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Chapter 1
Introduction

As the urban environment is increasingly driven by technology, the evolution of tech-
nical systems has accelerated dramatically during the past decades. In spite of this,
a typical interaction with a technical system has not changed significantly. Devel-
oping methods to improve the level of communication between man and machine is
one of the goals of affective computing. Affective computing constitutes the effort of
performing robust and reliable classification of a user’s emotional state. The emo-
tional state can be determined through the analysis of various modalities, for example
prosody, facial expression, gesture and physiology. Because emotional behavior is a
complex multidimensional process, several modalities contain partially redundant,
convergent or conflicting emotion information. Compared to other modalities of hu-
man emotion expression, physiological data can be measured continuously and may
contain emotional information. This is particularly the case when expressive behav-
ior in the form of language, facial expression or gesture is not available. Therefore,
emotion recognition on the basis of physiological data is a topic of great interest.

Being able to determine a user’s emotional state would enhance simple assistive tech-
nical systems into so-called digital companions. Digital companions are described in
a framework by Traue et al. (3) as embodied conversational agents who communi-
cate in natural spoken language and carry out advanced and natural man-machine

interactions.
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The goal of digital companions is to provide not only functionality but also empa-
thetic responses to the user’s needs. In the future, digital companions will appear in
everyday life in many different forms. They will provide us with helpful information,
support us in decision-making processes and communicate their intentions to the so-
cial and technical environment. There are many roles a digital companion could play
in everyday life, but still the answer as to what kinds of relationships people will re-
quire from companion entities remains unclear. Wilks (4) suggests that a companion
should have the role of the Victorian lady’s Companion.

Companion attributes within cognitive technical systems will ensure that the systems
are perceived, accepted and utilised by their users personal and empathetic assistants
that are socially and emotionally intelligent (see (5)). This is only possible if the
functionality of such companion technologies is consistently and fully automatically
oriented towards the user’s abilities, preferences, requirements and current needs.
This technological development opens up new, unforeseen opportunities of techni-
cal support and digital assistance. Companion technology can make an important
contribution in this area, especially with regards to the future of our aging society.
Its application potential ranges from a new generation of technology which provides
versatile assistance with the organisation of everyday tasks to innovative support sys-
tems for patients in rehabilitation or people with limited cognitive abilities.

A clinical example of a simple Companion System is C. Bischoft’s and K. Limbacher’s
E-Coaching system eATROS. It is a program for a handheld device which assists users,
suffering from a psychological disorder, such as depression, to cope with their prob-
lems, activate resources and encourage self-regulation / self-control by leading him
through a series of pre-determined questions (see for example (6) and (7)). If such a
simple system could be equipped with emotion recognition capabilities, it could adapt
its behavior better to a specific user and thereby become more effective.

One of the primary aims of companion technologies should undoubtedly be to pro-
vide access to helpful technology to older people. Because, as Wilks (4) writes, older
people have, until today, been effectively excluded from information technology, as
well as the web, the internet and some mobile phones, just because they are not able

to cope with the buttons.
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The following physiological responses are typically assessed for the purpose of emo-
tion recognition / classification in the terms of affective computing (see for example

(8), (9)) and (10)):

e the cardiovascular system - by recording the electrocardiography (ECG) or the
peripheral blood volume (BVP)

e the electrodermal system - by measuring the skin conductance (SC)

e the facial expressive system - by recording the electromyogram (EMG) of the

corrugator supercilic and the EMG of the zygomaticus major

e the respiratory system - by measuring respiratory excursion



Chapter 2

Theoretical Background

2.1 Emotion Theory and Historical Overview

In his work ‘The Expressions of the Emotion in Man and Animals’ that was pub-
lished in 1872, Charles Darwin has analysed questions and theories supporting the
thesis that humans evolved from animals. In his book, he put special emphasis on
the analysis of facial expressions in humans and mammals. In the end, he was sure
that a facial expression had a specific meaning in every emotion. For example in the
emotion ‘surprise’; it meant to inform the subject about what happened. Therefore
the eyes are opened widely to enable a better optical perception of the environment.
Another very early explanation about what an emotion is supposed to be, gave
William James in 1884. James postulated that an emotion constitutes a series of
procedures after a stimulus onset. His thoughts were put into the famous phrase: ‘Do
we run from a bear because we are afraid or are we afraid because we are running from
the bear?’. His answer to this question is based on the fact that some physiological
reactions that occur are perceivable and that these can lead to an emotion.

Jame’s Theorem was revised by Walter Cannon. He was interested in the ‘flight-
or-fight syndrome’ and postulated that in an emergency reaction, the physiological
changes prepare the body to the upcoming event by, for example, pumping blood
into the muscles. The physiological changes are regulated by the autonomic nervous

system and seem to be too slow to be responsible for the origin of emotions. Another
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counter-argument was brought up by Cobos et al. (11) who examined patients with
spinal cord injuries who didn’t show different emotional sensation than healthy sub-
jects, meaning that the information of the periphery is not needed for a sensation of
emotion.

A few years later, the James-Cannon debate was revised and discussed by Schachter
and Singer (12). Their oppinion was that physiological feedback is very important for
emotions, but not specific enough to evoke an emotion. They postulated that emo-
tions must evolve from the cognitive interpretation of a situation. Their hypothesis
was, that through a change in the physiological feedback, one should be able to influ-
ence the experienced emotion. They verified the hypothesis by injecting adrenalin to
subjects who underwent an emotional experience and could show that emotions were
sensed more intensely with the emotional quality being the same.

Paul Ekman postulated the Ekman’s neuro-cultural theory of emotion. Similar to
Darwin, Ekman studied the facial expressions and found cross-cultural similarities of
emotion expressions. According to Ekman’s theory, six basic emotions can be stated
(see (13)) that are expressed and understood in every culture. These are the emo-
tions fear, sadness, disgust, joy, surprise and anger. When one of the basic emotions
is induced, the specific facial emotion pattern is triggered and the relevant facial mus-
cles are activated. After that, Plutchik come to the conclusion, that there are two
other emotions, adding to the previous six basic emotions - trust and anticipation.
From these basic emotions, secondary emotions can be formed, for example shame
being fear and disgust. The problem is that there are different concepts of basic emo-
tions. Ekman’s theory claims that there is an automated expression for each emotion,
whereas Plutchik claims that emotion results from the disposition. Therefore it can
not be strictly defined, how many basic emotions exist.

In the present study, the dimensional concept of emotions is used as a working defini-
tion. This concept differs from the discrete emotions model in that way, that there is
not only the fixed basic emotions. In the dimensional concept, the emotional space is
located within a coordinate system, and in this three-dimensional space, each emotion
can be represented. The emotions are located in a two- or three-dimensional emo-

tion space (PAD space) associated with the dimensions ‘pleasure’ (positive-negative),
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‘arousal’ (aroused-relaxed) and ‘dominance’ (gain of control-loss of control) describ-
ing the location of a particular emotion within this three-dimensional space. This
form of emotion theory is based on the concept of Russell and Mehrabian (14). Both,
James as well as Darwin, postulated that emotion is an expression of a motivational
behavior and basic instincts. Humans and animals either tend to a stimulus or they
turn away from it. This motivational approach is in many ways still used by different
research groups. It is biphasic, so it can be interpreted as positive and negative (see

(15)), pleasant and unpleasant (see (16)) or appetite and aversive (see (17)).

2.2 Emotion and Physiology

Somatic reactions are part of emotional responding. The involved parameters, like
breathing, sweating and muscle activation are regulated automatically (unconsciously)
or consciously. The regulation of these parameters helps to adapt to specific situa-
tions. Even when emotions are constituted mimically and consciously, changes in
the physiology of the autonomic nervous system can be observed (see (18)). It is
also possible to derive emotional categories (positive, negative, neutral) from EEG
data (see (19)). Therefore it is of great interest to find emotion patterns, patterns of
physiological reactions to emotional content on subject-dependent as well as subject-
independent level.

The use of physiological data for emotion classification can be very important, espe-
cially when the subject is emotionally less expressive. In such situations, classification
using mimics or gestics can fail due to missing expressive data. People who tend to
hide their emotional state in their mimics, but express them strongly in the physi-
ological data are called internalized, while mimically expressive people who tend to
show less physiological reactions are referred to as Externalizer (see (20), (21), (22)).
There are four types of mechanisms that are responsible for emotional inhibition: ge-
netic, repressive, suppressive and deceptive (see (23)). The suppression of emotional
arousal is called suppressive inhibition (see (24) and (23)).

Emotion regulation processes can be investigated by the use of questionnaires. The

Emotion Regulation Questionnaire (ERQ) (see (25)) has been designed to analyse
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two emotion regulation strategies suppression and reappraisal.

2.3 Emotion Induction

In order to obtain emotionally relevant physiological data, the subject must be emo-
tionally stimulated. The most common ways of emotion induction are video clips
(see for example (26), (27), (28), (29) and (30)) and audio clips (see for example (31),
(32), (33), (34) and (35)). Another, very frequent method constitutes the emotional
stimulation with the International Affective Picture Set (IAPS) (see (36)). In this
study, two different emotion induction setups were employed. The first setup was
a standardized TAPS picture presentation where the subject’s task was to passively
watch pictures with emotional contents. The IAPS pictures were presented as blocks.
The description of the experimental setup of the blocked TAPS presentation is de-
scribed in section 3.1.2. The second setup was a wizard of oz scenario where the
subject actively took part in a mental trainer scenario. This experiment is described
in section 3.1.3.

The physiological data was recorded by the Nexus32, a physiological monitoring de-

vice.

2.4 Current State of Scientific Research

To date there are two different approaches on how to detect an emotion from physi-

ological data:

e Seclected features are extracted from the physiological data and used as inputs

for an automatic classification system for emotion classification

e One physiological channel is analysed and its changes are linked to a certain

emotion

The first approach could be referred to as ‘machine learning approach’. After the

data acquisition and a feature extraction, selected features are used as inputs for an
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automatic classification system and a classification rate, that is mostly based on a
leave-one-out validation is calculated. An overview over the field of affective com-
puting using this method is given in Picard’s work (10). One example adopting this
approach can be found in Zhai’s and Barettos’s work (37) in which a supervised
classification of two affective states, ‘stressed” and ‘relaxed,” was conducted using a
support vector machine based on physiological features. The classification rates were
determined by a 20-fold cross-validation.

