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Abstract

Television (TV) news debate programmes are very popular across national and regional news

channels in India. Monitoring of such programmes is necessitated by the fact that news debates are

observed to influence public opinion. A necessary aspect of any automatic news debate analysis system

lies in understanding the types and complexities of its audio signal. In news debates, speakers often

shout to emphasize their point of view. Additionally, more than one speaker (having differing opinions)

are found to start speaking simultaneously. Such cases result in competitive speech where speakers

compete to grab the conversational floor. The competitive speech segments of TV news debates might

be more informative and their detection might be essential for automatic content monitoring purposes.

Therefore, this thesis aims to detect shouted and overlapped speech, and utilize such knowledge for

detecting competitive speech in Indian TV news debates. The significant contributions of the thesis

are mentioned next.

The first contribution of the thesis is the development of an Indian Broadcast News Debate (IBND)

corpus. The IBND corpus is created by collecting news debates from two popular Indian English news

channels. The corpus is annotated for three tasks, viz. shouted, overlapped, and competitive speech

detection. A total of 45 annotators were involved in the whole annotation procedure. The statistics

obtained from final annotations show that there is significant presence of shouted, overlapped and

competitive speech in the IBND corpus.

The second contribution involves exploring excitation source features for the Shouted Speech De-

tection (SSD) task. Three DEGG cycle based features, namely, Glottal Open Phase Tilt (GOPT),

Open Phase Triangle Area (OPTA), and Flatness of Glottal Cycle (FoGC), are proposed. A small

Shouted Vowel (ShVowel) corpus is created for carrying out the DEGG signal based study. The

unavailability of DEGG signals in most practical applications necessitates the exploration of speech-

based excitation source representations. In this context, three existing excitation based features, viz.

Discrete Cosine Transform of Integrated Linear Prediction Residual (DCT-ILPR), Mel-Power Differ-

ence of Spectrum in Sub-bands (MPDSS), and Residual Mel-Frequency Cepstral Coefficient (RMFCC)

are used. A sentence-level corpus, named as SNE-Speech, is created to establish the proposed work

on controlled environment recordings. The performance of excitation source features with a Fully

Connected Network based classifier (SSD-FCNet) establishes the importance of excitation features for

the SSD task. The combination of DCT-ILPR, MPDSS and RMFCC with SSD-FCNet classifier is
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referred to as Excitation- source based SSD (E-SSD).

The third contribution of the thesis is the proposal of Phase based Overlapped Speech Detection

(P-OSD) system. The phase information of speech signal is represented in terms of Instantaneous

Frequency Cosine Coefficient (IFCC) and Modified Group Delay Cepstral Coefficient (MGDCC) fea-

tures. A Convolutional Neural Network and Long Short-Term Memory (CNN-LSTM) based classifier,

named OSD-Net, is used for this purpose. The combination of IFCC and MGDCC with OSD-Net

classifier (P-OSD) outperforms the baseline approaches on synthetically generated overlapped speech.

The efficacy of proposed approach is also established on AMI and IBND corpora containing real-world

recordings.

The fourth contribution involves Competitive Speech Detection (CmpSD) in Indian TV news

debates. This thesis proposes to use shouted (SSD) and overlapped (OSD) information as high-level

semantic features for CmpSD task. The high-level semantic information is obtained from the SSD

and OSD systems. A novel Auto-Encoder based SSD (AE-SSD) system is proposed to overcome a few

limitations of the E-SSD method. The AE-SSD and MP-OSD systems are utilized in the CmpSD task

using two different approaches. The first approach uses prediction scores of AE-SSD and MP-OSD

systems as features with GMM based classifier. This approach outperforms the baseline method that

uses low-level features. The second approach utilizes AE-SSD and MP-OSD system embeddings with a

Fully-Connected Network based classifier (Cmp-FCNet). The second approach outperforms the GMM

based method. Additionally, this thesis attempts to measure the competitive speech content of a news

debate by using the detected competitive speech frames.

Using the methods developed in this thesis, the data of the IBND corpus indicated that overlapped

and shouted speech frequently co-occurs in Indian TV news debates. The experiments conducted in

the thesis suggest that the detection of competitive speech can be performed efficiently using high-

level information of both shouted and overlapped speech. The detection of shouted, overlapped and

competitive speech segments can serve as important prior information to further studies aimed at TV

news debate content analysis.

xii
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1. Introduction

Overview

Television (TV) news media plays a critical role in navigating public belief and understanding

on any topic of interest. This encourages many agencies to analyze the content of TV news bulletins

and monitor the influence of broadcasted data. Massive creation and consumption of TV news media

have mandated the requirement of automatic news monitoring. A relatively new format of TV news

programmes are news debates that are organized to hold opinion-based discussions on contemporary

events. These programmes present analysis and discussion on different aspects of socially or politically

relevant topics through expert opinion. A viewer may be made aware of different dimensions to view

a contemporary topic by watching such programmes. The prime-time slots (known to have highest

viewership) of all national and regional Indian news channels are allotted to debates or talk shows.

Such an emphasis on debates across the news media indicates the amount of popularity enjoyed by

these programmes. It has been observed that TV news debates serve as potent opinion formation

tools for viewers. Therefore, monitoring TV news debates is also an essential task. The prerequisite

for any automatic analysis of a news debate audio is to understand the types and complexities of

its audio signal. In this context, the present thesis detects Shouted, Overlapped and Competitive

speech in Indian TV news debates. An Indian Broadcast News Debate (IBND) corpus is created by

collecting news debates from two popular Indian English news channels. The shouted speech detection

task is attempted using excitation source features of the speech signal. Phase-based representations

of the speech signal are explored for Overlapped Speech Detection task. Finally, high-level semantic

information in the form of shouted and overlapped speech presence knowledge is utilized to identify

competitive speech in news debates.

1.1 Broadcast news media: An overview

News is an essential part of everybody’s day-to-day life as it keeps people updated regarding

important national and international events. There are different media for communicating news, viz.,

print media (such as newspapers and magazines), broadcast media (like radio and television news

programmes), and digital media (for-instance social media and websites). Broadcast media, especially

television, is a more popular choice among all other media [1–3]. Television (TV) news programmes

provide a rich and unique experience to their viewers through audio-visual modalities. TV News

channels broadcast different kinds of news programmes, such as news bulletin, studio debate, interview,

2
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panel discussions and documentary [4]. News bulletin is the most conventional format where the anchor

communicates information regarding the important events of the day. It is one-sided dissemination

of information and does not provide a platform for discussion. In contrast, news programmes, such

as debate and panel discussion, are based on two-way communication among speakers. Such kinds of

programmes are considered opinion-based programmes [4].

The number of news channels is increasing across the world [1,4,5]. Additionally, a constant growth

in TV penetration and broadcast consumption within the population is observed in past decades [6,7].

For example, till March 2019, nearly 197 millions Indian households (out of 260 million) had TV

sets [7]. This is roughly 7.2% higher TV penetration in comparison to the previous year. During

2018− 2019, the average TV consumption time (on a daily basis) per person was 224 minutes which

was higher than its previous year by approximately 8.9% [7]. Roughly, viewers devote 16% (i.e., 36

minutes) of their watching time to news programmes [1]. Effectively, there is a constant growth in

the viewership for TV news programmes. Moreover, in India, co-viewing pattern (consuming content

together) is still very high [6]. This further enhances consumption of TV content.

1.1.1 Indian TV news media

The Indian television news media came into existence in independent India [4]. During those

days, state-operated Doordarshan was the single television medium authorized to telecast news of

the day every evening [8]. In 1990s, Indian television news media witnessed a significant reformation

due to relaxations in the government policies and introduced private sectors in the broadcast media

industry [4,8]. This led to an exponential expansion of the horizon of Indian news media. The number

of news channels with 24 × 7 broadcasting facility has substantially increased, especially in the last

two decades. According to the report of the Ministry of Information and Broadcasting (Government

of India), published in 2017, there were around 389 private satellite TV news channels operating in

India [4, 6]. The growth in the number of news channels increased the competition in the market

and started a race for presenting news in unique styles. This became the genesis of opinion-based

programmes. Apparently, opinion-based news programmes, such as news debates, have become a

common attribute across news channels. These programmes have evolved into a conversational style

of news presentation.

3
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(a) (b)

Figure 1.1: Illustrating typical scenario of Indian TV news debates for two different shows.

1.1.2 TV news debate

TV news debates are programmes organized to hold opinion-based discussions on contemporary

events. These programmes present analysis and discussion on different aspects of socially or politically

relevant topics through expert opinion [4]. Typically, it consists of two or more panel members

(excluding the anchor) who are specialists in their domains, such as academicians, socialists, lawyers,

activists, spokespersons of political parties, scientists, and doctors. Figure 1.1 illustrates typical

scenarios of Indian TV news debates from two well known news channels. The Figure 1.1(a) shows

the panel members debating COVID vaccination in India. The Figure 1.1(b) presents a glimpse of

panel members for a debate on Delhi riots. It can be observed that the panel consists of a variety

of domain experts presenting different perspectives of an event through expert opinions. A TV news

debate provides different dimensions to view a social issue, which may not be known to a common

person. This can lead to a better understanding of a socially relevant topic among viewers.

A typical broadcast schedule of TV news programmes is divided into six-time slots, namely grave-

yard, early morning, daytime, early fringe, prime time and late fringe [1]. The prime time slot typically

spans from 8 pm to 11 pm. Prime time slots are known to have the highest viewership [9]. Figure 1.2

shows the news viewership for different regions of India according to the report published in [6]. This

report [6] broadly divides the broadcast slots into prime time, morning and others. The prime time

viewership for news programmes is highest for most of the Indian states or regional television media

(Figure 1.2). In contrast, the morning slot has higher viewership only for Tamil and Telugu news

media. Apart from regional news media, English news (national channels) also has higher viewership

during prime time. The prime time period contributes more than 40% of the total news viewership

4
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Figure 1.2: Illustrating prime time viewership trends in different states of India [6].

of a day [6]. Moreover, the prime time slots of all national and regional Indian news channels are

allotted to debates or talk shows. [4]. Such an emphasis on debates across the news media indicates

the amount of popularity enjoyed by these programmes.

1.1.3 Necessity of processing TV news debates

Broadcast news media has a wide impact and coverage across the world. It plays a critical role

in navigating public belief and understanding on any aspect [10]. Many stakeholders make use of

the potential of broadcast news to influence the public for their own social, political and commercial

benefits [11, 12]. Increased participation of public in TV news media may be utilized for large-scale

manipulation of the viewer’s sentiments [1,2,4]. Hence, TV news programmes have become a medium

to promote commercial, social and political objectives [1]. This motivates government regulators,

social scientists and advertising agencies to examine different attributes of TV news programmes [2].

Therefore, 24× 7 monitoring of news programmes becomes necessary. Many agencies monitor the TV

news for content analysis and to understand the influence of broadcasted data [10–14].

It has been observed that TV news debates serve as potent opinion formation tools for viewers [4].

The effect of this is further enhanced by the increased viewership of such programmes. Therefore,

monitoring TV news debates is also an essential task. The significant growth in the number of 24× 7

news channels led to huge amount of news debate content. Manual monitoring of such a large data

5
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is very challenging. Such extensive monitoring requires a keen and dedicated observer with lots of

experience [10]. The manual monitoring of such a huge amount of data requires large efforts, and it is

also prone to human error [15]. Thus, automatic processing of news debates is the need of the hour.

The audio modality of news debates is an immensely informative component of such media from

the content analysis point of view. Thus, a necessary aspect of any automatic analysis of a news debate

is to understand the types and complexities of its audio signal. The challenging scenarios of TV news

debate audio include the presence of shouted, overlapped and competitive speech. The presence of

these speech categories may degrade the performance of conventional speech processing systems. This

necessitates the separate processing of shouted, overlapped and competitive speech.

The rest of the chapter is organized as follows. Section 1.2 describes and motivates the thesis work

based on the shouted, overlapped and competitive speech presence in TV news debates. Finally, a

brief description of thesis work flow and organization is presented in section 1.3.

1.2 Motivation for the present work

In news debates, panel members have their own views and opinion regarding the debate topic.

There are situations where a panel member continuously speaks to put forward his or her opinion

and does not give a chance to other panel members. In such cases, other members (having a different

opinion) also start speaking, and this results in overlapped speech. Very often, panel members are

found to argue on account of opposing views. It leads to a competitive scenario where the active

speakers compete for grabbing the conversational floor. This results in an incessant overlapped speech.

Such cases highlight the competitive intent of the panel members to dominate the other speakers. Such

scenarios are considered as the competitive segments and the corresponding speech as the competitive

speech. In news debates, the main source of competitive speech is the conflict in opinion among panel

members. The persistent presence of overlapped speech and conflict in opinion are unpleasant to the

panel members. This may evoke aggression among all the speakers. Frequently, the induced aggression

is involuntarily expressed as shouted speech. Sometimes, speakers also shout to draw attention towards

them. Such scenarios are often present in Indian TV news debates. Such competitive speech segments

might be more informative and important for automatic content monitoring purposes. Therefore,

automatic detection of competitive speech in TV news debates is an important task.

Automatic detection of competitive speech calls for a detailed understanding of its acoustic signal.
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1.2 Motivation for the present work

By definition, competitive speech is a type of overlapped speech. Overlapped speech is produced when

two or more speakers speak simultaneously. In TV news debates, competitive speech is frequently as-

sociated with the presence of shouted speech. Hence, competitive speech detection in TV news debates

can be attempted using the information of shouted and overlapped speech. The prominent presence

of shouted and overlapped speech in Indian TV news debates imposes limitations for automatic pro-

cessing of news debate audio, such as content analysis. Therefore, detecting shouted and overlapped

speech in TV news debates is also essential. Thus, the present thesis is motivated to study and analyze

shouted and overlapped speech. Subsequently, the shouted and overlapped speech information is used

to identify competitive speech in Indian TV news debates.

1.2.1 Shouted speech detection

Shouted speech detection aims at identifying speech regions produced in shouted vocal mode. It

is defined as the speech produced with the highest vocal effort. Production of higher vocal effort is

associated with greater activity of respiratory muscles caused by pumping (out) of a larger volume of

air from lungs [16]. As a result, a larger tension is induced in vocal folds during shouting. This leads

to faster vibration of vocal folds that gives the perception of a higher pitch. An increased vocal effort

modifies many acoustic characteristics of a speech signal. Therefore, along with energy or intensity of

speech, different aspects of excitation source and vocal tract system characteristics are also influenced

by different vocal efforts [17]. More specifically, shouted speech is produced with significant changes

in vocal excitation compared to normal speech [18, 19]. Therefore, the present thesis analyzes and

explores deviations in excitation source characteristics due to shouted speech production.

1.2.2 Overlapped speech detection

Overlapped speech is another speech type studied in this thesis. Signal characteristics of over-

lapped speech are significantly different from that of single speaker’s speech. These differences are

reflected in time-domain characteristics as well as in spectral-domain features. Time-domain signal

of single speaker’s speech is known to have a Laplacian [20] or Gamma distribution [21]. In con-

trast, the distribution overlapped speech in time-domain has a tendency to become more-Gaussian as

the number of simultaneous speakers increases [21]. Additionally, single speaker’s speech has regular

spectral harmonic patterns in the time-frequency representation. These patterns form parallel tracks

progressing over time [22]. However, such patterns are deformed in overlapped speech due to inter-
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1. Introduction

secting harmonic patterns of multiple speakers [22]. Overlapped speech is associated with a spectrum

with less harmonic content [23]. In other words, harmonic patterns become irregular in overlapped

speech due to the superimposition of two or more fundamental frequencies (F0) [24]. This leads to a

higher variation of pitch period over time for overlapped speech in comparison to a single speaker’s

speech [25]. Spectral harmonicity plays an important role in differentiating overlapped speech from

single speaker’s speech [23,26].

