn Network

x0=1
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Neurons are organized into layers.

Figure SLayers of Neuron Network

Hidden Layers of Meurons

Output Layer

Inpuit layer

The input layeris composed not of full neurons, but rather consists simply of the valutes in a data !
record, that constitutes inputs to the next layer of neurons. The next layer is called a hidden
layer; there may be several hidden layers. The final layer is the output layer, where there is one ;
node for each class. A single sweep forward through the network results in the assignment of a

value to each output node, and the record is assigned to whichever class's node had the highest

value.

23




Training an Artificial Neural Network

In the training phase, the correct class for each record is known (this is termed supervised
training), and the output nodes can therefore be assigned "correct" values -- "1" for the node
corresponding to the correct class, and "0" for the others. (In practice it has been found better
to use values of 0.9 and 0.1, respectively.) It is thus possible to compare the network's
calculated values for the output nodes to these "correct" values, and calculate an error term for
each node (the "Delta" rule). These error terms are then used to adjust the weights in the
hidden layers so that, hopefully, the next time around the output values will be closer to the

"correct" values.

The Iterative Learning Process

A key feature of neural networks is an iterative learning process in which data cases (rows) are
presented to the network one at a time, and the weights assodated with the input values are
adjusted each time. After all cases are presented, the process often starts over again. During
this learming phase, the network learns by adjusting the weights so as to be able to predict the
correct class label of input samples. Neural network learning is also referred to as "connectionist
learning," due to connections between the units. Advantages of neural networks indude their
high tolerance to noisy data, as well as their ability to classify patterns on which they have not
been trained.Once a network has been structured for a particular application, that network is
ready to be trained. To start this process, the initial weights (described in the next section) are

chosen randomly. Then the training, or learning, begins.

The network processes the records in the training data one at a time, using the weights and
functions in the hidden layers, then compares the resulting outputs against the desired outputs.
Errors are then propagated back through the system, causing the system to adjust the weights
for application to the next record to be processed. This process occurs over and over as the
weights are continually tweaked. During the training of a network the same set of data is

processed many times as the connection weights are continually refined.

24




Feed forward, Back-Propagation

The typical back-propagation network has an input layer, an output layer, and at least one
hiddenlayer. There is no theoretical limit on the number of hidden layers but typically there are
just one or two. Some work has been done which indicates that a maximum of five layers [one
input layer, three hidden layers and an output layer) are required to solve problems of any

complexity. Each layer isfully connected to the succeeding layer.

As noted above, the training process normally uses some variant of the Delta Rule, which starts
with the calculated difference between the actual outputs and the desired outputs. Using this
error, connection weights are increased in proportion to the error times a scaling factor for
global accuracy. Doing this for an individual node means that the inputs, the output, and the
desired output all have to be present at the same processing element. The complex part of this
learning mechanism is for the system to determine which input contributed the most to an
incorrect output and how does that element get changed to correct the error. An inactive node
would not contribute to the error and would have no need to change its weights. To solve this
problem, training inputs are applied to the input tayer of the network, and desired outputs are
compared at the output layer. During the learning process, a forward sweep is made through
the network, and the output of each element is computed layer by layer. The difference
between the output of the final layer and the desired output is back-propagated to the previous
layer(s), usually modified by the derivative of the transfer function, and the connection weights
are normally adjusted using the Delta Rule. This process proceeds for the previous layer(s) until

the input layer is reached.

25
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PROGRAM CODE:

1. Mainfile.m

clc

disp (' Welcome to Face Recognition System ')
disp('***********************************************************

********!);

disp ("’ Press various keys for the reguired operation
"}i
Aigp (P *EFHE A K RK A KA KK KA KK EH KA K AA KK A KKK K AK KK F KKK KA K KK K K ok K

'k'k‘k'k'k'k'k-kl)'.

disp(’' Calculate Eigenfaces............. [1]");
disp (' Input Image for Recognition......[2]'};
disp (' To guit without exiting matlab... [preés any key

except above]');

Qi (1 sk ok ke sk R ok ok ok ok ok ok ok ek ok ko ok Kk kR Kok ok K kK kK R kK K Kk

********');

Qi g (TR F K K Ak AR R KKK AR KK KR KR R KR Sk KR KRR ok Kk ok Kk kKR ko Kk

********l);
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disp (' You need to calculate Eigenfaces before recognition
")

disp ("' Above statement is applicable only for the first
image ')

disp('If you have already calculated the eigenfaces then just

kickstart with Recocgnition');

y=input ('Press appropriate keys for required operation........ Vi
|SI');
switch (y)

case '1l'

imageno=input ('Enter the no of data images with which you

want to continue');