Katsis and his team (38) also created a platform that classifies ‘high stress’, ‘low
stress’, ‘disappointment’, ‘euphoria’ and ‘neutral face’ using support vector machines
on physiological data and optical information from a facial detection system. Kim
and his team (39) used support vector machines for classification between ‘sadness’,
‘anger’, ‘stress’ and ‘surprise’. In (40), they performed a classification of four emo-
tional states: ‘high arousal, positive’, ‘high arousal, negative’, ‘low arousal, positive’
and ‘high arousal, negative’ using a pre-clustered linear discriminant analysis (pLDA).
Another approach was used by Rosalind Picard who performed a k-nearest neighbor
(k-NN) classification on physiological data in (10), also testing the results via cross-
validation. In this study, Picard points out the problem of day-dependence, showing
the need for robust features / procedures when using different data sets that were
recorded at different points of time.

Sark et al. (41) have conducted an experiment inducing stress with the Stroop Color-
World Interference Test. They managed to achieve arousal classification rates of
around 90% with an individual (subject specific) feature-selection and classification
setup using support vector machines. Wu et al. (42) have classified arousal in threat
situations. They achieved individual (subject specific) classification rates of 84-100%.
Valenza et al. (43) have conducted an experiment, presenting blocked pictures from
the International Affective Picture System (IAPS) with five pleasure and arousal
levels to the subjects and classifying the levels of pleasure and arousal. They also
present a small overview over used signals, induction methods, emotion classes and
classification results that were reported in the last decade. In (44) Agrafioti et al.
have analysed emotion recognition by means of Electrocardiographic (ECG) patterns.

Out of the ECG morphology, around 89% of pleasure states were correctly classified.
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Nicolau et al. (45) introduced a system that fuses multiple cues and modalities in
order to perform a continuous prediction of the emotional state in the two dimensions
of pleasure and arousal.

The second approach can be referred to as ‘single channel analysis’. Physiological
data is analysed and characteristics for a distinct emotion are searched in a single
physiological channel. This physiological channel’s changes can then be analysed in
various situations. The heart rate, for example, can be a measure for emotion. Etzel
et al. (46) have analysed this physiological feature and measured acceleration and
deceleration of the heart rate while the subjects were listening to sad and fearful mu-
sic. Bernat and his team (47) have used the heart rate to measure effects of picture
content. Stemmler et al. (48) and Friedman et al. (8) have shown that skin conduc-
tance changes have an affect on emotion and Paus et al. (49) and Bradley and his
team (50) used EMG as measure for emotion.

Kreibig (1) illustrates a detailed overview of studies on peripheral responding in fear
and sadness, showing a very detailed overview of peripheral physiological channels
and their status changes during these two emotional situations. In Figure 2.1 can
be seen an overview over studies that found the heart rate rise and fall during fear
and sadness induction. Kreibig found the heart rate to be one of the most sensitive

measures to distinguish between the states of fear and sadness.

2.5 Aim and Organization of the Thesis

Neither of the methods described above have yet led to successful subject- and
situation-independent emotion recognition. Using a machine learning approach for
emotion classification can result in correct classification rates of about 80-90 percent.
But since the classification rate drops alarmingly when trying to classify subject- or
especially situation-independent data, this method cannot be realised in a companion
system that needs to be able to identify its user’s emotional state in various situa-
tions. The single channel analysis can be applied subject-independently, but if only

one physiological channel is monitored, the cause of its changes will always remain
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Figure 2.1: Overview over studies analysing the heart rate during the induction of
fear and sadness taken from (1).

ambiguous.

The aim of this thesis was to develop a robust method for emotion-change recognition
in the two-dimensional space of pleasure and arousal which can be applied to all sub-
jects, thus subject-independently in various situations, thus situation-independently.
The core idea was to observe changes of physiological channel-pairs instead of ex-
amining single channel changes and thereby obtaining the possibility of coding four
emotional states, covering all edges of the two-dimensional emotion space of pleasure
and arousal.

The organization of the thesis is as follows:

Both, a machine learning method (see chapter 4.1) as well as single channel analysis
(see chapter 4.3.1) will be applied to the acquired data in order to analyse weather one
of these methods is suited for a two-dimensional emotion recognition and to reveal
their advantages and disadvantages. In chapter 3.1, the experimental setup includ-
ing an [APS picture presentation, a mental training scenario and questionnaires is
described. In 3.2 the physiological Data that was measured is shown and in 3.4 the
basic concept of Artificial Neural Networks is described to the reader.

In chapter 4.1 a common classification is performed on the EMOREC I data. Finally,
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in chapter a hybrid method is developed, combining the machine learning approach
and the single channel analysis approach in Emotion Identification Modules that can
be used for subject- and situation-independent emotion change identification.

The thesis of this work is that by the linking of each two physiological channels and a
weighted majority voting, it should become possible to determine an emotion change

and its strength in both dimensions - pleasure and arousal.



Chapter 3

Materials

3.1 Experimental Setup

The physiological data was collected during the acquisition of the EmoRec II corpus,
an emotion-induction corpus designed for data acquisition for the use of multimodal
emotion recognition. Therefore not only physiological data was recorded but also

high quality video and audio material.

3.1.1 The EmoRec II Corpus

The EmoRec II corpus contains multimodal data from 110 subjects (69 female and
41 male). The subject’s average age was 35.4 years (SD = 18.8). All subjects signed
an informed consent form. The corpus data was recorded at the Emotion Lab, Ulm.
In the first part of the experiment blocked pictures with emotional content were pre-
sented to the subjects (see section 3.1.2). In the second part of the experiment the
‘mental trainer’ - a Wizard-of-Oz (WOZ) experiment was performed. This experi-
ment is based on six experimental sequences in which different emotional states were
induced employing praise, dispraise, time pressure etc. (see section 3.1.3).

A graph illustrating the recorded data sets as well as the data handling can be seen

in Figure 3.2. The physiological data recorded during the IAPS picture presentation

13
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Figure 3.1: The setup of the mental training WOZ experiment

was divided into two parts (IAPSgl and IAPSg2) containing physiological data of
55 subjects each. The first group’s data (IAPSgl) was used for empirical detection
of the most emotionally relevant feature-pairs and for construction of five Emotion
Identification Modules (EIMs) for each of the two emotion dimensions pleasure and
arousal. This procedure is described in section 4.4.1. These modules were then
applied for emotion identification on the second group’s IAPS picture presentation
data (IAPSg2) as well as the WOZ interaction experiment data (WOZgl) to verify
the subject- and situation-independent identification performance of the EIMs (see

section 4.4.2).

3.1.2 Blocked TAPS Picture Set

As mentioned in section 1, the international picture set (IAPS) is a very common
method of inducing emotions. Since these pictures have been presented to and rated
by thousands of subjects, the validity of them is undoubted. For each picture, there
exists a mean rating for each of the three dimensions of pleasure, arousal and domi-
nance.

Previous tests that used IAPS pictures as stimulus material (see (51) have achieved
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identification of impartant feature-pairs - canstruction of the EIMs

[IAPS picture presentation - Group 1]—)[ IAPS picture presentation - Group 2

supject-independant emotion recognition with EIMs

situation-independant emation recognition with EIMs

Y
WOZ memory training - Group 1

Figure 3.2: An illustration of the splitting of the acquired data set (EmoRec II) into
the parts IAPSgl, TAPSg2 and WOZg1 for the purpose of EIM creation as well as
subject- and situation-independent testing of the EIM’s emotion change identification.

good results in the field of event-related potential (ERP) classification research that is
applied in EEG analysis. For the purpose of ERP recognition, it is sufficient to present
the induction material for only a few milliseconds, since the ERPs occur within mil-
liseconds. The temporal resolution of peripheral physiological data is much greater.
Therefore we blocked the pictures and presented ten pictures of approximately the
same arousal and pleasure rating score subsequent without a pause to ensure a longer
lasting emotion induction.

This procedure put the subject’s emotion into one place on the two-dimensional space
of pleasure and arousal and kept it there for 20 seconds. This method will allow a
segmentation of the affective physiological data for classification purposes and also a
better comparison with the affective physiological data that was gathered from the
mental trainer wizard of oz experiment (see section 3.1.3) where the subjects also
remain in one state of affect for even a few minutes.

Eight TAPS picture blocks, containing ten pictures from the International Affective

Picture Set (36) each, were presented to the subjects in random order!. Each picture

LIAPS pictures: HPLA: 1610, 1620, 2360, 2388, 2540, 5200, 5551, 5760, 5779, 2530 (52), 11-20
(53), mean pleasure SAM rating = 7.58, mean arousal SAM rating = 3.26, SD(pleasure) = 0.39,
SD(arousal) = 0.47 LPLA: 2210, 2280, 2715, 2722, 6010, 7046, 7700, 8010, 9045, 9101, 9360, 939 (52),
1, 2, 5-10 (53), mean pleasure SAM rating = 3.74, mean arousal SAM rating = 3.63, SD(pleasure) =
0.43, SD(arousal) = 0.51 HPHA: 4611, 4690, 4695, 5629, 8161, 8503, 5621, 8080, 8370, 8490, 1650,
5700, 5950, 8191, 8341, 5470, 8030, 8180, 8400 (52), 30 (53), mean pleasure SAM rating = 7.0, mean
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IAPS pictures

grey screen blocked presentation

{ baseline )—H inducing emotion F

20 seconds 20 seconds

Figure 3.3: The subjects were shown a gray screen for 20 seconds, following 20 seconds
of TAPS picture material with emotional content.

was presented for two seconds resulting in a block of 20 seconds duration. The blocks
were separated by a 20 second pause. Each of the ten pictures in one block was
very similar in pleasure and arousal rating, inducing one of the emotion categories
low pleasure and low arousal (LPLA), low pleasure and high arousal (LPHA), high
pleasure and low arousal (HPLA), high pleasure, high arousal (HPHA) (see Figure
3.4).

