A STUDY ON STRESS AND
EMOTIONS SPEECH RECOGNITION
AND MODELING

by

IBarlian Henryranu Prasetiol

A thesis submitted in partial fulfillment for the
degree of Doctor of Philosophy

Course of Computer Science and Bio-informatics
Department of Materials and Informatics
Interdisciplinary Graduate School of Agriculture and Engineering
UNIVERSITY OF MIYAZAKI

September 2020


http://www.miyazaki-u.ac.jp/tech/agr_eng/english/department/index_materials.html
http://www.miyazaki-u.ac.jp/tech/agr_eng/english/department/index_materials.html
http://www.miyazaki-u.ac.jp/tech/agr_eng/english/index.html
http://www.miyazaki-u.ac.jp/english/

Declaration of Authorship

I, [Barlian Henryranu Prasetio| , declare that this thesis titled, ‘A Study on Stress and

Emotion Speech Recognition and Modeling’ and the work presented in it are my own. I

confirm that:

Date

This work was done wholly or mainly while in candidature for a research degree

at this University.

Where any part of this thesis has previously been submitted for a degree or any
other qualification at this University or any other institution, this has been clearly

stated.

Where I have consulted the published work of others, this is always clearly at-
tributed.

Where I have quoted from the work of others, the source is always given. With

the exception of such quotations, this thesis is entirely my own work.
I have acknowledged all main sources of help.

Where the thesis is based on work done by myself jointly with others, I have made

clear exactly what was done by others and what I have contributed myself.

: September 2020

Signed: [Barlian Henryranu Prasetio|

Advisor: Prof. Hiroki Tamura




PhD

abbrevation|[pee-eych-dee]
An academic who has learned more and more to know about something but eventually

they know nothing at all.

Miyazaki, September 2020



UNIVERSITY OF MIYAZAKI

Abstract

A Study on Stress and Emotions Speech Recognition and Modeling

by [Barlian Henryranu Prasetio

In social life, the ability to recognize and make sense of the emotions, known as emotional
awareness, makes us further understand what others telling and realize how our emotion
affects others. In addition, emotional awareness makes people care about their emotional
health, which also includes being able to solve problems by understanding emotions.
Thus, it means that emotional awareness is not just for making sense of other’s emotions
but it is also to manage our emotions for a healthy life. Being emotionally healthy does
not mean we are happy all the time but we have cared about our emotions. We can deal
with emotions, whether they are positive or negative. Emotionally healthy, people still
feel stress, anger, and sadness but they know how to manage them.

Stress and emotions trigger a particular biological response that causes hormones to
surge throughout the body and it makes increasing the activity of the human physio-
logical system. Thus, there are some physiological parameters that could be used to
represent the emotional condition, such as brain activity, heart rate variability (HRV),
Electrodermal Activity, respiratory system, pupil dilation, the facial, and the tone of
voice (speech). Lately, speech analysis is the most interesting measurement method to
recognize the stress and emotional condition due to its comfortableness and economic
cost.

In this decade, stress and emotion recognition systems using speech analysis has been
extremely studied. Most of them used a standard approach where feature extraction
and classifier are the main components in recognizing the patterns. The effectiveness
of feature representation is a crucial modal to make the system efficient. However,
we should know that stress has diverse characteristics and different patterns for each
individual. Along with these limitations, to make the system more robust and able to
adapt in the real condition, more huge data training is required. Unfortunately, stress
and emotion data are hard to be collected massively. To this end, some studies used the
clustering approach to categorize stress and emotion speech data based on the similarity
of their characteristics. Due to its effectiveness, the clustering approach becomes a
popular method and widely used in many emotional-based applications. However, in
some cases, emotion (e.g., stress) may change when triggered by an event during the
speaking. Thus, the exploration with larger sets of contextual information becomes an

important consideration to recognize the stress and emotion accurately. In this thesis,
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we present a big framework of stress and emotion recognition and modeling in order to
contribute to emotional awareness.

This thesis is organized as follows. Chapter 1 provides a research background, aims,
scopes, contributions, and findings. The definitions of stress and emotion are discussed
in Chapter 2. This chapter also describes the measurement method that could be used
for identifying stress and emotions. Chapter 3 depicts the proposed system for stress and
emotions speech recognition and modeling. The stress and emotions recognition system
in binary and multi-class classification are presented in Chapter 4. The pre-processing
phase and the clustering approach provided in Chapters 5 and 6, respectively. The
clustering method is approached in an unsupervised and semi-supervised. Chapter 7
presents the stress and emotions speech prediction and modeling. We summarize the
results of the thesis and discuss some problems connected with the findings in Chapter
8.

In this thesis, we introduce and evaluate three approaches of stress and emotion recogni-
tion using speech. The first approach is to develop and evaluate the stress and emotions
speech recognition (SSR) system. In this approach, we explore the effectiveness of SSR
in the classification tasks. The second approach is to develop and evaluate the stress
and emotions speech clustering (SSC) system. The unsupervised and semi-supervised
clustering methods are introduced. Moreover, we also discuss the pre-processing steps
for this system. The third approach is to develop and evaluate the stress and emotions
speech prediction and modeling (SSM) system. SSM analyzes the speech features and
the prior emotional state for predicting the present emotional state and model their
state transition.

This thesis contains several methods that are used in recognizing stress and emotion,
such as Embedded Discriminant Analysis (EDA) for speech activity detection, Deep
Time-delay Embedded Algorithm Clustering (DTEC) and Semi-Supervised Deep Time-
Delay Embedded Clustering (SDTEC) for stress speech clustering, and Deep Time-delay
Markov Network (DTMN) for prediction and modeling the stress and emotions.

The major finding and conclusion in this thesis is the emotional transition model. In
general, males and females present a similar model of emotional transition. However,
there are some fundamental differences between male and female emotional transition
tendencies. Females tend to be more easily change their emotions, but they have a
tendency longer in stress than males. After a stressful period, females tend to become

sad, while males are easier to grow angry.
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Chapter 1

Introduction

This Chapter presents the research background, aims, and scopes. The findings and
contributions are also provided in this Chapter. An outline structure of this thesis

report is also given.

1.1 Backgrounds

In simple, emotions are a class of feelings. Emotions are the psychological state that
responses to significant internal and external events. Even though it is a normal reaction,
emotional health is a fundamental factor in overall health. People who are emotionally
healthy able to control their thoughts, emotions, and behaviors [I]. They are able to
cope with life’s challenges, keep problems in perspective, and bounce back from setbacks.
They feel good about themselves and have good relationships. Being emotionally healthy
does not mean we are happy all the time but we have cared about our emotions. We can
deal with emotions, whether they are positive or negative. Emotionally healthy people
still feel stress, anger, and sadness but they know how to manage them [2].

In social life, the ability to recognize and make sense of the emotions, known as emo-
tional awareness, makes us further understand what others telling and realize how our
emotion affects others [3]. In addition, emotional awareness makes people care about
their emotional health [1], which also includes being able to solve problems by under-
standing emotions [4]. Thus, it means that emotional awareness is not just for making
sense of other’s emotions for social relationships but also to manage our emotions for a
better life.

Modern life is full of emotional challenges. The pressure to succeed, following fear of
everybody. Satisfaction in works can evoke volatile combinations of emotions. Emotions
have energy that pushes up for expression. Minds and bodies respond by constricting
the muscular and holding breath. Symptoms like anxiety, stress, and depression are
on the rise in Japan. It might be caused by the way to deal with emotions, which are

biological forces that should not be ignored. When the mind fights with the flow of
1
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emotions, it puts stress on the mind and the body, creating psychological distress and
symptoms. Some studies reported that there is a link between emotions that are closely
associated with each other [5]. For instance, depression is a form of stress response [6] [7].
Stress can positively predict anxiety symptoms [8]. Certain negative emotions usually
arise from stress [9]. Stress one of emotion that a normal reaction due to changes in
environmental conditions [10, [IT] or stimuli [I2]. This situation triggers a particular
biological response that causes hormones to surge throughout the body [13]. Therefore,
there is increasing activity in the human physiological system [14].

Emotional stress has not only been linked to mental ills, but also to physical problems
like heart disease, intestinal problems, headaches, insomnia, and autoimmune disorders.
Most people feel emotions but unconscious that this is happening. Whereas, under-
standing a few about emotion can help greatly. Basic biology and anatomy explain that
we cannot stop our emotions from being triggered, as they originate from the middle
section of our brain that is not under conscious control. Therefore, emotional awareness
is a crucial thing for a healthy life. By emotional awareness, we could manage emotions
in healthy and not destructive to ourselves or others. Therefore, a notification system
to recognize emotions is needed as an awareness form or effort for our health.

In order to recognize stress and emotions, there are some physiological parameters that
reflect the increased efficiency of the body due to the emotional condition, such as brain
activity [15]. This measurement is known as a non-invasive method because it placed
the electrodes along the scalp to record the electrical activity of the brain. Stress also
can be measured by another non-invasive method, such as heart rate variability (HRV)
[16], Electrodermal activity [17], and respiratory system [18]. The free-contact or non-
intrusive methods such as pupil dilation [19] and facial expression [20H23] could be used
to measure the stress level. The tone of voice (speech) analysis [24-28] is the most
interesting measurement method due to its comfortableness and economic cost.

In this decade, stress and emotion recognition systems using speech analysis has been
extremely studied. Most of them used a standard approach where feature extraction
and classifier are the main components in recognizing the patterns. The effectiveness of
feature representation is a crucial modal to make the system efficient. An amount of
stress and emotion database (e.g., Speech Under Simulated and Actual Stress (SUSAS)
1291 30], Belfast [31], France et.al [32], and Fischer et.al [33] has been provided. However,
we should know that stress has diverse characteristics and different patterns for each
individual. It is caused by various aspects such as characteristics, gender, experience
background, and emotional tendencies [34]. Along with these limitations, to make the
system more robust and able to adapt in the real condition, more huge data training is
required. Unfortunately, stress and emotion data are hard to be collected massively.

To this end, some studies used the clustering approach to categorize stress and emotion
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speech data based on the similarity of their characteristics [35H38]. An unsupervised al-
gorithm defines its effective objective in a self-learning manner by computing the distance
between data points in feature space [37, 39, [40]. In the past year, some researchers of-
fered another approach to solve the problem of the curse of dimensionality by presenting
a compact feature representation in the clustering assignment, known as deep cluster-
ing. Due to their effectiveness, deep clustering becomes a popular clustering method
and widely used in many practical applications. However, in some cases, emotion (e.g.,
stress) may change when triggered by an event during speaking [41]. Thus, the explo-
ration with larger sets of contextual information becomes an important consideration to
recognize the stress and emotion accurately.

In this thesis, we propose an end-to-end stress and emotion recognition system using
speech. The proposed system analyzes stress and emotions in terms of recognition and
its state transition modeling approach, consist of three main parts, stress and emotions

speech classification, clustering, and prediction and modeling.

1.2 Research Objectives

Conducting emotional awareness can be described in two steps. The first step is emotion
recognition. It means that the system is able to recognize an time-series emotion class
by its characteristics. In order to manage emotions, the second step is to model the state
transition of emotions and recognize its patterns. To reach this objective, the proposed

system is addressed as follows:

e develop the stress and emotions speech recognition (SSR) system and evaluate its

effectiveness in the classification tasks.

e develop and evaluate the stress and emotions speech clustering (SSC) system. We
use two approaches i.e. unsupervised and semi-supervised clustering. Since the
clustering task uses unlabeled data with high noise, unknown speaker, and gender,

we also discuss the pre-processing steps for SSC.

e develop and evaluate the stress and emotions speech prediction and modeling
(SSM) system. We predict the present emotional state by analyzing the speech

features and the prior emotional states.

e develop the emotional states transition model to recognize its patterns. Since
males and females express emotion in different ways, we model the emotional

states transition in different diagrams.
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1.3 Research Scope

The thesis focused on natural speech i.e. speech with naturally expressed (not acted)
stress and emotions. We used Speech under Stress and Actual Stress (SUSAS) database
containing natural speech. Labeled and unlabeled speech data from SUSAS were used
in all of the experiments. The stress and emotions speech classification, clustering, and
prediction were classified into 5 different levels of stress i.e. high stress, low stress,
neutral, soft, and angry. The number of data and their attribute is explained in more
detail in Chapter

1.4 Contributions and Findings

This thesis proposed and evaluated several new methods for stress and emotion identifi-
cation. The effectiveness of the proposed methods were compared with existing classical

approaches. The proposed methods include the following.
e Embedded Discriminant Analysis (EDA) for Speech Activity Detection

e Deep Time-delay Embedded Algorithm Clustering (DTEC) for Unsupervised Stress

Speech analysis

e Semi-Supervised Deep Time-Delay Embedded Clustering (SDTEC) for Stress Speech
Analysis

e Deep Time-delay Markov Network (DTMN) for Prediction and modeling the stress

and emotions state transition
Moreover, this research led to the following major findings and conclusions:

e Generally, the differences between neutral and stress are the power will decrease

while the frequency will increase.

e We hypothesize that the female tended to express their stress in soft (e.g., sadness)

while the male tended to express their stress as anger.

e Generally, males and females generally present a similar emotional transition rep-
resentation. However, there are some fundamental differences between males and
females. Females have a tendency longer in stress than males but more easily
change for other emotions. After a stressful period, females tend to become sad,

while males are easier to grow angry.

1.5 Thesis Outline

We organized this thesis as follows:
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Chapter[I] provides research background, aims and scopes. We also present the research’s
contributions and findings.

Chapter [2| introduces definitions of stress and emotion. It describes the expression of
stress and emotions. The measurement method for identifying stress and emotions. This
Chapter also provides stress and emotion speech-based applications.

Chapter [3] describes the proposed system for stress and emotions speech recognition
and modeling. We also describe the speech database and the methods used in the
pre-processing, classification, clustering, and prediction stages of this framework.
Chapter [] presents the stress and emotions recognition system in two feature extraction
techniques.

Chapter [5| explain in detail the pre-processing phase for stress and emotion speech clus-
tering task. The pre-processing phase consists of speech activity detection, speaker
identification, and gender identification.

Chapter [0] presents the stress and emotions speech clustering system in unsupervised
and semi-supervised approach. In this chapter, we propose two new deep clustering
methods.

Chapter [7] presents the stress and emotions speech prediction and modeling. In this
chapter, we propose a new prediction and modeling method.

Chapter [§ summarizes the results of this thesis and discusses some of the problems

connected with the findings.



Chapter 2
Stress and Emotions in Speech

In this chapter, we discuss stress and emotion definition, emotional effect in human life,
and measurement methods of stress and emotion. We also present a general architecture
of stress and emotion recognition systems. The applications that use stress and emotion

speech recognition are also discussed.

2.1 What is stress and emotions

In neuroscience, emotions are biological states associated with the nervous system [42]
brought on by neurophysiological changes variously associated with thoughts, feelings,
behavioral responses, and a degree of pleasant or unpleasant [43], 44]. Emotion is often
intertwined with mood, temperament, personality, disposition, creativity, and motiva-
tion [45].

Psychologists have used methods such as factor analysis to attempt to map emotion-
related responses onto a more limited number of dimensions. Such methods attempt to
boil emotions down to underlying dimensions that capture the similarities and differences
between experiences [46]. For instance, Plutchik wheel emotion [47] and Ekman basic
emotion [48-51]. These models uncovered by factor analysis are valence (how negative
or positive the experience feels) and arousal (how energized or enervated the experience
feels). Furthermore, Russell depicts on a 2D coordinate map [52]. This two-dimensional
map has been theorized to capture one important component of emotion called core
affect [53), (54]. Core affect is not theorized to be the only component to emotion, but to
give the emotion its hedonic and felt energy. Russel’s dimensional model, represented
in Figure is the most used with the dimensions valence and arousal.

Plutchik [47] found that complex emotions could arise from cultural conditioning or
association combined with the basic emotions. For instance, certain emotions like anger,
shame, and anxiety usually triggered by another emotion such as stress [9]. Based on
Lazarus and Folkman’s theory [55], stress and emotion depend on how an individual

evaluates (appraises) transactions with the environments. During the appraisal, when

6
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Activated
Nervous excited
Arousal enthusiastic
stressed elated
upset
Unpleasant Valence ——Pleasant
sad contented
depressed serene
sluggish relaxed
bored calm

Deactivated

FIGURE 2.1: Russel’s dimensional model of emotions

people find something significant to self is uncontrollable, they tend to feel high levels of
stress. In a stressed condition, ones easy to misunderstand the intentions or what they
would like to communicate and express an abnormal emotion as a reaction.

Stress is a non-specific response of the body in any claim [56]. Stress can also be defined
as a condition that suppresses a person’s psyche because of constraints or obstacles [57].
Naturally, the human body will exhibit physical, mental, and emotional responses to a

potentially dangerous condition in an attempt to prevent injury.

2.2 Stress in human life

Stress can affect all aspects of our life, including trigger other emotions, social commu-
nication, behaviors, and mental health [58]. Everyone handles stress in different ways so
that the symptoms of stress are also varied. The symptoms of stress can be vague and
maybe has the same with other medical conditions. Therefore, it is important to have
emotional awareness so that one can manage their behavior, healthy social relationships,

personal emotional health, and able to make the best decisions for their life.

