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Abstract: Eigenface or Principal Components Analysis (PCA) methods have demonstrated their success in face
recognition, detection and tracking. In this paper we have used this concept to reconstruct or represent a face as a
linear combination of a set of basis images. The basis images are nothing but the eigenfaces. The idea is similar to
represent a signal in the form of a linear combination of complex sinusoids called the Fourier Series. The main
advantage is that the number of eigenfaces required is less than the number of face images in the database. Selection
of number of eigefaces is important here. Here we investigate what is the number of minimum eigenface that is
required for faithful production of a face image.
Keywords : Face reconstruction, Eigen faces, Eigen vectors, Principal component analysis (PCA),Fourier Series.
I. INTRODUCTION
This paper is a step toward developing a face reconstruction system which can reconstruct any face of a face database
faithfully. This system can be useful in any visual information seeking purpose. Suppose we have a face database of 60
students of a class. These face images have high dimensionality. Instead of storing all these 60 high dimensional faces in
the computer it‟s better to consider only a subspace with lower dimensionality to represent this face space, from which
we can reconstruct any face in the database faithfully. This lower dimensional face space is called eigenfaces. In addition
to this dimensionality reduction advantage we need to store selective number of eigenfaces which is obviously less than
the original number of faces in the database. The scheme is based on an information theory approach that decomposes
face images into a small set of characteristic feature images called „Eigenfaces‟ [1], which are actually the principal
components of the initial training set of face images. Reconstruction is performed by multiplying eigenfaces with weight
vector. This weight vector differs for different face reconstruction. Each weight vector is nothing but a single column
matrix and number of elements within this single column matrix is equal to the number of eigenfaces we select. The
Eigenface approach gives us efficient way to find this lower dimensional space. Eigenfaces [2] are the Eigenvectors
which are representative of each of the dimensions of this face space and they can be considered as various face features.
Any face can be expressed as linear combinations of the singular vectors of the set of faces, and these singular vectors are
eigenvectors of the covariance matrices. So this problem of face reconstruction is solved here by appearance based
subspace analysis and it is the oldest method which gives promising results. The most challenging part of such a system
is finding an adequate subspace.
When using appearance-based methods, we usually represent an image of size n x m pixels by a vector in an n x m
dimensional space. These (n x m dimensional) spaces are too large to allow robust and fast object recognition. A
common way to attempt to resolve this problem is to use dimensionality reduction techniques. In this paper we make use
of PCA dimensionality reduction method. The organization of the paper can be summarized as: The motivation behind
this paper is explained in Section-II.The Eigenface approach is briefly explained in Section-III.Face reconstruction
system discussed in Section-IV. Experimental results are shown in Section-V. The Significance of Eigen face approach
is explained in Section-VI. Conclusions & Future work explained in Section-VII.
II. MOTIVATION AND APPROACH
Eigenfaces has a parallel to one of the most fundamental ideas in mathematics and signal processing – The Fourier Series
[8]. This parallel is also very helpful to build an intuition to what Eigenfaces (or PCA) sort of does and hence must be
exploited. Hence we review the Fourier Series in a few sentences. Fourier Series are named so in the honor of Jean
Baptiste Joseph Fourier who made important contributions to their development. Representation of a signal in the form of
a linear combination of complex sinusoids is called the Fourier Series. What this means is that you can‟t just split a
periodic signal into simple sines and cosines, but you can also approximately reconstruct that signal given you have
information how the sines and cosines that make it up are stacked. More Formally - Put in more formal terms, suppose
is a periodic function with period 2π defined in the interval c ≤ x≤ c+2π and satisfies a set of conditions called the
Dirichlet‟s conditions then
can be represented by the trigonometric series

………………….. (1)
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The above representation of
is called the Fourier series and the coefficients
,
and
are called the fourier
coefficients and are determined from

by Euler‟s formulae. An example that illustrates (1) or the Fourier series is:

