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Abstract
Facial expression recognition is an active research area that ﬁnds a potential application in human emotion analysis. This work presents an illumination independent approach for facial expression recognition based on long wave infrared imagery. In general, facial
expression recognition systems are designed considering the visible spectrum. This makes the recognition process not robust enough
to be deployed in poorly illuminated environments. Common approaches to facial expression recognition of static images are designed
considering three main parts: (1) region of interest selection, (2) feature extraction, and (3) image classiﬁcation. Most published articles
propose methodologies that solve each of these tasks in a decoupled way. We propose a Visual Learning approach based on evolutionary
computation that solves the ﬁrst two tasks simultaneously using a single evolving process. The ﬁrst task consists in the selection of a set of
suitable regions where the feature extraction is performed. The second task consists in tuning the parameters that deﬁnes the extraction of
the Gray Level Co-occurrence Matrix used to compute region descriptors, as well as the selection of the best subsets of descriptors. The
output of these two tasks is used for classiﬁcation by a SVM committee. A dataset of thermal images with three diﬀerent expression
classes is used to validate the performance. Experimental results show eﬀective classiﬁcation when compared to a human observer, as
well as a PCA-SVM approach. This paper concludes that: (1) thermal Imagery provides relevant information for FER, and (2) that
the developed methodology can be taken as an eﬃcient learning mechanism for diﬀerent types of pattern recognition problems.
 2006 Elsevier Inc. All rights reserved.
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1. Introduction
Determining what human beings think and feel by
simply analyzing their facial gestures is not a trivial task.
Human beings require years of constant interaction with
many people to build eﬃcient discriminative mental models
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of how we express our emotions. We are then able to
compare our learned models with what we perceive from
another person, and infer his or hers emotional state.
Our models are constructed from a varied set of contextually relevant information. This allows us to build rich
mental representations. Nevertheless, generalizing the representations that we build is extremely diﬃcult, leading us
to ﬁne tune our models to people we interact with the most.
The diﬃcult nature of this problem is closely related to the
high level of complexity of a human being’s psyche and
emotional state. For us, simply expressing our emotional
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state with words can lead us to describe a complex blend
of diﬀerent human emotions. Extrapolating this process
to human-computer interactive systems, where a manmade system will need to determine a person’s emotional
state, is an extremely hard and unsolved problem, still
beyond current state-of-the-art systems. Furthermore, a
comprehensive solution to this problem would have to
consider diﬀerent information channels that provide
context dependent multi-modal signals. Possible useful
sources of such information include voice, physiological
signal patterns, hand and body movements, and facial
expressions. Judging from the previous list it is evident
that visual cues in general and facial gestures in particular, provide important information in order to infer a
persons emotional state. This implies that an artiﬁcial
system will greatly beneﬁt from machine vision techniques that extract relevant visual information from
images of a person’s face. This problem is known as
the facial expression recognition (FER) problem in
computer vision literature.
Current research published on FER systems has
focused on the use of a single information channel, specifically still images or video sequences taken with visual
spectrum sensors. However, as noted by many researchers
[1,2] facial analysis systems relying on visual spectrum
information are highly illumination and pose dependent.
Recent works [3–6] have shown the possible usefulness
of studying FER beyond the visual spectrum. These references suggest that given the diﬃculty of the FER problem, new research in this area should look for new and
imaginative ways of applying FER systems based on previously unused sources of information, such as Infra-Red
signals. Nevertheless, we suggest that an interesting problem arises for human designers that attempt to replicate
any human process, i.e. emotion detection, in an AI system. Since the goal of such a system amounts to solving
an instance of a more general human process, human
designers could be biased in their exploration of possible
solution paths open to them. They might be eager to simulate this process as it is theorized to be carried out by
humans. They can also be inﬂuenced by their own individual intuitions derived from personal knowledge and
experience. This can lead researchers to emphasize the
use of information commonly understood to be relevant
to us humans. Furthermore, when the ﬁnal output of
the AI system is of primary importance, it should be possible to use any type of information available to it, even if
it is strongly suggested that humans do not indeed use
this type of information, i.e. thermal signals. On the other
hand, most state-of-the-art techniques for FER follow the
same basic information processing approach used by
many facial analysis systems [7], see Fig. 1. This approach
can be divided into three main parts:
• Region of interest selection.
• Feature extraction.
• Image classiﬁcation.
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Fig. 1. Flow diagram of the commonly used FER approach.