[T, ml, Eigenfaces, ProjectedImages,

imageno]=Eigenface calculation (imageno) ;

save Eigenface.mat;

mainfile;

case '2'

load Eigenface.mat;

outputimage=Recognition (T, ml, Eigenfaces,

ProjectedImages, imageno);

2¥




disp('Press any key to continue............... Vs

pause;

mainfile;

end

case 'qg'

disp('Are you sure you want to qguit');

f=input ('Press Y for yes or any other key for No','s');

switch (f)

case 'y!

quit;

case 'Y!

quit;

otherwise

mainfile;

end

case 'Q'

disp('Are you sure you want to quit');

28




f=input ('Press Y for yes or any other key for No','s'");
\ switch (f)
case. 'y
quit;
case 'Y
quit;
otherwise
mainfile;
end
otherwise
; disp('Invalid Entry');
disp('Press any key to continue........ LY :
pause;
mainfile;

end

29




2. Eigenface_calculation.m

function [T,ml, Eigenfaces, ProjectedImages,

imageno]=Eigenface calculation (imageno) ;

Q

% we need to make it a function to increase modularity of our

program
T=imageno;

n=1;

aftermean=[];

I=[1];

$figure(l); !
T=imageno;

for i=1:T %used to display in single window all images selected

o

imagee=strcat (int2str (i), '.Jjpg') ;% use strcat function to

call T no of images

eval ('imagg=imread (imagee); ");
subplot (ceil (sqrt (T)),ceil (sgrt{T)),1i)% plot them as matrix
imagg=rgb2gray(imagqg) ;

imagg=imresize(imagg, [200,180], 'bilinear') ;

30




[m n]l=size (imagqg) ;

Fimshow (imagqg)

temp=reshape (imagg',m*n,1) ;%to get elements along rows we

take imagg'
I=[I temp];
end
ml=mean(I,2); [
ima=reshape(ml',n,m);% to display the eigenfaces now we need to L

again take images in 200x180 format

ima=ima';

%$figure, imshow (ima) ;

for i=1:T

temp=double (I (:,1));

I1(:,i)=(temp-ml);% normalizing the images by substracting

each column with the mean vector

end
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for 1i=1:T

subplot (ceil (sqrt (T)),ceil (sqrt (T)),1);

imaggl=reshape(Il(:,i),n,m);%to again get original size
that we can get the value of m and n

imaggl=imaggl"';

[m n]=size{imaggl) ;

%imshow (imaggl) ;% displays the mean images

end

for i=1:T% to change the format of values to double

te=double (Il (:,1));

al=[al, te];

end

a=al';

covv=a*a';
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[eigenvec eigenvalue]=eig(covv) ; %calculating eigen values

d=eig(covv) ;

sorteigen=[];
eigval=[];
for i=l:size(eigenvec,2); %takes no of col of eigenvec

if{d(1)>(0.5e+008))% we can take any value to suit our

algorithm

% this values generally are taken by trial and error i
sorteigen=[sorteigen, eigenvec(:,i)]; i
eigval=[eigval, eigenvalue(i,i)];

end;

end;

Eigenfaces=[];

Eigenfaces=al*sorteigen;% got matrix of principal Eigenfaces

for i=l:size(sorteigen,?2) %sorting eigenfaces
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k=sorteigen(:,1i);

tem=sqgrt(sum(k.”2));

sorteigen(:,i)=sorteigen(:,1i)./tem;

end

Eigenfaces=al*sorteigen;

for i=l:size(Eigenfaces, 2) $disabled

ima=reshape (Eigenfaces(:,1i) ',n,m) ;% to display the eigenfaces

now we need to again take images in 200x180 format

ima=ima';

subplot (ceil (sqrt(T)),ceil (sqrt(T)), 1)

$imshow(ima) ;

end

ProjectedImages=[];

for i =1 :T

temp = Eigenfaces'*al(:,1i); % Projection of centered images

into facespace

ProjectedImages = [ProjectedImages temp];
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end

end
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3. Recognition.m

function [outputimage]=Recognition(T,ml, Eigenfaces,

ProjectedImages, imageno)

MeanInputImage=[];