The blocked picture presentation was chosen due to the advantage of emotional stim-
ulation with longer sequences. This approach causes deeper emotional involvement
and physiological reactions. As Smith et al. (54) could show, corrugator activity
and skin conductance responses increase with ongoing exposure to unpleasant TAPS
pictures. A further advantage of this stimulation method is the comparability with

the WOZ experiment data with experimental sequences of similar length.

e LPLA (low pleasure, low arousal)
e LPHA (low pleasure, high arousal)
e HPLA (high pleasure, low arousal)

e HPHA (high pleasure, high arousal)

arousal SAM rating = 6.5, SD(pleasure) = 0.57, SD(arousal) = 0.51 LPHA: 1050, 2800, 3266, 3400,
5971, 6230, 6350, 9250, 9410, 9424, 9810, 9920, 9921, 9925, 3000, 3053, 3120, 3170, 3500, 6300, mean
pleasure SAM rating = 2.20, mean arousal SAM rating = 6.66, SD(pleasure) = 0.64, SD(arousal)
= 0.57
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low pleasure, high arousal high pleasure, high arousal

low pleasure, low arousal high pleasure, low arousal

Figure 3.4: Eight picture series were presented to the subjects. Two series of pictures
inducing low pleasure and low arousal (LPLA), two inducing low pleasure and high
arousal (LPHA), two inducing high pleasure and low arousal (HPLA) and two induc-
ing high pleasure and high arousal (HPHA). These pictures are similar to the IAPS
collection (2).
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Figure 3.5: The wizard’s operating screen for the WOZ experiment. On the top left
the wizard sees the subject’s screen. On the bottom left the cards can be uncovered.
On the top right the sequences are started and on the bottom right positive, neutral
or negative commands can be triggered.

3.1.3 The Mental Trainer WOZ Experiment?

To perform the mental trainer WOZ experiment, an application was programmed
by Andreas Scheck and David Hrabal in C#. It consists of two parts: the subject’s
screen and the experimenter’s user interface (see Figure 3.1).

The subject’s screen shows the picture matrix with the hidden pictures, the elapsed
and remaining times and a performance bar showing the user’s performance in the
current experimental sequence. Ranging from ‘very bad’ to ‘very good’ (see Figure
3.6).

The concept of WOZ experiments is widely used for software development and
prototyping in the area of Human-Computer-Interaction and interface design (see for
example (56), (57), (58), and (59)). The subject is told to be interacting with a
computer system, being unaware of the fact that the experiment is controlled or ma-
nipulated by the experimenter, the so-called ‘wizard’. In our WOZ experiment, the

subject was told to be performing a mental training experiment with an autonomous

2Contents of this section can also be found in (55)
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Figure 3.6: The subject’s view onto the experimental screen. On the top the consumed
time and the time that is left are shown. On the top right the subjects performance
is displayed varying from ‘very bad’ to ‘very good’. Underneath the performance bar
and the card deck are shown.

computer system that is operated by voice. The WOZ scenario consisted of six exper-
imental sequences (es01-es06) in each of which a certain emotional state was induced.
This emotional state, represented as a point in the two-dimensional space of pleasure
and arousal, can be seen in Figure 3.7.

The induced emotion depends on the following factors:

e size of the picture matrix

e alikeness of the pictured motives

e time pressure

e indicated rating of the subject’s performance
e positive and negative comments of the system

e incorrect recognition of the subject’s commands
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e delays in execution of the subject’s commands

The subject’s screen during the experimental sequences four (es04) and six (es06)
of the WOZ experiment can be seen in Figure 4.10. In es04 the pictures looked very
much alike, there was time pressure and the performance bar showed ‘under average’.
The induced emotion was low pleasure and high arousal (LPHA). In es06, the pictures
were diverse, there was no time pressure, positive comments were given to the subject
and the performance bar showed ‘very good’. The induced emotion was high pleasure
and low arousal (HPLA). After the experiment, a manipulation check via a semi-
structured interview which included questions about the subject’s feelings in all six
experimental sequences of the WOZ experiment as well as a rating of these sequences
via Self Assessment Manikin (SAM) (36) were assessed. The mean pleasure rating
for es04 was 5.8 (SD = 1.9) whereas the mean pleasure rating for es06 was 7.9 (SD =
1.5). The mean arousal rating for es04 was 4.8 (SD = 2.2) whereas the mean arousal
rating for es06 was 2.9 (SD = 1.9).

Detailed Description of the Mental Trainer WOZ Experiment

The simulation of the natural verbal human-computer interaction was implemented
as a Wizard-of-Oz (WOZ) experiment [41], [42]. The WOZ experiment allows the
simulation of computer or system properties. The subjects get the impression that
they have a completely natural verbal interaction with a computer-based memory
trainer. The design of the memory trainer follows the principle of the popular men-
tal trainer ‘concentration’. The variation of the system behavior in response to the
subjects was implemented via natural spoken language, with parts of the subject’s
reactions taken automatically into account. However, the system does not work with
algorithmic speech recognition and automatic response control, but is controlled by an
experimenter in an adjoining room. This method allows simulating human-computer
interactions that technically are not yet possible (or only rudimentary so), such as a
reliable recognition of natural spoken language. In the following we describe details

of our experiment:
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Figure 3.7: The two rounds of the WOZ experiment with their experimental se-
quences. The first round consists of five experimental sequences, the second round
consists of six experimental sequences.

Main Instruction

The subject is being introduced to the system by the following instruction:

“You will be communicating with a computer and completing a memory test. The
experiment will be carried out in this room. You will receive commands from the
system. The system can react to you on the basis of language, gestures, and facial
expressions. Therefore, there are a microphone and a camera. The system has many
different functions. At the beginning of the test you will be asked to answer some ques-
tions. When you exceed certain thresholds with regard to the physiological parameters,
the system will ask you whether to terminate the task. Poor language recognition may
lead to technical delays. Try to communicate with the system like you would with a

human being.’

Structure of the experimental sequences (ES)

The experiment involves a memory-training sequence consisting of two parts (see
Figure 3.7). Both parts consist of identical experimental sequences. Part two also
includes a debriefing sequence at the end of the scenario. Between round one and

round two, 24 images (International Affective Picture System, IAPS) are shown to



CHAPTER 3. MATERIALS 22

the subjects, so that they could distance themselves emotionally from the first round.
The presentation time for each image is six seconds, with a break of four seconds to

ten seconds.

Experimental sequence 1 (ES1)
System instruction:

‘On the screen in front of you is a deck of covered cards with different images. Every
image exists twice. Your task is to successively uncover the image pairs. Please un-
cover them as quickly as possible as there will be a time bonus. At the same time, you
should make as few mistakes as possible, because every wrong pair will be deducted
from your score. On the upper screen you see a bar showing your performance status.
Only verbal communication is possible. I understand many different commands. So
Just speak the way you usually would. We will now begin the memory test. The test
is divided into several rounds. I wish you success in solving the tasks! You begin the

first test with the command: start test.’

Procedure
In ES1, a deck of a 4 x 4 matrix with highly discriminative images was presented. After
three correctly uncovered pairs the subject received the feedback ‘Your performance
is improving’. After half of the ES (four remaining pairs), a countdown of five minutes
was started. ‘Please finish the game quickly! You have five minutes!” At the end of
the ES the subject received the following comment: ‘You have successfully solved the
first task. Please describe how you feel at the moment.’

Targeted Emotional State
In the first half (four pairs), ES1 was inducing the emotional state ‘high pleasure, low
arousal, high dominance’ and after the countdown the emotional state ‘high pleasure,
high arousal, high dominance’ (see Figure 3.8).
Experimental sequence 2 (ES2)

System instructions
‘Now comes the second round. Try to be as good as before. Begin again with the

command: start test.’
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Figure 3.8: A screenshot of the experimental sequence 1 (ES1). There are 16 cards
in the card deck, seven are already uncovered, the subject’s performance is ‘good’.

Procedure
A deck of a 4 x 4 matrix with highly discriminative images was presented. After
three correctly uncovered pairs the subject received the feedback ‘Your performance
is improving’ with a visual bar feedback of very good. There was no countdown. At

certain intervals the wizard sent positive feedback, such as:

e Very good!

e Keep it up!

e You are doing great!
o Great!

e Your memory works perfectly!

At the end of the ES, the subject received the following comment: ‘You have also
very successfully solved this round! Please describe your emotional state. If necessary:
Could you describe this in more detail?’

Targeted Emotional State
In ES2 the emotional state ‘high pleasure, low arousal, high dominance’ was induced

(see Figure 3.9).
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Figure 3.9: A screenshot of the experimental sequence 2 (ES2). There are 16 cards in
the card deck, seven are already uncovered, the subject’s performance is ‘very good’.

Experimental sequence 3 (ES3)

System instructions
‘The third deck s larger. The majority of subjects in your age group solve the task
without problems. For this deck you can, however, ask for help. After you have
uncovered a card, the second card will be uncovered. Again, begin with the command:
Start test.’

Procedure
A deck of a 4 x 5 matrix with highly discriminative images was presented. After three
incorrectly uncovered pairs the subject received the feedback, ‘Your performance is
declining’ with a visual feedback of mediocre. After half of the ES (5 remaining pairs),
a countdown of two minutes was begun. ‘Please finish the game quickly now! You have
two minutes!’. At the end of the ES the subject received the following comment: ‘Task
solved. This round was more difficult because of the number of cards. Nevertheless,
you have again successfully solved the task. How do you feel now?’

Targeted Emotional State
In the first half (five pairs correctly uncovered), ES3 was inducing the emotional state

‘high pleasure, low arousal, high dominance’ and after the countdown the emotional
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Figure 3.10: A screenshot of the experimental sequence 3 (ES3). There are 16 cards
in the card deck, six are already uncovered, the subject’s performance is ‘fair’.

state ‘high pleasure, high arousal, low dominance’ (see Figure 3.10).
Experimental sequence 4 (ES4)

System instructions
In the fourth round the difficulty will be increased again. You can again ask for help
with this deck.

Procedure
A deck of a 4 x 5 matrix with two discriminative images (ships and airplanes) was
presented. After 3 incorrectly uncovered pairs the subject received the feed-back
“Your performance is declining’ along with a visual feed-back showing ‘below average’.
There are approximately six delays of six seconds when the cards are uncovered. In
some cases the cards were uncovered incorrectly. After half of the ES (5 pairs), a
countdown of one minute was begun. ‘Please finish the game quickly now! You have
one minute!” At the end of the ES the subject received the following comment: ‘The
round was terminated. This deck was very stressful for you. How do you feel now?’

Targeted Emotional State

In the first half, ES4 was inducing the emotional state ‘low pleasure, low arousal, high
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Figure 3.11: A screenshot of the experimental sequence 4 (ES4). There are 16 cards
in the card deck, seven are already uncovered, the subject’s performance is ‘under
average’.

dominance’ and after the countdown the emotional state ‘low pleasure, high arousal,
low dominance’ (see Figure 3.11).
Experimental sequence 5 (ES5)

System instructions
“Try to not ask for any help in Round 5. Begin with the command Start test!’

