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ABSTRACT

This article presents a facial expressions classification
experiment using neural networks. The classification
system is based on attributes extracted from human faces
images using the principal component anaysis (PCA)

technique. Well-framed images were used in order to

smplify the face detection on the image. Two diffeent
models of neura networks have been applied as
classifiers. back-propagation and RBF networks. In the
experiments for performance evaluation the networks
achieved a recognition rate equa to 71.8% and 73.2%
respectively for Back Propagation and RBF, \uich is
consistent with the best results reported in the literature
for the same data base and testing paradigm. An analysis
of the confusion matrix suggest the combination of both
networks for a better performance.
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1 INTRODUCTION

The interest in systems for the automatic recognition
of facial expressions has recently increased. Such systems
are clearly relevant in studies of human behavior, since
facial expressions are a manifestation of human emotions.
Facial expressions aso have an important role in the non
verbal communication among human beings. Studies
indicate that the role of facial expressions many times
surpasses the one of the actual words [1]. This has
awakened the interest in many computer vision
researchers, who are trying to develop more effective
techniques for computer -human interaction.

Any automatic system for the recognition of facial

expressions must deal with three basic problems:
detection of the human face in a generic image, extraction
of relevant attributes from the facia image; and finally
the classification itself.
Locating a face in a generic image is not an easy task,
which continues to challenge researchers. Once detected,
the image region containing the face is extracted and
geometrically normalized, usually maintaining a constant
inter-ocular distance. References to detection methods
using neural networks and statistical approaches can be
found in [2] and B]. This paper does not tackle the
problem of face detection. All of the experiments
presented in the next sections used well-framed face
images asinput.

The second problem concerns with the selection of a
set of attributes that could represent appropriately the
emotions expressed on the images. Among the proposed
approaches for the selection of attributes [4] the
Principal Component Analysis algorithm (PCA) has been
frequently used [5].

Regarding the third problem, neural networks have
been successfully used as classifiers on face recognition
systems (as in [6], [/] and [8]). In Rosemblum et al.,
geometrical characteristics have been extracted from
sequences of images and applied to a RBF (Radial Basis
Function) neural network, acting as a classifier.

This paper evaluates the performance of two neura
network algorithms for the automatic facial expressions
recognition: Back-Propagation and RBF neural networks
[9]. Unlike [6], the system proposed here utilizes well-
framed, static images, obtained by a semi-automatic
method. Instead of geometrical attributes, the principal
components analysis have been applied to generate the
vector of relevant attributes. Many experiments have
been carried out in order to evaluate the performance of
the system proposed.

The remaining of this paper is organized as follows.
Section 2 describes the system proposed, presenting a
brief description of the PCA technique and of neura
networks. Section 3 describes the experiments that have
been performed. The results are then shown in section 4,
which is followed by the conclusionsin section 5.

2 METHODOLOGY

21 System’s General Architecture

The automatic system proposed for the recognition
of facial expressions is composed of three stages:
detection, extraction of attributes and classification, as
shown in figure 1.

The first stage is performed by a semi-automatic
method. The extraction of attributes is performed using
Principal Component Analysis algorithm, as described in
section 2.2. On the classification stage, two neura
network models have been used: Back-Propagation (BP)
e Radial Basis Functions (RBF) [9].

Detection Extraction of
Attributes
{ Clas

Classification (Neural Network)

Figure 1: Genera Architecture of the Facial Expression
Recognition System.

22 Using PCA for the Extraction of Attributes

The system presented in this work explores the
concept of eigenfaces, proposed originaly in [10] and
extended in [11], [12], [13], [14] and [15]. An image
having n =N?M pixels can be seen as a point in an n-
dimensional space. (PCA) identifies the orthonormal base



of the subspace which concentrates most of the data
variance.

An image is represented by a n?1 row vector
obtained by concatenating the rows of each image matrix
of sizen = N?M pixels Given a sample with K grayscale
images, a training set {x; | 121?K} can be built. The base
for the subspace is derived from the solution of the
eigenvector/eigenval ue problem:

? 2F'SF, )

where S is the sample covariance matrix, F isthe n?n

matrix of the eigenvectors of S, and ? is the
corresponding diagonal matrix of eigenvalues. To reduce
the dimensionality, only the p (p < n) eigenvectors
associated with the p greatest eigenvalues are considered.
The representation y in the p-dimensional subspace of a
face x can be obtained by:

y 2 (X?%)F ., @)

where x is the row face vector, X is the corresponding
sample mean and F pisthe n?p matrix formed by the p

eigenvectors with the greatest eigenvalues. It can be
proved that this approach leads to the p-dimensional
subspace for which the average reconstruction error of
the examples in the training set is minimal.

