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ABSTRACT

Numerous researchers have conducted studies on the recognition of emotion from human speech with different
study designs. Speech Emotion Recognition (SER) is a specific class of signal processing where the main goal is
to identify the emotional state of people from voice. SER processes are extensively initialized with the extraction
of acoustic features from speech signal via signal processing. Subsequent to selection of the most relevant speech
features, a model explaining the relations between the emotions and the voice is searched. Effects of acoustic
parameters, the validity of the data used, and performance of the classifiers have been the vital issues for emotion
recognition research field. In this study, a content analysis of the studies on the SER based on acoustic parameters
was performed. 81 articles (published in the indexed journals) have been assessed by the approaches used for
emotion labelling, acoustic features and classifiers and the database used. In addition to that analysis, effect of the
acoustic parameters on the status of emotion is also extracted as a summary. The main aim of this study is to:
describe the features of the databases in use and to create a brief on the efficiency of acoustic parameters and the
classifiers employed by the previous studies. Thereby, it is expected to shed light on the study design for the future
studies.

KEYWORDS: Content analysis, emotion recognition, acoustic analysis, signal processing, speech processing.

l. INTRODUCTION
The communication ability, converting the sound to the form of the speech, is the most important aspect that is
distinguishing the human from other living human beings. Speech is a complex function which occurs via audio
path processing [1]. Speech, in addition to being a communication tool, is also an indicator of a person's identity,
mental state and physical health and etc. Therefore, the automatic Speech Emotion Recognition (SER) has a huge
potential in applications of fields such as psychology, psychiatry and the affective computing technology [2].

There have been numerous studies focusing on the relation between speech and the personal aspects/emotions.
On the other hand, the studies examining the SER studies by the “approaches/classifiers”, “the emotions
included”, “acoustic features”, “data sources” has been limited. To some extent, the contextual analysis can be

very beneficial to: understand, interpret, analyze and synthesize of a research area.

For this purpose, in this content analysis, 81 papers that were published about SER between 2005 and 2015
(January) were analyzed. Publication search was performed using the search engine of Web of Science (WoS)
where indexed publications are listed. Within the scope of this research only on the journal publications were
included and conference/symposium papers were excluded. The following keywords were searched and 81 articles
were retrieved:

speech emotion recognition

vocal emotion recognition

acoustic and emotion

acoustic and emotional dysregulation
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e acoustic and emotional disorder
e acoustic and affective disorder
e acoustic and affect dysregulation
e acoustic and mood disorder

Since the process of conducting a contextual analysis can help to establish a framework within the research area
typical steps of SER analysis covering five phases was presented as a framework shown in Fig. 1. These steps
explained in Fig. 1 correspond to the subsections (presented in the parenthesis in the figure) included in this paper.
In this regard, the flowchart given in Fig.1. can also be used as a roadmap for the readers.

The data collection step contains the acquisition of data regarding to the voice records which will be used in the
study. Some researchers prefer the use the data that they collected and some others use existing databases. Various
paid and free speech/emotion databases are also available for researchers. It is also seen that the data corpuses,
used to reveal the emotional state, are also used intensively in the studies.

Data acquisition does not equally mean that the data is ready to be processed. Preprocessing step may be an
essential need to make the data ready to be further analyzed. The ones, who are collecting the data for their studies,
should convert the speech and audio recordings (that is in analog format) into numeric format for further digital
signal processing (DSP). It is also difficult to identify the outputs (corresponding emotions) in SER studies. There
are objective and subjective methods that are employed for emotion labelling. Perceptual evaluation is a subjective
evaluation method which is simply an interpretation of records by the experts. However, experts may not have the
same conclusions about the given records. There are objective evaluation methods that are used to overcome this
subjectivity problem [3]. Acoustic analysis has been a widely utilized method to objectively evaluate the speeches
which is an inexpensive method providing objective, noninvasive data in a short time. Software packages also
exist for acoustic analysis [4] to make analysis easier. In some of the studies; situations that trigger the emotions
(emotional stimulus) can be used to investigate the changes in speech.

The main hypothesis in SER analysis indicates that there is a relation between the voice and the emotions. On the
other hand, sound signal and audio path features vary by age, gender, body weight and height and the length of
the audio path. Therefore, it may be very difficult to distinguish the emotional state among other factors. In
modelling step; signal processing techniques and filtration of the speech signal are used to remove the factors that
are out of interest. In the feature extraction phase of modelling step, various acoustic parameters belonging to
speech or sound are tested to see whether they have considerable relation with the emotions or not. If the size of
the significant features (considerable acoustic parameters) is too large, the number of the features can be reduced
by using dimension reduction methods which can reduce computation time. The most favorable dimension
reduction methods can be listed as: Principal Component Analysis (PCA), Linear Discriminant Analysis (LDA)
and Sequential Forward Selection (SFS). Evaluation recognition step includes emotion recognition/classification
or the detection of relationship between emotions and acoustic parameters. With the advances in computer
architectures, complex emotion recognition algorithms have been in use [5]. In some of the studies, acoustic
features, linguistic and contextual information have been used in combination for the emotion detection [6].
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Fig.1. Flowchart of typical speech emotion recognition studies

1. RESEARCH DESIGNS OF SER STUDIES
To ensure integrity and quality of a research study, it should be designed, reviewed and undertaken. The main
considerations in a typical SER study should answer the following questions:
e What is the purpose of the study (emotion restricted/demographic restricted)?
e Which data to be used (an existing database, corpus or a new data set is required)?
o If data will be collected:
= What is the population under interest?
=  Will sampling methodologies used or whole population to be included?
= How to call the potential participants to the speech recording (which privacy issues should
be stated and guaranteed?)
= Will there be emotional stimulus (such as: text reading, film watching) or spontaneous
speech?
=  What kind of recording technologies will be used?
= How will the “record environment” be prepared? (dark room-neural room, quietness of the
room)
= How will those analog speech records be converted into numeric format?
= Where will these numeric data be stored?
= How will the speech records be matched with the emotions included? Will there be an
expert group to identify the emotion (or an automated methodology be inserted in the
analysis)
o Ifan existing database or corpus will be used:
= s that database reliable?
= How was the data obtained?
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= Isthere a requirement of data use agreement (payment)?
= Which studies used that database before? What did they do? What were the findings?
= Are the results comparable?
e How to determine and implement if there is a necessity of data elimination (biased data-wrong entry,
misdirecting speech)?
How to eliminate the effects of other factors from the data (noise; effect of age and etc.)?
Which acoustic parameters to be calculated?
Is there a magnitude incompatibility which requires data transformation/normalization?
How to combine/eliminate (feature selection/ dimension reduction) some acoustic parameters to increase
computing speed and accuracy of findings?
What models to be used to search the potential relationships?
e How to verify the model and check validity?
e How to compare results? Is there statistical test required?

These research design issues for the reviewed 81 papers will be discussed in the subsequent sections of this paper.

1. EMOTIONS USED IN THE SER LITERATURE
The people's emotional state varies depending on the current psychological condition, the environment, or the
difficulties occurred in the past. This case is naturally reflected through people’s voice, speech and facial
expression. In some of the SER studies, emotions examined in a wide category like: positive and negative [6], [7].

