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Eigenfaces for Facial Recognition

Overview

Computer vision involves the use of linear algebra to obtain and manipulate useful information
from images. One specific domain of computer vision is facial recognition. Essentially, facial
recognition is the use of computers to identify several unique images of one person’s face as
being images of the same person. Facial recognition is used in security and social media, among
other applications.

The eigenface approach to facial recognition relies on concepts from linear algebra. In this
approach, images are represented as matrices of pixels, and they are analyzed using singular
value decomposition and projection onto eigenvectors. The eigenvectors used in facial
recognition are often referred to as eigenfaces.

Algorithm

We implemented an eigenface algorithm using the MATLAB language and integrated
development environment. An article by Wikipedia on eigenfaces! was the main source of the
iInformation we used to design this algorithm. The data we used was a set of different images
each of 15 different people from the Yale Face Database?.

% Settings

directory = 'faces/';

scale = 0.25; % Set image scaling

subjects = [1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15]; % Which subjects should be used for training?

The settings in this portion of code
scenes = [1, 2, 3, 4, 5, 7, 8, 9, 1@, 11]; % Which scenes should be used for training? aIIOW users to SpeCIfy the

e = 0.83'% Set a threshold on the total variance (j- . r]- r] .

test.subject = 4; |reCtOry In W IC ImageS are
et e located and the factor by which to
scale images. We can also choose which subjects and scenes are used to construct the training
data set. Furthermore, this code allows us to set a threshold on total variance for principal
component analysis and choose which image will be used for testing the algorithm.

Assumptions

In order to implement this algorithm for facial recognition, we had to make several assumptions
about the data being used:

« Faces are already in greyscale image

* Images are in GIF format and are all the same size

* Pictures contain only human faces

* People aren’t making extreme facial expressions

« Each person’s entire face is contained within the image and are in the same position

* People aren’'t wearing masks

Training
Read Images

Image vector

% Parameters:
% directory - A string containing the directory to read files from
% files - A list of the images available in the source directory
% scale - The factor by which to scale images
% scenes - A list of scene indices to read for each subject
|mage matrix % subjects - A list of which subjects to read images from
% numSubjects - The number of subjects available in the source directory
% Return Values:
% 1images - A 2D matrix containing every image read as a column vector
function [images] = getImages(directory, files, scale, scenes, faces, subjects)
% Iterate over every subject
for subject = 1:length(faces)
% Iterate over every scene
for scene = 1:length(scenes)
% Read in the image
fprintf("Reading '%s'\n", files((faces(subject) - 1) * subjects + scenes(scene)).name);
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The first step, as in any computer program, Is
to get the data. We created a function to read o o]+ Coretimaanty

Images from the database. This function g (PR ) TITGRGCEIeR) sy sirestopeinsgnairi, flro s,
reads the appropriate images as specified -

by the settings earlier in the code. It is used

to construct a matrix containing each of the
training images as a column vector.
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% Get a list of all the GIF images in the faces directory
files = dir(strcat(directory, "*.gif'));

% Read in the training images
trainingFaces = getImages(directory, files, scale, scenes, subjects, 11);

We call the function to obtain all the images
In the directory of faces that have a GIF extension, and filter out any images that were not
Included in the settings for training subjects and scenes.

% Compute the average face
averageFace = mean(trainingFaces, 2);
% Subtract the average face from each training face
for image = 1:(length(subjects) * length(scenes))
trainingFaces(:, image) = trainingFaces(:, image) - averageFace;
end

Average Face

Now that we have a matrix with columns of
Image vectors, we take the element-wise mean
of all the columns to get the average face. We g mvemse e oiference ot
then subtract this average face vector from every column  wumberoftaning imoges i Number of trining images
In the training image matrix to get a matrix of differences :
from the average face, where each column vector is the
difference between that image and the average face.
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imageMatrix = imresize(imread(strcat(directory, files((faces(subject) - 1) * subjects + scenes(scene)).name)), scale);

Singular Value Decomposition

With a matrix containing the differences between each training image and the average face, we
now perform singular value decomposition (SVD) on the matrix. MATLAB has a handy function
designed specifically for SVD. Given a matrix A, it returns three matrices U, 2, and V, such that
A = U2VT. The matrices U and V are square orthonormal matrices containing singular vectors of A.
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% Decompose the matrix of training faces 0|0,
[U, S, V] = svd(trainingFaces); nxm ‘
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In this case, we are interested in the matrix U, because the vectors in U have the same dimension
as the image vectors in our training dataset. The columns of U are eigenfaces. In principal, any
face can be represented as a combination of eigenfaces. So we use eigenfaces to represent the
characteristics of faces in our dataset.

