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Chapter 11

Analysis of Emotional Speech—A Review
P. Gangamohan, Sudarsana Reddy Kadiri and B. Yegnanarayana

Abstract Speech carries information not only about the lexical content, but also
about the age, gender, signature and emotional state of the speaker. Speech in different emotional states is accompanied by distinct changes in the production mechanism.
In this chapter, we present a review of analysis methods used for emotional speech. In
particular, we focus on the issues in data collection, feature representations and development of automatic emotion recognition systems. The significance of the excitation
source component of speech production in emotional states is examined in detail.
The derived excitation source features are shown to carry the emotion correlates.

11.1 Introduction
Humans have evolved various forms of communication like facial expressions, gestures, body postures, speech, etc. The form of communication depends on the context
of interaction, and is often accompanied by various physiological reactions such as
changes in the heart rate, skin resistance, temperature, muscle activity and blood
pressure. All forms of human communication carry information at two levels, the
message and the underlying emotional state.
Emotions are essential part of real life communication among human beings.
Various descriptions of the term emotion are studied in [21, 22, 60, 88, 92, 98, 100].
Some of the descriptions are:
(a) “Emotions are underlying states which are evolved and adaptive. Emotion
expressions are produced by the communicative value of underlying states”
[22].
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(b) “Emotions are experienced when something unexpected happens at times,” [92].
(c) “Emotions are an organism’s interface to outside world,” and carry three principle
functions, the significance and relevance of particular stimuli, preparation of
the organism’s physiology for appropriate action, and communication of the
organism’s state and intention to other organisms [98].
Many studies reported the relationship between emotions and expressive states.
Darwin [22] defined emotion as an inner state and expression as a communicative
manifestation of the underlying emotional state. Studies in the literature [15, 88,
92, 99, 119] have referred to the concept of “basic emotions”. Typically, “basic
emotions” are perceived cross-cultural, while non-basic emotions are learnt in a
culture-specific manner [15]. Although the concept of “basic emotions” has been
widely accepted, there has been considerable debate on the composition and number
of “basic emotions” [27, 115]. Typically, anger, happiness, fear, sadness and neutral
are identified as “basic emotions”.
In speech communication, humans have the natural ability to grasp the underlying
emotional state, as well as the lexical content. A fundamental research problem is,
given a speech signal, can the underlying emotional state of the speaker be identified? Normally, human beings perceive emotions of an unknown speaker through
deviations from normal state. For example, in the perception of angry speech, there
is increase in voice intensity, raise in pitch and faster speaking rate. From this, one
can infer that there is reference (neutral/normal), and deviations from the reference
are being perceived. The objective is to derive an emotion-specific feature representation, by focusing on the deviations in the components of the speech production
mechanism.
Progress in human-computer voice interaction systems is limited due to difficulty of the machine in recognizing and responding to even basic emotions.
Whereas, it happens effortlessly in human-human communication. Systems recognizing speaker’s emotions, and also responding expressively, are essential for natural
interaction. Research on emotions in speech has applications in spoken dialogue systems, automated response systems, call centers, etc.
This chapter gives a review of emotional speech analysis, along with description
of studies addressing specific research issues in emotion analysis. The organization
of the chapter is as follows. The data collection issues for emotion related studies are
discussed in Sect. 11.2. A review of studies on emotion analysis and emotion recognition is given in Sect. 11.3. Studies addressing some specific issues are presented in
Sect. 11.4. Finally, Sect. 11.5 discusses some research challenges in emotion analysis.

11.2 Data Collection of Emotional Speech
Progress in applications related to emotional speech relies heavily on the availability of suitable databases [44]. Emotion databases developed by different research
groups can be categorized into simulated, semi-natural and natural databases [26,
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73, 112, 126]. Simulated parallel emotion databases are collected from speakers
(voice-talents) by prompting them to enact emotions through specified text in a given
language. The simulated parallel emotion databases in [17, 28, 74, 113, 138] were
collected from speakers by asking them to emote the same text in different emotions.
The main disadvantage of such databases is that deliberately enacted emotions are
quite at variance from ‘spontaneous’ emotions, and also at times they are out of context [30, 126]. Semi-natural is a kind of enacted corpus, where the context is given to
the speakers. The semi-natural emotion database in German language was developed
by asking speakers to enact the scripted scenarios eliciting each emotion [13, 116].
The third kind of emotion database is a natural database, where the recordings do not
involve any prompting or eliciting of emotional responses. Sources for such natural
situations could be talk shows, interviews, panel discussions and group interactions
in TV broadcast. A brief overview of databases is given in Table 11.1.
For developing high quality expressive text-to-speech (TTS) synthesis systems, a
large natural database of each target emotion is required [103]. But it is impractical
to obtain a large natural emotion database. Emotion conversion systems are adopted
as a post-processing block for speech synthesis systems. In this, a large database
of neutral speech is used to generate speech by a TTS system, which is then fed to
an emotion conversion system [88, 103]. The output speech from these systems is
unnatural, and also has the constraint of requiring parallel speech corpus [31].
As the collection of natural databases is mostly carried out from TV talk shows,
call centers and interaction with robots, speakers involved in these cases control their
emotion/expressive states. There is a trade-off between the controllability and naturalness of the interaction [51]. There is also difficulty in identifying the emotion
or expressive state of a dialogue. Therefore, the annotation is described mostly by
three basic primitives or dimensions, namely, valence, arousal/activation and dominance/power [51, 125]. Also, there are two other cases of ambiguity in annotating.
One of them is occurrence of mixed emotions in an utterance. For example, there is
a possibility of combinations like, surprise-happy, frustration-anger and anger-sad,
occurring in the dialogue. The second reason for ambiguity is due to unsustainabililty
of emotion throughout the dialogue. In natural communication among human beings,
emotion may not be sustainable over the entire duration of the dialogue. The emotion
is expressed mostly in some segments of the dialogue, with the rest of the dialogue
being neutral. It is also difficult to define the boundaries for the occurrence of an
emotion in continuous speech [64].

11.3 Emotional Speech Analysis
Feature representation plays a key role in developing any emotion related applications. The features used in many analysis studies can be broadly categorized into
prosody, voice quality and spectral features. In this Section, the overview of these
features is given along with the literature of emotion recognition studies.
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Table 11.1 An overview of emotional speech data collection
Simulated
Semi-natural
Description

Collected from trained
speakers by asking
them to emote same
text in different
emotions

Developed by asking
speakers to enact the
scripted scenarios
eliciting each emotion

Examples

• LDC [138]
• EMO-DB [17]
• DES [28]
• IITKGP-SESC [74]
• Most commonly
used and standardized
• Comparison of
results is easy

• IEMOCAP [18]
• Belfast [116]
• NIMITEK [44]

Advantages

Disadvantages

• Number of emotions
available are large
• It tells how emotions
should be portrayed
rather than how they
are portrayed
• Context,
environment and
purpose dependent
information is absent
• Episodic in nature,
not true in real-world
situations

Preferred applications

• Emotion conversion
systems
• Expressive speech
synthesis systems

• Near to natural
database
• Even though
contextual information
is available, it is still
artificial