LR N3

In some other SER studies (Fig. 2.) “anger”, “sadness”, “happiness” and “fear” have been the emotions that are
mostly under interest.

m Anger

W Fear

u Happiness
Neutral

u Sadness

& Surprse

oy

B Disgust

Fig.2. The distribution of the emotions that is under consideration

There are also some other studies that consider some other emotions like: boredom (Albornoz et al., 2011; Milton
and Tamil Selvi, 2014, Ramakrishnan and ElI Emary, 2013; Siegert et al., 2014; Truong et al., 2012; Yang and
Lugger, 2010; Zao et al., 2014), tired [15], [16], rest [17], [18], emphatic [15], [17], [18], appreciation [19], awe
[19], calm [20], fidgetiness [16], achievement [21], gloating [19], gratitude [19], interest [22], [23], polite [24],
reproach [19], serenity [25], taunting [26] and tickling [26]. Although the researchers may recalibrate the emotion
list by adding or removing any particular emotion that they are interested in their study, the fundamental notion
remains that emotion is discrete and is able to be quantified using speech [27].

Studies Considering Emotions from Dimensional Perspective

According to the dimensional perspective of the emotions; each emotion has gradual membership to the different
dimensions such as arousal dimension, potency dimension, intensity dimension and activation dimension. Arousal
dimension indicates alertness, excitement or the engagement level of the emotion [28]. An emotion’s membership
to Valence dimension takes a value in between displeasure and pleasure. Similarly, activation dimension changes
between sleep and frenetic excitement. Potency includes cognitive assessment and particularly relates to negative
emotions. Intensity indicates the degree of importance for the behavioral and psychological respond of an emotion
[29]. Fig.3 [9], [16] demonstrates arousal and valence dimensions of the some emotions.
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Fig.3. The arousal and valence dimensions of emotions.

Laukka and Elfenbein (2012) have examined the emotions in eight different classes (novelty, urgency, goal
conduciveness, power, self-responsibility, norm compatibility, pleasantness, other responsibility) in respect of
appraisal dimensions given above, through the intensity of each emotion [25].

Emotional Stimulus and Perceptual Analysis in SER Studies

Even the data on the available databases were labelled according to the emotional states; the sound records
conducted through the corpus requires to be labelled with the emotions. In the reviewed studies; reading emotional
stories to participants or having participants listen to audio records has been used to create emotional stimulus.

Summary of the participant profiles (listeners) that were employed in perceptual analysis are presented in Table
1. It is apparent that majority of participants in those tests are the ordinary people who has no expertise on the
area. Number of participants in the tests where “ordinary people” joined is higher when compared the tests
involving expert participants. It can be concluded that experienced participants may avoid the need for
participation of higher number of participants, since the consensus can be easily reached.

Table 1. List of SER studies employing perceptual analysis

Reference Subjects Reference Subjects
[29] 30 students, 6 experts [37] 20 listeners
[30] 64 speakers [38] 3 labelers
[31] 3 labelers [39] 48 listeners
[32] 87 listeners [25] 12 judges
[33] 6 listeners [21] 20 speakers
[34] The listeners are divided into 3 [40] 6 annotators
[24] 2 speakers [41] 20 judges
[35] 4 labelers [42] 27 annotators
[15] 5 labelers [20] 14 students
[36] 3 labelers [43] Non-expert labelers

V. DATA COLLECTION METHODOLOGIES USED IN SER STUDIES
One of the major challenges on the emotion recognition studies is to obtain a data set where the performance was
tested and which contains natural emotional states. Otherwise, misleading results can be obtained. The studies
which cover the data collected by their own are as summarized in Table 2. The values in the grids of the table 2,
indicates the corresponding publications. It is understood that, most of the SER studies conducted in English and
German languages and anger, joy and fear emotions have been mostly focused emotions.
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Table 2. The distribution of the publications using their own collected data

Corresponding Papers
Primary Speech language used
Emotions °
b} =

Considered fi g é s18 |5 (2 |€|%x |35 |s = % §

e s | |3 |< = © [ o S |z 5 = S | <

Ll S O] = (@) T < [ ) 2 = L 75} o e
Love 1 2
Joy 3 4 5 5 6 7 8 9 9 9 |10 11 | 13
Surprise 7 14 15 7 16
Anger 17 18 | 5 5 6 7 8 9 9 9 |10 |12 | 11 | 19
Fear 20 121 | 22| 5 5 7 7 |23 24

L [44], 2 [45], * [26], [29], [32], [39], [41], [44], [46], [47], [48], [49], [50], * [22], [30], [32][50], ° [51], ° [32], [34], " [32],

® [22], [50], [52], ®[22], ° [53], [54], ** [55], *[37], ** [56], [8], [16], [20], [36], [57], ** [30], [32], [45], ** [32], [34],

*° [8], [36], ** [29], [32], [39], [41], [44], [46], [47], [48], [50], [58], [59], *° [22], [30], [32], [45], [50], ** [56], [8], [16], [20],
[36], [57], ° [29], [32], [39], [41], [46], [48], [49]. [58], [60]. ** [60], ** [30], [32], * [52], *[8], [20], [57]

There are also some studies introducing novel database. Narayanan and Potamianos have developed a database
named “Children’s Interactive Multimedia Project (CHIMP)” involving the interaction of the machines with the
kids in the games [61]. These include acoustic modeling for automatic speech recognition (ASR), language and
dialog modeling, and multimodal-multimedia user interface design. Acoustic modeling adaptation and vocal tract
normalization algorithms that yielded state-of-the-art ASR performance on children's speech are described [61].

Another database was introduced by [31] to collect the data indicating excessive emotional symptoms in the life-
threatening situations. With this purpose, Clavel et al. has developed SAFE corpus (situation analysis in a fictional
and emotional corpus) including fear and neutral feelings based on fiction films in 2008.

[33] created a database named “Multilingual Emotional Speech Database of North East India” (MESDNEI).
Participants were given (in five different native languages) to read short sentences covering the emotions: anger,
disgust, fear, happiness, sadness, surprise and neutral.

[62] introduced two databases: BHUDES- Beihang University Database of Emotional Speech (containing
emotions such as, happiness, anger, disgust, fear, sadness, surprise and neutral) and BHUDEP-Beihang University
Database of Emotional Points (containing emotional points in the face in 2012).

[21] have developed a corpus containing emotions such as achievement/ triumph, amusement, sensual pleasure,
and relief, obtained through two women and two men participants. List of databases available to be used in SER
studies are illustrated in Table 3.

