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Abstract

This paper describes a simple face recognition system based
onan analysis of faces via their Fourier spectra. Recognition
is done by finding the closest match between feature vectors
containing the Fourier coefficients at selected frequencies.
The introduced method compares favourably to three other
competing approaches implemented on the same database.
Keywords: Face recognition, Fourier coefficients, Neural
Networks, Eigenfaces

1 Introduction

The face is one of several features which can be used to
uniquely identify a person. It is the characteristic that we
most commonly use to recognise others and it plays a vital
role in our social interactions. No two human faces are iden-
tical which makes them well suited for use in identification
schemes, in the same way as fingerprints or DNA samples
are used.

Besides being a challenging problem in itself the impor-
tance of face identification systems lies in their potential
applications (access control, passport and personal identi-
fication, etc.). The obyious advantage of a face recognition
system compared to competing methods is its low level of
intrusion. It only requires looking into a camera.

Automated face recognition systems generally evolved
along two main routes, either the analysis of grey level in-
formation (often called template based) or the extraction of
mainly geometrical features (such as shape, profile or hair
colour). It can be expected that the most reliable systems
will combine both approaches and [5] describes how the
combination of shape and grey level information can achieve
better results than each approach used separately.

The most successful systems are reported to correctly
classify previously unseen faces to belong to the correct per-

son in 95-100% of the cases [5, 8, 11, 12, 2, 1]. As [6] point
out it is, however, not sufficient to simply compare these
percentages. Mainly because each database used will be as-
sembled under different constraints regarding lighting, head
tilt, facial expressions, gender and the ethnic origin of the
subjects.

The work presented here comprises a novel template
based approach that achieves 98 percent correct recognition.
Considering it’s simple algorithm this compares very well to
other methods that have been used on the same database of
facial images. Those methods consist of a system using Hid-
den Markov Models [8], a principal components analysis ap-
proach termed eigenfaces [11] and a backpropagation neural
network that was implemented by the authors for compari-
son purposes.

According to [7] humans are thought to view faces pri-
marily in a holistic manner and experiments suggest that
holistic approaches are superior to geometrical recognition
systems [3]. Our technique is based on the Fourier spectra
of facial images, thus it relies on a global transformation,
i.e. every pixel in the image contributes to each value of
its spectrum. The Fourier spectrum is a plot of the energy
against spatial frequencies, where spatial frequencies relate
to the spatial relations of intensities in the image. In our
case this translates to distances between areas of particular
brightness such as the overall size of the head, or the dis-
tance of the eyes. Higher frequencies describe finer details
and we found them less useful for identification of a per-
son, just as humans can recognise a face from a brief look
without focusing on small details.

The recognition of faces is done by finding the closest
match, in a Euclidean sense, between a newly presented
face and all those faces known to the system. The distances
are calculated between feature vectors with entries that are
the Fourier transform values at specially chosen frequencies.
As few as 27 frequencies yield excellent results (98%), this
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Figure 1: Padded Image (a), real (b) and imaginary (c) spec-
tra.

small feature vector combined with the efficient Fast Fourier
Transform makes our system extremely fast.

2 The Recognition System

2.1 Fourier Transformation

Let the dimensions of an image be N and M. There are two
frequencies u and v corresponding to the two coordinates x
and y. If f, , is the grey value at location (x,y) then the two-
dimensional discrete Fourier transform values f,, , are given
by:
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As the actual implementation was achieved using the
Fast Fourier Transformation an additional requirement was
that the image dimensions be a power of two. The resolu-
tions used in the available database of images were 46x56
and 92x122. Thus the images had to be padded to sizes of
64x64 and 128x128 respectively. Padding was achieved by
repeating the outermost grey values until the desired dimen-
sions were reached. This type of padding minimised the
introduction of sharp changes and their attendant higher fre-
quency content in the spectra. Figure (1) shows an example
padded image (128x128) with its real and imaginary spectra.
As the images are real both spectra are symmetric around the
origin which means only half of each carries valuable infor-
mation.

