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Abstract:

Face recognition is the process of identification of a person by
their facial images. This technique makes it possible to use
the facial image of a person to authenticate him into a secure
system. Face is the main part of human being to be
distinguished from one another. Face recognition system
mainly takes an image as an input and compares this image
with a number of images stored in database to identify
whether the input image is in that database or not. There are
many techniques used for face recognition. In this project, we
have discussed two techniques: Principal Component
Analysis (PCA) and Linear Discriminant Analysis (LDA).
Both of these techniques are linear. PCA applies linear
projection to the original image space to achieve
dimensionality reduction. LDA applies linear projection from
the image space to a low dimensional space by maximizing
between class scatter and minimizing the within class scatter.
These methods will be discussed here based on accuracy and

percentage of correct recognition.
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1.1 Introduction: -

The face recognition problem can be formulated as follows:

Given an input face image and a database of face images of known individuals,

how can we verify or determine the identity of the person in the input image.

Why Use the Face for Recognition?

Biometric-based techniques have emerged as the most promising option for
recognizing individuals in recent years since, instead of authenticating people and
granting them access to physical and virtual domains based on passwords, PINSs,
smart cards, plastic cards, tokens, keys and so forth, these methods examine an
individual’s physiological and/or behavioral characteristics in order to determine
and/or ascertain his identity [3]. Passwords and PINs are hard to remember and can
be stolen or guessed; cards, tokens, keys and the like can be misplaced, forgotten,
purloined or duplicated; magnetic cards can become corrupted and unreadable.
However, an individual’s biological traits cannot be misplaced, forgotten, stolen or
forged. Biometric-based technologies include identification based on physiological
characteristics (such as face, fingerprints, finger geometry, hand geometry, hand
veins, palm, iris, retina, ear and voice) and behavioral traits (such as gait, signature

and keystroke dynamics) [3

}




1.2 General Difficulties

Face recognition is a specific and hard case of object recognition. The difficulty of
this problem stems from the fact that in their most common form (i.e., the frontal
view) faces appear to be roughly alike and the differences between them are quite
subtle. Consequently, frontal face images form a very dense cluster in image space
which makes it virtually impossible for traditional pattern recognition techniques to

accurately discriminate among them with a high degree of success

1.3 Eigenfaces:

Eigenfaces is a well-studied method of face recognition based on principal
component analysis (PCA), popularized by the seminal work of Turk & Puntland.
Although the approach has now largely been superseded, it is still often used as a
benchmark to compare the performance of other algorithms against, and serves as a
good introduction to subspace-based approaches to face recognition[1]. PCA is a
method of transforming a number of correlated variables into a smaller number of
uncorrelated variables. Similar to how Fourier analysis is used to decompose a
signal into a set of additive orthogonal sinusoids of varying frequencies, PCA
decomposes a signal (or image) into a set of additive orthogonal basis vectors
or eigenvectors. The main difference is that, while Fourier analysis uses a fixed set
of Dbasis functions, the PCA basis vectors are learnt from the data set via
unsupervised training. PCA can be applied to the task of face recognition by
converting the pixels of an image into a number of eigenface feature vectors, which

can then be compared to measure the similarity of two face images.[2]
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http://en.wikipedia.org/wiki/Eigenface
http://en.wikipedia.org/wiki/Principal_component_analysis
http://en.wikipedia.org/wiki/Principal_component_analysis
http://www.mitpressjournals.org/doi/abs/10.1162/jocn.1991.3.1.71

Eigenfaces are mostly used to:

a. Extract the relevant facial information, which may or may not be directly related
to human intuition of face features such as the eyes, nose, and lips. One way to do
S0 is to capture the statistical variation between face images.

b. Represent face images efficiently. To reduce the computation and space
complexity, each face image can be represented using a small number of
dimensions.