Table 3. List of databases available to be used in SER studies

Corpus Access Language | Size Emotions
VAM!? [63] Publicand | German 1018 emotional Valence, Activation,
free utterances by 47 Dominance
speakers
HUMAINE? [64] Public and | English 25 Audio-visual Anger, Happiness, Sadness,
free recordings - 4 Speakers | relaxed
GEMEP? [65] Public and | French 10 Actors - 5 Females, | Amusement, Anxiety, Anger,
free 5 Males Despair, Fear, Interest, Joy,
Pleasure, Pride, Relief,
Sadness, Admiration,
Contempt, Disgust, Surprise,
Tenderness
http: // www.ijesrt.com © International Journal of Engineering Sciences & Research Technology
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FAU Aibo Emotion* | Public German 51 children interacting | Anger, Emphatic, Neutral,
[66] with with a Sony toy robot Positive, Rest
license fee
Berlin Emotional Publicand | German 800 Utterances — 10 Anger, Joy, Sadness, Fear,
Database(EMO-DB)® | free Actors Disgust, Boredom, Neutral
[67]
IEMOCAPS [68] Public and | English 5 Sessions -2 Actors Happiness, Anger, Sadness,
free (12 hours of data) Frustration, Neutral
SUSAS’ [69] Public English 16.000 Utterances - 32 | Four Stress Styles
with Actors(13 Females +
license fee 19 Males)
SEMAINES® [70] Public and | English 25 Recordings - 21 Anger, Disgust, Amusement,
free Participants Happiness, Sadness,
Contempt
Danish emotional Public Danish 4 Actors - 2 Words -9 | Anger, Joy, Sadness,
database® [71] with Sentences - 2 Passages | Surprise, Neutral
license fee
eNTERFACE®X [72] | Publicand | English 42 Subjects — 14 Anger, Disgust, Fear,
free Different Nationalities | Happiness, Sadness, Surprise
BHUDES! [73] Private Mandarin 7 Actors - 20 Anger, joy, sadness, disgust,
Utterances surprise

TEmotion Research Group at the Institut fiir Nachrichtentechnik of the Universitat Karlsruhe, Karlsruhe, Germany.

2Queen’s University Belfast, Belfast, Northern Ireland, United Kingdom.

3 Centre Interfacultaire en Sciences Affectives (CISA) at the University of Geneva.

4Head of the Medical Image Segmentation group at the Pattern Recognition Lab of the Friedrich-Alexander University Erlangen-Nuremberg
5 Institute for Speech and Communication, Department of Communication Science, the Technical University, Germany.

& Speech Analysis and Interpretation Laboratory at the University of Southern California.

"Linguistic Data Consortium, University of Pennsylvania, USA.

8 The SEMAINE database was collected for the SEMAINE-project by Queen's University Belfast.

® Department of Electronic Systems, Aalborg University, Denmark.

W TCTS Lab. of Faculte Polytechnique de Mons.

Fig. 4 illustrates the distribution of the databases that were employed by the SER studies (among 81 publications).
The databases that were employed by less than three studies were given under the “other” category. (In summary:
HUMAINE:2, ChIMP:1, German IVR:1, VENEC:1, SUSAS:1, Danish Em.:1, eNTERFACE:2, BHUDES:1).
Berlin Emotional Database has been the most widely used one. VAM, GEMEP and FAU Aibo Emotion databases
followed it respectively.

& VAMIS)
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Fig.4. The distribution of the databases used.

Although there are several databases that contain the emotional speech, their accuracy of emotion labelling may
be a misleading factor. Accuracy of labelling may be affected from the simulation of the emotions or the factors
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like recording environment, sound recorder, sound quality, and actors used for record may distort the labelling
performance [74].

V. ACOUSTIC PARAMETERS AND METHODS USED IN THE SER STUDIES
The most important matters for the SER studies are; the determination of the speech features that expresses
different emotions and their corresponding change with respect to emotions. Acoustic features are a set of
parameters that are widely used for emotion recognition purposes. The difficulty on the determination of acoustic
features for a certain emotion is due to: the individual variation in sound, age and gender differences [75]. The
parameters that are widely used on acoustic features are given in Table 4.

Table 4. The acoustic parameters used in the sound analysis.

Feature Description Statistics

Pitch-FO In other words, fundamental frequency (FO), reflects vibration of | Max, Mean, Min, Range,
speed of vocal fold and determines the individual's sound [75]. Median, Std.

Formant Formant is resonant on the sound path. There is an infinite Max, Mean, Min, Range,

Frequency number of formant theoretically, but in practice, only the first 3 Median, Std., Bandwidth

or 4 contain important information. Formants are defined with
formant numbers as F1, F2 and F3 [76].

Jitter It is the parameter that indicates the change between periods. It Percent, Absolute
contains the resulting involuntary irregularities.

Shimmer Periodic variation between amplitude peaks is called as Percent, Absolute
shimmer.

Intensity Indicates the energy resulted from the sound signal amplitude Max, Mean, Min, Range,
[75]. Median, Std.

Zero- Indicates the rate of change of the signal intruding wave. It is Max, Mean, Min, Range,

Crossing known as the number of audio signal transition from scratch. Median, Std.

Rate

Speech Rate | It is defined as the number of words in the minutes, and is approximately 180 for healthy
adults. Speaking rate is affected by the frequency and period of waiting [75].
Pause Length | Itis the total time of standstill that occurred during speech.

Voice It is the changes in respiratory system and the perceptual changes reflection of vocal folds, It

Quality is important to differentiate a voice from another [75]. It is measured with values of
Harmonic to Noise Ratio (HNR) and Noise to Harmonic Ratio (NHR).

MFCC Mel-frequency cepstral coefficients (MFCCs) provide better representation for the signal
comparing to frequency bands [5]. MFCC1, MFCC2, ..., MFCCI12.

TEO Under stressful conditions, speaker's muscular tension affects the air flow in the vocal system

producing sound. Therefore, non-linear speech features is important to detect the sound of
conversation [74].

The usage frequency of the acoustic parameters (employed in ten or more publications) is as given Fig.5. Twenty
seven different types of acoustic parameters were used in the reviewed studies. Twelve of them have been very
common in use as depicted in Fig.5.
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Fig.5. The frequency of the acoustic parameters used

The preprocessing is an important step to improve the performance of classification in SER studies. Noise
removal, pre-emphasis and windowing techniques have been the widely used preprocessing techniques. Noise is
defined as undesired signals that cause deterioration in the signal during communication, measurement, and signal
processing applications [77]. The rate of noise to a signal is defined as Signal to Noise Ratio (SNR). If this value
is high, it indicates that noise is low. It is remarkable to state that, noise removal methods should not result in a
change in the main structure of the signal while it is been removed. Therefore, many methods provide a noise
remove in the range of 10 to 20 dB [78].

Components of audio signals are frequency and harmonics. Since fundamental frequency is stronger than the
noise, it is not affected too much by noise. However, the harmonics having low amplitude value are affected
severely. This causes value of the SNR to decrease. To overcome this problem, SNR value is increased by
strengthening the harmonics having high frequency but low amplitude. This process is called as pre-emphasis.
Pre-emphasis is a calibrated filter that is used to synchronize the effect of speech transmission through the air
[74]. Windowing is used to reduce the effect leakage and the noise level in the speeches. The most widely used
method of windowing is Hamming.

Impact of noise removal on speech recognition has been studied via several databases (Danish Emotional Speech
Corpus -DES, Berlin Emotional Speech Database-EMO-DB, Speech Under Simulated and Actual Stress- SUSAS-
and it is concluded that: as noise level increases, accuracy of the emotion recognition decreases [79].

A white noise signal low pass filter was used to control the random change in the acoustic parameters [48].
Relative SpectrAl (RASTA) filter and cepstral mean subtraction (CMS) methods are used to eliminate the spectral
changes invisible during speech and eliminate the environmental noise [14].