Existing works have mostly characterized overlapped speech using fundamental period and mag-

nitude spectrum. Features capturing spectral harmonicity and higher-order statistics of magnitude

spectrum are used in the literature. To the best of our knowledge, there is a lacuna of works that

explore phase-based characteristics for overlapped speech detection. The success of phase-based rep-

resentations in speech related applications [27–31] establish the importance of phase characteristics.

Therefore, the present thesis explores the phase information of speech signal for detecting overlapped

speech.

1.2.3 Competitive speech detection

The final goal of this thesis is the detection of competitive speech in Indian TV news debates.

The presence of overlapped speech can be utilized as a conversation analysis tool since overlaps are

highly correlated with conversational cues [32]. For this purpose, identification of overlapped speech

can be useful in conflict detection [33]. In Indian TV news debates, the main source of overlapped

speech is the conflict in opinion among panel members. In situations of conflict, speakers continue

to speak simultaneously and loudly, which results in competitive overlapped speech [33]. In news

debates, competitive speech is frequently associated with the presence of shouted speech. Thus, the

presence of shouted and overlapped speech is considered as an vital evidence for competitive speech

in this thesis.

Competitive speech is a special case of overlapped speech. The existing literature of competitive

speech consists of exploration of different acoustic properties of the speech signal, such as prosody,

voice quality, energy, spectral, and other features. The prosody based features are mostly used in the

literature for detecting competitive speech [34–39]. The most prominent characteristic of competitive

speech is the presence of increased fundamental frequency and raised loudness [36, 40]. To the best

of our knowledge, most of the previous works utilize low-level feature representations for detecting

competitive speech. However, in this thesis, it is believed that competitive speech is a high-level per-
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1.3 Thesis organization

ceptual attribute of the speech signal and can be expressed in terms of high-level semantic information

of speech. Therefore, the present thesis utilizes semantic information of speech in terms of shouted

and overlapped speech presence cues to identify competitive speech in TV news debates.

1.3 Thesis organization

The present thesis aims at identifying shouted and overlapped speech in Indian TV news debates.

Thereafter, the presence of shouted and overlapped speech is utilized to detect competitive speech.

The workflow of the present thesis is illustrated in Figure 1.3. Initially, the news debate audio is pre-

processed to divide it into small audio intervals. Next, the audio intervals are parallelly passed through

shouted and overlapped speech detection sub-modules. Subsequently, the shouted and overlapped

speech information are fed to the competitive speech detection sub-module. The major contributions

of the present thesis are as follows.

Pre-
Processing

Overlapped
Speech Detection

Shouted 

Speech Detection

Speech Signal

Competitive

Speech Detection

Shouted 

speech


Overlapped

Speech


Competitive
Speech


Figure 1.3: Block diagram for illustrating work flow of the thesis.

• Chapter 2 provides a review on different approaches used in the literature to study shouted,

overlapped and competitive speech. Different kinds of acoustic features and classifiers used in

the related works are reviewed. This chapter also discusses the limitations of the existing works

and the motivation for the present thesis.

• Chapter 3 presents a detailed description of the developement of news debate corpus. This

thesis contributes a news debate corpus, named as Indian Broadcast News Debate (IBND). The

IBND corpus consists of audio data corresponding to 15 Indian news debates taken from two

popular Indian English news channels. The corpus consists of 12 hours and 47 minutes of audio

data. The coups is annotated for the three different tasks, namely shouted, overlapped and

competitive speech detection.

• Chapter 4 aims at exploring different excitation source based characteristics for shouted and
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normal speech classification task. Initial studies in this thesis are aimed at analyzing how dif-

ferent vocal modes affect the glottal waveform. The glottal waveform is generated by a periodic

opening and closing of vocal folds [16]. This purpose is served by using the ElectroGlottoGram

(EGG) signal which is similar to the true excitation source signal. Three novel Differenced Elec-

troGlottoGram (DEGG) based features are proposed in this thesis. A small vowel dataset, called

Shout Vowel (ShVowel), is contributed for carrying out DEGG based study. Later, limitations

of DEGG based work motivated the exploration of speech based characterization of the exci-

tation source information. In this context, three features capturing different excitation source

properties are utilized. A dataset named SNE-speech corpus is also contributed in chapter 4.

• Chapter 5 describes the contribution of a phase-based overlapped speech detection system.

The significance of time and frequency varying phase characteristics for overlapped and single

speaker’s speech classification task is studied. Two phase-based features are utilized in this

chapter.

• Chapter 6 discusses the usefulness of high-level semantic information of speech signal, i.e.,

shouted and overlapped speech presence, for competitive speech detection in TV news debates.

A novel auto-encoder based shouted speech detection system is proposed to overcome a few

limitations of the system proposed in chapter 4. The auto-encoder based system utilizes time-

frequency representation of the excitation source. The proposed auto-encoder based shouted

speech detection and overlapped speech detection (chapter 5) systems are utilized for competitive

vs. others classification task. Here, the “others” category includes non-competitive overlapped

and single speaker’s speech. The best competitive speech detection system is further utilized to

provide a measure of the competitive speech content of a news debate.

• Chapter 7 summarizes the main contributions of the present thesis and provides the possible

directions of future works.
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Overview

Difference in opinion among panel members is the primary cause of competitive speech in TV news

debates. In competitive scenarios, panel members frequently interrupt the active speaker to emphasize

their opinion. Generally, neither the active speaker nor the interrupters stop speaking. This results

in sufficiently long periods of incessant speech overlaps. Frequent presence of speaker conflicts are

unpleasant to the active speaker and may evoke aggressive reactions. Usually, the induced aggression

is involuntarily expressed as shouted speech. Thus, the presence of shouted and overlapped speech

may be considered as essential cues for detecting competitive speech in TV news debates. Therefore, a

detailed understanding of the acoustic properties of shouted and overlapped speech is necessary. Several

attempts have been made by previous speech researchers for understanding various aspects of shouted,

overlapped, and competitive speech as separate tasks. A review of related existing works is presented in

this chapter. Motivation for the present thesis is derived from the limitations of available literature.

2.1 Introduction

Competitive speech detection is an essential pre-processing task for automatic processing of news

debate audio, such as content analysis. Competitive speech occurs when panel members compete to

grab the conversational turn and do not allow others to speak. The information of competitive speech

is present in overlapped speech and its neighborhood. Different characteristics of overlapped speech

can be studied to obtain a comprehensive understanding of the intent and attitude of speakers. In

news debates, the main reason for overlapped speech presence is the conflict in opinion among panel

members. In such situations, panel members start interrupting the active speaker to highlight their

point of view and start competing for speaker turn. This results in incessant speech overlaps. The

persistent presence of overlap and conflict in opinion may induce aggression among panel members,

which is involuntarily conveyed as shouted speech. Thus the presence of shouted and overlapped

speech may be considered as the crucial cues for identifying competitive speech in news debates.

This thesis attempts to identify competitive speech in news debates using shouted and overlapped

speech information. Shouted, overlapped, and competitive speech detection tasks have been studied

separately as three different problems in the speech literature. This chapter presents a review of

existing works related to shouted, overlapped and competitive speech in section 2.2, 2.3 and 2.4,

respectively. Furthermore, section 2.5 discusses the limitations of existing literature that have inspired
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the present thesis work.

2.2 Shouted speech detection: A review

Shouted speech is defined as “speech with high vocal effort” [19]. Shouted speech is produced

with greater activity of respiratory muscles caused by pumping (out) of a larger volume of air from

lungs [16]. This leads to increased tension induced in vocal folds during shouted speech production.

As a result, the vocal folds start vibrating faster and give the perception of a higher pitch. A larger

strength of excitation is required to produce shouted speech in comparison to normal speech [19].

Therefore, shouted speech can be considered as the speech segment containing higher fundamental

frequency (F0) and increased loudness than normal speech. In addition, shouted speech is associated

with higher Sound Pressure Level (SPL) in comparison to normal speech [41]. Existing works have

studied SPL to quantify signal intensities of different vocal modes [41,42]. However, researchers have

found that shouted speech is much more than just a high-intensity normal speech [43]. In fact, various

acoustic properties are affected due to varying vocal efforts. Existing works have established that the

dynamics of shouted speech production is different from that of normal speech [44, 45] and can be

observed from variations in excitation source and vocal tract system properties [16, 46, 47]. In this

chapter, previous approaches are categorized based on their focus on specific acoustic properties. A

review of existing works for characterizing shouted speech is discussed next.

2.2.1 Glottal flow based features

Researchers have analyzed the glottal waveform and its first-order time-derivative to explore

changes in excitation source characteristics due to shouted speech production. In this context, various

features have been proposed in the literature. The definition of popularly used glottal flow based fea-

tures are presented here. Holmberg et al. [48] defined Maximum airFlow Declination Rate (MFDR)

as the maximum negative peak amplitude present in the derivative of the airflow. Several time-based

and flow amplitude-based features derived from glottal airflow and its derivative are also studied.

The time-based feature set included fundamental period (T0), Open Quotient (OQ), Closed Quotient

(CQ), Closing Quotient (CIQ) and Speed Quotient (SQ) [48–51]. The OQ is the ratio of open phase

duration to the glottal period. The CQ is defined as the ratio of closed phase duration to the glottal

period. The CIQ is defined as the ratio of closing time with the glottal period. The ratio of opening

to closing time is considered as the SQ feature.
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The flow amplitude-based parameter set consists of peak flow, minimum flow, ac flow and ac-dc

ratio [48]. The peak flow parameter captures the flow amount from zero flow baseline to the maximum

flow. In contrast, the minimum flow is defined as the amount of flow from zero flow baseline to the

minimum flow. The minimum flow during the closed phase is the dc offset value, also called DC

flow [52]. The DC flow cannot be measured from the speech signal and requires a flow mask for its

measurement. The difference between peak flow and minimum flow is termed as the ac flow. The

ratio of root mean square of ac flow near its mean with the mean of ac flow is defined as the ac-dc

ratio. Backstrom et al. [53] proposed the Amplitude Quotient (AQ) feature. The ratio of maximum

amplitude of glottal flow to the negative peak of differentiated glottal flow is defined as AQ [53]. The

AQ normalized by cycle duration is termed as the Normalized Amplitude Quotient (NAQ) [51]. Other

features explored in [48] were average glottal airflow, transglottal air pressure, glottal resistance, vocal

efficiency and F0. Vocal efficiency is defined as the ratio of sound power to the product of average

flow and air pressure. Glottal resistance is defined as the ratio of air pressure and average flow.

Holmberg et al. [48] studied glottal waveform, average transglottal pressure and glottal airflow for

characterizing soft, normal and loud speech. Holmberg et al. [48] used the glottal airflow, subglottal

air pressure and sound intensity obtained from oral airflow, intraoral air pressure and sound pressure

signal. Statistical results show that the variation in speech signal from normal to loud is associated

with the increased pressure, ac flow and MFDR. In contrast, soft voices are accompanied by decreased

pressure, ac flow and MFDR. A correlation between the MFDR and sound pressure level was observed

for different vocal modes [48, 54]. An estimation of the glottal waveform is obtained from the speech

signal. The MFDR computed for the estimated glottal signal showed a high (positive) correlation

with spectral tilt [55]. The SPL [48] and Sub-Glottal Pressure Level (SGPL) [54] were found to be

correlated with different loudness levels. Both SPL and SGPL were observed to be higher for shouted

speech.

The shape of glottal cycle has also been shown to change during the production of shouted speech

[48]. Various features capturing the shape of glottal volume velocity and its derivative have also been

studied. More symmetrical glottal cycles were observed to be associated with soft voices than louder

ones [56,57]. The relative duration of open and closed phases of a glottal cycle is also affected due to

shouted speech production [16, 48]. In this context, researchers have parameterized the glottal signal

by OQ, CQ, CIQ and SQ [49–51]. The value of OQ feature was observed to decrease as the vocal
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mode increased from soft to loud [49]. In contrast, the CQ parameter value was found to increase

from soft to loud vocal modes [50]. An increment in the SQ was found from soft voices to normal,

while a decrease was observed from normal to loud voice [49,50]. The lowest value of CIQ was found

for normal speech, while it increased for both loud and soft speech [50, 53]. Alku et al. [42] have

used the AQ feature to parameterize the effective decay time of the glottal flow pulse. To the best of

our knowledge, Raitio et al. [41] first introduced NAQ in the context of shouted speech analysis. A

decrement was observed in the NAQ value for increasing vocal effort.

2.2.2 Speech based excitation source features

Researchers found that the Negative Peak Amplitude of the Differentiated Glottal Flow (NPA-

DGF) is the source characteristic most closely associated with signal intensity [58]. In shouted speech

production, increased subglottal pressure primarily results in the amplification of NPA-DGF. Addi-

tionally, rise in F0 is also observed as the secondary effect of the increased subglottal pressure [59,60].

Existing works have widely studied F0 for different vocal modes [16,41,61–63]. Increasing vocal effort

is definitely associated with a higher value of F0, but the converse is not necessarily true. A speaker

can produce a loud voice by keeping a constant pitch [54]. Hence, a change in F0 is an effect of

varying loudness rather than a cause of it [19]. Rostolland [64] observed that the differences between

F0 corresponding to different speakers are lower in comparison to that of normal speech.

Raitio et al. [41] analyzed the effect of shouted speech on F0, difference between first and second

harmonics (H1 − H2), NAQ, and SPL. Authors in [41] argued that shouted speech is different from

Lombard speech. A speaker produces Lombard speech while communicating in a noisy environment.

During the production of Lombard speech, normal speech production mechanism is modified involun-

tarily to produce a more intelligible speech [65,66]. However, if the vocal effort level is increased to a

level of shouted speech (voluntary action), the intelligibility decreases [66].

Seshadri et al. [19] proposed two measures, namely strength of excitation (η) and Amplitude of

Excitation (AoE). The feature η represents the sharpness of the Hilbert Envelope (HE) of the Linear

Prediction (LP) residual signal. The AoE feature is defined as the amplitude of peaks in the HE of

LP residual signal around Glottal Closing Instances (GCIs). A similar measure, called Strength of

Excitation (SoE), is defined by Mittal and Vuppala [62]. The SoE feature was defined as the slope of

the Zero Frequency Filtering (ZFF) signal around GCIs. The SoE and F0 were explored in [62] for

automatic detection of shouted speech. Baghel et al. [46] have used peak to side-lobe ratio of HE of
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LP residual to characterize the variation around GCI locations.

Mittal and Yegnanarayana [16] studied the effect of excitation source in the production of shouted

speech. Authors of [16] defined a feature α as the ratio of closed phase duration to the glottal cycle

period (in percentage). The mean for α values corresponding to different utterances was computed.

