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Abstract: There are numerous emotions in the human world. Human expresses and recognizes their emotion using various

channels. The example is an eye, nose and mouse. Particularly, in the emotion recognition from facial expression they can

perform the very flexible and robust emotion recognition because of utilization of various channels. Hybrid-feature extraction

algorithm is based on this human process. It uses the geometrical feature extraction and the color distributed histogram.

And then, through the independently parallel learning of the neural-network, input emotion is classified. Also, for the natural

classification of the emotion, advancing two-dimensional emotion space is introduced and used in this paper. Advancing two-

dimensional emotion space performs a flexible and smooth classification of emotion.

Keywords: Hybrid-feature extraction, geometrical feature extraction, color distributed histogram, parallel connected neural
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1. Introduction
The world where human and robots live together is coming.

Before the several decades, the robot had already started the

hard and difficult works in place of the human. Recently, the

robot started to do the work that bothers human. Nowa-

days, many efforts for coexistence of human and robot have

been tried by many researchers. Among them, the researches

on the emotional communication between human and robot

have received large attention.

It is difficult to define the emotion, because human emotion

is very various. Keith Oatley and Jennifer M. Jenkins said

about the definition of the emotion as following [1].

• An emotion is usually caused by a person consciously or

unconsciously evaluating an event as relevant to a concern

(a goal) that is important; the emotion is felt as positive

when a concern is advanced and negative when a concern is

impeded.

• The core of an emotion is readiness to act and the prompt-

ing of plans; an emotion gives priority for one or a few kinds

of action to which it gives a sense of urgency - so it can

interrupt, or compete with, alternative mental processes or

actions. Different types of readiness create different outline

relationships with other.

• An emotion is usually experienced as a distinctive type of

mental state, sometimes accompanied or followed by bodily

changes, expressions, actions.

Also, it is difficult to classify the emotion. The reason is

that even human doesn’t well classify the emotion. Exam-

ples of emotions are very various by the experiment of Fehr

and Russell. They showed that people could give examples

very easily. They asked 200 undergraduates in Vancouver,

Canada, to spend one minute writing down as many terms as

came readily to mind from the category “emotion.” The re-
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searchers merged syntactic variants (e.g., sad, sadness, sadly)

and found 383 different examples of emotions [1]. Though

many researches on the emotion recognition have performed

through the world for several decades, they didn’t find a

general method for the emotion recognition due to above

problems.

Two main process of the emotion recognition are the emo-

tional feature extraction and the classification of the emo-

tion. Most of the existing classification methods uses a arti-

ficial neural network and mapping into the fixed emotional

space [2], [3]. However, obscure emotion of human does

not represent only one emotion, but combination of mul-

tiple emotions. In point of this, we propose an advancing

two-dimensional emotion space. Some emotion space with

two-dimensional type were presented [3]. In contrast with

them, our emotion space advances through the learning and

the experience. Thus, our emotion classification consists of

two stage; a neural network is in first stage and mapping into

emotion space in second stage. Two stages are connected in

cascaded structure. Inputs of the second stage is the out-

puts of the first stage. Structure and process of the neu-

ral network for the emotion classification and the advancing

two-dimensional emotion space are described in later.

When human expresses the emotion using various channels

such as speech, face, gesture and etc. Human communi-

cation becomes highly flexible and robust. Failure of one

channel is recovered by another channel and a message in

one channel can be explained by another channel [4]. In

other words, human recognizes other people’s emotions by

compositely synthesizing various channels. Particulary, fa-

cial expression is the part that represents very well emotions

of the human. Human expresses his or her emotions and rec-

ognizes emotional information using composite and various

facial expression. This paper imitates these human emotion

recognition system and introduces a hybrid-feature extrac-
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tion. Hybrid-feature extraction algorithm compositely uses

not only emotional features that is perceived by human eye,

but also various emotional information that is extracted by

image processing.