Feature Extraction Tools

There are designed tools for the calculation of acoustic parameters the pre-processing phases to be executed on
the speech signals. These tools and acoustic features that can be detected by them are given in Table 5. PRAAT
has been used in the vast majority of the studies (Agrawal et al., 2010; Bénziger et al., 2014; Bejani et al., 2014;
Belyk and Brown, 2014; Busso and Narayanan, 2007; Coutinho and Dibben, 2013; Curtis and Bharucha, 2010;
Diamond et al., 2010; Goudbeek and Scherer, 2010; Hoque et al., 2006; Jia et al., 2011; Lanjewar and Chaudhari,
2013; Laukka et al., 2011, 2005; Laukka and Elfenbein, 2012; Leitman et al., 2010; Lima et al., 2013; Livingstone
et al., 2014; Lopez-Cozar et al., 2011; Origlia et al., 2014; Patel et al., 2011; Paulmann et al., 2008; Pell et al.,
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2009; Pell and Kotz, 2011; Pérez-Espinosa et al., 2012; Ramakrishnan and EI Emary, 2013; Rochman et al., 2008;
Scherer, 2013; Scherer et al., 2015; Szameitat et al., 2009; Truong et al., 2012).

Table 5. Feature extraction tools.

Tools Access Acoustic Parameters

PRAAT [85] Free MFCC, FO, F1, F2, F3, intensity, Jitter,
shimmer, HNR, NHR

CSL [86] Commercially | FO, Intensity, duration, speech rate,

Available articulation rate, MFCC

OpenEAR [87] Free FO, Intensity, MFCC, HNR, LPC, Formants,
Zero-crossing-rate

OpenSMILE [88] Free FO, Intensity, loudness, zero-crossing rate,
MFCC, lJitter, shimmer, HNR, duration

Feature Normalization and Selection Techniques

The performance of a classifier is directly affected by classifier training, the size of the data and data unit
differences to be used during the test phase. To overcome this problem feature normalization techniques are used.
Mostly z-score normalization technique is used for relevant studies. z-score technique for feature x is given in
Equation 1 [74];

€Y)
where | is the mean of the x and ¢ is the standard deviation of it.
Feature normalization techniques used in the studies are given in Table 6 [89]

Table 6. Summary of feature normalization approaches for speech emotion recognition [89].

Method Normalization Literature
z-score Global, speaker-dependent [61, [28], [80], [37], [38], [90], [52], [8], [40],
and, speaker and corpus- [79], [43], [23]
dependent normalization
Min-max Global and speaker- [31]
Min-max and z-score dependent normalization -
Zero mean - -
- - Global normalization
Exponential transformation -
Divide energy by energy -
mean
E eIZII(de energy by energy Speaker-dependent i

- normalization
Cepstral mean subtraction -

Feature warping

Whitening [91]
Divide each feature by its | Speaker and emotion- -
mean dependent normalization

Relative feature Speaker, text and emotion- [6]

dependent normalization

Feature selection techniques, are used for the purpose of determining the best classification features from the
feature set. Reducing the size of the data set with feature selection, classification performance and accuracy are
increased.
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Principal Component Analysis (PCA)

Principal component analysis (PCA) is used to find a subspace whose basis vectors correspond to the maximum-
variance directions in the original space [92]. PCA unsupervised feature reduction method has been extensively
used in the context of speech emotion recognition.

It is assumed that covariance matrix representing the relationship between the feature vectors in PCA method,
equals the multiplication of eigenvector and eigenvalues. Eigenvectors obtained by this way are considered to be
new basic components, and new data components are calculated. If PCA is used to reduce the dimension, the
dimension with the minimun deviation is removed, and if necessary, the data is converted back to its own size.

Arousal and valence ratings were not included, to ensure that any association between the resultant factors and
these dimensions was not biased [93].

PCAis the mostly used method to reduce the dimension of the acoustic features set obtained after signal
processing [6], [23], [28], [37], [56], [60], [80], [92], [94], [95].

In the result of the performance test of the feature sets and classifiers using three feature set (PCA, f10-10 best
features and f15-15 best features) and two different classifiers (LDC and k-NN), it is seen that, the lowest
classification error in men with LDC classifier has been found in PCA in the result of the experiment performed
with only acoustic feature [6]. By the comparision of results obtained both via the features obtained after feature
selection via PCA and via use of all the features, it is found that, the results with all of the features yielded better
results than the use of PCA [94]. However, this is a special case, and in many studies, an counter case is seen.

Linear Discriminant Analysis (LDA)

LDA is a method decreasing the dimension by maximizing the linear discrimination of the groups, which belong
to different groups in data. LDA is a supervised feature reduction method searching for the linear transformation
that maximizes the ratio of the determinants of the between-class covariance matrix and the within-class
covariance matrix [96].

Hoque et al. reflected the features in the low dimensional space by using PCA and Linear Discriminant Analysis
(LDA) for compact and clustered representation of the features at their study in 2006. They also determined that
using PCA and LDA together yielded better results than using seperately [7].

Sequential Forward Selection (SFS)

While SFS creates a specific set of features, it performs adding a feature to a subset of features at each step. The
selection criteria are the success rate of the classifier algorithm. Since algorithm needs a classifier algorithm at
each step and operates through all the search process, it causes to slowdown the algorithm performance. The most
important advantage of the algorithm is the success rate to achieve the solution space [97].

Sequential floating forward selection (SFFS) is an improved SFS method in the sense that at each step, previously
selected features are checked and can be discarded from the optimal group to overcome nesting effects.
Experiments show SFFS to be superior to other methods [15].

LSBOUND, MUTINF and R2W?2

Zhou and Mao proposed a new feature selection algorithm to be used in gene selection problem for DNA micro-
arrays [98]. In this algorithm, an evaluation criterion similar to the use of the filter approach is proposed. These
criteria are called as Least Squared Bound (LSBOUND). The method combines the speed advantage of filter
method with high classifier advantage of wrapper method. Criteria used are based on the idea of obtaining
LOOCYV upper bound error analytically for LS-SVM (Least Squares Support Vector Machines), and using this
value in the selection of attributes [99].
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The mutual information (MUTINF) is a widely used information theoretic measure for the stochastic dependency
of discrete random variables. In the context of a filter approach, one may employ mutual information to discard
irrelevant features in order to find a small subset of features on the basis of low values of mutual information [99].

R2W?2 is a state of the art feature selection algorithm especially designed for binary classification tasks using an
SVM classifier [100]. It can be considered as a wrapper approach and indirectly exploits the maximal margin
principle for feature selection. The idea in this approach is to find a weight vector over the features in order to
minimize the objective function of an SVM [99].

Fisher Selection
Fisher selection algorithm [101], is an statistical method used frequently to obtain the information belonging to
the individual attribute. Its measurement method uses the arithmetic average of the numerical data and standard
deviation values of each attribute for each class.

lut —

uj —uj|

FKS(x;) = )

of +oa7
In this equation, the + and — marks, refers to the different classes for a problem with different classes. It indicates
the arithmetic average of the values calculated for each attribute and class. By this method it is possible removal
of noisy data to obtain a subset of attributes with the large data sets that [102].

Clavel et al., (2008) reduced features range in two steps by the selection of optimal fourty features by using fisher
selection algorithm in their study. The first election for each feature group (prosodic, voice quality, and spectral)
was performed separately. Thus, 20% of nearly one hundred features including features from each feature class
are selected. In the last step it is applied again to the features selected by fisher selection algorithm [31].

Chen et al. (2012), performed four comparative experiments, for which two feature demotion method (Fisher and
PCA) and two classifiers (SVM and ANN) were used, and as for tested emotion recognition accuracy rates. It is
found in the experimental results that Fisher was better than PCA in reducing the size. The highest accuracy rate
in the all experiments performed, was achieved with the Fisher + SVM [92].