2.2.1 Stress and social communication

Communication is the act of sharing information between individuals. During speaking,
humans share verbal information with other [59]. Verbal information is the use of words
to transfer linguistic messages [60]. It includes sound and language in speaking. Human
speech conveys not only linguistic messages but also non-verbal information. Non-verbal
information is the additional messages that are delivered as clues to complete the mean-
ing over spoken, such as emotional expression. The emotional content of speech can be
perceived even when the message of the utterance is emotionally ambiguous, and even

when the listener does not know the language. Emotion affects paralanguage elements
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in a speech, which is how to speak like a tone of voice, loud or weak, speech speed, sound

quality, intonation, and others [61].

2.2.2 Stress and behavior

Obviously, speech information can express emotions to reinforce the intent of what
we have said [62]. In non-verbal communication, emotions can be grouped into two
main categories: conscious and unconscious [63]. Expression of conscious emotion is
easier to be recognizable, such as anger, sadness, and happiness. While unconscious
emotions are very difficult to recognize, such as stress and depression. Conscious and
unconscious emotions define the direction and intensity of the mental activity of the
individual, determining the degree and direction of sensitivity, which is reflected in the
external manifestations of behavior, due to the specifics of perception and reflection of
the emotional impacts.

Unconscious emotion, such as stress, shows more specific symptoms in behavior [64].

Table shows the common emotional stress effect on behavior [I1].

2.2.3 Stress and health

In medical science, a stress response is considered as the increasing activity in the sympa-
thetic branch of the autonomic system and the activation of the hypothalamic-pituitary-
adrenal axis [I2]. The main purpose of physiological changes under stress is increasing
the efficiency of delivering energy (oxygen and glucose) to vital organs [65].

The human body responds to stress by releasing hormones that increase heart rates,
breathing rates, and muscle tension [66] around the neck and the face [67]. These
responses make the articulatory movements, airflow from the respiratory system, and
timing of the vocal system physiology change [27] [68], such that speech characteristics
[69] and facial expression [70] are also changed.

Thus, stress affects massive human physiological systems. Stress that’s left unchecked
can contribute to many health problems, such as high blood pressure, heart disease,
obesity, and diabetes. Table shows the common effect of stress on body and mental
health.

2.3 Physiological parameters and stress relationship

The Sympathetic Nervous System (SNS) provokes the stress response in humans, carry-
ing psychological, physiological and behavioral symptoms. From a physiological point of
view, the increase of SNS activity changes the hormonal levels of the body and provokes
reactions like sweat production, increased heart rate, and muscle activation. Respira-

tion becomes faster and the blood pressure increases. As a consequence of changes in
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TABLE 2.1: Common stress effects on behavior

On habits

On performance

On personality

Teeth grinding

Hair pulling

Tremors or nervous tics

Eating pattern

Clumsiness
Alcoholism
Social withdrawal

Impulse buying

Positive Effects:
Performance levels in-
crease when stress man-
agement is  effective.
Stressors such as pressure
and demands can facilitate
better  stress  response
and thus, higher levels of
performance.

Negative Effects:

When stress is perceived as
uncontrollable or unman-
ageable, the person begins
to experience a gradual to
drastic decrease in perfor-
mance levels, causing a de-
cline in productivity and
enthusiasm to respond to
the stress.

Time urgency / Rushed
Lifestyle
Aggressive, hostile, easily
angered

Hard-driving, unable to re-
lax, cynical

Polyphagia
(multitasking)/2-things at
one

Rapid speech patterns
Predictor of heart disease
Hopeless personality: Poor
self-motivation, feel help-
less, hopeless, give up

Irrational-Illogical Person-
ality: evaluators, do not
perceive situations accu-
rately, unrealistic expecta-
tions

TABLE 2.2: Common effects of stress

On the body On mental

Headache Anxiety

Muscle tension or pain Restlessness

Chest pain Lack of motivation or focus
Fatigue Feeling overwhelmed

Change in sex drive
Stomach upset

Sleep problems

Irritability or anger
Sadness or depression

the muscles which control the respiratory system and vocal tract, speech characteristics

change too. Skin temperature decreases together with hands and feet temperature and
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the Heart Rate Variability (HRV) decreases. Moreover, pupil diameter can vary. Artic-
ulatory movements, airflow from the respiratory system, and timing of the vocal system
physiology are change. Table shows a comparison of physiological parameters and

their relation with stress [71].

TABLE 2.3: Physiological parameters and their relation to stress

Physiological parameter Relation to stress

Blood pressure (BP) Stress increases blood pressure depending on the ex-
perienced stress levels [72].

Electroencephalogram Alpha activity decreases in stress situations and Beta

(EEG) activity increases with mental workload (stress) [73].

Electrocardiogram Worldwide scientific research has shown that heart

(ECG) rate (HR) increases during stressful times [74].

Electrodermal activity The amplitude of the electrodermal response was sig-

(EA) nificantly correlated with subjective stress experience
[75].

Respiration rate when the stress level changes, the speed and depth of
respiration system also change [70]

Pupil dilation (PD) pupils are dilated more often under stress situations
[r7).

Electromyogram Stress provokes involuntary reactions on facial and

(EMG) Trapezius muscles [78].

Speech Stress changes human vocal production [79].

As shown in Table stress increases blood pressure but it is not an as good indicator
to detect stress situations [71]. Alpha waves of EEG reflect a calm, open, and balanced
psychological state, so Alpha activity decreases in stress situations [73]. Besides, the
Beta activity of EEG reflects cognitive and emotional processes [80] so it increases with
the mental workload and then with stress. HR is defined as the number of heartbeats per
minute that frequently is used to analyze stress by computing the mean and standard
deviation [81]. EA linearly related to arousal [82] and it has been widely used in stress
and emotion detection [83]. EA and heart rate variability (HRV) were found to be the
best correlates of real-time stress but less superior than EEG features in discriminating
under cognitive load and relaxed states [84].

The possibility of estimating respiration rates is by an ECG signal [71] but the contri-
bution of respiration signals to stress detection was far from being as evident as EA
or HRV’s contribution [83]. The high ability of PD features to discriminate between
stress and relaxed situations was affirmed by Ren et al [85]. The LF/HF ratio of PD
variability could effectively replace the LF/HF ratio of HRV in stress recognition [86].
EMG can sometimes be less selective than desirable because the electrical activity cre-
ated by a muscle can be extended to the adjacent areas, and moreover, activities that
are not related to emotions, such as speaking, can generate confusing EMG activity [71].

Under stress situations, stress changes human vocal production in pitch (fundamental
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frequency) and in the speaking rate are usual, together with variations in features re-
lated to the energy and spectral characteristics of the glottal pulse [79]. The performance
comparison of each physiological parameter has been summarized by [71], as shown in

Table 2.4

TABLE 2.4: The physiological parameters performance comparison

Reference Target class Number of Signal Accuracy
classes (%)
Palanisamy et al.  Stress 2 HRV 93.75
EA 70.83
EMG 71.25
Wei et al. Stress 2 EMG 97.8
Resp 86.7
Ren et al. Stress 2 PD 88.71
Dinges et al. Stress 2 Facial 75-88
Demenko et al Stress 2 Speech 84
Kurniawan et al.  Stress 2 Speech 92.6
EA 80.72
Sharma et al. Stress 2 EEG 98
Li et al. Stress 5 ECG 96.4

Table shows the non-invasive methods present better accuracy than non-intrusive
methods. EEG is the best physiological parameter that correlates to stress. EA and
HRV were found to be the best correlates of real-time stress but less superior than EEG
features. However, as most of the physiological measurements, EEG, EA and HR are
the contact method and it may makes uncomfortable. Contrarily, speech analysis has an
interesting way because it can be easily measured in a completely contactless method.
Furthermore, speech features are more efficient for stress detection than the selected EA

features [74].

2.4 Architecture of stress and emotion recognition system

Stress and emotion recognition in speech is used the well-established architecture of
pattern recognition [87] that was successfully applied in numerous speech and speaker
recognition. Figure illustrates a general architecture of stress and emotion recogni-
tion in speech.

The training process is an iterative procedure that usually has supervision. The speech
samples with known class labels (known emotions) are first pre-processed to reduce
the noise and remove the silence or unvoiced intervals. The labeled and pre-processed
speech is then used to calculate sets of acoustic feature parameters characterizing each
emotional class. In some cases, the features may undergo a process of data reduction
(or redundancy removal) through an optimal selection of features. During the modeling

stage, the characteristic features are used to derive class models in a form of estimated
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Training Phase
Speech With known I 1 b, = Pre-_ N Featm_'e >  Modeling | Class model
emotion label ~ “Mi[""* processing Extraction
Speech with unknown J |h ||me - Pre-_ N Featul_‘e > Classification (> Class label
emotion label e processing Extraction
Testing Phase

FIGURE 2.2: The general architecture of the stress and emotion speech recognition and
classification system. The blue and red box denote training and testing (classification)
phase, respectively.

parameters, such as probability density functions, statistically describing each class, or

in a form of neural network structures with nodes represented by sets of constant weights

derived from the training data.

In the testing phase, speech samples from unknown classes are subjected to pre-processing,
feature extraction, and feature selection procedures, usually identical to those used dur-

ing the training process. A classification method is then used to perform the pattern

matching and decision-making process and produce the most probable emotional la-

bel for the examined speech sample. The classification is usually based on a pattern-

matching approach that determines class that produces the highest probability values

or activates certain nodes in a neural network structure.

2.4.1 Existing emotional speech database

The recognition accuracy of stress and emotion depends on the types of speech sam-
ples used in the process of statistical modeling of different classes of stress or emotion.
The first type used emotions simulated by professional actors in a recording laboratory
allowing experimental control but having low ecological validity. The second type of
data represented natural vocal expressions recorded in the field or from reality media
broadcasts. It provided high ecological validity, but it was difficult to determine the
actual emotion felt by the speaker. The third type used experimentally induced emo-
tional expressions in the laboratory. This approach provided a low level of control over
emotional arousal and valence.

Apart from ecological validity, other essential factors characterizing the quality of emo-
tional speech data are the size of the speech database (number of speech samples). A
small dataset of data may cause the trained model low-robust to the natural environ-
ment. In contrast, a large set of ecological data is hard to be collected. Table
contains a list of several widely used databases of natural stress and emotion speech,

described in terms of numbers of subjects, types of emotions, language [88)].
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TABLE 2.5: Natural stress and emotion speech database.

Database Number of sub- Type of emotions Language
jects

Belfast [31] 125 (31 male and Wide range (active positive emo- English
94 female) tion, active negative emotion,

passive positive emotion, passive
negative emotion)
SUSAS [29,30] 32 (13 male and Wide range (neutral, high stress, English

19 female) low stress, angry, soft, etc)

France [32] 115 (67 male and Depression, neutrality, suicidal English
48 female) state

Fischer [33] 56 (unknown gen- Anger, depression, neutrality German
der)

2.4.2 Existing techniques of feature extraction in emotional speech

analysis

The concept of automatic emotion recognition was introduced when the use of statistical
properties of speech in automatic emotion recognition. In recognizing emotion, the
feature extraction technique is a vital part. There are some feature extraction techniques

that are widely used for speech emotion recognition.

2.4.2.1 Prosodic features

The human being are able to more or less independently control phonation (source)
with the larynx and articulation (filter) with the vocal track. Thus, we could assume
speech sound are the response coming from a vocal-track system, where a sound source
is fed into and filtered by the resonance characteristic of the vocal track. This kind of
modeling by a linear system is called the source-filter theory of speech production.

The source-filter model has a linear character, where it conveying accurate linguistic
content. The majority of the current approaches to emotional speech analysis rely on
the assumption that the emotional state of a speaker affects in some way speech param-
eters assumed by the source-filter model. These parameters including the fundamental
frequency, formats, and energy, or parameters derived from them, are the most often
cited in the literature as characteristic features used in emotion recognition from speech.
During phonation, the vocal folds vibrate. The number of cycles per second determines
the frequency of the vibration, which is subjectively perceived as pitch or objectively
measured as the fundamental frequency Fy. The sound is then modulated by the vocal
tract configuration and the resonant frequencies of the vocal tract are known as formants.
Figure illustrate how to obtain the estimation of Fjp.

The fundamental frequency Fy of the vibration of the vocal folds is estimated simulta-

neously using the autocorrelation method in the time domain and the cepstral method
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F1GURE 2.3: A flowchart of the fundamental frequency estimation method

in the frequency domain [89]. The average value of these two measurements provided
the final estimate of Fj.

Then, the first three formant frequencies, Fy, F>, and F3, where estimated as the resonant
frequencies of the vocal tract filter using the linear predictive coding (LPC) analysis [90].
The formants values are obtained by factoring the predictor polynomial and solving the
roots of the polynomial to find the locations of the resonances representing the values

of formants.

2.4.2.2 Mel Frequency Cepstral Coefficients (MFCC)

MFCC is a robust technique to capture the cepstral representations of speech informa-
tion. In order to maintain the signal periodicity, a short-term analysis of the speech
signal was performed to compute the MFCC feature [91]. The MFCC flow diagram is
presented in Figure

Framing and FFT and short-term power
Windowing Ed spectrum calculation

y

MFCC Feature  [&— Inverse DCT S Frequency Warping & Mel Fi!ter
Bank and Cepstrum computation

Input speech EN

FIGURE 2.4: The MFCC flow diagram

The MFCC coefficients were calculated on each frame (framing). Then, the Hamming
window algorithm was applied to each frame over the speech sample (windowing) to re-
move the discontinuities in the speech signal. We obtained the Mel-frequency-wrapped
spectrum from the Fast Fourier Transform (FFT). Mel energy is computed by multiply-
ing each filter bank with the power spectrum then adding the product to the coefficients.
The Mel filter bank consists of triangle bandpass filters that span overlapping frequency
bands. The width of each filter is set according to the Mel-frequency wrapping band, as
exemplified in Table [92]. The Mel-frequency scale expresses the important phonetic

characteristics of the speech signal. A measured frequency f in Hz can be converted to
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the Mel scale mel(f) using Eq. The Inverse Discrete Cosine Transform (IDCT)

was applied to obtain the d-dimensional order cepstral coefficients.

mel(f) = 2595 x log10(1 + f/700) (2.1)

TABLE 2.6: The frequency band of the Mel filter

Filter Passband edges (Hz)

Filter 1 [133 267]
Filter 2 200 333]
Filter 3 [267 400]
Filter 10 (733 867]
Filter 20 [1510 1733]
Filter 40 5973 6854]

2.4.2.3 Teager Energy Operator (TEO) based features

The presence of additional harmonics other than the Fy-series can indicate the stressful
or emotional state of a speaker, and provide a source of characteristic features for the
detection and classification of speech under stressful or emotional situations. This speech
modeling initiated by Teager [93H95]. Teager noticed that energy plays an important
function in hearing and recognition of speech.
The speech signal could be regarded as an effect of amplitude and frequency modulation
of separate oscillatory waves and modeled as a combination of several amplitude and
frequency-modulated (AM-FM) oscillatory components. A nonlinear model of speech,
which represents a discrete-time speech signal s[n] as a sum of M components (s[n| =
SM 2i[n]). By assuming each component of speech can be modeled as an AM-FM
sine wave in the discrete-time domain, Kaiser [96] estimate of the speech instantaneous
energy, known as the Teager energy operator (TEO) expressed as:

U(z[n]) = (a[n])*sin(w][n]) (2.2)
where a[n] is the instantaneous amplitude of an AM-FM signal and omegaln] is the

instantaneous frequency values.

2.4.2.4 Identity vector (i-vector)

I-vector is an efficient feature extraction technique. I-vector extracts the features to

identify the linguistic information contained in the speech. The features are represented
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to low-dimensional vectors that reflect the speech content. Originally, i-vector was in-
troduced for the speaker recognition task. However, it has recently been demonstrated
that i-vector have been successful in various fields of speech processing applications such
as speaker diarization [97], accent recognition [98], speaker’s gender [99] [100], emotion
[T0IHI06], and stress recognition [107].

I-vector representation is a data-driven approach for speech feature extraction that pro-
vides a general model for speech processing. A number of speech frames (segment)

transform into i-vector space using the i-vector extractor, as shown in Fig.

MAP Adaptation
MFCC —] P = GMM Super-vector

0N
UBM \J/
T _ | JFA |
| GMM Trained | \l/
VM
v
I-Vector

FIGURE 2.5: The basic block diagram of i-vector extractor

For each speech segment, the first-order derivatives of MFCC were used to extract the
i-vector feature. The universal background model (UBM) is a large Gaussian mixture
model (GMM) trained to represent the gender-independent distribution of the features.
The UBM parameters are estimated using the Expectation-Maximization (EM) algo-
rithm to maximize the likelihood of the training data so that the background is uni-
versal in a wide-scale database. The Maximum a Posteriori (MAP) algorithm was used
to model the speech information in super-vector space by adapting the UBM mean
parameters.