Procedure
A deck of a 5 x 6 matrix with very similar images (snowdrops) was presented. After
three incorrectly uncovered pairs the subject received the feedback ‘Your performance
1s declining’” with a visual bar feedback of very poor. There were ca. ten delays in
uncovering the cards or cards were uncovered incorrectly. After the first third of
the ES, the subject was given the comment ‘Your articulation is unclear’! After
processing half of the matrix the subject received the following comment four times
in a row: ‘Would you like to terminate the task?’ At the end of the ES the subject
received the comment: ‘The task was very difficult for you, therefore I have terminated
the task. Don’t be disappointed. How do you feel now?’

Targeted Emotional State
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Figure 3.12: A screenshot of the experimental sequence 1 (ES1). There are 16 cards
in the card deck, eight are already uncovered, the subject’s performance is ‘very bad’.

In the first half, ES5 was inducing the emotional state ‘low pleasure, high arousal, low
dominance’ and after the question regarding termination the dimension ‘low pleasure,
high arousal, low dominance’ was to be strengthened further; i.e. pleasure decreases,

arousal increases, dominance decreases (see Figure 3.12).

3.1.4 Questionnaires
BIS/BAS

In his biophysiological emotion theory, Gray (60) postulates three different systems.
He makes those responsible for subject-specific differences in behavior and experience.
The respective reactivity of the behavioral inhibition system (BIS) and the behav-
ioral approach system (BAS) are linked to the personality dimensions of anxiety and
impulsivity on the basis of animal studies and pharmacological studies (61). The

German questionnaire comprises a total of 20 items (7 BIS, 13 BAS).
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Emotion Regulation Questionnaire

The Emotion Regulation Questionnaire (ERQ) (62) was developed to detect individ-
ual differences in emotion regulation. Two variables are identified: reappraisal and

suppression. The questionnaire consists of 10 items.

Neo Five-Factor Inventory (Neo-FFT)

The Neo FFT is the standard personality test in research. It consists of 60 ques-
tions. The variables covered by the Neo FFT are neuroticism, extroversion, openness,

agreeableness and consciousness.

Self- Assessment-Manikin

The Self-Assessment-Manikin or SAM rating was introduced by Bradley and Lang
(36) and constitutes a pictogram rating technique for three the dimenstions of emo-
tions (3.13).

3.2 Physiological Measures

3.2.1 Physiological recording

The physiological signals were acquired using a NEXUS-32 polygraph, a flexible 32
channel monitoring system. Recorded channels were: electromyogram of the cor-
rugator supercilii and zygomaticus magjor, skin conductance (SC), peripheral blood

volume (BVP), and respiration (RSP). The sampling rate was set to 512 Hz.

3.2.2 Electromyography - EMG

The EMG was measured via Nexus EXG Sensors, dual channel sensors that deliver
two signals of EEG, EMG, ECG, EOG, or any combination. Carbon technology
combined with active noise cancellation technology are used to deliver best signal

quality at micro volt level. These electrodes were placed above the eyebrow of the
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Figure 3.13: The Self-Assessment Manikin (SAM) rating. In the first row the pleasure
dimension is rated, ranging from one (very high pleasure) to nine (very low pleasure).
In the second row the arousal dimension is rated, ranging from one (very high arousal)
to nine (very low arousal). In the third row the dominance is rated, ranging from one
(very low dominance) to nine (very high dominance).
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subject in order to record the corrugator supercilic muscle and between the mouth
and the ear in order to record the zygomaticus major muscle.

For an introduction to EMG signals refer to (63).

3.2.3 Skin Conductance - SC

There are two different ways of measuring the skin conductance. The endosomatic and
the exosomatic measurement. In the endosomatic measurement, potential differences
that are produces in the skin, are passively measured. In the exosomatic measurement
method, a current is applied to the skin. It is the most common method.

The electrodermal activity is divided into a tonic range (1-30 p S) and a phasic range
(0.05-5 p S). The tonic signal (skin conductance level, SCL) changes slowly and is
often used for measurements of arousal. The phasic signal (skin conductance response,
SCR) overlays the signal and is called the stimulus-specific reaction. In this case, the
skin conductance (SC) is measured with a set of electrodes that are placed on the
finger tips of the subject (see (64)). Figure 3.14 shows a typical skin conductance
curve.

The skin conductance was measured via the Nexus Skin Conductance Sensor. This
sensor is designed to measure very small relative changes in skin conductance (1/1000

micro siemens) with the Ag-AgCl electrodes which are attached to two fingers.

3.2.4 Blood Volume Pulse - BVP

The blood volume pulse sensor optically measures the blood flow in a peripheral body
region - in this case the finger tip. The sensor measures the amount of light that is
absorbed by the blood cells, allowing inference on the density of the blood volume (see
(65) and (66)). From the peak-to-peak intervals that correspond to the R-R interval
in a QRS complex of the ECG (see(67) and (68)) the heart rate can be calculated.
Changes that occur within the heart rate reflect changes in the autonomic nervous
system. Very often, it is used to identify stress and mental tension (40).

In Figure 3.15 a plot of a raw BVP data sequence can be observed. In Figure 3.16
the Q-peak of the QRS signal are marked with crosses. The algorithm for Q-peak
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Figure 3.15: Plot of a raw BVP data sequence. The QRS sequences can be seen very
clearly.
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Figure 3.16: The Q-peaks in the BVP signal are marked with crosses.

identification has been programmed in Matlab using the find peak function. Figure
3.17 shows the heart rates that were calculated from the Q-peak distances in Figure
3.16.

3.2.5 Respiration - RSP

The respiration was recorded via Nexus Respiration Sensor. This sensor is a belt
that is placed in the abdominal area, with the central part of the sensor just above
the navel. It can be worn over clothing, although for best results it is advised that
there are only one or two layers of clothing between the belt and the skin. Besides
measuring breathing frequency, the relative depth of breathing can also be calculated

from the Nexus Respiration Sensor data.

3.3 Machine Learning

Many methods of computer scientists have their origins in machine learning and
pattern recognition. There are two different machine learning algorithms called su-
pervised and unsupervised learning. Unsupervised learning methods are used for
splitting the data into unknown clusters. Supervised learning methods, also called

classification, are used when the categories (classes) are already known - in this case
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Figure 3.17: From the raw BVP signal, the heart rate can be calculated when the
Q-peaks have been identified.

for example low pleasure vs high pleasure. The known data set is used for training the
algorithm (training data set). Unsupervised methods cannot be used for prediction or
separation of data into classes. Therefore they are not suitable for emotion classifica-
tion of data with known labels. Known examples for supervised learning algorithms
are Artificial Neural Networks (see section 3.4) and Support Vector Machines (SVM),
((69), (70), (71)), boosting (72), K-nearest neighbors (kNN), (73), (74), and Random
Forests (75).

The advantage of methods like SVM or kNN are capable of fitting a model for high
dimensional data. But when confronted with completely new data, their performance
is usually unsatisfactory. This problem was already described by Bellman (76). Bell-
man called it the curse of dimensionality. In computer science, high dimensional data
is used for training of the algorithms, therefore the training is a sampling problem
(see (77) for details). It is very important for valid training data to cover the whole
feature space, because the quality of the trained model depends on the training data
set. In some cases, the data is sparse that means the sampling is bad and the under-
lying structure cannot be covered by the fitted model. Consequently, the predictive
power of such a model is poor.

In modern algorithms, feature selection is used to overcome the curse of dimensionality
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- meaning that the best predicting features are selected after a validation procedure.
By removing unnecessary features the curse of the dimensionality is avoided during
model fitting. Of course selecting features from the same data used for training as
well as for testing bears the risk of overfitting. In this case the performance of the
training data would be over-optimistic while the performance on unseen data is poor.
The trained data would be classified correctly, but the classification rate of unseen
data would drop dramatically. Feature selection can be a separate step or a part of
the learning algorithm (see (78) for an overview on feature selection methods) and

was used for example in section 4.1.2.

3.4 Artificial Neural Networks

An Artificial Neural Network is being characterized as a directed graph (N,V) with
edge weights, which are described via a weighting function w. N denotes the set of
neurons, V the sets {(4,7)|4,7 € N} of the neuron connections. The function w : V —
R defines the edge weights, with w;; being the weight of the neuron connection from

neuron ¢ to neuron j.

The layers of an Artificial Neural Network are:
e one input layer
e n hidden layers
e one output layer

The input vector is being applied to the input layer and propagated to the hidden
layers. The hidden layers are connected with the output layer which will output the

result after the propagation of the input vector through the whole network.

3.4.1 Topology of Artificial Neural Networks

One possibility to group Neural Networks is:
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e feed forward networks

e recurrent networks

Feed forward Networks

By convention, in Neural Networks, the input layer is the lowest layer and the output
layer is the highest layer. In feed firward Neural Networks, there is only a connection
between each neuron of the lower layer to each neuron of the higher layer. Thus the
connections have only one direction - from the outputs of one layer to the inputs of

the next layer. All neurons of one layer have the same activation function.

3.4.2 Recurrent Networks

In recurrent Neural Networks, there is direct connections?, indirect connection* and

. Recurrent Neural Networks can also be completely connected.

lateral connection
These have connections between all neurons of the network.

The spetial feature of recurrent networks is the fact that they can simulate a memory,
because of the possibility of integrating the time step t-1 into calculation. This fact
allows an even better simulation of biological systems.

In the general case, the neurons of a neural network can be connected arbitrarily. For

each neuron a unique activation function can be defined.

3.4.3 The Error Function

To minimize the error vector of a Neural Network, the global minimum of the error
network needs to be found. This is often put into affect by application of a gradient
descent algorithm as for example the backpropagation algorithm. If illustrated as a
function of their weights E(W) with the weight matrix W, the errors of a Neural
Network form a hyperplane. The error vector of a Neural Network when applying an

input vector p is is the average square deviation between the expected output ¢,; and

3connection from a neuron to itself
4connection transcending layers
5connection within a neuron layer
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the actual output oy;:

E, = Z(tm’ - Opj)2
J

Alternatively, the error F, can be diplayed as the mean square deviation of the error

rate:

n

>ty — Opj)2

n
This is then called MSES® and is used by MATLAB by default.

3.4.4 Learning Algorithms

Without a learning algorithm, an Artificial Neural Network allegories solely a trans-
form function that maps input vectors to the outputs.

With the help of a learning algorithm and a set of training vectors a designated map-
ping can be learned by the Neural Network.