Therefore, in this paper we introduce an advancing two-

dimensional emotion space and a hybrid-feature extraction

that can compositely recognize human emotions. Section II

explains various algorithms, which can be used in the hybrid-

feature extraction and detailedly explains two algorithm that

are used in this paper. In Section III, we introduce the struc-

ture and the process of hybrid-feature extraction and Section

IV describes our emotion classification system using the ad-

vancing two-dimensional emotion space. Finally, Section V

presents concluding remarks and the future work.

2. Feature Extraction
The researches on emotion recognition from facial expres-

sion have performed in many places: geometrical feature

extraction method, template matching algorithm, eigenface

method, multi-modal information, 2-dimensional physical

model and etc. [5], [6], [7], [8], [9].

The overall configuration of the geometric feature-based

matching can be described by a vector of numerical data

representing the position and size of the main facial features:

eyes and eyebrows, nose, and mouth. This information can

be supplemented by the shape of the face outline [5].

In the simplest version of template matching, the image,

which is represented as a bi-dimensional array of intensity

values, is compared using a suitable metric (typically the

euclidean distance) with a single template representing the

whole face [5].

Eigenface is the face recognition method based on analysis

of the main component. Images are represented as the trans-

formation to the lower dimensional space of the eigenvector

from the higher dimensional pixel space using analysis of the

main component. Final output of the analysis of the main

component is the set of the basis vectors, which are sorted

by the total sum of the variables that are extracted from the

data set. This basic vectors are calculated from the learning

set that is all the data set. Input of face is recognized by

calculating its coefficients and comparing the coefficients of

the facial data base [6].

Multi-modal information considers both auditory and visual

information together, for processing, since facial emotion ex-

pressions can be supplemented by the vocal expressions [8].

Finally, in the 2-dimensional physical model, an overall pat-

tern of the face is represented in a potential filed activated by

edges in the input imagery. A two dimensional grid, called

potential net, of which nodes are moved by the image force

of the edges and spring connected to their four neighbors

is used as a model of the field. Each facial expression is

determined as the means of the nodal displacement vectors

yielded by images in each training set. Since the dimension

of the space spanned by the nodal displacement vectors is too

high, it is mapped into a low dimensional space by applying

the KL expansion. Unknown expressions in input images are

estimated form their mapping into the emotion space [9].

(a) (b)

(c) (d)

Fig. 1. Geometrical feature extraction (a) from the eye and

the eyebrow (b) from the nose (c) from the mouth (d)

from the chin.

In this paper, we apply the geometrical feature extraction

method and the color distributed histogram method that is

newly applied to the feature extraction stage.

2.1. Geometrical feature extraction method

A face can be recognized even when the details of the individ-

ual features (such as eyes, nose, and mouth) are no longer

resolved. The remaining information is purely geometrical

and represents what is left at a very coarse resolution. This

method extracts the relative position, size, angle, and vec-

tor of numerical data from distinctive features such as eyes,

eyebrows, nose, mouth, and chin [5], [10].

Fig. 1 (a) shows an extraction of the emotional information

from an eye and an eyebrow. Because human has two eyes

and two eyebrows, the extraction such as Fig. 1 (a) is twice

performed for both eyes. As shown in Fig. 1 (a), eye and

eyebrow has 11 features as follows.

a: eyebrow thickness, b: height of an eyebrow, c: the closest

height between an eye and an eyebrow, d: height of an eye, e:

k−b, f : eyebrow width, g: horizontal difference between the

left-most edge of an eyebrow and that of an eye, h: distance

between the center of an eye and the left-most edge of an

eye, i: distance between the center of an eye and the right-

most edge of an eye, j: eye width, and k: the farthest height

between an eye and an eyebrow.

Also, the cost for the extraction can be saved because some

parameters of them can be numerically calculated.

Fig. 1 (b) shows an extraction of the emotional information

from the nose. A nose has 4 parameters as follows.

a: height of a nose, distance between the eyebrow and the

bottom of a nose, b: distance between the eye and the bottom

of a nose, c: distance between the peak and the bottom of a

nose, and d: nose width.
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Among the human facial muscles, the mouth is the part that

has the largest movement according to emotional change. An

extraction of the emotional information from the mouth is

described in Fig. 1 (c). A mouth has 9 parameters as follows.

a: the closest distance between the upper lip and the bottom

of a nose, b: thickness of the upper lip, c: height of the

widened mouth , d: height of the whole mouth, e: the left-

steepest region of the lower lip, f : distance between the

center and the left-most mouth, g: the width of the whole

mouth, h: the right-steepest region of the lower lip, and i:

the width of the widened mouth.

