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Abstract

A deep level emotion understanding method is proposed to facilitate better human-
robot communication, where customized learning knowledge of an observed agent
(human or robot) is used with the observed input information from Kinect. It aims to
realize agent dependent emotion understanding by utilizing special customized
knowledge of the agent, rather than ordinary surface level emotion understanding that
uses visual/acoustic/distance information without any customized knowledge. In the
experiment employing special demonstration scenarios where a company employee’s
emotion is understood by a secretary eye robot equipped with a Kinect sensor device, it
is confirmed that the proposed method provides deep level emotion understanding
different from ordinary surface level emotion understanding. The proposal is being
planned to be applied to a part of the emotion understanding module in the demonstration
experiments of an ongoing robotics research project entitled “Multi-Agent Fuzzy
Atmosfield”.

A visualization method of users’ emotion information is proposed for long distance
interaction such as telecommuting and distance learning, where 3D emotion vectors in
Affinity Pleasure-Arousal space are illustrated by using shape-brightness-size (SBS)
figure. It gives users easily understandable emotional profile information, and provides
administrator strategic suggestion to improve the interaction between the users and the

system. In the matching experiment between 7 basic emotions and 7 SBS figures for 8



subjects, 83.93% matching is achieved, and the administrator finds contents improvement
hint in the questionnaire of emotions for 5 reading-text-tasks by 8 subjects. It is planning
to be implemented in a language learning application to provide more comfortable
learning experience by contents selection based on user’s emotion.

The application of deep level emotion understanding is proposed for distance learning,
where 3D deep level emotional emotion concept and adaptive e-learning are combined.
The deep level emotion is processed and analyzed to control the adaptive e-learning
system providing the best matching content, studying form and practice way to the
learning, as well as giving to the administrator reports of the content ranking by the user
perception. In the matching experiment, the comparison between the normal system and
the proposal is done via web application in an English-German learning language, where
users used the system while it is adapting to them, also a report page for the administrator
localize the contents to improve. It is planning to adapt it and implement it in different

language learning applications.
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Chapter 1: Introduction

Emotions are very important in the normal life of human being, helping in the
communication and interaction between them. Humans and animals show emotions as
part of their normal behavior, creating strong links or alerting other of something wrong
is happening. The actions and reactions are important in the acceptation of any individual
in a group, how well this individual understands others is how the perception of kindness,
adaptation, and empathy of any person, that is why understanding emotion is an important
task in the communication between any human, but understanding emotions is a
complicated task for computers, so the affective phenomena represents a challenge for

the modern computer science [1].
The definition of emotion [2] is

“A strong feeling deriving from one’s circumstances, mood, or relationships with

others”

As is read in the definition, emotions are important for the relationship between
individuals, and they depend of the circumstances and the mood of the person. The issues
to understand and to model an emotion is often complex. Modelling and recognizing
emotions is important in the interaction with any human. Interdisciplinary approach from

philosophy, psychology, neuroscience, and biology is necessary to understand them [3].

Emotions are not general in the world, each culture have a unique way to express and
understand them [4]. Emotions are so different in the each culture that even the emotion

related with a color is different too [5].

How emotion should measure should be dynamic, culturally mediated, socially
constructed and experience, understanding, interpreting, and having the emotion in its full
ambiguity and complexity [6], system should learn from each person when they interact,

gain experience and then use that experience in the futures interactions.

Different approaches about how to obtain the emotions are being investigated with
inputs [7] [8] such as: cardiovascular system [9], electro dermal activity [10], respiratory

system [11], brain activity [12], muscular system [13], and activity capture in video
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camera media.

1.1 Background

There are different studies about the recognition of the human emotions, and divided

in two different categories:

A) Invasive methods: those that need to plug devices, cables or any gadget to the
human to take some signal to obtain the emotion, examples of the devices are
electro dermal sensors, brain activity sensors, etc.

B) Non-invasive methods: those that do not need a direct contact or attachment
with the person, examples of this are microphones, cameras, thermo sensors

cameras, etc.

A problem with the invasive methods is that emotions are very susceptible to be
influenced and changed by the circumstances, implying that the least invasive method, it

should be the best method.

Different emotion studies are available, where the use of the voice [14] [15] [16],
facial expressions [17] [18] [19], body gestures [20] and also combination of them
[21][22], had make great progress in the recognition of extreme human emotion like anger,
disgust, fear, happiness, sadness, and surprise, but those are not the normal emotion in
humans, the representation need to be more flexible due the complexity of the emotions.
That is why, Deep Emotion Level Understanding are proposed and tested. Deep Emotion
Level Understanding is a way to simulate the form of how humans understand each other
by not only using the physical expression of the emotion, but also using customized

knowledge about the person to achieve a closer emotion to the real emotion of the person.
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1.2 Emotion visualization

The visualization of the data is very important part to confirm achievements, not only
for experts, but also for users without any special training [23]. An effective emotion
visualization method is necessary from the point of view of affective computing to
developing and realizing smooth interaction. Some approaches to visualize emotions have
been studied [1][2] [24], where the visualization of the emotion plays an important role
in the design the system, and trying to create a communication to the users, but those
methods are not easy to understand emotions intuitively and/or completely compressible.
Also human like approaches [3], trying to imitated a humanlike facial expressions, that

result in the rejections because they are not sufficient human.

1.3 Deep Emotion Level Understanding Applications

The proposed method to achieve deep emotion level understanding can be used in any
of the current application emotions like costumer services, video games, etc. The usage
of the emotion in long distance interaction is studied and propose some implementation
to improve the interaction between user — system, system — administrator, and user —
administrator.

The main approach is to used and adaptive distance learning with deep emotion level
understanding engine to create a profile of the learner with the preferences, strong points,
weak points information to provide the appropriated information to the learner to improve
his studies. Distance Learning is taking a very important part in the modern life, big
companies and opportunity to business opened a big interest in this area, being able to
reach all areas, without having the limitation of space of time, it is just wonderful. But
distance learning have a problem is the adaptation to the different users around the work,

and how to support their experience actively, while getting static of the content.

In the chapter 2 the concept of deep level emotion understanding, the details of the
features and the test environment is presented, also some scenarios are proposed to

corroborate the theory. A visualization method of the emotion information for long
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distance interaction, the proof of the efficiency of its understanding by the general and
expert users, and some possible features of how to analysis the outcome is made in chapter
3. The combination of the deep level emotion understanding and adaptive e-learning
system is introduced, and how a possible implementation and application could be

designed in chapter 4.
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Fig. 1.1. Research roadmap
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2.1. Studies on Emotion Understanding and Importance
of Customized Knowledge

Emotion recognition has been studied in human-robot communication using different
types of devices [25], the ones that are more close to a human way of understanding the
emotions are those which are based on voice, face, and body gesture information [26]
[27]. Different researches have been done to make this realizable; most of them based on
the facial expressions from the eyes and mouth [28]. Others include the speech [29],
gestures [30] [31], or a combination thereof [22] [32], but the missing part from these
approaches is the lack of experience [33]; learning from interactions and creating
knowledge is what gives humans the power to deeply understand the emotions of other
people. Human emotions are complex and in many situations the emotion displayed in
the face, voice or body gesture sometimes may not indicate the real or absolute emotion
of the individuals [27], making the need to create an algorithm to model this human ability

in order to improve human-robot communication [25].

To address and model this problem, a deep level emotion understanding method is
proposed for human-robot communication, where customized learning knowledge from
communication history and a basic knowledge base about the observed agent are utilized
with the observed visual/acoustic/depth information input. In this proposal, the voice,
facial image, and body gestures are captured by using a Kinect device. Each input is fed
to a corresponding neural network to obtain a 6 dimensional [0, 1] vector representing Six
basic emotions: anger, disgust, happiness, fear, sadness, and surprise. The three emotion
vectors obtained are transformed to fuzzy memberships that are to be combined with the
customized knowledge about the observed agent to create the 3D deep emotion vector in
the affinity pleasure-arousal space [34]. After the final emotion information is obtained,
the knowledge about the observed agent is checked to determine whether a small

modification is necessary or not.