In the present work, only the supervised learning method was used. This means that
the output vectors are made available to the network with the input vectors of the
training set. The training vector set is propagated through the Neural Network and
generates an output at the output layer. The actual output is compared to the antic-
ipated output and generates an error vector. The error is then propagated backwards
through the Neural Network from the output layer to the input layer and creates
changes in the connection weights of the neurons. In the next step, the weights are
changed, resulting in the minimization of the error.

The weights of the Neural Network are stepwise being adapted, in order for the Neural
Network to deliver outputs that are as similar as possible to the anticipated output

of the training output vector set.

Gmean square error



CHAPTER 3. MATERIALS 37

3.4.5 The Backpropagation Algorithm

P. Werbos’ ((79)) Backpropagation is one of the most used algorithms for supervised
training of multilayer Neural Networks. It also is the most common learning algo-
rithm used in Neural Networks.

The Backpropagation learning algorithm is a gradient descent algorithm where the
weights of the network that are connecting the neurons are changed proportionally

to the gradient of the error function, minimizing it:

0

&uij

Awij = - E(W)

The proportionality factor n is called learning rate and represents the range of the
increment with which the weights are adapted:

The groundwork for the backpropagation algorithm is the Widroww-Hoff learning
method (see (80)), where the weights between the neuron i and j are adapted in the

following way:

Awij = 10pidp;
mit
Op; (tpj — 0p;)

Where 7 represents the learning rate, o,; the output of the neuron j when pattern p
is applied and t,; represents the anticipated output.

The disadvantage of the Widrow-Hoff learning method is the fact that it can only
be applied in networks that possess only one layer of adaptive weights. Another dis-
advantage is the constrain of the Widrow-Hoff learning method to linear activation
functions.

The backpropagation algorithm is an expansion of the Widrow-Hoff algorithm and
can be applied also to the more potent nonlinear multi-layered Neural Networks, as
the feed-forward networks with nonlinear activation functions. Here the difference ¢;

is calculated:
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d; = f(net;)(t; — o5)

if j is an output neuron and
6y = fi(net;) ) dpws
k

if j is a hidden neuron. Where net; is the network input j with:

netj: E O;Wi4
i

The output o; of the neuron i results from the activation function and the network

input:

0; = fact(net;)



Chapter 4

Methods of Analysis and Results

4.1 Emotion Classification using Artificial Neural

Networks and 13 Statistical Features®

After having acquired the physiological data, the first step was to see whether the
typical machine learning classification would suffice to satisfy our needs for a ro-
bust subject- and situation-independent classification. Therefore a classification us-
ing Artificial Neural Networks was conducted using individual and inter-individual

classification on the experimental sequences 2 (es02) and 5 (es05).

4.1.1 Feature Extraction

As described in Section 3.2, we used four physiological channels (2 x EMG, BVP, and
SCL) for emotion recognition. The signal duration is about three minutes for es02
and 5 minutes for es05, representing antithetic emotions. Using a window length of
10 seconds with an overlap of 5 seconds, the signals were segmented into about 20
samples of es02 and 20-30 samples of es05 depending on different experiment durations
of each subject. For the classification of the two emotional states, a total of 13
statistic features were extracted based on mean, minimum, and maximum values from

each segment. Please note that, since the goal was to analyse ‘general’ tendency of

!Contents of this section can also be found in (55)

39
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physiological specificity between different situations and individuals, such a compact
feature set was used, including only basic statistics, rather than using an extended
one.

For the EMG signals obtained from corrugator supercilii (z.[n]) and zygomaticus
major (x,[n]), which are by nature noisy, were smoothed with help of a symmetri-
cal moving-average (MA) filter over 20 points. From the filtered signal Z.[n|, three
statistics (mean (f;), max (f2), min (fs) values) with window size of ten points was
calculated.

From the signal x,[n], f1, f5, and fg were calculated through the same process.

To obtain the heart rate from the continuous BVP signal, a simple peak searching
method was developed (based on the QRS detection method (81)) for locating R-peak
points indicating heart beats. Next, a time series of R-R distances was generated,
similar to heart rate variability (HRV) analysis. From the time series, the mean (f7),
spectral ratio (fs), max (fy), and min (fj9) were calculated. The feature fg is the
ratio of spectral power between the low-frequency (0.003-0.15 Hz) and high-frequency
band (0.15-0.4 Hz). Such ratio is generally thought to distinguish sympathetic effects
from parasympathetic effects, since the parasympathetic activity dominates at high
frequency. The features fi1, fi2, and fi3 are the mean, max, and min value of the

first differences of the SCL signal, respectively.

4.1.2 Classification

As the classification instrument, the feed-forward Artificial Neural Network (ANN)
in 13-40-20-1 architecture with two hidden layers (82) was employed.

Observation of different classification cases. Based on the various training sets
the following five different cases for individual and inter-individual classification were

considered:

e Case 1: leave-one-out and leave-one-subject-out classification of ES-2 (training

set 1) vs. ES-5 (training set 2) of round one, without feature selection.

e Case 2: leave-one-out and leave-one-subject-out classification of ES-2 (training
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set 3) vs. ES-5 (training set 4) of round two, without feature selection.

Case 3: training of the classifier on ES-2 (training set 1) and ES-5 (training set
2) of round one and testing on ES-2 (training set 3) and ES-5 (training set 4)

of round two, without feature selection.

Case 4: training of the classifier on ES-2 (training set 1) and ES-5 (training
set 2) of round one and testing on ES-2 (training set 3) and ES-5 (training set
4) of round two, with automatic feature selection on round one only by using

exhaustive optimization (brute-force search) with linear regression.

Case 5: training of the classifier on ES-2 (training set 1) and ES-5 (training set
2) of round one and testing on ES-2 (training set 3) and ES-5 (training set 4)

of round two, with a manual feature selection (like sequential backward search)

on round one and round two.

Leave-one-subject-out classification. To test its performance for inter-individual

classification, the ANN-classifier was trained with the preprocessed data of ES-2 (tar-
get = 0) and ES-5 (target = 1) of all but one subject. Then the classifier was tested

with the data of the subject that was left out for training. The output was recorded.

Here we also rated an output x >=0.5as 1 and x < 0.5 as 0.

Efficacy criterion. For the efficacy comparison of individual vs. inter-individual

classifiers, paired t-tests and Cohen’s effect sizes (d) were calculated (83),

S T
(s1+53)/2

where the  and s denote the mean value and standard deviation, respectively.

4.1.3 Results

Figure 4.1 shows the recognition results of the five cases:
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e Case 1: The comparison between individual (N = 20; M = 92.6%, SD = 10.7%)
vs. inter-individual classifiers (N = 20; M = 53.1%, SD = 13.4%) for round one
was significant (p = .0001) with high effect size (d = 2.2).

e Case 2: The comparison between individual (N = 20; M = 92.3%, SD = 4.9%)
vs. inter-individual classifiers (N = 20; M = 46.1%, SD = 7.4%) for round two
was significant (p = .0001) with high effect size (d = 5.4).

e Case 3: The individual classifiers for all 20 subjects were trained on round one
and tested on round two with a classification rate of 49.6% (SD = 19.6%).

e Case 4: We made individual specific feature selection for round one. We trained
round one and recognized for round two with a classification rate of 53.0% (SD
= 17.4%).

e Case b: Subject-dependent feature selection for round one and two was per-
formed. Round one was trained and round two was tested with a correct clas-
sification rate of 70.1% (SD = 17.8%).
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Figure 4.1: Recognition results of case 1-5 in percentage of correct classification

As shown in Figure 4.1, during the training of round one and the test of round
two (Case 3-5) the classification performance decreased individually in comparison to

the leave-one-out cross-validation of rounds one and two (Case 1 & 2). It is unlikely
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that habituation during round two caused recognition rates to drop, as the separate
individual-specific classification of round two showed recognition rates of comparable
accuracy to round one. In the Case 4, the individual-specific feature selection did
not lead to a significant improvement on the recognition rates but just marginally
of 3.4% in comparison to the Case 3, while the combined (situation-independent)
feature selection on round one and two (Case 5) improved 20.5% of the recognition
rate. Table 4.1 shows the automatically selected features for the classification of
round one (Case 4) and the manually selected situation-independent features for
round one and two (Case 5). In Table 4.2 the selection frequency of each feature
after the situation-independent feature selection (Case 5) is listed. It turned out that
both EMG signals from corrugator and zygomaticus muscles were highly relevant and
effective as complementary variables for the differentiation of the emotional states
‘high pleasure’ and ‘low pleasure’ in Case 4 and Case 5 too. On the other side, the
mean value of HRV time series (f;) was effective in Case 4 but it was only selected
for one subject in Case 5, while the spectral ratio (fs) showed its consistent efficacy
for both Cases.

To verify which descriptive emotional states are actually perceived by the subjects
during the experiment, Table 4.3 shows the rating result from subject questionnaire.
All participants stated that they experienced the same emotion in both the first and

second round.

4.2 Emotion Classification using Artificial Neural

Networks and 30 Features

The data was also analysed with 30 out of the standard 36 Picard features that were
used in (10) to test the classification rates with a different feature set. Six features

were calculated from each of the five physiological channels.
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Selected features (fx) situation-independent features (fx)
Subject # for Case 4 for Case 5
112 1,2, 3, 5,670, 12 [3, 10, 12]
114 [1,2,3,5 6,78, 9] 2, 5, 13]
118 1,3, 4,5, 7,0, 11] [2, 11, 13]
125 | [23,4,5,6,7,09, 10, 11, 13] [4, 5, 6)
127 3.4, 5, 6,7, 12] 3,6, 8]
129 2,4, 5, 6,9, 11, 13] 1, 3, 6]
208 1.2 3 456,710, 12] 4,7, 9
212 [1,3,5,6,7,8,9] L, 2, 11]
215 1,2, 3,4, 6, 13] 8, 10, 11]
219 2,5, 7,9, 13] L, 4, 5]
225 1,2, 45,6, 7,09, 12] 1, 3, 4]
226 1,2, 3,4,5,6,7,9, 12] 6, 11, 13]
308 3.4,5, 6,7, 11, 13] 1, 6, 8]
423 [1,3,4,5,7,8, 9] [5, 10, 11]
427 1,2, 36,709, 12, 13] 2,12, 13]
506 1, 4,5, 7, 10] [4, 5, 6]
510 [4, 5, 6] 2, 10]
511 1,2, 3,4, 7, 9] 2, 3]
518 [4, 5,6, 7, 11, 13] 5,8, 9]
602 3,4, 5, 6, 7] L, 5

Table 4.1: The list of selected features for Case 4 and Case 5

415167891011

Feature (fg) | 1 3
514165142 4

12

13

2
Frequency |6 |6

2

4

Table 4.2: The selection frequency of each feature within the situation-specific feature

selection (Case b)

4.2.1 Feature Extraction

1. the mean of the raw signal
N
1

2. the standard deviation of the raw signal
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Subject #
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3. the mean of the absolute value of the first difference of the raw signal

Table 4.3: SAM Rating of ES-2 vs. ES-5

1 N-1
Y3 N—1;| +1 |
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4. the mean of the absolute value of the first difference of the normalized signal

5. the mean of the absolute value of the second difference of the raw signal

y4:—N—1

1

N-1

n=1
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1 N-2
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6. the mean of the absolute value of the second difference of the normalized signal

1 ~ 5 :%
Y3

4.2.2 Classification

As the classification instrument, again a feed-forward Artificial Neural Network (ANN)
in 13-40-20-1 architecture with two hidden layers (82) was employed.