First, a region of interest (ROI) is established, where
feature extraction will be performed. State-of-the-art techniques have used holistic methods where the ROI is the
entire face [8], and modular or facial feature based
approaches, where information is extracted from speciﬁc
facial regions [9–11]. Second, dimensionality reduction of
the selected ROIs is done by a Feature extraction procedure. Common feature extraction techniques include principle component analysis (PCA) [12,11], Gabor ﬁlter
analysis [11], and hybrid methods [8,10]. Finally, a trained
classiﬁer uses the extracted feature vectors from each ROI
in order to assign the images to one of the training classes.
Popular classiﬁers include Neural Networks, Hidden Markov Models and Support Vector Machines. This basic
approach has lead researches to concentrate on ﬁne tuning
each of these steps in a decoupled manner. Ignoring possibly exploitable dependencies between them. Basically a
human designer must answer each of the following
questions.
• What could be the best set of facial areas that should be
analyzed? For example, some researchers have used
holistic and facial feature regions to perform feature
extraction. However, some questions arise: Are the
facial regions that are normally used by researchers sufﬁcient and non-redundant? Furthermore, could other
facial regions help in providing additional emotional
information?
• How do we determine what features are relevant for emotional classiﬁcation?
• How classiﬁcation is performed on an image after extracting a set of descriptive feature vectors?
In the case of working with visual spectrum images, the
answer to these questions might seem evident and highly
eﬃcient solutions have been proposed [7]. On the other
hand, Infra-Red signals could be unnatural to humans,
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which increase the diﬃculty of attempting to make the correlation between this type of information and our own
mental process. Answering these questions might not be
straightforward. Consequently, the appropriate way in
which the Infra-Red information could be applied may
not be as evident. We believe that when confronted with
such a task, an appropriate and coherent approach is to
use modern metaheuristics such as evolutionary computation (EC). EC techniques help guide the emergence of novel
and interesting ways of solving non-linear optimization
and search problems [13,14]. Our proposed method performs Visual Learning on two main tasks of the FER problem: the ﬁrst task is the extraction of relevant facial regions,
and the second deﬁnes the feature extraction process.
Visual learning is the process [15] in which an artiﬁcial
system autonomously acquires knowledge from training
images for solving a given visual task. In this work, visual
learning is implemented using the EC paradigm as a learning engine. We believe that using visual learning to develop
a solution for the FER problem will emulate the spirit of
the human learning process. Using EC as a learning engine,
we can search a wider space of possible solutions in order
to appropriately answer the above mentioned questions.
The system will be able to try diﬀerent ways of implementing the ﬁrst two steps of the classic approach shown in
Fig. 1. Also, due to the reliance on thermal imagery, we
believe that visual learning will help in acquiring a deeper
understanding of how this information could be utilized.
The remainder of this paper is organized as follows: Section 2 presents a brief discussion of relevant research in the
area of FER and visual learning algorithms. Section 3 gives
a general overview of our approach and highlights its
important contributions. Section 4 is a brief overview of
relevant basic theory. Section 5 gives a technical discussion
of the implementation details of our approach; as well as a
description of the OTCBVS database [16]. Section 6
describes the experimental results, and ﬁnally Section 7 presents conclusions and suggestions for possible future work
related to this work.
2. Related work
Human facial analysis has been the subject of many
research projects in computer vision, primarily due to its
implications on the development of real human-computer
interactive systems. Much work has been done on developing face detection [17,18] and face recognition techniques
[19]. Kong et al. [20] provide a comprehensive and recent
review of various facial analysis techniques.
The FER problem has also received much research
attention, as can be noted by survey by Pantic and Rothkrantz [21], and more recently by Fasel and Luettin [7]. FER
is centered around extracting emotional content from
visual patterns on a person’s face. Techniques for both still
images and image sequences have been developed. Facial
expression recognition systems that use image sequences
or video as input oﬀer great insight into the way in which