By using visual/acoustic/depth information about the observed agent, emotion
understanding may be possible to some extent but it is a surface level understanding
because surface level face/voice expression may sometimes be different from the real
emotion. If, however, the observer agent has enough customized knowledge about the
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observed agent then the real emotion may be understood by taking the situation and the
agent customized knowledge into consideration which is called deep level emotion

understanding.

To validate the proposal, two demonstration scenarios are created. The scenarios
involve communication in a Japanese company setting where an interaction between a
human employee (observed agent) and a robot secretary (observer agent), who is
supposed to have enough customized knowledge about the employee. The employee’s
face, voice, and body gestures are captured using a Kinect sensor device attached to the
robot secretary. The communication topic is a ‘meeting room reservation’ request made
by the employee to the secretary and is later modified because of an earlier mistake made

by the employee.

The surface level emotion understanding and the possibility of deep level emotion
understanding are investigated by utilizing knowledge of the observed agent in 2.2. A
deep level emotion understanding method is proposed in 2.3. Demonstration scenarios to

confirm the validity of the proposal are tested in 2.4.

2.2. Surface Level Emotion Understanding vs. Deep
Level Emotion Understanding

In a multi-agent society consisting of many humans and many robots, studying human-
robot communication is essential [26], understanding of emotions plays an especially
important role. Recognizing and understanding the emotions of other human beings are
easy tasks for human brains, but not for the robots [27]. To realize emotion understanding
functions for robots, consider human to human communication from a view point of
emotion understanding. Normally, when two people are talking, they understand the
emotional state of each other by using two senses: sight and hearing to recognize the voice,
facial expressions, and body gestures as shown in Fig. 2.1. When humans meet for the
first time they use general rules to understand the emotions of each other, thereby,
creating a first impression of one another. After knowing each other for a long time and

becoming more familiar, the observing person starts to deeply understand the observed
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person’s emotions by using the experience and acquired knowledge that in this case is

called customized knowledge.

Face

Voice

Surface level
information

Customized
Knowledge

Observed Agent
Observer Agent

Fig. 2. 1. Two humans meeting for the first time, they use general rules to know the
other’s emotion, but they start creating custom knowledge for that specific person

Because of these human behaviors, two types of emotion understanding are observed:
the first is surface level emotion understanding and the second is deep level emotion
understanding. Fig. 2.2 makes a graphical visualization of this concept by comparing
human behavior to an iceberg, where on the surface level, only the physical expressions
and oral communication are obtained, but under the water the larger hidden part of the
iceberg contains the way of thinking and feeling like perceptions, intension, beliefs,
knowledge, atmosphere, and emotions of each individual [25].

Available research on emotion recognition has been confined to how to realize and
understand human emotions for long time. They have utilized different types of
approaches of how to analyze the facial features [28], the voice [29], and the body
gestures [30] [31] described in Fig. 2.1. This information is only for the surface level
understanding, it just gives an output as the emotion. Another problem with using the
surface level emotions is that the same method and parameters are used for every person

who interacts with the system.

10
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J
-
— —

Deep Level Understandifjg
Hidden Layer

v

Fig. 2. 2. The iceberg illustrating the complexity and levels of emotion in the human
communication

This is similar to what people do when meeting for the first time, but this approach is
always general and will never improve. On the other hand, people are different and each
one has a different way to express themselves. In addition, after some interaction humans
start to understand and know the specific way of how other person expresses themselves,
even predicting what the reaction will be to a circumstance. This is deep level
understanding. That is what the proposed method is trying to simulate: a human way of
understanding the emotions, learning, and knowing what characterizes a person and their

unique way of expressing themselves.

11
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2.3. Deep Level Emotion Understanding Utilizing
Customized Knowledge of the Observed Agent

As described in 2, the idea of creating a deep level emotion understanding is based on
the utilization of customized knowledge in the interaction between two agents, the
observer and the observed. This information is updated and tuned with each interaction,
until it reaches the level of a “well-known” observed agent, where technically no changes
will be needed to the customized knowledge anymore for that observed agent. The
diagram of the proposed method, showing its 3 steps is represented in Fig. 2.3. The first
step is the surface information acquisition consisting of three engines: the voice emotion
extraction, the face emotion extraction, and the body gesture emotion extraction. The
second step is the combination method where the surface emotions and the customized
knowledge are used to calculate the deep emotion. The third step is the visualization and
graphics where the final results are recovered.

12
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The steps to obtain the deep level understanding are to get the Kinect inputs from the
acoustic and visual sources. To extract the voice emotion energy entropy, short time
energy, spectral roll off, spectral centroid, and spectral flux features are used. To extract
the face emotion lower eyebrow, raiser eyebrow, upper lip, lip corners depressor, lip
stretcher, and lower jaw features are used. To extract the body gestures emotion the head,
hands, elbows and shoulders features are used. Each input feature is fed to the
corresponding neural network to obtain a 6-dimensional [0, 1] vector representing six
basic emotions: anger, disgust, happiness, fear, sadness, and surprise [22] [32] [33], which
represent the surface emotion labels for the surface level emotions. Those values are
fuzzyfied and combined with the customized knowledge using MAX-MIN, weight and
shift values. The output is an Affinity Pleasure-Arousal 3D vector, and represents the
deep level emotion. The deep level emotion is displayed in the Affinity Pleasure-Arousal
space [34]. After, the method starts the feedback process to create/update the customized
knowledge if it is necessary. It is a type of profile for a specific observed agent and it is
created at the first interaction.

The customized knowledge is constructed in an XML file with the identification
information that consists of the collection of specific data for each different observed
agent. The customized knowledge of the observed agent is stored in the observer agent
based on his/her/its experience and acquired knowledge. It may consist of, type of person,
neutral state, key words, key faces, key gestures, situation, time, place, and so on. Using
the customized knowledge the weight and shift values are calculated and implemented in
the fuzzy deep combination algorithm. The shift values are determined by the neutral
emotion state and are expressed by a triplet (svi, sv2, Svs) in an emotion space [-1, 1]°. It
is given by the average of the emotion output of the system of the observed agent, where
the neutral emotion state is achieved after multiple measurements of the emotion of the
observed agent in neutral state (normal behavior). The average values are saved in the
customized knowledge. For example, if a person had a high tone of voice, the voice
emotion will show high arousal and less affinity. The weight values (w1, w2, ws), where
w;+w, + w3 = 1, represent the adaptation of the algorithm to the way of the emotion
communication of the specific agent. A human usually uses one main channel (voice, face,

or body gestures) to show their emotions. It depends generally on the ethnicity or regions

14
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[35] [36], for example: Asian/ Japanese people tend to use more their voice to
communicate their emotions, while European/Italian people use more body gestures. The
weight values are given by the designer step by step based on the profile of the observed
agent, e.g., in the experiment of Japanese observed agent more priority is assumed and

assigned to voice. Fig. 2.4 shows the fuzzy deep emotion combination function where the

deep knowledge is being used.