Natural
• Recording does not
involve any prompting
or the obvious
elicitation of
emotional responses
• Sources: TV
broadcast, call center
calls, court rooms, etc.
• VAM [51]
• Call centers [77, 87]
• AIBO [117]
• Completely natural
• Useful for real world
emotion systems
modeling

• Less number of
• Emotions are
emotions are available continuous

• If speakers are aware • All emotions are not
that they are being
available
recorded, the emotions
become
unnatural/artificial
• Contains multiple
and concurrent
emotions
• Difficult to model
• Copyright and
privacy issues arise
• Emotion recognition • Emotion recognition
systems
systems
• Dimensional
• Dimensional
emotion analysis
emotion analysis
• Categorical emotion • Categorical emotion
analysis
analysis
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Table 11.2 Summary of prosody and spectral features of emotional speech w.r.t. neutral speech
Angry
Happy
Sad
Fear
Prosody features
Average F0
F0 range
F0 contour
(shape)

Average intensity
Intensity range
Speaking rate
Spectral features
F1 mean
F1 bandwidth
F2 mean
High frequency
energy

Higher
Wider
Irregular
fluctuations

Lower
–
Downward
inflections

Much higher
Wider
Much irregular
up-down
fluctuations

Higher
Wider
Slightly faster

Higher
Wider
Descending and
ascending
patterns at
irregular intervals
Higher
Wider
Normal

Lower
Narrower
Slightly slower

Normal
Normal
Faster

Increase
–
Increase
Increase

–
Increase
–
Increase

Increase
Decrease
Decrease
Decrease

Increase
Decrease
–
Increase

11.3.1 Prosody Features
Efforts have been made to understand the contribution of speech prosody features towards production of emotion. Early studies were based on the fundamental
frequency (F0 ) of emotional speech [23, 36, 37, 40, 132, 133]. Along with F0 ,
various aspects of prosody like speaking rate, relative durations and intensity were
examined [24, 50, 87]. One of the early studies using speaking rate parameter was by
[36], where the speaking rate was described in terms of words per minute. The analysis of pauses in angry, happy, fear and sad speech was also performed in the study.
The related features of speaking rate like the average duration of voiced speech, ratio
of voiced to unvoiced speech, average duration of pauses and syllables per second,
have been used in [7, 23, 24, 50, 58, 87]. A summary of the prosody features corresponding to basic emotions is given in Table 11.2. Some of the features share similar
properties across different emotions. As observed from Table 11.2, angry and happy
utterances have similar trends in F0 and speaking rate, with respect to (w.r.t.) neutral
speech.

11.3.2 Voice Quality Features
In a broader sense, the term voice quality refers to the characteristic auditory colouring of an individual’s speech [67]. In general, speakers have their own voice quality
signature. By varying voice qualities, they convey important information like inten-
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tions, emotions and attitudes. From the perspective of Laver’s approach [75], voice
quality is expressed in terms of laryngeal and supralaryngeal settings. Laryngeal
settings are described by phonation types, pitch and loudness ranges. Supralaryngeal settings are described by longitudinal, latitudinal, tension modifications of vocal
tract, and nasalisation.
In the literature, many studies performed voice quality analysis by considering the
laryngeal activity (mainly phonations). Non modal phonations are often observed in
emotional speech. Breathiness is associated with angry and happy speech [71, 88].
Vocal fry voice is observed in sad and relaxed speech [48, 71], which may be because
of very low fundamental frequencies in these cases. Harsh voice, which corresponds
to irregularity in voicing, was observed in fear speech [71].
Studies [4, 20, 46, 47] have shown that glottal source parameters like closed
quotient (CQ), abruptness in closing and normalized amplitude quotient (NAQ) are
useful in distinguishing different phonations. Also, these glottal source parameters
are analyzed for emotional speech [1, 121, 122, 131]. These features were extracted
from the glottal waveform derived using inverse filtering (IF) technique [3, 96]. There
are several limitations in IF based approaches such as deriving the accurate transfer
function by canceling out the effect of the vocal tract system, and obtaining the closed
phase duration of the glottal cycle [38, 45]. Although these glottal source parameters
give emotion correlates, the dynamic ranges of these features are observed to be
speaker-specific [1, 48].

11.3.3 Spectral Features
The spectrum characterized by formant frequencies and their respective bandwidths
is extensively analyzed for emotional speech [13, 100, 133]. In [133], it is observed
that the vowels in angry speech are produced with wide open vocal tract, and inferred
that the first formant (F1 ) has higher mean than that of neutral speech. The predictions
of formants (F1 , F2 and F3 ), their bandwidths and high frequency energy for the
emotion classes are made in [13], which are given in Table 11.2 along with prosody
features.
It is also interesting to note that there are certain changes in the spectral component
which are associated with the glottal source excitation [54, 86, 133]. The syllables
produced with higher fundamental frequencies in angry speech tend to have weaker
F1 amplitudes [133]. More closed phase of glottis configuration results in relatively
higher amplitudes at high frequencies [86].
A fundamental characteristic of the spectrum of a speech signal is that it is soundspecific [72, 83]. The deviations in spectral features are analyzed for utterances
having the same lexical content [87, 100, 133]. Also, some studies on spectral features
[53, 78, 128] have shown that changes in the magnitude and shift of the formants in
emotional states vary across vowels.

11 Analysis of Emotional Speech—A Review

211

11.3.4 Emotions as Points in Continuous Dimensional Space
Viewing emotions as points in continuous dimensional space was first suggested in
[101]. Emotions are mainly viewed as combinations of three dimensions/primitives,
namely, valence, arousal/activion and dominance/power [101, 102, 104]. Several
studies [12, 23, 93, 105] have explored the relation of features like F0 , durations,
loudness and spectral parameters, to these dimensions. Some important findings of
these studies are that high arousal speech (like angry and happy) is associated with
increase in the average F0 , wider F0 range and decrease in spectral tilt. Low arousal
speech (like sad and disgust) is associated with decrease in the average F0 and narrow
F0 range.