A GMM super-vector s is decomposed by JFA into four components: speaker-independent,
speaker-dependent, channel-dependent, and residual [108]. Each component is repre-
sented in a low-dimensional set of factors, which operate along the principal dimen-
sions (i.e. eigen-dimensions) of the corresponding component. JFA represents the
speaker and the channel factor separately, while the i-vector represents them in a single
low-dimensional total variability model (TVM). An i- vector model uses a set of low-
dimensional total variability factors w to represents each speech sample, known as the
i-vector feature. Each factor controls an Eigen-dimension of the total variability matrix

T, expressed as follows:

s=m+Tw (2.3)

where m is the gender-independent mean super-vector (from UBM).
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2.4.3 Existing classification methods for emotional speech

In recent years, a great deal of research has been conducted to recognize human emotion
using speech information. Many researchers explored several classification methods. The
most often used classifier in the stress and emotion recognition task includes the sup-
port vector machine (SVM) classifier, the Gaussian mixture model (GMM), the hidden
Markov model (HMM), and the neural networks (NN).

2.4.3.1 Support vector machine (SVM)

A support vector machine (SVM) is a supervised machine learning model that is typically
used for solving both regression and classification problems [109], such as speech emotion
recognition [102HI04, 106].

SVM has been widely used to solve binary classification problems. In a binary classi-
fication problem, an SVM constructs a hyperplane in a multidimensional vector space,
which is then used to separate vectors that belong to two different classes, as shown
in Figure [2.6p. A good separation is achieved by the hyperplane that has the largest
distance to the nearest training vectors of each class (Figure ) and the non-optimal
hyperplane is shown in Figure .
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FIGURE 2.6: The SVM’s hyperplane: (a) data distribution (blue and red vectors), (b)
best hyperplane (black line), (c¢) not as good hyperplane (grey line).

The two-class SVM method can be expended to a multi-class problem [110]. It is usually
performed by reducing the single multi-class problem into multiple binary classification
problems, known as the ”One Against One (OAO)” strategy. In the OAO, one trains
K(K — 1)/2 binary classifiers for a K multiclass problem; each receives the samples
of a pair of classes from the original training set and must learn to distinguish these
two classes. At prediction time, a voting scheme is applied: all K (K — 1)/2 classifiers
are applied to an unseen sample and the class that got the highest number of ”+1”

predictions gets predicted by the combined classifier [IT1].
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2.4.3.2 Gaussian mixture model (GMM)

The Gaussian mixture model (GMM) is a probabilistic model that assumes all the
data points are generated from a mixture of a finite number of Gaussian distributions
with unknown parameters. GMM models the speech as a weighted sum of multivariate
Gaussian probability density functions [97), 112, ITT3]. In this decade, GMM is widely
used as a feature modeling and classification algorithm in the speech emotion recognition
[38, 78, [79, 102}, [T4HIT6], since it can smoothly approximate a wide variety of density
distributions.

A Gaussian mixture model is parameterized by two types of values, the mixture compo-
nent weights and the component means and variances/covariances [117]. For a Gaussian
mixture model with K components, the k** component has a mean of py, and variance
of i, see Figure The mixture component weights are defined as ¢ for compo-
nent C}, with the constraint that Zfi 1 ®r = 1 so that the total probability distribution

normalizes to 1.
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FIGURE 2.7: The illustration of GMM parameters.

For learning the model, GMM uses the expectation-maximization (EM) technique to
estimate the mixture model’s parameters. the first step (E-step) consists of calculating
the expectation of the component assignments C}, for each data point x; € X given the
model parameters ¢, pi, and o;. The second step (M-step) consists of maximizing the
expectations calculated in the E-step with respect to the model parameters. This step
consists of updating the values ¢, i, and or. The entire iterative process repeats until

the algorithm converges, giving a maximum likelihood estimate.

2.4.3.3 Hidden Markov model (HMM)

The hidden Markov model (HMM) is a statistical modeling technique that uses the
Markov process in modeling the system. The Markov process assumption is simply that
the current state depends on the previous state [I18]. The Markov chain represents the

temporal structure (or pattern) of a feature parameter representing a given class.
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HMM have a long experience in speech recognition. The underlying idea is that the
statistics of voice are not stationary. Instead of that, voice is modeled as a concatenation
of states, each of which models different sounds or sound combinations, and has its own
statistical properties. There are two main advantages of HMM’s in front of global
statistics for emotion recognition [I19] first, the structure of HMM’s may be useful to
catch the temporal behavior of speech; second, HMM technology has been long time
studied for speech recognition purposes, being available well-established procedures for
optimizing the recognition framework.

The structure of the HMM generally adopted for speech recognition is a left-to-right
structure, since phonemes in speech follow strictly the left to right sequence [120]. To
illustrate the HMM structure, Figure shows the state transition diagram of an
HMM. Each of the two hidden states x; maps to one of the three observable outcomes
Y, with some probability b;;. The state transition probabilities a;; are the probabilities

of moving from one hidden state to another.
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% by Do3
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FI1GURE 2.8: The illustration of an HMM’s state transition diagram.

2.4.3.4 Neural Networks (NN)

Neural networks (NNs) is a nonlinear statistics data modeling tool that is used to model a
complex relationship between the input and output data [121] to discover a new pattern.
It consists of a group of interconnected artificial neurons, where their connection could
be adapted through the change of the weight values during the learning process. NN
can be used in two paradigms: supervised learning and unsupervised learning.

NN have been widely used in various pattern recognition problems [122]. The strength of
neural networks to discriminate between patterns of different classes has been exploited
in a number of speech emotion recognition studies [27, 123H125] showing high levels of
success.

In a neural network, there are three essential layers: input Layer, hidden layer, and
output layer, as shown in Figure The input layer receives the input information of

various forms. The hidden layers perform various types of mathematical computation
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on the input data and recognize the patterns. The output layer presents the result of

rigorous computations performed by the hidden layer.

— ©
D

FIGURE 2.9: The illustration of an Neural network.

As shown in Figure [2.9) NN has multiple parameters, such as weights w, biases b,
learning rate, batch size etc, that affect the performance of the model. The transfer
function can be a simple summation which is a sum of inner dot products of the input
to the weights of the connection.

Based on the output of the transfer function, the activation functions compute the
appropriate result from the node. The activation function is a non-linear function that
able to find an error gradient. Some of the popular activation functions used in Neural

Networks are Sigmoid, RELU, Softmax, tanh etc.

2.5 Applications of emotion based technology

Emotion detection has become one of the most important aspects to consider in any
project related to Affective Computing. Due to the almost endless applications of this
discipline, the development of emotion detection technologies has brought up as a quite
profitable opportunity in the corporate sector. This section discusses the possible or

existing application of emotion-based technology.

2.5.1 Speech emotion recognition for human-machine interaction

The speech signal communicates linguistic information between speakers as well as par-
alinguistic information about the speaker’s emotions, personalities, attitudes, feelings,
levels of stress, and current mental states. Different from human-to-human communi-
cation that able to understand the speaker’s emotions, human-machine communication
suffers from significant inefficiencies because machines cannot understand user feelings
or generate emotional responses. Obviously, words are not enough to correctly interpret
the mood and intention of a speaker. Thus, the introduction of human social skills to

human-machine communication is of paramount importance.
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A technology that refers to the communication and interaction between a human and
a machine, called human-machine interaction (HMI), has gained increasing attention as
they allow humans to control machines through natural and intuitive behaviors. From
the human perspective, HMI will be more lifelike and attractive if machines are able to
recognize human feelings and respond accordingly. It is expected able to improve the
reliability of communication. Therefore, in recent years, HMI technology has started to
devote more attention to user attitudes and emotions to increase the acceptability of

speech technology for human users.

2.5.1.1 Smart home technology

In today’s world, people are often working harder and longer to achieve a more com-
fortable living. Nevertheless, the pressure and tension due to the increased workload
and other challenges have to lead to higher levels of health and mental issues. The em-
ployees who experienced high levels of stress have lower engagement are less productive,
and often absent to work [126]. Another study previously published by the American
Psychological Association also concluded that employees with longer working hours are
more frequently linked to family conflicts and stress-related health problems [127]. It
indicates that the majority of people are suffering from stress-related health problems
and conflicts. As such, it is essential to ensure that the home is conducive for them to
distress from the related stresses of their day. When they are going home, the machines
will enable a smart home system that reacts to their moods and adjust the lighting
or music accordingly and controlled by them using speech. The smart home system
automatically detects symptoms of depression, anxiety, bipolar disorder, and allowing
a response to such conditions. Thus, machines would no longer be limited to explicit
commands and could interact with people in a manner more similar to how we interact

with each other.

2.5.1.2 Robot technology

One of the main aims of human-robot interaction is to improve the robot’s abilities to
interact with humans. In order to achieve an interaction similar to that among humans,
robots should be able to communicate in an intuitive and natural way and appropriately
interpret human effects during social interactions. Similarly to how humans are able to
recognize emotions in other humans, machines are capable of extracting information from
the various ways humans convey emotions, including facial expression, speech, gesture,
or text and using this information for improved human-computer interaction. This can
be described as affective computing [128], an interdisciplinary field that expands into
otherwise unrelated fields like psychology and cognitive science and involves the research

and development of systems that can recognize and interpret human effects. To leverage
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these emotional capabilities by embedding them in humanoid robots is the foundation
of the concept of effective Robots, which has the objective of making robots capable of
sensing the user’s current mood and personality traits and adapt their behavior in the

most appropriate manner.

2.5.1.3 Call centers

Over the last decade, enterprises have started to use human-operated call-centers to pro-
vide improved services to their customers. The call-center agents answer customer calls
and provide information on different aspects of the services provided by the enterprise
that they represent. The evaluation criteria of such call-centers depend on the ability
of the agents to satisfy their customer needs in the telephone conversation. Therefore,
all call-centers have supervisors who monitor the calls and identify if any agent was not
able to satisfy a customer. Since the number of calls received in a typical call-center is
very high [129], it is not cost-effective to monitor all calls. So the supervisors monitor a
subset of calls and identify if any of them had extreme emotional characteristics (such
as happy or angry moods). However, the cost involved in human-monitoring of these
calls is extremely high. Therefore, automatic monitoring of these calls for recognizing

the emotional features is a very important problem from a business perspective.

2.5.2 Speech emotion recognition for industry and society

Speech is the fundamental form of human communication, and much (if not all) human
speech is the product of a speaker’s emotional state. However, the existing speech pro-
cessing systems have lacked the effective processing of that emotion. The development
of emotional speech technology has the potential to provide significant benefits to the
national and international industry and society in general.

In law enforcement and military, national security can benefit from forensic applications
of emotion detection (new types of lie detectors, emotional speech analysis of suspects,
terrorists, kidnappers, hostages). Public safety, border control, and internet security can
benefit from improved automatic speech and speaker recognition systems.

In safety management system, the development of emotional speech technology will
open possibilities of new applications such as automatic assessment of the mental state of
people working under high-risk and high-stress conditions that require an optimal mental
and emotional state (e.g. heavy machinery operators, people working with dangerous
chemicals, poisons and radioactive materials, construction workers, pilots, car, and bus
drivers surgeons).

In the medical field, mental health and medicine will benefit from the development of
automatic systems providing quantitative measures supporting the diagnosis of emo-

tional disorders, such as depression, Alzheimer’s, and autism, is currently researching
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a diagnostic system for early detection of depression. Also, natural-sounding synthetic
speech capable of emotional expression will improve speech aids for mute people and new
automatic training systems can be designed to teach autistic children how to recognize

emotion in speech.



Chapter 3

Proposed Framework for Stress

and Emotions Speech Recognition
and Modeling

The Sympathetic Nervous System (SNS) provokes the stress response in humans, car-
rying psychological, physiological and behavioral symptoms. From a physiological point
of view, the increase of SNS activity changes the hormonal levels of the body and pro-
vokes various reactions on the body. Therefore, in order to identify stress and emotion,
scientists use physiological parameters as observation material and analyze its activity
changes. A non-intrusive method, such as speech analysis, becomes popular because it
offers easiness in measurement and completely contactless to the user.

The stress measurement method using speech, or known as stress speech recognition
(SSR), learns the change of speech patterns in recognizing stress [I1]. SSR is a classifi-
cation system that uses labeled speech utterances for training. A set of relevant stress
speech data is required in this training phase. SSRs are robust in precise conditions,
but typically, their performance degrades in an imprecise environment. Therefore, more
large stress speech data are required to make the SSR model able to adapt to the real
condition. Unfortunately, the natural stress speech datasets are hard to be collected.
To address this issue, many researchers explore another approach that no require labeled
data for training, known as cluster analysis. The primary difference between classifica-
tion and clustering is that classification is used in a supervised learning technique where
predefined labels are assigned to instances by analyzing their properties, while cluster-
ing is used in unsupervised learning where similar data points are grouped, based on
their property’s similarities. in identify stress and emotion. There are many clustering
algorithms that have successfully categorized the stress speech data [35H38]. Most of

them used a similarity algorithm to group the data points by computing the distance.

24
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However, it was found that these algorithms become inefficient to be applied in high-
dimensional data due to its computation time and memory usage [130], known as the
curse of dimensionality. Lately, by a self-learning manner to optimize the clustering
objective, a deep clustering algorithms comes to address the curse of dimensionality
problem [I3I]. A deep clustering applies the deep neural network (DNN)-based au-
toencoder to transform the data from the original space to a lower-dimensional space
(embedding space) compactly [132, [133]. By learning in-depth and simultaneously min-
imize the error, an deep clustering able to present an excellent feature for representing
the stress and emotion characteristics.

In some cases, emotion (especially stress) may change when triggered by an event during
the speaking [41]. In this fashion, we argue that the prior emotional state should also
be monitored so that the emotion of the speaker can be recognized more accurately. By
this approach, we can take advantage to deal with larger sets of contextual information
[134]. Several studies have successfully modeled the emotion based on its state transition
[41] 134H137]. Generally, for predictive modeling or probabilistic forecasting [138], the
state transition model is the most used since its convenience for modeling the temporal
context in time-series (continuous) data [137, 139, 140].

To this end, we propose an end-to-end framework for recognizing and modeling the stress
and emotion in speech. Since classification and clustering have their own superiority, the
proposed framework analysis the stress and emotion in the approach of classification,

clustering, and state transition modeling, as shown in Figure
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FIGURE 3.1: The proposed framework of stress and emotions speech recognition and
modeling

As shown in Figure the proposed framework three main parts, (1) a stress and
emotion speech recognition (SSR) system, (2) the stress and emotion speech clustering
(SSC) system, and (3) a stress and emotion speech modeling (SSM) system. Firstly, we

recognize stress and emotion as a classification system that uses labeled stress speech
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data. Since the SSR system may degrade its performance due to a real environment
(imprecise training condition), in further, we perform the unsupervised SSC where uses
unlabeled data for training. Then, to ensure whether the output class corresponds to
informational classes, we inject the prior knowledge into the unsupervised SSC, termed
as a semi-supervised SSC. We explicitly take the prior knowledge from SSR that known
has accurate stress information due to trained by labeled data. Furthermore, for ac-
commodating the change of emotion state during the speaking, we take larger sets of
contextual information by capturing the prior emotional states, named as modeling ap-
proach (SSM).

3.1 Dataset

The Speech Under Simulated and Actual Stress (SUSAS) database [29) B0] comprises a
wide variety of simulated and actual stresses and emotions. The SUSAS database was
developed by the linguistic data consortium (LDC). The speech was collected from 32
speakers (13 male and 19 female) within the work environment (pilot cabin) and during
a rollercoaster ride. The speakers were reading a fixed list of 35 words presented in
random order. The speech corpora represented a narrow-band speech sampled by a 16
A /D converter with a sampling frequency of 8 kHz.

There are two set types of data in the SUSAS database: labeled short utterance data and
unlabeled conversation speech data. The labeled short utterance data consist of 1323
female and 1377 male utterances. Each utterance has a stress and emotion label (high
stress, low stress, neutral, soft, and angry), as shown in Table Moreover, SUSAS
provided six unlabeled conversations with three conversation types (single speaker, two
speakers of the same gender, and two speakers of different genders). In total, all conver-
sations contained around 50 female and 566 male utterances that presented time series

(sequences) data, as shown in Table

TABLE 3.1: The labeled SUSAS dataset used in the experiments

Label Number of utterances
Male Female

High stress 301 301

Low stress 337 301

Neutral 319 301

Angry 210 210

Soft 210 210
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TABLE 3.2: The unlabeled conversation of the SUSAS dataset used in the experiments

Data Data distribution Gender
Spkl Spkg Spkl Spk‘g

1 98 - Male -

2 52 50 Male Female

3 94 - Male -

4 118 - Male -

5 56 51 Male  Male

6 40 57 Male  Male

3.2 Stress and emotions speech classification

In preliminary work, we use a low stress and non-stress data in the training phase. The
binary classification of stress and non-stress is performed using the power of speech and
related frequencies as the features. The ensemble method of support vector machine
(SVM) and neural network (NN) is used to classify the stress speech. This model is
robust for binary classification of stress, but it not quite powerfull for classifying five-
classes of stress and emotions. Therefore, in-depth learning-based feature and a deep

neural network (DNN) are applied to classify five-classes of stress and emotions.

