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Abstract

Automated analysis of human affective behavior (or facial expressions) has recently been extensively
researched in psychology, computer science, linguistics, neuroscience, and other related disciplines. This
paper presents a novel approach to recognizing six universal human facial expressions from static images.
First, a modified skin color detection process is adopted to pick up the facial region from a complicated
background. Then, fourteen crucial facial features, based on face reading in psychology, are further defined,
instead of relying on relatively time-consuming FACS representation in extracting facial features. Feature
motion detection follows to quantize the characteristic values of the emotion states. In further emotion
classification, the statistical Gaussian Mixture Model (GMM) is especially introduced with an attempt to gain
robustness to noise. Finally, the proposed systems are verified by our comprehensive databases along with the
famous Japanese female facial expression (JAFFE) : the average recognition rate is as high as 83% and the
discriminative time is less than 0.01 sec by 2007a Matlab software (Pentium 2.33Ghz). The experiment has
shown that the proposed strategy is effective, and generating superior results as compared to some other

approaches.

Index Terms—Emotion recognition, Face reading, Gaussian Mixture Model,



1. Introduction

Automated analysis of human affective behavior (or facial expressions) has attracted increasing attention
from researchers in psychology, computer science, linguistics, neuroscience, and related disciplines. Moreover,
it would be highly beneficial for fields as diverse as behavioral science, medicine, security, law enforcement,
education, psychiatry, telecommunications (such as lip reading, visual and speech synthesis,
videoconferencing, and human-machine interfaces, etc).

The review of facial expression analysis should go back to the nineteenth century. Darwin demonstrated
already in 1872 the universality of facial expressions and their continuity in man and animals. In 1971, Ekman
and Friesen postulated six primary emotions in which each possess distinct content. It relates to ethnicities and
cultures, and it comprises happiness, sadness, fear, disgust, surprise and anger [35]. In 1978, Suwa et al. has
presented a first investigation on automatic facial expression analysis with an image in sequence. Thereafter,
automatic facial expression analysis has gained much attention after the pioneering work of Pentland and
Mase [21],[32]. In a human society, relationships with friends, colleagues and family (Ekman, 2004) are
carefully maintained by the ability to understand, interpret and react to emotions. Emotions positively affect
intelligent functions such as decision making, perception and empathic understanding (Bechara, Damasio, &
Damasio, 2000; Isen, 2000). The automated facial expression recognition system can be divided roughly into
three stages, i.e., face detection, features extraction, and facial expression classification. The image of emotion
recognition can also be categorized to static and sequence image. Usually, the method of recognizing a single
image can also be used to recognize the dynamic image. A continuous image sequence can join those temporal
characteristics while recognizing the relation between the front and the back of single image.

In face detection stage, generally, it mainly uses template matching, feature based, Principal Component
Analysis (PCA), color analysis, neural network and evolutionary computation, etc. The method using template
matching and characteristic [2-6] need a great deal of computing. The template and feature method may
diverge for different people, and the corresponding model is not easy to build up. The color analysis uses
different color space, like HSV, YCbCr, etc. Some use specific neural network to separate skin color from
background. However, it also needs a great deal of training data [8][9][10][15]. In face features extraction
stage, it can be divided into the method of geometric feature-based and the wavelet [16-19], [20-26].
Geometric feature-based approach adopt facial feature model (e.g., eyes); or by using of the relation of
locations to extract characteristics, such as eyebrow vs. eyes, etc. For holistic approach, a 3D facial
representation may even be adopted with the corresponding texture and a spatial-temporal facial motion in the
study. It also can use the wavelet to transform the image into the frequency domain, and then find out the
characteristic, e.g., Gabor Wavelet [23-26]. However, even it gains fruitful benefits, the process might be a
little bit complex. Several factors make this task more difficult, such as the presence of facial hair, glasses, etc.;
another problem is the variation of the image size and orientation of the face.

In expression classification stage, Ekman and Friesen have constructed the Action Unit (AU) with Facial
Action Coding System (FACS) [35]. Among them, each AU represents a face department of an action. For
instance, the rising in the seamy side of eyebrow is an action unit, the rising in right corner of mouth is
another action unit, etc. [35] has defined 44 action units to evaluate a facial expression. FACS is probably the
most well-known study on facial expression activity. In past few years, many questions arose around this
study[35]. However, the automatic emotional classification is difficult to handle for number of reasons. Firstly,
the Ekman's description of six prototypic of emotion is linguistic, i.e., ambiguous. There is no unique
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definition or exact description either in terms of facial actions or in terms of some other defined facial codes.
Hence, the verification of the classification scheme is a difficult and crucial work. Second, the classification
of facial expressions should be feasible. Meanwhile, for more credible, the psychological scrutiny should be
involved in this topic.