Further, the percentage changes in the mean α for shout, loud and soft vocal modes with reference

to normal speech were calculated. Higher positive changes are observed for shouted speech followed

by loud speech. In contrast, negative percentage changes are obtained for soft speech. Mittal and

Yegnanarayana [16] used the Hilbert envelope of the double differenced Numerator of the Group

Delay (HNGD) spectrum to propose a β feature. They defined β as the ratio of the average levels

of Low-Frequency Spectral Energy (LFSE) to the High-Frequency Spectral Energy (HFSE) of the

HNGD spectrum. A frame size of 5 ms with one sample shift was used for extracting the HNGD

spectrum. The LFSE is computed from the 0− 400 Hz frequency band and the HFSE is obtained for

the 800−5000 Hz frequency range. A decrement in the LFSE values and increment in the HFSE values

were observed when vocal modes changed from soft to shout [16]. Mittal and Yegnanarayana [16] also

proposed another feature σLFSE to capture the temporal variation on the LFSE values. The σLFSE

was observed to decrease from soft to shout voices [16]. The β and σLFSE features are computed from

the HNGD spectrum. Authors of [16] argued that the temporal changes of the spectral characteristics

can reveal the information of excitation source variations. Mittal and Yegnanarayana [16] also studied

percentage changes in F0 with respect to normal speech. Authors of [16] also analyzed the coupling

effect of the excitation source with the vocal tract.

2.2.3 Spectral features

Production of shouted speech changes the vocal tract shape along with an increase in articulatory

movements of lips and lower jaw [16, 44]. Shouted speech is associated with an abrupt closing of

vocal folds, leading to the presence of higher spectral energy in mid or high-frequency regions [56].

Spectral features like deviation of formant locations and their bandwidths, tilt, and harmonic richness

have been analyzed for characterizing different loudness levels. The harmonicity of a spectrum is

measured by the number of harmonics of fundamental frequency in a given band along with their

spectral intensities. Spectra of loud voices were observed to be harmonically richer compared to that

of soft and normal voices [19]. Formant frequencies and their bandwidths are observed to deviate in

case of shouted speech [67]. An increased vocal effort is associated with an increase in energy, higher
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F0, and raised first formant location [63]. Rostolland [68] claimed that the first formant frequency is

significantly shifted for the shouted vowel in comparison to the normal vowel. The same conclusion was

made in [63, 69]. Traunmüller and Eriksson [63] found prominent changes in first formant frequency

for females in comparison to male speakers. The frequency and amplitude of formants were studied

by Liénard and Di Benedetto [69] for different vocal efforts. An increment in the amplitude of the

first three formants was found for higher vocal efforts [69]. The dominant peak location in vocal tract

spectrum modeled by LP coefficients is defined as dominant frequency (FD) [62]. A higher value of

FD is observed in the case of shouted speech.

Researchers have widely used Mel-Frequency Cepstral Coefficients (MFCC) for capturing vocal

tract information [70, 71]. The MFCC feature is also used for discriminating shouted and normal

speech [72]. Wavelet coefficients, MFCCs and their variants have been studied for the task of detecting

shout and scream [73,74]. The MFCC feature has been used to study the effect of shouted speech on

the performance of automatic speech recognition [75]. Spectral measures such as flatness, centroid, and

spread have been explored along with MFCC for scream detection [76]. Rouas et al. [61] investigated

MFCC with LP coefficients and Perceptual Linear Prediction (PLP) coefficients for detecting sound

events in public transports. Zelinka et al. [77] utilized the MFCC feature to examine the effect

of varying vocal effort on isolated word recognizers for five different vocal modes. Other spectral

features, such as balance, flux, tilt, and roll-off, have also been explored in the literature [45,55,67,78].

Spectrum balance is defined as the level of the (2−6) kHz band relative to the (0.1−1) kHz band [78].

It is observed to increase for louder voices. The spectral tilt was also found to be correlated with

abrupt closing of vocal folds [55]. A lower spectral roll-off was observed from the glottal waveform

spectrum for shouted speech than that of normal [67]. A higher spectral flux for shouted speech was

observed in [45]. An alpha measure (different from α [16]) is defined as the proportion of spectral

intensity above and below 1 kHz [79]. It was observed to rise linearly as the loudness level increased.

A feature called Sum of Ten Largest spectral Peaks (STLP) was used in [46] to capture the variation

in vocal tract shape due to shouted speech. A higher value of the STLP feature was observed for

shouted speech than normal speech. Baghel et al. [46] have also explored suprasegmental information

of shouted speech in terms of modulation energy. Shouted speech was found to be associated with

higher modulation energy than that of normal speech [46].

A summary of the features used in the literature for characterizing shouted speech and other vocal
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Table 2.1: Summary of features used for shouted speech characterization in the literature.

Glottal flow & Maximum airFlow Declination Rate (MFDR) [48],

its derivative Peak flow, Minimum flow, Ac flow and Ac-dc ratio [48]

Glottal resistance, Vocal efficiency and F0 [48]

Sub-Glottal Pressure Level (SGPL) [54]

Amplitude Quotient (AQ) [42,53],

Normalized Amplitude Quotient (NAQ) [41]

Fundamental period (T0), Open Quotient (OQ), [48–51]

Closed Quotient (CQ), Closing Quotient (CIQ) [48–51]

Speed Quotient (SQ) [48–51], alpha [16],

Speech based F0 [16, 41,61–63]

excitation features Strength of excitation [19,45,62] and Amplitude of excitation [19]

Beta [16], Standard deviation of low-frequency energy (σLFSE) [16]

Peak to side-lobe ratio of HE of LP residual [46]

Spectral Spectral harmonicity [19]

Flatness [76], Centroid [76], Spread [76]

Balance, Flux, Tilt and Roll-off [45,55,55,67,78]

Wavelet coefficients [73,74], Modulation energy [46]

Sum of Ten Largest spectral Peaks (STLP) [45,46]

Difference between first and second harmonics (H1 −H2) [41]

Deviation of formant locations and their bandwidths [63,67–69],

Amplitude of first three formants [69], Dominant frequency (FD) [62]

MFCC [61,72–77], LP coefficients [61], Perceptual Linear Prediction (PLP) [61]

modes is presented in Table 2.1. Features are grouped into three wide categories. The first category

covers the features that capture different aspects of glottal flow and its time-derivative. The second

category includes excitation source features derived from the speech signal. The last category contains

spectral-based features.

2.2.4 Classifiers

Most of the existing works have presented different kinds of analysis for shouted speech character-

ization. Some of these works have reported classification performance of shouted and normal speech.

Pohjalainen et al. [43] used the Gaussian Mixture Model (GMM) for learning the distributions of
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shouted, normal, and noise class. Separate GMMs were trained for each of the classes. The GMMs

were trained using diagonal covariance matrices along with eight Gaussian components. Zhang and

Hansen [18] used a Universal Background Model (UBM) due to the limited size of training data for

each class. Further, the UBM was adapted for each speaker using maximum aposteriori probabil-

ity. Zelinka et al. [77] have analyzed the classification of different vocal efforts using three types of

classifiers, namely GMM (diagonal covariance) based Bayesian classifier, GMM (full covariance) and

Support Vector Machines (SVM). The Radial Basis Function (RBF) kernel was used in the SVM

classifier. A non-linear mapping based classification was performed in [45,46]. Baghel et al. [45] used

SVM based classifier (with RBF kernel) for discriminating shouted and normal speech.

2.3 Overlapped speech detection: A review

Signal characteristics of overlapped speech are significantly different from that of a single speaker’s

speech. These differences are reflected in time domain characteristics as well as in spectral-domain

features. Initial studies on overlapped or co-channel speech were in the context of “usable” speech

detection for the application of speaker recognition [80–84]. Speech segments containing sufficient

information for identifying the target speaker were considered as the“usable speech” [80]. The selec-

tion of usable speech hugely depended on the Target-to-Interferer Ratio (TIR). The TIR represents

the ratio of target to interfering speaker energy. Later, overlapped speech has been studied for dif-

ferent applications, such as speech recognition. Existing literature has explored different aspects of

overlapped speech which are discussed in the upcoming sub-sections.

2.3.1 Fundamental frequency and voicing related features

Single speaker’s speech has regular spectral harmonic patterns due to the presence of a single

F0. In contrast, the presence of two or more F0 in overlapped speech results in irregular spectral

patterns [24]. This leads to a higher temporal variation of pitch period contour for overlapped speech

in comparison to single speaker’s speech [25]. Changes induced in the pitch patterns have been studied

in the literature.

Shao and Wang [83] utilized a multi-pitch tracking algorithm for detecting usable speech for speaker

identification task. The single speaker’s frames were considered the “usable” speech. Overlapped

speech (with lower TIR) can be considered the “non-usable” speech. The multi-pitch tracking approach

utilized a 128 Gammatone filters to get the pitch peaks. The detected peaks were then passed through
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a Hidden Markov Model (HMM) to obtain the most likely pitch tracks. The number of pitch tracks

determined by this approach was used to find the number of speakers present in a frame. Shao and

Wang [83] used synthetically generated data from a subset of the TIMIT corpus [85].

Lovekin et al. [80] employed a time domain measure, called Adjacent Pitch Period Comparison

(APPC) for finding usable speech in the context of speaker identification. The APPC feature compares

the adjacent pitch periods corresponding to voiced speech. This feature was used to determine the

usefulness of speech distorted by an interfering speaker. The advantage of the APPC approach is that

it does not require any prior information about the energy of simultaneous speakers individually. The

APPC feature was successful in finding nearly 75% of usable speech. Yantorno et al. [86] also used

the APPC feature for detecting usable speech. Authors of [86] compared LP based features with the

APPC representation. The APPC feature outperformed the other feature representations.

Charlet et al. [87] utilized a Spectral Comb based multi-pitch estimator in the LIMSI overlapped

speech detection system. Spectral combs served as a spectral matching tool to identify harmonic

components of voiced speech. Due to the presence of multiple pitches in overlapped speech, two

families of combs, namely missing teeth and negative teeth, were used to tackle the sub-harmonic

and harmonic errors, respectively. Charlet et al. [87] evaluated their method on the ETAPE TV

corpus [88] (containing real overlapped speech). Boakye et al. [89] explored variation in pitch peaks

using the harmonicity feature. The standard deviation of pitch peaks extracted using the maximum

likelihood pitch estimation procedure was considered as the harmonicity feature. This work also used

other spectral and voicing-related features.

Overlapped speech detection task has also been attempted by exploring different voicing-related

characteristics. In this context, Geiger et al. [26] proposed the use of different voicing features along

with other acoustic features. The voicing feature set consisted of F0 extracted using sub-harmonic

summation with Viterbi smoothing, voicing probability, local-shimmer, jitter along with its delta, and

logarithmic Harmonic-to-Noise Ratio (logHNR). Jitter and shimmer were found to be a good measure

of simultaneous speakers as they capture the variations in F0 and speech amplitude, respectively.

Otterson and Ostendorf [90] discussed the efficient use of overlapped speech detection for im-

proving speaker diarization performance. Authors of [90] used Oracle overlap detector for finding

overlapped speech on NIST Rich Transcription (NIST-RT) meeting data [91]. Further, it was utilized

to demonstrate the speaker diarization improvement. Otterson [92] proposed a pitch-based automatic
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overlapped speech detection system for single-channel and microphone array data. The experiments

were performed on synthetic overlapped data from the TIMIT corpus and real overlap scenarios of

NIST-RT data. The author [92] explored pitch detection and Hough transform based features. The

fundamental period (T0) of speech was detected using a cepstral pitch detector by searching a peak in

a cepstrum. However, the cepstral pitch detector has some limitation in the case of noise and natural

speech variability scenarios. In such cases, the peak location in the cepstrum may get shifted from

their actual positions [92]. Thus, a cepstral pitch detector is expected to provide false T0 values in

such situations. Hence, Hough transformation was used in [92] to enforce the T0 continuity.

Otterson [92] investigated voiced speech spectral features for targeting the detection of two si-

multaneous pitch values (or overlapped speech). The feature set consists of Hough image entropy,

synthesized spectral match, harmonic screen, normalized squared synthesis error, Spectral Flatness

Measure (SFM), Peak-to-Valley Ratio Spectral Flatness Measure (PVRSFM) and envelope correlation

based characterization of the data. It was expected that the Hough image for a single speaker might

be more peaky in comparison to overlapped speech cases. Synthesized spectral match based feature

captures the correlation between the synthesized and measured spectrum. A lower correlation value

is expected to be associated with either overlapped or unvoiced speech. The second spectral match

feature, i.e. harmonic screen, was used to quantify the portion of spectral power within the harmonic

screen of F0. The normalized squared synthesis error was considered as another spectral match fea-

ture. All the spectral match features require voiced speech. Hence, SFM was used as a voiced speech

detector. The SFM feature was defined as the ratio of the geometric mean to the arithmetic mean

of the power spectrum. The PVRSFM was considered as another representation of spectral flatness

measure to highlight the task specific information of peaks and valleys. All the pitch-based detectors

performed well for voiced speech (synthetic data). In contrast, MFCC features were found to be a

good performer for unvoiced speech. The reported results on synthetic data demonstrated that the

combination of all these measures with MFCC features provides the best overlapped speech detection

performance. However, pitch-based detection systems were not found to be useful in real speech data

from the NIST corpus.

2.3.2 Spectral harmonicity based features

Spectral harmonicity plays an important role in differentiating overlapped speech from single

speaker’s speech [23, 26]. Overlapped speech is associated with a spectrum with less structured har-
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monic content due to the presence of intersecting harmonic structures of simultaneous speakers [23].

Spectral harmonicity has been widely studied in the literature for addressing overlapped speech de-

tection and related tasks.

Significant efforts have been made by Yantorno et al. [80–82,84,86,93] to identify usable speech by

exploring different aspects of harmonicity. In [93], authors proposed the use of Spectral Autocorrelation

Ratio (SAR) to detect the usable speech for speaker identification task. The SAR feature was defined

as the ratio of first local maximum (other than at zero lag) to the next local maximum spectral

autocorrelation values. These two autocorrelation peaks should not be harmonically related. The

SAR values are expected to be lower (near to 0) for the speech frames significantly corrupted by other

speakers [93]. In [82], authors used the SAR features to illustrate the effect of usable speech for speaker

identification task by varying detection threshold values. This feature was modified to the Spectral

Autocorrelation Peak-to-Valley Ratio (SAPVR) for detecting co-channel speech [81]. The peaks and

valleys are prominent in a speech signal with small interference by other speakers. However, such

patterns are not prominent when the speech is considerably corrupted by an interfering speaker (i.e.

overlapped speech). The SAPVR feature was defined as the ratio of sum of the spectral autocorrelation

peaks to the autocorrelation value of the first valley [81]. The SAR and SAPVR features capture the

regular structure of harmonic peaks present in the frequency domain.

Further, Sundaram et al. [84] proposed a linear predictive coding based usable speech detection

method. Authors of [84] believed that the information about the number of speakers can be obtained

from the predominant spectral peak (i.e. first formant). As a result of this, they focused on the

number of spectral peaks within the range of the first formant location (0−1 kHz) and used it to detect

usable speech. Authors of [84] believed that the LP coefficients-based feature provides complementary

information to the SAR and SAPVR measures. The SAPVR and peak count based features are the

representative measures of spectral harmonic and envelope information of speech signal. All these

works were evaluated on synthetically mixed speech signals generated from the TIMIT corpus. A

modified version of the SAPVR feature was proposed by the same research group [86] that was termed

as Spectral Autocorrelation Peak Valley Ratio-Residual (SAPVR-Residual). The SAPVR-Residual

feature utilizes the autocorrelation structure of the LP residual magnitude spectrum. The advantage

of using LP residual lies in removing vocal tract information from the signal and thus, obtaining a

more periodic representation. This leads to a flatter magnitude spectrum of the LP residual signal,
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which helps in obtaining a better spectral autocorrelation. Yantorno et al. [86] experimented with the

combination of SAVPR and APPC for detecting usable speech and found a significant improvement

using the combination of both features.