11.3.5 Studies on Emotion Recognition
Feature representation is the most important step for developing an automatic emotion recognition system. The prosody-related features are statistical measures of F0
and intensity contours, and features related to speaking rate [29, 77, 80, 82, 107,
137]. The spectral features are mel frequency cepstral coefficients (MFCCs), linear prediction cepstral coefficients (LPCCs), modulation spectral features, formant
frequencies, bandwidths of formant frequencies [55, 61, 77, 107, 134]. The voice
quality features are shimmer, jitter and NAQ, which are related to the glottal excitation characteristics [32, 34, 49, 95, 97, 120, 121, 123].
Feature representation is done at different levels of speech such as frame level [56,
59, 68, 80, 81, 91], segment level [25, 61, 84, 90] and utterance level [19, 29, 55,
76, 82, 85, 97, 127, 137]. A common approach adopted for feature representation
at segment and utterance levels is by statistical analysis of frame level features and
prosody features. Some of the toolkits which are widely used for feature extraction are
PRAAT (prosody and voice quality features) [16], APARAT (voice quality features)
[2], OpenSMILE (prosody, voice quality and spectral features) [35] and OpenEAR
(prosody and spectral features) [33].
There are two major approaches used in the automatic emotion recognition task.
In the first approach, the utterances in a corpus are labeled with discrete emotion
categories such as anger, happiness, sadness and fear. Feature representations at
different levels are used for training models like (GMMs) [29, 61, 69, 81], support
vector machines (SVMs) [55, 97, 137], artificial neural networks (ANNs) [6], deep
neural networks (DNNs) [5], hidden Markov models (HMMs) [59, 80, 91]. The
second approach is a primitive-based classification, where emotions are described
by arousal, valence and dominance [32, 39, 50, 76, 82, 123], and the classification
is done using a hierarchical binary tree approach. For example, the activation states
are detected initially, and then the identification of valence states follows.
Most of the pattern recognition algorithms used for developing emotion recognition systems require large amount of labeled emotion data. Also, emotion recognition
systems that use spectral feature representations require a phonetically/phonemically
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balanced database. In [32, 82], it is reported that prosody features can effectively
discriminate activation states, but there is difficulty in discriminating valence states.
There are a few emotion recognition systems developed using linguistic features
[14, 25, 29, 68, 77, 94, 97, 106, 108–111, 118]. Typically there are two approaches,
one is a language modeling approach [25, 29, 68, 77, 94] and the other is a bagof-words approach [14, 97, 106, 108, 111, 118]. In language modeling approach,
utterances are transcribed manually, then language models are developed for each
emotion. In the testing phase, the decision of emotion is given by the likelihood
scores of each model for the test utterance. The bag-of-words approach was primarily
developed for document retrieval tasks [63, 106]. In this approach each word in the
vocabulary adds a dimension to the linguistic vector. The linguistic vector which gives
the word term frequency within the utterance is used for classification of emotions.
The limitations of these approaches are that the data required for each emotion
should be large, and also these methods are based on ASR framework with its own
limitations.

11.3.6 Limitations of the Studies
The prosody and voice quality features are mostly speaker-specific, and the spectral
features are mostly sound-specific. In order to use these features for developing emotion recognition systems, a phonetically/phonemically balanced database covering
several speakers might be required.
It is also observed that there are many interrelations among the type of database
used, features, approaches and evaluation procedures. Some of the emotion recognition studies with various features, databases, pattern recognition algorithms and
recognition accuracies are given in Table 11.3.
The following are some important observations from Table 11.3.
• The performance in terms of accuracy of emotion recognition systems built and
tested using simulated parallel corpus [50, 61, 82, 120, 137] is high when compared to systems built and tested with semi-natural or natural databases [11, 32,
62, 76, 97]. As per spectral analysis of emotions [78, 87, 100, 128], for speech
segments of the same lexical content, there exist deviations in the formant frequencies, bandwidths and spectral tilt, in somewhat emotion-specific way. These
spectral deviations might help in discriminating emotions in the case of simulated
parallel corpus.
• There are a few emotion recognition studies focused on cross-corpora and crosslingual aspects [34, 62, 113, 120]. There are two ways of cross-corpora evaluations, a system developed using a database and tested with other database, or
a mixture of cross-corpora used for both training and testing systems [113, 114,
120]. The reported recognition results are low in these cases.
• In several studies [6, 50, 61, 62, 69, 80, 82, 127], it is reported that there is
confusion between anger and happiness emotions. The anger versus happiness
confusion is also observed in the case of temporal modeling of intonation variations
using HMMs [80].

Features

Spectral and prosody

Spectral and prosody

Spectral, prosody and
voice quality

Prosody and voice
quality

Spectral and prosody

Spectral, prosody and
voice quality

Spectral, prosody and
lexical

Spectral, prosody and
voice quality

References

Jeon et al. [61]

Yeh and Chi [137]

Sun and Moore II [120]

Lugger and Yang [82]

Grimm et al. [50]

Espinosa et al. [32]

Rozgic et al. [97]

Lee et al. [76]

Table 11.3 Review of some emotion recognition studies

AIBO (natural), 5 emotions (anger,
emphatic, positive, neutral and others)

USC-IEMOCAP (semi-natural), 4 emotions
(anger, happiness, sadness and neutral)

VAM (natural), 3 categories (arousal,
valence and dominance)

EMA (simulated parallel), 4 emotions
(anger, happiness, sadness and neutral)

EMO-DB (simulated parallel), 7 emotions

EPST, EMA and EMO-DB (all are
simulated parallel), 4 emotions (anger,
happiness, sadness and neutral)

EMO-DB (simulated parallel), 7 emotions
(anger, happiness, fear, disgust, boredom,
sadness and neutral)

EMO-DB (simulated parallel), 4 emotions
(anger, happiness, sadness and neutral)

Database and no. of emotions

Bayesian logic
regression

SVM

SVM

kNN(k-nearest
neighbors)

GMM

SVM

SVM

GMM

Pattern recognition
algorithms

49 %

69 %

68 %

(continued)

83 % and more anger versus
happiness confusion

66 % and more anger versus
happiness confusion

Training and testing with same
database, EPST—64 %,
EMA—80 % and
EMO-DB—83 %. Accuracy <
50 % for cross-corpora

83 % and confusion matrix not
reported

85 % and more anger versus
happiness confusion

Accuracy and remarks
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Features

Prosody and voice
quality (emotion
selective)

Spectral and prosody

Modulation spectral

Spectral and prosody

Spectral, prosody and
voice quality

References

Atassi and Esposito [10]

Ververidis and Kotropoulos
[127]

Wu et al. [134]

Lin et al. [80]

Atassi et al. [11]

Table 11.3 (continued)

COST 2102 Italian (natural) database, 6
emotions (anger, fear, happiness, irony,
sadness and surprise)

MHMC (semi-natural)

VAM (natural), 3 categories (arousal,
valence and dominance). EMO-DB
(simulated parallel) 7 emotions

DES (simulated parallel), 5 emotions (anger,
surprise, sadness, happiness and neutral)

EMO-DB (simulated parallel) 6 emotions
(anger, happiness, fear, disgust, boredom
and sadness)

Database and no. of emotions

ANNs

HMM

SVM

GMM

GMM

Pattern recognition
algorithms

60.7 %

79 % and more anger versus
happiness confusion

VAM—67 %, EMO-DB—85 %

More anger versus happiness
confusion

80 % and more anger versus
happiness confusion

Accuracy and remarks
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• There are a few studies on emotion recognition which addressed speaker dependent
and speaker independent criteria [50, 70, 82, 85]. In these studies, the recognition
accuracies of speaker independent systems are reported to be low when compared to the accuracies of speaker dependent systems. This may be because of the
speaker-specific variations in the voice quality and prosodic features.