4.2.3 Results

Very good classification results could be achieved in individual classification of plea-
sure (89%), arousal (88%), and es02 vs es05 (81%). When applying subject-independant
classification, only about 50% classification rate could be achieved in all three cases
(see Figure 4.2). This indicates the massive differences between results of individual
classification, ranging up to almost 90% and subject-dependent classification residing

around chance level.

4.3 Single Channel Analysis for Emotion Recogni-
tion?

4.3.1 Skin Conductance Response Behavior to Delayed Re-
sponse Times

Introduction

System response time (SRT) research dates back to the late 1960s. But it is still
an important issue in computer science research. As today network-based computing

gains importance, software engineers have to be aware of network-related delays to be

2Contents of this section can also be found in (84)
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Interindividual vs individual classification rates

classification rate (in %)

class

Figure 4.2: Subject-dependent vs subject-independent classification rates: subject-
dependent classification of the pleasure-dimension (class 1), subject dependent clas-
sification of the arousal-dimension (class 2), subject dependent classification of ex-
perimental sequences es02 and es05 (class 3) and subject-independant classification
(class 4).

able to improve user performance and satisfaction (85). Numerous studies concerning
the best system response time for a user have been conducted, recommending specific
response-time guidelines. These guidelines show that SRT durations of more than
a few seconds are accepted when interaction tasks get more complex (86). But is a
different situation with very simple, repetitive tasks. These, also called control tasks
(85), should behave like physical devices and respond immediately or at least in a few
tenths of a second. With more experience in usage, expectations about the SRT begin
to establish. Therefore, novice users may wait much longer than experienced users are
willing to (86). While a user is able to adopt to constant delays, variable, unexpected
delays often disturb the process of interaction. Especially variations of twice the
anticipated SRT might decrease the user’s performance and cause frustration (87).

Numerous studies support that an increase in SRT leads to frustration, annoyance and
irritation (see (85)). Rating the quality of the system reveals a decrease in perceived
quality with increasing SRT. Furthermore, acceptance of such a system decreases.
Especially under time pressure users get frustrated, annoyed or even angry by long

system response times (87).
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This study investigates whether a small delay of only 500ms is sufficient to elicit a
physiological reaction and whether this response increases with longer delays lasting
one or even two seconds. The results are compared to the results of the second
scenario, where delays of six seconds are triggered in a stressful situation. Here we
also have the possibility to compare the SC patterns during immediate display of a
card compared to a delayed display of a card.

Whether delays in SRT could induce an emotional reaction and which kind of emotions
participants could observe themselves during such an interruption was collected in a
questionnaire at the end of the experimental session.

Depending on the situation at the time of interruption and on the expectancy of
the organism, interruptions may produce a variety of different behavioral responses.
According to (88) the interruption of many organized sequences produces repetition
at first. Therefore we assume that after an unexpected delay of 500ms, the subject
would tend to repeat his action and that this tendency increases with the duration
of the SRT. In the second experiment, the delays are extended to six seconds. Here

an even greater response in SC is expected.

Task Description - Experiment

Physiological data from 119 subjects (78 female, 41 male) who took part in a Wizard-
of-Oz experiment was analysed in this study. Mean age was 47 years (SD = 23.27).
Altogether 442 cases of delayed display of a card and 442 cases of immediate display
of a card were analysed.

In the WOZ experiment, the participants had to solve a mental training task familiar
to the game ‘concentration’. In each of the six experimental sequences (es01-es06)
a number of hidden pictures was presented. The subject’s task was to uncover all
matching card pairs. The whole interaction was controlled via voice. In es04, among

other tools, delays were used in order to induce negative emotions.

Data Analysis

There are two paradigms in the second experiment:
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e The card is displayed approximately one second after the user’s request (imme-
diately)

e The card is displayed approximately seven seconds after the user’s request (de-
layed)

An overview over the time course of the experiment and in the paradigms ‘no delay’
(d = 0) and ‘delay’ (d = 6) can be seen in Fig. 4.3. The raw data was imported into
MATLAB and for each case a baseline was calculated taking the mean SC value of
one second before the user’s request for the display of a card. This baseline was then
subtracted from the next five seconds, ranging from the user’s request for display of
a card to five seconds after the request (see figure 4.3). In the case of immediate
display, the card was displayed approximately one second after the request. In the
case of a delayed display (in altogether 442 cases), the card wasn’t displayed until
two seconds after the analysed range.

After the experiment a SAM (Self Assessment Manikin) rating (36) was surveyed to

gain emotional ratings of all six experimental sequences of the WOZ experiment.

Results

The course of the SC curves shown in Fig. 4.6 illustrates the mean of all 442 SC
curves from all 119 subjects during a delay (red) and 442 SC curves from all 119
subjects during immediate display of a card (green) preceding the delayed displays.
As can be seen in Fig. 4.6 the divergence of the SC curves begins approximately
2.3 seconds after the display of a card / expected display of the card. It reaches its
maximum (0.0125 pSiemens) at the end of the analysed range of 5 seconds.
The mean SAM ratings for the dimension ‘pleasure’ were 5.5 for es04 and 4.0 for es05.
These were the experimental sequences where the delay was used. For the sequences
es01, es02, es03 and es06 the mean SAM ratings were 7.6, 7.4, 7.2 and 7.8.

The mean difference in SC behavior between the trials immediate and the delayed
trials over the range of five seconds is 0.007 pSiemens. Assuming a significance level

of 0.05 the two conditions differ significantly (paired t-test, p-value <0.00001).
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Figure 4.3: The time course in the two cases of immediate (a) and delayed (b) display.
In (a), the card is displayed approximately one second after the subject’s request. In
(b), there is a delay of six seconds. The SC range plotted in Fig. 4.6 ranges from the
user’s request for the display of a card to five seconds after the request.

SCRinpS

1 1 1 1 1
500 1000 1500 2000 2500 3000

datapoints {sampling rate = 512Hz)

Figure 4.4: Plot of the mean SC reaction of 119 subjects to all 442 delayed card
openings (red) and 442 immediate card openings (green) during the memory training
experiment.
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display and delayed card display (t = 6s). The SC response to immediate display is
significantly lower than the response to delayed display.
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Figure 4.6: Analysis of the plot of the mean SC reaction of 119 subjects to all 442
delayed card openings (red) and 442 immediate card openings (green) during the
memory training experiment. The divergence of the SC curve begins around 2.35
seconds after the display of a card / expected display of a card.
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4.4 A Novel Approach - Emotion Identification Mod-

ules Based on Feature-Pair Transitions®
Assuming that in order to be able to identify an emotion change in a two-dimensional
emotion space (pleasure and arousal), it is not sufficient to observe changes of single
physiological features. By regarding feature-pair changes instead of single feature
changes, four different states can be coded which are all possible states that can
occur in the two-dimensional space of pleasure and arousal, mainly ‘LA’ (low arousal
or the arousal is decreasing), ‘HA’ (high arousal or the arousal is increasing), ‘LP’
(low pleasure or the pleasure is decreasing) and ‘HP’ (high pleasure or the pleasure
is increasing). As an example the feature-pair ‘EMG_corr, EMG _zyg’ - the EMG
chanel of the corrugator supercilii and the EMG channel of the zygomaticus major
can be regarded (see Figure 4.7). In the present study, the feature-pair data analysis
showed that in 32 out of 55 subjects (58%) the activity of the corrugator supersilii (the
frown muscle) has increased while the activity of the zygomaticus major (the laugh
musle) has decreased when the pleasure dimension was manipulated from positive to
negative thus decreasing. In 27 out of 55 subjects (44%) both, the activity of the
corrugator supercilii and the zygomaticus major has decreased when changing the
arousal dimension from positive to negative thus decreasing (chance level: 25%).
Assuming that ‘1’ represents an increase and ‘-1’ represents a decrease, in the case
of the feature-pair ‘EMG_corr, EMG _zyg’ ‘-1-1" indicates a decrease of arousal, ‘-
11" indicates a decrease of pleasure, ‘1-1’ indicates an increase of pleasure and ‘11’

indicates an increase of arousal.

4.4.1 Methods

The aim of the present study was to empirically detect the most emotionally relevant
feature-pairs and their specific transition directions within the physiological data of

[APSgl and to combine those feature-pairs into Emotion Identification Modules with

3Contents of this section can also be found in (89), (90) and (91)
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Figure 4.7: The four possible states (-1-1, -11, 1-1, 11) of the feature-pair ‘EMG _corr,
EMG_zyg’ have the capability of representing all four possible emotion changes (de-
crease of arousal, decrease of pleasure, increase of pleasure, increase of arousal) in the
two-dimensional space of arousal and pleasure.

the functionality of identifying and rating an emotion change when provided with a

feature transition vector.

Identification of the Most Emotionally Relevant Feature-Pairs

In order to identify the most emotionally relevant feature-pairs within the TAPSgl

data the physiological data of all 55 subjects was partitioned into
e LA - physiological data that was recorded during the induction of low arousal
e HA - physiological data that was recorded during the induction of high arousal
e LP - physiological data that was recorded during the induction of low pleasure
e HP - physiological data that was recorded during the induction of high pleasure

For this purpose the blocked TAPS data inducing LPLA and HPLA was merged
into LA data, LPHA and HPHA data was merged into HA data (see Figure 4.9),
LPLA and LPHA data was merged into LP data and HPLA and HPHA data was
merged into HP data (see Figure 4.8).