Wrigley et al. [94] studied four different categories of speech in multi-channel audio recorded by

closed headsets. One of these categories was “crosstalk with speech”, which is essentially overlapped

speech. In such near-field recordings, the individual microphones are very near to the intended speaker

compared to the interfering speaker. This would probably lead to a high TIR. The detection of

overlapped speech in high TIR cases is comparatively more complex than in low TIR situations.

However, near-field recordings are expected to have high Signal-to-Noise Ratio (SNR) values and

be less affected by reverberation. This is the advantage of near-field recordings in contrast to far-

field recorded data. Authors of [94, 95] utilized a large set of acoustic features with GMM classifier.

The acoustic feature set included MFCC, log energy, zero crossing rate, kurtosis, fundamentalness,

SAPVR, Pitch Prediction Feature (PPF), genetic programming and cross-channel correlation based

measures. The fundamentalness measure was derived using the amplitude and frequency modulation

obtained from band-pass filters. Single speakers’ speech is expected to have high fundamentalness

compared to overlapped speech. When more than one fundamental is present, interference between

the two components causes modulation, which lowers the fundamentalness measurement. For the

PPF extraction, potential pitch peaks were obtained from a Gaussian filtered LP residual signal.

The standard deviation of the differences between these peaks is considered as the PPF feature. For

single speaker cases, the prominent peaks occur at a regular interval, leading to a smaller standard

deviation. In contrast, overlapped speech contains a significant number of prominent peaks at irregular

intervals due to overlapping harmonics. This results in a higher standard deviation of their difference

values and hence higher PPF values. The genetic programming set includes features derived from the

auto-correlation of the time-domain signal and its first-order derivative. The experimental results on

the ICSI meeting corpus [96] found that energy, kurtosis, and cross-correlation metrics are the most

suitable features for overlap detection.

Shokouhi et al. [23] proposed an overlapped speech detection system with the application of driver

assistance for in-vehicle active safety purposes. This work explored spectral harmonicity and envelope-

based features to capture the discriminative patterns of single speakers and overlapped speech. Average

spectral aperiodicity, spectral flatness, kurtosis and MFCC have been used in this work. The average
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spectral aperiodicity feature captures the degree of non-harmonic spectral structures. The results

showed that overlapped speech contains more aperiodic components in comparison to single speaker’s

speech. In contrast, spectral flatness was used to capture spectral harmonicity information. This work

was tested on the synthetically generated overlapped speech by mixing (at 0 dB) phonemes taken from

the TIMIT corpus [85]. The envelope and spectral harmonicity were found to be potential features for

the task. This work has also been evaluated on the UTDrive corpus [97] containing real scenarios of

overlapped speech. Shokouhi et al. [23] observed that the driver performance is significantly correlated

with the location and amount of overlapped speech.

2.3.3 Spectral and cepstral features

The MFCC [23,26,94,98] feature is one of the most widely used spectral magnitude based feature for

detecting overlapped speech. Mel-filter bank-based features have also been used to detect overlapped

speech for improving speaker diarization system [99]. Considerable efforts have been made by Boakye

et al. [21,89,100,101] for overlapped speech detection in the context of meeting diarization. In [100], the

authors studied several acoustic features, namely MFCC (12th order with ∆), short-time Root Mean

Square (RMS) energy, LP coefficients residual energy, and Diarization Posterior Entropy (DPE), for

their task. A higher RMS energy is expected to be associated with overlapped speech than that of

single speaker’s speech. The LP coefficients capture formant information of single speaker’s speech.

However, the formants of simultaneous speakers might not be captured by fixed order LP coefficients.

This would probably result in higher LP residual energy. The DPE feature represents the entropy

information of speaker specific posterior probabilities extracted from the diarization system. The

experiments were performed on a subset of Augmented Multiparty Interaction (AMI) [102] corpus.

The overlapped speech detector helped in the performance improvement of the diarization system. A

feature set containing MFCC, RMS energy and DPE, and their delta coefficients provided the best

performance.

Boakye et al. [101] extended their previous work [100] by adding new features, namely spectral

flatness, harmonic energy ratio and modulation spectrogram. The harmonic energy ratio is a measure

of voiced speech and is computed as the ratio of harmonic to non-harmonic energy. The harmonic

energy was calculated by considering the energy of every harmonic Discrete Fourier Transform (DFT)

band along with two nearby bands. A Pitch detector was used to identify the harmonic bands. The

energy distribution of voiced overlapped speech is not expected to be confined in the harmonic bands
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of detected pitch (i.e. the pitch of dominant speaker) as opposed to that of single speaker’s voiced

speech. The modulation spectrogram feature was explored to utilize a longer temporal context for the

signal.

Boakye et al. [89] added three new features, namely kurtosis, zero-crossing rate, and harmonicity,

in addition to their earlier feature set [100, 101]. The selection of prominent features was performed

using Kullback-Leibler (KL) divergence based feature discriminant analysis method. The LP residual

energy, RMS energy, spectral flatness, and harmonicity were found to be the most discriminative

features. Hence, these four salient features along with MFCC were finally used for overlapped speech

segmenter, and subsequently, it was used to achieve improved diarization performance.

Charlet et al. [87] described the Orange and LIMSI overlapped speech detection systems. This

is believed to be the first work to show the impact of overlapped speech on speaker diarization for

broadcast news and debate data. This system was developed for the ETAPE campaign. The ETAPE

TV corpus contains data from three French TV channels’ broadcast news and debate shows. The

statistics of the dataset showed that the highest amount of overlapped speech is present in debate

shows. The LIMSI overlapped speech detection system utilized cepstral features, namely PLP and

log-energy with their delta and double delta coefficients. This work also used multi-pitch based

features. However, the Orange system explored MFCC and log-energy with their delta and double

delta coefficients as cepstral features.

The usefulness of deep learning based approaches for detecting overlapped speech on independent

time frames is demonstrated by Andrei et al. [98]. Authors of [98] illustrated how the detection

accuracy is affected by the duration of short-time frame by using three different frame durations, viz.

25 ms, 100 ms and 500 ms. Four magnitude based features, namely spectrum magnitude (up to 4

kHz), 12-MFCC + log energy + zeroth cepstral coefficient, signal envelope using Hilbert transform and

12th order Auto-Regressive (AR) model coefficients were used. Andrei et al. [98] also used squared

feature values to enhance the classification performance. The MFCC feature with zeroth cepstral

coefficient was used for 500 ms frame duration. For 100 ms frames, MFCC, zeroth cepstral coefficient

and AR features along with their squared values were considered. However, all four features along

with their squared values were used for 25 ms frame duration. Andrei et al. [98] found that a frame

duration of 100 ms can be sufficient by considering the performance. Andrei et al. [98] used the

artificially generated overlapped speech by mixing up to 3 single speaker’s data (Romanian language).
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Recently, Andrei et al. [33] have extended their previous work [98] for counting speakers in overlapped

speech. Authors of [33] explored histograms of speech signals and spectrograms in addition to the

features used in [98] for different frame durations ranging from 25 ms to 1 sec. The best results were

obtained for a minimum frame duration of 500 ms. This work also presented a perceptual study to

investigate the human’s ability to correctly count the number of simultaneous speakers in a mono-

channel speech signal. Andrei et al. [33] used the speaker counting system for detecting overlapped

speech for synthetically generated data (up to 4 simultaneous speakers).

2.3.4 Time-frequency based representations

Shokouhi et al. [103] proposed the use of Gammatone filterbank based sub-band decomposition of

speech signals for detecting overlapped speech. The magnitude spectra of the modulated signal were

termed as Gammatone Sub-band Frequency Modulation (GSFM). The spectra of GSFM features

are observed to be dispersed in case of overlapped speech in comparison to single speaker’s speech.

Authors of [103] used GSFM roll-off feature to quantify the dispersion present in the signal. Shokouhi

et al. [103] evaluated their proposal on Speech Separation Challenge (SSC) corpus [104] by comparing

GSFM with signal kurtosis, spectral flatness and spectral autocorrelation peak-valley ratios. The

performance of the GSFM feature outperformed the other features considered.

Shokouhi et al. [22] extended their previous work [103] for the application of word-count prediction.

Authors of [22] proposed the use of Teager–Kaiser Energy Operator (TEO)-based pyknogram (pykno-

gram) for detecting overlapped speech. Pyknogram is considered as the enhanced time-frequency

based representation. It preserves the resonant time-frequency patterns of single speaker’s speech

while suppressing the non-harmonic components. However, abrupt distortions are observed in the

harmonic patterns of pyknogram due to simultaneous speakers. Euclidean distance between consecu-

tive pyknogram frames was used for detecting overlapped speech. Shokouhi et al. [22] compared their

proposal with GSFM [103] based representation. The work [22] was evaluated on the SSC database by

adding noise samples obtained from Prof-Life Log corpus [105]. The pyknogram was found to be more

noise-robust in comparison to GSFM representation. Furthermore, Shokouhi and Hansen [32] used

pyknograms for detecting synthetically generated overlapped speech from GRID corpus [106] for use

in the speaker verification task. The GRID corpus contains overlapped speech mixed at six different

Signal to Interference Ratio (SIR) ranging from -9 dB to 6 dB with an increment of 3 dB. Authors

of [32] reported that the pyknogram based approach achieves the best results with a minimum seg-
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ment duration of 2 seconds. The same research group [107] extended the pyknogram based work [32]

by comparing it with the Convolutive Non-negative Matrix Factorization (CNMF) based approach.

Yousefi et al. [107] observed that pyknogram works well in real scenarios than CNMF [107].

Yousefi and Hansen [108] extended their earlier work [107] by proposing the use of Convolutional

Neural Network (CNN) based architecture to detect overlapped speech for a frame size (25 ms) dura-

tion. Yousefi and Hansen [108] compared different features, namely pyknogram, spectral magnitude,

MFCC with delta and Mel filter-banks based representation for overlapped speech detection. The py-

knogram outperformed the other spectral features. Authors of [108] also observed that the overlapped

speech detection is easier for the opposite gender’s overlapped data compared to the same gender’s

mixed data. Recently, Yousefi and Hansen [109] extended this work [108] by proposing a block-based

CNN architecture. Yousefi and Hansen [109] argued that their proposed system is robust to variation

in features due to room interference and environmental noise. Yousefi and Hansen [108,109] evaluated

their approaches on simulated overlapped speech data using GRID corpus.

Kazimirova and Belyaev [24] proposed a harmonic traces based approach with a high time resolu-

tion spectrogram for detecting overlapped speech. Their proposal is based on the hypothesis that the

overlapped speech contains irregular harmonic patterns in contrast to regular parallel patterns for sin-

gle speaker’s speech. Spectrograms extracted for the frequency range from 0 to 1500 Hz were utilized.

A Hamming window of size 80 ms with 20% shift was used. The high-time resolution spectrograms

were extracted for each 500 ms segment with a 10 ms segment shift. Kazimirova and Belyaev [24]

used a CNN based classifier. The Log-normal spectrum, histogram equalized log-normal spectrum and

contrast limited adaptive histogram equalized log spectrum were considered as three different chan-

nels of the input data to the CNN classifier. Only voiced speech was considered to detect overlapped

speech. Pauses and unvoiced sounds were removed in the pre-processing step. Authors of [24] trained

the CNN architecture on TED Talks dataset (in English) [110] by generating synthetic overlapped

speech. Authors of [24] also evaluated their approach on SSPNet Conflict Corpus (in French) [111]

containing political debates.

Neeraj et al. [112] proposed the use of Long Short-Term Memory (LSTM) based deep learning

approach to learn temporal patterns of the speech signal to detect overlapped speech. Authors of [112]

evaluated their work on the synthetically generated overlapped speech from TIMIT corpus [85] and real

overlap scenarios present in AMI corpus [102]. Mel-spectrograms extracted from 40 triangular filters
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for each 25 ms frame with a shift of 10 ms were used. A context size of 11 frames was considered to

train the model. Spectral features, such as SFM, kurtosis, and MFCC with delta coefficients, were used

as baseline features. Neeraj et al. [112] found that spectrogram based time-frequency representation

in conjunction with LSTM based classifier can be an effective overlapped speech detection system.

Bullock et al. [113] proposed the use of trainable SincNet [114] features in conjunction with LSTM

based architecture for detecting overlapped speech. The proposed model was learned on 2 sec speech

segments either with MFCC (19 dim.) along with their delta and double delta coefficients or with

trainable SincNet feature. The MFCC feature was extracted for 25 ms frames with a 10 ms shift.

Bullock et al. [113] evaluated their work on AMI (headset mix), DIHARD II and ETAPE (TV subset)

corpora. They found that the trainable SincNet based architecture outperformed the most widely

used MFCC feature on all three corpora.

2.3.5 Other features

The kurtosis feature has been explored in the literature as a measure of Gaussianity of the distri-

bution of speech signal [21, 23, 94, 95, 115]. Single speaker’s speech is modeled as a Laplacian [20, 21]

or Gamma distribution [21], which tend to be leptokurtic (super-Gaussian) [21]. However, this dis-

tribution tends to be more-Gaussian as the number of simultaneous speakers of overlapped speech

increases [21] compared to single speaker case. Therefore, overlapped speech was found to be associ-

ated with lower kurtosis values in comparison to single speaker’s speech [23,94,95,115].

Vipperla et al. [116] explored Convolutive Non-negative Sparse Coding (CNSC) for the overlapped

speech detection in the context of speaker diarization. The motivation behind the usage of CNSC was

its capability to decompose a signal into its contributory sub-signals. The performance on NIST-RT

showed that the CNSC based system gives comparable performance to the baseline systems. The

baseline systems used energy and MFCC with delta coefficients to train HMMs. The CNSC bases for

each speaker were learned from the spectral magnitude representations of single speaker’s speech.

Geiger et al. [26] extended the earlier work [116] to investigate other features along with CNSC

representations. Authors of [26] proposed two CNSC based energy features, namely energy ratio

and normalized total energy. Additionally, several voicing, energy, and spectral based features have

also been utilized. Energy and spectral based features include MFCC, loudness, zero crossing rate,

spectral energy (250−650 Hz and 1−4 kHz bands), spectral roll-off (25%, 50%, 75% and 90%), spectral

flux, spectral entropy, spectral variance, spectral skewness, spectral kurtosis, spectral harmonicity and
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psycho-acoustic sharpness. All the voicing, energy, and spectral related features were extracted by

using the openSMILE toolkit [117]. The selection of prominent features for detecting overlapped

speech has been performed using KL divergence. The energy based representations were expected to

be a better indicator of overlapped speech. The MFCC, loudness, spectral energy of two sub-bands,

flux, harmonicity, kurtosis, voicing probability, shimmer, jitter and CNSC based two features have

been selected as the potential features. This work was evaluated on AMI corpus. The reported results

showed that the CNSC, voicing, energy and spectral based features in combination with MFCC and

HMM based classifier outperform the individual MFCC features with HMM classifier.

Geiger et al. [118] further extended their previous work [26] by utilizing the LSTM based model

to estimate the frame-level overlap scores. These estimated overlap scores were thresholded to detect

the probable overlapped speech. The estimated overlap scores were also fed to a HMM in addition to

speech features to detect overlapped speech. This work also explored MFCC, several spectral, energy,

voicing and CNSC based features as used in [26]. Geiger et al. [118] evaluated their proposal on AMI

corpus. They used two different feature sets, viz., MFCC, and a set of spectral, energy, voicing, and

CNSC related features. The LSTM with threshold provided a similar performance as that of HMM.