11.4 Studies on Some Specific Research Issues
The following are the specific research issues addressed in some recent studies
• Analysis-by-synthesis to explore relative contribution of different components of
emotional speech: These experiments are performed using a flexible analysissynthesis tool (FAST) [41]. This tool is used to modify the components of speech
of the source utterance to that of the target, and vice-versa. These analysis-bysynthesis experiments are discussed in Sect. 11.4.1.
• Identification of emotion-specific regions of speech: Speaker-specific neutral versus non neutral regions are detected from speech signals using neural networks
[65], and the studies are described in Sect. 11.4.2.
• Significance of excitation source features in emotional speech: The excitation
source features extracted around the glottal closure instants (GCIs) are analyzed
[42]. These studies are described in Sect. 11.4.3. A speaker-specific emotion recognition system developed based on these features [66] is described in Sect. 11.4.4.
• Anger and happiness discrimination: Emotion recognition studies indicate that
there exists confusion among higher activation states like anger and happiness.
Features related to the excitation source of speech are examined for discriminating
anger and happiness emotions [43], and the studies are described in Sect. 11.4.5.
• Discrimination between high arousal and falsetto voices: Speakers tend to increase
pitch when they raise their voice intensity in natural communication. Speakers can
also shift to a falsetto register, where the pitch can be deliberately increased without
raising the voice intensity. The excitation source related features are analyzed for
these two cases in Sect. 11.4.6.

11.4.1 Analysis-by-Synthesis to Explore Relative
Contribution of Different Components of Emotional
Speech
The objective of this study is to determine the components of speech that contribute
to the perception of emotion. A controlled set of experiments are conducted to modify the speech signal of the same sentence in neutral and emotional states. This is
accomplished by using a flexible analysis-synthesis tool (FAST) described in [41].
Analysis of the relative contribution of F0 and the amplitude of the speech signal is
given in [79]. Similarly, experiments investigating the role of F0 contour and duration
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parameter are described in [129]. A time-domain pitch synchronous overlap and
add (PSOLA) algorithm is used for modification of these components. The general
observation is that the modification of parameters individually in neutral speech does
not give the perception of emotion.
In addition to the prosody-related components, components highlighting the characteristics of the excitation source and the vocal tract system are also considered in
this section. The following five components of speech are used: Vocal tract shape,
excitation source, excitation energy, F0 contour and relative durations. The time varying vocal tract information is represented by linear prediction coefficients (LPCs) for
each frame of 20 ms with a frame shift of 10 ms. The excitation source information
is represented by the linear prediction (LP) residual signal within each glottal cycle.
The glottal cycle relates to a signal between two adjacent epochs (or GCIs). These
epochs are extracted using the zero frequency filtering (ZFF) method [89]. In the
zero frequency filtered signal, the negative to positive zero crossings corresponds
to the GCIs. The F0 contour is obtained from the intervals between epochs. The
energy of the LP residual within each glottal cycle gives the excitation energy. The
set of experiments (denoted as E1 to E31 in Table 11.4) are performed to modify the
components of the source utterance to that of the target utterance.
The IIT-KGP SESC database in Telugu language [74] is used in this study. From
this database, utterances of 5 emotions (neutral, anger, happiness, sadness and fear)
of the same sentence of two speakers are considered. Two sets of studies are made:
Set-1 consists of modification of neutral to emotion, and set-2 consists of modification of emotion to neutral. The modified speech is subjected for evaluation. The
subjective evaluation is carried out by 10 (student) listeners from the Speech and
Vision Laboratory at IIIT Hyderabad. Each subject was asked to give a similarity
score ranging from 1 to 5 for a pair of utterances. The score 5 indicates that the
utterances have high similarity. The score 1 indicates that both the utterances are
very much different. The original target utterance and synthesized speech of each
emotion category are used for determining the similarity.
The experiments with average similarity scores greater than 3.0 for different emotion categories in both the sets are given in Table 11.4. It is interesting to note that
the entries are almost same in both the sets, indicating that the parameters for modifying neutral to emotion and vice-versa gives similar perception of target utterance.
It is interesting to note that modification of any one component is not adequate for
creating or suppressing the characteristics of any emotion category. Experiments
which include modification of F0 , duration and LPCs components seem to be having
high scores in the case of anger category. Angry speech is produced under extreme
displeasure and frustration, it exhibits very high and wider F0 when compared to
other emotions [88]. Also, it is observed that there is wide opening of vocal tract
during speech in anger state [133]. Therefore, combination of these parameters might
give a better perception of anger. For the perception of sadness, happiness and fear
emotions, several combination of the components are possible.

11 Analysis of Emotional Speech—A Review

217

Table 11.4 The analysis-by-synthesis experiments with average similarity scores greater than 3.0
for two sets
Exp. Components for modification
Set-1 (neutral to
Set-2 (emotion to neutral)
emotion)
E1
E2
E3
E4
E5
E6
E7
E8
E9
E10
E11
E12
E13
E14
E15
E16

F0
Duration (dur)
LPCs
Excitation (exc) energy
Excitation (exc) source
F0 and dur
F0 and LPCs
F0 and exc energy
F0 and exc source
Dur and LPCs
Dur and exc energy
Dur and exc source
LPCs and exc energy
LPCs and exc source
Exc energy and exc source
F0 , dur and LPCs

E17
E18
E19
E20
E21
E22
E23
E24
E25
E26

F0 , dur and exc energy
F0 , dur and exc source
F0 , exc energy and LPCs
F0 , exc source and LPCs
F0 , exc energy and exc source
Dur, exc energy and LPCs
Dur, exc source and LPCs
Dur, exc energy and exc source
Exc energy, exc source and LPCs
F0 , dur, exc energy and exc source

E27

F0 , dur, exc energy and LPCs

E28

F0 , dur, exc source and LPCs

E29

F0 , exc energy, exc source and
LPCs
Dur, exc energy, exc source and
LPCs –
F0 , Dur, exc energy, exc source
and LPCs

E30
E31

–
–
–
–
–
AN(3.2)
HA(3.1)
–
SA(3.1)
–
–
–
–
–
–
AN(3.7), HA(3.7),
SA(3.1), FE(3.7)
FE(3.6)
SA(3.0), FE(3.5)
HA(3.9)
HA(3.0), SA(3.7)
–
–
–
–
AN(3.9), HA(3.4),
SA(3.4), FE(3.7)
AN(4.3), HA(3.8),
SA(3.4), FE(3.9)
AN(4.1), HA(3.3),
SA(3.6), FE(3.7)
SA(3.7)

–
–
–
–
–
–
HA(3.1)
–
–
–
–
–
–
–
AN(3.5), HA(3.2), SA(3.1),
FE(3.6)
FE(3.2)
SA(3.1)
SA(3.6)
SA(3.0)
–
–
–
–
AN(3.9), HA(3.5), SA(3.4),
FE(3.6)
AN(4.0), HA(3.6), SA(3.5),
FE(3.5)
AN(3.7), HA(3.5), SA(3.7),
FE(3.6)
HA(3.3), SA(3.8)

–
AN(4.4), HA(4.5),
SA(4.3), FE(4.2)

(AN—anger, HA—happiness, SA—sadness, and FE—fear)

AN(4.4), HA(4.1), SA(4.3),
FE(4.5)
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Table 11.5 Neutral versus
non neutral discrimination for
EMO-DB and IIIT-H Telugu
emotion databases [65]