Like in the eye and eyebrow’s features, the cost for the ex-

traction can be saved because some parameters of them can

be numerically calculated.

Finally, chin shape can be used for the emotion recognition.

Fig. 1 (d) shows an extraction of the emotional information

from the chin. It has 3 parameters for the emotional expres-

sion.

a: height between the upper lip and the edge of the chin, b:

height to the lower lip, and c: the horizontal half width of

the chin.

As a result of these geometrical extraction, 27 parameters

are determined as the emotional features. Because some pa-

rameters of them can be numerically calculated, they can be

omitted. Because the angle can be numerically calculated

from the above relative position, a new feature information

can be added.

2.2. Color distributed histogram

Image histogram originally is a very useful device, which

is used to show the information of the brightness value of

the image. This histogram explains in detail structure of the

image (brightness contrast and distribution of the brightness

value). Image histogram represents the value of each pixel

using the bar chart. The brightness values that each pixel

has are represented in x axis and the numbers of frequency

that each value has are represented in y axis.

This paper uses a color distributed histogram, which repre-

sents the color distribution in RGB, red, green, and blue. In

order to use a color distributed histogram, whole face is di-

vided into 6 regions: forehead, eyebrows, eyes, nose, mouth,

and chin. Fig. 2 represents these division of the face. The

width of each region is adjusted by skin-color. That is, the

background without skin-color is eliminated by the width

of the region. Fig. 3 represents the color distributed his-

togram. Each region has four color distributed histogram:

RGB, red, green, and blue histogram. Each histogram has

the mean and the standard deviation. Therefore, the result

of the color distributed histogram extraction has 48 param-

eters: 6regions × 4histogram × 2parameters = 48.

3. Facial Emotion Recognition
3.1. Detection of the facial region

This paper uses the skin-color model to a facial region [11].

Skin colored region is selected and stored as the RGB type for

the training data. However, it is difficult to use the original

RGB color model because RGB color is very sensitive to the

intensity of the lightness. So, deviation of the skin color can

Fig. 2. Division of the face into 6 regions.
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Fig. 3. Color distributed histogram: Face has 6 regions, each

region has 4 color distributed histogram, and histogram

has 2 parameters.(a) Forehead region (b) Eyebrows re-

gion (c) Eyes region (d) Nose region (e) Mouth region

(f) Chin region

be reduced through the normalization of the intensity such

as following expression.

a =
R

R + G + B
(1)

b =
G

R + G + B
(2)

Equations (1)(2) are the chromatic color model. The RGB

color values of the selected skin region from the training

input images are transformed to the chromatic color val-

ues. And then, the mean and the standard deviation of the

skin color are stored in data base through the 3-dimensional

Gaussian approximation. Fig. 4 shows this process.
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(a)

(b)

Fig. 4. Skin-color model (a) Selecting the skin color and

extracting RGB color (b) Transformed chromatic color

space and Gaussian approximation

3.2. Hybrid-feature extraction

Fig. 5 shows the process of the emotional recognition of the

facial expression using general hybrid-feature extraction. As

shown in this figure, the process for the emotion recognition

consists of three stages. Firstly, facial region should be de-

tected because the object for the emotion recognition is the

facial expression. Many researches on this problem have been

performed. This paper detects a facial region using above

mentioned skin-color model. Secondly, features should be

extracted to get the emotional information from the facial re-

gion. This process is very important. Feature extraction uses

not only emotional features that is perceived by human sense

but also various emotional information that is extracted by

image processing. Existing algorithm is described in the pre-

vious section. This paper applies the hybrid-feature extrac-

tion that connects the existing algorithms in parallel. Final

stage is to classify the human emotion from the emotional

information. For this problem, this paper uses the multi-

layer neural network that is universal in the classification

research and the advancing two-dimensional emotion space.