the human face generates diﬀerent kinds of gestures.
Recently important work in this area has been published,
including [22–24]. However, video sequences are not
always available in every situation to be used as input for
the FER system. Consequently, FER systems that use still
images are a reliable alternative. A wide variety of diﬀerent
techniques for FER systems that use still images have been
proposed [8–11,21].
Despite a high interest in FER research, a minimal
amount of attention has been given to study it beyond
the visual spectrum. Because of the success of Infra-Red
images in other facial analysis problems [1,2,20], its applicability to FER is now gaining interest as we will explain
next. Sugimoto et al. [5,6] use predeﬁned ROIs, corresponding to areas surrounding the nose, mouth, cheek
and eye regions on the face, using simulated annealing
and template matching for appropriate localization. Features are computed by generating diﬀerential images
between the average ‘‘neutral’’ face and a given test image
followed by a discrete cosine transform. Classiﬁcation is
performed using a backpropagation trained neural network. Pavlidis et al. [4] use a variant of the classic FER
problem. The authors use high deﬁnition thermal imagery
to estimate the changes in regional facial blood ﬂow. Their
system was used as an anxiety or lie detecting mechanism,
to be used similarly to a polygraph without the subject
being aware of the test. Facial regions were also hand
picked by the system designer. Trujillo et al. [3] propose
a local and global automatic feature localization procedure
to perform FER in thermal images, using interest point
clustering to estimate facial feature localization and PCA
for dimensionality reduction. The authors use a SVM
Committee for image classiﬁcation. In contrast to the
approach proposed in this paper, the above mentioned
techniques use a priori assumptions of useful facial regions
common in most FER systems. We propose to modify the
traditional method due to the limited amount of knowledge
on how thermal imagery can be used in the FER problem.
Also, due to the limited number of related work, combined
with the minimal amount of testing results and the use of
diﬀerent image datasets; direct comparison between reported methods are not straightforward. For example, the work
presented by Pavlidis et al. is not comparable due to the
kinf of information being extracted. Only our previous
work uses the same dataset. Therefore, we decide to compare with our PCA-SVM approach, as well as classiﬁcation
performed by a group of persons.
As previously mentioned, our method will rely on a
visual learning approach using EC as a learning and search
engine. Recently, applying EC based learning algorithms to
pattern recognition related problems has produced promising and competitive results. EC techniques, when compared to hand coded techniques, show an unpredictable
structure that would be diﬃcult for a human mind to
design. Approaching a visual task in this way could provide
new insights and a greater understanding of the problem
domain. These techniques are commonly used as a feature
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extraction process. Feature extraction involves deﬁning,
constructing or synthesizing an operator to extract lowdimensional image features and selecting a subset of these
features for classiﬁcation. At a feature selection level, these
methods start with a set of possibly useful features, that
deﬁne the search space for the learning algorithm. The
algorithm tries out diﬀerent combinations of these features
and its performance is evaluated with classiﬁcation
accuracy. For example, Bala et al. [25] use a Genetic
Algorithm to perform feature selection for recognizing
visual concepts. Sun et al. [17] perform PCA on two
diﬀerent object classes, and use a GA to select the best
subset of eigenimages for object recognition. Interestingly,
the subset chosen by the learning algorithm shows that a
high corresponding eigenvalue is not necessary nor suﬃcient for a given eigenimage to be useful for classiﬁcation.
Viola and Jones [18] use Adaboost learning in order to ﬁnd
the best subset of their proposed integral image features to
perform face detection.
A machine learning algorithm is also useful to construct
or deﬁne an operator to extract relevant image features speciﬁc to classiﬁcation problems. Howard et al. [26] use
Genetic Programming (GP) to generate image features
for target detection in SAR images. Lin and Bhanu [27]
also do object detection in SAR images using GP in a
Cooperative Coevolutionary framework. By starting from
domain knowledge based features, what they call primitive
features as a terminal set, the GP can synthesize novel
features that yield a high detection rate. Zhang et al. [28],
use GP to perform multiclass detection of small objects
present in large images. This work uses domain independent pixel statistics as the GP terminal set, and shows
how a single evolved program solves both the object detection and localization problem.
Visual learning has also inﬂuenced the ﬁeld of facial
analysis. Teller and Veloso [29] study face recognition
using a variant of GP, that they call the PADO learning
architecture. A very important work in learning for facial
analysis is that of Viola and Jones [18]. Their approach
shows an outstanding face detection rate that uses simple
to compute features and an eﬃcient classiﬁcation scheme.
Silapachote et al. [30] also use Adaboots learning to select
appropriate derivative and Gabor ﬁlter based features for
FER. Yu and Bhanu [31] use Gabor ﬁlter responses as a
primitive set to evolve a genetic program that performs
FER.
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3. Outline of our approach
This paper introduces a novel visual learning
approach to FER, using thermal images as input signals
for classiﬁcation. Our approach works within the same
basic framework of state-of-the-art FER systems, see
Fig. 1. We apply EC in order to automatically learn
the ﬁrst two levels of this framework: ROI selection
and Feature Extraction. Feature extraction includes both
feature construction and feature selection. Classiﬁcation
is done using a support vector machine (SVM) Committee. Features used by our approach are second order statistics computed from the gray level co-occurrence matrix
(GLCM). Since our approach is based on these domain
independent features, we assure ourselves of building a
portable approach useful in other pattern recognition
problems.
This work was realized with a set of thermal images of
three diﬀerent facial expressions taken from the OTCBVS
dataset [16], see Fig. 2. The basic outline of our approach
is depicted in Fig. 3, and proceeds as follows:
(1) Use a GA to perform search for ROI selection and
feature extraction optimization. The GA will select
a set X, of n facial ROIs.
(2) Simultaneously, the GLCM parameter set pxi is optimized "xi 2 X, where i = [1, n]. In this step, the GA
performs feature construcion by tuning the GLCM
parameters.
(3) Feature selection creates a vector ~
cxi ¼ ðb1 ; . . . ; bm Þ
of m diﬀerent descriptors "xi 2 X, where
{b1, . . . , bm} ˝ W. W is the set of all available
GLCM based descriptors. Each bj 2 ~
cxi represents
the mean value of the jth descriptor within region
xi. The compound set C ¼ f~
cxi g is then used for
classiﬁcation. By evolving both ROI selection and
feature extraction within the same GA, we formulate a coupled solution to the ﬁrst two levels of
the basic FER approach.
(4) A Support Vector Machine, /i is trained for each xi
and k-fold cross-validation is performed to estimate
the classiﬁers accuracy. The set U{/i} of all trained
SVMs represents a committee that performs FER
using a voting scheme. The total accuracy of the
SVM Committee (SVMC) is used as the ﬁtness function for the GA.

Fig. 2. Sample images from the OTCBVS dataset of thermal images. Each row corresponds to each of the facial expression classes in the data set.
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Fig. 3. Flowchart diagram of our approach to visual learning.