Typical structures of face recognition system consist of three major steps,
acquisition of face data, extracting face feature and recognition of face. These steps

are elaborated as follow:

A. Acquisition of Face Data:

Acquisition and Processing of Face Data is first step in the face recognition system.
In this step face images are collected from different sources. The sources may be
camera or readily available face image database on the website. The collected face
images should have the pose, illumination and expression etc. variation in order to
check the performance of the face recognition system under these conditions.
Processing of face database require sometimes otherwise causes serious effect on
the performance of face recognition systems due changes in the illumination
condition, background, lighting conditions, camera distance, and thus the size and
orientation of the head. Therefore, input image is normalized and some image

transformation methods apply on the input image.

B. Extracting Face Feature:

Feature extraction process can be defined as the process of extracting relevant
information from a face image. In feature extraction, a mathematical representation
of original image called a biometric template or biometric reference is generated,
which is stored in the database and will form the basis (vector) of any recognition

task. Later these extracted features used in recognition. A greyscale pixel is
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C. Recognition of Face:

Once the features are extracted and selected, the next step is to classify the image.
Appearance-based face recognition algorithms use a wide variety of classification
methods Such as PCA, LDA. In classification the similarity between faces from the
same individual and different individuals after all the face images in database are
represented with relevant features. Sometimes feature extraction & recognition

process done simultaneously.[6]

Advantages of PCA:

1. Smaller representation of database because we only store the training images in
the form of their projections on the reduced basis.
2. Noise is reduced because we choose the maximum variation basis and hence

features like background with small variation are automatically ignored.

1.4 Loading the images:

The first step is to load the training images. You can obtain faces from a variety of
publicly available face databases, The main requirements are that the faces images
must be:

« Greyscale images with a consistent resolution. If using colour images, convert
them to greyscale first with rgb2gray.

« Cropped to only show the face. If the images include background, the face
recognition will not work properly, as the background will be incorporated
into the classifier.

« Aligned based on facial features. Because PCA is translation variant, the
faces must be frontal and well aligned on facial features such as the eyes,

nose and mouth. Most face databases have ground truth available so you
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http://www.face-rec.org/databases/
http://www.mathworks.com/help/toolbox/images/ref/rgb2gray.html
http://en.wikipedia.org/wiki/Translation_(geometry)

don’t need to label these features by hand. The Image Processing
Toolbox provides some handy functions for image registration.[5]
Each image is converted into a column vector and then the images are loaded into a
matrix of size n x m, where nis the number of pixels in each image and mis the
total number of images. The following code reads in all of the PNG images from the
directory specified by input_dir and scales all of the images to the size specified

by image_dims:

1.5 Training:

Training the face detector requires the following steps (the steps to perform PCA):

1. Calculate the mean of the input face images.

2. Subtract the mean from the input images to obtain the mean-shifted images.

3. Calculate the eigenvectors and eigenvalues of the mean-shifted images.

4. Order the eigenvectors by their corresponding eigenvalues, in decreasing
order.

5. Retain only the eigenvectors with the largest eigenvalues (the principal
components).

6. Project the mean-shifted images into the eigenspace using the retained

eigenvectors.

The code is shown below:

% steps 1 and 2: find the mean image and the mean-shifted input images
mean_face = mean(images, 2);

shifted_images = images - repmat(mean_face, 1, num_images);

% steps 3 and 4. calculate the ordered eigenvectors and eigenvalues
[evectors, score, evalues] = princomp(images’);

% step 5: only retain the top 'num_eigenfaces' eigenvectors (i.e. the principal

P §
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http://www.mathworks.com/products/image/
http://www.mathworks.com/products/image/
http://www.mathworks.com/help/toolbox/images/ref/f3-23960.html#f3-23515
http://en.wikipedia.org/wiki/Principal_component_analysis#Computing_PCA_using_the_covariance_method

num_eigenfaces = 20;
evectors = evectors(:, 1:num_eigenfaces);
% step 6: project the images into the subspace to generate the feature vectors

features = evectors' * shifted _images;