Afterwards, the six features described in chapter 3.3 were extracted from the phys-
iological data. In order to obtain the emotionally relevant feature-pair changes for

the transition from the state of ‘low arousal’ to the state of ‘high arousal’ (LA —
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Figure 4.8: Blocking of the data acquired during the blocked TAPS presentation into
the groups ‘low pleasure’” and ‘high pleasure’. These pictures are similar to the IAPS
picture set (2).
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Figure 4.9: Blocking of the data acquired during the blocked TAPS presentation into
the groups ‘low arousal’ and ‘high arousal’. These pictures are similar to the IAPS

picture set (2).
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Table 4.4: Single feature transitions of the six features when the emotion-dimension
‘arousal’ increases (condition LA — HA) for 10 of the 55 subjects when watching
blocked TAPS images. ‘-1": decreasing, ‘1’: increasing.

subjects
features 2 3 4 5 6 7 8 9 10
f1 (EMCGcorr) | 1 1 1 1 1 1 1 1 1 1
2 (EMG_zyg) 1 11 -1 1 -1 1 1 1 1
£3 (SC_fluc) -1 11 -1 -1 -1 -1 -1 -1 1
f4 (SC_slope) 1 1 -1 1 1 -1 1 1 1 -1
ssscLmean) | 101 1 1 1 1 1 1 1 1
6 (HR) -1 1 1 1 1 1 1 1 -1 -1

Table 4.5: Single feature transitions of the six features when the emotion dimension
‘pleasure’ increases (condition LP — HP) for 15 of the 55 subjects when viewing
blocked TAPS images. ‘-1’: decreasing, ‘1’: increasing.

subjects
features 1 2 3 a4 5 6 7 8 9 10
fl (EBMGeorr) | -1 1 -1 -1 1 -1 1 -1 -1 -1
2 (EMG_zyg) 1 1r -1 1 1 -1 -1 1 -1 1
£3 (SC_fluc) -1 -1 -1 -1 -1 1 -1 1 -1 1

f4 (SC_slope) 1 1r -1 1 1 -1 1 -1 1 -1
f5 (SCL_mean) -1 1 1 1 -1 -1 1 1 1 -1
f6 (HR) 1 -1 1 1 -1 -1 1 1 -1 1

HA) representing an increase of arousal, the mean values of the LA features were
subtracted from the mean values of the HA features. If the result was positive, the
feature transition was set to 1, if it was negative, the feature transition was set to -1.
In Table 4.4 the feature transition vectors for 10 subjects for the emotional condition
LA — HA can be seen. The same procedure was applied to the pleasure dimension
data (see Table 4.5) to obtain two 55x6 sized matrices of feature transitions contain-

ing a 1x6 feature transition vector for each subject.

6
2

of all four possible states (-1-1, -11, 1-1, 11) was calculated. Table 4.6 lists the five

From all of the possible ( ) = 15 feature-pair combinations the occurrence frequency

most frequent feature-pair transitions for the condition LP — HP.
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Table 4.6: The five most frequent feature-pair transitions for the dimension of pleasure
(LP — HP) identified within the blocked IAPS data of 55 subjects. A weight was
assigned to each of the feature-pairs according to their occurrence frequencies.

feature-pair transition directions | freq | freqin % | weight
f1,f2 (EMG_corr, EMG_zyg) -1,+1 32 58 5
£1,f5 (EMG_corr, SCL_mean) -1,+1 30 55 4
f1,f4 (EMG_corr, SC_slope) -1,+1 29 53 3
f1,£3 (EMG_corr, SC_fluc) -1,-1 26 47 2
£2,£4 (EMG_zyg, SC_slope) +1,+1 25 45 1

Table 4.7: The five most frequent feature-pair transitions for the dimension of arousal
(LA — HA) identified within the blocked IAPS data of 55 subjects. A weight was
assigned to each of the feature-pairs according to their occurrence frequencies.

feature-pair transition directions | freq | freqin % | weight
f1,f6 (EMG-_corr, HR) +1,+1 27 49 5
f1,f2 (EMG-—corr, EMG_zyg) +1,+1 24 44 4
f1,f4 (EMG_corr, SC_slope) +1,+1 23 42 2
f1,£5 (EMG_corr, SCL_mean) —I—l,—l—l 23 42 2
£4,£6 (SC_slope, HR) +1+1 23 42 2

Construction of the Emotion Identification Modules

Having determined the five most frequent feature-pairs with their specific transition
combinations that occur within the analysed data, the feature-pairs were weighted
with a weight ranging from one to five according to their occurrence frequencies (see
the last column in Table 4.6 and 4.7). These five feature-pairs with their specific tran-
sition directions were centralized into EIM_p - the Emotion Identification Module for
the pleasure dimension and EIM_a - the Emotion Identification Module for arousal.

Hence the Emotion Identification Modules consist of five weighted feature-pair tran-

sitions with specific transition directions directions each.

4.4.2 Emotion Change Identification with the EIMs

The application of the EIMs is fast and requires low computation time. First a tran-
sition vector needs to be computed by subtraction of two feature vectors. Given a

transition vector containing the transition states of all six features, the transitions of
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Figure 4.10: The subject’s screen in the experimental sequences 4 (es04) and 6 (es06).
The induced emotions were ‘LPHA’ in es04 (left) and ‘HPLA’ in es06 (right).

Classification Results EIM_a

IAPS LA->HA IAPS LPHA->HPLA  WOZ es04->es06

Figure 4.11: EIM_a’s classification rates when comparing the IAPSg2’s LA with HA,
the TAPSg2’s LPHA with HPLA and the WOZg1’s es04 with es06.

the feature-pairs that are stored in the EIM_p and EIM_a must be compared to the
transition states of the transition vector. In the case of a match the given weight is
added to the EIM’s output. For example if the transition state of f1 equals -1 and the
transition state of {2 equals +1, the output of EIM_p is increased by five (see Table
4.6). If the transition states of the transition vector equal the exact opposite of the
stored states, the weight is subtracted from the EIM’s output. For example if the
transition state of f1 equals +1 and the transition state of f5 equals -1, the output of
EIM p is decreased by four.

An example of the application of the Emotion Identification Module for arousal
(EIM_a) can be seen in Table 4.8 where the EIM_a weights are calculated for four

subjects.
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Table 4.8: Feature transition vectors of four subjects and the votes of the EIM a,
based on a comparison of states of transition pairs.

subjects 1 2 3 4
f1 (EMG _corr) -11 1 -1
2 (EMG_zyg) 1 -1 -1 -1
3 (SC_fluc) -1 -1 -1
f4 (SC_slope) 1 1 -1 1
5 (SCL_mean) -1 1 -1
f6 (HR) 101 1 1
1,6 weight -5 5 5 0
1,2 weight 0O 0 0 -4
1,4 weight 0O 2 0 O
f1,f5 weight -2 0 2 -2
4,66 weight 0 2 0 2
sum (overall weight of the EIM.a) | -7 9 7 -4

Table 4.9: Mean classification rates of the Emotion Identification Module for pleasure
(EIM_p) and for arousal (EIM_a)

EIM p | EIM &
IAPS (LP — HP / LA — HA) | 56% 75%
IAPS (LPHA — HPLA) 84% 79%
WOZ (es04 — es06) 2% | 0%

Classification Results EIM_p

Classification Rate in %

IAPS LP->HP IAPS LPHA->HPLA ~ WOZ es04->es06

Figure 4.12: EIM _p’s classification rates when comparing the IAPSg2’s LP with HP,
the TAPSg2’s LPHA with HPLA and the WOZg1’s es04 with es06.
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The most common feature transition pairs, found in the IAPSgl data set of 55

subjects when analysing changes in the pleasure dimension:

e EMG _corr, EMG zyg
e EMG_corr, SCL_mean
e EMG _corr, SC_slope

e EMG _corr, SC_fluc

EMG _zyg, SC_slope

The most common feature transition pairs, found in the I[APSgl data set of 55

subjects when analysing changes in the arousal dimension:

HR, EMG_corr
e EMG_corr, EMG_zyg

e EMG_corr, SC_slope

EMG_corr, SCL_mean

SC_slope, HR

4.4.3 Results

The results of the EIM emotion identification are shown in Table 4.9, Figure 4.11 and
Figure 4.12. The mean EIM rating for the emotion transition LP — HP was +6.2
and +4.5 for the transition LA — HA. Overall in 56% (pleasure) and 75% (arousal)
the induced emotion change was identified correctly by the modules. In the second
case, the transition HPLA — LPHA was tested. The correct classification rate was
84% for the pleasure dimension and 79% for the arousal dimension. In the case of

WOZgl data, the correct classification rate was 72% (pleasure) and 70% (arousal).
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To compare the EIM’s identification rates to classification rates of commonly applied
procedures, a classification was performed on the same data applying a leave-one-out
classification via Artificial Neural Networks (ANN). For each subject, a feed-forward
Artificial Neural Network (ANN) in 6-40-20-1 architecture with two hidden layers (82)
was trained and tested via leave-one-out cross-validation. The same six features were
used for each subject, no feature selection was performed. Applying this method,
classification rates of 88% were achieved in classification of the IAPSg2 data set and
classification rates of 81% were achieved in classification of the WOZg1 data set. But
when the IAPSg2 data set was used for training the ANN and WOZgl es04 and
es06 were used for testing, the classification rates did not exceed 55% (almost chance

level).



Chapter 5
Discussion

In this work, both a machine learning approach as well as a single channel analysis
were tested for their applicability in the field of emotion classification from physio-
logical data.

Single channel analysis (see chapter 4.3) was performed on data from an experiment in
which skin conductance changes during different system response times were recorded.
The findings confirm the frequent observation that users get annoyed and frustrated
when unexpected delays in the system responses occur. In such a situation the user
is faced with two possible questions: ‘Was my action registered?” and ‘Do I have
to repeat it again?’ (see (92)). The physiological data reveals an increase in skin
conductance during unexpected delays compared with immediate feedback presenta-
tion. Even delays of only 500ms were sufficient to trigger this physiological change,
but longer delays elicited a greater response. The increase of skin conductance is in
line with findings of Kuhlmann (93). Kuhlmann found a greater number of sponta-
neous skin conductance responses and a higher skin conductance level during blocks
of longer system response times (8s) compared to blocks of shorter system response
times (2s).