2.3 Neural Networks

Neural computing has re-emerged as an important
programming paradigm that attempts to mimic the
functionality of the human brain. This area has been
developed to solve demanding pattern processing
problems, like speech and image processing, which were
intractable or extremely cumbersome when implemented
using traditional computing [ 16].

By analogy with the human brain, neural networks
are massively pardlel systems that rely on simple
processors and dense arrangements of interconnections
[17]. These networks have demonstrated their ability to
deliver simple and powerful solutions in areas that for
many years have chalenged conventional computing
approaches.

A neurd network is represented by weighted
interconnections between processing elements (PEs).
These weights are the parameters that actually define the
non-linear function performed by the neural network. The
process of determining such parameters is called training
or learning [L8], relying on the presentation of many
training patterns. Thus, neural networks are inherently
adaptive, conforming to the imprecise, ambiguous and
faulty nature of real-world data.

231 Back -Propagation Networ ks

The most widely used neural network is the Back
Propagation algorithm. This is due to its relatively
simplicity, together with its universal approximation
capacity [19].

The back-propagation algorithm defines a systematic
way to update the synaptic weights of multi-layer
perceptron (MLP) networks. The supervised learning is
based on the gradient descent method, minimizing the
global error on the output layer.

The learning agorithm is performed in two stages
[9]: feedforward and feed backward. In the first phase
the inputs are propagated through the layers of processing
elements, generating an output pattern in response to the
input pattern presented. In the second phase, the errors

calculated in the output layer are then back propagated to
the hidden layers where the synaptic weights are updated
to reduce the error.

This learning process is repeated until the output
error value, for al patternsin the training set, are below a
specified value.

The definition of the network size (the number of
hidden layers and of neurons in each layer) is a
compromise between generdization and convergence.
Convergence is the capacity of the network to learn the
patterns on the training set and generdization is the
capacity to respond correctly to new patterns. The ideais
to implement the smallest network possible, so it is able
to learn all patterns and, at the same time, provide good
generalization.

The Back Propagation, however, has two major
limitations: a very long training process, with problems
such as local minima and network paralysis; and the
regtriction of learning only static input -output mappings
[9]. To overcome these restrictions, new algorithms have
been devised.

232 Radial Basis Functions

Radial Basis Functions (RBF) have attracted a great
deal of interest due to their rapid training, generality and
simplicity R0]. When compared with traditional multi-
layer perceptrons, RBF networks present a much faster
training, without having to cope with traditional Back
Propagation problems, such as network paralysis and the
local minima. These improvements have been achieved
without compromising the generality of applications. It
has been proved that RBF networks, with enough hidden
neurons, are also universal approximators [21] .

The RBF network is based on the simple idea that an
arbitrary function y(x) can be approximated as the linear
superposition of a set of localized basis functions 2(x),
leading to a structure very similar to the multi-layer
perceptron. The RBF is basically composed of three
different layers: the input layer, which basicaly
distributes the input data; one hidden layer, with a
radially symmetric activation function, hence the
network’'s name; and one output layer, with linear
activation function. For most applications, the gaussian
format is chosen as the activation function ?(x) of the
hidden neurons.

3  EXPERIMENTS
31 Image database

The database used in this work has been extracted
from ATR Human Information Processing Research
Labs. It consists of 213 grayscale images of 9 Japanese
women. The database contains pictures with the six basic
facial expressions, as defined in the Facial Action Coding
Sysem (FACS) [22]: disgust, fear, anger, sadness,
surprise and happiness expressions. For each person,
there are three or four images of each expression.

The figure below illustrates the six types of
expressions used in this work.



"surrise.'
Figure 2: Facial Expressions

A large portion of the images of this database carries
no relevant information for the classification procedure.
So the image region covered by the face was extracted
from the complete image, as shown in Figure 3. This
could be easily implemented given that all images were
well centered. After extraction, the faces were resized to
64x64 pixels, in order to reduce the computational load.

Figure 3: Extractig the image region containing the face
3.2 Dimensionality reduction using PCA

The rows of each image matrix produced by the pre-
processing stage are concatenated in order to form line
vectors. In this way, vectors with 4096 elements are
created from the 64x64 face images.

The image set is divided in two subsets. one used for
neural network training and the other one used for
validation. An average vector of the training subset is
then calculated and subtracted from all vectors, as
required by the PCA agorithm (see equation 2).