Steps 1 and 2 allow us to obtain zero-mean face images. Calculating the
eigenvectors and eigenvalues in steps 3 and 4 can be achieved using
the princomp function. This function also takes care of mean-shifting the input, so
you do not need to perform this manually before calling the function. However, |
have still performed the mean-shifting in steps 1 and 2 since it is required for step 6,
and the eigenvalues are still calculated as they will be used later to investigate the
eigenvectors. The output from step 4 is a matrix of eigenvectors. Since
the princomp function already sorts the eigenvectors by their eigenvalues, step 5 is
accomplished simply by truncating the number of columns in the eigenvector
matrix. Here we will truncate it to 20 principal components, which is set by the
variable num_eigenfaces; this number was selected somewhat arbitrarily, but I will
show you later how you can perform some analysis to make a more educated choice
for this value. Step 6 is achieved by projecting the mean-shifted input images into
the subspace defined by our truncated set of eigenvectors. For each input image, this

projection will generate a feature vector of num_eigenfaces elements.

1.5.1 Classification;
Once the face images have been projected into the Eigen space, the similarity

between any pair of face images can be calculated by finding the Euclidean
distance between their corresponding feature vectors and; the smaller the distance
between the feature vectors, the more similar the faces. We can define a simple
similarity score based on the inverse Euclidean distance:

To perform face recognition, the similarity score is calculated between an input face

image and each of the training images. The matched face is the one with the highest
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http://www.mathworks.com/help/toolbox/stats/princomp.html

similarity, and the magnitude of the similarity score indicates the confidence of the
match (with a unit value indicating an exact match).[7]

Given an input image input image with the same dimensions image_dims as your
training images, the following code will calculate the similarity score to each

training image and display the best match:

Closing remarks:

The Eigenfaces approach is now largely superseded in the face recognition
literature. However, it serves as a good introduction to the many other similar
subspace-base face recognition algorithms. Usually these algorithms differ in the
objective function that is used to select the subspace projection. Some subspace-
based techniques that are quite popular include:

. Independent component analysis (ICA) — selects subspace projections that

maximize the statistical independence of the dimensions

« Fisher’s linear discriminant (FLD) - selects subspace projections that

maximize the ratio of between-class to within-class scatter.

« Non-negative matrix factorization (NMF) — selects subspace projections

that generate non-negative basis vectors[9]
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2.1 Principal Components Analysis (PCA):

Real-world data sets usually exhibit relationships among their variables. These
relationships are often linear, or at least approximately so, making them amenable to
common analysis techniques. One such technique is principal component analysis
("PCA™), which rotates the original data to new coordinates, making the data as
"flat" as possible.

Given a table of two or more variables, PCA generates a new table with the same
number of variables, called the principal components. Each principal component is
a linear transformation of the entire original data set. The coefficients of the
principal components are calculated so that the first principal component contains
the maximum variance (which we may tentatively think of as the "maximum
information™). The second principal component is calculated to have the second
most variance, and, importantly, is uncorrelated (in a linear sense) with the first
principal component. Further principal components, if there are any,

exhibit decreasing variance and are uncorrelated with all other principal
components.[1]

PCA is completely reversible (the original data may be recovered exactly from the
principal components), making it a versatile tool, useful for data reduction, noise
rejection, visualization and data compression among other things. This article walks
through the specific mechanics of calculating the principal components of a data set
in MATLAB, using either the MATLAB Statistics Toolbox, or just the base
MATLAB product.

}
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- For the most part, PCA really is as wonderful as it seems. There are a few
caveats, however:

1. PCA doesn't always work well, in terms of compressing the variance. Sometimes
variables just aren't related in a way which is easily exploited by PCA. This means
that all or nearly all of the principal components will be needed to capture the
multivariate variance in the data, making the use of PCA moot.

2. Variance may not be what we want condensed into a few variables. For example,
If we are using PCA to reduce data for predictive model construction, then it is not
necessarily the case that the first principal components yield a better model than the
last principal components (though it often works out more or less that way).

3. PCA is built from components, such as the sample covariance, which are not
statistically robust. This means that PCA may be thrown off by outliers and other
data pathologies. How seriously this affects the result is specific to the data and
application.