P. Gangamohan et al.
EMO-DB
database (%)
Excitation source 91.03
Vocal tract system 83.25

IIIT-H Telugu
database (%)
94.01
88.23

11.4.2 Identification of Emotion-Specific Regions
of Speech—Neutral Versus Non Neutral Speech
In this section, the issue of (speaker-specific) neutral versus non neutral speech detection is discussed using models of neutral speech as reference. Autoassociative neural
network (AANN) models are developed for capturing the excitation source and the
vocal tract system components separately. For this purpose, LP residual and LPCs
are used as approximations of the excitation source and vocal tract system components, respectively. A 10th order LP analysis with a frame length of approximately
twice the instantaneous pitch period of the speech signal is chosen. For extracting the
excitation source information, a 4 ms segment of the LP residual around each GCI is
chosen. The vocal tract system characteristics are represented by the 15 dimensional
weighted LPCC vector derived from the LPCs.
The network structure 33L 80N xN 80N 33L is chosen for developing the model
for the excitation source component of the neutral speech. Here L refers to linear
units, N refers to nonlinear (tanh()) output function of units, and x refers to the
number of units in the compression layer. The structure 15L 40N xN 40N 15L is used
for developing the model for the vocal tract system component of neutral speech.
For both the AANN models, a universal background model (UBM) is developed
using 15 s of neutral speech from each speaker. Speaker-specific AANN models for
neutral speech are developed by training over the UBM using approximately 20 s
of neutral speech data from a speaker. In the testing phase, the emotional speech
utterance is presented to the neutral speech AANN models, and the mean squared
error between the output and input is normalized with the magnitude of the input.
Since the AANN models are developed using neutral speech, it is expected that
the error should provide discrimination between neutral and emotional speech. It is
observed that, error values are high when the test utterance is not neutral, and low
when the test utterance is neutral. Using a threshold on the averaged normalized error
value, the emotion regions can be detected.
The results of neutral versus non neutral detection using the ANN models for
EMO-DB (in German language) and IIIT-H Telugu emotion database [42] are shown
in the Table 11.5. From the Table 11.5, it appears that the excitation source information provides better discrimination of neutral versus non neutral states than the
vocal tract system information. It is observed that the proposed excitation source
and vocal tract system AANN models provide an improvement of approximately 10
and 3 %, respectively, over the recently proposed method [8, 9] (accuracy is 80.4 %)
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for EMO-DB. It is also observed that the high arousal emotion states (like anger
and happiness) are more discriminative compared to the low arousal emotion states
(sadness and boredom). This is in conformity with the studies reported in [61, 76,
114]. It is to be noted that emotion information may not be uniformly distributed
across all frames in time. It is also necessary to explore methods to combine the
evidence from the excitation source and from the vocal tract system characteristics.

11.4.3 Significance of Excitation Source Features
in Emotional Speech
This study demonstrates the significance of the excitation source features. The excitation features are extracted around the epoch locations. The following four features
considered for this study: Instantaneous F0 , strength of excitation (SoE), energy of
excitation (EoE) and loudness parameter (η). The instantaneous F0 and SoE features
are extracted using the ZFF method [89]. The slope of the zero frequency filtered signal at each epoch location is called SoE. The SoE parameter is related to the strength
of the impulse-like excitation at the epoch [136]. The EoE feature is computed using
the energy of the samples of the Hilbert envelope (HE) of the LP residual over 2
ms around each epoch. The loudness measure η gives the abruptness of the glottal
closure [52]. The η feature is given by the ratio of the standard deviation and mean
of the samples of the HE of the LP residual over 2 ms around each epoch location.
The deviations of the excitation source features of an emotional speech w.r.t.
neutral speech are analyzed in the following six 2-dimensional (2-D) feature spaces:
F0 versus SoE, F0 versus EoE, F0 versus η, SoE versus EoE, η versus SoE and
η versus EoE. Sample 2-D scatter plots for a pair of neutral and angry utterances are
shown in Fig. 11.1.
The Kullback-Leibler (KL) distance [57] measure of the distributions in the
2-D feature spaces of neutral (reference) and emotion (test) utterances is used for
representing the deviations. The KL distance measure is given by
D=




detΣ0
1
, (11.1)
tr(Σ1−1 Σ0 ) + (μ1 − μ0 )T Σ1−1 (μ1 − μ0 ) − k − ln
2
detΣ1

where D is the KL distance, k is the dimension of the features space, and Σ0 , Σ1 are
the covariance matrices, and μ0 , μ1 are the mean vectors of the neutral and emotion
utterances, respectively.
Three databases, namely, IIIT-H Telugu, IITKGP-SESC and EMO-DB are used
in this study. In the case of IIIT-H Telugu (semi-natural) database, 3 test utterances
for each emotion (anger, happiness, sadness and neutral) and 2 neutral (reference)
utterances for each speaker are used. The KL distance averaged over different test and
reference utterances are given for two speakers (1 male and 1 female) in Table 11.6.
From Table 11.6, the average KL distance values are low when the reference and
test utterances are both neutral. The average KL distance values are higher when the
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Fig. 11.1 2-D scatter plots of a neutral utterance (marked by ‘o’) and angry utterance (marked by
‘∗’) of a speaker [42]
Table 11.6 Average KL distance values between reference (neutral (NU)) utterance and test (angry
(AN), happy (HA), sad (SA) and NU) utterances, for IIIT-H Telugu emotion database [42]
2-D feature spaces
F0 versus F0 versus F0 versus SoE versus
η versus
η versus
SoE
SoE
η
SoE
SoE
EoE
Speaker 1
NU versus NU
NU versus AN
NU versus HA
NU versus SA
Speaker 2
NU versus NU
NU versus AN
NU versus HA
NU versus SA

0.02
2.10
0.89
0.96

0.02
69.70
28.29
0.91

0.01
1.60
0.70
0.77

0.07
110.00
44.35
0.49

0.02
0.40
0.17
0.27

0.02
93.00
27.56
0.13

0.06
0.10
0.41
0.06

0.09
47.50
22.09
0.29

0.01
0.10
0.25
0.08

0.17
66.20
312.74
0.29

0.06
0.20
0.15
0.07

0.09
46.70
20.90
0.30

test utterance is not neutral, which indicates that the speakers modify the excitation
characteristics while producing emotional speech.
In the above case, the reference and test utterances have different lexical content.
In order to study the effectiveness of the excitation source features, the reference and
test utterances with the same lexical content are considered for the simulated parallel
databases (IITKGP-SESC and EMO-DB). The average KL distance values for these
databases are given in Table 11.7. The average KL distance values are low when the