This project provides a systematic approach to analyze Ekman and Friesen’s six primary facial
expression of human in colorful background, including happiness, sadness, surprise, anger, disgust and fear.
Instead of relying on relative time-consuming FACS representation of facial features, emotion detection is
derived only from fourteen feature points. The fourteen crucial feature points are defined based on the
psychology’s face reading. Through monitoring the change of these feature points, the characteristic values of
the emotion states are quantitatively computed. For gaining robust to noise, a statistical Gaussian Mixture
Model (GMM) is built for further emotion classification. The main contributions of this project are as follows:
(1) A fourteen crucial feature points is defined according to psychology’s face reading, (2) A robust emotion
classification system based on GMM is proposed to recognize the emotion states.

2. Preliminary

It is known that the background of human face recognition system may be complicated. Generally, the
input image can be acquired from a CCD or a digital camera. A typical recognition system would comprise of
the three essential stages, i.e., face detection, features extraction, and expression classification. The process of
extracting the facial expression information is referred to localize the face and its features in the scene. A
model should be also given to describe the characteristics of a specific emotion. Our proposed emotion
recognition system is shown as illustrated in Fig. 1.
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Fig.1 The proposed face emotion recognition system
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2.1.Face Detection
For works in automatic facial expression analysis as Fig.1, the conditions under which a facial image is

obtained are controlled. Usually, the image has the face in frontal view. Hence, the presence of a face in the
scene is ensured and some global location of the face in the scene is known in priori. The face detection

Capture Image

process is proposed as Fig. 2.

RGB Face
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Binary Image
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Fig.2 The process of face detection

For skin color detection, Soriano’s RGB normalization method [27] not only considers the camera

property, but the light of environment. The normalized color coordinates (NCC) is used to reduce the color's

dependence on brightness. That is
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Fig.3 Normalized color coordinates

In NCC (Fig.3), T and 9 represent X-axis and Y-axis, respectively. Since the skin color is distributed on

the range of the 0.2~0.6 of X-axis and 0.2~0.4 of Y-axis, respectively. Two quadratic equations Fand F,

are tuned as boundary.

(2)
(3)

F,(r) =-1.376r? +1.0743r + 0.2

F,(r) =-0.776r” +0.5601r +0.18



Owing to white color(r=0.33 and g=0.33) also is included in skin range, criteria (5) is chosen in similar way to
remove the region of white color, i.e.,

w=(r —0.33)* + (g —0.33)> > 0.001 4)

and the range of the skin color is defined as

ki = 1 if(F(r)<g<F,(r)&w>0.001&R>G>B&(R-G)=>5)
| 0 otherwise )

where conditions R > G > B and R — G > 5 are used to detect skin color and exclude yellow or green noise of
non-skin part, respectively. After converting to binary image, morphology skill is generally used to remove
the noise [14]. Moreover, for excluding wrong skin parts (arms, etc.), the connected component labeling is in

sequel to take out the face region [2].

2.1.Feature points definition and extraction
A. Feature points definition

After the face has been detected, the next step is to extract the emotion information of the face. The
famous FACS rule has provided a linguistic description of all detectable change of face in terms of 44
so-called action units (AU)[35]. Various analysis of emotion has been developed. An effective ways for
automatic emotion recognition is still anxious to be explored. This paper first gives some modified emotion
descriptions originated from Ekman. Especially, for future embedded system or intelligent context-aware
space implementation possible, this paper defines directly some crucial feature points related to emotion states
from face reading in psychological view. Ekman has defined six categories as the basic emotions i.e.,
happiness, sadness, surprise, fear, anger, and disgust. He described each basic emotion in terms of a facial
expression that uniquely characterizes the emotion [24,26,31,35]. Instead of rule of FACS in terms of 44
action units, based on Table 1, this paper defines crucial fourteen feature points as Fig.4. Among them, two
points for each eyebrow, three points for each eye, and four points for mouth. The detail features localization
and extraction process is depicted in following subsection.

< Q—-‘_‘]Bi rBi
1Bd Eu rBd

IEi rEi.

IEd rEd

Fig.4 The proposed crucial fourteen feature points
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B. Face orientation adjustment

As illustrated in Fig.1, in this paper, the emotion states are extracted according to the change of relative
position of the feature points. The orientation of face needs to be adjusted appropriately before getting
emotional information. Since the feature point IEi and rEi are always in horizontal (see Fig.5). The face
orientation can be calculated easily by @ =tan™"(y/x), where @ is the orientation angle to be modified.

rid

i

mr
wg

il

Fig.5 The face orientation adjustment

C. Features localization & extraction

It is well-known that determining the exact features location of face is a complex problem. However, the
features characterization and their geometrical relationship are useful for feature points localization and
extraction.
-Eyes Detection

As defined in prior, there are three feature points of eyes for each. The extraction process of eyes is
shown as Fig. 6.