4. Though PCA can cram much of the variance in a data set into fewer variables, it
still requires all of the variables to generate the principal components of future
observations. Note that this is true, regardless of how many principal components
are retained for the application. PCA is not a subset selection procedure, and this

may have important logistical implications.[4]
9
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2.2 Linear Discriminant Analysis (LDA):

Linear discriminant analysis (LDA) is one of the oldest mechanical classification
systems, dating back to statistical pioneer Ronald Fisher, whose original 1936 paper
on the subject, The Use of Multiple Measurements in Taxonomic Problems.

The basic idea of LDA is simple: for each class to be identified, calculate a
(different) linear function of the attributes. The class function yielding the highest
score represents the predicted class.[8]

There are many linear classification models, and they differ largely in how the
coefficients are established. One nice quality of LDA is that, unlike some of the
alternatives, it does not require multiple passes over the data for optimization. Also,
it naturally handles problems with more than two classes and it can provide
probability estimates for each of the candidate classes.

Some analysts attempt to interpret the signs and magnitudes of the coefficients of
the linear scores, but this can be tricky, especially when the number of classes is
greater than 2.

LDA bears some resemblance to principal components analysis (PCA), in that a
number of linear functions are produced (using all raw variables), which are
intended, in some sense, to provide data reduction through rearrangement of
information. Note, some important differences: First, the objective of LDA is to
maximize class discrimination, whereas the objective of PCA is to squeeze variance

Into as few components as possible.[2]

Second, LDA produces exactly as many linear functions as there are classes,
whereas PCA produces, as many linear functions as there are original variables.
Last, principal components are always orthogonal to each other (“uncorrelated"),

while that is not generally true for LDA's linear scores.
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There are 5 general steps for performing a linear discriminant analysis.

1. Compute the d-dimensional mean vectors for the different classes from the
dataset.

2. Compute the scatter matrices (between-class and within-class scatter matrix). For
all samples of all classes the between class scatter matrix SB and the within-class
scatter matrix SW are defined by:

C
SB =X Mi. (xi -p).(xi -pw)T
i=1

SW =X X (xk -pi).(xk -pi)T
i=1 Xk€Xi
Where Mi is the number of training samples in class i, ¢ is the number of distinct
classes, i is the mean vector of samples belonging to class i and Xi represents the
set of samples belonging to class i with xk being the k-th image of that class. SW
represents the scatter of features around the mean of each face class and SB

represents the scatter of features around the overall mean for all face classes.




3. Compute the eigenvectors (e1, e2, ..., ed) and corresponding eigenvalues (A1, A2,
..., M) for the scatter matrices. The goal is to maximize SB while minimizing SW,
in other words, maximize the ratio det|SB|/det|Sw/|. This ratio is maximized when the
column vectors of the projection matrix (W) are the eigenvectors of SW _1.SB.

4. Sort the eigenvectors by decreasing eigenvalues and choose k eigenvectors with
the largest eigenvalues to form a dxk-dimensional matrix W (where every column
represents an eigenvector).

5. Use this dxk eigenvector matrix to transform the samples onto the new subspace.
This can be summarized by the mathematical equation: y = WT x x (where X is a
dx1-dimensional vector representing one sample, and y is the transformed kx1-
dimensional sample in the new

subspace).

Closing thoughts:

Though it employs a simple model structure, LDA has held up reasonably well,
sometimes still besting more complex algorithms. When its assumptions are met, the
literature records it doing better than logistic regression.

It is very fast to execute and fitted models are extremely portable- even a
spreadsheet will support linear models (...or, one supposes, paper and pencil!) LDA
Is at least worth trying at the beginning of a project, if for no other reason than to

establish a lower bound on acceptable performance.




2.3 Dataset Arrays:

Statistics and Machine Learning Toolbox™ has dataset arrays for storing variables
with heterogeneous data types. For example, you can combine numeric data, logical
data, cell arrays of character vectors, and categorical arrays in one dataset array
variable.