2.2 Selecting Frequencies

From the spectra it can be seen that almost all the informa-
tion is contained near the centre, i.e. within the low frequen-
cies. Thus it seems reasonable to assume that these frequen-
cies will also provide the best ground for a recognition sys-
tem. Even though appealing on first sight this needs some
further justification. It is not necessarily the case that those
frequencies which contain most of the information within an
image will also carry most information about the differences
between the images - and all a recognition system needs to
know are the differences. Therefore the variance of each fre-
quency across the whole training set was calculated to iden-
tify which frequency values varied the most. The variance
is given by:
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The next step is then to order the frequencies with re-
spect to their variance and only use the earlier frequencies -
how many will depend on the implementation. However, ex-
amining which frequencies do actually vary most one finds
that it is in fact the low frequencies. Figure (2) (a) and (b)
show the location of the first 200 thus ordered frequencies
in the spectra - they are shown as white pixels while the re-
mainder are black. Indexing the frequencies according to
the above order gives the first basic set-up for our system,
this arrangement will be called variance based.

When looking at Figure (2) it can be seen that the valu-
able frequencies do not lie in a circle around the origin but
more in a rhombus shaped region. As mentioned above one
half of the spectra contains all the information. However
further reduction is possible, the highest variance is found
directly on the axes, where one of the frequencies is zero.
As we use only half of the spectra only one axis is entirely
present. However, because the image is real there is an ad-
ditional symmetry along this axis, i.e. only half of it holds
useful information.

As the most important part (the axis) does not contribute
to the information content anyway it then seems a promising
idea to totally discard another quadrant. Hereby reducing
the amount of data still further.

One might argue that a face is in fact an even picture
with respect to one dimension - since both halves are almost
exactly the same. This is true to some extent for perfect
frontal views but most of the images considered here contain
slightly tilted faces and their spectra were not found to be
even.

Figure (2) (c) shows the numbering of the frequencies
for only one quadrant (lower right corner). This number-
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Figure 2: Most variant Frequencies: (a) real, (b) imaginary
and (c) selected numbering.

ing is chosen for its simplicity and does not correspond pre-
cisely to the amount of variance the frequencies carried but
it makes the system independent of the variance calculation,
ie. no large data set is needed for initialisation. For the
imaginary part of the spectrum the (0,0) frequency is omit-
tedas it is always zero. This set-up is called lower quadrant.

How much information is contained within these fre-
quencies? To illustrate the answer to this question some
of the frequencies with most variance were removed (set to
zero) from the spectra followed by an inverse transformation
so the effect could be observed. Figure (3) contains three
such images: The first is the original; the second has the 5
most variant frequencies (real and imaginary part) removed;
the last shows the removal of the imaginary part of the 40
most variant frequencies.

Inspection of these images suggests that removing rela-
tively few frequencies from the spectra produces images that
are quite difficult to identify. Thus it can be concluded that
these frequencies contain valuable information for face iden-
tification. Another observation is that the real part seems to
be more useful than the imaginary one.

23 Classifying Faces

Having established which frequencies to use the next task
i§ to classify the faces. Each frequency (real or imaginary
part) gives a value that is used as an entry in a feature vector.
Choosing frequencies equates to the selection of axes onto
which the faces are projected to give the coordinates i.e. the
entries in the feature vector.

As the functions (combinations of cosines and sines)
onto which the images are projected are orthonormal they

c)

Figure 3: Effect of removing frequencies: (a) Original, (b) 5
most variant frequencies (real and imaginary part) removed
and (c) after setting the imaginary part of the 40 most variant
frequencies to zero.

form an Euclidean space. Hence classification can be done
by means of the Euclidean distance. The distances between
the feature vector of a presented test face and all the feature
vectors in the training set are calculated. The smallest dis-
tance then gives the closest match. If that match belongs to
the same person the classification was successful. This al-
lows the use of a threshold in order to gain some confidence
in the decision, if the distance of the closest match is greater
than the selected threshold the system rejects the test image.
Use of a threshold makes it possible to reject faces that do
not belong to the trained subjects - a very important property
for a face recognition system.

There is no apparent reason why the feature vectors of
different faces should be linearly separable. Therefore a
non-linear classifier was also constructed using a backpropa-
gation neural network and its performance compared to that
of the linear Classifier.