The covariance matrix is then calculated from the
training set. The p eigenvectors, correspondents to the p
largest eigenvalues of this matrix, are then used to build

the transformation matrix F o

By applying the transformation matrix on each face
vector, its projection on the attribute space is then
obtained, which contains only p elements instead of the
initial number of 4096.

3.3 Parameters

This work evaluates the impact of changing the
vaues of some parameters. Several neura networks
configurations have been tested.

The first parameter is the number of PCAs, which
represents the number of inputs to the network. Values
for this parameter ranged from 20 to 90.

Among the 9 persons in the database, the neural
network training used 8 of them and the test phase used
the remaining person, with the results averaged over al 9
expressers.

3.3.1 Back-Propagation (BP)

The Back-Propagation network used is composed of
an input layer, a hidden layer and an output layer. The
number of neurons in the hidden layer has been varied
from 20 to 50. The number of neuronsin the output layer
was equal to 6, the number of classes. As mentioned in
section 2.3.1, to overcome back-propagation limitations,
like loca minima, an adaptative learning rate and a
momentum constant (0.5) has been used. The stopping
criteria for the network training are the Sum of Squared
Error (SSE) (1.0) and a maximum number of epochs
(100,000).

3.3.2 Radial BasisFunctions (RBF)

In RBF network experiments, two parameters were
varied: radia basis function spread (1.0, 1.5, 2.0) and
minimum squared error (MSE), from 1 to 10. The
number of neurons in the hidden layer was chosen based
on the MSE by the following rule: neurons are added in
the hidden layers until it meets the specified MSE.

4 RESULTS

The objective of the parameter variation presented in
the last section was to achieve an optimum network
configuration. The results presented in this section were
obtained with the best network configuration.

The parameters of the best Back Propagation network
were: 30 neurons in the hidden layer and SSE = 0.1. For
the RBF network the best configuration was. Radia basis
function spread = 2.0 and MSE=2.0.

Figure 4 shows the graph obtained with Back
Propagation and RBF varying the number of PCAs. The
curves represent the average of the recognition rate to all
persons of the database.
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Figure 4: Average Recognition Rate Graphic



This graphic presents two interesting conclusions:

1. RBF seems to be considerably mae sensitive in
change of number of PCAs than Back
Propagation.

2. Both networks presented approximately the
same result in their best configuration (71.8%
for Back Propagation with 30 PCAs and 73.2%
for RBF with 60 PCAS).

Results from a recent work based on a completely
different approach [23] used the same database and a
similar testing paradigm for its evaluations. The authors
report an average recognition rate equal to 75%, therefore
dlightly superior to our results.

The next two tables present confusion matrices for
both networks considered in this work.

Ang Disg | Fear | Hap | Sad Surp
Ang [ 815 | 3.7 3.7 3.7 7.4 0
Disg | 3.7 593 | O 111 [ 259 | O
Fear [ O 0 66.7 | 74 111 | 148
Hap 0 0 111 70.4 3.7 14.8
Sad | 74 7.4 3.7 0 741 [ 74
Surp | O 0 185 | 37 0 77.8
Overall: 71.8%

Table 1: Confusion matrix for Back Propagation

Ang Disg | Fear | Hap | Sad Surp

Ang | 926 |74 | 0 0 0 0
Disy | 50 | 222 | 0 0 278 | 0
Fear | 0 3.7 | 778 | 0 111 | 7.4
Hap | O 0 370 | 297 | 148 | 185
Sad | 0 0 0 0 100 |0
Surp | O 0 0 0 0 100

Table 2 Confusion matrix for RBF

These matrixes allow to take some conclusions about
the networks behavior:

1 Back Propagation is more stable than
RBF among the classes. All classes had 60% (or
higher) recognition rate, while in RBF 2 classes
had 100%, but 2 other classes had recognition
rate lower than 30%. In this sense the average
values shown in figure 4 are misleading.

2 RBF is considerably more efficient
for some classes. This suggests a future
improvement to this system by combining both
network responses to obtain a more efficient
classifier.

5 CONCLUSIONS

The present work evaluated two automatic facia
recognition systems, using PCA for dimensionality
reduction followed by two neural networks models: Back
Propagation e RBF. Experiments for performance
evaluation were carried out on a data base having 213
grayscale images of 9 Japanese representing the six basic
facia expressions. Best performance for the Back
Propagation and for the RBF network was respectively
71.8% and 73.2%, dlightly inferior to the best recognition
performance reported in the literature based on the same
database and for the same testing procedure. An analysis
of the confusion matrices suggests that a combination of
both networks would bring an important performance
improvement.
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