3.1. Research contributions
The main contributions of our approach are summarized now:
(1) We extendend the study of FER beyond the visual
spectrum using images in the thermal spectrum.
(2) This paper presents a novel representation of the
FER problem, using closed loop visual learning with
Evolutionary Computation.
(3) This article presents a coupled approach to ROI
selection and feature extraction.
(4) Our approach uses domain independent second order
statistics, establishing a portable solution to diﬀerent
pattern recognition problems.

4. Basic theory
This section intends to give a brief introduction to some
relevant theory. First, evolutionary computation (EC) is
discussed focusing on its two main applications: search
and optimization. Next, we present an overview of the
GLCM and its role in texture analysis. Finally, a brief
introduction to SVM classiﬁcation is given.
4.1. Evolutionary computation
Early in the 1960s some researchers came to the conclusion that classical AI approaches were an inadequate tool
to comprehend complex and adaptive systems. Artiﬁcial
systems based on large knowledge bases and predicate logic, are extremely hard to manage and have a very rigid
structure. This is one of the reasons why researches looked
elsewhere to ﬁnd solutions for complex non-linear problems that were diﬃcult to decompose, understand and even
deﬁne. The area of Soft Computing emerged as a paradigm
to provide solutions in areas of AI where classic techniques

had failed. EC is a major ﬁeld in this relatively new area of
research. EC is a paradigm for developing emergent solutions to diﬀerent types of problems. EC based algorithms
look to emulate the adaptive and emergent properties
found in naturally evolving systems. These types of algorithms have a surprising ability to search, optimize and
emulate learning in computer based systems using concepts
such as populations, individuals, ﬁtness and reproduction.
The ﬁeld of EC owes much of its current status as a viable
tool to build artiﬁcial solutions, thanks to the pioneering
work of John Holland [13] and his students. Holland presented the ﬁrst major type of EC algorithm, the genetic
plan, later to be known as Genetic Algorithm (GA). A
GA is a simpliﬁed model of the way in which populations
of living organisms are guide by the pressure of natural
selection in order to ﬁnd optimal peeks within the species
ﬁtness landscape [14]. In a GA a population is formed by
a set of possible solutions to a given problem. Each individual in the population is represented by a coded string or
chromosome, that represents the individuals genotype.
Using genetic operations that simulate natural reproduction and mutation, a new generation of child solutions is
generated. The performance of each new solution is evaluated using a problem dependent ﬁtness function. The ﬁtness function places each individual on the problem
ﬁtness landscape. The GA selects the best individuals for
survival across successive generations using the ﬁtness evaluation. When the evolutionary process terminates, the best
individual found according to the ﬁtness measure is
returned as the solution.
4.2. Texture analysis and the gray level co-occurrence matrix
Image texture analysis has been a major research area in
the ﬁeld of computer vision since the 1970s. Researchers
have developed diﬀerent techniques and operators that
describe image texture. Those approaches were driven by
the hope of automating the human visual ability that seem-
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lessly identiﬁes and recognizes texture information in a
scene. Popular techniques for describing texture information include ﬁlter banks [32], random ﬁelds [33], primitive
texture elements known as textons [34] and more recently
texture representations based on sparse local aﬃne regions
[35]. Historically, the most commonly used methods for
describing texture information are the statistical based
approaches. First order statistical methods use the probability distribution of image intensities approximated by
the image histogram. With such statistics, it is possible to
extract descriptors to describe image information. First
order statistics descriptors include: entropy, kurtosis and
energy, to name but a few. Second order statistical methods
represent the joint probability density of the intensity values (gray levels) between two pixels separated by a given
vector V~. This information is coded using the gray level
co-occurrence matrix (GLCM) M(i, j) [36]. Statistical information derived from the GLCM has shown reliable performance in tasks such as image classiﬁcation [37] and content
based image retrieval [38,39].
Formally, the GLCM Mi, j(p) deﬁnes a joint probability
density function f ði; jjV~; pÞ where i and j are the gray levels
of two pixels separated by a vector V~, and p ¼ fV~; Rg is
the parameter set for Mi,j(p). The GLCM identiﬁes how
often pixels that deﬁne a vector V~ðd; hÞ, and diﬀer by a certain amount of intensity value D = i  j appear in a region
~ deﬁnes the distance d and oriR of a given image I, where V
entation h between the two pixels. The direction of V~, can or
cannot be taken into account when computing the GLCM.
One drawback of the GLCM is that when the amount of
diﬀerent gray levels in region R increase, the dimensions of
the GLCM make it diﬃcult to handle or use directly. Fortunately, the information encoded in the GLCM can be
expressed by a varied set of statistically relevant numerical
descriptors. This reduces the dimensionality of the information that is extracted from the image using the GLCM.
Extracting each descriptor from an image eﬀectively maps
the intensity values of each pixel to a new dimension. In
this work, the set W of available descriptors [36] extracted
from M(i, j) is the following:
• Entropy. A term more commonly found in thermodynamics or statistichal mechanics. Entropy is a measure of the
level of disorder in a system. Images of highly homogeneous scenes have a high associated entropy, while inhomogeneous scenes poses a low entropy measure. The
GLCM entropy is obtained with the following expression.
XX
1
H ¼1
Mði; jÞ  lnðMði; jÞÞ  1Mði;jÞ
Nc  lnðNcÞ i
j