Within a dataset array, each variable (column) must be one homogeneous data type,
but the different variables can be of heterogeneous data types. A dataset array is
usually interpreted as a set of variables measured on many units of observation. That
IS, each row in a dataset array corresponds to an observation, and each column to a
variable. In this sense, a dataset array organizes data like a typical spreadsheet.
Dataset arrays are a unique data type, with a corresponding set of valid operations.
Even if a dataset array contains only numeric variables, you cannot operate on the
dataset array like a numeric variable. The valid operations for dataset arrays are the

methods of the dataset class.

Dataset Array Properties:

In addition to storing data in a dataset array, you can store metadata such as:
Variable and observation names

Data descriptions

Units of measurement

Variable descriptions

This information is stored as dataset array properties. For a dataset array named ds,
you can view the dataset array metadata by entering ds.Properties at the command
line. You can access a specific property, such as variable names—
property VarNames—using ds.Properties.VVarNames. You can both retrieve and

modify property values using this syntax.
Z 13 S




Variable and observation names are included in the display of a dataset array.
Variable names display across the top row, and observation names, if present,
appear in the first column. Note that variable and observation names do not affect

the size of a dataset array.

Applications

Face recognition is used for two primary tasks:

1. Verification (one-to-one matching): When presented with a face image of an
unknown individual along with a claim of identity, ascertaining whether the
individual is who he/she claims to be.

2. Identification (one-to-many matching): Given an image of an unknown
individual, determining that person’s identity by comparing (possibly after
encoding) that image with a database of (possibly encoded) images of known
individuals. [7, 8].
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3.1 For execute the program we have several steps: -

+* Open MATLAB version 7.6.0

4\ MATLAB 7.6.0 (R2002a)

File Edit Debug Parallel Desktop Window Help
U j E —‘_] Cj ) u ﬂa ﬂ @ | Current Directory:| C:\Users\zahraa'\Desktophaule Lisill 1=y g4 pivallfacerec_PCA w
Shortcuts (2] How to Add [#] What's New
Current Directory + 0 2 X | Workspace h
BEs - => |
All Files Type Size Date Modified Desq
Testimage Falder »12:30 110417
TrainDatabase Falder #12:31 11/0417
) EigenfaceCore.m -file JKB 01:04 270113 Use
ﬂ FaceRec.m -file 2 KB »04:14 06/0417
ﬂ main.m -file 1 KB 0755 08/0417 Mair
#] train. mat MAT-file 22583 KB A 12:45 1100417
ﬂ TrainDatabase.m M-file 2 KB »12:28 30/0317 Alig
%) Trainit.m -file 1 KB »01:03 27/0113 PCA
< >
Command History w0 2 X
""" %—-— p» 11:32 30/03/17 --% A
""" $—— » 11:48 30/03/17 —-%
""" $-—— » 09:24 08/04/17 --%
""" %—— » 09:28 08/04/17 --%
""" $—— p 09:29 08/04/17 —-%
""" $—— p 09:37 08/04/17 --%
""" %—— n» 09:55 08/04/17 —-%
""" $—— o 09:37 09/04/17 —-%
""" $-—— & 10:1& 02/04/17 --%
""" %—— w 10:19 09/04/17 --%
""" $—— o 10:4& 09/04/17 —-%
""" $-—— @ 12:22 11/04/17 --%
""" $—— p 12:24 11/04/17 —-%
""" $—— p 11:19 13/04/17 —-% W
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** Choose “main” code:

" Editor
File Edit Text Go Cell Tools Debug Desktop Window Help

:ﬁlﬁlg %%EEI‘J(! ;;!?EF'H*‘]Q-L P'@ﬁ@@@l@@ Stack:| Base

BB - |+ 10 x| @

C:\Users\zahraa\Desktopaule  La=ill 1= g4 piallNfacerec PCA\main.m EJ
1 |'sMa:'Ln
2 - close all
3 - clear all
4 - cle
L= while ([1==1)
5 — choice=menui'Face Fecognition 3Iystem', ...
7 'Train System',...
8 'Face Pecognition',...
9 'Exit'):
10
11 = if (choice ==1})
2 - [m, A, Eigenfaces]=Trainit;
13 = and
14 — if (choice == 2)
15 = if exist|{'train.mat'):
15 — load train; o
17 = end
18 — FacePRecim, A, Eigenfaces):
1o — end
0
1 - if (choice == 3)

- clear all;

58]

[
|

cleo;

s
|

close all;

return;

o
|

end

m -1
|
m
=]
o
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w
|
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+* From “Debug” list choose “run” order:

File —Ecld 2 a ols Debug Desktop Window Help
e TD-AMeasf Bl-exBRE BB seck|Base
E Face Recognition Systetn _'I.'I 0 %9& %95 av
C Train System :w_dl A= g pitalltfacerec_PCAVmain.m a
il
2 Face Recognition
3
4 Exit
5
ioil=— I choice=menu|('Face Recognition System',...
7 'Train Sv¥stem',...
a 'Face Becognition',...
g9 "Exit');
10
T8 = if (choice ==1)
2 - [m, A, Eigenfaces]=Trainit:
1315 end
14 — if (choice == 2)
15 — if exist('train.mat');
16 — load train:
17 — end
18 — FacePReci(m, A, Eigenfaces):
18 = end
1]
1 = if (choice == 3)

- clear all;

ra

[
|

cle;
close all:

i
|

return;
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| |
m
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¢ Choose “face recognition” from executable interface:

File —Edi 2 = ols Debug Desktop Window Help
- X fojo = -[Meani k- 8800 BB | s
g Face Recognition |1.1 » %aé %9& av
3 Input Image From File basill a=y gopitalVfacerec PCA\main.m O »a X
1 |
2 Recognition
3
4 Exit
5
(o= choice=menu|('Face Becognition System', ...
7 'Train System',...
g 'Face Pecognition', ...
9 'Exit!');
10
11 — if (choice ==1)
12 — [m, A, Eigenfaces]=Trainit;
13 — end
14 — if (choice == 2)
15||= if exist('train.mat');
15 — load train: d
17 = =nd
18 — FaceFec(m, 4, Eigenfaces);
alley end
20
21 — if (choice == 3)
22 — clear all:
23 - cle;
24 - clase all;
25 — return:
25 — end
27
28 - end
29




¢ Click on “input image from file” to insert test image:

e |

wcerec_PCA\main.m A x
|
4\ Open Image w
Look in: Testlmage -
ynition =
ain Ivs o & m
ze Reco I.-—j & ()
cit') Recent ltems & (2)
& (3)
i
=Traini & (3)
Desktop ] (B)
| (7)
s _ & (8
= ] (%)
Documents |8 Inputimage
afaces) Lﬁ
This PC
L:j* File name: | e
Network Files of type: | All image files » Cancel
script
. @ 5 I




¢+ Choose test image:

jols Debug Desktop Window Help

= - | b e )
x | oo | @,

a2l 1o gapinallifacerec PCAYmain.m

*

[a)
=

Input Image From File

|l - &%
|

_Ifile Edit View Inset Tools Desktop Window Help

1

2 Recognition

3

4 Exit

5

& choice=menu('Face Fecognition 3Jystem',...
7 'Train System',...
8 'Face cognition', ...
g VExit!)