3.3 Stress and emotions speech clustering

Since a clustering method refers to an unsupervised setting that uses unlabeled con-
versation data, we perform a pre-processing phase before the clustering process. The
pre-processing phase consists of speech activity detection (SAD), speaker identification,
and gender identification. The SAD process aims to separate the speech and non-speech
segment /frame. Since the conversations are spoken by two-speakers, an speaker identifi-
cation process is required. Males and females express stress in different ways. Therefore,
we perform gender identification.

We then apply an unsupervised deep clustering algorithm to categorize the stress speech
data, we named deep time-delay autoencoder embedded clustering (DTEC). DTEC
deeply learn the stress speech segment using DDNN-based autoencoder and simultane-
ously optimizing the clustering assignment by joint supervision of discriminative loss,
reconstruction loss, and clustering loss.

Since DTEC has not confirmed yet the compatibility between the output class and
informational classes, we incorporate the prior knowledge of pairwise constraints to
DTEC. We named semi-supervised deep time-delay embedded clustering (SDTEC). The
semi-supervised constraint loss and the unsupervised loss are used simultaneously to

supervise the feature representation and the clustering assignment.
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3.4 Stress and emotions speech prediction and modeling

Despite its compactness to represent the emotional features, most of the deep clustering
algorithms have not considered the prior state yet. To this end, we present a new
framework to predict and model the stress and emotions, named the deep time-delay
Markov network (DTMN). DTMN analyzes in-depth the stress and emotion speech
feature by considering the prior emotional states. Structurally, DTMN contains the
Markov modeling that handled by hidden Markov model (HMM) and the neural network
architecture of time-delay neural network (TDNN).



Chapter 4

Stress and Emotions Speech

Recognition

As discussed in the previous chapter, stress can affect the body, thoughts and feelings,
and our behavior. Therefore, emotional awareness is essential for human life by recog-
nizing common stress symptoms so that one can manage their stress. Stress that’s left
unchecked can trigger many health problems.

Several physiological parameters have been explored to recognize stress and emotion
[71]. Using manifold modalities might capture the stress accurately and result in opti-
mal outcomes of recognition. However, several inherent advantages (more readily and
economically) make speech-based emotion recognition more exciting to be used in rec-

ognizing the stress and emotion, known as the stress speech recognition (SSR) system.

4.1 Binary stress speech classification

Stress speech recognition (SSR) or more generally called speech emotion recognition
(SER) is a machine learning-based system that able to recognize and classify the stress
and emotion speech data. There are three primary keys for a successful SER system,
namely, (1) relevant emotional speech database, (2) extracting effective and efficient
features, and (3) designing reliable classifiers using machine learning algorithms.

A set number of labeled dataset is used to train the machine learning for recognizing
the stress speech patterns. Therefore, in machine learning, the dataset is the most
crucial aspect, especially for the results of classification [141]. However, natural stress
and emotion speech data, such as a sample of SUSAS database [29] [30], is hard to be
collected massively. Hence, the challenge to improve the predicting capability of SSR
system with limited availability of materials data is clearly highlighted.

Many researchers have proposed important speech features which contain emotion infor-

mation, such as energy, pitch, formant frequency, and Mel-frequency cepstral coefficients

29
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(MFCC) [142]. Loui et.al. [143] presented that the power of the human voice to commu-
nicate emotion is well documented in verbal speech as well as in non-verbal vocal sounds,
and the human voice is thought to convey emotional valence, arousal, and intensity via
its modification of spectral and temporal signals. Arousal is a measure of perceived
energy level, ranging from low (calming) to high (exciting). Orthogonally, valence is
the polarity of perceived emotions and ranges from negative (sad) to positive (happy).
Therefore, in each speech segment, we extract speech power and its related frequency
as effective and efficient stress features.

The ability of many classification algorithms has been explored for recognizing stress
and emotion in speech. However, the confusion matrices of different methods varied
a lot. It indicates that different system architecture has also different capabilities in
modeling emotion. It also means that a single classifier hard to performs stably well
on all emotion categories, which might be possibly due to bias and variance of the
error. To this end, we propose to use an additional algorithm for improving the stability
and accuracy of machine learning by combining several features or classifiers, known
as ensemble algorithms [144]. The improving strategy of the ensemble algorithms is to
reduce the bias and variance of the error [145].

More than two decades, SVM and NN were frequently mentioned as a robust classifier
that works well on high bias and variance caused by small training data [146]. Motivated
by the improved research results of ensemble learning and the robustness of SVM and
NN, we propose an ensemble method for SSR via average aggregating results from a

combination of SVM and NN classifiers.

4.1.1 Ensemble SVM-NN

The 10-sets of stress and neutral utterances D are used. We then divide D into 10-groups
PD by combination formula. Thus, each group has nine data sets. Each data group is
trained using a Support Vector Machine (SVM). After training, the output of SVMs are
used as the input of NN. The ensemble SVM-NN framework is shown in Figure

We select average technique as an aggregation strategy because of its simplicity. Average
is the simplest method for combining several SVMs. Let f,,, (m=1,2,...M) be a decision
function of the m™ NN in the SVM-NN ensemble and C; (j=1,2,...C) denote a label of
the jt* class. Then, let N;={m|fy(z) = C;} i.e. the number of NNs whose decisions
are known to the j'h class. Then, the final decision of the SVM-NN ensemble foy a/— NN

for a given test vector z due to the majority voting is determined by

LM
fsvM-NN = i mZ=:1 fm(x) (4.1)
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| Dataset (D) |
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FIGURE 4.1: The ensemble SVM-NN framework

4.1.2 Experimental setup

In this work, we used sample of SUSAS database with 10 words (break, change, degree,
destin, east, eight, eighty, fifty, fix, and freeze). Each word is classified into neutral

(non-stress) or stress.

4.1.3 Result and discussion

We evaluate the effectiveness of the ensemble SVM-NN in the classification task of
10-samples data from SUSAS using a k-fold validation method, where £k = 10. The
comparison classification result of the ensemble SVM-NN compared to existing methods

is shown in Table .11

TABLE 4.1: The comparison classification result

Classifier Accuracy (%)
Male Female

Single SVM 69.41  72.00

Single NN 90.57 88.84

Ensemble SVM-NN 96.24  95.56

4.1.4 Conclusion

In this chapter, we proposed a stress speech recognition (SSR) system using simple
features and a low dataset. The speech power and its related frequency are used as
stress features. The 10-female and 10-male utterances of SUSAS dataset are used in
training and evaluation. To address this limitation, we used an ensemble method of

SVM and NN in improving the classification results. We evaluate the effectiveness of
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the ensemble SVM-NN in the classification task of 10-samples data from SUSAS using
a k-fold validation method, where k£ = 10. Based on the experimental results, ensemble
SVM-NN outperformed both single SVM and NN by presenting the accuracy of 95.9%.
We found that, generally, the differences between neutral and stress are the power will

decrease and the frequency will increase.

4.2 Stress and emotions speech classification

As discussed in Chapter we have been explored a simple approach in the binary
classification of the SSR system. A simple feature in binary classification may adequate.
However, for multi-class classification with a large dataset, a simple feature could not
handle a high bias or variance and may degrade the system performance.

In this decade, an effective and robust speech feature extraction technique that represents
the speech content in a low-dimensional vector, called i-vector, has been successfully used
in recognizing a speaker’s emotion [I0IHI03] and stress [107].

On the other hand, a deep neural network (DNN) has shown its robustness in many
speech-based applications. Since DNN can directly optimize a discriminative between
classes, it offers a potential promising to represent a robust and compact stress and
emotion feature. Thus, we propose to use an acoustic model of DNN-trained to discrim-
inative the classes by mapping the speech variables into a fixed-dimensional embedding
vector, called x-vector.

In the back-end processing, the i-vector system usually applies linear discriminant anal-
ysis (LDA) to normalize the vector length. LDA is a statistical method to classify the
speech pattern by minimizing the inter- and intra-class covariances and finding the best
solution for linear problems. Since the stress speech affects a non-linear vocal tract
[116], LDA is not reliable. To address this issue, we proposed a general model of LDA,
called generalized discriminant analysis (GDA), which applies a non-linear discriminant
analysis to map the data into a high-dimensional space using kernel functions.

We propose an end-to-end stress speech recognition (SSR) system using x-vector (DNN
embedding feature) followed by generalized discriminant analysis (GDA) for vector
length normalization and joint probabilistic linear discriminant analysis (J-PLDA) for

scoring.

4.2.1 X-vector system

X-vector considers as the discriminative baseline system, since it is comparable with i-
vector systems for text-independent speaker recognition, especially for short utterances
[147]. The conceptual baselines of i-vector and x-vector is shown in Figure

X-vector is a DNN-based model that maps variable length segments of speech to an

embedding space. We built the x-vector system using the framework of [148| 149]. The
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FIGURE 4.2: The baseline of i-vector and x-vector concept

x-vector was composed of the time delay DNN (TDNN) [148| [I50] which computed the
speech embedding from a variable length segment of the acoustic features. The input
consisted of a stack of frames in a short-term temporal context that was then handled

by the TDNN architecture, as shown in Figure
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FIGURE 4.3: The x-vector architecture

The TDNN architecture consisted of nine layers that captured the speech context at
each level as shown in Table five layers for frame level representation; a statistical
pooling layer for computing the mean and standard deviation; two segment layers for
extracting affine components; and the softmax layer.

We assumed that each input segment had F' frames. The first five layers operated at the
frame level with a small temporal context in the current frame f by utilizing the rectified
linear unit (ReLU) activation and batch normalization. In Table 1, it can be seen that
input Layerl gave the total temporal context of 5 frames (f —2,f — 1, f, f + 1, f + 2).
Layer2 was part of Layerl: frames f — 2, f, f + 2, which gave it a total context of 9
frames. Layer3 was the spliced output of Layer2, at frames f — 3, f, f + 3, so that it
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TABLE 4.2: The time delay DNN layers configuration

Layer index Layer context Number of context Dimensional output
Layerl f=2,f—-1ff+1,f+2 5 512
Layer2 f—=2,f,f+2 9 512

Layer3 f—=3,ff+3 15 512

Layer4 f 15 512

Layerb f 15 1500

Stat Pooling 0, F F 3000
Layer6 - F 3000
Layer7 - F 512
Softmax - F 512xN

where: f is frame. F'is all frames. N is number of training data

had a total context of 15 frames. Layerd4 and Layerb are also operated at the frame
level but did not provide additional temporal context. The total TDNN network worked
on f — 8 to f + 8 frames. Therefore, the dimensional vector became tripled (i.e., from
512 to 1536). The statistical pooling layer reached the mean and standard deviation at
all frames F'. In Layerb, there were 1500-dimensional vectors which doubled after the
statistical pooling output. Layer6 and Layer7 processed pooling and normalized into
512-dimensional vectors.

To reduce the sensitivity of the speech length, the DNN was trained to capture a certain
duration of the speech section during the test phase. However, memory limitations
forced a trade-off between the mini-batch size and the maximum training example length.
Hence, we set the speech duration to a maximum of 3 seconds (300 sample frames) and
the mini-batch size to 32. The stochastic gradient descent (SGD) was used to train the
network for several epochs.

During the training phase, the parameters of the DNN were optimized using the softmax
loss. The parameters were defined via a linear transformation with weight and bias
vectors that followed by the softmax function and the multiclass cross-entropy loss .
The x-vector was extracted from the affine component of Layer6, because the softmax
layer and Layer7 are not needed after the training phase.

In the back-end, GDA maps the feature vector z in space X to the vector ¢(z) in space S.
Then, interclass Sy and withinclass S,, scatter are updated as assuming observations

in vector mean ¢, for z in class c that is the centered of S.
1 & o7
Sb=15 2‘1 nedede (4.2)

C
Sw= 5 D0 3 blen)otn)” (4.3)

c=1 kec
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The traditional LDA kernel function on X-Vector wl and w2 as follows:
k(wl, ’u}g) = <w1, QUQ> (4.4)

We use this baseline discriminant analysis:

(w1, wa)
kE(wy,we) = ———— (4.5)
[Jwa[[[Jwe]]
Furthermore, in this work, we determined Gaussianized cosine as the kernel of the GDA.

The Gaussianized cosine kernel based on the following algorithm:

1. Initially, calculates the mean m and the standard deviation v from the training

data.

2. All data (training, testing, enrollment) are modeled Gaussianized (every X-Vector

w—m
v

w). Then the modified vector becomes w =
3. The Gaussianized X-Vector normalized in length.
4. The projection matrix P is trained after the training data is calculated.

5. All data is projected in the new feature space for each X-Vector w. The transfor-

mation becomes w = PTw
6. The new X-Vector is normalized again in length.

7. This data is calculated cosine kernel according to equation 4.

4.2.2 Experimental setup

The total data consisted of 1,377 male and 1,323 female utterances. Each utterance
was labeled as one of five stress classes: high stress, low stress, neutral, angry, and
soft. In the experiments, we divided data 50:50 into training and testing data generated
randomly on all of classes.

16-feature vectors were extracted from each speech frame. UBM is a 2,048-component
full-covariance GMM that was used to extract the 600-dimensional i-vectors. The nine
layers of the TDNN were applied to obtain 512-dimensional x-vectors. At the end of
the GDA process, the dimensions of the i-vector and x-vector were reduced to 300-

dimensional vectors.

4.2.3 Result and discussion

We visualized the class distribution for each subset using t-Distributed Stochastic Neigh-
bor Embedding (t-SNE). t-SNE builds a set of embedded points in a low space dimension
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that have relative similarities with its high dimensions [I51]. The embedded points rep-
resent the probability distribution of neighbors around each original point. The t-SNE
algorithm models the original point as a Gaussian distribution [152].

We visualized 100 random utterances from each class of the i-vector and x-vector for

female and male data separately, as illustrated in Figure [4.4]
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FIGURE 4.4: t-SNE visualization of the stress class distribution. (a), (b), and (c)
denote for female samples, while (d), (e), and (f) present male samples.

Since x-vector trained gradually (at the frame level in the first five layers and continued
in the segment level), x-vector can learn the differences between classes without learning
the characteristics of each speaker. Thus, Figure [4.4] shows that x-vector is able to
represent the classes as more separate or distinct. On the other hand, i-vector learns
the characteristics of each speaker first and then adds specific information (e.g., about
stress/emotion); therefore, the classes have a more distributed spread.

We evaluate the effectiveness of x-vector system in the classification task of stress and
emotions from the SUSAS dataset and compare it with a simple approach in Chapter
and i-vector system. The classification result of them is shown in Table
Furthermore, to evaluate the misrecognition tendency, we use a confusion matrix and
compare the x-vector system to the i-vector system. In Figure each row of the con-

fusion matrix represents the instances of a predicted class while each column represents

(f) Proposed X-vector

40
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TABLE 4.3: The comparison classification result

Method

Error rate (%)

Ensemble SVM-NN
i-vector system

Standard x-vector system
Proposed x-vector system

Male Female
50.50  48.50
18.12 16.29
8.84 8.97
5.08 5.31

the instances of a true class.
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FIGURE 4.5: The confusion matrix of the proposed and baseline system

Figure shows that the proposed system outperformed the baseline system in classify-

ing stress speech. Our system can identify the "neutral” class very accurately, but there

are several misrecognitions in other classes. For data from female speakers, the misrecog-

nition occurs between the ”stress” and ”soft” classes. For data from male speakers, the

misrecognition occurs between the ”stress” and the "angry” classes. We hypothesize
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that the female speakers tended to express their stress in soft (e.g., sadness) while the

male speakers tended to express their stress as anger.

4.2.4 Conclusion

A stress speech recognition (SSR) system using the DNN embedding framework con-
cept, called x-vector, has been explored. We found that the proposed x-vector system
outperformed i-vector and standard x-vector in extracting stress features in the speech
by improving the EER. Based on confusion matrix evaluation, the most misrecognition
is between the ”stress” and ”soft” classes for data from female speakers and between

the ”stress” and ”anger” classes for data from male speakers.



Chapter 5

Stress and Emotions Speech

Clustering (Pre-processing)

As mentioned in Chapter [3], the second part of the proposed system is stress and emo-
tion speech clustering. This approach aims to address the SSR system limitation that
may degrade due to the real environment. Furthermore, since the clustering method
uses unlabeled data, we perform a pre-processing phase to ensure the clustering pro-
cess presents a good performance. The pre-processing phase consists of speech activity

detection (SAD) system, speaker identification, and gender identification.

5.1 Speech activity detection

Speech activity detection (SAD) is an essential part of the speech-based applications
[153]. SAD plays a critical role in separating between speech and non-speech segments,
such as noise, music background or silence. Typically, SAD is performed as the first task
to filter the presence of non-speech segments. Non-speech segments considerably affect
the performance of the main system due to carry useless information. In other words, a
robust SAD system is an important modal to obtain an accurate detection result of the
main system.

Many feature extraction techniques that can reflect the speech features. For instance,
energy-based features [I54], [I55] and Mel-frequency cepstral coefficients (MFCCs) [98],
156HI58] are the technique that is frequently used in representing the presence of speech.
Both techniques show their robustness in clean conditions, but the performance degrades
for noisy signals. In this decade, a modern method, known as the learning-based tech-
nique, has been explored in the term of extracting the speech features [98]. The GMM-
based feature and its variance have been successfully used in projecting the presence of

speech [156] (158, 159]. Furthermore, an effective and sophisticated technique, known

39
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as i-vector, also has shown their ability to present a compact speech feature for a SAD
system [156, [160], [161].

