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Abstract. This paper presents two feature extraction methods for developing face
verification algorithms based on the Gaussian Mixtures Model (GMM). The first
one using the discrete wavelet transform, (DWT) while the second is based on
the discrete Gabor transform (DGT). In both cases, firstly the feature extraction
is carried out using either the DGF or the DWT. Next the Gaussian Mixture
Model (GMM) is used to perform the face verification task. Evaluation results
using the standard data bases with different parameters, such as the mixtures
number, the number of faces used for training as well as the transform used for
feature extraction show that proposed system provides better results that other
previously proposed systems with a correctly detections larger than 95%, using
any of these transforms,. Although, as happens in must face recognition systems,
the verification rate decreases when the target faces present some rotation
degrees.

1 Introduction

The development of security systems based on biometric features is currently a topic
of active research, because it has a great importance in the development of the identity
verification systems for access control, to enforce the security in restricted areas, and
several other security applications. The terrorist attacks that have happened during the
last decade have done evident the necessity of developing more reliable security
systems, in offices, banks, companies, trades, etc. ~Among them the identity
verification based on biometric methods appear to be a good alternative for the
development of such security systems.

The biometrics systems consist of a group of automated methods for recognition or
verification of people identity using physical characteristics or personal behavior of the
person under analysis [1]. This technology is based on the fact that each person is
unique and possesses distinctive features that can be used to identify her/him.
Following these ideas several biometric based security systems have been developed
using fingerprints, iris, voice hand and face features. Among them, the face
verification systems appear to be a desirable alternative because in is non-invasive and
its computational complexity is low, it is the biometric method easier of understanding
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since for us the face is the most direct way to identify people; besides that the data
acquisition of this method consists on taking a picture, doing it one of the biometric
methods with larger acceptance among the users.

The recognition is a very complex activity of the human brain. For example, we can
recognize hundred of faces learned throughout our life and to identify familiar faces at
the first sight even after several years of separation with relative easy. However for a
computer it is not a simple task. For instance, recently proposed face recognition
systems, achieve a recognition rate of about 91% when the face image is not rotated or
the rotation is relatively low. However although, this recognition rate is good enough
for several practical applications, it may be so large for applications where the security
should be extreme; such that we cannot tolerate a high erroneous recognition average.
This paper proposes a face recognition algorithm that is able of achieving an erroneous
verification rate below 9%. Several methods have been proposed for face recognition
[2], [3] such as the methods based on statistical correlation of the geometry [4]; the
face form which uses the distances among the position of the eyes, mouth, nose, etc. as
well as those using the neuronal networks technology that trait to imitate the operation
of the human brain [2]. Many of these systems can recognize a person even when they
present some physical changes, such as the growth of the beard or mustache, changes
in the color or the style of the hair, the use of glasses, etc. Although in general are
sensitive to rotations of the face images.

Before starting the proposed methods analysis used for face recognition, it is
necessary to point out the verification concept. In face verification, the person says to
the system about his/her identity, presenting an identification card or writing a special
password. The system holds the person's features (for example the persons face in this
case), and then proceeds to solve if the person is who (his/her) claims to be.

Input face pzlllchFculures Extraction using the DGF or DWT—H GMM training stage
Decision (accepted / rejected). Hl:riﬁcalion algorithm H Test stage |

Fig. 1. Proposed face verification algorithm.

2 Proposed System

This section provides a detailed description of the proposed face verification algorithm
which consists of three stages. Firstly a feature extraction of the face is carried out,
using either the Gabor discrete transform (DGF) or discrete wavelet transform (DWT).
Next using these features vectors, a model for each face is obtaining using a Gaussian
Mixtures Model (GMM). Finally during the verification process, the GMM output is
used to take the final decision. Figure 1 shows the block diagram of proposed
algorithm.
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Fig. 2. DGT model.

2.1 Feature extraction with DGT

The feature extraction stage is one of the most important steps in any pattern
recognition system. To this end, the proposed algorithm uses the DGT which has some
relation with the human visual system (HVS). The two dimensional discrete Gabor
functions (2D-DGF) depends on four parameters, two of them express their localization
in the space (x, y) while the other two express the spatial frequency, f,, and the
orientation @,, where m=1,2,.N; and n=1,2,..,Ny[5]. Thus to estimate the features
vector, firstly the captured image (NxM) is divided in M, M, receptive fields each one
of size (2N+1)x(2N,+1) (Fig. 2), where N,=(N-M,)/2M,, Ny=(M-M,)/2M,. This fact
allows that the number of elements in the features vector be independent of the
captured image size. Next, the central point of each receptive field whose coordinates
are given by (c;d;), where i=1,2,..,N,; k=1,2,3,...,N,, are estimated. Subsequently the
first point of the cross-correlation y(u,v) between each receptive field and the NN,
Gabor functions h,, 4x,y) is estimated, where

hyg(x.y)=g(x',y")exp(2mfp (x'+y")) @
where denotes the Gabor function, and
(x',»")=((xcosg, + ysing,),(~xsin g, + ycosd,)) @