C¼

L1
X

1
NcðL  1Þ

2

X

k2

k

Mði; jÞ
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ð2Þ

jijj¼k

where Nc are the number of occurrences and L is the
number of gray levels.
• Homogeneity. This gives a measure of how uniformly a
given region is structured, with respect to its gray level
variations.
Ho ¼

1 XX
2
Mði; jÞ
Nc2 i
j

ð3Þ

• Local homogeneity. This measure provides the homogeneity of the image using a weight factor which gives
small values for non-homogeneous images when i „ j.
G¼

1 X X Mði; jÞ
2
Nc i
j 1 þ ði  jÞ

ð4Þ

• Directivity. This measure provides a bigger value when
two pixel regions with the same grey values are separated
by a translation.
D¼

1 XX
Mði; jÞ
Nc i
j

ð5Þ

• Uniformity. This is a measure of the uniformity of each
gray level.
Ho ¼

1 X
2
Mði; iÞ
Nc2 i

ð6Þ

• Moments. Moments express common statistical information, such as the variance that corresponds to the second moment. This descriptor increases when the
majority of the values of M(i, j) are not on the diagonal.
XX
k
Momk ¼
ði  jÞ Mði; jÞ
ð7Þ
i

j

• Inverse moments. This produces the opposite eﬀect compared to the previous descriptor.
Mom
k 1 ¼

X X Mði; jÞ
i

j

ði  jÞ

k

; i 6¼ j

ð8Þ

• Maximum probability. Considering the GLCM as an
approximation of the joint probability density between
pixels, this operator extracts the most probable diﬀerence between pixel gray scale values.
maxðMði; jÞÞ

ð9Þ

ð1Þ
where 1M(i,j) = 0 when M(i, j) = 0 and 1 otherwise.
• Contrast. It is a measure of the diﬀerence between intensity values of the neighboring pixels. It will favor contributions from pixels located away from the diagonal of
M(i, j).

• Correlation. This is a measure of gray scale linear dependencies between pixels at the speciﬁed positions relative
to each other.
S¼

XX
1
j
ði  mx Þðj  my ÞMði; jÞj
Ncrx ry i
j

ð10Þ
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1 XX
iMði; jÞ
Nc i
j
1 XX
my ¼
jMði; jÞ
Nc i
j
1 XX
r2x ¼
ði  mx Þ2 Mði; jÞ
Nc i
j
XX
1
2
r2y ¼
ðj  my Þ Mði; jÞ
Nc i
j

mx ¼

4.3. Support vector machines
A machine learning algorithm [40] for classiﬁcation is
faced with the task to learn the mapping xi ﬁ yi, of data
vectors xi to classes yi. The machine is actually deﬁned
by a set of possible mappings xi ﬁ f(x, a), where a particular choice of a generates a particular trained machine. The
simplest way to introduce the concept of SVM is the case of
a two class classiﬁer. In this case a SVM ﬁnds the hyperplane that best separates elements from both classes while
maximizing the distance from each class to the hyperplane.
There are both linear and non-linear approaches to SVM
classiﬁcation. Suppose you have a set of labeled training
data {xi, yi}, i = 1, . . . , l, yi 2 {1, +1}, xi 2 Rd, then a
non-linear SVM deﬁnes the discriminative hyperplane by
f ðxÞ ¼

l
X

ai y i Kðxi ; xÞ þ b

ð11Þ

i¼1

where xi are the support vectors, yi is its corresponding
class membership, and K(xi, x) is the ‘‘kernel function’’.
The sign of the output of f(x) indicates the class membership of x. Finding this optimal hyperplane implies solving
a constrained optimization problem using quadratic programming, where the optimization criteria is the width of
the margin between the classes. Extending the basic SVM
concept to a N-class problem is a straightforward process.
The process trains N one-versus-rest classiﬁers (say, ‘‘one’’
positive, ‘‘rest’’ negative) for the N-class case, and takes the
class for a test point to be the one corresponding to the
largest positive distance [40].
5. Technical approach
This section attempts to give a clear and detailed
description of our visual learning approach to FER in thermal images.
5.1. Genetic algorithm for visual learning
The input images for the GA are the extracted facial
regions using the same face localization procedure
described in [3]. Our learning approach accomplishes a
combined search and optimization procedure in a single
step. The GA searches for the best set X of facial ROIs