10

TE = if (choice ==1)

o [m, A, Eigenfaces]=Trainit;

a5 end

14 — if (choice == 2)

Sas: i if exist('train.mat');

158 — load train;

Eli= end

IR = FaceRec (m, &, Eigenfaces):

5= end

20

2F i if  (choice == 3}

SR clear all;

23 = cle;

24— close all;

25— recurn;

28 — end

27

ZH end

29

NEdS [k ARTDEL- |G 0E|uD




* Click on “recognition”;

P

Tawt Mo Call Is Debug Desktop Window Help
CloD- Menn|b- B8 g, T
Face Recogniion 11 ® %sg,jt: Q

File Edit View Insert Tools Desktop Window Help

[Zlab 3%

il imy gy plallfacerec_PCA\main.m . e @ =
Input rage From File = VEade| h| K% :‘)‘t,d‘@u D8 s@
Recogntion
Exk
- choice=manu(' Face F

Test image Equivalent Image

= 1f (choice ==1)
o [m, A, Eigenfaces]=Trainitc;

D uminhiihi-Dn®amn e W -

- end
= if (choice == 37)
o= if exiat|'tr UH
= lead trai
= end
FaceRec(m, A, Eigenfaces):
i end
0
- if (choice
2 - clear all:
3 - ele:
4 - closs all;
5 - return;
& - end
7
g - end
t9

Tt
g




3.2 When we need to training the system

e From “Debug” list choose “run” order:

File —Edi n = ols Debug Desktop Window Help
oD - Meaw | ke kol R E B8 sk Base v

: Face Recognition Systetn F.'I » %QE %QE av

L C, | Train System :w_dl Amy fopitallfacerec_PCA\main.m O & x
1 |
2 Face Recognition

3

4 Exit

5

ioil=— I choice=menu|('Face Recognition System',...
7 'Train Sv¥stem',...

a 'Face Becognition',...
g "Exit');

10

T8 = if (choice ==1)

12 — [m, A, Eigenfaces]=Trainit:

1315 end

14 — if (choice == 2)

15 — if exist('train.mat');

16 — load train:

17 — end

18 — FacePReci(m, A, Eigenfaces):

18 = end

20

21 - if (choice == 3)

22 — clear all:

23 - cle:

24 — clase all:

25 — return;

26 — end

27

28 — end

29

(]




e Choose "train system" from executable interface:

hile bdit lext Go Cell lools Uebug Uesktop Window Help

Aol | «§R@20 |32 - dadsr|kl-EXBBRE B | seck Base v

BB -0 |+ Fa x| eEeE | O

1 $Main

z - close all

3= clear all

L= cle

5= while (1==1)

a8 — choice=menu('Face Recognition System',...

7 'Train 3ystem',... Browse For Folder x
8 'Face Pecognition',...

g "Exit'): Select training database path

10

3= if (choice ==1)

12 - [m, A, Eigenfaces]=Trainit; Hew folder (9) "
13 - =nd TRAMING1

14 — if (choice == 2) |

15 = if exist('train.mat'): v aule  Lamill asy £ g piall

lg — load crain; w facerec PCA

=1/(= =nd Testimage

18 - FaceRecim, A, Eigesnfaces): TrainDatabase

19 - end v
{1}

il |= if (choice == 3) Folder: facerec PCA

2 - clear all;

3 - cle: Maks New Folder Cancel

close all;

tn
I

Eeturn;

@ - m
I I
il
2]
o
il
=1
o

B3R BI OB BD B3 BD BD L) B
=
I

0

(]




e Click on "train database"

Edit Text Go Cell Tools Debug Desktop Window Help

SH RS - MAas ]R8 R R R BB | sack|Base v

|

T I R KR I - i §

$Main

close all
clear all
cle

whils (1==1)

choice=menu('Face Fecognition System',...

'Train System', ...
'Face PRe
TExit');

if (choice ==1)

[m, &, Eigenfaces]=Trainit:;
end
if (choice == 2}

if exist('train.mat');

load train;
end
FacePec (m, A, Eigenfaces);

if (choice == 3)
clear all:
cle;
close all;
EsCurn;

gnition',...