15
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Fig. 2. 4. Fuzzy deep emotion combination algorithm diagram

16



Chapter 2: Deep Level Emotion Understanding using Customized Knowledge for Human-Robot
Communication

All emotions are represented in the affinity pleasure-arousal space as,

E= (eafﬁnity’ epleasure’ earousal)

3
Veaffinity’ epleasure’ Carousal € [_ 1 1] : (1)

where E is the emotion state, eqfrinity, €pieasure: ANd €qrousq are the attributes for
“Affinity-No-affinity”, “Pleasure-Displeasure”, and “Arousal-Sleep” axes, respectively.
Each surface level emotion is transformed from one of the 6 basic emotions to a point in
the affinity pleasure-arousal space expressed by Eq.(1). In the case of the surface
emotions, the SEL (surface emotion labels) from each 3 layered feed forward neural
network, i.e., 6 inputs 6 outputs for the face, 6 inputs 6 outputs for the voice, and 12 inputs

6 outputs for the body gesture, are expressed by 6 binary vectors as,

SEL ={angry,disgust, happyness, fear,sadness, surprise }
e{0,1°, @)

where elements of SEL are binary emotion labels (anger, disgust, happiness, fear, sadness,
and surprise). In the proposed method, there are three SEL labels from the face, voice,
and gesture. In the fuzzification process, each SEL label is converted to SE (surface
emotion) in 3D space of affinity pleasure-arousal using fuzzy sets to represent each

emotion based on across-cultural circumplex [4] [37], by membership functions pu(*) as,

SE = u(SEL)

= (Seaf »S€ S’ear)e [_ 1’1]3’ (3)

pl
where sear, Sepi, and sear are the surface emotion affinity, surface emotion pleasure, and

surface emotion arousal, respectively. To calculate the surface emotion values

membership as shown in Fig. 2.5, Fig. 2.6, and Fig. 2.7 are used.
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Fig. 2. 5. Affinity axis membership functions for the surface emotion labels
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Fig. 2. 6. Pleasure axis membership functions for the surface emotion labels
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Fig. 2. 7. Arousal axis membership functions for the surface emotion labels
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In the fuzzy deep emotion combination process, each value of DE (deep emotion)

vector is calculated with SE from each device n as,

af max(wnseaf n)daf
DE,¢ = "N + Vo (4
| max (w,,se, , daf

where af is a variable of affinity axis, n is one device out of all devices N, wh is the weight
value for the specific input based on the customized knowledge, searn is the membership

in affinity axis, svar is the shift value for the affinity axis,

[pl rpgzl((wnsepm)dpl

B ITS&((wnsepm)dpl

ol +svpy ()

where pl is variable of pleasure axis, n is one device out of all devices N, wy, is the weight
value for the specific input, sepin is the membership in pleasure axis, svpi is the shift value

for the pleasure axis, and

ar max (wn S€,1 )dar

DE,, = "N +svy, (6)
max (w, se,, , [dar
neN

where ar is variable of arousal axis, n is one device out of all devices N, wn is the weight
value for the specific input, searn is the membership in arousal axis, svar is the shift value

for the arousal axis.
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In the equations (4), (5), and (6) the components from the surface emotion from each
neural network are multiplied by the weight value (wn) depending on the customized
knowledge, the max value of components is detected, its centroid is calculated, and,
finally the corresponding shift value is applied based on customized knowledge.

The resulting values in equations (4), (5), and (6) are the components of the deep
emotion affinity pleasure-arousal space axes. Also the standard deviation between the
surface emotions is calculated to create a distorted cone to show where the deep emotion
is located. The emotion centroid (deep emotion) and standard deviation are plotted in the
affinity pleasure-arousal space as in Fig. 2.8.

Affinity
A
Displeasure

_Emotion Std. Dev.

/ _—+ Emotion Centroid
‘ [

Sleep fe=—o—x9>—> Arousal

Pleasure

No-affinity

Fig. 2. 8. Representation of deep emotion output where the distorted cone and the
centroid of the emotion are shown
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2.4. Demonstration Scenarios for Human-Robot
Communication

Two demonstration scenes are created to validate the proposed method. Therein,
communication between a human employee (observed agent) and a robot secretary

(emotion observer) in a Japanese company setting is mimicked as shown in Fig. 2.9.

®

Fig. 2. 9. Scenario consisting of a secretary robot (observer agent) and human employee
(observed agent)

The employee’s face/voice/body-gesture are captured by Kinect sensor device
attached to the robot secretary. The topic is a ‘meeting room reservation’, where a
reservation made by the employee is subsequently modified because of a mistake made
in the earlier reservation. This script is created and recorded in Japanese language, and

the translated version in English of the script is presented in Table 2.1.
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Table 2.1. Script of the interaction entitled “a routine of beloved employee”, where a
meeting room reservation conversation between an employee and the secretary (robot)
is done.

Scene 1:

Employee: Are you busy?

Secretary: No, would you like to reserve a room?

Employee: Is the meeting room for 10 people vacant at 3 o ’clock this Thursday?
Secretary: They are available from 15:30.

Employee: Great. A quiet room is preferable.

Secretary: How about the regular conference room on the 17th floor?

Employee: Sounds good! It’s for a remote conference with the branch office, please
reserve it until 17 o'clock.

Secretary: In addition, I will reserve the video conference system, too

Employee: Thanks!

Secretary: You are welcome. Good luck.

Change of Scene:

The employee later realizes his mistake after a conversation with his manager. The

employee goes back to the secretary room to change the date of the earlier reservation.

Scene 2:

Employee: Are you busy now?

Secretary: Go ahead!

Employee: Excuse me, | want to change the meeting with the branch office to next
Thursday.

Secretary: Sure! | will check it now.

Employee: Yes, please.

Secretary: For next Thursday, all the conference rooms on 17th floor have been
scheduled already. How about the 11th floor conference room?

Employee: Great. | feel relieved.

Secretary: | will also update the reservation of the remote conference system.
Employee: Thank you very much.

Secretary: You 're always welcome.

24



Chapter 2: Deep Level Emotion Understanding using Customized Knowledge for Human-Robot
Communication

In this scenario it is assumed that the secretary robot and the employee have already
known each other for a long time, this means that the customized knowledge about the
employee has already been checked, adjusted, and updated, about the employee. In scene
1, the observer agent senses the normal behavior of the employee and understands the
importance of the meeting, and assigns the necessary priority. In scene 2, the secretary
robot is able to understand deeply the emotions of the employee, and then uses more

adequate words to try to calm the observed agent.

To capture the inputs for the proposed method, a Kinect motion sensor device is used.
Kinect sensor has different libraries that make the detection and extraction with enough
precision/speed [38]. To capture and record the audio, the Audio library is used, for the
facial features the Face Tracking library is used, and the Skeletal Tracking library is used
to get the information of the head and the upper extremities [39]. Fig. 2.10 shows the

output image of Kinect sensor of the Skeleton and Face Tracking in the center.

Fig. 2. 10. Output from Kinect to be analyzed

Each of the three emotion extraction engines is created and trained separately; also

25



Chapter 2: Deep Level Emotion Understanding using Customized Knowledge for Human-Robot
Communication

the programming experiments are divided into two parts. The coding to process the video
and depth information is generated in Visual Studio 2012 using C# language and the audio

input is processed using the Audio Analysis Tool of Matlab.

To train the 3 neural networks two different datasets are used. One dataset containing
the depth and video information (created originally for this project) consists of 10 people
showing the six different basic emotions in front of the Kinect sensor two times each.
Samples of the records created using Kinect Studio v1.7.0 to make a total of 120 inputs
are shown in Fig. 2.11. The second dataset used for the voice train is the Berlin Database
of Emotion Speech [40] which consists of 10 different people showing 6 basic emotion

plus neutral voice multiple times, making 535 audio voice files.