in each image and optimizes the feature extraction procedure by tuning the GLCM parameter set pi "xi 2 X and
selecting the best subset {b1, . . . , bm} of mean descriptor
values from the set of all possible descriptors W, to form
a feature vector ~
ci ¼ ðb1 ; . . . ; bm Þ for each xi 2 X. Using
this representation, we are tightly coupling the ROI selection step with the feature extraction process. In this way,
the GA is learning the best overall structure for the FER
system in a single closed loop learning scheme. Our
approach eliminates the need of a human designer, which
normally combines the ROI selection and feature extraction steps. Now this step is left up to the learning mechanism. Each possible solution is coded into a single binary
string. Its graphical representation is shown in Fig. 4.
The entire chromosome consists of 94 binary coded variables, each represented by binary strings of diﬀerent sizes,
from 1 to 5 bits each, depending on its use. The chromosome can be better understood by logically dividing it in
two main sections. The ﬁrst one encodes variables for
searching the ROIs on the image, and the second is concerned with setting the GLCM parameters and choosing
appropriate descriptors for each ROI.
5.1.1. ROI selection
The ﬁrst part of the chromosome encodes ROI selection. The GA has a hierarchical structure that includes
both control and parametric variables. The section of
structural or control genes ci determine the state (on/
oﬀ) of the corresponding ROI deﬁnition blocks xi. Each
structural gene activates or deactivates one ROI in the
image. Each xi establishes the position, size and dimensions of the corresponding ROI. Each ROI is deﬁned
with four degrees of freedom around a rectangular
region: height, width, and two coordinates indicating
the central pixel. The choice of rectangular regions is
not related in any way with our visual learning algorithm. It is possible to use other types of regions; e.g.,
elliptical regions, and keep the same overall structure
of the GA. The complete structure of this part of the
chromosome is coded as follows:
(1) Five structural variables {c1, . . . , c5}, represented by a
single bit each. Each one controls the activation of
one ROI deﬁnition block. This variables control
which ROI will be used in the feature extraction
process.
(2) Five ROI deﬁnition blocks x1, . . . , x5. Each block xi,
contains four parametric variables xi ¼ fxxi ; y xi ;
hxi ; wxi g, coded into four bit strings each. These
variables deﬁne the ROIs center ðxxi ; y xi Þ, height ðhxi Þ
and width ðwxi Þ. In essence each xi establishes the
position and dimension for a particular ROI.
5.1.2. Feature extraction
The second part of the solution representation encodes
the feature extraction variables for the visual learning algorithm. The ﬁrst group is deﬁned by the parameter set pi of
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Fig. 4. Visual learning GA problem representation.

the GLCM computed at each image ROI xi 2 X. The second group is deﬁned as a string of ten decision variables
that activate or deactivate the use of a particular descriptor
bj 2 W for each ROI. Since each of these parametric
variables are associated to a particular ROI, they are also
dependent on the state of the structural variables ci. They
only enter into eﬀect when their corresponding ROI is
active (set to 1). Our approach uses domain independent
feature extraction based on texture information extracted
from the GLCM. This makes the approach unbiased and
useful for diﬀerent visual learning problems [28]. Realistically this approach can be easily ported to diﬀerent kinds
of pattern recognition problems, where relevant image
regions and features need to be extracted. The complete
structure of this part of the chromosome is as follows:
(1) A parameter set pxi is coded "xi 2 X, using three parametric variables. Each pxi ¼ fRxi ; d xi ; hxi g describes
the size of the region R, distance d and direction h
parameters of the GLCM computed at each xi. Note
that R is a GLCM parameter, not to be confused with
the ROI deﬁnition block xi, see Section 4.2.
(2) Ten decision variables coded using a single bit, activate or deactivate a descriptor bj;xi 2 W at a given
ROI. These decision variables determine the size of
the feature vector ~
ci , extracted at each ROI in order
to search for the best combination of GLCM
descriptors. In this representation, each bj;xi represents the mean value of the jth descriptor computed
at ROI xi.
5.1.3. Classiﬁcation
Since our problem amounts to classifying every extracted
region xi, we implement a SVM committee that uses a voting

scheme for classiﬁcation. The SVM committee U, is formed
by the set of all trained SVMs {/i}, one for each xi. The
compound feature set C ¼ f~
cxi g is fed to the SVM committee U, where each ~
cxi is the input to a corresponding /i. The
SVM Committee uses voting to determine the class of the
corresponding image.
5.1.4. Fitness evaluation
The goal of our approach is to ﬁnd the best possible
ROIs and feature extraction process to perform a proper
FER. Because of this, the majority of the ﬁtness function
is biased towards classiﬁcation accuracy of each extracted
ROI. Nevertheless, if two diﬀerent solutions have the same
classiﬁcation accuracy, it would be preferable to select the
one that uses the minimum amount of descriptors. This will
promote compactness in our representation and improve
computational performance. In this way, the ﬁtness function is deﬁned similar to [17]:
fitness ¼ 102  Accuracy þ 0:25  Zeros
ð12Þ
where Accuracy is the average accuracy of all SVMs
Pin U for
1
a given individual. In other words, Accuracy ¼ jUj
x Acc/x ,
summed "/x 2 U, where Acc/x is the accuracy of the /j
SVM. And, Zeros is the total amount of inactive
P P descriptors
in the chromosome, given by Zeros ¼ i j bxi ;j xi where
i = 1, . . . , 5 and j = 1, . . . , 10. This formulae is based on the
work of Sun et al. [17].
5.1.5. GA runtime parameters
The rest of the fundamental parameters, as well as the
GA settings, are deﬁned as follows:
• Population size and initialization: We use random initialization of the initial population. Our initial population
size was set to 100 individuals.
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• Survival method: For population survival we use an elitist
based strategy. The N parents of generation t  1 and
their oﬀspring are combined, and the best N individuals
are selected to form the parent population of generation t.
• Genetic operators: Since we are using a binary coded string,
we use simple one point crossover and single bit binary
mutation. Crossover probability was set to 0.66 and mutation probability to 0.05. Parents were selected with tournament selection. The tournament size was set to 7.