Browse For Folder

Select training database path

v TrainDatabase

Folder: TrainDatabase

Make New Folder

Cancel

(]




e That is show we the picture on the training system

File Edit View Debug Parallel

Desktop Window Help

D 6| & By E 7 |u @ @ | (7] |Cunent Directory:| C\Users\zahraa'\Desktop'aile Lamill 1=y gqpitallfacerec PCA ~ || eee| [ED)

Shortcuts (2] How to Add (2] What's New

Workspace C d Window
Loading Faces

EEFIEE cosaing
All Files = Type Size Date Modified Desg 5

Testimage Folder & 12:30 11/0401M7

TrainDatabase Folder #12:31 11/04N7 2
DEigenfaceCore.m Ii-file 3KB »01:04 27/0113 Use 2
DFaceRec.m Ii-file 2KB »04:14 0B/04NT
M-fle 1KB »07:55 08/04/17 Maitl | 5
] train. mat MAT-file 22583 KB »04:57 15/04117 2
* TrainDatabase.m W-file 2KB 12:28 30/03M17 Alig
] Trainit.m W-file 1KB »01:03 2710113 FPCA 4

5

< >
C d History w0 a x g .
----- %-- . 09:28 08/04/17 --% ~ “
""" $-- p 09:28 08/04/17 % 7
""" $-- o 09:37 08/04/17 % 2
""" %-- p 09:55 08/04/17 %
""" $-- o 09:37 0%8/04/17 % g8
""" $-- o 10:1& 08/04/17 % 2
""" $-- p 10:1% 0%8/04/17 %
----- %-— o 10:46 09/04/17 —-% g
""" $-- s 12:22 11/04/17 % z
""" $-- p 12:24 11/04/17 % 10
""" $-- s 11:18% 13/04/17 % 2
""" $-- p 11:45 13/04/17 %
""" $-- o 04:14 15/04/17 ¥ Creating Eigen Faces
----- $-- p 04:49 15/04/17 —--3% v
4\ Start Busy




EigenfaceCore.m |+ |

i
1 function [m, A, Eigenfaces] = EigenfaceCore(T)
2
2= disp('Creating Eigen Faces'):
4 EETETERTETEEIELEERE%%%%% Calculating the mean image
5= m = mean(T,2); % Computing the average face image m = (1/P)*sum(Tj's) {(il=1 : B)
[ Train Number = size(T,2):
7
i} 33333333395 3359333%2%%% Calculating the deviation of each image from mean image
L= A= ]:
10 - for i = 1 : Train Number
1= temp = double(T({:,i)) - m; % Computing the difference image for each image in the training set Ai =Ti - m
12\= 4 = [A& temp]; ¥ Merging all centered images
13 = end
14
15= L =~A'"%A; ¥ L is the surrogate of covariance matrix C=L*A4".
16 — [V, D] = eig(L); % Diagonal elements of D are the eigenvalues for both L=A"*A and C=A*4'.
17
18 EIETETEEEERETEERRR ETEE3ER Sorting and eliminating eigenvalues
19 % Rll1 eigenvalues of matrix L are sorted and those who are less than a
20 % specified threshold, are eliminated. 5o the number of non-zero
21 % eigenvectors may be less than (P-1).
22
al|= L eig _vec = [I:
24 - for i =1 : =2ize(V,2)
25 = if( D(i,1i)»1 )
26 — L eig vec = [L _eig_wvec V{:,i}];
27 — end
28 — end
29
30 FEEEIERTERTERLRLS 333313 Calculating the eigenvectors of covariance matrix 'C!'
31 % Eigenvectors of covariance matrix C (or so-called "Eigenfaces"™)
32 % can be recovered from L's eiegnvectors.
231 = Eigenfaces = & * L eig vec; % A: centered image vectors
34 - save train
355 end

In this simplified code Eigenfaces is calculated for training images and this
process is done in several steps:

1- Calculating the mean image

2. Calculating the deviation of each image from mean image (calculating the
picture difference for all images in the training set)

3. Calculate the variance matrix 'L' and calculate the diagonal D elements
which are the eigenvalues for both L=A"*AandC=A* A’

4- Calculation of eigenvectors

5 - Calculating the eigenvectors of covariance matrix 'C" Eigenvectors of
covariance matrix C (or so-called ""Eigenfaces'") can be recovered from L's

eigenvectors.

(f
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