Fast Correlation Based Filter (FCBF)

The FCBF method is used for the dimension reduction and the construction of a lower-size feature space. This
method selects the features that are individually informative and two-by-two weakly dependent. It is noted that
the mutual information (MI) of two vectors X and Y, 1(X,Y), computes the statistical dependency of them in the
following way [53], [54]:

) o p(X =x,Y =)
IX,Y) = yzey,;p(x =xY =y)log (p(X = op(¥ = y)> ®

Where p is the probability function. Obviously, I(X,Y) is equal to 0; when X and Y are independent (p(X =X, Y =
y) = p(X =x)p(Y =y)) and is increased when their dependency increases.

In FCBF method, Y is the vector of data labels and X; is the vector of i feature value for all data.

Gharavian et al. (2011), performed nine experiments including FCBF feature selection, and selected 2, 8, 15, 21,
27, 32, 36, 42 and 47 features respectively, from a set of 52 features [53]. The best result was obtained at the
experiment with 27 features.

Gharavian et al. (2013) have carried out experiments with six and ten features from a set of 55 features with FCBF
and FCBF. Average accuracy is 79% when a set of 55 features is used. Average accuracy with 6 and 10 features
by FCBF is 79.9% and 77.9% respectively. Average accuracy with 6 and 10 features by ANOVA is 79.3% and
79.4% respectively [54].
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Wavelet Transform

Wavelet transform provides both low and high frequency components of the signal, using variable sized
windowing technique in signal processing [103]. With this method, analysis of systems with frequency
changeable by time and transient state analysis are carried out in quite sensitive way [104]. Kandali et al. (2009),
in their study, used four different methods,(WPCC2-Wavelet Packet Cepstral Coefficients computed by method
2, MFCC-Mel-Frequency Cepstral Coefficients, tftWPCC2-Teager energy operated in Transform domain WPCC2
and tftMFCC), two of which is Wavelet-based. Wavelet-based WPCC2 and tfWPCC2 methods have yielded better
results than MFCC and tfMFCC methods. TEO (Teager Energy Operator) has raised its average score for all use
cases [33].

Time-frequency parameters obtained using Wavelet transform and continuous wavelet transform are used to
ascertain the accent and the intonation of the sentence during the recognition process [105], and to provide
additional features to the general acoustic features [82], [1L06] and to create the new wavelet filter-based feature
vectors [13]. Wavelet filter-based feature vector containing twelve coefficients provides a higher classification
accuracy comparing to MFCC and TAYLOR-based features [13]. classification accuracy of Wavelet Packet
Cepstral Coefficients (WPCC) method is higher than MFCC [106].

Traditional Statistical Analysis

For the determination of the relationships between the features of the publications reviewed, participants, of whom
perceptual analysis was performed, features, traditional statistical methods of the Pearson correlation, ANOVA,
MANOVA, Kappa Statistic and Binary Logistic Regression were used.

Pearson correlation is used to measure the relationship between the two independent variables. ANOVA is used
to analyze how these independent variables interact among themselves and analyze the effects of those interactions
on the dependent variable. MANOVA is used to analyze the effects of two or more independent variables on more
than one dependent variable. Binary Logistic Regression aims to define the relationship between dependent and
independent variables with minimum variables. Kappa statistics measures the comparative compliance reliability
of two evaluators [6], [24], [31], [35], [38], [94], [107].

Through ANOVA analysis performed using features of emotion and intensity as dependent variable and emotion
and dimension as independent variables, the relationship between intensity and emotion was determined, on the
other hand, any relationship between emotion and intensity wasn’t determined for activation, valence and potency
[29]. The conducted an ANOVA with repeated measures on domain (music or speech), intensity (loud or soft),
rate (fast or slow), and pitch height (high or low) [108]. For valence, there were significant interactions between
domain and pitch height, domain and rate, and domain, intensity, pitch height, and rate [108]. For energy arousal,
there were significant interactions between domain and intensity, and domain and rate [108]. For tension arousal,
there were significant interactions between domain and intensity, and domain and rate [108]. The primary
acoustical measurements (mean pitch, intensity, duration) were entered in a series of one-way ANOVAs and
results revealed significant differences across emotional categories for mean pitch, mean intensity, and mean
duration [30]. The conducted a two-way mixed model analysis of variance (ANOVA), using order of induction
as a between subjects independent variable and type of emotion as a within subjects variable [59].

The conducted separate within-participant ANOVA to determine whether the speech samples differed according
to the intended emotion of the speaker for each acoustic parameter [47]. The differences in these measures due to
emotion were tested using individual repeated measures ANOVAs for each acoustic parameter [80]. ANOVAs
used the stimulus as the unit-of-analysis (averaging across the listeners’ mean ratings), and compared values
across the 15 emotions, with separate ANOVA models for each appraisal dimension [25]. The significant
variability on valence and arousal scales across emotion categories was confirmed by two ANOVAs [21]. An
ANOVA of the intensity levels for the different emotion alternatives shows that speakers indicated being
significantly happier and more satisfied in the positive induction condition than in the negative one [50]. The
average voice ratings used had yielded significant effects for an Emotion factor in repeated measures ANOVAs
[43]. They removed the two acoustic parameters that did not show significant effects for the Emotion factor in
repeated measures ANOVAS [43]. To reduce the number of features, a feature selection method, based on the
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ANOVA, was used [84]. This feature selection process resulted in a range of 40-60 features for each binary
classifier per cross validation fold [84].

Pearson examined the speech and facial expressions via correlation, aiming to examine articulation and emotions
based on the interaction between the face gestures and speech, and the results indicated that there is a strong
relationship between face and acoustic features [56]. In the another study, Pearson correlation method was used
to examine the relationship between twelve parameters obtained through speech samples and the parameter
consistency between each speaker and the other speakers [52].

Diamond et al., (2010) examined the utility of 2 emotion-focused interventions relational reframes and empty-
chair enactments in terms of arousing primary sadness associated with loss and longing among individuals
suffering from unresolved anger. A multivariate analysis of variance (MANOVA) with stage of the session serving
as the independent repeated measure and vocal acoustic parameters serving as dependent measures was conducted
to determine whether participants’ vocal acoustical profiles varied across baseline, relational reframe, and empty-
chair enactment [58].

Lee et al., (2011) perform feature selection on the 384 features using the standard statistics software SPSS to
obtain a reduced feature set. They used binary logistic regression in SPSS with step-wise forward selection [90].

Acoustic Cues of Emotion

Acoustic features, obtained by processing of sound which is a signal, are used for determination of emotional
state. Besides, since acoustic analysis is an objective assessment method, by which, evaluator independent results
can obtained.

Murray and Arnott (1993) have created a table that indicates the relationship between basic five emotional states
and acoustic features. The relationship between acoustic features and emotional status is given in Table 8 [109].

Table 7. The characteristic of acoustic features for five emotions

Fear Anger Sadness Happiness Disgust
Speech Rate Much Faster Slightly Faster Slightly Faster or Very Much
Slower Slower Slower
Pitch Average | Very Much Very Much Slightly Much Higher Very Much
Higher Higher Lower Lower
Pitch Range Much Wider Much Wider Slightly Much Wider Slightly Wider
Narrower
Intensity Normal Higher Lower Higher Lower
Voice Quality | Irregular Breathy Chest Resonant Breathy Blaring | Grumbled Chest
Voicing Tone Tone
Pitch Changes | Normal Abrupt On Downward Smooth Wide Downward
Stressed Inflections Upward Terminal
Syllables Inflections Inflections
Avrticulation Precise Tense Slurring Normal Normal

As seen in Table 7, the differences in the features of the audio for all of the different emotions can be observed.
Emotional state determination can be accomplished by using these differences.