5.1.6. SVM training parameters
SVM implementation was done using libSVM [41], a
C++ open source library. For every / 2 U, the parameter
setting is the same for all the population. The SVM parameters are:
• Kernel type: A radial basis function (RBF) kernel was
used, given by:
!
2
kx  xi k
kðx; xi Þ ¼ exp 
ð13Þ
2r2
The RBF shows a greater performance rate for classifying non-linear problems than other types of kernels.
• Training set: The training set used was extracted from 92
diﬀerent images (see Section 3).
• Cross-validation: In order to compute the accuracy of each
SVM, we perform k-fold cross-validation, with k = 6. Due
to the small size of our data set, the accuracy computed
with cross-validation will out perform any other type of
validation approach [42]. In k-fold cross-validation the
data is divided into k subsets of (approximately) equal
size. The SVM was trained k times, each time leaving
out one of the subsets from training, but using only the
omitted subset to compute the classiﬁers accuracy. This
process is repeated until all subsets have been used for both
testing and training and the computed average accuracy
was used as the performance measure for the SVM.

6. Experimental results
This section has two objectives. First, Section 6.1 provides
a brief description of the database used to test our approach.
Second, Section 6.2 gives experimental results and comparisons. In order to contrast the obtained results of our
approach, we compare it with classiﬁcation done by human
observers, and with results obtained in our previous work [3].

poses three diﬀerent facial emotions, this is used as the
FER classiﬁcation ground truth given by the dataset
designers. It is apparent that the ground truth for each
image is taken from the emotion that the subject ‘‘claims’’
to be expressing, and not by what human observers ‘‘believe’’ he is feeling. This is a critical point, and could be
considered as a shortcoming of the dataset if subjects are
only ‘‘acting’’ and are not sincerely ‘‘feeling’’ a given emotion. This fact is evident in Fig. 7, and we explore the possible consequences of this in the following section.
The images were taken from 12 diﬀerent viewing angles.
Each image in the database is in RGB bitmap format with
a size of 320 · 240 pixels. The database contains subjects
wearing glasses in some of the pictures. Despite the fact
that our previous work [3] showed invariance to people
wearing glasses, our current work is not concerned with
achieving this goal. For the purposes of our work, we were
interested in extracting the best frontal views to characterize each expression class. We selected from the data set, 33
surprise, 26 happy and 33 angry images, bringing the total
to 92 training/validation images to be used by our learning
algorithm. We pre-extracted the main facial area of each
image using the same technique for automatic face localization described in [3], see Fig. 5. This area was cropped and
resized to 32 · 32 gray level bitmap format. Fig. 2 shows
sample images before cropping, corresponding to three different subjects. Each row corresponds to a diﬀerent expression class. Three diﬀerent poses are shown for each of the
facial expressions.

6.2. Approach evaluation
Before describing the performance of our approach, we
need to address one aspect of the reported results. Because
of the limited number of images that are useful in evaluating our approach, cross-validation accuracy is computed.
As mentioned in Section 5, machine learning techniques
that work with a limited set of training images use crossvalidation in order to avoid overﬁtting, and in order to
obtain statistically relevant results. This is due to the fact
that when cross-validation is performed we are assured that
all images are used to train and validate the classiﬁer. The
validation step tests the classiﬁer on a subset of the image
dataset not used in the training process. We performed
10 diﬀerent runs of the Visual Learning GA. To preserve
compactness, we describe the results for the best of the
10 completed experiments. The super-individual or ﬁttest

6.1. OTCBVS data set of thermal images
The OTCBVS dataset [16] contains pictures from 30 different subjects taken at the UT/IRIS Lab.1 Each subject
1

http://imaging.utk.edu/.

Fig. 5. Extracting the prominent facial region and resizing to 32 · 32 bit
size.
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Table 3
Human classiﬁcation of thermal images

SURPRISE
HAPPY
ANGRY

ANGRY?

SURPRISED?

HAPPY?

Fig. 6. All images in the ﬁgure appear to be ‘‘Happy’’ but are not labeled
as such in the data set.

individual obtained, showed a cross-validation classiﬁcation accuracy of 77%. The best individual extracts 4 diﬀerent image regions, with some overlapping areas shown in
Fig. 6. The complete confusion matrix of the cross-validation performance of our approach can be seen in Table 1.
We can see how classiﬁcation performance degrades when
classifying the HAPPY class. This is caused by two main
reasons: First, the overlap of the expressions modeled by
the human subjects, see Fig. 6; and Second, the questionable way in which the dataset providers have labeled each
of the images. This two points are examples of how subjects
that only ‘‘act’’ as if they experience a given emotion and
are not sincerely ‘‘feeling’’ it, can produce noisy data when
great care is not taken by a dataset designer.
Because of the lack of training data, only 10 additional
images that were not used during training, are now used for
testing. The algorithm was able to classify 8 of the 10 images correctly. The confusion matrix is shown in Table 2. A
statistical experiment was conducted with human subjects
in order to validate the fact that the dataset used establishes an extremely hard classiﬁcation problem. We randomly
selected 30 images from the training set, and 100 people
were asked to classify them. The experiment was repeated
using the corresponding visual spectrum images, in order
to contrast the augmented diﬃculty of the problem when
conducted for thermal imagery. This type of experimentation is also reported by [5], which is evidence of how the
lack of published results and comparable datasets makes
system comparisons diﬃcult. The results for the thermal