Fig. 1 A square wave (given in black) can be approximated to by using a series of sines and cosines (result of this
summation shown in blue). Clearly in the limiting case, we could reconstruct the square wave exactly with simply sines
and cosines.
Though not exactly the same, the idea behind Eigenfaces is similar. The aim is to represent a face as a linear combination
of a set of basis images (in the Fourier Series the bases were simply sines and cosines). That is :
Φi =
Where Φi represents the ith face with the mean subtracted from it, wj represent weights and uj the eigenvectors. The big
idea is that you want to find a set of images (called Eigenfaces, which are nothing but Eigenvectors of the training data)
that if you weigh and add together should give you back a image that you are interested in (adding images together
should give you back an image). The way you weight these basis images (i.e the weight vector) could be used as a sort of
a code for that image-of-interest and could be used as features for recognition. This can be represented aptly in a figure
as:

Fig. 2 Illustration of how a face image is reconstructed
In the above figure, a face that was in the training database was reconstructed by taking a weighted summation of all the
basis faces and then adding to them the mean face. Please note that in the figure the ghost like basis images (also called
as Eigenfaces, we‟ll see why they are called so) are not in order of their importance. They have just been picked
randomly from a pool of 70 by me. These Eigenfaces were prepared using images from the MIT-CBCL database (also I
have adjusted the brightness of the Eigenfaces to make them clearer after obtaining them, therefore the brightness of the
reconstructed image looks different than those of the basis images).
III. EIGENFACE APPROACH
A. Eigen Values and Eigen Vectors
In linear algebra, the eigenvectors of a linear operator are non-zero vectors which, when operated on by the operator,
result in a scalar multiple of them. The scalar is then called the eigenvalue (λ) [3] associated with the eigenvector(X).
Eigen vector is a vector that is scaled by a linear transformation. It is a property of a matrix. When a matrix acts on it,
only the vector magnitude is changed not the direction.
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AX=λX
…. (2.1)
Where A is a Vector function.
The Principal Components [7] (or Eigenvectors) basically seek directions in which it is more efficient to represent the
data. This is particularly useful for reducing the computational effort. To understand this, suppose we get 60 such
directions, out of these about 40 might be insignificant and only 20 might represent the variation in data significantly, so
for calculations it would work quite well to only use the 20 and leave out the rest. This is illustrated by this figure:

Fig. 3 Variation of data points
Such an information theory approach will encode not only the local features but also the global features. Such features
may or may not be intuitively understandable. When we find the principal components or the Eigenvectors of the image
set, each Eigenvector has some contribution from Each face used in the training set. So the Eigenvectors also have a face
like appearance. These look ghost like and are ghost images or Eigenfaces. Every image in the training set can be
represented as a weighted linear combination of these basis faces.
The number of Eigenfaces that we would obtain therefore would be equal to the number of images in the training set. Let
us take this number to be M. Some of these Eigenfaces are more important in encoding the variation in face images, thus
we could also approximate faces using only the K most significant Eigenfaces.
B. Calculations of Eigen Values and Eigen Vectors
By using (2.1), we have the equation,
(A-λI)X=0 ……. (2.2)
Where I is the n x n Identity matrix. This is a homogeneous system of equations, and from fundamental linear
algebra, we know that a nontrivial solution exists if and only if det (A-λI)=0 ………………. (2.3)
Where det() denotes determinant. When evaluated, becomes a polynomial of degree n. This is known as the
characteristic equation of A, and the corresponding polynomial is the characteristic polynomial. The characteristic
polynomial is of degree n. If A is n x n, then there are n solutions or n roots of the characteristic polynomial. Thus
there are n eigenvalues of A satisfying the equation,
AXi=λXi ………………. (2.4)
Where i=1, 2, 3….n
If the eigenvalues are all distinct, there are n associated linearly independent eigenvectors, whose directions are
unique, which span an n dimensional Euclidean space.
C. Repeated Eigenvalues
In the case where there are r repeated eigenvalues, then a linearly independent set of n eigenvectors exist, provided
the rank of the matrix
(A-λI) …………….
(2.5)
is rank n-r . Then, the directions of the r eigenvectors associated with the repeated eigenvalues are not unique.
IV. FACE RECONSTRUCTION SYSTEM
Here we have developed a system where accurate reconstruction of the face is not required what we concern here that to
reconstruct a face which can be identified by human being. So,each and every details of the reconstructed face is not
required. As accurate reconstruction of the face is not required, so we can now reduce the dimensionality to K instead of
M(K<M). This is done by selecting the K Eigenfaces which have the largest associated Eigenvalues. These Eigenfaces
now span a K-dimensional which reduces computational time also the space.
In order to reconstruct the original image from the eigenfaces, one has to build a kind of weighted sum of all eigenfaces
(Face Space). That is, the reconstructed original image is equal to a sum of all eigenfaces, with each eigenface having a
certain weight. This weight specifies, to what degree the specific feature (eigenface) is present in the original image. If
one uses all the eigenfaces extracted from original images, one can reconstruct the original images from the eigenfaces
exactly. But one can also use only a part of the eigenfaces. Then the reconstructed image is an approximation of the
original image. However, one can ensure that losses due to omitting some of the eigenfaces can be minimized. This
happens by choosing only the most important features (eigenfaces).
A. Assumptions
 There are M images in the training set.
 There are K most significant Eigenfaces using which we can satisfactorily approximate a face. Needless to
say K < M.
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 All images are N × N matrices, which can be represented as N2 × 1 dimensional vectors. The same logic
would apply to images that are not of equal length and breadths. To take an example: An image of size 112 x
112 can be represented as a vector of dimension 12544 or simply as a point in a 12544 dimensional space.
B. Algorithm for Finding Eigenfaces
 Obtain M training images I1, I2… IM, it is very important that the images are centered.