*************

i
Sobel process

Fig. 6 The features extraction process of eyes
3. Facial emotion classification

3.1 The definition of characteristic value



Fig. 7 The defined distance of fifteen features

According to those defined characteristic points in Fig. 4, we can compute the corresponding
characteristic value (Fig.7), which represents the changing of emotion. Let the x-y coordination of each
characteristic point be denoted as Suffix. For instance, the x-y coordination of IBu is (IBuy, IBuy). Accordingly,
those defined characteristic values (a~o0) that represent the changing of emotion for the corresponding
characteristic point can be computed be using the distance measure.

For instance,a = \/|IBuX - IEdX|2 +‘IBuy - IEdy‘2 . With the similar computation, the others can be also derived.

Owing to a the similar photo may take from different position of camera, the dimension of face may is
not be the same. Therefore, a normalized process is needed here. Moreover, we have to use a invariant
distance that will not fluctuate in the process. The distance g between point IEi and rEi seems a good choose.

Therefore, those 15 characteristic values can be normalized by invariant distance g. For example,

da=a/g, the others b ~0 are the same. Accordingly, the changing of facial expression can be estimated.
Firstly, let us select a base photo with a,,., ---0,,. that hasn’t any facial expression. Now, suppose a facial
expression with &, ---,01s captured in an time instance. Then the 15 characteristic values can be calculated.

That is, subtract those captured values &, ---,0 from the value a ' ,...0 ., Of base image, respectively. For

Accordingly, the other normalized characteristic values F ,F_,---F, can be

instance, F, =a-a,,, .

estimated.

3.2 GMM based facial affective states classification
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Fig. 8 Gaussian mixture density diagram

This section describes the form of the Gaussian mixture model (GMM) and motivates its use as a
representation of human affective states for emotion identification. Gaussian mixture model (GMM) is the
extension of single gauss probability density function. It is successfully using in some classifications problem
recently. The Gaussian mixture model and its parameterization are described. The use of the Gaussian mixture
density for emotion identification is then motivated by two interpretations. First, the individual component
gaussians in an emotion-dependent GMM are interpreted to represent some broad facial expression classes.
Second, a gaussian mixture density is shown to provide a smooth approximation to the specific facial
expression by a given person. Finally, the maximum-likelihood parameter estimation and emotion
identification procedures are first described.

A. Model description
A Gaussian mixture density is a weighted sum of M component densities, as depicted in Fig. 8 and given by
the equation Gaussion mixture density:

. M .
p(12)= 3, oty (%) ©
where X is a D-dimensional random vector, bi (X), i=1..,M, are the component probability densities
function and p,, i=1..,M, are the mixture weights. Each component density is a derivate Gaussian

function of the form

b, (%)= ————> xp{——(i—ﬁi )= (X )} (7)

e
(27[)0/2|2i|1/2
with mean vector gz, and covariance matrix Xi; The mixture weights satisfy the constraint that ) P; =1.The

complete Gaussian mixture density is parameterized by the mean vectors, covariance matrices and mixture
weights from all component densities. These parameters are collectively represented by the notation
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A={py. it T f i=1..., M. (8)

For six facial affective states identification, each facial affective state is represented by a GMM and is referred
to by his/her model A . The linear combination of diagonal covariance Gaussians is capable of modeling the
correlations between feature vector elements. That is, given training facial emotion from a person, the goal of
facial emotion model training is to estimate the parameters of the GMM, A, which in some sense best
matches the distribution of the training feature vectors. There are several techniques available for estimating
the parameters of a GMM [24]. By far the most popular and well-established method is maximum likelihood
(ML) estimation. The aim of ML estimation is to find the model parameters which maximize the likelihood of
the GMM, given the training data. For a sequence of T training vectors X ={X,...,%; |, the GMM
likelihood can be written as

p(X | 2)= f_{lp(zt 12) (4)

5. Experiment Result

There is two database that used in this project, the JAFFE(the Japanese Female Facial Expression)
database([23][25]), and the database from our Lab. We use thirty different person for experiment, and each
person has twenty face images in different background.




eSS A T A T T i Tk

il 17 3 0 0 0 0 85%
R 1 19 0 0 0 0 95%
|0 0 17 0 0 3 85%
& 3 0 2 0 13 3 2 65%
mE |0 0 0 2 16 2 80%
%ﬁTEI 1 2 0 0 0 17 85%

Average 83%

6. Conclusion

This paper has provided a system method to recognize a facial expression automatically. The experiment
result also shows the facial emotion recognition rate for the well-known JEFFE database can be attained to
82.5 % for the database of LAB.
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