As shown in Fig. 1, NN, correlations are estimated for each receptive field, leading to
an extremely large features vector. Thus to reduce the elements in the features vector,
the first point of the total cross correlation between each receptive field and the set of
DGF is used, which can be obtained taking the average of y(u,v) with respect to v.
Therefore the proposed algorithm features vector M(u), is given by

3)

1 Ny
M(u)= N_Z IV/ (",V)l
v v=1l
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where N,=NN,.. To do the proposed method robust against changes of sizes and
translation: the algorithm firstly assumes that the gray level of picture background is
constant. Next the algorithm estimates the position and size of the image by analyzing
the gray label variation on the image. Once the image size and position have been
estimated. the image is divided in 12x9 sections, as shown in Fig. 2, whose central
point will be always located in the space position (x, y), where x=0 and y=0. After the
image was divided in 108 sections. the features vector was estimated with 9 phases and
6 normalized frequencies as mentioned before. This produces a matrix with 5832
elements that are subsequently reduced to 108 using eq. (3).
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Fig. 3. a) Original image. b) Cross correlation matrix between DGF and receptive fields. c)
Features vector obtained of proposed algorithm.

2.2 Feature extraction with DWT

The most commonly used set of discrete wavelet transforms was formulated by the
Belgian mathematician Ingrid Daubechies in 1988. This formulation is based on the
use of recurrence relations to generate progressively finer discrete samplings of an
implicit mother wavelet function; each resolution is a half of that of the previous scale.

The DWT of a given signal x is estimated by passing it through a series of low pass
and high pass filters (Fig. 4. First the samples are passed through a low pass filter with
impulse response g(n,m) resulting in a convolution of the two. The signal is also
decomposed simultaneously using a high-pass filter i(n,m). The detail coefficients are
the high-pass filter outputs and the approximation coefficients are the low-pass ones. It
is important that the two filters, related to each other, are known as a quadrature mirror
filter. However, since half the frequencies of the signal have now been removed, half
the samples can be discarded according to Nyquist’s rule. The filter outputs are:

Yiow (nym)= 3" 3 x(n,m)g(2n - k,2m - j) 4)

jr— k=

Yoy (n,m) = Z Z x(n,m)g(2n - k,2m - j) ©)]

Jr—xhk=—

This decomposition reduces the spatial resolution since only a quarter of each filter
output allows characterizing the face image. However, because each output has band
width equal to a quarter of the original one, the output image can be decimated to
reduce the image size.
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Fig. 5. Gaussian Mixture Model

Here only the approximation coefficients are used to characterize the face image.
This decomposition is repeated to further increase the frequency resolution and the
approximation coefficients decomposed with high and low pass filters and then down-
sampled. This is represented as a binary tree with nodes representing a sub-space with
different time-frequency localization. The tree is known as a filter bank.

At each level in the above diagram the signal is decomposed into low and high
frequencies. Due to the decomposition process the input signal must be a multiple of 2"
where n is the number of levels. For example a signal with 32 samples, frequency
range 0 to f, and 3 levels of decomposition, 4 output scales are produced:

2.3 Face verification stage

To perform the face verification task a GMM will be used because, the GMM,
which consists of a sum of M weighted Gaussian density functions, is able to
approximate any probability distribution if the number of Gaussian components is large
enough. Consider the GMM shown in Fig. 5 which is described by the following
equation [6]:
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P(RIA) =Y pibi(%) )
i=]

where ¥ is a N-dimensional vector, b{ X ),i=1,2,...M, are the density components and

pi i=1,2,...M, are the mixture weights. Each density component is a D-dimensional

Gaussian function given as:

desiall o ag il ol s aYor (5 & Q)
bi(X)_(er)Dlzlail”2 cxp{ Z(X e y')}

Where ( )* denotes the transpose vector, y; denotes the mean vector and o; the
covariance matrix which is assumed to be diagonal; and p; are the mixture weights

which satisfies that Z ?_'I__l p; = 1. The model of the distribution is determined by the

mean vector, the covariance matrix and the distribution weights for a face model is
given by A= {pi,y,-,o',-} i=12,.,M. The estimation of the optimal parameter is a
non-linear problem, such that we need an iterative algorithm to estimate the optimal
parameters of the face verification algorithm, and the Maximum Likelihood algorithm
(ML) is used to search the optimal parameters of the system, providing the best
approach to the face model under analysis. So then the goal is to find the best
parameters of A that maximize the a posteriori probability distribution. For a sequence
of vectors T of training X={X,...,x7}, GMM likelihood can be written as [7]:

p(x12)=T1., p(x,12) (8)

Equation (8) is not lineal in relation of the parameters A, then is necessary to carry out
the estimation in an iterative way using the Expectation-Maximization algorithm (EM),
in which starting from an initial set of parameters A(r-1) and a new model is estimated
J(r), where r denotes the r-th iteration, so that:

p(X74()2 p(X 1 4(r-1)) )