Drioli etal. (2003) examined the relationship between the emotion state and acoustic parameters over 5 parameters
and six emotions. The results obtained are given in Table 8 [110].

Table 8. Acoustic features characteristics for six emotion states.

Duration (s) FO (Hz) FO range (Hz) Intensity (dB)
Anger Shorter Mid-range Narrow Highest
Disgust Longest Mid-range Narrow Mid-range
Neutral Longest Mid-range Narrow Mid-range
Joy Shorter High Wide Medium-high
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Fear Mid-range Highest Low Mid-range
Surprise Shorter High Wide Medium-high
Sadness Mid-range High Wide Mid-range

The data, given in Table 9 were obtained for six different emotion states including vowel, consonant, and vowel
combinations. By using the combination of acoustic features in the table, emotion recognition is performed.

Ververidis, and Kotropoulos (2006) by their literature view, summarized the relationship between the emotion
state and acoustic as given in Table 9 [5]

Table 9. Summary of the effects of several emotion states on selected acoustic features [5].

Pitch Intensity Timing
Mean Range | Variance | Contour | Mean | Range | Speech Transmission
Rate Duration

Anger >> > >> S>>y, > > <m, >F <
Disgust < >, <p < <<m, <r

Fear >> > yd => <
Joy > > > N > > <
Sadness < < < 7 < < >m, <p >

Explanation of symbols: >: increases, <: decreases, =: no change from neutral, 7: inclines, \: declines. Double
symbols indicate a change of increased predicted strength. The subscripts refer to gender information: M stands
for males and F stands for females.

In this section, it is indicated how acoustic features were affected by emotional state. In the result of literature
survey ,how the acoustic features such as FO, Intensity, Duration, F1, F2, F3, Jitter, shimmer, HNR, Speaking
Rate, MFCC and Zero-Crossing Rate, changes with the emotional states such as anger, fear, happiness, sadness,
neutral, surprise, joy and disgus, in terms of emotions given below. By taking into account the results given in the
publications and analysis tables, for ratings between the parameter and the emotional state, the ranges of 1-5 (1:
very low, 2: low, 3: medium, 4: high, 5: very high) were used.

In the classification performed by using wavelet transform and MFCC for feature set, using the wavelet-
based WPCC2 and tfWPCC?2 feature sets increased the success of feature set that [33]. Besides, Teager-Energy-
Operator (TEO) use, increased the average success [13], [33]. While Zero-crossing rate and MFCC parameters
improving the recognition rate of anger and happiness, reduces the rate of recognition for sadness and neutral
[13], [28]. While contextual and acoustic features are offering the best result for the detection of frustration
emotion, lexical information yielded better results than acoustic and contextual information in respect of
politeness determination [24]. Also the combination of acoustic, lexical and contextual informations have yielded
better results. Also, classification performance also varies with age and sex [24]. Especially for the detection of
politeness, higher accuracy classification was provided in the range of 10-11 years old ladies compared to the
ladies with other age rages and men [24]. Peak performance has been obtained over MFCC feature set [24]. When
the difficulty of detecting State of emotions is examined, it is found that the detection of anger and sadness
emotions is the easiest and that of fear is the most difficult [62]. In the study where ANOVA analysis of acoustic
parameters and emotional states are included, it is seen that, the increase in FO is meaningful only for joy, and
the increase in F1 is meaningful for F1, and differences for F2 is not found meaningful for F2. The changes in the
duration are meaningless [55]. The first syllable of the sentence including fear emotion is expressed in a diffrent
way comparing online learning based study performed with the emotional speech recognition [16].

Anger: In the studies performed under anger emotion state, it is found that FO is high, mean FO is very high, max
FO is very high, min FO is high, standard deviation of FO is medium, and FO range is very high [9], [21], [32],
[34], [36], [41], [45]-148], [51], [52], [55], [59], [60]; voice quality is high [11], [21], [46], [48], [60]; duration is
very low in some studies [36], [45], [48] and high in some studies [21], [47]; mean intensity and standard deviation
intensity are high [9], [21], [36], [46]-[48], [51]; pause and speaking rate are medium [32], [51]; jitter and
shimmer are high [52]; F1, standard deviation is F1, F2 and standard deviation of F2 is very high [55]. The men
speaking rate value is lower than women [9].
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Fear: In the studies performed under fear emotion state, it is found that max FO is very low, min FO is medium,
mean FO is high, standard deviation of FO is medium, FO range is medium [9], [21], [32], [41], [46], [48], [49],
[51], [52], [58]; voice quality is low [21], medium [46] and high [52]; duration parameter is low [21], [48]; mean
intensity and standard deviation intensity are high [9], [21], [46], [48], [51]; pause and speaking rate are medium
[32], [51]; jitter and shimmer parameters are low [52].

Happiness: In the studies performed under Happiness emotion state, it is found that mean FO is so high, standard
deviation of FO is high, range FO is medium, max FO is so high, min FO is high [32], [34], [36], [41], [46]-[49];
voice quality is low [46]; duration is medium [36], [47], [48]; mean intensity is high and standard deviation
intensity is medium [36], [46]-[48]; speaking rate is high [32].

Sadness: In the studies performed under Happiness emotion state, it is found that mean FO is very low and high,
max FO is high, min FO is medium, standard deviation of FO is medium, range of FO is high [9], [21], [32], [34],
[41], [45]-[48], [51], [52], [59]; voice quality is low [21], [58], high [45], [46], [52]; in some studies, duration is
high [45], [48] in some studies it is low [21], [47]; mean intensity is high, and standard deviation intensity is
medium and low [9], [21], [46]-[48], [51]; pause is high, and speaking rate is medium and low [32], [51]; jitter
and shimmer parameters are high [52].

Neutral: In the studies performed under Neutral emotion state, it is found that mean FO is very low, standard
deviation of FO is medium and low, range FO is very low [32], [49], [55]; speaking rate is high [32]; F1, standard
deviation of F1, F2 and standard deviation of F2 are medium [55].

Surprise: In the studies performed under Surprise emotion state, it is found that mean FO is so high, max FO0 is so
high, min FO is high, standard deviation of FO is high, range FO is so high [32], [34], [36]; duration and intensity
are medium [36]; speaking rate is so high [32].

Joy: In the studies performed under Joy emotion state, it is found that mean FO is high, max FO is high, standard
deviation of FO is high [9], [26], [45], [51], [52], [55]; voice quality is low and high [26], [45], [52]; duration is
medium and high [26], [45]; mean intensity is high [9], [51]; pause is medium [51]; jitter and shimmer are low
[52]; F1 high and low, standard deviation of F1 is so high, F2 is high and low, standard deviation of F2 is high
[26], [55]; speaking rate is high [9].

Disgust: In the studies performed under Joy emotion state, it is found that mean FO is very low, max FO is very
low, range FO is low, standard deviation of FO is high [9], [21], [32], [45], [46]; voice quality is medium and low
[21], [45], [46]; duration is medium [21], [45]; mean intensity and standard deviation intensity are medium and
high [21], [46]; speaking rate is low [32].