However, the combination of LSTM and HMM showed a performance improvement.

Yousefi et al. [107] studied Convolutive Non-negative Matrix Factorization (CNMF) based approach

for overlapped speech detection. The CNMF was compared with pyknogram [32] representation.

The GRID corpus was used in their work. Authors of [107] observed that pyknogram outperforms

the CNMF based method. The performance of CNMF decreased significantly in the case of unseen

speakers which have not been used for computing bases during the training phase. Another limitation

of CNMF was the requirement of a single speaker’s speech for every individual speaker to extract

their bases. In contrast, the pyknogram does not require such kind of prior information about the

speakers. Their work was also evaluated on audio signals obtained from US Presidential debates,

which contains naturally occurred overlapped speech. This dataset is challenging due to the presence

of varying SIR and environmental noises. The performance of the pyknogram was also satisfactory in

such a challenging scenario.

Yella and Bourlard [119] claim that the occurrence of overlapped speech is correlated with con-

versational features. Hence, the silence patterns and speaker change statistics along with acoustic

features were explored [119]. Sell and Alan [120] studied the usefulness of i-vectors in detecting cross-
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Table 2.2: Summary of features used for overlapped speech detection in the literature.

Pitch F0 [26], Multi-pitch tracking and related features [83,87],

Fundamentalness [94,95], Pitch Prediction Feature (PPF) [94,95]

Adjacent Pitch Period Comparison (APPC) [80],

Cepstral pitch detector [92]

Voicing Voicing probability [26], Local-shimmer [26], Jitter [26]

logarithmic Harmonic-to-Noise Ratio (logHNR) [26]

Spectral Spectral Autocorrelation Ratio (SAR) [82],

Spectral Autocorrelation Peak-to-Valley Ratio (SAPVR) [32,82,94,95,103],

Linear predictive coding [84],

Spectral harmonicity [26,89], Harmonic energy ratio [101],

Harmonic screen [92], Aperiodicity [23],

Spectral Flatness Measure (SFM) [23,32,92,101,103,112]

Peak-to-Valley Ratio Spectral Flatness Measure (PVRSFM) [92]

Energy [26], Roll-off [26], Flux [26], Entropy [26],

Variance [26], Skewness [26], Trainable SincNet features [113]

Cepstral PLP [87]

Mel filter bank [108,109], Mel-spectrograms [112]

MFCC [23,26,33,87,92,94,95,98,100,108,109,112,113,118]

Time-frequency Time resolution spectrogram [24],

Gammatone Sub-band Frequency Modulation (GSFM) spectra [22,103],

Magnitude spectrogram [33,98,108,109]

TEO-based pyknogram [22,32,107–109]

Modulation spectrogram [101]

Time Energy [94,95], Short-time RMS energy [100], Kurtosis [23,32,89,94,95],

LP coefficients residual energy [100], Zero crossing rate [89,94,95,103]

Signal envelope using Hilbert Transform [98],

Histograms of speech signals [33,33]

Others Convolutive Non-negative Sparse Coding (CNSC) [116],

CNSC energy ratio and normalized total CNSC energy [26],

Convolutive Non-negative Matrix Factorization (CNMF) [107]

Diarization Posterior Entropy (DPE) [100],

talks and overlapped speech. An improvement in speaker diarization performance was shown in their

work when the overlapped speech or cross-talk detector was used at the pre-processing stage. Sell and

Alan [120] argued that cross-talk and overlapped speech detection are two different tasks requiring

separate detectors.

A summary of the features used in the literature for overlapped speech detection is presented in

Table 2.2. The features are broadly categorized into pitch, voicing, spectral, cepstral, time, time-
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frequency and other types.

2.3.6 Classifiers

Most of the existing works have utilized HMM for detecting overlapped speech. Boakye et al. [100]

proposed the use of HMM with GMM to identify overlapped speech for speaker diarization. An

HMM based overlapped speech segmenter was used with three classes, namely speech, non-speech

and overlapped speech [100]. GMM with diagonal covariance matrices were used to represent the

state emission probabilities. Similarly, Geiger et al. [26] utilized an HMM-based system for handling

overlapped speech to enhance the speaker diarization performance.

A GMM based classifier was used to detect overlapped speech for driver assessment for in-vehicle

active safety systems [23]. Two GMMs were trained to detect phoneme-level overlapped speech gen-

erated by mixing phones of single speakers from TMIT corpus [23]. The LIMSI overlapped speech

detection system described in [87] used three GMM classifiers for non-speech, overlapped speech

and single speaker’s speech. Whereas, the Orange system [87] trained three GMMs for female non-

overlapped speech, male non-overlapped speech and overlapped speech. Further, the female and male

GMMs were used to build two-state HMMs.

Otterson [92] trained generalized linear model for detecting overlapped speech in synthetic over-

lapped data. The author also trained three GMMs for non-speech, single-speaker speech, and over-

lapped speech using MFCC and microphone delay features. Further, GMM posteriors were fed to

multi-layer perceptron for multi-channel overlapped speech detection.

One of the first studies exploring deep learning based models in the context of overlapped speech

has proposed using LSTM recurrent neural networks [118]. The LSTM in combination with HMM

has also been studied in this work [118]. The combination of LSTM and HMM outperformed the

individual LSTM based system. Sajjan et al. [112] explored LSTM based architectures individually

and also in combination with CNN. Valentin et al. [33, 98] have demonstrated the success of CNN-

based architectures for detecting independent short time-frames of overlapped speech. Recently, a

CNN model trained on spectrograms has been proposed for the classification of overlapped and single

speaker’s speech [24].

Neeraj et al. [112] studied the potential of different deep learning based approaches for the current

task. Neeraj et al. [112] explored Deep neural network (DNN), CNN, LSTM, Bi-directional LSTM (Bi-

LSTM) and CNN-LSTM based classifiers. The GMM was also used as a baseline classifier. The LSTM
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based classifiers were able to provide better class separability between single speaker’s and overlapped

speech. Bullock et al. [113] proposed the use of end-to-end trainable SincNet based architecture for

overlapped speech detection. The architecture consisted of CNN and LSTM layers with two feed-

forward layers. Recently, Yousefi and Hansen [109] proposed the usefulness of a block-based CNN

architecture for detecting smaller time frames (25 ms) of overlapped speech. This work analyzed

the influence of network depth on overlapped speech detection performance by incorporating skip

connections and residual learning.

2.4 Competitive speech detection: A review

The dynamics of overlapped speech have been studied in the literature for improving human-

computer and human-human interactions. The presence of overlapped speech in a conversation can

be utilized to get more insights about the intention and attitude of interlocutors [121, 122]. It has

been observed that overlapped speech can also reveal information regarding conversational satisfaction

among interlocutors [123]. Existing literature broadly categorized overlapped speech into competitive

and non-competitive. In the competitive speech, speakers compete to grab speaker turn. The presence

of competitive overlapped speech can evoke negative experiences among the speakers [123]. However,

overlapped speech is not always problematic. Non-competitive overlapped speech can enhance the

overall conversational satisfaction. In non-competitive speech, the interrupting speaker does not show

any competitive intention for the speaker turn. Existing works have defined cooperative overlapped

speech as being similar to non-competitive speech. Henceforth, the cooperative and non-competitive

terms are used interchangeably in this chapter.

Earlier, turn-taking overlaps and their characterization as competitive or non-competitive has

gained much importance in linguistic related research areas, but very less attention in signal processing

field [40]. However, signal processing researchers have now become interested in understanding differ-

ent signal processing aspects of competitive and non-competitive overlapped speech [37,39,40,124–127].

2.4.1 Categorization of overlapped speech

Researchers have studied different aspects of overlapped speech and its context to categorize it

into competitive and non-competitive. One of the first studies from conversational speech analysis

investigated the placement of overlapped speech [127]. According to Sacks et al. [128], overlapped

speech in a conversation mostly occurs around a possible turn end, known as Transition Relevance

32

TH-2719_156102006



2.4 Competitive speech detection: A review

Place (TRP). The overlapped speech in the vicinity of TRP space is considered as non-competitive

overlap. Other common types of non-competitive overlapped speech are continuer [129] and response

token or backchannel [130]. These are regularly used by overlappers (interrupts the ongoing turn)

for giving a signal to the overlappee (active speaker) for continuing the turn. G.H. Lerner [131, 132]

suggested two types of cooperative overlapped speech, namely collaborative completion and choral

production. In collaborative completion, the upcoming speaker overlaps with the current speaker and

helps in completing the current speaker’s turn. However, the choral production includes the situation

where two or more speakers speak in chorus, such as greeting someone together.

In contrast, overlapped speech in which participants compete for taking the conversation floor is

considered as competitive overlapped speech. French and Local [34] define competitive overlapped

speech as the cases in which the overlapper wants to grab the floor in between the current speaker’s

turn. In such scenarios, the behavior of participants reveals that this kind of overlapped speech is

problematic and requires a solution [36].

Some conversational analysts have explored linguistic aspects of overlapped speech. Jefferson [133]

found that the placement of overlapped speech onset takes place systematically at any location in the

continuing turn. The place of overlap onset reveals the information about the competitiveness of the

overlapped speech [133]. Overlap onsets are primarily categorized into transitional, recognitional and

progressional types, depending on their relative locations to the TRP [133]. Transitional onsets occur

at the TRP. However, progressional onsets occur at the silence present in an incomplete utterance.

These overlaps are considered as the byproduct of the turn-taking process [128, 133] and termed as

byproduct overlaps [133]. In contrast, recognitional onsets occur at places where the upcoming speaker

has achieved a significant understanding of the ongoing speaker’s turn [133]. Such kind of situation

is also discussed by Heldner and Edlund [134]. In such cases, the upcoming speaker is assured about

what the ongoing speaker will speak and intensionally interrupt the ongoing speaker [134]. Jeffer-

son [133] called these onsets as first-order overlaps with varying levels of turn incursion. According to

Jefferson [133], byproduct and first-order overlaps represent cooperative and competitive overlapped

speech, respectively. Thus, widely recognized categories of overlapped speech are competitive and

non-competitive [125].
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2.4.2 Prosody based features

The presence of competitive overlapped speech has been extensively studied in terms of prosodic

features. Speech signal in the vicinity of overlapped speech has been found to exhibit a characteristic

prosodic profile [125]. Various studies have observed that prosodic features such as F0 height, speech

rate, intensity and rhythm are crucial evidences for competitive overlapped speech [34–39]. Sarma et

al. [135] defined F0 height as the y-intercept of the best fitting linear regression line for the pitch contour

of an utterance. Speech rate was defined as the number of syllables uttered in one unit of time [124].

Schegloff [36] also identified some common prosodic characteristics used by speakers during competitive

overlapped speech. These characteristics include speech rate, sound stretches, cut-offs and repetition

of prior words or phrases. The authors of [34,36] observed that the raised F0 with increased volume is

used by overlappers for grabbing the turn. Hence, it is perceived as competitive speech by the current

speaker. Wells and Macfarlane [35] investigated the connection between prosodic characteristics and

overlap onsets. Authors of [35] claimed that the combination of increased F0 and loudness is the major

clue of competitive overlapped speech. This prosodic combination is placed before the latest major

accented syllable in the ongoing speaker’s turn [35]. These studies have focused on how the overlapped

speech is planned and utilized by participants in a conversation. However, these works are limited

in their scope. Some researchers focused on a specific overlap category. For example, French and

Local [34], Schegloff [36] and Kurtić et al. [38] only focused on the overlapped speech placed earlier to

a probable turn completion. Moreover, some works only studied a subset of prosodic characteristics.

For example, French and Local [34] and Wells and Macfarlane [35] focused only on pitch and loudness.

Lee et al. [37] explored only intensity. Kurtić et al. studied F0 in [38] and investigated speech rate

in [124]. However, these works did not address how these features might interact [126]. A more broad

phonetic and phonological insight of overlapped speech is provided by Kurtić et al. [126] by exploring

the distribution of prosodic and positional information along with their combination.

The importance of speech rate, duration and pausing based features for classifying competitive and

non-competitive overlapped speech is explored by Kurtić et al. [124]. This work used a subset of the

ICSI meeting corpus [96] for the analysis. Speech rate was defined as the number of syllables per unit

time [124]. Different characteristics of pauses such as duration, position and frequency were explored.

Duration-based features were studied in terms of time and the number of words. Kurtić et al. [124]

found that duration is the most common characteristic of competitive overlapped speech. Speakers
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continue to speak for a minimum duration of 0.5 sec or 2 words in case of competitive overlaps [124].

Authors of [124] argued that speakers frequently take pauses during competitive overlaps. Speech

rate was found to be the least robust for discriminating between competitive and non-competitive

overlapped speech compared to duration and pausing-based features. This work [124] was extended

by investigating F0, speech rate, intensity and pausing-based features [126]. Statistical features such

as mean, range and standard deviation were extracted for F0 and intensity features. In [126], speech

rate was differently defined as the number of consonant-vowel units per second within a given time

interval.

Oertel et al. [125] studied mean intensity, median and range of F0 extracted from 5 second long

windows with different durations of preceding and following context sizes. Authors of [125] obtained

higher classification accuracies for a preceding context of 0.2 sec and a following context of 0.3 sec on

the D64 corpus [136].

Lee et al. [37] found that along with acoustic features, gesture and disfluency based features also

carry class-specific information. This work considered speech intensity as acoustic, hand motion as

gesture, and disfluency features extracted from transcription. In addition to statistical measures of the

features, two new measures, viz. change and activeness were proposed to capture the dynamic pattern

of the features within a given time interval. The change feature encapsulates the difference between

the features at the final and starting stage of the time interval. The activeness feature represents the

amount of feature variation in a given time interval. Discriminant analysis was performed on intensity,

hand motion features and their combinations extracted from the IEMOCAP database [137]. Lee et

al. [37] found that maximum intensity value and left hand’s change are the most prominent features

for classifying competitive and cooperative interruptions.

2.4.3 Non-prosodic acoustic features

In addition to the prosodic features, some other acoustic features have also been studied in the

literature for identifying competitive overlapped speech. Truong [39] explored Long-Term Average

Spectrum (LTAS) based voice quality features extracted for 500 ms with a shift of 10 ms. The author

extracted the energy distribution in different frequency bands of LTAS, which was assumed to be

associated with breathiness, efforts, coarseness and head-chest register. The maximum energy of an

LTAS sub-band and slope were considered as features. The author defined six different features from

the LTAS, namely Breathy-1, Breathy-2, Effort, Coarse, Headchest and Slope LTAS. Additionally,
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statistical measures, viz. maximum, minimum, mean and standard deviation were extracted for these

acoustic features over different context sizes. Author of [39] found that Effort, Breathy-1 and Breathy-

2 are the most discriminative features. Competitive overlapped speech exhibited larger values for

Effort and Breathy-2 features, while the opposite trend was observed for Breathy-1 and coarseness

features [39]. The Effort measure was the most significant feature among all the features.