In chapter 4.3 the effects of delays in a stressful, realistic scenario were observed and
the differences in the average skin conductance level were found to be even greater.
This effect can be explained by the setup of the experiment - the deliberate failure to
display a card requested by the subject being a negative event. The pattern of the

62



CHAPTER 5. DISCUSSION 63

skin conductance curve changed 2.35 seconds after the display of a card. With the
latency of a skin conductance reaction being 1.0 - 3.0 seconds ((94)), the introduced
delay perfectly explains the change of the skin conductance pattern after 2.35 sec-
onds. Since nearly all subjects reported negative emotions elicited by the delays in
the SAM ratings, the rise of skin conductance level can, in this case, be interpreted
as negative arousal and should be avoided in a human-computer-interaction.

When machine learning analysis was applied in chapter 4.1, classification rates of
89% for the pleasure dimension, 88% for the arousal dimension, 81% for es02-es05-
classification and approximately 50% for subject-independent classification (see chap-
ter 4.2) were achieved. These results are in accordance with other groups’ findings in
subject-dependent emotion classification using equivalent techniques.

By way of comparison, Haag et. al. (95) achieved classification rates of 96.6% for the
arousal dimension and 89.9% for the pleasure dimension having collected 1000 data
segments, using 700 for training and 300 for testing via cross-validation. The short-
coming of Haag’s study was the limited sample size - only one subject’s physiological
data was used for the analysis.

Kim et. al. (40) achieved mean classification rates of 87% in subject-dependent
emotion recognition applying linear discriminant analysis. In subject-independent
emotion recognition the classification rate only came to 65%. As with Haag’s study
the sample size was once again a significant shortcoming - only three subjects’ data
was used.

Bailenson et. al. (96) achieved mean classification rates of 82% when classifying
amusement versus sadness using physiological data and individual subjects, but only
46% in subject-independent classification. In contrast to the two aforementioned
studies, Bailenson’s results were considerably more robust, given that 41 subjects’
data was used.

The massive discrepancy between the results of subject-dependent classification (rang-
ing up to almost 90%) and subject-independent classification (residing around chance
level) illustrates the major drawback of the machine learning approach for emotion
classification given the requirement of recognising an emotion in a new and unseen

user.



CHAPTER 5. DISCUSSION 64

Walter and Kim demonstrated in (97) that situation-independent classification - be-
ing referred to as ‘the hard problem’ - is also an unsolved challenge. This can be seen
in chapter 4.1 where results of only 57% were achieved in situation-independent classi-
fication. One explanation for the lack of satisfactory results in situation-independent
classification could be the social judgment theory put forward by Sherif (98). An-
other explanation is the fact that physiological signals are never exactly the same on
two days and therefore patterns that have been trained on day one can never exactly
match patterns on day two.

This indicates that the machine learning approach to emotion classification is very lim-
ited since it cannot be applied whenever subject-independent or situation-independent
classification abilities are required.

On the other hand, single channel analysis may be able to indicate certain changes, but
it is not possible to make a statement about emotional changes in a two-dimensional
space using this method. A change in a single parameter cannot represent more than
one state, but for an emotion representation in a two-dimensional space, four states
are required - which in turn necessitates a minimum of two variables.

Therefore a novel approach was introduced in this work through the use of Emotion
Identification Modules. These Modules were created on the basis of physiological
feature-pair changes and identify an emotional change by comparing the feature-
pair transitions from physiological data of two distinct situations. With this newly
developed method, correct recognition rates of 79% and 84% were achieved during
subject-independent emotion recognition and correct recognition rates of 70% and
72% were achieved in situation-independent emotion recognition (see chapter 4.4).
This fact constitutes a major progress and represents a considerable and promising
result in emotion recognition from physiological data. Since the EIMs do not perform
an actual classification, it is hard to compare the recognition results with classification
results found in the literature. But it can be said that the aforementioned problems
of subject- and especially situation-independent emotion recognition have now been
resolved utilising the EIMs.

Recently, Kolodyazhniy and his team (99) were able to achieve classification rates

of around 75% in subject- and situation-independent classification using nonlinear
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classifiers and a feature-selection procedure, but these results are based on a cross-
validation procedure which is controversial, as described in 3.3.

Since the creation of the EIMs is based on empirical analysis of data from as many as
55 subjects, very robust subject-independent recognition rates could be achieved. The
superiority in situation-independent testing was achieved because the EIMs compare
two consecutive sequences of physiological data instead of training inflexible patterns
during one particular situation. Therefore the day-to-day changes in the human phys-
iological signals do not effect the EIMs’ recognition ability.

Additionally, the EIMs have low computational complexity and therefore are predes-
tined to be used for real-time emotion recognition.

Because of the EmoRec II corpus’ size - consisting of data from 110 subjects (see
chapter 3) - which was used for this study, the results are representative and there-
fore the EIMs can legitimately be referred to as universal.

As far as the relevance of feature-pairs to emotion recognition is concerned, it is not
surprising that the feature-pair that was extracted from the facial EMGs of the cor-
rugator supercilii and the zygomaticus major (EMG_cor, EMG_zyg) was found to
be the most predictive feature-pair in terms of emotion change identification within
the pleasure dimension. Decreasing activity of the corrugator major and at the same
time increasing activity of the zygomaticus supercilii (feature-pair change "EMG _corr,
EMG _zyg: -141’) indicate an increase of pleasure and vice versa. It is however an
interesting fact that this feature-pair also contributes to the arousal dimension of emo-
tions. Simultaneous decrease of activity of both facial muscles "EMG _corr, EMG _zyg:
-1-1’) indicates a decrease in the overall arousal whereas simultaneous increase of fa-

cial muscle activity ("EMG_corr, EMG _zyg: +1+1’) indicates an increase in arousal.



Chapter 6

Outlook

The extensive EmoRec II data set comprising physiological data of 110 subjects un-
dergoing diverse emotional paradigms enables us to continue empirical analysis on
physiological feature-transitions in emotional situations. In the future, we will in-
crease the number of extracted features in order to obtain a larger feature-pair pool.
The subjects will also be arranged into groups of similar age and gender for subject-
and group-specific feature-pair detection.

We see the EIM’s field of application in critical situations where sudden emotion
changes need to be identified. These might occur during human-computer interac-
tion or when a human is operating a machine. Cues from different modalities could
then trigger the EIMs, receive the calculated emotion change of the subject and en-
able the system to react accordingly.

The EIMs could also be used to compare consecutive sequences of physiological data
resulting in a local emotion curve that allows continuous emotion state tracking. For
this purpose, the EIMs need to be calibrated individually - with different modules
being weighted according to the individual’s specific physiological reactions.

For the purpose of continuous emotion state recognition, a Graphical User Interface
(GUI) was programmed in Matlab that made it possible to load a subject’s data and
to view the experiment videos. Together with the videos, the relevant triggers and a
plot showing the corresponding 2D representation of the subject’s emotion was dis-

played. When only the activity of the corrugator’s EMG channel is used to determine

66



CHAPTER 6. OUTLOOK 67

1000+
500+ M
o

-500 -

pleasure

-1000

B0 rﬁlﬂ —A‘D —2‘0 u} 2‘0 AID Eb 80
arousal

Figure 6.1: Skin conductance (x-axis) vs Corrugator EMG (y-achsis) during the WOZ
experiment.

the pleasure dimension and the mean value of the skin conductance is used to de-
termine the arousal level, in some cases, a curve can be drawn showing the subject’s
emotional course during the WOZ experiment (see Figure 6.1).

A precise calibration of the EIM’s will be crucial for this kind of application in order
to avoid drifts in the EIM’s output. Since the EIMs have low computational complex-
ity, such a tool could perform online emotion state recognition which would be very
useful for future companion systems. Such a system could always know the user’s
emotional state within the two-dimensional space of arousal and pleasure, enabling

it to react to it appropriately.



Chapter 7
Summary

A lot of effort has been put into emotion classification from physiological data in
the recent years. The reported classification rates are fairly high but only when a
cross-validation is performed, given that the test data and the training data derive
from the same single data set. The classification rates may be improved still further
when a good feature selection is used as there will always be some data set specific
features that will give solid results using a leave-one-out cross-validation. However
using too many features and applying a feature selection may result in the problem of
overfitting (see chapter 3.3). Emotion classification of data sets that are completely
new, unseen and which may be different depending on the emotional context is still
an unsolved problem when using machine learning methods (see for example (97) or
(99)).

Single channel analysis, as can be seen in 4.3 is another way of extracting information
about the emotional state of a user. But there is one big drawback - the fact that a
change in the value of a physiological channel can often be interpreted in several ways.
Kreibig et al. (1) give an overview of studies on peripheral physiological responses to
fear and sadness. It shows that previous studies have asserted that the heart rate,
the skin conductance level, and the EMG of the corrugator supercilii rise during fear,
but also during sadness. One can therefore conclude, that by examining only a single
parameter, determining the cause of an observed effect, such as an acceleration of a

subject’s heart rate, becomes problematic. In this case, either sadness or fear could
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be the source of change in the particular physiological parameter; by examining only
a single parameter one can not determine whether fear or sadness is the emotion that
was responsible for the observed physiological change. The primary advantage of this
method is that these particular physiological changes have been identified by many
groups independently and therefore seem to be largely universal.

Neither of the methods described above have yet led to successful subject- and
situation-independent emotion recognition. For this reason a new method for emotion
recognition is needed. It is submitted herein that the best approach, and solution to
this problem, is to extract only meaningful features in order to avoid the problem of
data set specific feature training and overfitting. Furthermore it is necessary to ex-
plore the differences between selected features when comparing two emotional states
at two points in time, and combine these feature tendencies into feature-pair-modules
to be able to distinguish between changes in the arousal dimension and changes in
the pleasure dimension of the emotion space.

These so-called Emotion Identification Modules were constructed using the TAPSg1
data set and tested on the IAPSg2 data set (see chapter 3.1.1) - in which the sub-
jects were watching pictures without interacting with the system in order to identify
subject-independent emotion-change. The WOZgl data set was also used for testing
the Emotion Identification Modules - in this instance the subjects were interacting
with the WOZ mental trainer which was controlled by voice whilst a cognitive task
was solved in order to identify situation-independent emotion-change. With each data
set containing physiological data of 55 subjects, the size of this corpus exceeds most
of the current tested data sets in this area of research.

The concept behind the Emotion Identification Modules is to empirically detect
feature-pairs that are consistent and robust in their behaviour throughout many sub-
jects. It is essential that the feature-pairs remain so when a subject’s emotion changes
in order to guarantee universal subject- and situation-independent results. Emotion
change recognition rates of 70-84% in subject- and situation-independent environ-
ment show the potential of this newly developed method. In future it is anticipated
that this method will be improved further by individual calibration for even more

accurate and robust results in terms of user-specific companion abilities.
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