Fig. 4 Arbitrary face database
Represent each image Ii as a vector Ґi as discussed above.

Ii =

N2 x 1

NxN

= Ґi



Find the average face vector .
𝛹=



Subtract the mean face from each face vector Ґi to get a set of vectors ɸi. The purpose of subtracting the
mean image from each image vector is to be left with only the distinguishing features from each face and
“removing” in a way information that is common.
Φi = Ґi - 𝛹



Find the Covariance matrix C
C=AAT, where A=[ Φ1, Φ2……. ΦM]
Note that the Covariance matrix has simply been made by putting one modified image vector obtained in
one column each.
Also note that C is a N2 x N2 matrix and A is a N2 x M matrix.
We now need to calculate the Eigenvectors ui of C, However note that C is a a N2 x N2 matrix and it would
return N2 Eigenvectors each being N2 dimensional. For an image this number is HUGE. The computations
required would easily make your system run out of memory. How do we get around this problem?
Instead of the Matrix AAT consider the matrix ATA . Remember A is a N2 x M matrix, thus ATA is a M x M
matrix. If we find the Eigenvectors of this matrix, it would return M Eigenvectors, each of Dimension M x 1,
let‟s call these Eigenvectors vi.
Now from some properties of matrices, it follows that: ui=Avi. We have found out vi earlier. This implies
that using vi we can calculate the M largest Eigenvectors of AAT . Remember that M<< N2 as M is simply
the number of training images.
Find the best M Eigenvectors of C=AAT by using the relation discussed above. That is: ui=Avi . Also keep
in mind that ||ui||=1.






Fig. 5 Eigenfaces of face database in fig 3
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 Select the best K Eigenvectors, the selection of these Eigenvectors is done heuristically.
C. Finding Weights
The Eigenvectors found at the end of the previous section, ui when converted to a matrix in a process that is reverse
to that in STEP 2, have a face like appearance. Since these are Eigenvectors and have a face like appearance, they are
called Eigenfaces. Sometimes, they are also called as Ghost Images because of their weird appearance.
Now each face in the training set (minus the mean), ɸi can be represented as a linear combination of these
Eigenvectors ui :
Φi =
, where uj„s are Eigenfaces.
These weights can be calculated as :
wj = ujT Φi .
Each normalized training image is represented in this basis as a vector.