A linear method, such as linear discriminant analysis (LDA), has successfully discrimi-
nated against the speech and non-speech [I57, [162]. More than 30-years, LDA has been
commonly used as a standard back-end procedure in a wide range of speech-related
tasks. By assuming each class is a Gaussian distribution and all classes share the same
covariance matrix, LDA shows its effectiveness in stationary noise conditions. The ma-
chine learning model, such as the hidden Markov model (HMM) [I58] and support vector
machine (SVM) [156] [160], has proven more accurate in non-stationary noise conditions
but involve a complex procedure.

Nowadays, deep neural networks (DNNs) have been used and achieves extremely high
predictive accuracy in hardly overall machine learning applications, included as a feature
compensation and denoising technique [I63] in emotion recognition. In the denoising
task, DNN learns the entire temporal context of input in-depth and learn its projection
by mapping the noisy feature (i-vector) to a denoised space [164]. Besides in denoising
tasks, [I55] [161], 165] explicitly uses DNN as a channel compensation for a SAD system
and proven effective to address a non-stationary noise.

As discussed above, LDA is the most popular and preferable model due to its simple-
ness and efficiency in recognizing a pattern but susceptible to non-stationary noise. On
the other hand, DNN shows its effectiveness as a denoise technique but involves more
complex procedures. Many studies have explored various approaches to develop a SAD
system. Most of them focus on how to recognize the presence of the speech in high
noise conditions and just little works notice the emotional condition of the speaker also.
Whereas, the presence of emotion (especially stress condition) affects the performance
of speech algorithms [166]. For a standard speech-related system, such as speech recog-
nition [167, [168] or speaker recognition [169} I70], a robust SAD system in the noisy
conditions has adequate. However, for the emotion-related system [26, 28], [132], a more
powerful SAD system is required because the emotional condition affects the production
of speech characteristics.

Finally, we propose a SAD system which not only strong in noisy environments, but also
able to compensate the presence of the speech that might be altered because of emotional
conditions. The proposed SAD system consists of the i-vector feature extractor and a
novel channel compensation method, named as embedded discriminant analysis or EDA.
EDA is a channel compensation method that as simple and efficient as LDA but also has
an ability to transforms the feature to denoise space like the DNN. EDA distinguishes
speech and non-speech effectively by mapping each frame of i-vector feature to a more
discriminative space using DNN and modeling its transformation in a projection matrix
like the LDA model. We explicitly use a time-delay neural network (TDNN) in the EDA’s

structure to handle the variations of temporal dependencies caused by the presence of
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emotional stress [I71]. In the training phase, a large amount of short speech data from
the SUSAS dataset are used to create the speech /non-speech model. In the testing phase,
the cosine similarity algorithm is used to compute the deviation between the speech /non-
speech model and the representation of the audio target, and also for deciding the
decision threshold. Based on this threshold, the speech and non-speech boundaries are
decided. The effectiveness of the proposed SAD system is evaluated in terms of the

stress speech clustering task [132].

5.1.1 Proposed SAD system

The proposed SAD system consists of training and testing phase, as shown in Figure
In the training phase, the speech and non-speech features are extracted using the
MFCC technique. Then, the i-vectors extractor transforms each frame of the speech
features to a single low-dimensional i-vector space. By using the i-vector feature of
speech and non-speech, EDA is trained to produce the speech and non-speech model. In
the testing phase, the same procedure is conducted to the audio target. We perform the
cosine similarity algorithm to compute the resemblance score between the audio target
and both of speech/non-speech models. Finally, the score based-error evaluation metric

is applied for deciding the decision threshold.

Speech Training Phase
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FIGURE 5.1: An end-to-end SAD system in training and testing phase

5.1.1.1 Embedded discriminant analysis

Different to LDA that assumes all classes share the same covariance matrix and find its
linear transformation using Gaussian distribution, while EDA initially maps the features
to an embedding space, then finds the corresponding transformation using trained neural

network.
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TABLE 5.1: The EDA network structure

Layer Input context Dimensions Function
Input - 600 -

Hidden-1 [t-8,t,t+8] 600 ReLU
Hidden-2 [t-5,t,t4+1] 600 ReLU+Batch-Norm
Embedding {0} 400

Loss layer  Jointly supervision of losses

We use a one-dimensional convolutional network (known as TDNN) in the EDA structure
to address the temporal dynamics dependencies [I57, [162]. Structurally, the proposed
EDA consists of two hidden layers, the embedding layer, and the loss layer, as shown in
Table Bl

We propose to use a one-dimensional convolutional network (known as TDNN) in the
EDA structure to address the temporal dynamics dependencies caused by emotional
conditions of the speaker’s [I72]. TDNN learns dynamically temporal dependency by
generating larger networks from sub-components at across time steps [173]. We applied
the sub-sampling (locally-connected) technique on both hidden layers of EDA to make
it more efficient. Structurally, the proposed EDA consists of two hidden layers, the
embedding layer, and the loss layer, as shown in Table [5.1 EDA capture a total
temporal context on [-13,9] [173] that processed by 2 layers. The hidden-1 layer splice
together frames t — 8 through ¢ + 8 and the hidden-2 layer splices together frames ¢ — 5
through ¢ + 1. We applied a rectified linear unit (ReLU) as activation functions on all
hidden layers and incorporated a batch normalization in the hidden-2 layer to stabilize
the training procedure. During training, the parameters of EDA are optimized under
supervision of softmax loss and center loss.

The softmax loss function [I74] is defined as follows:

G W2 yithz;
Ls=— E log————— (5.1)
Z  WTy;+b,
im1  2je1€ !

where g; € R? denotes i*" embedding feature, belonging to z; class, and Z denotes the
number of softmax output (number of classes). W; is 4t column of the weights matrix
W and b is bias term. d and G are feature dimensions and the total number of training
samples (i-vector), respectively.

The center loss function [175], defined as follows:

G
1
fo=3 2 llw—cu (52
1=

where c;; denotes the z;:» class center of embedding feature. Equation shows that
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the intra-class variations are effectively characterized. The c;, is updated based on mini-
batch and the center compute by averaging the embedding feature of the corresponding
class iteratively. A scalar « is used to control the learning rate of the center where « is
[0 to 1] restrictively.

After training, the transformed features are extracted from the affine component of
the embedding layer, hereinafter referred to embedding feature that is formally trained

under supervision of softmax loss and center loss, as follows:
L=Ls+ ¢ (5.3)

where A is a weight for the balance of two-loss functions. If A is small, the loss is
supervised by softmax loss. Otherwise, the supervision is inclined to the center loss.

EDA transforms the i-vector feature from an original space y into embedding space wu.
We define the transformation model of EDA in a projection function similar to the LDA

model, as follows:

u=6(y) (5.4)

where 6 denotes the transformation projection matrix of EDA.

5.1.1.2 Resemblance measurement

In the training phase, the SAD system is trained to generate speech and non-speech
models. We stored one model vectors per trained segments. Then, those models (speech

¢sp and non-speech ¢y,,) are presented in d-dimensional vectors, defined as follows:

bsp = (N1 (usp), N2(usp), -, Na(usp))
Pnsp = (M (ump)a-/\/é(ump)a -'-7Nd(“n8p))
where ug, and u,s, are speech and non-speech vectors, respectively. We then compute

the deviation between the embedding feature (the output of EDA) of audio target ¢

(5.5)

with both models (speech ¢g, and non-speech ¢y,) using cosine resemblance algorithm

[159], formulated as follows:

Sep(@) = cos(¢, dsp) — cos(¢, Pnsp)

ﬁ(& _ M)
[P M dspll Nignspll

(5.6)

where || . || denotes the euclidean distance.

5.1.2 Experimental setup

In this work, we use labeled speech data from 1377 males and 1323 females and more

than 1500 non-human speech data (helicopter cockpit noise) from the SUSAS database
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TABLE 5.2: he performance comparison result of the proposed SAD system (% Error
rate). The performance is presented for different system and speech duration.

System 10-sec  30-sec  60-sec
SSC without SAD system 41.584 44.660 49.675
SSC with Baseline SAD system  32.673 33.981 36.526
SSC with Proposed SAD system 29.703 29.773 29.870
Note: SSC is stress speech clustering system, include ASR system.

that consisting of high noise, low noise and silence. For evaluation, we use the unlabeled
conversation speech data as the audio target. The annotations-based ground truth is
used to evaluate the SAD system.

We extract the MFCC feature of the speech at 10ms frame rate with 25ms window
size. The 13-dimensional MFCC is used as the input of i-vector extractor to produce an
frame-level i-vector feature. The UBM super-vector contains 2048 Gaussian mixtures is
applied to produce a 600-dimensional i-vector.

We set the EDA’s weight balancing parameter for softmax loss and center loss A = 1072

and the controller parameter for learning rate of center a = 1071,

5.1.3 Result and discussion

The effectiveness of the proposed SAD system (EDA-based SAD system) is evaluated in
the task of classification of the SUSAS dataset that presented for the SSC system. We
perform EDA and LDA as channel compensation method in the proposed SAD system
and the baseline SAD system, respectively.

In this experiment, EDA and LDA reduce the vector dimension from 600 (i-vector) to
400. The performance comparison result of the proposed SAD system in terms of EER
is shown in Table and the example of data segmentation is presented in Fig.
Generally, all systems present increased error for long speech duration. The proposed
SAD system outperforms baseline systems and relatively stable in all speech duration.
This indicates that by using EDA, the proposed SAD system able to capture speech
information in a short and long temporal context.

Fig. shows the proposed SAD system decision results compared with the baseline
SAD system, with a correspondence confidence threshold score. Fig. [5.2(a) shows
the original speech signal that has 3 types speech/non-speech conditions (silent: 0 to
0.25 seconds, speech: 0.26 to 0.95 seconds, high noise: 1.1 to 1.2 seconds, and low
noise: 1.25 to 1.5 seconds). In Fig. [5.2(b) and (d), the SAD score is close to 0 for
the silent condition, the negative score for noise conditions, and the positive score for
speech conditions. Since EDA able to handle the variations of temporal dependencies,
the proposed SAD system presents more sensitive SAD scores (Fig. [5.2(d)). Since LDA
uses Gaussian approach to present the speech, some speech frames (Fig. [5.2(c) time:

0.25 to 0.35) are misrecognized as the non-speech.
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FIGURE 5.2: The example of data segmentation in the time domain, and the cor-

responding SAD decision. (a) demonstrates the original signal in 1.5 seconds with

frame-scale fs = 8000. (b) and (d) denote the SAD score for the baseline and proposed

SAD system, where the blue indicates the SAD score and the red line is a correspon-

dence threshold. (c) and (e) present the SAD decision for the baseline and proposed
SAD system, respectively.

Unlike the LDA-based SAD system, the proposed SAD system shows its capability
in capturing the nonlinear relationship between features without requiring the prior
assumptions on the input. While LDA probably less adequate due to speech under
stress is not always distributed in Gaussian and it may have different covariance. Since
EDA notices emotional information on the speech, the proposed SAD system obtains
a more accurate in the SAD score that followed by an accurate decision threshold, as
shown in Fig. It impacts on the ability to distinguish the different non-speech

types, such as silent, high noise, and low noise.

5.1.4 Conclusion

In this paper, a compact speech activity detection (SAD) system using i-vector and
proposed embedded discriminant analysis (EDA) has been presented. The propose SAD
system was not only strong in noisy environments, but also able to compensate the pres-
ence of emotional conditions. In the training phase, the speech and non-speech features

were extracted using Mel Frequency Cepstral Coefficients (MFCC) technique that was
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then transformed to frame-level feature by the i-vector extractor. The proposed EDA
transformed the i-vector features of speech and non-speech into denoise space that is
supervised by softmax loss and center loss. In order to compensate emotional condi-
tions, EDA was trained using labeled short speech data of SUSAS database to produce
a projection function and was used for generating the speech/non-speech models. In
the testing phase, the cosine similarity algorithm was used to computes the deviation
between the speech/non-speech models and the audio target. The effectiveness of the
proposed SAD system was evaluated in terms of equal error rate (EER) and compared
to the baseline SAD system as a pre-processing part of the stress speech clustering (SSC)
application. Based on the experiment, since EDA able to captured speech information in
dynamics temporal context, the proposed SAD system presented a stable EER in short
and long speech durations. The proposed SAD system also presented more sensitive
SAD scores in different non-speech conditions so that resulting in an accurate decision
threshold.

5.2 Speaker verification

Every utterance is not produced in a similar form in all respects [24], even by the same
speaker. The voice characteristics may change due to a deviation of the articulator
movements caused by various factors, such as stress condition. Moreover, stress has
diverse characteristics and different pattern for each individual. Therefore, we apply a
speaker verification system in the pre-processing phase.

Speaker verification is the process of accepting or rejecting the identity claimed by a
speaker. Most of the applications in which voice is used to confirm the identity of
a speaker are classified as speaker verification. In speaker verification, an utterance
that spoken by an unknown speaker is compared with a model from the speaker whose
identity is being known. If the match is good enough, that is, above a threshold, the
identity claim is accepted. Since there are only two choices, acceptance or rejection,
speaker verification performance approaches a constant independent of the size of the
samples. However, the emotional conditions (especially stress) make the pattern of the
fundamental characteristics of speakers changed.

Psycho-physical studies have shown that people sensation of the frequency contents of
sounds for speech signals follow a nonlinear scale. In other words, each tone with an
actual frequency measured in Hz, is measured in a subjective pitch scale called the
"Mel” scale. The robustness of pitch and Mel Frequency Cepstral Coefficients (MFCCs)
features in recognizing the speaker in emotional condition has been explored by many
works such as [I76HI80].

The SUSAS database is recorded from the conversation between a pilot and a co-pilot

of the Apache helicopter. It means that the conversations are spoken by two-speakers.
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Thus, we design a speaker verification system that assigns to separate the time-series
utterances and grouping them correspond to the speaker by applying the similarity
algorithm. Similarity algorithm is simple and effective matching method that has been
widely used in many speech recognition task [I8THIS3]. We investigate three similarity

algorithms: Euclidean distance, Mahalanobis distance, and Manhattan distance.

5.2.1 The proposed method of speaker verification

Figure [5.3]shows the proposed method of speaker verification. Each conversation con-
tains the time-series utterances (words). The goal of this work is to group the utterances
based on the speaker (speaker-1 or speaker-2). To extract the speaker feature vectors,
we use the frequency fundamentals pitch and the MFCC technique. Furthermore, we
perform the same technique to the second utterance. We decide that the first speech is
spoken by speaker-1. We then measure the similarity between the first and the second
feature vectors using the feature-matching algorithms. Euclidean, Mahalanobis, and
Manhattan distance algorithm are explored and evaluated their performance in distin-
guishing the speaker. The standard deviation is used as a threshold. Specifically, if the
distance between the two feature vectors is less or equal to the standard deviation, the

second utterance is spoken by speaker-1, otherwise, it is spoken by speaker-2.

Feature Vectors

Speech Conversation Feature Matchin

e

N

Feature Extraction

Speaker1 Speaker 2

F1GURE 5.3: The method of speaker verification.

5.2.2 Experimental setup

In the preliminary experiment, the standard deviation was compute for each distance

algorithm, as follows:

e Euclidean Distance = 0.0383,
e Mahalanobis Distance = 0.0254,

e Manhattan Distance = 0.0341.
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10-feature vectors of pitch and 13-feature vectors of MFCC are used as a speaker feature

vectors.

5.2.3 Result and discussion

In the feature extraction process, each speech is extracted its pitch and MFCC features.

The feature vector sample from the feature extraction process is shown in Figure
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FIGURE 5.4: The feature vector of the utterance ”break”. Pitch feature is 10-feature
vectors and 13-feature vectors for MFCC.

After the thresholding process performed, we evaluate the effectiveness of the speaker
verification method. We compare the effectiveness based on the features extraction
technique and the distance algorithm used. The comparison performance of feature
combination and distance algorithm in the task of speaker verification is shown in Figure
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F1GURE 5.5: The comparison performance of feature combination and distance algo-
rithm in the task of speaker verification.
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5.2.4 Conclusion

The experiment involved three conversations between two speakers. The system accu-
racy rate was calculated from the number of words grouped on each speaker. We used
pitch and MFCC feature extraction techniques in representing the speaker. Three dis-
tance algorithms were explored in the task of computing the distance of two feature
vectors. The experimental result shows that Euclidean Distance is better for single

feature extracted and Mahalanobis Distance is better for multi-features.

5.3 Gender identification

Naturally, males and females have different speech characteristics caused by their phys-
iological, acoustical, and perceptual differences [I84]. Therefore, many speech-based
systems, such as speaker verification [185], speech recognition [I86], and emotion recog-
nition [I87HI90], apply a gender identification system in their pre-processing phase to
address this gender-dependency phenomenon.