0.29

0.57

0.28

NU versus AN

NU versus HA

NU versus SA

0.07

0.35

0.38

0.21

NU versus NU

NU versus AN

NU versus HA

NU versus SA

Speaker 2

0.07

NU versus NU

Speaker 1

2.08

0.55

4.90

38.20

0.10

1.01

14.84

86.86

0.18

0.19

0.13

0.03

0.08

0.24

0.04

0.01

2.14

1.68

5.24

53.20

0.15

1.14

15.04

86.76

0.06

0.08

0.21

0.04

0.18

0.31

0.26

0.06

1.48

3.46

38.60

0.09

1.10

16.83

98.58

2.26

η versus
EoE

5.72

3.71

2.41

0.67

2.33

0.24

2.19

0.11

17.90

15.21

18.13

0.25

2.59

1.34

4.57

0.33

13.51

7.41

1.47

0.05

0.13

1.13

1.01

0.02

19.10

11.51

17.66

0.82

4.05

2.38

3.70

0.40

F0 versus F0 versus F0 versus SoE versus
SoE
EoE
η
EoE

2-D feature spaces
η versus
SoE

2-D feature spaces

F0 versus F0 versus F0 versus SoE versus
SoE
EoE
η
EoE

EMO-DB

IITKGP-SESC

6.92

5.48

0.85

0.61

1.53

0.85

0.70

0.10

η versus
SoE

40.02

12.42

19.68

0.28

2.51

0.92

4.01

0.35

η versus
EoE

Table 11.7 Average KL distance values between reference (neutral (NU)) utterance and test (angry (AN), happy (HA), sad (SA) and NU) utterances, for
IITKGP-SESC and EMO-DB databases [42]
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reference and test utterances are both neutral, higher otherwise. This indicates that
the excitation source features are independent of the lexical content.
Apart from the above general observations, the average KL distance values are
observed to be dependent on speaker, emotion and even culture. Among all the
considered emotion categories, these values are high in the case of anger. One of the
reasons is due to higher and wider F0 variations in angry speech [88]. As anger is
extremely charged state, the resulting F0 variations might be because of increased
vocal effort. The values in the case of sadness for IIIT-H Telugu and IITKGP-SESC
databases are observed to be low. In the case of EMO-DB database, the values are
observed to be higher for sad speech.

11.4.4 Emotion Recognition System Based on Excitation
Source Features
A system for automatic recognition of emotions is developed based on the excitation
source feature deviations of emotional speech w.r.t. neutral speech. The emotions
considered for this study are: anger, happiness, neutral and sadness. Three excitation
source features, namely, instantaneous F0 , SoE and EoE are used. Distributions of
pairs of F0 , SoE and EoE are used (see Fig. 11.1) to derive feature representations
for the emotion recognition system [42].
The distributions of neutral utterances are first normalized as follows: Let the
distributions of F0 , SoE and EoE for a neutral utterance be denoted by RF0 , RSoE
and REoE , and for an emotion utterance by EF0 , ESoE and EEoE , respectively. Let
RmF0 , RmSoE and RmEoE represent the mean values, and RσF0 , RσSoE and RσEoE represent the standard deviations of the distributions of RF0 , RSoE and REoE , respectively.
The distributions are normalized w.r.t. mean and standard deviation. The normalized
distribution for RF0 is given by
NRF0 =

RF0 − RmF0
RσF0

.

(11.2)

Similarly, the normalized distributions NRSoE and NREoE are obtained for RSoE and
REoE , respectively.
The distributions of the features of an emotion utterance are normalized w.r.t. the
neutral utterance as follows. The normalized distribution of EF0 is given by
NEF0 =

EF0 − RmF0
RσF0

.

(11.3)

Similarly, the normalized distributions NESoE and NEEoE are obtained for ESoE and
EEoE , respectively. The normalization is carried out in a speaker-specific way using
the speaker’s neutral utterance.
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Three 2-D feature distributions, D1: (NEF0 versus NESoE ), D2: (NEEoE versus NEF0 )
and D3: (NEEoE versus NESoE ) are modeled by a Gaussian distribution, represented
by mean vector and covariance matrix. These distributions capture the emotionspecific feature deviations. In the training phase, for each speaker, for each emotion
utterance, the 2-D feature distributions (templates) are extracted. In the testing phase,
a speaker’s neutral speech is required to obtain the normalized distributions for
the test utterances. The KL distance scores are computed among the corresponding
2-D distributions of test utterance and stored templates. The emotion category with
maximum matched templates is declared for the test utterance.
A 2-stage binary hierarchical classification is implemented. In Stage 1, anger and
happiness emotions are grouped into one class, and sadness and neutral emotions are
grouped into another class. In Stage 2, the comparisons are made between neutral
versus sadness categories, and anger versus happiness categories.
The confusion matrices for IIIT-H Telugu emotion database after Stage 1 and Stage
2 are shown in Tables 11.8 and 11.9, respectively. From the values listed in Table 11.8,
the binary classification at stage 1 gives 96 % accuracy. This is in conformity with the
studies [76], where generally the acoustic features effectively discriminate between
high arousal and low arousal emotions. From Table 11.9, it is observed that the
confusion between anger and happiness states is high. The recognition for neutral,
sadness, anger and happiness emotions are 91.2, 97, 71.43 and 52 %, respectively,
giving a total recognition accuracy of 79.23 % for the 4 class problem.
The proposed method is also applied on the EMO-DB database, and the results
are shown in Table 11.10. The emotion recognition at Stage 2 of EMO-DB is 75 %.
The performance of the EMO-DB is low because the confusions between angry and
happy utterances are observed high.
The results of the proposed method indicate that the features corresponding to the
excitation source seem to carry emotion-specific information. The performance of
the system can be improved by increasing the number of reference (trained) templates
and speakers.

11.4.5 Discrimination of Anger and Happiness
The production characteristics of angry and happy speech are examined to determine
features that can discriminate these two emotions. In particular, the closed quotient
(Cq ) of the glottal vibration, SoE and the ratio of high to low frequency band energies
are used.
Table 11.8 Confusion matrix
after Stage 1 for IIIT-H
Telugu emotion database [66]

Neutral/sad
Angry/happy

Neutral/sad

Angry/happy

68/68
5/62

0/68
57/62
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Table 11.9 Confusion matrix after Stage 2 for IIIT-H Telugu emotion database [66]
Neutral
Sad
Angry
Happy
Neutral
Sad
Angry
Happy

31/34
1/34
0/35
1/27

3/34
33/34
0/35
4/27

0/34
0/34
25/35
8/27

Table 11.10 Confusion matrix after Stage 2 for EMO-DB database [66]
Neutral
Sad
Angry
Neutral
Sad
Angry
Happy

74/79
27/62
2/127
7/71

4/79
33/62
0/127
3/71

0/79
0/62
114/127
27/71

0/34
0/34
10/35
14/27

Happy
1/79
2/62
11/127
34/71

The Cq of a glottal pulse is the ratio of the closed phase duration to the duration of
the total glottal pulse, and is denoted by γ in percentage. The open and closed phases
of a glottal cycle are illustrated in Fig. 11.2 through the EGG and the derivative of
EGG (dEGG) signals. The amplitude of the EGG (current flow) signal is larger during
the close phase region due to low impedance and lower during the open phase region
due to high impedance across vocal folds. The locations of the GCI are associated
with positive peaks, and the locations of the glottal opening instant are associated
with negative peaks in the dEGG signal. The average (Aγ ) values of γ for neutral,
happiness and anger emotions, for five speakers of IIIT-H Telugu and EMO-DB
databases are given in Tables 11.11 and 11.12, respectively. From the values of Aγ ,
it can be observed that the Cq has increasing trend in happiness and anger emotions
for a given speaker, with anger possessing relatively higher value.
The ratio of high (800–5000 Hz) to low (0–400 Hz) frequency band energy is
denoted as β. The β values are computed from the short time Fourier transform.
In [86], it was reported that, increase in Cq increases the value of β. The average
(Aβ ) values of β and the average (ASoE ) values of SoE for neutral, happiness and
anger emotions for 5 speakers of IIIT-H Telugu and EMO-DB databases are shown
in Tables 11.11 and 11.12, respectively.
Tables 11.11 and 11.12 show that the values of Aβ and ASoE can be related to the
value of Cq . Increase in Cq (γ in percentage) is observed with increase in β and
decrease in SoE. There is increasing trend in the values of Aβ and decreasing trend
in the values of ASoE for happiness and anger emotions w.r.t. neutral. The values of
Aβ are relatively higher, and the values of ASoE are relatively lower in case of anger
when compared to the case of happiness. Although these features carry discriminative
property, the dynamic ranges of their values are speaker-specific.
A speaker-specific anger versus happiness classification is implemented. A sample
2-D feature distributions (β versus SoE) of happy and angry utterances is given in