Table 10 is given to improve intelligibility of relationship between emotion status and the acoustic parameters.

Table 10. The relationship between emotional states and acoustic parameters.

Acoustic Anger | Fear | Happiness | Sadness | Neutral | Surprise | Joy | Disgust

Parameter

MFO >> > >> << > << >> > <<

sdF0 ) ) > ) <0 > > >

MxFO >> << >> > NA >> > <<

MnFO > o] > 0] NA > NA NA

RFO >> o] 0 > << >> NA <

VQ > <0O> < <> NA NA <> <0

D << > < (o] <> NA 0 0> O

Mint > > > > NA 0 > 0>

sdint > > o] <0 NA NA NA o>

P 0 0 NA > NA NA @] NA

SR o] o] > <0 > > > <

F1 >> NA NA NA 0 NA <> NA

sdF1 >> NA NA NA 0 NA >> NA
http: // www.ijesrt.com © International Journal of Engineering Sciences & Research Technology

[16]


http://www.ijesrt.com/

% THOMSON REUTERS

ISSN: 2277-9655

[Ozseven™* et al., 7(1): January, 2018] Impact Factor: 4.116
IC™ Value: 3.00 CODEN: IJESS7
F2 >> NA NA NA O NA <> NA
sdF2 >> NA NA NA O NA > NA
Jt > < NA > O NA < NA
Sh > < NA > O NA < NA

MFO: mean FO, sdFO: standard deviation FO, MxFO: max FO, MnFO: Min FO, RFO: range FO, VQ: voice quality,
D: duration, Mint: mean intensity, sdint: standard deviation intensity, P: pause, SR: speaking rate, sdF1:
standard deviation F1, sdF2: standard deviation F2, Jt: Jitter, Sh: shimmer, “<<” very low, “<” low, “O”, “>”
high, “>>” very high

When Table 10 is considered, it is apparent that the average value of “base frequency” has affect over all
emotions. Voice quality value may not be used effectively for emotion recognition because of its unpredictability.
Duration, speaking rate, jitter and shimmer parameters can be used as decisive, whereas other parameters can be
used as supportive. F1 and F2 parameters can be used for diagnosing emotion. Anger is the emotion with high
intensity and FO value. Disgust is the emotion with medium-high intensity and low mean FO value. Fear is
associated with a high level of FO and the intensity level rises. Fear is higher than disgust in terms of speaking
rate value. Joy is the emotion with high mean FO and intensity and increased speaking rate. Sadness is the emotion
with high medium intensity and mean, very low and with high FO level.

VI. THE CLASSIFICATION TECHNIQUES USED IN THE SER STUDIES
In the vast majority of studies involving emotional state emotion recognition, classification of emotional states is
realized, and the purpose of the classification is emotion recognition process. Traditional classification techniques
were implemented in almost all of the presented emotion recognition systems. Current studies focus on hybrid
classifiers and their effects on the acoustic parameters. Classification techniques used in the publications are given
in Table 11.

Table 11. Distribution of the classifiers used in the reviewed publications

Classifier References Count

Linear Discriminant Classifiers (LDC) [6] 1

k-Nearest Neighbors (k-NN) [6], [10], [24], [82], [94] 5

Decision Tree [57] 1

Bayesian Classifier [11], [22], [42], [90], [107] 5

Long Short-Term Memory (LSTM) [107], [111], [112] 3

Networks

Support Vector Machine (SVM) [8]1-[10], [15], [18], [38], [40], [62], [81], [89]-[92], 16
[99], [105], [113]

SVM-RBF [38], [42] 2

Fuzzy ARTMAP Neural Network [53] 1

(FAMNN)

Gaussian Mixture Model (GMM) [10], [12]-[24], [16], [17], [311], [33], [35], [36], [48], 16
[54], [82], [106], [113], [114]

Artificial Neural Networks (ANN) [10], [92] 2

Multi-layer Perceptron’s (MLPs) [12], [38], [84] 3

Fuzzy Logic [94] 1

Hidden Markov Model (HMM) [9], [12], [82], [90], [95], [115], [116] 7

It is seen that at Table 11 that; SVM, GMM, HMM, K-NN and Bayesian Classifier are the most common
classifiers.

The Classifiers Performance

When emotional speech recognition studies are examined, it is found that, various studies have come up using
with different classifiers, different extraction methods and their combinations. In this section, data collection
methods of most commonly used classifiers such as SVM, GMM, HMM, k-NN and Bayesian, and comparison of
their performances with data collection method used and feature extraction methods, are given in Table 12.
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Table 12. Classification performance of popular classifiers for speech emotion recognition.

Classifier Data Feature Acoustic Emotion(s) Average Classification
Collection Extraction/Selection Parameter(s) Accuracy (%)
SFS 83.4% [99]
LSBOUND FIM ES, EH, EN, | 83.7% [99]
MUTINF Y ES 82.5% [99]
R2W2 83.7% [99]
Wavelet Transform Zc, F,M ESA EH, EN, 90.9% [105]
EMO-DB
EA, EF, EH,
NA F, Ft, M EN, ES, ESr, | 90.5% [9]
EJ, ED, EB
EA, EB, EH,
NA Nf ES, EN, ED, | 86.3% [113]
EF
FAU Aibo SFFS Ili/l IJDS '?:‘IH‘ EA, EN 63.0% [15]
German IVR . . . 77.7% [38]
SVM English IVR :Stii)('”fmma“o” gamn e M, R EA 77.5% [38]
German WoZ 73.3% [38]
LFFS (Linear
Floating Forward F,I,H,M E? EH, EN, 82.8% [81]
Selection)
Binary Logistic EA, EH, EN, 0
IEMOCAP Regression 126 H M | Eg 51.0% [90]
Correlation Feature EA, EF, EH, 0
Selection 26, R3S | EN Es Esr | 20%[40]
NA M, |, Zc, F, J Eﬁ EF, EH, 56.3% [91]
BHUDES Fisher F, I, Zc, F1, EA, EF, EH, | 50.3% [62], 50.1% [92]
PCA M ES, ESr,ED | 43.2% [92]
EA, EF, EH,
DAS NA F,Ft, M EN, ES, ESr, | 78.5% [9]
EJ, ED, EB
Data EA, EH, EN, 0
Collection FFT spectral entropy - ES 77.9% [114]
WPCC2
' EA, EF, EH
MFCC, " e ear | 90.5%, 83.3%, 100.0%,
MESDNEI NA HWPCC2, Eg ES, ESr, 88.1% [33]
tfIMFCC
Data EA, EN, EP, 0
Collection NA F,1,D,M EFr 73.2% [35]
EA, EF, EN, 0
NA M, I, F ESEJED EB 63.5% [12]
EA, EB, EH,
NA Nf ES, EN, ED, | 92.5% [113]
GMM EMO-DB EF
EA, EF, EH, 0
NA F, M, W EN ES ESr 66.0% [82]
68.1% (Nf), 61.3% (M),
NA Nf, M, T EA, EF, EH, 50.4% (T) [13]
EN, ES, ED, 64.00/2 (Nf), 61.0% (M)
SUSAS NA Nf, M EB 54.3% (T) [13]
EA, EB, EH,
VAM NA Nf ES,EN, ED, | 60.2% [113]
EF
. F. 1, Zc, Sr, ],
Data _ !VIIC (Mz_iX|maI N SDMH EA, EH, EN, 68.6% [16]
Collection information coefficient) F1 F2 F3 ES
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Farsi
emotional FCBF, ANOVA Ili/ll’ F2,F3,F, EA, EH, EN 92.2%, 92.3% [54]
speech
Spanish
Emotional NA M, F EA EH,EN, 86.8% [116]
ES, ESr
Speech
IEMOCcAp | Binary Logistic o, ze Hom | EABHEN 56 200 190)
Regression ES
EA, EF, EN,
NA M, ILF ES, EJ, ED, 68.6% [12]
EB
HMM PCA M, F, H, W EA, EF, EH, 92.2% [95]
EMO-DB EN, ES, ESr
EA, EF, EH,
NA F,Ft,M EN, ES, ESr, | 84.5% [9]
EJ, ED, EB
EA, EF, EH,
NA F, M, W EN. ES. ESr 67.8% [82]
EA, EF, EH,
DAS NA F,Ft, M EN, ES, ESr, | 68.5% [9]
EJ, ED, EB
EA, EF, EH,
ChiIMP NA F,I,Zc,H,M | EN, ES, ED, 77.3% [10]
EB
EA, EH, EN, .
K-NN EMA PCA F ES 83.5% [94]
Data FS (Forward Selection) | F, I, D, F1, F2 | E+,E- 80.6% [6]
Collection
EA, EF, EH, R
EMO-DB NA F, M, W EN. ES. ESr 53.2% [82]
GEMEP NA F,D,M, I P EA, ES, EJ 57.1% [22]
EA, EH, EN, .
EMO-DB SFFS F ES. EB 73.5% [11]
Bayesian IEMOCAP Binary I__oglstlc F. 1 Zc, H M EA, EH, EN, 58.5% [90]
Regression ES
Data Correlation Feature EA, EH, EN, 0
Collection Selection FM,J,S ES 51.8% [47]