Gender identification is a system that determines the sex of the speaker through speech
signals analysis. There are many feature extraction technique can be used to identify
the gender in speech. For instance, the Mel-Frequency Cepstral Coefficients (MFCC)
[T91H193] is commonly used for extracting gender-related features [194] in a particular
speech segment. By assuming that the speaker is emotionally neutral, MFCC is able to
identify gender effectively. However, it should be noted that voice characteristics may
change due to a deviation of the articulator movements caused by a stressful condition
[195]. Moreover, males and females respond to stress with different expressions [196].
Hence, stress condition is an important characteristic that should be considered in gender
identification system.

On the other hand, a robust feature extraction model (known as i-vector) has been
successfully applied to represent gender’s features [99] [I00]. I-vector is a state-of-the-art
feature extraction model in speech-based applications due to its robustness for modeling
the intra/inter-domain variabilities. By offering an effective way of representing speaker-
specific models, i-vector is also promising for recognizing the speaker’s emotional state.
By following a Linear Discriminant Analysis (LDA) as a compensation method [98], [100],
i-vector was able to discriminate the speaker’s gender with high accuracy. The use of
machine learning techniques such as Support Vector Machine (SVM) and Artificial Neu-
ral Network (ANN) to model a speaker’s gender has been explored [I91H193]. However,
since stress makes gender information distributed non-normally in a long temporal con-
text [197], these approaches become ineffective for recognizing the gender of a stressed

speaker.
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To address this, the combination between i-vector and a special type of Neural Network
architecture, known as the Long Short Term Memory (LSTM), is proposed to identify
the speaker gender. LSTM applies a loop connection to its network so that the network
able to learn gender information dependency and process entire sequences of data [198].
Thus, the gender identification system has an ability to remember information over

arbitrary time intervals to retrieve the gender information in a long temporal context.

5.3.1 Gender identification

As shown in Figure the gender identification consisted of three main parts: acous-
tic feature extraction, i-vector feature extraction, and LSTM modeling. The acoustic
features are extracted using Mel-frequency Cepstral Coefficients (MFCC) technique on
each segment. The GMM-UBM framework is applied to transform the acoustic features
into super-vector space. The joint factor analysis (JFA) decompose a super-vector into
a low-dimensional set of components. Then, all components are modeled into a single
low-rank factor by the total variability model (TVM) to obtain the i-vector feature. In
the back-end phase, the LSTM is used to dynamically model the speaker’s gender by

considering long-term context dependencies.

I-vector Feature Extraction
Acoustic Featute Ly} )\ i UBM Framework
Input speech Extraction
(MFCC) v
‘ JFA Model ‘
N2
Speaker’s Gender k| LSTM Modeling e—{ TVM ‘

FIGURE 5.6: The gender identification method
GMM-UBM: Gaussian Mixture Model-Universal Background Model

We use the MFCC technique to extract acoustic features. Then, to extract the i-vector
feature on each speech segment, the first-order derivatives of MFCC are used. The
UBM is a large GMM trained to represent the gender-independent distribution of the
features. The Maximum a Posteriori (MAP) algorithm is used to model the gender
information in super-vector space by adapting the UBM mean parameters. A super-
vector s is decomposed by JFA into four components: gender-independent, gender-
dependent, channel-dependent, and residual. TVM is used to represent four components
into a low-dimensional total variability factor w, known as the i-vector feature. The total

variability matrix 7', expressed as follows:

s=m+Tw (5.7)

where m is the gender-independent mean super-vector (from UBM).
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Furthermore, a time-series of i-vector features is used as the input of LSTM to model
the gender. We design an LSTM network that has four main parts: a sequence input

layer, an LSTM layer, a classification layer, and an output layer, as shown in Figure

B.7

Sequence Input ]
Layer > LSTM Layer | >
Fully
Connected
Layer
Classification e
Output Layer < Softmax Layer

FIGURE 5.7: The architecture of LSTM network

The last layer of the LSTM network is a softmax function that is used to compute prob-
abilities for each class. The output of the Softmax function represents the distribution
probability P(z;) of the possible output class z; j_;. 1}, where k is the number of class
(k = 2, female and male), formulated as follows:

e?i

P(z) = S (5.8)

5.3.2 Experimental setup

To evaluate the effectiveness of the proposed method, we used speech data from SUSAS.
The labeled short utterances data consist of 294 female and 306 male utterances. We
used six unlabeled conversations with three conversation types (single speaker, two
speakers of the same gender, and two speakers of different genders). Total, all conversa-
tions contained 50 female and 566 male utterances that presented time-series (sequences)
data with different durations.

The acoustic features of the time-series input are extracted using the MFCC technique.
The sequences of input feature is represented in matrices M (7, j) with i{i=12,...,12} TOWS
(one row for each feature) and J{j=1,2,..,} columns, where ¢ is number of time-steps (one
column for each time-step). The matrix elements denote the Mel variable value of the
speech for i feature in j time-step.

I-vector features were extracted from the 12-dimensional MFCC coefficients. We used
the gender-dependent UBMs that contains 512 Gaussian mixtures. To model the gender-
dependent joint factor analysis (JFA), we trained the same amount of data as for the
UBM training. 300 gender factors and 100 channel factors were used as the JFA con-
figuration. These factors were computed from the same data that was used in UBM
training. A 400-dimensional matrix T from SUSAS data was computed to obtain a vari-
ability matrix of i-vectors. Thus, a 400-dimensional i-vector was generated by adapting
the UBM with the MAP algorithm.
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A bidirectional LSTM network was used to handle a 400-dimensional input of the i-
vectors feature for modeling the speaker’s gender. The LSTM network consisted of 100
hidden units, a 2-dimensional fully connected layer, a softmax layer, and a classification
layer. For the training phase, the LSTM network’s learning rate was set to ”0.01”.
To prevent the gradient explosion problem during training, we used a gradient clipping
method by setting the gradient threshold to ”1”. Furthermore, the stochastic gradient

descent with momentum (SGDM) solver was used to optimize the network parameters.

5.3.3 Result and discussion

We visualized the gender vectors of speech samples using a Gaussian distribution model.
The vectors were generated from two-bivariate Gaussian mixture distributions that were
then modeled into a fit Gaussian mixture. The Gaussian mixture was presented in two-
components. Each component was extracted into 1000-vectors that modeled into fitted

Gaussian mixture contours, as shown in Figure
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(a) 2"¢ conversation (b) 5" conversation

FIGURE 5.8: The fitted Gaussian mixture contours. (a) and (b) denote the visualization
of sample data from 2"? and 5" conversation of SUSAS, respectively.

We evaluated the effectiveness of gender identification in identifying the speaker’s gender
in four experiments that involved six conversations. Each conversation had different
durations and different conversation types: single speaker (1%, 37, and 4**), two speakers
of the same gender (5" and 6"), and two speakers of different genders (2"¢).

Table [5.3]shows that the softmax function presented high confidence for all conversation
data, meaning that the gender identification method was able to recognize the speaker’s
gender in all conversation types (single speaker, speakers with the same gender, and
speakers with different genders).

We then evaluated the gender identification method’s in term of error rate, as shown in
Table The error rate was computed ”1” minus the dividing between the number of

correct classifications of the speaker’s genders (Spk; and Spks) and the total number of
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TABLE 5.3: The speaker’s gender decision based on softmax probability

Data  System Decision Actual Softmax

Spk1 Spko Spk1  Spks decision
probability

1 Male - Male - 0.9954

2 Male Female Male Female 0.9819

3 Male - Male - 0.9851

4 Male - Male - 0.9862

5 Male Male Male  Male 0.9934

6 Male Male Male  Male 0.9877

test data Yiest, where the number of the correct classifications is the number of utterances

where the predicted class Y,,.q and the actual class Y. were the same.

TABLE 5.4: The error rate of the gender identification method

Data Data distribution = Yjest Yjreq = Error rate
Spk‘l Spk)g Yact (%)

1 98 - 98 97 1.03

2 52 50 102 100 1.97

3 94 - 94 93 1.07

4 118 - 118 117 0.85

5 56 51 107 104 2.81

6 40 57 97 95 2.07

Overall 616 606 1.63

We also evaluated the effectiveness of the gender identification by comparing it to the
baseline methods. Table shows that the i-vector/LSTM error rate reached 1.63%,
outperforming the baseline methods. I-vector-based methods showed their robustness
in identifying the speaker’s gender by overcoming the acoustic feature-based method
deficiency. Since the inputs were sequences, the RNN and LSTM were more effective than
the LDA due to their capability to memorize the information over arbitrary time. The
LSTM capability of learning the long-term dependencies was evidenced by outperforming

the accuracy of the RNN.

5.3.4 Conclusion

We proposed a new approach to gender estimation on speech conversation using long
short-term memory (LSTM) based on MFCC and I-vector feature extraction. We evalu-
ated the proposed method using six conversations from the SUSAS database spoken by
two speakers. The experiment results showed that the proposed method had the error

rate at 1.63%.
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TABLE 5.5: The comparison performance of gender identification methods in terms of

error rate
Method Error rate (%)
MFCC/ANN 20.56
MFCC/RNN 16.83
MFCC/LSTM 14.58
i-vector/LDA 7.84
i-vector/RNN 3.05

i-vector/LSTM 1.63




Chapter 6

Stress and Emotions Speech

Clustering

As described in Chapter 3] a large and relevant dataset are required to build an SSR
system that robust in real condition. To address this issue, we use a clustering approach
to group stress speech data in a self-learning manner.

Clustering methods refer to unsupervised settings. It means that no labels are given in
the learning process, which involves inferring the patterns within datasets without ref-
erence to known outcomes or labels. By defining an effective objective in a self-learning
manner, clustering methods have been successfully used in many pattern recognition
systems, included to categorize stress speech data [35-37]. Typically, clustering meth-
ods use a distance or similarity algorithm to group the data points. The effectiveness
of distance or similarity algorithms has been studied by [36l 199-202]. However, simi-
larity algorithms generally deteriorate the performance in high-dimensional data. This
problem is known as the curse of dimensionality [203].

To this end, the deep clustering methods use DNN-based autoencoder to overcome
the curse of dimensionality problem by transforming the original features to a lower-
dimensional feature representation (embedding feature). The deep clustering algorithm
learns feature representation and clustering assignments simultaneously by supervision
of its objective loss functions [204].

In this chapter, we discuss the deep clustering of stress and emotions in two approaches:
unsupervised (Chapter and semi-supervised (Chapter .

6.1 Unsupervised stress and emotions speech clustering

Lately, a deep clustering algorithm had shown their superior performance by applying
a DNN-based autoencoder that simultaneously learning the clustering assignment [131]

deeply. The autoencoder maps the non-linear input parameters by transforming a small

55
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region of each temporal context window [205, 206] into the feature space. However,
it should be noted that stress speech information is non-linearly distributed at long
and short temporal context [207, 208]. Therefore, we propose to use another DNN
type in building the autoencoder that has the ability to learns a temporal context-
dependency, know as the time-delay neural network (TDNN). TDNN able to create
more large networks from sub-components across time steps.

The deep clustering algorithm works by optimizing their clustering objective iteratively
with a self-training target distribution [209]. To toward their objective, a deep clustering
algorithm typically applies a network loss [204] and clustering loss [210], and enhance
their performance by adding the perspective of the reconstruction loss function [204, 211].
Obviously, this strategy is strengthening the represented feature predictions by pushing
the inter-cluster compactness. However, it causes the effect of the inter-cluster similarity
ignored [212]. Thus, we propose to add a discriminative loss function to increase the
distance of inter-cluster centroid and reducing the intra-cluster variations.

We introduce an unsupervised deep clustering algorithm to categorize the stress and
emotions. We named the deep time-delay autoencoder embedded clustering (DTEC).
DTEC learn and transform the speech feature from original space to embedding space
using TDNN-based autoencoder and simultaneously optimizing the clustering objective

by jointly supervision of discriminative loss, reconstruction loss, and clustering loss.

6.1.1 Deep time-delay embedded clustering

DTEC consists of two main phases: (1) TDNN-based autoencoder and (2) clustering
objective function. TDNN-based autoencoder transforms a high-dimensional speech seg-
ment into a lower-dimensional feature in the embedding space. The clustering objective
function optimizes the joint supervision of discriminative loss, reconstruction loss, and

clustering loss. The architecture of the DTEC shows in Figure [6.1

TDNN Autoencoder ‘
x | y Reconstruction Reconstruction
> Encoder Decoder o > . -
Function Loss (Lr)
Input

i | Discriminative | Discriminative

Function " Loss (Lp)

Softmax P
Auxiliary Target [g | Clustering [ Centering
Distribution Function " Loss (Lo)

FIGURE 6.1: The architecture of the deep time-delay embedded clustering (DTEC)
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Figure [6.1] shows that the TDNN-based autoencoder reconstructs a given input z =
{zi=1..n} into its output y = {yi=1..n}. The autoencoder composes of an encoder
z = fw(x) and a decoder y = gy (z). Reconstruction loss Lr compute the difference
between the reconstructed feature y and the original input z using mean squared error
(MSE), thereby the represented features z are represented properly. To reduce the
intra-cluster distance and increase the inter-cluster distance, a discriminative loss Lp
function is performed by optimizing the distances between the represented features z
and the softmax predicted distribution p. The clustering loss L¢ is taken by minimizing
the cross-entropy loss between the softmax predicted distribution p and the auxiliary

target distribution gq.

6.1.1.1 TDNN-based autoencoder

The autoencoder composed of an encoder that adopts the sub-sampled TDNN structure
of [I73] and a decoder that constructed of the under-sampled reverse TDNN structure of
[213]. We use three hidden layers in encoder/decoder pairs which cover the total input
temporal context on [t-13,t+9] [I73], as shown in Table

TABLE 6.1: The TDNN-based autoencoder network structure

Function Hidden Layer Context
Layer-1 [-4,+4]
Encoder Layer-2 {-3,+3}
Layer-3 {-6,+2}
Feature space z  Embedding {0}
Layer-3 {-6,+2}
Decoder Layer-2 {-3,+3}
Layer-1 [-4,+4]

The rectified linear unit (ReLU) activation function is used in all encoder/decoder pairs
[I73] with a 256 batch size [214]. Each hidden layer and the embedding layer has
dimension of 4000 and 400, respectively [215]. In table|6.1| (encoder), it can be seen that
the layer-1 covers from [t-13] to [t49] with context [t-4,t+4]. Thus, there are 3 activation
units which sub-sampled [t-13,t-5], [t-6,t+2], and [t+1,t+9]. The layer-2 covers from [t-9]
to [t+5] with context [t-3,t+3] so that has 3 activation units which sub-samples [t-9,t-3],
[t-5,t+1], and [t-1,t4+5]. The layer-3 covers from [t-6] to [t+2] that has an activation
unit that sub-samples [t-6,t+2]. In table 1 (decoder), it can be seen that the decoder
structure is a mirror of the encoder. The decoder structure uses a simple reverse TDNN
architecture [213]. There is one unit in the layer3 that covers from [t-6] to [t+2] so
that 8-time steps trajectory is produced by the network. The layer2 cover from [t-9] to
[t+5] with context [t-3,t43] so that has 3 units under-sampled [t-9,t-3], [t-5,t+1], and
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[t-1,t+5]. In this layer, each unit produce 6-times trajectory. The layerl with context
[t-4,t+4] so that has 3 units under-sampled [t-13,t-5], [t-6,t+2], and [t+1,t+9] which

each unit produces 8-times trajectory.

6.1.1.2 DTEC’s objective function

DTEC optimize the clustering assignments by joint supervision of discriminative loss

Lp, reconstruction loss Lg, and clustering loss L¢, defined as:

L:LD—l—aLR—i—ﬂLC (61)

where a and [ are reconstruction and clustering weight parameters.

The discriminative loss is used to optimize the inter/intra-cluster distance [212] 216].
The two feature points should be different if they belong to different clusters and should
be similar if belong to the same cluster. Therefore, we formulate the discriminative loss
in two-margin variables: distance margin Ay and variance margin \,, that defines the

inter-cluster push-force and intra-cluster pull-force, as follows:

k
1 2
B = gy 250 da s = )44 (62)

where m € j,m # j, k is number of cluster, p; is mean of p; in cluster j {u;,5 =1, ..., k},

and £ define as,
k N;

1 1
L= > max(0, || pi — i |3 =) (6.3)
k j=1 N; i=1

where N; is number of points in cluster j, z; is a represented feature of x;. We optimize
the Ay and A, with assume that are no longer repulsed and can proceed anywhere in the
feature space.

We optimize the reconstruction loss using back-propagation through all of the net-
works. The reconstruction loss function is designed to regulate the loss features in a
low-dimensional space z to ensure that the important information of the input z is
well represented in term of the reconstruction features y. The reconstruction loss was

computed by MSE, as follows:

1 n
Lr=_ >z —gwe(z) 113 (6.4)
=1

where z; = fiw(x;), n is number of represented features, fyr and gj;, are encoder and
decoder mappings function.