Three different feed forward neural networks are used to obtain the emotion for face,
body gesture and voice. The configuration for face neural network consists of 6 nodes as
inputs, 18 nodes in the hidden layer, and 6 nodes as outputs, which achieves 75.5 %
accuracy. Using the Kinect sensor makes it possible to recognize and process the skeleton
of the people using support vector machine, detecting the position of the human body
extremities and head. The body skeleton values outputs are directly input for the gesture
neural network. The gesture neural network consists of 12 inputs nodes, 22 nodes in the
hidden layer, and 6 nodes in the outputs layer with an accuracy of 85.0%. The emotion
from the voice is processed in the voice neural network, a configuration consisting of 6
nodes as inputs, 20 nodes in the hidden layer, and 6 nodes as the outputs, achieving 76.9%

of accuracy.
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- | W
Fig. 2. 11. Some of the participants of the Kinect emotion dataset created for the project

After the surface emotion is calculated, the three 6D emotion vectors are transformed
to membership functions for each of the axis values (Affinity, pleasure, and arousal), and
combined based on the properties of the observed agent and the situation information.
This combination is realized firstly using the type of person who gives more weight to
the stronger channel of emotion communication, and then takes into consideration the
observed situation information. These values are combined in a fuzzy based algorithm
with the surface emotion vectors to obtain the deep level emotion 3D vector. The deep

emotion vector is displayed in the Affinity Pleasure — Arousal space [34].

The surface emotion outputs from the voice, face, and body gesture are different, and

Fig. 2.12 shows an example of them after transformation along the Affinity Pleasure-
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Arousal space axes.

The resultant emotions in the experiment still do not closely match the results
described in a survey administrated to Japanese people based on similar scenarios about
observed agent emotion, but it gives a good approximation of the emotion described by
the observed agent. The results obtained by the system are better than those given by
people that are not familiar with the observed agent. An example of the resulting deep
emotion is shown in Fig. 2.13, where all the surface emotions and customized knowledge
are combined. Fig. 2.14, 2.15, and 2.16 show the comparison of the centroid of the deep
level emotion (dot line), centroid of the surface level emotion (double line), and the
emotion reported from the observed agent (solid line). The emotion reported from the

observed agent is closer to the deep emotion centroid than to the surface emotions.

Affinity
o
!

1 Pleasure
1

Arousal
Fig. 2. 12. Affinity Pleasure - Arousal space showing the surface outputs
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Fig. 2. 13. Affinity Pleasure-Arousal space showing the deep level emotion centroid
and the standard deviation cone

The mean square errors are calculated for the three different axis to compare the deep
level emotion with surface level emotion, i.e., (0.0805, 0.086, 0.0396) for the deep level
emotion, and (0.111, 0.257, 0.056) for the surface emotion. The error for the deep level

emotion is smaller than the surface level emotion.

The experimental environment consists of a computer with 32-bit processor Intel(R)
Core (TM) i7-2600 CPU 3.40GHz, 4 GB RAM and Kinect for Windows model 1517. For
the software requirements, computing device equipped with Microsoft Operating system
Windows 7 Enterprise, MATLAB environment where Neural Network Toolbox and

Audio Analysis Library are installed, and Microsoft Visual Studio Express 2012 for
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Windows Desktop Version, 11.0.60315.01 Update 2 for coding for the Kinect sensor were

used.

Affinity
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0.6
0.4
0.2 ; Deep Emotion
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0.2 Observed Agent

Fig. 2. 14. Comparison between the deep emotion, surface emotion, and the observed
reported emotion in affinity axis

30



Chapter 2: Deep Level Emotion Understanding using Customized Knowledge for Human-Robot
Communication

Pleasure

0.8
0.6
0.4

02 - @uemg

Y A— =« «« Deep Emotion

2 4 ==@=> Surface Emotion

-0.2 b Observed Agent

Fig. 2. 15. Comparison between the deep emotion, surface emotion, and the observed
reported emotion in pleasure axis
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Fig. 2. 16. Comparison between the deep emotion, surface emotion, and the observed
reported emotion in arousal axis
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2.5. Chapter Summary

A deep level emotion understanding method is proposed for human-robot
communication to handle the complex and individual way that every human express their
emotions. The inputs are captured by a Kinect sensor and processed in three neural
networks to obtain the surface level emotions. Then the surface emotions and customized
knowledge are combined in ‘fuzzy deep emotion’ algorithm to obtain the deep level

emotion.

In the experiment, the customized knowledge is introduced as the feature to achieve
a deep level emotion understanding for realizing smooth communication between an
observed agent (human employee) and an observer agent (robot secretary). In the
demonstration scenario there exist two interactions, i.e., in the first interaction, using the
customized knowledge about the employee and the employee’s situation information, the
secretary (robot) makes a meeting room reservation for the human employee based on an
understanding the employee’s emotions in a normal state. Subsequently, in the second
interaction, at the request of the employee, the secretary (robot) changes the earlier
meeting room reservation schedule by understanding the employee’s mistake and giving
sympathized thoughtfulness to the employee. The secretary (robot) understands the
change in emotional state of the employee from the first to the second interaction by
applying the knowledge about the employee to the surface level observed information
from the Kinect sensor device. This confirms that the proposed method can assist to
depicting the deep emotion from the surface emotion combination with the customized
knowledge. The square mean errors (0.0805, 0.086, 0.0396) show closer relation between

the real reported emotion and the deep level emotion.

The proposed method is being planned to be applied to an emotion understanding
module in the demonstration experiments of authors’ ongoing robotics research project
entitled “Multi-Agent Fuzzy Atmosfield” [41], where the script entitled “a routine of

beloved employee” is performed by 5 humans (employee, manager, colleague A, bar new
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guest, and employee’s wife) and 5 robots (secretary, colleague B, bar lady, PARO, kid)
Is being pursued. It is important to mention the perceived necessity of systems that can
learn from normal interactions with humans, and improve their reaction, based on that

acquired knowledge to achieve the maximum adaption, and personalization.

In future direction, the need 1) to add more features to the customized knowledge and
2) to improve an identification system to implement the right customized knowledge to
the right person requires attention. Similarly, utilizing pattern recognition to create a new
input for the system to handle the quick and fast gestures during the conversation could

improve emotion understanding in human-computer communication.
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3.1. Studies on Emotion Visualization and Problems in

Long Distance Interaction

In the long distance interaction, telecommuting and distance learning are the main tasks,
but the lack of automatic communication between the users and administrator of the
system have make the system less appealing for the users. The data visualization is a
central issue to confirm achievements not only for expert system administrators but also
for non-expert users [30]. A simple and effective emotion visualization method from a
view point of affective computing is necessary to be developed for the sake of realizing
smooth interaction. A few approaches for emotion visualization have been studied
[24][42], where the visualization of the emotion plays an important role in the design and
understanding of the system, but those methods are not easy to understand emotions
intuitively and/or completely.

A visualization method is proposed to represent users’ emotions in long distance
interaction and to improve the interaction between users and administrators, where the
emotion is characterized by a 3D vector in affinity pleasure-arousal space [-1, 1]° [34]. In
accordance with any non-invasive emotion recognition method, like those based in voice
[43], face [28], body gestures [29], or combination of them [22], the visualization is
carried out by accepting a newly proposed shape-brightness-size (SBS) model to
understand users’ emotions easily and intuitively. The shape changes from an X-shape to
square and finally to a circle to represent -1, 0, and 1 on pleasure-displeasure axis of
affinity pleasure-arousal space, respectively. The brightness stands for the value on the
arousal-sleep axis starting from the black (= -1) passing by all the gray’s gradients until
the white (= 1). The size indicates the position on the affinity- no-affinity axis, where the
smallest size means no-affinity and the full size implies complete affinity.

The proposed visualization method provides SBS figure as the information about each
user’s emotions successively on the user’s terminal screen. By observing the easily
understandable SBS figure displayed on the screen one after another, each user makes the
best use of self-emotional transitional states for his/her further self-improvement. All

users’ emotional personal histories are recorded in the system storage, and the system
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administrator puts the information to practical use for establishing business strategies
such as brushing up the contents and graphical user interface, and supporting users who
are faced with hard tasks.

Two experiments are accomplished; one is to validate the correct correspondence
between the fundamental emotions (anger, disgust, fear, neutral, happiness, sadness, and
surprise) and the SBS figures, and another is to confirm the availability of users’
emotional personal histories. The first experiment consists to display 7 fundamental
emotions in the shape-brightness-size figures to 5 non-experts users who are asked to
select the best SBS figure that matches the given emotion. The same test is applied to 3
expert users. The second experiment involves giving 5 reading-text-tasks (one page
English sentences in the field of chemistry, neuroscience, biology, mathematics, and
quantum computing) to the same 8 users, and the system administrator detects the trends
of users’ preferences to tasks by asking users about his/her emotion after finishing each
task.