Chowdhury et al. [138] proposed the use of acoustic features in an unsupervised framework to

categorize overlapped speech. Authors of [138] computed statistical measures from a large number

of Low-Level Descriptors (LLD) extracted using openSMILE [117]. The features were computed for

1 sec segment duration (with 25 ms frame size and 10 ms frame-shift). The following non-prosodic

LLD features were computed – energy, MFCC, voice quality, shimmer-local, jitter-local, differential

of jitter, logHNR, time-domain zero-crossing rate, spectral features with different bands (0 − 250Hz,

0 − 650Hz, 250 − 650Hz, 1 − 4kHz), formant frequencies (f0-f3), roll-off points (25%, 50%, 70%,

90%), flux, centroid, maximum and minimum position. Delta and double delta coefficients were also

extracted for these features. These 39 dimensional LLD features were transformed into 24 dimensional

statistical measures, namely position of minimum and maximum, range, quadratic and linear regression

coefficients and their approximation errors, variance, centroid, standard deviation, kurtosis, skewness,

zero-crossing rate, mean peak distance, peaks, mean peak, number of non-zeros and the geometric

mean of non-zero values. These features were computed separately for the individual channel of

simultaneous speakers. The features from the individual channel were concatenated and considered

as the final feature set. The feature dimensionality was reduced using principal component analysis.

This work also studied lexical features. Chowdhury et al. [138] found that the acoustic feature group

(including prosodic and non-prosodic) is more significant in comparison to lexical features for clustering

competitive and non-competitive classes. Moreover, the most discriminative acoustic features were

logHNR, shimmer and jitter.

Chowdhury et al. [121, 122, 139] extended their earlier work [138] by finding the most potential

acoustic feature subset for the classification task. Authors of [139] observed that prosody and spectral-

based features are the most prominent features among all other acoustic features. The optimal feature

subset was obtained by using the correlation-based feature selection method. It has been observed

that the optimal feature subset comprises nearly 79.34% spectral, MFCC and energy-based features,

and the remaining subset comprises prosody and voice quality features [139]. The features were also
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extracted for the left and the right context to identify the role of preceding and following context on

either side of the overlapped speech.

2.4.4 Lexical features

Automatic transcription based lexical features were used by Chowdhury et al. [138] for overlapped

speech categorization. Lexical features were extracted using the boundary information of the individ-

ual speaker’s segments obtained from forced-aligned transcription. The words are transformed into

numeric feature vectors using a bag-of-words approach. Authors of [138] computed bigram features

and picked the 2000 topmost frequent features. The frequency information of the features were used

to obtain the product of logarithmic term frequency and inverse document frequency. Chowdhury et

al. [138] observed that the fillers and affirmative words were more frequently used in non-competitive

overlapped speech in contrast to competitive cases. Chowdhury et al. [121,122] further extended this

work [138] by studying trigrams of tokens based lexical features to utilize the contextual advantage of

n-grams and retained only 5000 topmost frequent features. Finally, these features were transformed

into bag-of-trigrams vector space. The lexical features extracted from both the individual simultaneous

speaker’s channels were utilized for the classification using SVMs [121] and DNN [122].

2.4.5 Position and duration based features

Wells and Macfarlane [35] analyzed the starting positions of overlapped speech with respect to

TRP. Authors of [35] observed that the overlapped speech is considered as competitive only if it is

commenced prior to a TRP. However, overlaps initiated at TRPs were not considered competitive.

Moreover, it has been observed that TRP-projecting accents are phonetically different from non-TRP-

projecting ones. The duration of overlapped speech was found to be the discriminative characteristic

of competitive speech. [124,138]. Kurtić et al. [126] studied overlap placement and completion related

features.

2.4.6 Other features

Oertel et al. [125] explored body movement features for classifying cooperative and competitive

overlapped speech. The averaged body and face movements computed for each frame were used.

Truong [39] also analyzed the usefulness of other features such as, head movements and focus of

attention to classify competitive and cooperative overlapped speech. Author of [39] used annotations

provided with AMI corpus [102] for extracting the head movement features. The following head
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Table 2.3: Summary of features used for competitive overlapped speech in the literature.

Prosody F0 [34–36,38,126], Median and Range of F0 [125]

Speech rate [36,124,126], Sound stretches [36],

Cut-offs and repetition of prior words or phrases [36],

Loudness [34–36], Pause [126], Duration [124]

Intensity [37,125,126]

Voice quality Jitter-local [138], Differential of jitter [138], Shimmer-local [138],

logarithmic Harmonics-to-Noise Ratio (logHNR) [138]

Long-Term Average Spectrum (LTAS) [39]

Energy Logarithmic signal energy from PCM frames [138],

Root-mean-square signal frame energy [138]

Spectral Energy in spectral bands (0-250Hz, 0-650Hz, 250-650Hz, 1-4kHz) [138]

Roll-off points (25%, 50%, 70%, 90%) [138], Centroid [138], flux [138],

Max-position [138], Min-position [138]

Formant frequencies [138], MFCC [138,139]

Statistical Absolute position of max and min [121,122,138,139]

measures Skewness, Kurtosis, Centroid, Variance [121,122,138,139]

Maximum [39], Minimum [39], Range [126], Zero crossing rate [138]

Mean [39,126],

Standard deviation [39,121,122,126,138,139],

Mean peak distance, Peaks, Mean peak [121,122,138,139],

Number of non-zeros [121,122,138,139],

Geometric mean of non-zero values [121,122,138,139]

Quadratic regression coefficients and approximation errors [121,122,138,139]

Linear regression coefficients and approximation errors [121,122,138,139]

Other Hand motion as gesture feature [37],

Disfluency features are extracted from transcription [37]

Averaged body and face movement features [125]

Head movements and duration of mutual gaze [39]

Part-Of-Speech based features [121],

Psycholinguistic features [121],

Bag-of-words based lexical features [121,122,138]
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gestures were used in this study – concord (signals agreement), negative (negative response), discord

(signals uncertainty or disagreement), turn (attempt by a listener to grab the speaking floor), emphasis

(attempt to accentuate a word or phrase), deixis (pointing indication involving the head), and other

(other head movements). These gestures were represented in terms of binary form, signifying the

presence or absence of a particular head movement. Truong [39] also studied the focus of attention

based features. The duration for which both the overlappee and overlapper gazed at each other is

considered as the duration of mutual gaze. The mutual gaze duration is utilized in [39]. The focus of

attention feature was also represented in a binary format.

Chowdhury et al. [121] explored Part-Of-Speech based features (POS) obtained from automatically

marked Part-Of-Speech labels using Tree Tagger. Further, POS-based features were transformed into

vector space using the bag-of-words approach. Authors of [121] also analyzed psycholinguistic features

computed from transcription using linguistic inquiry word count. The psycholinguistic characteristics

have been used to identify the association of speaker personality and social behavior with the selection

of words. This feature group included psychological, linguistic, personal concern, punctuation, and

paralinguistic-based characteristics.

Table 2.3 presents different features used in the literature for competitive speech characterization.

The features are broadly categorized into prosody, voice quality, energy, spectral, statistical and other

types.

2.4.7 Classifier

Chowdhury et al. [138] attempted categorization of overlapped speech in an unsupervised frame-

work using K-means. However, the performance of such an approach depends on selecting the optimal

number of clusters (K). Thus, the authors of [138] utilized cascaded K-means, which uses the Calinski-

Harabasz criterion to determine the best value of K.

Kurtić et al. [124,126] utilized decision tree based classifier for identifying competitive overlapped

speech. Authors of [124,126] used the leave-one-in approach for building a decision tree to understand

the significance of individual feature categories. In contrast, the leave-one-out method was used to

identify the importance of different feature combinations. The SVM based classifier has been used

by Oertel et al. [125] for classifying cooperative and competitive overlapped speech. The parameters,

namely kernel type (linear or RBF), RBF kernel bandwidth and regularization parameter were tuned

to obtain an optimal SVM classifier. The SVM with RBF kernel was also used by Truong [39].
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Chowdhury et al. [121, 139] utilized sequential minimal optimization with linear kernel. Further,

Chowdhury et al. also used deep learning based approaches, such as DNN [122, 127] and CNN [127].

It has been observed that DNN and CNN outperformed the SVM based classifier.

2.5 Motivation for the work

This chapter discusses different features and classifiers used in the literature for characterizing

shouted, overlapped and competitive speech. Limitations of the existing works are discussed in this

section. Subsequently, the motivation for the thesis is mentioned.

This chapter first discusses existing works related to shouted speech and other vocal modes. Ex-

isting literature mainly used glottal flow and speech signals for extracting excitation features. Initial

works have mostly analyzed different aspects of glottal flow and its first-order time derivative signal.

Time-domain features, such as OQ, CQ, CIQ, and SQ, capture the time proportion taken by vocal

folds in different phases during one complete glottal cycle. The flow amplitude-based features, such as

peak flow, minimum flow, ac flow, and ac-dc ratio, characterize the glottal flow amplitude variation in

each glottal cycle. The AQ feature parameterizes the effective decay time of glottal flow. The MFDR

feature represents the amplitude variation in the negative peak of the glottal flow time derivative

signal. These features either parameterize variations in the time duration or amplitude of glottal flow

(and its derivative) during different phases of a glottal cycle. However, shouted speech production

affects many aspects of a glottal cycle, including its shape. Therefore, this thesis explores the varia-

tions in glottal cycles to capture the vocal fold dynamics during shouted speech production. In this

context, Differenced ElectroGlottoGram (DEGG) signals are used and three DEGG based features

are proposed (chapter 4).

Speech signal based parameterization of shouted speech includes excitation source, vocal tract

and spectral based features. Existing works have extensively used different vocal tract and spectral

features to analyze vocal modes. Some works have also studied excitation source based features derived

from the speech signal. Such features include strength of excitation, amplitude of excitation, peak to

side-lobe ratio of HE of LP residual signal. These features capture variations in LP residual signal

around GCI locations. Some works have utilized the ZFF signal for extracting F0 and the strength of

excitation features. Essentially, existing works have only exploited variations around GCIs in terms of

time-domain features derived either from LP residual or ZFF signals. To the best of our knowledge,
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glottal cycle shape information obtained from speech signals has not been studied. Prathosh et. al [140]

explored Integrated Linear Prediction Residual (ILPR) as a representative of excitation source signal

to extract epoch locations. Therefore, the present thesis utilizes the ILPR signal for capturing glottal

cycle information 4. Additionally, variations of LP residual signal in the frequency domain have also

not been explored in the literature. In this context, properties of LP residual signal in spectral and

cepstral domain are explored in chapter 4.

Next, this chapter reviewed previous works related to overlapped speech. Initially, overlapped

speech characterization and detection have been attempted in the context of speaker identification

task. Later, it is considered as one of the challenging situations for speech recognition and speaker

diarization systems. Initial works have utilized pitch tracking algorithms to detect the number of

distinct pitch traces present in the speech signal. Most of the works have explored different features

exploiting the spectral harmonicity of the speech signal. Spectral flatness and spectral autocorrelation

peak to valley ratio are the two mostly used harmonic features. The MFCC is one of the most widely

used features for the overlapped speech detection task. Different voicing and time domain based

features have also been used. In last few years, different time-frequency based representations with

deep learning based classifiers have been used. In addition, different kinds of magnitude spectrum

based features are used in the literature. Phase is an essential property of a signal. Despite that, it

has not been studied in the context of overlapped speech. The success of phase based representations

in speech related applications [27–31] has established its importance. Hence, the present thesis utilizes

time and frequency varying phase characteristics for overlapped speech detection task (chapter 5).

Lastly, existing works studying competitive overlapped speech are discussed section 2.4. The

features used for this task are broadly categorized into prosody, voice quality, energy, spectral and

other features. The other category includes non-acoustic features, such as lexical, gesture, head move-

ment, etc. Most existing works have used prosody-based representations to characterize competitive

overlapped speech. Among prosody-based features, the combination of the raised F0 and increased

loudness is the prominent cue for competitive speech. Different spectral features have also been used

in the literature. In most of the works, statistical features computed from acoustic features are used

for the categorization of competitive and non-competitive speech. To the best of our knowledge, com-

petitive overlapped speech has been studied using different kinds of low-level feature representations.

Nevertheless, we believe that competitive speech is a high-level perceptual attribute of the speech
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signal and can also be expressed in terms of its semantic information. In news debates, competitive

overlapped speech is mostly associated with the presence of shouted speech. Therefore, the present

thesis attempts to detect competitive speech using high-level semantic information of speech signal

in terms of shouted and overlapped speech presence (chapter 6). Additionally, existing works have

utilized multi-channel data containing different channels for separate speakers. The availability of

multi-channel data makes the task comparatively easier. Moreover, multi-channel data makes it easy

to understand the role of individual speakers engaged in the overlapped speech. In contrast, a consid-

erably challenging mono-channel news debate dataset is used in this thesis for detecting competitive

speech (chapter 6).
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Overview

This chapter presents different insights into the Indian Broadcast News Debate (IBND) corpus.

The corpus contains audio data of 15 TV news debates obtained from two Indian English news channels.

The total duration of the corpus is 12 hours and 47 minutes. The corpus contains 94 unique speakers

(83 male and 11 female), excluding field reporters. The typical duration of each debate varies from 20 to

60 minutes. The IBND corpus consists of annotations for shouted, overlapped and competitive speech.

The Praat phonetic software was used to perform the annotations. The annotation schemes for all

the three tasks are discussed in this chapter. A total of 45 annotators were involved in the annotation

procedure of shouted and overlapped speech. Each audio interval (typically 10 minutes long) was

independently annotated by three annotators initially. The final annotation was obtained by following

a multi-level refinement procedure from individual annotations. The refinement procedure involved

two other annotators. The motivation for involving multiple annotators (five per audio interval)

was to minimize the subjective bias in the final annotations. Furthermore, the annotation process for

competitive speech involved three annotators in total for the whole corpus. The statistics generated from

the final annotations indicate that there is significant presence of shouted, overlapped, and competitive

speech in the IBND corpus. Therefore, there is a need to study the characteristics of such speech

categories for improving TV news content analysis. For the IBND corpus, a strong evidence for

frequent co-occurrence of shouted and competitive overlapped speech is discovered in this work.

3.1 Indian Broadcast News Debate Corpus: An introduction

Indian Broadcast News Debate (IBND) corpus is a collection of TV news debate audio signals

obtained from two popular Indian English news channels. These channels are referred to as Channel-1

(Ch-1 ) and Channel-2 (Ch-2 ) in this work to avoid copyright issues. The IBND corpus consists of

spontaneous conversational audio of 15 debates. In a typical scenario of news debates, multiple panel

members discuss and opine regarding a contemporary event. The TV news debates, present in the

IBND corpus, are downloaded from the official YouTube channels of Ch-1 and Ch-2. Two-channel

audio signals are extracted from the downloaded videos at a sampling rate of 16 kHz. A mono-channel

audio data is obtained by averaging the two-channel signals. The total duration of the corpus is

approximately 12 hours and 47 minutes. The corpus consists of a total of 94 speakers (excluding field

reporters).
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The audio signals present in the IBND corpus are broadly categorized into two categories, viz.

speech and miscellaneous. The miscellaneous category includes music, speech with music, speech

with background sounds (e.g., outside reporting), and other environmental sounds (e.g., dog bark, car

horn, laugh, cough, sneeze). The clean speech segments (i.e., speech category) of the IBND corpus

are further labeled into three types of sub-categories, namely normal vs. shouted speech, single vs.

overlapped speech, or competitive vs. non-competitive vs. single speaker’s speech. The effective

duration of speech data (after excluding miscellaneous) in the IBND corpus is approximately 10 hours

and 20 minutes.