We obtain the cluster prediction probability for each data point from the softmax layer.
Since the softmax loss function designed for classification problem [217], the clustering

loss is computed from minimizing the cross-entropy loss between the softmax prediction
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probability distribution p and the auxiliary target distribution ¢q. The optimization
process encourages the softmax layer output to focus on a high probability data. Thus,

we define the clustering loss as follows:

n k
LC = —% Z Zpijlog(qij) (6.5)

i=1 j=1
where p;; and g;; are the softmax prediction probability and the auxiliary target distri-
bution of z;, respectively, that belongs to cluster j{j = 1,...,k}, and ¢;; defined as:
2 .
pij/ > i Pij

LA SN S (6.6)

6.1.1.3 DTEC’s parameter optimization

We optimize Eq. to evaluate the effectiveness of DTEC’s objective function. The net-
work contains a TDNN-based autoencoder and the softmax layer on the back-end of the
encoder. The cluster assignments are represented as probabilities that were generated
by the softmax layer. The encoder transforms the speech input z; into the represented
feature z;. The decoder reconstructs the represented feature z; into the reconstructed
feature y; and the softmax produces the class prediction p; of the x;. Then, the dis-
criminative loss, reconstruction loss, and clustering loss are computed based on the class
prediction p;, the represented feature z;, and the reconstructed feature y;. The total
loss was obtained by summing the weighted loss which serves as the reference of the
parameters update. Iteratively, the parameters are updated using stochastic gradient

descent (SGD) and backpropagation until the network convergence is reached.

6.1.2 Experimental setup

In the training and testing, we use six conversation data ( conditioned) of SUSAS that
have different duration. The acoustic feature is extracted using Mel-frequency cepstral
coefficients (MFCCs) into a 13-dimensional vector with 25ms normalized frame length
for each sliding window. On each frame, we append a 200-dimensional i-vector to the
MFCC input.

The sensitiveness of the network parameters directly controls the behavior of the DTEC
algorithm and has a significant impact on model performance. In the experiments, we
set Ay = 0.1, A\, = 0.05, « = 0.97 and 8 = 0.98

6.1.3 Result and discussion

we evaluate the effectiveness of DTEC in the clustering assignment of SUSAS data
and compare it to several existing clustering methods, such as the standard k-means,

the deep embedded clustering (DEC) [210], and the improve deep embedded clustering
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(IDEC) [211]. We present the effectiveness in terms of clustering error rate (CER) [218]
and normalized mutual information (NMI) [219], as presented in Table

TABLE 6.2: The comparison of clustering performance in terms of CER and NMI

Algorithm Number of CER  NMI

cluster (%) (%)
Standard K-means 4 54.49 45.72
DEC [210] 5 32.82 65.38
IDEC [211] 5 30.45 67.32
Method-1 5 30.43 67.95
Method-2 5 28.39 70.94

Method-1 denotes the DTEC algorithm without discriminative loss Lp. Method-2 denotes the DTEC
algorithm with all losses.

Most of the algorithms are categorize into 5 clusters, except k-means is 4 clusters.
The deep clustering algorithms outperform the standard k-means with a high gap. It
proves that the feature space has great potential to represent the stress speech features.
The reconstruction loss Lgr shows their superior by reflecting the performance gaps
between DEC and IDEC. Since minimizing the KL: divergence and minimizing the cross-
entropy are equivalent [220], our method-1 performance relatively similar to IDEC. The
discriminative loss Lp shows their advantage by improving the performance of method-1
to method-2.

For further analysis, we identify the points that belong to the incorrect cluster using the
cluster identification rate, as shown in Table 3. Two clusters have a low identification
rate: clusters 2 and 4. Based on our observations, these two clusters are relatively similar

emotional characteristics. We suspect they are ”low stress” and ”soft” [221].

TABLE 6.3: The DTEC identification rate

Cluster  Error rate (%)

1 21.02
2 39.07
3 22.45
4 37.21
) 23.97

6.1.4 Conclusion

In this chapter, we have presented an unsupervised deep clustering algorithm to catego-
rize five classes of stress and emotions, named as deep time-delay embedded clustering

(DTEC). DTEC transforms the feature from original space to embedding space and
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simultaneously learns the clustering assignment. We designed the autoencoder based on
the sub-sampled a time-delay neural network (TDNN) as the encoder and the under-
sampled reverse TDNN as the decoder. An encoder/decoder pairs consisted of 3 hidden
layers that were covered the temporal input context on [t-13,t+9]. The DTEC clus-
tering objective was jointly supervised by the discriminative loss, reconstruction loss,
and clustering loss. The discriminative loss was used to optimize the distance between
the represented feature and the softmax predicted distribution. The reconstruction loss
was used to minimize the differences between the original feature and the reconstructed
feature. The clustering loss was optimized by minimizing the cross-entropy loss between
the softmax predicted distributions and auxiliary target distributions. The effectiveness
of DTEC was evaluated in clustering task of the SUSAS dataset. Based on the experi-
ment, DTEC outperformed the baseline system in terms of CER and NMI of 2.9% and
5.3%, respectively. The deep clustering algorithms, such as, DEC, IDEC , and DTEC,
categorized the stress speech data into five clusters. There were two clusters that have
a low identification rate: clusters 2 and 4. These two clusters are relatively similar

emotional characteristics. We suspect they are ”low stress” and ”soft”.

6.2 Semi-supervised stress and emotions speech clustering

As discussed in Chapter DTEC able to categorize the stress and emotions effec-
tively. Despite its effectiveness, DTEC was not able to confirm yet that the output
class corresponds to informational classes because of no measured outcome variable and
information about the relationship between the observed clusters.

In many machine learning applications, prior information (annotations) is used to im-
prove learning abilities to give a significant impact on the clustering task [222]. Some
works defined the prior information (pairwise constraints) present a relationship between
a pair of instances [223]. Typically, the pairwise constraint is divided into two types, the
must-link and cannot-link constraints [224]. Must-link constraints are used to associate
that two instances are known in the same cluster, while cannot-link constraints specify
that two instances belong to different clusters. These constraints can be leveraged as a
guide to finding the corresponding clusters [226].

Since DTEC did not use prior information yet to lead to a clustering procedure that
is able to enhance the clustering process, we propose a semi-supervised framework of
DTEC. We named it semi-supervised deep time-delay embedded clustering (SDTEC).
SDTEC improves the effectiveness of DTEC by incorporating semi-supervised informa-
tion. Specifically, the prior information of pairwise constraints is attached to SDTEC’s
learning process so that the distance of inter-clusters centroid is farther and the intra-
cluster variations are closer. Thus, the state-of-the-art DTEC clustering performance

significantly improved by using this prior information of pairwise constraints.
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6.2.1 Semi-supervised deep embedded clustering

The SDTEC consisted of the nonlinear transformation via TDNN-based autoencoder
and the stress speech recognition (SSR) model-based pairwise constraints, as shown in

Figure [6.2]
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FIGURE 6.2: The architecture of the semi-supervised deep time-delay embedded clus-
tering (SDTEC)

The TDNN-based autoencoder transforms a high-dimensional input data X into a low-
dimensional embedding space Z. On the other side, we generated a pairwise constraints
matrix from the SSR model, then incorporate it into the embedding feature Z and
directly learns the feature representation. The soft assignment (probability of assigning)

of each data point W is used to computed the clustering objective functions.

6.2.1.1 Nonlinear transformation

We use the DNN-based autoencoder structure (Chapter [6.1.1.1)) to transform the data
with a nonlinear mapping fy : X — Z, where 6 is the model parameters representation,

for representing a low-dimensional stress speech feature in embedding space.

6.2.1.2 SSR model-based pairwise constraint

The classification model able to confirm that the output class corresponds to infor-
mational classes because the measured outcome variable and information about the
relationship between variables are provided. Therefore, we explicitly take the prior
information of pairwise constraints from the SSR model .

As presented in Chapter during the training process of SSR, the softmax loss was
used to optimize the network parameters. The parameters were defined via a linear trans-
formation with weight and bias vectors that are followed by the softmax function and the

multiclass cross-entropy loss. Furthermore, after the training phase, the softmax layer
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represents the probability of a sample belongs to the class labels P(class|y1,y2,...yn)-
The whole softmax layer outputs are the distribution of possible clusters given a sample.
For initial instances, the pair of must-link and cannot-link constraints of the softmax
output distributions are defined by M = {(v;,y;): y; and y; belong to the same cluster}
and C' = {(vs,y;): yi and y; belong to the different clusters}, respectively. Each cluster
is presented by a center p;;—1 .. g where K is the number of clusters. Then, a matrix
that present the prior information of pairwise constraints (must-link M and cannot-link

() is incorporated into embedding feature Z. The pairwise constraints matrix is defined

as follows:
Y11 Y12 --- Yin
e (6.7
Ynl Yn2 --- Ynn
where y;, = 1 if y; and y; are assigned to the same cluster, y;z; = —1 if y; and yi are

assigned to the different clusters, and y;;, = 0 if other entities.

6.2.1.3 SDTEC'’s objective function

We consider incorporating the prior information of pairwise constraints in DTEC’s ob-
jective function for leading the clustering assignment and feature representation. By
providing pairwise constraints, it can specify whether a pair of data examples should be
associated in the same class (must-link constraints) or should not be associated (cannot-
link constraints). Thus, the same label points become closer and the different label

points are away from each other. We define the objective of SDTEC as follows:

L=Ly,+~L, (6.8)

where L, is unsupervised loss (Eq. and Ly is semi-supervised constraint loss. v is
the hyper parameter that is used to balance both functions. If v = 0, SDTEC would be
dropped to DTEC. L, indicates the conformity between the embedding feature {z;}1 ,

with the pairwise constraints matrix A, ,, defined as follows:

1 n n
Ls = ﬁzzym | 2 — 2z |2 (6.9)

i=1 k=1
where n is the number of data points.
6.2.2 Experimental setup

In the initial state, the pairs of data points were selected to generate A, ,. matrix based

SSR’s softmax output distribution and ground truth distribution. If selected data point
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relating to the same label with ground truth, it would obtain a must-link constraint.
Otherwise, it is a cannot-link constraint. We specify the convergence threshold is 0.1%
with 0.01 learning rate. The number of ground truth is used to set the number of clusters

K. In this experiment, we set K to 5.

6.2.3 Result and discussion

We evaluate the effectiveness of SDTEC in the clustering task of the SUSAS dataset and
compare it with several clustering methods. In this experiment, we set the SDTEC’s
hyperparameter v to 10~%, and the number of constraints npe to 1 x n. While the
hyperparameters of the unsupervised loss are set the same to DTEC (Chapter .
Each method was run independently 10 times, and the average of them is presented in
Table [6.4]

TABLE 6.4: The clustering performance comparison

Method Clustering Error Rate
(% CER)
K-means (Km) 55.79
K-means-+pairwise constraint (Km+PC) 58.95
K-means-+autoencoder (Km+AE) 36.17
K-means+autoencoder+pairwise constraint (Km+AE+PC) 34.55
Self-organizing tree algorithm (SOTA) [226] 31.28
Deep embedded clustering (DEC) [210)] 30.14
DTEC (Chapter [6.1) 29.93
SDTEC 24.22

The evaluation result shows that the embedding space is better to represent the feature
than the original space, as shown in the performance gap between Km and Km+AE.
It indicates that DNN offers a robust feature representation in favor of the clustering
assignments. The DNN-based techniques (SOTA, DEC, DTEC, and SDTEC) outper-
form the k-means and its variants because the DNN was able to represent complicated
patterns. SOTA achieves a higher error than other DNN-based techniques since all data
were forced to spread on a two-dimensional space so that some important information
are ignored. It shows that the updated feature representation based on clustering assign-
ments learning is better feature representations for clustering. As shown in Km+PC and
Km+AE+PC compared with Km and Km+AE, the clustering performance is improved
by incorporating the pairwise constraints. It indicate that the prior information is an
important factor to enhance the clustering performance. SDTEC is a state-of-the-art
deep clustering method that outperforms the baseline methods and decrease the error
rate of DTEC by 19%. Generally, prior information usage can improve significantly the

clustering performance.
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The advantage of the SDTEC is its ability to fix the points that belong to incorrect
cluster by using the prior information of pairwise constraints. However, we also needed
to identify the error rate on each cluster. Each cluster error rate identification for the
DTEC and SDTEC are reported in Table

TABLE 6.5: The SDTEC and DTEC identification error rate (%)

Cluster DTEC SDTEC

1 26.08 23.91
2 34.37 23.43
3 25.51 22.44
4 36.43 23.51
) 27.27 24.79

SDTEC demonstrated a lower error rate than DTEC in all clusters. In DTEC, there are
two clusters that have lower errors than others, while in SDTEC, each cluster indicated
has an almost similar error rate. It proves that by incorporating the prior information
of pairwise constraints, the points that are spread in the sidelines of clusters area can
be pull-forced belong to the correct cluster and the incorrect ones can be guided to find

the correct cluster.

6.2.4 Conclusion

In this paper, a new stress speech clustering method was proposed, called semi-supervised
deep time-delay embedded clustering (SDTEC). The proposed SDTEC able to improve
the effectiveness of DTEC by incorporating semi-supervised information that used to
guide the clustering procedure. SDTEC consisted of the DNN-based autoencoder and
SSR model-based pairwise constraints. The autoencoder was used to transform the data
with nonlinear mapping for representing more informative stress speech features in em-
bedding space. Then, the SSR model-based pairwise constraints matrix is incorporated
into embedding space and directly learn of feature representation. The semi-supervised
constraint loss and the unsupervised loss were used simultaneously to supervise the fea-
ture representation and the clustering assignment. The effectiveness of proposed SDTEC
was evaluated by comparing it with state-of-the-art clustering methods such as K-means
and its variants, SOTA, DEC, and DTEC in terms of clustering error rate (CER). Based
on experiment results, the proposed SDTEC gave its best performance by outperforming
all baseline methods and able to reduce the clustering error rate of DTEC by 19%. Com-
pared to DTEC, SDTEC has the ability to fix the points that belong to the incorrect
cluster by using the prior information of pairwise constraints. SDTEC demonstrated a

lower error rate than DTEC in all clusters. Different from DTEC, SDTEC presented
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almost similar error rates in all clusters. It proves that by incorporating the prior in-
formation, the floated points can be pull-forced belong to the correct cluster and the
incorrect ones can be guided to find the correct cluster.

On the other hand, some works showed that the change rate of prosodic features between
the target and the prior utterance able to deal with larger sets of contextual information.
Hence, to enhance the clustering performance, we interest to leverage the emotional

transition modeling approach as a future work.



Chapter 7

Stress and Emotions Speech

Prediction and Modeling

To recognize the stress and emotion, most of the existing methods only observe and
analyze the speech pattern from the present-time features. However, in real condition,
an emotion (especially for stress) could change suddenly because triggered by an event
during speaking. Therefore, we argue that the prior emotional state should also be
observed so that the emotion of the speaker could be recognized more accurately.
Recognizing the emotion using its state transition has been studied by [41l, 134H137] and
successfully presented a high accuracy. Markov model has been widely used in various
fields of prediction and forecasting [I3§]. It is caused Markov model offers convenience
in modeling the temporal context of time-series (continuous) data [137, 139]. Despite
its effectiveness, the Markov model susceptible miss the critical long-term effects [140]
due to there are locally dependencies and distance between consecutive hidden states.
Thus, we argue that long-term temporal dynamics should be observed more deeply.
The most popular technique today that has a supremacy ability in deeply learning a
complex pattern is a deep neural network (DNN). To process a wider temporal context,
DNN learns an affine transform for the entire temporal context since the initial layer
[173]. In contrast, a time-delay neural network (TDNN) creates more large networks to
learns the dependencies inter-contexts.

Thus, we propose to develop a system that able to predict and model the stress and
emotions by analyzing its speech features and the prior emotional state. We named this
method as the deep time-delay Markov network (DTMN). Structurally, the proposed
DTMN contains a Markov model represented by the hidden Markov model (HMM) and
a neural network denoted as the time-delay neural network (TDNN). We evaluated the
effectiveness of the proposed DTMN by comparing it with several state transition models
in the prediction task of the SUSAS dataset. By considering the prior emotional state,
the proposed DTMN able to predict the present emotional state accurately. Based on
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the prediction result, we then model the tendency of male and female emotional state

transitions using a Markov chain.

7.1 Proposed system

The DTMN structurally consists of a Markov model that is denoted by the hidden
Markov model (HMM) and a neural network that represented by the time-delay neural
network (TDNN), as shown in Figure The framework is performed in three phases:

the training phase, the prediction phase, and modeling phase.

Training Phase

Hidden Markov Model ) Time-delay Neural Network Hidden state
The embedding feature (HMM) Middeusiaie (TDNN) (Prediction)
representation of the time- : :
series observation : ) ! ,
. Estimated parameters Estimated parameters
‘ i ' ‘ i Prediction Phase
v v
i i The embedding features
Sta]tzel:upitéglilcilion HMM Model %?:gﬁ;fs TDNN Model of unlabeleldgspeech
emotion
Markov chain Stress & emotion state
transition model

FIGURE 7.1: The proposed framework of deep time-delay Markov network (DTMN).
The colored blue indicates the training phase, the color red denotes the prediction
phase, and the colored green is the modeling phase.

In the training phase, we train the HMM using the time-series observation to produces
the transition probabilities and the hidden states at each time-step. By using the hidden
state obtained from HMM and the present speech features, TDNN is trained to predict
the present hidden states. After the training phase, the estimated parameters of HMM
and TDNN are obtained.