3 Experiments

3.1 The database

The experiments used the Olivetti Research Ltd (ORL) face
database. The database contains 400 images compiled from
40 subjects with 10 images each. The images were taken
against a dark homogeneous background with varying light-
ing conditions. The faces are in a frontal upright position
and show a range of expressions. Side movement and head
tilt were tolerated to a limited extent only. The subjects in-
clude 4 females and 36 males within the age range of 18 to
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Figure 4: Three example face images.

71 years but most subjects are between 20 and 35 years. The
original resolution of the images was 92x112, 8-bit grey lev-
els. In order to speed up the classification and to reduce the
amount of data needed (in particular with respect to neural
networks) this resolution was reduced to 46x56 by simply
averaging four neighbouring pixels. Figure (4) shows three
examples of the database. Of the 10 images per subject 5
were selected at random for training and the remaining 5
were used for testing, i.e. 200 training and 200 test images.

3.2 Classification

Experiments using pure classification (i.e. without thresh-
olding) showed that the best results are found for the vari-
ance based system if 22 real and 8 imaginary frequency val-
ues were used. The resulting correct classification was 98%
(196 out of 200). Several different combinations of frequen-
cies from the lower quadrant system yielded the same re-
sult. The selection requiring the smallest number of vari-
ables used 15 real and 12 imaginary frequencies. In the lat-
ter arrangement using as few as 5 real plus 5 imaginary fre-
quencies lead to 95% correct identification, i.e. 10 variables
are sufficient for classification.

If instead of the Euclidean classifier a neural net was
used (on the same feature vectors) the performance was
found to drop by 2 to 3.5 percent for the optimum results.

"Those networks were fully connected with a single hidden
layer and used error backpropagation.

"To see if the above mentioned reduction in the resolu-
tion influenced the performance the system was tested on
the original resolution (92x112) as well. No change in per-
formance was observed.

It seems reasonable to assume that the choice of training
and test images could influence the performance. To sce
if that was the case the system was tested using two other
randomly chosen divisions of training and test sets. In both
experiments the correct identification remained at 98%.

For some applications it may be desirable for the system
to be adjusted to make 0% misclassifications. That is rather
than classify wrongly to reject some of the presented faces.
It was found that it is indeed possible to obtain 0% misclassi-
fications, however the correct classification percentage was

Figure 5: Images used to detect the presence of a face.

reduced to between 65.5% to 82% depending on the set-up.

3.3 Detection of Faces

To see if the system is able to detect the presence of a face
in a given image the images shown in Figure (5) were pre-
sented to the system. The distances between the closest
match in the training set and the additional images were
found to be significantly larger for the first three images.
Interestingly the mouse was found to be closer to the human
faces than the other two images. The nearest match was
found to be closer for the last two additional images, which
contain previously unseen faces. The distances were com-
parable to the largest ones encountered using the database.

However, those distances are far larger than the average
and the threshold can easily be set such that these faces were
not identified as belonging to any of the trained subjects. It
is interesting to note how the system reacts to the cartoon.
While the smallest distance normally lies in the same range
as the other non- facial images it comes close to the two
faces if the (0,0) frequency is not taken into account. This
frequency encodes the mean grey value. Clearly the cartoon
is much brighter than the other images. That can be taken as
another hint that it is indeed on a rather coarse scale recog-
nition of faces takes place [2].

3.4 Unknown Faces

For many uses of a face recognition system, including all
access applications, it is essential that no strangers are mis-
taken for one of the persons in the training set. To assess how
well our system meets this requirement one person’s facial
images were excluded from the training data and all 10 of
the person’s images were used for testing. This was done
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with three different subjects chosen at random. The lim-
ited number of test cases used in this experiment means that
the results are only indicative. However, the results indicate
whether such a rejection is possible and what performance
penalties have to be expected.

The definition of acceptable performance depends on the
final application and dictates what an appropriate test of the
system would be. In our situation we have 200 examples
of known and 30 examples of unknown faces, thus the in-
correct acceptance of one single unknown face will have a
particular statistical significance. This might be appropriate
if access to a building is to be controlled, however for Sys-
tems like verifying access to bank cash machine, a rejected
known face is nearly as undesirable as an accepted unknown
face.

We decided to simulate an application where access to
a building is controlled by a face recognition system. The
problem is then reduced to a simple yes or no - either known
or unknown. If a known face is correctly or wrongly clas-
sified is not taken into account but treated separately as de-
scribed above.