To achieve this goal, each T partial feature vectors X,, of the GMM parameters are
updated [7]. During the testing phase we need to estimate the probability that one face
under analysis corresponds to a given model, that is P{A/X). To achieve this, the
Bayes theorem is used, then obtain:

T 10
R=3log,(p(x,12)) a0
=1

where p(X/7) is the conditional probability of the face X given by face model A, this is
the GMM system response shown in the Fig. 6.
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3 Evaluation Results

The evaluation of proposed system was carried out by computer simulations using
the database created by Olivetti Research Laboratory in Cambridge, UK (ORL), which
consists of images of 30 people with 10 images of each one which differs on, face
rotation, different inclination, etc. The images have a size of 92 x 112 pixels.

After the feature vector is estimated using the DGT or the DWT it is applied to a
GMM for obtaining the model of the face under analysis. This is achieved introducing
the estimated vectors to the Gaussian mixture model (GMM) to obtain the weights, the
mean and variance as described in (6], [7]), where for training we assume that the 108
elements obtained in the feature extraction stage are divided in partial features vector of
L elements as follows

S ={X0, X1, X200 X7, X741, XT 42, XT 43000 X 1) amn

Subsequently, form a group of vectors in L segments with T features vectors, Xt, each
one in the following way:

So = {X0, X1, X2, X, Xy 410000 X7} (12)

Sk = X0 Xua1s Xiazores Xoo Xyt o X0k} a3

In this work the system uses T=12 in order that each 12 feature vectors of the GMM
paramelers being updated. In the table 1 and 3 the face rejection results using the DGT
DWT respectively are shown, the Fig. 2 and 4 show the false acceptation rate using
DGT and DWT respectively.

Table 1. False rejection error using DGT.

# of faces of # Low Half high
training Gaussian threshold threshold threshold
Mixtures % % %
9 12 8 5.1
1 face 16 18.5 129 8.7
32 124 9.2 6.8
9 12 7.7 47
3 faces 16 13.26 9.1 5.9
32 8.66 6.48 4.6
9 9.3 5.9 4
5 faces 16 10.9 7 44

32 59 4.6 3.9
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Table 2. False acceptation error using DGT.

# of faces of # Low Half high
training Gaussian  threshold  threshold threshold

Mixtures % % %
9 11.57 6.71 3.14

1 face 16 18.5 12.35 7.7
32 11.8 8.34 5.62
9 11.4 6.5 3.13

3 face 16 12.5 8 45
32 7.42 5 29

9 8.7 4.5 22

5 face 16 10.2 5.8 29

32 4.4 28 2

Table 3. False rejection error using DWT.

# of faces of  # Gaussian Low Half high
training Mixtures threshold threshold threshold

% % %

12 4.55 4 3.41

1 face 16 5.53 4.2 3.3
32 9.8 7.9 6.1
12 1.5 2.18 2.26
3 faces 16 8.8 7.32 6.08
32 16.7 14.8 13.3

12 6.7 5.9 5.3

5 faces 16 3.6 3.2 29
32 34 3 29

Table 4. False acceptation error using DWT.

# of faces of # Low Half high
training Gaussian  threshold threshold threshold

Mixtures % % %

12 3.82 2.63 1.74

1 face 16 4.54 3 1.9
32 9.2 7.11 5.1

12 0.66 0.56 0.43

3 face 16 8 6.45 5.11

32 16.3 14.3 12.7

12 5.8 4.3 3.34

5 face 16 1.31 0.9 0.44
32 1.45 1 0.8

In the verification stage a threshold is used which depends of the face under
analysis. Top improve the verification performance this threshold may be divided in
three categories: low, half and high thresholds. Two variants more were introduced for
evaluation: one is the numbers of faces used for the training and the second one is the
numbers of Gaussians mixtures to be used and these variants are applied in the two
used techniques
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Simulation results show that proposed algorithm performs fairly well in comparison
with other previously proposed methods [1], [2], [6], even with faces that present an
appreciable rotation, as happens in the ORL database. We can also see that there is not
a much difference between using DWT and DGT.

4 Conclusions

This paper presented two face verification algorithms in which the DGT or DWT are
used for feature extraction and the GMM to perform the verification task. Evaluation
results obtained were very different with each one of the variants proposals, from
18.5% in the worst case, until 3.9% in the best case, using DGT, and 16.7% in the
worsl case, until 2.9% in the best case, using DWT. These results are very satisfactory
if we consider that the database used is composed by 30 persons. This quantity of face
is very similar to any database in a real application. In the case of accepling a person
with a false identity we have a percentage of error of 18.5% at worst case and a 2% in
the best one using the DGT; while using the DWT we have a 16.3% cases at worst
case; and a 0.44% in the best one using DWT. In summary, can observe that the
system performance becomes better when more faces are used for training the GMM
and it has a larger number of mixtures. This is valid for false acceptation error as well
as for false rejection error.
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