Emotion visualization concept in long distance interaction system is presented in 3.2.
A shape, brightness, and size (SBS) visualization method is proposed in 3.3. Two

experiments on long distance interaction are done in 3.4.

3.2. Emotion Visualization Concept in Long Distance

Interaction

Simplicity and full information representation of data are key issues for both expert and
non-expert users in visualization method [23]. Emotion and its visualization have proved
to be important in the human-computer interaction to implement and to improve services
[24][42]. While the extraction and recognition of emotion have been widely studied, the
visualization of the emotion and its implementation in different areas have not
investigated enough.

A 3D vector emotion on the affinity pleasure-arousal space [-1, 1]3 [34] is used to
represent emotion. The emotion is obtained by any type of engines or methods, e.g., voice

[43], face [28], body gestures [30], or their combinations [22]. The proposed visualization
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method is designed by introducing three different features depending on each axis in
affinity pleasure-arousal space.

For the pleasure-displeasure axis [-1, 1], some meaningful shapes are accepted. Based
on Japanese culture, circle represents a positive or good answer, while the X-shape
represents a negative or bad answer as shown in Fig. 3.1. That makes the shape a suitable
way to represent the pleasure (= 1) or displeasure (= -1). In between displeasure and
pleasure, continuous deformed shape from X to circle is used as shown in the upside of
Fig. 3.2.
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Fig. 3.1. Japanese males making a positive gesture (circle) in the left,
and a negative gesture (X-shape) in the right.
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Brightness of inside the shape is adopted to represent the arousal-sleep axis [-1, 1].
White is the brightest color that denotes vivid, activeness, and arousal (= 1), while black
is the darkest color that denotes gloom, passiveness, and sleep (= -1). The degree from
sleep to arousal is expressed by gray level degree as shown in the middle of Fig. 3.2.

For the affinity- no-affinity axis [-1, 1], the size of the shape is used from the smallest
in the case of no-affinity (= -1) to the full size in affinity (= 1) as indicated in the bottom
of Fig. 3.2.

The emotion information of users is used to check and to improve the users’
performance by the system administrator, when users are facing too difficult tasks in long
distance interaction. The interaction concept of the proposed long distance interaction

system is depicted in Fig. 3.3.

The emotion information of all users during execution of a certain task are recorded
in the system storage. With the information, the administrator localizes and identifies the

tasks where the users have difficulties or hard times to accomplish the tasks.

Recognition of difficult part in the task may guide the system administrator to improve
contents of the task. Also the identification of users who are having difficulties leads the
administrator to focus on and to support them by creating proactive relation between users
and system administrator, which will lead to better user—system interaction overall. For
each user, a report of his/her own emotion history displayed on the terminal screen may

help to detect his/her weak or interesting potions of the task.
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Fig. 3.2. Proposed visualization for the emotion in Affinity Pleasure-Arousal space
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Fig. 3.3. Proposed long distance interaction concept where users and administrator have
feedback from the system to improve users’ performance.
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3.3. Emotion Visualization Method based on Shape,
Brightness, and Size (SBS) Model

To create a visualization program of user’s emotion, Lamé curve or superellipse [44]
rotated 45 degrees is used to generate shapes shown in the upper part of Fig. 3.2. Each
value on pleasure-displeasure axis in affinity pleasure-arousal space [-1, 1]3 corresponds
to a particular shape of SBS model. The Lame curve [44] is defined by

X

a

g

where a and b are the same and n is given by

n = (pleasure — displeasure value) + 1, 2)
since the pleasure-displeasure value is in [-1, 1], n belongs to [0, 2]. The shape of SBS
model is displayed with 45 degrees rotation to create an X-shape (n=0), a square (n=1),

and a circle (n=2).

Hence, the final coordinate (x’, y°) to draw the shape is given by

/ cos> —sin= X
El=1 o B ©
y sin;  cosy y

The brightness parameter in SBS model is used to represent the arousal-sleep value,

and is given by

(arousal-sleep value)+1 c [

Brightness = .

0,1], (4
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where the shape is filled with black if the brightness is 0, with white if the brightness is
1, or any corresponding gray scale between 0 to 1.
Finally, the size of SBS model representing the affinity- no-affinity value is given by

(af finity—no af finity value)+1
2

Size = X Maximum size, (5)

where the maximum size depends on the implemented environment, e.g., monitor size,
output image size, or application window size. It is set by 533px out of 927px for the
experiments in IV.

An example of emotion visualization is presented in Fig. 3.4, where the emotion state
is (-0.7, -0.5, 0.4), i.e., strongly displeasure, relatively sleepy, and fairly affinity.

a-' DeepEmotionVisualizer = | 2] -

Pleasure - Displeasure Axis
Displeasure Neutral Pleasure

U

1 0 1

Arousal - Sleep Axis

Sleep Neutral Arousal

U

-1 0 1

Affinity - No-Affinity Acas
No-Affinity Neutral Affinity

U

-1 0 1

Fig. 3.4. An example of emotion visualization in the emotional state (-0.7, -0.5, 0.4)

The visualization program is coded in C++ language (66 KB) on a computer with 32-
bit processor Intel(R) Core (TM) i7-2600 CPU 3.40GHz, and 4 GB RAM. The computer
used Microsoft Operating system Windows 7 Enterprise, Microsoft Visual Studio
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Express 2012 for Windows Desktop Version, 11.0.60315.01 Update 2 and OpenGLUT
0.6.3.

3.4. Evaluation Experiments on Emotion Visualization

in Long Distance

Two experiments are performed, i.e., first to confirm the suitability of the relationship
between emotion labels and SBS figures, and the second to confirm the usability of the

users’ emotion report to the system administrator.

3.4.1. Matching Experiment between Expression by SBS Figures and

Users’ Perception

To confirm understandability of SBS figures to users, a matching experiment between
users’ understanding of 7 SBS figures and their impression of 7 fundamental emotion
labels (anger, disgust, fear, happiness, neutral, sadness, and surprise) is done by 8 users
using a questionnaire form in Fig. 3.5. Users are requested to select which figure would
be the best representation of the emotion label by indicating one from three SBS figures.
The matching percentage is accepted as an evaluating criterion based on number of
correctly matching answers between the expected SBS figures and users’ emotion label
perception. The total 8 users are divided into expert (3 users) and non-expert (5 users),
where the expert users are accustomed to emotional research including affinity pleasure-
arousal space [34], and the non-expert users are not expected to have any knowledge

about emotional subjects.
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Fig. 3.5. Two Examples of emotion label and its SBS figure-candidates
in the questionnaire.
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Table 3.1 shows the matching percentage by expert users and non-expert users. In the
case of anger, happy, and neutral SBS figures are clearly identified by all users with the
score 100%. The lowest case is fear (40%) by non-experts, which indicates that the figure
of fear is hard to be recognized by non-expert users because of the closeness of fear
emotion to disgust/surprise emotions. Low percentage of non-expert users in sadness
emotional label may depend on the users’ different perception of the emotion in their
cultures (users are from Japan, China, Taiwan, and Mexico). It is inferred that non-expert
users will improve the identification of closer related emotions such as fear, sadness, and
surprise as they become familiar with the proposed visualization method.

Table 3.1. Results of the Matching Experiment between SBS Figures and Emotional
Labels

Expert (%) Non-expert (%) | Average (%)

Anger 100 100 100

Disgust 67 100 88

Fear 100 40 63
Happiness 100 100 100

Neutral 100 100 100

Sadness 100 60 75

Surprise 67 60 63

Average (%) 90.47 80.95 84.14

The results show high understandability of SBS figures because non-expert users
matching percentage reaches 80.95% and that of expert users achieves 90.47%. It
indicates that the proposed visualization method of emotion is simple and easily

understandable for any users.