4 Other Methods

4.1 Eigenfaces

The eigenface method has been used for comparison pur-
poses as it was one of the most successful algorithms avail-
able. This method was developed at M.LT. by [11]. In what
is called Principal Component Analysis a few parameters
used for representation are extracted from a face. Those
parameters are obtained by a projection of the face onto a
coordinate system given by the eigenvectors of the covari-
ance matrix of the training set. These eigenvectors, them-
selves images, are termed eigenfaces and span a vector space
called face space. Each face is then encoded by means of its
coordinates in this face space. Matching of two faces cor-
responds to a calculation of the Euclidean distance between
their face space representations.

It was found that using 65 eigenfaces gives the best re-
sults (with as few variables used as possible) on the im-
ages used here. The classification was correct in 94% of
the cases.

4.2 Neural Networks

For comparison neural networks were investigated to iden-
tify faces. The nets used were trained using the backprop-
agation algorithm. Each face image comprised 2576 pixels
(46x56) and each pixel was assigned to one input node. As
there are 40 subjects in the database the nets have 40 out-
put nodes. The performance of the networks was consid-
erably improved if instead of the original grey values the

Figure 6: Average face and example difference faces.

differences to a previously calculated (from the training set)
average face were used as input [9]. The average face plus
two examples of original and difference images are shown
in Figure (6). The most successful networks were fully con-
nected and contained a single hidden layer. Correct classifi-
cation was 94% with 30 neurons in the hidden layer, 96.5%
using 60 hidden units and 94% when using 70 hidden neu-
rons. To reduce the classification error and exclude the mis-
taken acceptance of unknown faces a threshold for the win-
ning output node can be used.

S Comparison of the Methods

If a recognition system is to be used in a fully automated en-
vironment it is of paramount importance that the number of
errors made are minimised. We therefore analysed how the
performance of the various systems varied as the error rate is
reduced through the application of an acceptance threshold.

Figure (7) a) shows a graph of the percentage of known
faces correctly accepted against the percentage of unknown
faces wrongly accepted for all three methods provided with
images from the ORL database.

It can be seen that the Fourier Transform based system
developed by the authors shows superior performance over
the whole range. The neural networks show rather incon-
sistent results and with some of them it is not possible to
eliminate all errors. However, one of them performs better
than the eigenface method.

Figure (7) b) contains a graph of the performances of
the three methods when they are confronted with unknown
faces as described in Sect. 3.4. Again the Fourier Transform
based system produces the best results. However, the neural
net with 70 units in its hidden layer does achieve compara-
ble results. The other networks and the eigenface method
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Figure 7: (a) Classificaton results and (b) Rejection results.

perform less well.

It is remarkable that all the methods are capable of dis-
tinguishing between known and unknown faces. If no error
is tolerated then the best systems are still able to grant access
to known persons in more than 85 percent of the cases. As
it was said before these figures should not be seen as abso-
lute values as the number of test cases was limited, however,
they show how the implemented methods compare to each
other.

Recently other more involved algorithms produced com-
parable and even better results on the ORL database. As they
have not been implemented by. us the only available figure
is the pure classification rate: 95% using Pseudo 2D Hidden
Markov Models on the grey values [8]; 98.3% based on frac-
tal transformations [10]; 99.5% with Hidden Markov Mod-
els used on locally computed coefficients of the discrete co-
sine transformation [4]; 100% using Pseudo 2D-HMM also
on discrete cosine transformation coefficients [1].

6 Conclusion

A new approach to face recognition was presented which
does achieve excellent recognition results both as a classifier
and when confronted with faces not belonging to any of the
persons used for training. The method is considerably less
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complicated than its competitors when one considers how
well the Fourier Transformation is understood and the avail-
ability of many routines for its fast implementation. How-
ever, given the size of the database used the results mainly
serve the purpose of introducing a new technique and to pro-
vide some clues as to its performance.

The number of rejections that have to be tolerated if an
incorrect acceptance is not to occur is rather high. It has to
be said that at least for security applications there will still
be a human required to take the final decision. Yet a combi-
nation of the holistic approach presented here with a method
based on the extraction of geometrical features might lead to
further increases in reliability.
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