Ωi =

where i = 1,2… M. This means we have to calculate such a vector corresponding to every image in the training set
and store them as templates.
D. Reconstruction Task
Now we have found Ωi where i= 1,2… M and uj where j=1,2… K(K<M). So by just multiplying Ωi(where i is a
number which indicates which face we want to reconstruct) and uj(j=1,2… K) we reconstruct the face faithfully.
V. EXPERIMENTAL RESULTS
In this thesis for implementation of techniques MATLAB 7.0.2 version is used. In that image processing toolbox is used.
MATLAB® is a high-performance language for technical computing.
In our experiment we have used a face database which contains 40 number of face images. The face database contains
images of males, females, with glass in eye and without glass in eye.

Fig. 6 Orginal gray scale image database

Fig. 7 Some of the eigenfaces Now we want to reconstruct the image number 20 which looks like
© 2014, IJARCSSE All Rights Reserved

Page | 213

Subhajit et al., International Journal of Advanced Research in Computer Science and Software Engineering 4(1),
January - 2014, pp. 209-215

Fig. 8 Image number 20 in the database

Number of selected
Eigenfaces
5

TABLE- I
Number of Eigenfaces and Reconstructed image
Reconstructed image
Number of selected
Eigenfaces
25

10

30

15

35

20

39

Reconstructed image

So here we can easily conclude that if we choose number of eigenfaces between 30-35 we get a reconstructed image
which can be easily identified by human being. Orginal theory states that we need to add mean face image to the
summation of eigenfaes. But here we don‟t use the mean face addition concept but still get a reconstructed image which
is easily identified with the database image.
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Here we store eigenfaces and weight vectors in eigenfaces.mat and weights.mat files respectively. Before running of the
main program we need to load this two files respectively. Then user have to give a number which correspond to which
face is to be reconstructed.
VI. SIGNIFICANCE OF EIGENFACE APPROACH
We have seen the standard Eigenface Approach for Face Recognition. Here we find out M Eigenvectors for representing
training set images. Now it is important to choose only K Eigenvectors from these M Eigenvectors, such that K is less
than M, to represent face space spanned by images. This will reduce the face space dimensionality and enhance speed for
face recognition. Here we are reducing the dimensionality of face images. We can choose only K Eigenvectors with
highest Eigenvalues. Now as the higher Eigenvalues represent maximum face variation in the corresponding Eigenvector
direction, it is important to consider this Eigenvector for face space representation. Since, the lower Eigenvalues does not
provide much information about face variations in corresponding Eigenvector direction, such small Eigenvalues can be
neglected to further reduce the dimension of face space. Here only K Eigenvectors with higher Eigenvalues are chosen
for defining face space. The results of choosing various values for K are given in Results section. The most important
point here is to choose value of K (Maximum Eigen values chosen from Co-variance Matrix) so that it does not result in
high error rates for Face reconstruction process.
VII.
CONCLUSIONS AND FUTURE WORKS
The Eigenface approach for Face Reconstruction process is fast and simple which works well under constrained
environment. It is one of the best practical solutions for the problem of face reconstruction. Many applications which
require face reconstruction do not require perfect reconstruction but a reconstructed image which can be identified by
human being. So instead of searching large database of faces, it is better to keep small set of images called eigenfaces. By
using Eigenface approach, from this eigenfaces any face in the database can be reconstructed faithfully. For given set of
images, due to high dimensionality of images, the space spanned is very large. But in reality, all these images are closely
related and actually span a lower dimensional space. By using eigenface approach, we try to reduce this dimensionality.
The eigenfaces are the eigenvectors of covariance matrix representing the image space. The lower the dimensionality of
this image space, the easier it would be for face reconstruction. Any image in the datbase can be expressed as linear
combination of these eigenfaces. This makes it easier to reconstruct any image from databse. We have also seen that
taking eigenvectors with higher K eigenvalues instead of all M eigenvectors, does not affect performance much. So even
taking lower dimensional eigenspace for the images is important here.The other important part is making this choice of K
which will be crucial depending on type of application and error rate acceptable. More research needs to be done on
choosing the bestvalue of K. This value of K may vary depending on the application of Face Reconstruction. So various
methods for making best choice of K needs to be studied.
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