3.4.2. Questionnaire on Users’ Feeling Emotions in Reading-text-tasks

The second experiment consists of obtaining users’ feeling emotions by giving 5
reading-text-tasks. The topics of the texts are randomly selected in different fields, i.e.,

biology, neuroscience, mathematics, quantum computing, and chemistry, which are
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called as task 1-5, respectively. Each text is printed on one sheet in such a way that task
1 (biology in Fig. 3.6) sentences only, task 2 (neuroscience in Fig. 3.7) sentences with a
figure, task 3 (mathematics in Fig. 3.8) sentences with an equation and a figure, task 4
(quantum computing in Fig. 3.9) sentences with a figure, and task 5 (chemistry in Fig.
3.10) also sentences with a figure. The questionnaire (Fig. 3.11) is completed to the same
8 users as in experiment 1. After finishing each task, the users are requested to check their
emotion state on three [-1, 1]-scales of affinity pleasure-arousal space [34]. The users’
emotions are represented by SBS figures, recorded as “Users’ emotion report” in Fig.

3.11, and presented to the system administrator.

1.- Evolution

Evolution iz the change in the inheritad characteristics of biclogical populations over zuccessive
generations. Evolutionary processes give rize to diversity at every level of biological organization,
including species, individual organizms and molecules such az DNA and proteins

All life on Earth iz descended from 2 last universal ancestor that lived approximately 3.8 billion years
ago. Repeated speciation and the divergence of life can be inferred from shared sets of biochemical
and marphelogical traits, or by shared DNA zequences. Theze homologous traits and sequences are
more zimilar amang species that share 3 more recent common ancestor, and can be used to
reconstruct evolutionary histories, using both existing species and the fossil record. Existing patterns
of biodiversity have been shaped both by speciation and by extinction.

Charles Darwin was the first to formulate 3 scientific argument for the theory of evolution by means
of natural zelection. Evolution by natural selection is a process infarred from three facts about
populations: 1) more offspring are produced than can possibly survive, 2} traits vary among
individuals, leading to different rates of survival and reproduction, and 3) trait differences are
heritable. Thuz, when members of 3 population die they are replaced by the progeny of parents
better adapted to survive and reproduce in the environment in which natural zelection takes place.
Thiz process creates and presarves traits that are seemingly fitted for the functional roles they
parform. Natural zelaction iz the only known cause of adaptation, but not the only known cause of
evolution. Other, nonadaptive causes of evolution include mutation and genetic drift.

In the early 20th century, genetics was integrated with Darwin's theory of evolution by natural
selection through the dizcipline of population genatics. The importance of natural selection az a
cauze of evolution was accepted into other branches of biology. Moreover, previously held notions
about evolution, such 3z orthogenesis and "progress” became obsolete. Scientists continue to study
various aspects of evolution by forming and testing hypotheses, constructing scientific theories,
using observational data, and performing experiments in both the field and the laboratory.
Biclogists agree that descent with modification iz one of the most refiably establizhed facts in
science. Discoveries in evolutionary biology have made a zignificant impact not just within the
traditional branches of biology, but alzc in other academic disciplines (e.z., anthropalogy and
psychology) and on zociety at large

Source: http://en wikipedia_ org/wiki/Evolution

Fig. 3.6. Reading task number 1 in biology
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2.- Parasympathetic Nervous System

The parasympathetic nervous system (PSNS) iz one of three main divisions of the sutonomic nervous
system (ANS), the other twao being the [[Sympathetic nervous system | sympathetic (znz)] and enteric
systems. The ANS © responsible for regulation of internal organs and glands, which occurs
unconsciously. To be specific, the parasympathetic system iz responsible for stimulation of “rest-
and-digest” or "feed and breed’[citation needed] activities that occur when the body iz at rest,
especially after eating, including sexual arousal, salivation, lacrimation {tearz), urination, digestion
and defacation. Itz action iz dezcribed as being complementary to that of one of the other main
branches of the ANS, the sympathetic nervous system, which iz r
associated with the fight-or-flight response.

ponsible for stimulating activities
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Source: http://en.wikipedia.org/wiki/Parasympathetic nervous system

Fig. 3.7. Reading task number 2 in anatomy
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3.- Pythagorean Theorem

In mathematics, the Pythagorean Theorem or Pythagoras's theorem—is a relation in Euclidean
geometry amang the thrae sides of 3 right triangle. It states that the square of the hypotenusze
(the side opposzite the right angle} iz equal to the sum of the zquares of the other two sides. The
theorem can be written 3z an eguation relating the lengths of the sides 3, b and ¢, often called
the Pythagorean aquation:

a'sbi=c’,

where c reprezents the length of the hypotenuse, and 3 and b reprezent the lengths of the other
twao sides.

The Pythagorean theorem iz named after the Greek mathematician Pythagoras (ca. 570 BC—ca.
495 BC), who by tradition iz cradited with itz proof [2](3] although it iz often argued that
knowledge of the theorem predates him. There iz evidence that Babylonian mathematicians
understood the formuls, although there is little surviving evidence that they used it in 3
mathematical framewaork.[8](5] Mesopotamian, Indian and Chinese mathematicians have afl
been known for independently dizcovering the result, some aven providing proofs of special cazes.

The thearem has numercus proofs, poszibly the most of any mathematical theorem. These are very
diverze, including both geometric proofz and algabraic proofs, with zome dating back thouzands of
years. The theorem can be generzlized in various ways, including higher-dimensional spaces, to
spaces that are not Euclidean, to objects that are not right triangles, and indeed, to objects that are
not trianglez at 3ll, but n-dimensional zclids. The Pythagaorean Theorem haz attracted interest
outside mathematics 3z 3 symbol of mathematical abstruzeness, mystique, or intellectual power;
popular referances in literature, plays, musicals, songs, stamps and cartoons sbound.

Source: http://en wikipedia.org/wiki/Pythsrorean theorem

Fig. 3.8. Reading task number 3 in mathematics
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4.- Quantum Computer

A quantum computer is 3 computation device that makes direct use of quantum-mechanical
phenomena, such a: superposition and entanglement, to perform operations on data.[1] Quantum
computers are diffarent from digital computers bazed on transistors. Whereas digital computers
require data to be encoded into binary digits {bitz}, 2ach of which iz always in one of two definite
states {0 or 1), quantum computation uses qubits [quantum bitz), which can be in superpositions of
states. A theoretical medel is the quantum Turing machine, slzo known as the universal guantum
computer. Quantum computers share theoretical similarities with non-deterministic and
probabilistic computers; one example is the ability to be in more than one state simultaneously. The
field of quantum computing was first intraducad by Yuri Manin in 1980[2] and Richard Feynman in
1982.[3][4] A guantum computer with spins a5 guantum bits was also formulated for use as 2
quantum space—time in 1969.[5]

Az of 2014 quantum computing is still in its infancy but experiments have been carried out in which
quantum computational operations were executed on 3 very small number of qubits.{6] Both
practical and theoretica! rezearch continues, and many national governments and miitary funding
agancies support quantum computing research to devalop quantum computers for both civilian and
national security purposzes, such as cryptanalyszis.[7]

Large-scale quantum computers will be able to zolve certain problemz much quicker than any
claszical computer using the best currently known algorithms, like integer factorization using Shor's
algerithm or the simulation of guantum many-body system:. There exist quantum algorithms, such
az Simon's algorithm, which run faster than any passible probabilistic classical algorithm.[8] Given
sufficient computational resources, however, 3 classical computer could be made to simulate any
quantum algorithm; guantum computation does not violate the Church-Turing thesiz.[9]

Source: http://en.wikipedia org/wiki/Quantum computer

Fig. 3.9. Reading task number 4 in Quantum Information
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5.- Chemical Bond

A chemical bond iz an attraction between atoms that allows the formation of chemical substances
that contain two or more atoms. The bond is cauzed by the electrostatic force of attraction between
apposite charges, either between electrons and nuclei, or 35 the result of a dipole attraction. The
strength of chemical bonds varies considerably; there are “strong bonds” zuch as covalent or ionic
baonds and “wesk bonds” zuch as dipole-dipole interactions, the London dizpersion force and
hydrogen bonding.