Choose Important Eigenfaces

Principal Eigenfaces  Atter the SVD step, we could be left with an abundance

ml(Jm X of eigenfaces. But to represent a new or existing face,
we may not need all the eigenfaces. Therefore, we
choose the eigenfaces that are important and discard
the rest.
x > x

From the matrix 2, we can square each singular value
to obtain the corresponding eigenvalue. The singular
values (and therefore the corresponding eigenvalues as
well) are listed in descending order,

suchthato; =20, =2 =20, and A; =2 1, = --- = A;. We set a threshold ¢ on the total variance (In
this case, we found that a threshold around 0.8 was reasonable, and anything much less
produced incorrect results).
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Next, we minimize K in the equation above (where n x m is the number of pixels in an image and
the number of eigenfaces after SVD). Then we choose the first k eigenfaces in the matrix U and
discard the rest.
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We wrote a function in MATLAB to simplify this step. The function computes the total variance

with all eigenvalues and decrements the number of principal components (k) until it

finds that the threshold would no longer be satisfied and . ..........

returns the number of principal components. With this [ cpEenveluss n R D veston comtinie Al The eeenvalues found dn S

The threshold set on the total variance
1 1 1 % Return Values:
abstraction, we call the function from our driver program. = o i cipentaces
function [k] = important(eigenvalues, threshold)
% Determine the total variance with all components
v = sum(eigenvalues);

% Get the eigenvalues from the sigma (singular values) matrix
eigenvalues = diag(S).”"2;

% Determine the number of important eigenfaces

for k = length(eigenvalues):-1:1
% Decrement k while we still satisfy the variance threshold
if((sum(eigenvalues(1:k)) / v) < threshold)

% Determine the number of important eigenfaces
k = important(eigenvalues, e);

% Shrink the matrix V to contain only important eigenfaces ,
. . . ] . % Reset k to the last value that was valid

% Transpose it so we can easily project images onto each eigenface K=k + 1

U = transpose(U(:, 1:k)); break;

end
end

Find Weight Vectors

At this point, we have a collection of the most important (principal) eigenfaces from our training
dataset. However, the number of eigenfaces is not necessarily (or probably) the same as the
number of people in our set of training images. To simplify the representation of a training
Image, we subtract the mean face from that image and project the difference onto each
eigenface to get the weight of that eigenface. Matrix multiplication of the difference vector and a
matrix with eigenfaces as rows will yield a weight vector.

Subject % Compute the weights of the training images
Difference for subject = 1:length(subjects)
1
Principal Eigenfaces Weight for scene = 1:length(scenes)
Vector % Compute the weight vector for this subject/scene
1 subjectWeights(:, scene) = U * trainingFaces(:, (subject - 1) * length(scenes) + scene);
end
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% Average this subject's weight vectors
trainingAverageWeights(:, subject) = mean(subjectWeights, 2);
end

In our code, we computed the weight vector for each training image and then averaged the
weight vectors of all the images for each person. This way, we only need to store a single
average weight vector for each person. This portion of code constructs a matrix where each
column is the average weight vector for an individual person in the training dataset.

Testing

In the training process, we picked a small number of images in the Yale database? to exclude
from our training data set. From these images that were excluded during training, we choose
one to test the algorithm. This image contains the face of one of the people in our training
dataset, but this unigue image was not included in training.

Read Image and Subtract Average Face

After training our model we read In a test image and concatenate the pixels into a column
vector, exactly as we did in the training process. The next step is to subtract the average face
from the image vector to get the difference vector for our test image.

% Read in the test image
testFace = getImages(directory, files, scale, test.scene, test.subject, 11);

Test Image Weight Vector

After we processed the training images, we were left with a matrix containing column vectors
that represent the average weight vector for each person in the training dataset. Similarly, we
compute the weight vector for the test image by projecting it onto the matrix of eigenfaces.

| Now we have a good way to compare the test image with each
of the people from our training dataset.

% Subtract the average face

testFace = testFace - averageFace;

% Compute the test face's weight vector
testWeight = U * testFace;

Find the Closest Training Weight Vector

We now have a weight vector for the test image, representing the weights of each eigenface in
this image. In the training data, we have the average weight vector for each person in the
database. To find which person's face is in the test image, we iterate over all the individuals in
the database, and find which person's average weight vector is closest to the weight vector for
the test image. As we iterate through the database, we compute the Euclidean distance between
the current person's average weight vector and the test image's weight vector. For example, if
we had weight vectors g and p with k elements each, the distance between these vectors would
be given by:

d = v (q1—p)? + (@2—p2)? + - + (qr—Dr)?

% Parameters:

% subjects - The number of subjects in the training dataset
% scenes - The number of scenes in the training dataset

%  testWeight - The weight vector of the test image
%

%

.F

Since we are operating under the assumption that
the test image contains the face of a person in our
training dataset, we conclude that the person in
the test image is the person whose average
weight vector is closest to that of the test image.

trainingWeights - A 2D matrix with each subject's average weight vector
as a column vector
unction [closest] = identify(subjects, scenes, testWeight, trainingWeights)

% Assume the largest distance possible

shortestDistance = realmax;

% Find the closest weight vector in the database

for subject = 1:subjects
% Get the Euclidean distance between the current training
% image's weight vector and the test image's weight vector
distance = norm(testWeight - trainingWeights(:, subject));

We wrote a function to simplify this part of the
algorithm. It returns the index in the list of subjects
of the person whose face is in the test image.

% Update the closest weight vector
if distance < shortestDistance
shortestDistance = distance;
closest = subject;
end
end
end

% Find the closest weight vector in the database

closest = subjects(identify(length(subjects), length(scenes), testWeight, trainingAverageWeights));
% Print the result

fprintf("The test face was identified as subject %d.\n", closest);

Results

The algorithm we implemented works with a variety of training/test image sets from the Yale
database?. Here, we show the test with the settings written in code in the beginning of the
Algorithm section. Trained on 10 different images of each of the 15 people on the left, this code
correctly identified the image on the right.
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