The rest of the chapter is organized as follows. Annotation guidelines adhered to during the

development of the IBND corpus are discussed in section 3.2. Annotation procedure is described in

section 3.3. Section 3.4 presents corpus analysis obtained from the final annotations. Finally, the

chapter is summarized in section 3.5.

3.2 Annotation scheme

The present thesis aims to address three tasks in the context of TV news debates. These tasks

are Shouted Speech Detection (SSD), Overlapped Speech Detection (OSD), and Competitive Speech

Detection (CmpSD). This requires task-specific annotations of the audio signals. The annotation

schemes for all three tasks are discussed next.

3.2.1 Shouted speech

Shouted speech is defined as the speech region produced in shouted vocal mode. For the SSD

task, speech segments are labeled as either normal or shouted. The annotation of normal and shouted

speech depends on how the speech signal is perceived. The shouted speech perception may vary

from one annotator to another. This introduces subjectiveness in the annotations, thereby making it

difficult to build consensus among annotators. Moreover, the complexities present in the IBND corpus

make it even more challenging (e.g., regulating microphone playback volume by news control room).

Therefore, the following guidelines were finalized and used for annotating normal and shouted speech

for the IBND corpus.

(i) A speech region is marked as shouted if it is perceived as being spoken in a shouted vocal mode.

Otherwise, the speech region is marked as normal.

(ii) There are many instances where a speaker gives high emphasis on certain words while speaking
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in normal vocal mode. Examples of such words and phrases are ‘but’, ‘so what’, ‘and’, ‘espe-

cially’ and so on. Voice modulation is also used for emphasizing some parts of conversations.

The speech signal characteristics for such words and phrases are expected to be inclined towards

shouted speech. However, such words and phrases are used in the context of normal speaking

mode. Hence, these are marked as normal speech.

(iii) In some cases, speakers speak in shouted vocal mode, but the volume of their microphone is

lowered by the news channel control room. Such segments are marked as shouted speech.

(iv) In some multi-speaker cases, the dominant speaker speaks in normal mode, while the other

speaker produces shouted speech. In such situations, a shouted label is assigned if the resultant

speech is perceived as shouted speech. Otherwise, such segments are labeled as normal.

3.2.2 Overlapped speech

Overlapped speech refers to the simultaneous speech of two or more speakers. For the OSD task,

the speech regions are labeled as single and overlap. Annotating single and overlapped speech is not as

subjective as the shouted speech annotation task. The discrimination between single and overlapped

speech is clearly perceived in most cases. Nevertheless, some challenging situations do exist in the

IBND corpus. The control room of news channels alter the microphone playback volume of different

panel members in certain situations. Speech overlap in such situations is composed of varying loudness

ratios of different speakers. Another challenging situation is the frequent class switching between single

and overlapped speech which makes the annotation task hard and time consuming. The annotation

guidelines for the OSD task in different challenging cases are mentioned below.

(i) A speech region containing only one active speaker is annotated as single. In contrast, the

speech regions associated with more than one active speakers are labeled as overlap.

(ii) In some overlap situations, one of the speaker is prominent, while the other speaker’s micro-

phone playback volume is lowered. Sometimes the overlappers volume is lowered to such an

extent that the speaker’s speech becomes almost unintelligible. Such segments are perceived

as single talker speech and marked as single.

(iii) Another challenging situation is the presence of echo. Often, panel members participate re-

motely using different microphones of varying qualities and different recording environment.

Thus, the quality of recorded audio may vary. In some cases, the echo is prominent enough to

be perceived as another active speaker. Hence, the speech segments with prominent echo are

46

TH-2719_156102006



3.2 Annotation scheme

labeled as overlap.

(iv) In many cases, the frequent presence of a short single speaker’s speech is observed in-between

overlapped speech regions. This might occur due to the pauses taken by one of the active

speakers. In such cases, if the duration of single speaker’s speech is very small (perceptually

insignificant), it is marked as overlap. Otherwise, such regions are marked as single.

3.2.3 Competitive Speech

Competitive speech is defined as overlapped speech generated when two or more speakers compete

to grab the conversational floor. In the IBND corpus, it is observed that the speaker-turn competitions

are mostly associated with shouted speech due to conflict of opinion. Such overlapped segments are

problematic for the speakers. In contrast, some overlapping segments show a supportive intention for

the active speaker to continue the turn. Examples of such instances include ‘you are right’, ‘Alright’,

‘yes please, continue’, and so on. Panel members perceive such overlaps as non-problematic. Table 3.1

shows some examples of dialogue excerpts taken from the annotated IBND corpus. In competitive

speech examples, speakers use rising intonation ( Ű) with increased volume to interrupt the active

speaker. In contrast, speakers mostly use a neutral tone or falling intonation to convey support for

the active speaker.

Considering these variations, the speech data of the corpus is divided into three sub-categories,

namely Competitive (Cmp) overlap, Non-Competitive (Ncmp) overlap and Single speaker’s (sing)

speech. Motivated by the work of Chowdhury et al. [127], the following guidelines are designed.

(i) Overlapped speech segments perceived as problematic for others and showing a competitive

intention of the active speakers are considered as competitive speech (Cmp). In contrast,

overlapped speech segments indicating support for the active speaker and not showing any

intent of grabbing the conversational floor, are marked as Ncmp. The Ncmp speech is perceived

as non-problematic by the active and other speakers. Single speaker’s speech is marked as sing.

(ii) An overlapping speech region may contain multiple overlapped segments (belonging to the

same class, i.e. either Cmp or Ncmp) punctuated by short (lesser than 200 ms) single speaker’s

speech segments. In such cases, the whole overlapping region is annotated against Cmp or

Ncmp (as shown in tier-3 of Figure 3.1). The assessment of speakers’ intention is based on the

suprasegmental prosodic variations, such as intonation, semantic content, speech rhythm, and

loudness.
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Table 3.1: Dialogue excerpts taken from the annotated IBND corpus. The overlapping segments are highlighted
in bold and placed within square brackets. The rising and falling intonations are denoted by Ű and Ů,
respectively. The notation (·) represents a short pause.

Competitive speech

Example-1

Speaker-1: you are also [politically and ideologically compromised] Ű

Speaker-2: [No no no (·) I (·) I Ű (·) I Ű (·)] I will tell you why

Example-2

Speaker-1: about the country [they believe they are exploiting] Ű

Speaker-2: [and and Ű one more thing I want to add Ű] (·) here

Non-competitive speech

Example-1

Speaker-1: that age is [truly going on. Can I just elaborate] with couple of examples?

Speaker-2: [Yeah yeah Ů please Ű please Ů (·) please]

Example-2

Speaker-1: we always do [positive politics and we know] whatever were the [faults]

Speaker-2: [pankaj (·) and shyam (·)]
Speaker-3: [yeah]

(iii) Some overlapping speech regions are the result of prominent echo. Since the echoed speech can

not be judged as either Cmp or Ncmp cases, such instances are excluded from the competitive

annotation task.

(iv) Few overlapping cases occur due to network delays incurred by remote attendees. Annotation

of such segments is done based on context information.

(v) Overlapped speech containing repetition of words or short phrases are marked as Cmp.

3.3 Annotation procedure

The annotation for SSD, OSD, and CmpSD tasks is done by following the guidelines mentioned

in the above section 3.2. The typical duration of news debates of the corpus is in the range of 20 to

60 minutes. Processing such long-duration audio signals requires a lot of memory overhead. Hence,

the audio signal of each news debate is divided into smaller non-overlapping intervals (typically 10

minutes long). The duration of the last interval of a debate may be less than 10 minutes. Annotation

of each audio interval is performed by using the phonetic software Praat [141]. A detailed description
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of the annotation procedure for the individual task is presented next.

3.3.1 Shouted speech

The annotation for shouted speech is a subjective task (as mentioned earlier). A person may

consider certain speech segments as shouted, which might be perceived as normal speech by another

person. For example, a soft-spoken person often perceives loud speech as shouted, which is otherwise

considered as normal speech by others. To minimize such subjective ambiguity, each audio interval

of 10 minutes is annotated by five different annotators. The whole annotation process for the SSD

task involves a total of approximately 45 annotators. These annotators were undergraduate and

postgraduate (masters and research scholars) students of Indian Institute of Technology Guwahati

(IITG). The annotator assignment is performed by ensuring that each audio interval of 10 minutes

is allocated to three novices (bachelor or master level students) and two speech experts (research

scholars). The experts had a good understanding of the SSD task.

For each 10 minute audio interval, three annotations are obtained from the novice annotators.

Majority voting was used to combine the three annotations for obtaining a single temporary annota-

tion. The temporary annotation is further refined by the expert annotator. In some cases, all three

annotations had different labels (e.g., normal (nor), shout (sh) and miscellaneous (misc)). Such cases

were marked as “doubt” (d) in the temporary annotation file. The temporary annotation and all the

individual annotations of the non-experts are provided to one of the speech experts to obtain pre-final

annotations. The motive of having multiple rounds of annotations was to resolve confusions (due to

subjectiveness). The first speech expert annotator had the liberty to modify the temporary labels by

utilizing speech domain understanding and expertise. If the first speech expert annotator had doubt

for a particular region, a “doubt” (d) label was assigned to that speech region. The pre-final annota-

tion and all the individual annotations of novices were given to the second speech expert. The second

expert verified the pre-final annotations and noted the discrepancies. Finally, the discrepancies were

resolved with a discussion between the two speech expert annotators.

Annotators had lots of queries related to shouted speech labeling during the annotation procedure.

All the annotators were instructed to focus on the intonation of speech and take the help of neighboring

contexts to resolve the confusion. The final annotation using Praat software is illustrated in Figure 3.1

for a 30 seconds long speech signal. The speech signal and corresponding spectrogram are displayed

in the top two panels. The tier-1 in the figure shows the annotation for normal and shouted speech.
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Figure 3.1: Illustrating the annotations of the SSD, OSD and CmpSD tasks in tier 1, 2 and 3,
respectively using Praat software.

Shouted speech is labeled as sh, and nor is used to mark normal speech.

3.3.2 Overlapped speech

The annotation for the OSD task is performed by considering guidelines mentioned in sub-section 3.2.2.

An annotation procedure similar to that of the SSD task (sub-section 3.2.1) is followed here. Also,

the same set of 45 annotators are employed for this task. The frequent presence of class switching

between single and overlapped speech makes the annotation task difficult and time consuming. Iden-

tifying transition boundaries was difficult even for expert annotators in such cases. The confusion is

resolved by taking cues from the formant structure, and pitch contour displayed by the Praat software.

During the annotation procedure, comparatively fewer queries were received from the non-expert

annotators than shouted speech annotation. Figure 3.1 demonstrates single and overlapped speech

annotation in tier-2. Single speaker’s speech is marked as sing and ovrlp is used to label the overlapped

speech. Frequent switching between the classes can be observed in the figure.

3.3.3 Competitive Speech

The annotation of competitive, non-competitive and single speaker’s speech is performed by fol-

lowing the directions mentioned in sub-section 3.2.3. As mentioned earlier, one overlapping region

may contain more than one overlapped speech segments separated by short single speaker’s regions

(can be observed in Figure 3.1). The annotation procedure involves three speech expert annotators.

First, two of the speech experts independently annotate the overlapping segments as competitive or

non-competitive speech. Expert annotators were in agreement in most of the cases. However, disagree-
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ment also exists in some cases. The regions of disagreement are resolved by considering the opinion

from the third speech expert annotator.

The annotation of competitive and non-competitive speech is illustrated in tier-3 of Figure 3.1.

The competitive speech is denoted by cmp and ncmp is used to represent non-competitive speech.

The single speaker’s speech is denoted by sing. It can be observed that frequent switching between

overlapped and single class (tier-2) are grouped together and cmp or ncmp label is assigned to the whole

overlapping region. This kind of grouping is done by taking context information into consideration.

3.4 Corpus analysis

This section presents different insights of the IBND corpus based on the final annotations. Different

aspects of the IBND corpus, such as gender proportion, distribution of number of speakers per debate,

are presented in sub-section 3.4.1. The analysis related to shouted, overlapped and competitive speech

annotation are presented in sub-sections 3.4.3, 3.4.4 and 3.4.5, respectively.
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Figure 3.2: Demonstrating the percentage of different expert’s domain present in the IBND corpus.

3.4.1 Corpus summary

The news debates present in the IBND corpus are in English (Indian accent) language. However,

there are instances where panel members speak in their native languages, such as Hindi and Bangla.

Thus, some cases of code-switching are also present in the IBND corpus. Each debate panel consists

of experts from various domains such as lawyers, social activists, political analysts, academicians,

journalists, columnists, and politicians. The choice of experts’ domain varies according to the debate
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Figure 3.3: Illustrating different aspects of the IBND corpus. (a) proportion of male and female
speakers, (b) distribution of number of speakers per news debate, and (c) proportion of individual
news debate duration.

topic. This ensures that a news debate provides different aspects of the debate topic through various

domain experts. Figure 3.2 demonstrates the percentage of different expert’s domain present in the

IBND corpus.

The IBND corpus contains speech signals of 83 male and 11 female (including anchors) speakers.

The proportion of males and females is demonstrated in Figure 3.3(a). The figure shows that most

of the corpus corresponds to male speakers. The Figure 3.3(b) illustrates the distribution of number

of speakers per news debate. The IBND corpus typically contains 7 to 10 panel members per news

debate. In the IBND corpus, the duration of individual news debates varies from 20 minutes (short

debate) to 106 minutes (very long debate). The proportion of individual news debate duration is

shown in Figure 3.3(c). The majority of news debates of the corpus (47%) are 40-60 minutes long.

Some debates belong to the 20-40 minutes duration range. In contrast, a small portion (13%) of the

corpus contains 80-100 minutes long debates.

3.4.2 Inter-annotator reliability test

Annotations obtained from the two speech-expert annotators are evaluated for inter-annotator

reliability. In shouted and overlapped speech annotations, the boundaries of different segments vary

according to the annotators’ perception. Therefore, inter-annotator reliability is computed based on

the regions over which the annotators agreed. An agreement score between the two speech expert’s

annotations is computed as follows.

Let, Ta be the duration for which both the annotators agreed, and the disagreement duration is
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denoted by Td. The agreement score is defined as the ratio of Ta to the total duration, i.e. Ta+Td. In

Table 3.2: Reporting inter-annotator reliability measures for the IBND corpus.

Inter Annotator Reliability Test

Agreement Score Cohens Kappa (κ) measure

Shouted annotation 0.68 -

Overlapped annotation 0.73 -

Competitive annotation 0.99 0.98

the case of competitive speech annotations, segments with fixed boundaries were labeled by two speech

expert annotators. Thus, it is possible to report Cohen’s Kappa (κ) [142] inter-reliability measure for

this case. The agreement score is also reported for competitive speech annotations. n agreement score

value of 1 is considered the best score where both annotators fully agree. In contrast, an agreement

score value of 0 is obtained when both the annotators do not agree at all. The inter-reliability measures

are reported in Table 3.2. The results are computed over a sub-set of the dataset (≈ 8 hours long

audio).

The lowest agreement score is obtained for shouted speech annotations. The reason might be

attributed to subjective bias associated with the shouted speech perception. An agreement score

of 0.73 is obtained for overlapped speech annotations. The frequent switching between single and

overlapped speech might lead to disagreements between annotators in some cases. Interestingly, a

very high agreement score is observed for competitive speech. Similarly, the Kappa (κ) measure also

shows an excellent agreement between the two speech expert annotators.