Since opposite charges attractvia 3 simple electromagnetic force, the negatively charged electrons
that are orbiting the nucleus and the positively charged protons in the nucleus attract each other.
An electron positioned between twa nuclei will be attracted to both of them, and the nuclei will be
attracted toward electrons in this position. This attraction constitutes the chemical bond. Due to
the matter wave nature of electrons and their smaller mass, they must occupy 2 much larger amount
of volume comparad with the nuclei, and thiz volume occupied by the electrons keeps the atomic
nuclei refatively far apart, 33 compared with the size of the nuclei themselves. Thiz phenomenon
lim#ts the distance between nuclei and atomz in a bond.

In general, strong chemical bonding is azsociated with the sharing or transfer of electronz between
the participating atoms. The atoms in molecules, crystals, metals and diatomic gases— indeed most
of the physical environment around us— are held together by chemical bonds, which dictate the
structure and the bulk properties of matter.

Hydrogen H* H*
Carbon e oG
Water H:§€H H-§-H
ga A
Ethylene ﬁ '(::":::'
Acetylene HICIICIH  H-C:C-H

Fig. 3.10. Reading task number 5 in Chemistry
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In this test, the emotions after reading each task are

measure. The measurement is represented by 3 values

as in the legend on the table in the right side.

Please make a check mark where your current

emotional state is in the 4 differnt scales lines after

each reading tasks.

the following is an example of how to answer:

in this example shows someone whos is familiar with a task but feel boring, and it is easy for him:

-1 0 1
DispleasurelJ } } l/ } I } | | I Pleasure
-1 0 1

Sleep I } ‘/ } } I } } } I Arousal
-1 0 1
No-Afinity| | | | | | I — | aftiniy
-1 0 1
pisiike | | - v | | | | | ke
TASK 1. Evolution
-1 0 1
Displeasurc:lJ } } } I } J } I Pleasure
-1 0 1
Sleep I } } } I } J } ! Arousal
-1 0 1
No-AffinityI } } } I } } } ! Affinity
-1 0 1
pislike | | | | | | | ! | Like

Fig. 3.11. Example of the answer sheet for one of the tasks
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User Tasks 1 = User's Avg.
1
2 |
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Avg

Fig. 3.12. Users’ emotion report to the system administrator.
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Fig. 3.11 provides the system administrator some trends of tasks and users, e.g., the
average of task 1 in comparison with the others shows sleepy (dark) and low affinity
(small size), and the closer averages of user 3, 4, and 5 show neutral state (square, gray,
and middle size).

To confirm the results observed in the “Users’ emotion report”, another questionnaire
is done to the same 8 users, where the users indicate by [-1, 1] score checking how easy
and how prefer each task is, and the results of easiness and preference are shown in Table
3.2 and 3.3, respectively. A strong relationship is confirmed in Table 3.2 and 3.3 between
SBS visualization method and users’ responses to each task. Data of user 8 in Fig. 3.11
and Table 3.2 show that darker brightness is related with task difficulty, which is reflected
by the negative values in Table 3.2.

Users 1, 2, and 7 have interests in all tasks, which is revealed by the closeness to circle
shape, lighter brightness, and bigger figure size. It is also corroborated with the big
positive values in Table 3.2 and 3.3. Task 1 has closer to X-shape, darker, and smaller
size in comparison to other tasks in Fig. 3.11, which is also cross checked with smaller

average values of the task 1 in Table 3.2 and 3.3.

Table 2.2. Questionnaire answers about if tasks are easy for users

Users|Task1 |Task2 |Task3 |Task4 |Task3 |Users' Avg.
1 0.15 0.75 0.06 0.95 0.91 0.56

2 0.86 0.11 0.11 0.36 0.41 0.37

3 0.48 0.97 0.75 0.21 -0.27 0.43

4 -0.90 0.25 -0.14 0.43 -0.43 -0.16

5 0.36 0.92 0.00 0.46 0.50 0.45

6 -0.39 0.39 057 0.80 0.83 0.44

7 0.29 0.95 0.64 0.71 0.64 0.64

8 -0.64 0.41 0.75 -0.74 0.36 0.03

Avg. |0.03 0.59 0.34 0.40 0.37 0.35
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Table 3.3. Questionnaire answers if users prefer the task or not

Users|Task1 |Task2 |Task3 |[Task4 |Task3 |Users' Avg.
1 0.50 0.29 0.40 0.69 0.17 0.41
2 0.61 0.37 037 0.57 0.36 0.46
3 -0.01 -0.26 -0.28 0.23 -0.26 -0.11
4 -0.36 0.15 0.15 0.33 -0.13 0.03
5 0.13 0.25 0.00 0.19 0.62 0.24
6 -0.07 0.14 0.59 0.61 0.69 0.39
7 0.56 0.43 0.70 0.79 0.80 0.66
8 -0.01 0.23 0.73 0.50 -0.50 0.19
Avg. |0.17 0.20 0.33 0.49 0.22 0.28

3.4.3. Confirmation of advantages of SBS figures

It is confirmed from the results of experiment 1 that the proposed visualization method
of emotion is simple and easily understandable for all users because even non-expert users
achieve relatively high matching percentage 80.95% in average. It turns out to be more
easily acceptable as the user becomes use to the proposed visualization method because
the matching percentage of expert users exceeds about 10% to that of non-expert users.
Discrepancy exists in the data shown in Table 3.1, but it is mainly caused by lower
matching percentage of non-expert users hence the problem may be solved as they
become familiar with the proposed visualization method.

The system administrator finds a hint of what tasks need to be improved by checking
the “Users’ emotion report” in experiment 2 and selecting X-shape closer, darker, and
smaller sized SBS model figures in the report. “Users’ emotion report” suggests various
strategic hints to the system administrator, e.g., 1) the result for task 1 (biology) indicates
that text is not easy to understand for most users, which provides suggestion of inserting
appropriate illustrations, 2) users 3, 4, and 5 report negative responses to all tasks, which
makes the system administrator to interview them for asking the reasons of negative

responses (users 3 and 5 say the contents are boring, user 4 confesses too difficult).
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3.4.4. Ongoing Language Learning Distance Education

The proposed visualization method of emotion is planning to be applied to several
practical long distance interaction problems. Among them, a new distance education
system is investigated to realize global scale language education through internet.
Distance education has various advantages compared with face-to-face education such as
everywhere, every time, every subject, and everyone, but the biggest problem is lack of
mutual communications among learners. A concept of virtual classroom is introduced in
the proposed distance education system, where classroom atmosphere and learners’
emotions make important role to solve the problem. Learners’ emotion is related to facial
expression, gesture/posture, and voice information especially in language learning.
Multimodal interface device like Kinect® is supposed to be attached to each learner’s
terminal device and captures learner’s basic information to identify his/her emotion. The
proposed visualization method will be applied to provide learner’s emotion profile.
English-German language learning is focused, where the contents of the course will be
based on the learner’s weak points and preferences without any manual setup by the
learners. The contents and the lectures inside of the course could be reviewed
automatically by the learners’ emotions during his/her learning time. In the near future,

the proposal will be implemented on advanced smart phones for worldwide use.