Table 1
Confusion matrix for cross-validation

SURPRISE
HAPPY
ANGRY

SURPRISE

HAPPY

ANGRY

77%
12%
0%

20%
70%
16%

3%
18%
84%

SURPRISE

HAPPY

ANGRY

4
0
0

0
2
1

0
1
2

Table 2
Confusion matrix of our test results

SURPRISE
HAPPY
ANGRY

SURPRISE

HAPPY

ANGRY

56%
23%
7%

33%
48%
14%

11%
29%
79%

Table 4
Human classiﬁcation of visual spectrum images

SURPRISE
HAPPY
ANGRY

SURPRISE

HAPPY

ANGRY

78%
16%
5%

21%
82%
25%

1%
2%
70%

Fig. 7. The best individual selects four facial regions. Each region is
shown with a white bounding box.

and visual image experiments are shown in Table 3 and
Table 4, respectively. The human classiﬁcation experiments
establish the extreme diﬃculty of the FER problem posed
in this paper. The proposed approach outperforms human
classiﬁcation of thermal images and is competitive with
human classiﬁcation of visual spectrum images, a very
promising result. We suggest that the low classiﬁcation performance of visual spectrum images by human observers
could be attributed to two primary factors: (1) cultural differences between the subjects and the people classifying
them, and (2) the laxness with which the dataset was
designed and the ground truth was established.
Our previous work [3] presented an approach based on
Principal Component Analysis to perform feature extraction, while ROI selection was done based on facial features
[3]. The main contribution of that work was the automatic
process it used for facial feature localization and how a
SVM committee with a biased voting scheme classiﬁed testing images. The classiﬁcation accuracy achieved in [3] for
30 testing images was 76.6%. This is a comparable result
to the cross-validation and testing accuracy presented in
this paper. Moreover, the previous method utilized a total
of 50 eigenfeatures per region, a total that exceeds the
reduced dimensionality of the feature vectors used in our
proposed approach. In the example of Fig. 7 a total of
35 GLCM features were used for the recognition process.
We have also tested our evolutionary approach on the
Equinox database2 obtaining 62% in recognition. This
database provides images which are classiﬁed according
2

http://www.equinoxsensors.com/products/HID.html.
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to the long, short, and medium wave lengths. It is important to mention that the images classiﬁed as short seems
to correspond qualitatively to the OTCBVS images that
are long wave images. We believe that the low quality of
the results should be explored in the future including the
process of image acquisition to eliminate all errors that
we are reporting in this paper.
7. Discussion and conclusions
This paper proposes a novel approach to solve the
FER problem in thermal images. Visual learning is performed on a thermal image dataset that contains three
diﬀerent facial expression classes. The proposed technique performs visual learning with EC in order to solve
two of the three main tasks found in common FER
approaches: ROI selection and Feature Extraction. Since
we use a single learning algorithm for both tasks, learning is performed in a parallel process. We tightly couple
the solution of both tasks in order to exploit dependencies between them. This is not commonly taken into
account in most published techniques related to FER literature. The ﬁnal classiﬁcation task is carried out using a
SVM Committee that uses a voting scheme for classiﬁcation. The SVM Committee adds robustness in the
classiﬁcation procedure. This is illustrated by an increase
on the classiﬁcation accuracy, when compared to the
accuracy of the classiﬁcation that is obtained with
solated image regions.
Experimental results show that the proposed algorithm is capable of eﬃcient facial expression recognition
in an extremely hard problem. The visual learning crossvalidation accuracy outperforms human classiﬁcation by
an average of 16% and shows promising results on a
small but characteristic testing set. Even do we present
good results for the given FER problem, the small
amount of available data limits the kind of desired statistically relevant conclusion that we aspire to achieve. We
propose that the current dataset presented in [16] be
expanded to include a larger group of expression samples. The main idea of this paper is to show that the
information provided by infrared images is useful to
solve the facial expression recognition problem. The
information provided by infrared images is normally considered by researchers as low compared to visible images
based only on prejudging the quality of thermal images.
This paper shows that it is possible to obtain results that
are above chance level (say 60–80%), so that a comparison is possible.
These preliminary results oﬀer great insight into the possibilities of the proposed method. As was stated earlier, we
believe that the approach oﬀers a simple yet eﬃcient methodology for learning two main problems common to many
pattern recognition problems: ROI selection and feature
extraction. This is due to the fact that the learning
approach is independent of how the regions are deﬁned
and what type of image features are extracted.
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