11 Analysis of Emotional Speech—A Review

225

Fig. 11.2 Illustration of open and closed phase durations. a EGG signal. b dEGG signal [86]

Table 11.11 Average (Aγ , Aβ and ASoE ) values of γ , β and SoE of neutral, happy and angry
utterances for 5 speakers of IIIT-H Telugu database [43]
Neutral
Happy
Angry
Aγ
Aβ
ASoE
Aγ
Aβ
ASoE
Aγ
Aβ
ASoE
Speaker 1
Speaker 2
Speaker 3
Speaker 4
Speaker 5
Mean
value

42.21
39.86
41.46
44.55
41.87
41.99

8.63
9.86
7.34
7.40
8.78
8.40

43.53
28.93
37.21
18.97
16.45
29.02

48.38
42.19
46.32
44.19
47.43
45.70

12.89
13.26
13.90
13.62
13.56
13.45

21.63
13.91
19.12
7.76
4.98
13.48

53.12
44.31
51.74
46.14
47.23
48.51

13.32
14.26
13.95
13.81
13.96
13.86

13.47
7.76
11.49
5.67
4.04
8.49

Table 11.12 Average (Aγ , Aβ and ASoE ) values of γ , β and SoE of neutral, happy and angry
utterances for 5 speakers of EMO-DB database [43]
Neutral
Happy
Angry
Aγ
Aβ
ASoE
Aγ
Aβ
ASoE
Aγ
Aβ
ASoE
Speaker 1
Speaker 2
Speaker 3
Speaker 4
Speaker 5
Mean
value

42.97
44.14
39.26
44.04
44.83
43.05

7.23
6.32
8.21
5.56
8.30
7.12

23.42
19.34
17.44
11.21
12.56
16.79

48.91
47.89
46.21
48.24
48.56
47.96

10.44
11.02
9.87
8.32
11.29
10.19

12.43
11.34
12.23
3.96
6.23
9.24

50.63
51.01
48.54
49.66
49.15
49.80

12.45
11.53
13.47
9.61
13.81
12.17

9.43
8.32
10.21
3.32
4.92
7.24
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Fig. 11.3 Feature distributions (β versus SoE) of happy and angry emotion utterances. a Entire
utterance. b High F0 regions of the utterance [43]

Fig. 11.3a. As these emotions are produced suddenly in response to a particular
stimuli, they are not sustainable. There may be neutral regions in these utterances
[88]. To reduce the effect of neutral regions, the regions corresponding to high F0
(above the average F0 ) are considered. This can be justified as the speech in happiness
and anger states is produced with increased pitch levels. The 2-D feature distributions
of high F0 regions of the happy and angry utterances are given in Fig. 11.3b. From
Fig. 11.3a, b, it is evident that there is better discrimination between happiness and
anger in the high F0 regions.
Given a set of happy and angry utterances, the 2-D feature distributions (β versus
SoE) of all utterances are computed. The feature distribution with low mean SoE and
high mean β is considered as reference for anger emotion, and the feature distribution
with high mean SoE and low mean β is considered as reference for happiness emotion.
The remaining feature distributions are classified by computing the KL distance with
the reference feature distributions. The lower the KL distance, the closer are the test
distributions towards the reference. The classification accuracy of approximately
85 % is observed for both the databases.
In general, the positive emotions possesses more rhythmic behavior than the negative emotions [88]. To exploit this characteristic, the variances of SoE values are
examined. The variance of SoE corresponding to high F0 regions is compared with
the variance of the entire utterance. A parameter called relative SoE variance is
defined. This is given by
Vh − Vt
(11.4)
Sv = μh +μt ,
( 2 )
where Vh and Vt are the SoE variances in the selected high F0 regions and for the entire
utterance, respectively, and μh and μt are the corresponding means. The average
value of Sv of happy and angry utterances of IIIT-Telugu and EMO-DB databases is
given in Table 11.13. It is observed that the Sv value for happy utterances is mostly
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Table 11.13 Average value of Sv of happy and angry utterances of IIIT-H Telugu and German
EMO-DB databases [43]
IIIT-H Telugu
German EMO-DB
Happy
Angry
Happy
Angry
Average Sv

−0.51

0.42

−0.21

−0.58

positive in the case of IIIT-H Telugu database. The Sv value for angry utterances is
observed to be mostly negative in both the databases. Sample histograms of happy and
angry utterances are given in Fig. 11.4. Following this observation, a classification
approach is proposed. The percentage of accuracy of 75 and 68 % are observed for
IIIT-H Telugu and EMO-DB databases, respectively.
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Fig. 11.4 Histograms of SoE values of happy and angry utterances. a Entire happy utterance.
b High F0 regions of the happy utterance. c Entire angry utterance. d High F0 regions of the angry
utterance [43]
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11.4.6 Discrimination Between High Arousal
and Falsetto Voices
High arousal speech is produced by a speaker in situations like emotionally charged
states, communication over a long distance and in noisy environments. High arousal
speech is often produced with increased levels of voice intensity. In natural communication, speakers tend to increase their pitch in high arousal speech. Increase in
pitch can also be intentional as in falsetto register. This study is to discriminate high
arousal and falsetto voices, as either of these cases there is increase in the average
F0 w.r.t. neutral.
The vocal folds configuration is significantly different in modal and falsetto registers [124, 130]. It is observed that the Cq of the vocal fold vibration is lower for
segments of falsetto voice when compared to that of modal voice.
The average (Aγ ) values of γ and the average (AF0 ) values of F0 of neutral, happy,
angry, shout and falsetto utterances for a set of five speakers from IIIT-H Telugu
database are given in Table 11.14. On observation of AF0 values, it is evident that
falsetto modes are produced with distinct pitch variations. It is also clear that the F0
range of low falsetto voice matches well with that of high arousal. The values of Aγ
increases for happy, angry and shout speech w.r.t. neutral speech. For all the cases of
falsetto, there is significant decrease in the Aγ values. It is interesting to note that the
Aγ values are decreasing with the ascending degree of falsetto. The inconsistencies
for different falsetto cases may be because of the lack of control in the voice intensity
while producing speech at higher pitch levels by these speakers, who are not trained
to produce these voices.
The glottal vibration characteristics also have an effect on the vocal tract system
response. The effective length of the vocal tract changes in the open and closed
regions of the vocal folds. Therefore, useful information of the excitation source
characteristics can be obtained from speech analysis with high spectro-temporal
resolution. A recently proposed zero time windowing (ZTW) method [135] is useful
for this analysis. A heavily tapering window in the temporal domain, given by
h[n] =