In summary, first stage detects the facial region. Second

stage extracts various emotional information. Final stage

classifies the facial emotion.

4. Classification of the emotion
Our emotion classification consists of two stage; a parallel

connected neural network is in the first stage and an ad-

vancing two-dimensional emotion space in the second stage.

Two stages are connected in cascaded structure as shown in

Fig. 6. Inputs of the second stage is the outputs of the first

stage.

4.1. Parallel connected neural network

Fig. 7 shows the parallelized neural network. For the clas-

sification of the emotion from the geometrical feature in-

formation, 27 parameters are inputted to the upper neural

Facial 

region

detection

Geometrical feature

extraction

Color distributed

histogram

Template matching

Eigenface extraction

Classification

of the Emotion

Fig. 5. Emotion recognition system using general hybrid-

feature extraction

Classification of the Emotion

Neural Network

Parallel Connected 
Neural Network (PCNN)

Advancing Two-dimensional 
Emotion Space (ATES)

Happy

Sad

Surprise

Anger

Neutral

Frequency of a emotion

Frequency of change 
in two emotions

Fig. 6. Classification of the emotion using the parallel

connected multi-layer neural network and the advanc-

ing two-dimensional emotion space.

network. And for that from the color distributed histogram,

48 parameters are inputted to the lower neural network. Be-

cause this paper considers only four emotions (surprise, hap-

piness, sadness, and anger), each neural network has four

nodes in the output layer. In particular, additional output

layer is connected to the output layers of each neural net-

work. This layer produces the combined output that is nu-

merical, for the input of following advancing two-dimensional

emotion space. For the parameter setting of the neural net-

work, this structure has two kinds of the learning. First

learning is the weight update in each neural network. An-

other one is that in totally connected structure. So, two

times of the learning for whole system is needed.

4.2. Advancing two-dimensional emotion space

Obscure emotion of human does not represent only one emo-

tion, but combination of multiple emotions. Some emotion

space with two-dimensional type were presented [2], [3]. In

contrast with them, our emotion space advances through the

learning of neural network and the accumulated experience

as shown in Fig. 8. Deeply speaking, the length between

the center (neutral) and each final point (happy, anger, sad,

and surprise) is determined by the frequency of each emo-

tion that is obtained by continuous learning and accumu-

lated experience. Also, the angle between two emotion lines

is determined by the frequency of the emotion transfer.

Therefore, whole type of the emotion space is formed by con-

tinuous learning and experience, and it will be changed by

future experience. In order to classify the emotion using this

emotion space, inputting each weight into four emotion line

makes four rectangle like Fig. 8. Finally, the area of the rect-
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Fig. 7. Classification of the emotion using two parallelized

multi-layer neural network.

angle that includes the emotion line represents the intensity

of the emotion. This informs the emotion in linguistic rep-

resentation instead of numerical one. It is likely to human

emotion recognition.

Happy

Sad

Surprise

Anger
Neutral

Frequency of a emotion

Frequency of change 
in two emotions

Accumulated experience

Fig. 8. Classification of the emotion using advancing two-

dimensional emotion space.

5. Conclusions
For the facial emotion recognition, this paper used the

hybrid-feature extraction algorithm and the advancing two-

dimensional emotion space. The hybrid-feature extraction

is based on human complex system to recognize the human

emotion, extracts various emotional features, and classifies

the emotion in parallel. The advancing two-dimensional

emotion space classifies the emotion in linguistic represen-

tation like human emotion recognition. It is expected that

the hybrid-feature extraction algorithm and the advancing

two-dimensional emotion space perform robust classification

of the emotion, because they use various emotional informa-

tion and unitedly classifies the human emotion.

In the feature extraction of this paper, only the geometrical

feature extraction method and color distributed histogram

are applied. It is the future work to apply more various fea-

ture extraction method such as template matching or eigen-

face. Also, in order to classify more emotions, it is needed

that change in the structure of the neural network and vari-

ous real experiments.
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