[fname pname]=uigetfile('*.Jjpg', 'Select the input image for

recognition') ;

InputImage=imread (fname) ;

InputImage=rgb2gray (InputImage) ;

InputImage=imresize (InputImage, (200 180), 'bilinear"');

$resizing of input image. This is a part of preprocessing

techniques of images

[m n)=size(InputImage);

imshow (InputImage);

Imagevector=reshape (InputImage',m*n,1);

$to get elements along rows as we take InputlImage'
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MeanInputImage=double (Imagevector) -ml;
ProjectInputimage=Eigenfaces' *MeanInputImage;

% here we get the weights of the input image with respect to

our eigenfaces

o

5 next we need to euclidean distance of our input image and

compare it

[s)

% with our face space and check whether it matches the

answer...we need
% to take the threshold value by trial and error methods

Euclideandistance=[]; ﬁ

for i=1:T
temp=ProjectedImages (:, i) ~-ProjectInputlImage;
Euclideandistance=[Euclideandistance temp];

end

% the above statements will get you a matrix of Euclidean

distance and you

% need to normalize it and then find the minimum Euclidean

o

distance
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tem=[];
for i=l:size(Euclideandistance, 2)
k=Euclideandistance(:,1);

tem(i)=sqrt (sum(k."2));

end

% We now set some threshold values to know whether the image

is face or not
¢ and if it is a face then if it is known face or not

% The threshold values taken are done by trial and error

methods
[MinEuclid, index]=min (tem);
if (MinEuclid<0.8e008) $values found by trial
if (MinEuclid<0.35e008)
outputimage= (strecat(int2str(index),'.jpg"));
figure, imshow (outputimage) ;

switch index % we are entering the name of the persons in

the code itself

% There is no provision of entering the name in real

©

time
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case 1 |
disp('Jonathan Swift');
disp('Age=22");
case 2
disp('Eliyahu Goldratt');
disp ('Age=25");
case 3
disp('Anpage');
disp ('Age=35"); r
case 4
disp('Rizwana');
disp('Age=30");
case 5
disp('Rihana');
disp ('Age=48");
case 6
disp('Seema');
disp('Age=19");

case 7
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disp('Kasana');

disp('Age=27");

case 8

disp{('Hanifa');

disp('Age=33");

case 9

disp('Alefiya');

disp ('Age=22");

case 10

disp ('Mamta') ;

W

disp('Age=50");

case 11

disp('Mayawati');

disp ('Age=39"');

case 12

disp('Elizabeth');

disp('Age=87");

case 13

disp{'Cecelia Ahern');
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disp ('Age=78");

case 14

disp('Shaista Khatun');

disp('Age=56");

case 15
disp('Rahisa Khatun');
disp ('Age=45");
case 16
disp ('Ruksana') ¢ |
disp('Age=64");
|
case 17
disp('Parizad Zorabian');
v disp ('Age=38");
case 18
disp ('Heena kundanani');
disp('Age=20");
case 19

disp('Setu Savani');
disp('Age=21");
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case 20

disp ('Mohd Zubair Saifi'):

disp ('Age=20");

otherwise

disp('Image in database but name unknown')

end

else

disp('No matches found');

disp('You are not allowed to enter this system');

outputimage=0;

end

.

else

disp('Image is not even a face');

outputimage=0;

end

end
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RESULT AND CONCLUSION

We have made use of Figenfaces to represent the features vectors for human faces. The
features are extracted from the original image to represent unique identity used as inputs to the

neural network to measure similatity in classification and recognition.

46




IMAGE DATABASE

47




TEST IMAGES

48




< MATLAR
Fle gt Debug Desitop Window Help

D ! RBow BB ¥ oty |coomeamn gt el

Shorkats 2 Howtodsd B) Whts e

Velcowe to Face Recognition Sgstem

B3T3t 02183 2 8208300 ka a2 kdtatRstatsittattsttdtisisiaatadtitiatiil
Press various keys for the required operation

|tetetetraranaeatetararereteteteteteaaseratesateearereeaeareeeree

Caleulate Eagenfaces...oiviennis 1]

[nput Image for Recognition...... [2]

To guit without exiting matlb,..[press any key except above] |

ttrEte IRt R R RE AR C IR RO IRRCRACRCRTRRTLRERCNNT

:IIMHHHI‘IH"I!tltH!tl'IIHHHHIHHHIIIIHHHI‘IlllHl'll!" |
1
You need to calculate Eigenfaces before recognition