1
,
8sin( ωn
)4
N

(11.5)

is used at each sampling instant. The Hilbert envelope of the numerator of group
delay function (HNGD) of the windowed segment is computed at every sampling
instant.
The β feature, which is the ratio of energies in the high (800–5000 Hz) and low
(0–400 Hz) frequency bands of the HNGD spectra is computed. The β contour for a
speech segment is shown in Fig. 11.5. The sharp peaks in the β contour occur mainly
at GCIs. The β contour has lower values during the open phase.
The highest and the lowest values of the β contour within a glottal cycle are
denoted as βc and βo , respectively. The average (Aβc and Aβo ) values of βc and
βo , respectively, of neutral, happy, angry, shout and falsetto utterances are given in

Speaker 1
Speaker 2
Speaker 3
Speaker 4
Speaker 5
Mean
value

42.21
39.86
41.46
44.55
41.87
41.99

Neutral
Aγ

135
248
142
221
162
182

AF0

48.38
42.19
46.32
44.19
47.43
45.70

Happy
Aγ

161
326
198
239
245
234

AF0
53.12
44.31
51.74
46.14
47.23
48.51

Angry
Aγ
197
311
241
318
287
271

A F0
56.21
48.92
50.46
53.16
46.37
51.02

Shout
Aγ
257
331
238
326
328
296

A F0
33.42
37.87
32.19
37.32
34.42
35.04

213
328
321
367
340
314

Low falsetto
Aγ
AF0
31.23
39.13
33.12
36.21
34.56
34.85

362
413
376
432
444
405

Mid falsetto
Aγ
A F0

Table 11.14 Average (Aγ and AF0 in Hz) values of γ and F0 of neutral, happy, angry, shout and falsetto utterances for 5 speakers

35.13
42.14
37.98
41.19
39.17
39.12

428
527
371
463
522
462

High falsetto
Aγ
AF0
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Speaker 1
Speaker 2
Speaker 3
Speaker 4
Speaker 5
Mean
value

0.21
0.51
0.27
0.49
0.23
0.34

Neutral
Aβc

0.03
0.10
0.04
0.09
0.03
0.06

Aβo

0.37
0.55
0.33
0.63
0.23
0.42

Happy
Aβc

0.05
0.08
0.04
0.04
0.02
0.05

Aβo
0.41
0.82
0.39
1.21
0.29
0.62

Angry
Aβc
0.11
0.24
0.09
0.31
0.05
0.16

Aβo
0.43
1.11
0.45
1.40
0.39
0.76

Shout
Aβc
0.17
0.29
0.19
0.36
0.14
0.23

Aβo
0.22
0.48
0.25
0.47
0.25
0.33

0.07
0.27
0.08
0.27
0.07
0.15

Low falsetto
Aβc
Aβo
0.33
1.36
0.26
1.36
0.41
0.74

0.16
0.64
0.1
0.63
0.21
0.35

Mid falsetto
Aβc
Aβo

Table 11.15 Average (Aβc and Aβo ) values of βc and βo of neutral, happy, angry, shout and falsetto utterances for 5 speakers

0.39
1.9
0.48
1.51
0.53
0.96

0.21
0.96
0.31
0.69
0.26
0.49

High falsetto
Aβc
Aβo
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(a)

Speech segment

0.1

Amplitude

Fig. 11.5 a Segment of a
speech signal. b Differenced
EGG signal. c β contour
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0
−0.1
0.39

Amplitude

(b)

0.395

0.4

0.405

0.41

0.415

Differenced EGG signal

0.03
0.02
0.01
0

−0.01
0.39

0.395

0.4

Amplitude

0.405

0.41

0.415

0.41

0.415

β contour

(c)
0.4
0.3
0.2
0.1
0

0.39

0.395

0.4

0.405

Time (sec)

Table 11.15. From Table 11.15, it is evident that there is significant increase in Aβc
for angry and shout speech. A similar, but not significant trend can be observed in the
case of happy speech. From these results, we can infer that increase in Cq increases
Aβc . In the case of low falsetto voice, Aβc is in similar range as for the neutral. But,
the results are not consistent for mid and high falsetto voices.

11.5 Research Challenges in Emotional Speech Analysis
The major issues in dealing with emotional speech analysis are the description of
emotion, data collection and feature representation. The production and perception
of emotions in speech by human beings is a complex phenomenon, which is not well
understood. A basic and widely accepted statement is that emotions are underlying
states of a speaker, and emotion expressions are the communicative value of the
underlying states [22]. In natural communication, speakers may sometimes try to
hide the underlying emotional state. It is very difficult to collect spontaneous emotion
data, and also it is difficult to annotate the collected data. This statement is supported
by the fact that many analysis studies in the literature use full-blown emotional
data. Full-blown emotional speech corresponds to intense expressions of underlying
emotional states [104].
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The features used for analysis are broadly categorized as prosody, voice quality
and spectral features. These features carry emotion correlates, but they are observed
to be speaker and sound-specific. To derive an emotion-specific feature representation, the speech production knowledge of emotions is required. In general, speech
in different emotion states is produced with distinct changes in speech production
mechanism. However, it is difficult to describe these emotion-specific deviations in
the production mechanism. This makes emotional speech analysis a difficult task.
The state-of-the-art approaches for emotion recognition are adopted from the
developments in applications like speech recognition and speaker recognition. In
these approaches, the utterances are labeled with the discrete emotion or primitive categories. Pattern recognition models like GMMs, SVMs, ANNs and HMMs
are trained on the features extracted. As most of the feature representations are
speaker and sound-specific, these pattern recognition models require a phonetically/phonemically balanced data, covering several speakers. In practical sense, it is
difficult to collect such a database. Given the limitations of existing features and data
collection issues, the ideal scenario is to identify underlying emotion in speech by a
feature representation.
The experiments conducted in our research show that the excitation source features
carry significant amount of emotion related information, and these features are also
observed to be speaker-specific. It is indeed a challenge to determine the excitation
source features that are only emotion-specific.
Although it is difficult to define production characteristics that are specific to an
emotion, there are clues when emotions are viewed in the 3 dimensions/primitives
(arousal, valence and dominance). There is increase in F0 in the case of high arousal
speech, and decrease in F0 in the case of low arousal speech. But there may be cases
where speech can be produced with deliberate increase/decrease in F0 . Discrimination of speech with natural increase/decrease in F0 and deliberate increase/decrease
in F0 is an important issue in emotion studies. In the case of valence dimension, in
[88], it was reported that rhythm and valence were consistently related. The positive
feelings possess regular rhythm than negative feelings. From our studies (reported
in Sects. 11.4.6 and 11.4.5), it can be said that feature representation of primitives of
emotion might help in representing emotional speech effectively. From the current
studies, it appears that emotion recognition by a machine appears to be an elusive
goal.
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