P: pauses, l:intensity, D: duration, F:FO, H:HNR, M: MFCC, J: Jitter, S: shimmer, Ft: formants, Zc: zero-crossing rate, Sr:
speaking rate, F1: first formant, F2: second formant, F3: third formant, W: wavelet, Nf: New feature set, T: TEO, EA: anger,
EH: happiness, EN: neutral, ES: sadness, EF: fear, ESr: surprise, EJ: joy, ED: disgust, EB: boredom, EP: polite, EFr:
frustrated, E+: positive, E-:negative

As it can be concluded from Table 12;
e As a result of the use of the same classifier and different methods of feature selection on the same
database, the highest success for feature extraction has been achieved with wavelet transform [99], [105].

Fundamental frequency has been used effectively in all the results.
The database used affects classification accuracy [38].
The most precise classification accuracy has been obtained with the GMM over EMO-DB [113].
Fisher feature selection method is superior than the PCA [92].
Binary Decision Tree method based on Bayesian Logistic Regression with IEMOCAP database has

provided success higher than traditional Bayesian Logistic Regression, SVM and HMM [90].

Both fear and surprise emotions decrease the K-NN accuracy rate [82].
e  When the SVM and ANN performance compared on BHUDES database, it’s seen that SVM accuracy
rate higher than ANN’s [92].

GMM classifier accuracy rate is higher than the HMM’s and SVM’s [12], [113].
SVM classifier accuracy rate is higher than HMM’s [9].
SVM-RBF classifier accuracy rate is higher than Bayesian’s [42].
When surprise emotion included, GMM performance declines and HMM provides higher accuracy rate.
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In the light of this information, GMM and SVM classifiers are used heavily in the studies. Since HMM
classifier provides higher success than GMM and SVM in terms of emotional state and emotion number, it should
be taken into consideration for classifier selection in emotional states.

VII.  CONCLUSIONS
In this study, Speech Emotion Recognition (SER) studies considering acoustic features have been analyzed via:
data acquisition methods; data preprocessing, feature extraction, classifiers, acoustic features and emotional states.
The general tendency in these studies can be summarized as bellows:

e It has been understood that, “anger”, “sadness”, “happiness” and “fear” emotions have been the most
widely included emotions in the studies. In addition to those studies on basic emotions, there are also the
studies which analyzed the emotions dimensionally in respect of their direction and violence [9], [16].

e Most of the SER studies identified (labelled) the emotions by perceptual analysis and listening tests
before the acoustic analysis.

e In some of the SER studies, existing databases were used and in some of the other studies; data was
collected through the college students, phone calls [6], spontaneous dialogue, and speech records
obtained through a scenario. In addition to those studies, there are also studies created their own
emotional database [21], [31], [33], [61], [62]. Berlin Emotional Database has been the most frequently
used database with the highest success [67].

e The most widely used acoustic parameters have been: FO, intensity, MFCC, HNR, duration, Jitter,
shimmer, F1, F2, F3, speaking rate and the zero-crossing rate.

e  The most commonly used tool of detecting acoustic parameters is PRAAT software [85].

e  The most used feature normalization methods are z-score and feature selection method is PCA. In some
studies, feature normalization and/or feature selection methods were not used. There are also studies
which use all available features and resulted with higher success rate of classification [94]. The use of
PCA and LDA together yields better results when compared to their separate use [7]. Among SFS,
LSBOUND, MUTINF and R2W?2 feature selection methods, the success of LSBOUND and R2W?2 is
more than that of SFS and LSBOUND [99]. Fisher selection method provides higher success when
compared to PCA [92].

e A part from these results obtained, wavelet transform provides greater success than that of the other
acoustic parameter and feature selection methods, and the use of TEO even more increases the success
rate [33], [106].

e When the relationship of acoustic parameters with emotion state is examined, it is found that,
fundamental frequency itself, particularly its average value is active on all the emotions. Anger emotion
is with high intensity and FO value. Disgust emotion is with low mean FO value and medium-high
intensity value. Fear emotion is associated with a high FO level and level of intensity has been increasing.
Speaking rate of fear emotion is higher than that of disgust. Joy emotion is with high mean FO and
intensity and its speaking rate has increased. Sadness emotion is with high medium intensity and very
low and high mean FO level.

e  The most common classifiers are SVM, GMM, HMM, K-NN and Bayesian classifiers. In the studies
examined, the most precise classification was obtained through Berlin Emotional Database and GMM
classifiers [113].

The fundamental problem encountered in improvement of the success rate in SER, has been about processing of
data. In this regard, researchers tend to prefer the databases available where the validity is confirmed by the
previous studies. There is certainly a challenging problem for the studies using their own data while it could be
difficult to assign the emotions to speech records by using self-expression. Therefore, it has been apparent that,
as the experience level of the participants increases, the number of the participants decreases.

It is also very interesting to state that, the emotions included by the studies may affect the performance of the
classifiers. [82] finds that if the emotion “surprise” is included in a study, performance of the GMM classifier
declines, and HMM gets higher accuracy.

For creating a future perspective; it is important to state that, most of the SER studies based on acoustic parameters
tend to use conventional classifiers. This may be a great opportunity for the researchers to direct their research
while the artificial intelligence methods have not been widely considered before. One another future research
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focus can be extended by the addition of novel feature sets by the combination of different acoustic parameters
since recent trends in research of audio emotion recognition emphasized the use of combination of different
features to achieve improvement in the recognition performance [117].
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