3.5. Chapter Summary

Two experiments are practiced on long distance interaction, i.e., matching test between
7 emotional labels and 7 SBS figures and questionnaire on 8 users’ feeling emotions to 5
reading-text-tasks. The results from the first experiment between 7 fundamental emotions
and 7 SBS emotion model figures obtain matching percentage 80.95% by 5 non-expert
users and 90.47% by 3 expert users. The second experiment for the same 5 non-expert
and 3 expert users results in relatively big individual difference of feeling emotions,
which is irrelevant to expert or non-expert.

It is confirmed from the results of the first experiment that the proposed visualization
method of emotion is simple and easily understandable for users because even non-expert

users achieve 80.95%, and that it turns out to be more easily acceptable as the user
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becomes use to the visualization method because the matching percentage of expert users
exceeds about 10% to that of non-expert users. The system administrator finds a hint of
what tasks need to be improved by checking the “Users’ emotion report” in experiment 2
and selecting X-shape closer, darker, and smaller sized SBS model figures in the report.
Although two experiments carried out are elementary trials in long distance interaction,
more practical implementation is ongoing in the field of distance education since the
authors’ group concentrates on education through internet from global viewpoints.
Learners’ emotion is related to facial expression, gesture/posture, and voice information
especially in language learning, and such information is easily obtained by using
multimodal interface like Kinect. The proposed visualization method is planning to be
applied to English-German language learning application as a smartphone application,
where the contents of the course will be based on the user’s weak points and preferences
without any manual setup by the users. The contents and the lectures inside of the course

could be reviewed automatically by the users’ emotions during his/her learning time.
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4.1. Studies on Emotion Applied to Distance Learning

and Concept of Artificial Inspirer

In Distance Learning is taking a very important part in the modern life, big companies
and opportunity to business opened a big interest in this area, being able to reach all areas
of the world, without having the limitation of space of time, it is just wonderful. But
distance learning have a problem is the adaptation to the different users around the world,
and how to support their experience actively, while getting static of the content. A study
shown that good performance of the online learning is fast, but in the long term, it loses
against the regular paper studies [45], mainly because the little adaptability that systems
do for the users.

The relation between the learning style of each learner and the online learning
application is critical to achieve good learners’ performance and to keep the learners
motivated to continue learning [46] [47]. Different methods to create adaptive systems
are being proposed [48] [49], but there is need for more active and automatic adaptation
of the e-learning system. The personality and emotions affects the learning performance
[50].

The usage of deep level emotion understanding is proposed as the mechanist to achieve
and control the e-learning system to adapt to the user necessities without the direct
intervention of the system administrator. A customized knowledge combined with
emotions to create the deep level emotion understanding [51], proved to be a good
approach to realize the learner deep emotion level state and adapt the system.

The proposal consists of an audio, video, depth capture device like Kinect ®, the inputs
are processed to obtain the deep emotions based on the learner customized knowledge,
and then the deep personality decision module will select and command the adaptive e-
learning system to provide the appropriated content to the learner.

The deep level emotion understanding in language distance learning concept is
presented in 4.2. The artificial inspirer in the experiment on English-German learning is

proposed in 4.3.

59



Chapter 4: Deep Level Emotion Understanding Applied to Distance Learning

4.2. Deep Level Emotion Understanding in Language

Distance Learning

Online learning is fast and effective in short term, but in a long term normal studies
achieve better results [45], normally because the lack of inspiration, and the low
adaptability of the learning system to the learner needs.

A motivated learner will give better results, adaptive e-learning system had being
proposed [46] [47], but an identification of the personality [50] of the learner will improve
their performance. Some of the methods like [48] [49], but there is need for more active
and automatic adaptation of the e-learning system.

The deep level emotion understanding is proposed as the key to control an e-learning
system to adapt to the user necessities without the direct intervention of the system
administrator. A customized knowledge combined with emotions to create the deep level
emotion understanding [41], the system fusion the deep level emotion understanding
theory with an adaptive e-learning system to obtain a “Deep Level Adaptive E-Learning

System,” that provided better and more accurate content to the learner, shown in Fig. 4.1.

60



Chapter 4: Deep Level Emotion Understanding Applied to Distance Learning

Deep Level Emotion
Understanding

Adaptive E-Learning

Deep Level Adaptive
E-Learning System

Fig. 4.1.Combination of the Deep Level Emotion Understanding to control the
Adaptive E-Learning system to create a new system “Deep Level Adaptive E-Learning
System”.

4.3. Artificial Inspirer in Experiment on English-

German Language Learning

The deep level adaptive system diagram is shown in Fig. 4.2. Where the learner facial,
voice and depth information is captured by a Kinect® and send to the deep level
understanding engine. The outputs of the Kinect® are combine with the customized
knowledge about the learner to create the deep level emotion which is the input to the
deep personality decision, here the deep emotion level is processed to create the
appropriated command to the e-learning server data, which will send the list of content
for that learner based in the deep level adaptive system.
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Deep Level Adaptive System

Deep
Deep Level Personality

Understanding Decision
Engine

——— -!J-

E-learning
Server Data

Customized
User E-learning Data

Fig. 4.2.Proposal diagram of “Deep Level Adaptive E-Learning System”.

In the matching experiment, the comparison between the normal system and the
proposal is done via web application in an English-German learning language, where
users used the system while it is adapting to them, also a report page for the administrator

localize the contents to improve.

4.5. Chapter Summary

The experiment shown that with the emotion an automatic feedback can be obtained
and used to improve the interaction learner — system, system — administrator, and learner

— administrator.
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5.1 Conclusions

Deep level emotion understanding method is proposed for human-robot
communication to handle the complex and individual way that every human express their
emotions, and in some way emulate the day that human understand the emotions of other
human. In the proposed method the inputs are captured by a Kinect sensor and processed
in three neural networks to obtain the surface level emotions. Then the surface emotions
and customized knowledge are combined in ‘fuzzy deep emotion’ algorithm to obtain the
deep level emotion. In the experiment, the customized knowledge was introduced as the
feature to achieve a deep level emotion understanding for realizing smooth
communication between an observed agent (human employee) and an observer agent
(robot secretary). The deep emotion is the representation of the real emotion of agent, to
prove it some demonstration scenarios were proposed, where two interactions were made,
I.e., in the first interaction, using the customized knowledge about the employee and the
employee’s situation information, the secretary (robot) makes a meeting room reservation
for the human employee based on an understanding the employee’s emotions in a normal
state.

In the emotion visualization experiments were performed on long distance interaction,
i.e., matching test between 7 emotional labels and 7 SBS figures and questionnaire on 8
users’ feeling emotions to 5 reading-text-tasks. The results from the experiments show
that the SBS emotion model figures obtain a great matching percentage 80.95% by 5 non-
expert users and 90.47% by 3 expert users, making it possible the utilization. The
proposed method shown very good assimilation from the users, and also it could be
adjusted to show different range of features, like the usage of colors or the use of 3D
volumes to increase the representation properties of the method.

The visualization method results confirmed that the proposed visualization method of
emotion is simple and easily understandable for users because even non-expert users
achieve 80.95%, and that it turns out to be more easily acceptable as the user becomes
use to the visualization method because the matching percentage of expert users exceeds

about 10% to that of non-expert users.
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And finally the implementation of the deep emotion level understanding to distance
education shows that the correct emotion using and tracking, combined with an adaptive
e-learning system can improve the learning quality of the users, get the best contain to the
learner way of studying and also create an automatic channel to review the contain inside

of the e-leaning system.

5.2 Future Perspective

In the near future perspective works is to add more features to the customized
knowledge to have more accurate deep emotion recognition engine and to implement an
identification system to apply the right customized knowledge to the right person, and
also exploring other input devices to improve speed and accuracy of the obtained

emotions.

In future perspective works is the implementation of more complex adaptive e-
learning system that could manage more details about the learners to make more fully
usage of the deep emotion level understanding, similarly, utilizing pattern recognition to
create a new input for the system to handle the quick and fast gestures during the

conversation/interaction.
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