Ihove statewent is applicable only for the first irage
already calculated the eigenfaces then just kickstart vith Becognition

Press approfeiate keys for required operation........ ] ~

W Fge! B2
Fle Edt View lnset Tools Dusktop Window Hep ¥ ;VFlk. EMVI_cwhsert_T&s_ i]-e‘ii-h-J;:»\\;mdw MP ’I

L0 CORLINUZ i vaanarninanin Dﬁnéh&aﬂ@%ﬂ@ B ‘D@uéﬁaaw‘@%ﬂﬂ ”l

3]
©
23

| Seema
| Age=19
IFress any

OneGey) oo

49




) WIS
fle Edit Debug Desktop Window Help
06 BB REA ¥ oty |coombespmmnevt @

Socuts 8 Howtodas 2 Vet New

Velcone to Face Recognition Systen

tettrreIt et R R Rt E TSR RIR IR IRLRtIRIIRLCIRIRLICRERLYRERLLSL

Press various kegs for the required operation
:!HHHH!llHl:!Hll!l.!IIHHH‘Il‘ll'll‘!llHll‘lHNHT‘I?:"HMHIH
|
| Calculate Eigenfaces,.vivvviviens ol

Input Image for Recognition......[Z]

To quit vithout exiting matlab,..[press ang key except ahove]
iHHH"!"ﬂHnrlHlHHHHI"HllHHtlIlll!lll'll"l!l‘ll‘ll‘ll"“

ttetttartrtetatteteeatatat et rRttrACISISRRIRRRLRRSIAEY

u need to calculate Eigenfaces before recognition
statement 13 applicable only for the first image

0 EICHER) (TS e

DEE8 b AANYE OB °

If qou have Wready calculated the eigenfaces then just kickstart with Recognition

;Preaa appropriate keys for required operation........:

iF.asana

Ipe-ti Fle it View rset Toob Desttp Window Help 3|

Press ang kep B0 CORCLOUR. uvaiaisiiisss = 1

0EES Lk RQND €08 °

| ' |

i i
f
i
[ [t
|

........ > : =

OreOrete]

‘Shrl Pausad Press any key

Yol ‘(RE{QF;. Y

50




Fie Edt Debug Desitop Window Help

o B ottty charis sl

Snartets B Howha s 2] Wals ew

Velcone to Face Recognition System
trtttatatt et sttt Rr s LI ORI IR I eI Rt LIt It R IR ILEtERLILESY

Press various keps for the required operation

(REtRRRLRERLIERE IR IN IR IRRLR AL RIS OISO L SR ERLILILLSL

‘ Calculate E1genfaced..ieiuvanes (1]
} Input Tmage for Recognition...... [2)

To quit without exiting matlab...[press ang key except above]

CrrrrRrtErErRTRRLRET RN TLR LRI E TR T IO IC IR IR OIS LR IRRIL I LIRS
pretrraRtRtRRRRRRRR IR R IR AR RO IR RSO RO IR IR IR RRRIILLSL
fou need to calculate Eigenfaces before recognition

2 statewsnt 13 applicable only for the first image

Bt o0
Fle B8t View et Took Desitop Window Help »

DEEa kN0 ¥ B °
\

(Mo matches found
|
?[mge not present in database or not matched

(Press 607 YED 10 COMLLOLEL . vvevivsvns

)
ety | Gt s

51

LIS




BIBLIOGRAPHY

American Journal of Applied Sciences 2 (6): 1872-1875, 2006
ISSN 1546-9239

© 2006 Science Publications

Navarrete P. and Ruiz-del-Solar J. {2002), “Interactive Face Retrieval using Self-
Qrganizing Maps”, 2002 int. Joint Conf. on Neural Networks — IICNN 2002, May 12-17,
Honolulu, USA.

“A tutorial on Principal Components Analysis”, By Lindsay | Smith.

“Eigenfaces for Recognition”, Turk, M. and Pentland A., (1991)
Journal of Cognitive Neuroscience, Vol. 3, No. 1, pp. 71-86.

Ruiz-del-Solar, )., and Navarrete, P. {2002}, “Towards a Generalized

Eigenspace-based Face Recognition Framework”, 4th Int. Workshop on Statistical

Technigues in Pattern Recognition, August 6-9, Windsor, Canada.

Simulating Neural Networks by James A. Freeman.

52