In the prediction phase, the DTMN is used to predict the emotional state of the unlabeled
observations. we conduct an opposite procedure with the training phase. First, the
TDNN model predicts the present hidden states using the present speech features as
input. Then, the HMM model predicts the emotional state of the unlabeled observations
using the predicted hidden states.

In the modeling phase, we model the transition pattern of emotion using the Markov
chain with the emotional state prediction as input. The Markov chain models five

emotional states; high stress, low stress, neutral, soft, and angry.
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7.1.1 Deep time-delay Markov model
7.1.1.1 Hidden markov model

Hidden Markov model (HMM) is a Markov chain whose internal state cannot be observed
directly but only through some probabilistic function. In other words, the internal state
of the model alone determines the probability distribution of the observed variables. This
unobservable state is known as the hidden state. The advantage of the hidden states does
not need to emphasize about discretization and normalization issues so that we can deal
with an arbitrary observation. In addition, the random noise in the observation could be
handled by the hidden states. Therefore, the proposed DTMN uses the representation

of the hidden states for connecting between observations.

A=la;;] = P(q = ilqi—1 = j)
E =le; ;] = P(y: = ila: = J)

(7.1)

where i, j = {1...N}. Each a;; representing the probability of transition from state i to

state j and each e;; expresses the probability of y; being generated from a state j.
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FIGURE 7.2: The hidden Markov model (HMM) training phase

7.1.1.2 Time-delay neural network

We use a fixed-dimension size of convolution networks (known as the time-delay neural
network or TDNN) to predict the present hidden states. TDNN is a multilayer artificial
neural network architecture that uses modular and incremental design to create more
extensive networks from sub-components. It makes TDNN effective in learning the
temporal dynamics of the signal even for short-term feature representation [I73]. Unlike
a standard DNN, in processing a wider temporal context, the first layer of TDNN learns
the context in a narrow temporal and continues to the deeper layer. Distinctively, TDNN
receives input not only from the hidden state representation at the below layer but also
from the activation pattern of the unit output and its context.

In this paper, TDNN is used to model the relation between the hidden states and the
observations by applying the relation of the hidden state and the labels (Eq. [7.1]).
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Concretely, TDNN predicts the present hidden state ¢; by taking as input the prior
hidden states ¢;—1..n and the present features f;. The structure of TDNN is shown in
Figure and each layer function is summarized in Table

t-5
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FIGURE 7.3: The structure of the TDNN.

TABLE 7.1: The TDNN layer temporal context structure

Layer Feature context Function
Layer-1 [9t—5, G1—1] Without sub-sampled
Layer-2 {qt-3,q-1} Sub-sampled
Layer-3 {qt—1, f1} Concatenated
Layer-4 {0} Fully connected
Layer-5 {0} Softmax

As shown in Figure and Table we designed a TDNN with five layers. Layer-1
holds full temporal contexts of prior hidden state from ¢;_5 to ¢:—1 that splices together
frames [0, —2]. In the Layer-2, we apply the sub-sampling technique (locally connected)
[215] so that only two temporal contexts (¢:—3 and ¢;—1) are held. Then, we concatenate
the present speech features f; and g1 feature from the second layer in the Layer-
3. A fully connected and softmax layer are performed in the Layer-4 and Layer-5 of
TDNN, respectively. A softmax function is used to define the probability by taking a
C-dimensional vector Z (from Layer-4) as input and outputs C-dimensional vector 7
(real values between 0 and 1). The normalized exponential of the softmax function is

expressed as follows:
Ze
ZdC:1 eZa

where Z = w;, a(qi-1) + wj}, B(ft) +b. wy and wy are the coefficients to be estimated.

T=Plg=ilZ) = ford=1..C (7.2)

« and (B are the functions that is used to transform ¢;—1 and f; into feature vectors.
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We perform binary approach to a(g;—1) by assuming that the coordinate of ¢,_jmn = 1

and others are zero. The denominator Zgzl e*d is a regularizer that aims to ensure
200:1 =1

7.1.2 Training phase

In the training phase, DTMN is trained to obtain estimated parameters of HMM and
TDNN. We perform the training phase in two steps. As shown in Figure [7.2] the first
step is to estimate the hidden state ¢; based on the labels y; using the Baum-Welch
algorithm, and at the same time, the transition matrix A and emission matrix F are
estimated.

After ¢; are estimated, the second step is to estimate the parameter of TDNN. We use
the structure of the TDNN (Figure in the task of supervised prediction. TDNN
is trained to predict the hidden state ¢; on each time step. Iteratively, we estimate the
TDNN’s parameters (wq, wy, and 3) by minimizing the log-likelihood using stochastic
gradient descent (SGD).

7.1.3 Prediction phase

After the training phase, we obtain the estimated parameters of HMM (A and E) and
TDNN’s parameters (wq, wy, and ). These estimated parameters are use to built the
model of DTMN.

In the prediction phase, we perform an opposite procedure with the training phase. The
DTMN model is used to predict the label y; of the unlabeled observations using present
feature f; and prior hidden state ¢:—1. By Eq. [7.2] we use fi to predict ¢;, then ¢;
and fy are used to predict go. Next, to predict g3, we used (go, f3). This procedure
continues until Q) = {qt’(t:m,m’T)} are reached. Since each ¢ is random variable and
P(qi|f) 1-by-1 from t = 1 to t = N, the probability distribution of the labels y; that

gives the prediction for the label, as follows:
Py =ilf) =Y Py = ila = §)-P(g: = §f)
J
= eijPla = jlf)
J

7.1.4 Emotional states transition modeling phase

A study [230] defined emotions as discrete patterns of systemic activity. Emotions are
categorized clearly and consistently across multiple levels of analysis, such as subjective

experiences, physiological activity, and neural activation patterns. It supports that
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emotions are discrete systems that are organized in a distributed fashion across the
brain.
A discrete system is characterized by a set of states and transitions between the states.
To describe formally a discrete event simulation, many works use a stochastic process
algebra [231], 232]. In a discrete system, it is able to describe the passing of time and
probabilistic choice between a limited number of processes, called discrete stochastic
process. Here the universal quantifier is limited to feasible sequences of states to se-
quences that occur with positive probability. In other words, it is defined as a discrete
stochastic process with a finite number of states.
Since emotions are discrete system activity [230], we apply the finite Markov chain to
model the states transition of emotion. A finite set of states is high stress, low stress,
neutral, soft, and angry. The emotional state updates its state depending on its current
features and the prior states as input.
In this emotional states transition modeling phase, a Markov matrix is an n X n square
matrix P such that each element of P is non-negative, and each row of P sums to one.
Each row of P can be regarded as a probability mass function over n possible outcomes.
let .S be a finite set with n elements x1, ..., z,, where the set S is called the state space
and x1,...,x, are the state values. A Markov chain X; on S is a sequence of random
variables on S that have the Markov property. This means that, for any time-step ¢ and
any state y € S,

P{Xt11 = y|Xe} = P{Xep1 = y|Xp, Xy} (7.4)

In other words, knowing the current state is enough to know probabilities for future
states. In particular, the dynamics of a Markov chain are fully determined by the set of
values

P(z,y) = P{ Xy = y|X; = x} (7.5)

where (z,y) € S. By construction, P(z,y) is the probability of going from z to y in one
unit of time (one step) and P(x,.) is the conditional distribution of X;;; given X; = z,

we view P as a stochastic matrix where

Bij = P(wi, xj) (7.6)

7.2 Experimental setup

The experiments are conducted in single personal computer with specification: Intel(R)
Core (TM) i7-7700K CPU @ 4.2GHz, 16GB installed memory RAM, and 64-bit Op-
erating system, x64-based processor. For software package, we used Matlab R2017b
with several toolboxes, such as deep learning, digital signal processing (DSP) system,

econometrics, audio, and signal processing.
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We used two labeled conversations data of SUSAS dataset for estimating the two sets
of parameters (HMM and TDNN). While for evaluation, we used the six unlabeled
conversations that have various lengths of duration. We conditioned the speech input
using their activity speakers and gender Then, each speech is represented
into a low-dimensional embedding space using SDTEC algorithm [6.2]

In the HMM model, we set the number of hidden states is 80 [I40], and the matrix of
state transition and the initial state distribution are initialized randomly between 0 and
1. Gaussian distributions is used to determine the emission probabilities.

In the TDNN model, we performed the batch normalization with a 256 batch size to sta-
bilize the training procedure [I40]. The rectified linear unit (ReLU) activation function
is used on each hidden layer that has a dimension of 4000.

The effectiveness of the proposed DTMN is evaluated to predict the stress and emotions
state from the speech data of SUSAS. We then compare it with five state-of-the-art state

transition models, as follows:

KNN : run KNN with all parameter settings and architecture same with [41]

BN :  run Bayesian network with all parameter settings and architecture same
with [135]

HMM : run HMM method with the same settings and architecture in [227]

LSTM : run LSTM network with all parameter settings and architecture same with
[134]

DMNN : run DMNN with same setting and architecture in [140]

7.3 Result and discussion

We demonstrate the effectiveness of the proposed DTMN to predict the present state of
stress and emotion, then model their state transition. The proposed DTMN is assigned
to predict the state of stress and emotion from the speech data from the SUSAS dataset.
The performance of DTMN is evaluated by comparing it with the baseline systems in
terms of prediction error rate (PER). Furthermore, we model the state transition of

stress and emotions based on the speech label from the prediction result.

7.3.1 Prediction accuracy

The effectiveness of the DTMN is evaluated in predicting the emotional state of the
time-series observation. In this experiment, we set the input and the parameters of
DTMN as mentioned in Section We run each system independently 10-times, and
on average of evaluation result is summarized in Table [7.2]

Table shows that BN presents a lower error than KNN. It is caused KNN should

provide a proper scaling among variable time-steps, while BN depicts the relationships
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TABLE 7.2: The evaluation result of the DTMN and the baseline systems in predicting
the emotional state

Method Prediction error rate (% PER)
KNN [41] 48.27
BN [135] 41.63
HMM [227] 98.82
LSTM [134] 24.19
DMNN [140] 10.61
Proposed DTMN 8.55

between variables on each time-step in the manner of conditional independencies. How-
ever, on the other hand, BN cannot represent the nonlinear functions of state variables.
Hence, BN has a higher error rate than HMM. The performance gap between LSTM
and HMM shows that in-depth learning of the hidden state is more effective than statis-
tical machine learning. Although the LSTM has learned the long-term temporal context
dependencies, many emotional states are hard to determine or even unobservable. The
combination between HMM and DNN (such as DMNN and the DTMN) presents a bet-
ter ability in solving the LSTM’s limitations by demonstrating a lower error rate. By
considering the activation patterns over time, the proposed DTMN significantly out-
performs the DMNN in predicting the emotional state. The DTMN is a sophisticated
emotional state modeling by achieving the prediction error rate (PER) averagely 8.55%.

7.3.2 Emotional states transition modeling

In Section the proposed DTMN demonstrates an effective result in predicting
the stress and emotion by its state transition. It indicates that the proposed DTMN
is able to predict accurately the present state based on the prior states. In further, we
use a finite Markov chain to model the pattern of emotion transitions. Since males and
females express emotion in different ways [228], we present the state transition of males
and females in the different diagrams.

In Figure shows the emotional state transition model. Table (a) and (b) denote
the state transition probability for males and females. P;; indicates the transition
probability from state i to states j. For instance, P 5 is the state transition probability
from the state "angry” to state "soft” with the probability ”0.02” for males and ”0.26”
for females. Each Table shows that the sums of each row are one. As an example,
the first row of Table (a) represents the transition probability from the state ” Angry”
to the other states (Angry, high stress, low stress, neutral, and soft) that the sum is
one. It indicates that the transition matrix is a stochastic process, i.e Zj P(i,j) = 1.
From Table (a) and (b), it is clear that the highest probabilities of each row and column

are diagonal. It indicates that typically emotions are not change in a short time. The
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Male
Transition Present state (j)
Probability Angry High Low Neutral  Soft
(Ps,5) stress  stress
Angry 0.58 012 019  0.09 0.02
Prior High stress  0.26 0.59 0.12 0.02 0.01
state (7) Low stress  0.19 0.11 0.58 0.11 0.01
Neutral 0.04 0.03 0.11 0.78 0.03
Soft 0.16 0.03 0.02 0.32 0.46
Female
Transition Present state (j)
Probability Angry High Low Neutral  Soft
(Ps,5) stress  stress
Angry 0.53 0.04 011 0.5 0.26
Prior High stress  0.02 0.61 0.1 0.05 0.22
state (7) Low stress  0.02 0.08 0.62 0.05 0.23
Neutral 0.04 0.06 0.2 0.65 0.05
Soft 0.06 0.05 0.05 0.14 0.7
FIGURE 7.4: The state transition model of stress and emotions. Male and female
present a similar emotional states transition model. Table (a) and (b) show the tran-
sition probability from state i to state j for male and female, respectively.
current emotional state will retain if there are not any typical effective stimuli. On

the other side, the highest sum of each column is ”"neutral” for males and ”soft” for

females. It proves that females are more emotional than males. Another surprise is

females have a probability more easily to soft, while males are more easily to angry after
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stressful conditions. It indicates that gender responds to emotional stress in different
reacts, both psychologically and biologically, depending on their background experience,

behavioral, and physiological domains.

7.4 Conclusion

We proposed a new framework for predicting and modeling the stress and emotions,
named as the deep time-delay Markov network (DTMN). DTMN was able to predict
the state of stress and emotions by considering its state transition. Structurally, the
proposed DTMN consisted of a hidden Markov model (HMM) and the time-delay neural
network or TDNN. HMM was used to predict the hidden states at each time-step, while
the neural network is applied to learns in-depth the hidden representation of HMM.
TDNN predicts the present hidden state using as input the prior hidden states and the
features of the present time. We explicitly used a compact feature representation of stress
and emotion (embedding features) of SDTEC as the input of DTMN. The effectiveness
of the proposed DTMN was evaluated by comparing it with some state transition models
such as KNN, LSTM, the Bayesian network, HMM, and DMNN in the task of predicting
the emotional state from the time-series data of the SUSAS dataset.

Based on the evaluation result, the proposed DTMN outperformed the baseline state
transition systems by achieving the prediction error rate (PER) of 8.55%. In further
analysis, we conducted a comprehensive ablation experiment to investigate whether the
estimated parameters of HMM and TDNN are related to model performance. Particu-
larly, we investigated a different number of hidden states in the HMM and the various
temporal contexts in the TDNN parameters to the prediction result. The experiment
result showed the lowest error rate was achieved for the number of hidden states by 80
and the temporal context of TDNN is [t — 1, — 5]. Furthermore, we performed the
Markov chain for modeling the state transition of stress and emotions. The observation
result showed that females have a trend longer to stress and become sad after a stressful

period. While for males, they tend to be easier to change stress to angry.



Chapter 8

Final Discussion and Conclusions

Emotion plays a vital role in human life. The ability to recognize and make sense
of the emotions, known as emotional awareness, makes people care with others and
their emotional health. Emotionally healthy people still feel stress, anger, and sadness,
but they know how to manage them. Stress is a normal reaction due to changes in
environmental conditions that increase the activity of the human physiological system.
Speech is one of the physiological parameters that reflect the symptoms of stress and
emotion.

We Conducted emotional awareness into two steps. The first step is emotion recog-
nition. It means that the system is able to recognize an time-series emotion class by
its characteristics. In order to manage emotions, the second step is to model the state
transition of emotions and recognize its patterns. Thus, this thesis presented a system
that is able to recognize stress and emotions. The recognition step is consisted of three
approaches, i.e., classification, clustering, and prediction. While emotional management
step is conducted by modeling the states transition of stress and emotions. The thesis
focused on natural speech i.e., speech with naturally expressed (not acted) stress and
emotions from Speech under Stress and Actual Stress (SUSAS) database.

This thesis begins with the hypothesize that stress and emotions have a linkage caused
by stimuli from the environment. Firstly, we developed the stress and emotions speech
recognition (SSR) system that trained using labeled data. The result shows that most
misrecognition is between ”stress” and ”angry” for males, and ”stress” and ”soft” for
females. Thus, we suspected the female tended to express their stress in soft (e.g.,
sadness) while the male tended to express their stress in anger. Secondly, we developed
the stress and emotions speech clustering (SSC) system that trained using unlabeled
data. We performed in unsupervised and semi-supervised approach. The result showed
that two-cluster present a low identification rate due to both clusters has relatively
similar emotional characteristics. We suspect that they are ”low stress” and ”soft.”

Thirdly, we developed the stress and emotions speech modeling (SSM) system. We

T
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predicted the present emotional state by analyzing the speech features and the prior
emotional state. We then model emotional states transition using finite Markov chain.
The result showed that males and females generally present a similar emotional transition
representation. However, there are some fundamental differences between males and
females. Females have a tendency longer in stress than males but more easily change
for other emotions. After a stressful period, females tend to become sad, while males
are easier to grow angry.

The non-intrusive measurement method, such as speech, is not as well as the non-
invasive methods, such as EEG, in recognizing stress and emotions. However, based
on the experiment result, the proposed system presented a low error rate. In other
words, this method is quite promising to be used in real life. Therefore, in the future,
we interest to implement a smartphone application-based proposed system as an early

detection system of emotion.
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