3.4.3 Proportion of normal and shouted speech

According to the final annotations of normal and shouted speech, the IBND corpus contains nor-

mal speech of approximately 6 hours duration. In contrast, the total duration of shouted speech is of

4 hours and 18 minutes. The remaining data belongs to the miscellaneous class (2 hours and 29 min-

utes). Figure 3.4(a) illustrates the proportion of normal and shouted speech along with miscellaneous

category. The proportion of miscellaneous data is 20%. It was observed that the Ch-2 contains a

higher proportion of miscellaneous data in comparison to Ch-1. The debates of Ch-2 include a longer

debate introduction containing background music, other sounds, and field reporting. A proportion of

46% of normal speech and 34% of shouted speech is present in the IBND dataset. These statistics
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Figure 3.4: Demonstrating the proportion of different speech categories present in the IBND corpus.
(a) Normal and shouted speech, (b) single and overlapped speech, (c) competitive, non-competitive
and single speaker’s speech.

show that the percentage of shouted speech in the corpus is significant and needs an algorithm for

handling such instances separately. The annotated normal and shouted speech data are further used

to evaluate the proposed SSD system.

3.4.4 Proportion of single and overlapped speech

The IBND corpus contains 7 hours and 31 minutes of single speaker’s speech, and 2 hours and

49 minutes of overlapped speech. The duration of miscellaneous data (2 hours and 29 minutes) is

same as that obtained in the normal and shouted speech annotation task. Figure 3.4(b) demonstrates

the sharing percentage of miscellaneous, single speaker’s speech and overlapped speech. A proportion

of 58% single speaker’s speech and 22% overlapped speech is present in the corpus. The presence of

overlapped speech in the corpus is also significant enough to demand dedicated handling of overlapped

speech. The annotated data are used for analyzing and evaluating the proposed OSD system.

3.4.5 Proportion of competitive speech

The final annotation of competitive and non-competitive overlapped speech show that majority of

the overlapped speech correspond to competitive speech. Figure 3.4(c) illustrates the percentage of

competitive, non-competitive and single speakers’ speech in the IBND corpus. A portion of 23% (≈ 3

hours) competitive, 2% (≈ 11 minutes) non-competitive and 55% (≈ 7 hours and 9 minutes) single

speaker’s speech is present in the IBND corpus. Due to the inclusion of some single speakers’ speech

into competitive data, the percentage of competitive speech (Figure 3.4(c)) is higher than overlapped
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speech (Figure 3.4(b)). The aim of the CmpSD task is to detect competitive regions in a given news

debate audio. The non-competitive speech and single speakers’ speech are grouped together and

referred to as others class in this thesis.

 1%

 53%

< 1%

17%

4%

24%

Sh + Sing

Nor + Sing

Nor + Ncmp

Sh + Ncmp

Nor + Cmp

Sh + Cmp

Figure 3.5: Illustrating the association of shouted speech with competitive overlapped speech in the
IBND corpus.

The annotations of shouted and competitive speech are combined to identify the association be-

tween these two categories. After combining the annotations, six different sub-categories are found, viz.

shouted-competitive (Sh + Cmp), normal-competitive (Nor + Cmp), shouted-single speakers’ (Sh +

Sing), shouted-non-competitive (Sh + Ncmp), normal-single speakers’ (Nor + Sing) and normal-non-

competitive (Nor + Ncmp) speech. Figure 3.5 illustrates the proportion of all the six sub-categories

for the IBND corpus. The figure shows that the percentage of Sh + Cmp speech (24%) is much higher

than the Nor + Cmp speech (4%). This signifies that the competitive speech present in the corpus

is mostly associated with shouted speech. In contrast, the major portion of the other class (i.e., Sing

and Ncmp) is associated with normal speech. Thus, it can be said that competitive speech can be

detected by utilizing overlapped and shouted speech information.

3.5 Summary

This chapter discussed the different aspects of the Indian Broadcast News Debate (IBND) corpus

collected from two popular Indian English news channels. The IBND corpus contains audio signals

of 94 speakers (excluding field reporters) obtained from 15 news debates. The total duration of the
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corpus is 12 hours and 47 minutes. The effective duration of speech data in the corpus (excluding

miscellaneous category) is approximately 10 hours and 20 minutes. The annotation guidelines for

normal and shouted speech, single speakers’ and overlapped speech, and competitive, non-competitive

and single speaker’s speech are described. The annotation procedure for shouted and overlapped

speech involves a total of 45 annotators. These annotators were the students of IIT Guwahati. The

final annotations for shouted and overlapped speech were obtained though a multi-level refinement

procedure involving five annotators per audio interval (10 minutes long). The motive of incorporating

the opinion of 5 different annotators per audio interval is to minimize the subjective bias. The

prominent presence of shouted and overlapped speech in the final annotations demands dedicated

algorithms to tackle them. The annotation for competitive speech involves a total of 3 annotators.

Further, shouted and competitive speech annotations are used to understand their association. The

statistics reveal that the competitive overlapped speech is mostly associated with shouted speech in

the IBND corpus.
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Overview

Discrimination between shouted and normal speech is an essential task for analyzing news de-

bate audio. This chapter analyzes different aspects of excitation source characteristics for classifying

shouted and normal speech. The principal contributions of this chapter are as follows. First, changes

in glottal cycle characteristics due to shouted speech production are studied. In this context, three Dif-

ferenced ElectroGlottoGram (DEGG) based features, namely, Glottal Open Phase Tilt (GOPT), Open

Phase Triangle Area (OPTA), and Flatness of Glottal Cycle (FoGC), are proposed. A small vowel

dataset, called ShVowel (Shouted Vowel) corpus, is contributed. The potential of the proposed features

is evaluated on the ShVowel corpus in the context of different vowels. Classification performance of

shouted and normal vowels establishes the usefulness of the proposed DEGG based features. Second,

different aspects of excitation source characteristics derived from the speech signal are explored. In

this context, three existing features, viz., Discrete Cosine Transform of Integrated Linear Prediction

Residual (DCT-ILPR), Mel-Power Difference of Spectrum in Sub-bands (MPDSS) and Residual Mel-

Frequency Cepstral Coefficient (RMFCC) are used for shouted and normal speech classification. The

DCT-ILPR feature represents the shape of a glottal cycle, MPDSS estimates the periodicity of the exci-

tation source spectrum, and RMFCC characterizes the smoothed spectral information of the excitation

source. A new sentence-level corpus, called SNE-Speech, is also contributed. The motive of recording

this corpus is to establish the proposed work on controlled environment recordings. The proposed work

is benchmarked against three baseline methods on SNE-speech and two standard corpora. Fully con-

nected network based classifier (named as SSD-FCNet) is used to study the classification performance

of individual features and their combinations. Fusion of excitation source features with Mel-Frequency

Cepstral Coefficients (MFCC) feature is also studied to utilize the complementary information. The

generalization performance of features (and their combinations) is also investigated. Noise analysis

shows that adding excitation features with MFCC+∆∆ provides a more robust classification system.

Finally, the proposed excitation source based shouted speech detection system is evaluated on the Indian

broadcast news debate corpus.

4.1 Shouted speech: An introduction

The Shouted Speech Detection (SSD) task identifies speech segments produced in shouted vocal

mode. People produce shouted speech under different circumstances, such as panic and emergency
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situations. Automatic shout detection has applications in a variety of domains like health monitoring,

home security, behavior studies, surveillance, to name a few [61, 74, 75]. Shouted speech detection

is also an important pre-processing task in speech and speaker recognition systems for addressing

differences between training and testing conditions [43, 75, 77, 143, 144]. Such systems are generally

trained on normally phonated speech. However, the performance of these systems degrades when test

data (such as shouted and whispered speech) deviates from normal speech. Therefore, the speech

regions containing shouted vocal mode need to be processed separately to enhance the performance of

such systems. The SSD task is also a useful pre-processing step for TV news debate analysis. In news

debates, panel members often shout to put forward their views (differing from others) while discussing

a specific issue. Such argumentative speech segments (mostly in shouted vocal mode) might be more

informative for automatic content analysis and therefore need to be identified for further analysis.

Hence, the SSD task is an essential problem by considering its necessity in various applications. The

aim of the SSD task is to classify shouted and normal speech by analysing their acoustic signals.

Shouted speech is defined as “speech with high vocal effort” [19]. Production of higher vocal effort

is associated with greater activity of respiratory muscles caused by pumping (out) of a larger volume

of air from lungs [16]. As a result, a larger tension is induced in vocal folds during shouting. This

leads to faster vibration of vocal folds that gives the perception of a higher pitch [16]. Loudness

is a perceptual attribute that can not be defined entirely by amplitude or energy [19]. Therefore,

along with energy or intensity of speech, excitation source and vocal tract system properties are also

influenced by different vocal efforts [17]. Researchers have established that shouted speech is much

more than just a high-intensity normal speech [43]. In fact, an increasing vocal effort modifies many

acoustic characteristics of a speech signal. A brief review of existing works that have explored different

aspects of shouted speech is presented next.

4.1.1 Related Works

Initial works related to shouted speech have studied different aspects of glottal waveform and its

first-order time-derivative signal. In this context, a feature, called Maximum airFlow Declination

Rate (MFDR), is defined as the amplitude of the negative peak in the first derivative of glottal

volume velocity [48, 54]. A higher value of MFDR was observed for shouted speech in contrast to

normal speech. Existing works have also analyzed the variation in glottal cycle shape for different

vocal modes. In this direction, the glottal signal has been parameterized by Open Quotient (OQ),
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Closed Quotient (CQ), Closing Quotient (CIQ), and Speed Quotient (SQ) by researchers [19, 51].

The ratio of maximum amplitude of glottal flow to the negative peak of differentiated glottal flow is

defined as Amplitude Quotient (AQ) [53]. The AQ is normalized by cycle duration and is redefined

as Normalized Amplitude Quotient (NAQ) [51]. The NAQ feature decreases with increasing vocal

modes.

Spectral based features have also been investigated for shouted speech characterization. Spectral

tilt was observed to be associated with abrupt closing of vocal folds [55]. The F0 has been widely

used for characterizing shouted speech [16, 41, 61, 62]. Shouted speech is associated with a higher

F0 in contrast to normal speech. Different measures of strength of excitation were explored in the

literature [19,62]. Raitio et al. [41] analyzed the effect of shouted speech on F0, difference between first

and second harmonics (H1 − H2), NAQ, and Sound Pressure Level (SPL). Other spectral features,

such as formant locations and their bandwidths [67], harmonic richness [19], balance [78], tilt [55],

flatness [76], centroid [76], and spread [76] have been studied in the context of different vocal modes.

The spectrum of shouted speech is harmonically richer than normal speech [19]. Formant frequencies

and their bandwidths are observed to deviate in case of shouted speech [67]. An increased vocal effort

is associated with an increase in energy, higher F0, and raised first formant location [63]. The MFCC

feature is the most extensively used spectral based representation for different vocal modes.

Researchers have used both excitation source and vocal tract features for characterizing shouted

speech. The motivation of the proposed work is discussed next by addressing the limitations of existing

works.

4.1.2 Motivation and contributions

Excitation source plays an essential role in shouted speech production. Existing works based on

excitation source have mostly analyzed and characterized shouted speech using features derived from

glottal waveform. To the best of our knowledge, most of these works (except a few) did not present

classification performances using glottal wave based features. Moreover, most of the existing works

that targeted classification of shouted speech with other vocal modes have mostly used vocal tract

representations. This motivated us to explore different aspects of excitation source characteristics for

classifying shouted and normal speech. The proposed work first studies glottal waveform variations due

to shouted speech production. In this context, three DEGG cycle based features are proposed. First,

the Glottal Open Phase Tilt (GOPT) feature that measures the rate of vocal fold closing. Second,
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the Open Phase Triangle Area (OPTA) feature which incorporates the variations in excitation source

characteristics due to open phase duration and slope of glottal wave derivative. Third, the Flatness

of Glottal Cycle (FoGC) feature that captures the variations due to strength of excitation and pitch

period. The efficacy of these features is evaluated using SVM based classification of shouted and

normal vowels.

The DEGG signal may not available in most practical applications. This might impose limita-

tions on glottal wave based methods. However, the same can be derived by automatic methods like

Iterative Adaptive Inverse Filtering (IAIF) [145]. As an alternative, this chapter further focuses on

exploring excitation features derived from representations like Linear Prediction (LP) residual [146]

and its variants. In this context, three existing features that capture different aspects of the excitation

source are explored. First, the Discrete Cosine Transform of Integrated Linear Prediction Residual

(DCT-ILPR) [147], which explores the shape of the glottal cycle. Second, the Mel-Power Difference

of Spectrum in Sub-bands (MPDSS) [148] that represents the periodicity of excitation source spec-

trum. Third, the Residual Mel-Frequency Cepstral Coefficients (RMFCC) [148], which captures the

smoothed spectrum information of excitation source in the cepstral domain. The effectiveness of these

features has been demonstrated earlier in the speaker verification task under limited test data [149].

The proposed work hypothesizes that the same information captured by these three features will also

discriminate shouted and normal speech. Since the shape, periodicity and smoothed spectrum infor-

mation is expected to be distinct for shouted and normal speech cases. This motivates us to study the

DCT-ILPR, MPDSS and RMFCC features for discriminating shouted and normal speech. This study

also explores the MFCC feature as it has been widely used for representing vocal tract information.

The major contributions of this chapter are as follows.

(i) This chapter analyses DEGG signals corresponding to different vowels produced in normal

and shouted vocal modes. In this context, three excitation source features estimated from the

DEGG signal, namely GOPT, OPTA and FoGC are proposed. A small vowel dataset of 11

speakers, named as ShVowel (Shouted Vowel) corpus, is contributed. The ShVowel dataset

contains shouted and normal speech along with corresponding ElectroGlottoGram (EGG) sig-

nals of 5 English vowels (with stop consonants). SVM-based classifiers are trained using the

proposed DEGG cycle-based features to classify normal and shouted vowels.

(ii) Issues related to non-availability of DEGG signals in practical applications further motivate
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to extract excitation source information from speech signals directly. Three excitation source

features, viz., DCT-ILPR, MPDSS and RMFCC, are explored. Frame-level classification is

performed using a Fully Connected Networks (named as SSD-FCNet) based classifier. A com-

bination of excitation source features and MFCC (the most widely used vocal tract feature) is

also studied to utilize the complementary information of the two feature groups.

(iii) A sentence-level corpus, SNE-Speech (Shouted Normal EGG - Speech), is also contributed. The

SNE-Speech corpus contains recordings of shouted and normal speech along with corresponding

EGG signals of 20 Indian speakers (10 females and 10 males). This corpus contains a total of

1200 English sentences. The present proposal is evaluated on three datasets – two standard

corpora and one contributed by us.

(iv) The generalization performance analysis of individual features and their combinations is con-

ducted by training models on one corpus and testing on others. Furthermore, classification

performance analysis in noisy conditions establishes the generalizability of the proposed work.

The rest of the chapter is organized as follows. Glottal cycle based study of shouted speech

detection is described in section 4.2. The study of excitation source features derived from speech

signal is presented in section 4.3. Further, the proposed Excitation source based Shouted Speech

Detection (E-SSD) is evaluated on the Indian Broadcast News Debate (IBND) corpus (section 4.4).

Finally, the chapter is summarized in section 4.5.

4.2 Glottal cycle based analysis of excitation source

The EGG signal is used to study the characteristics of glottal waveform generated by periodic open-

ing and closing of vocal folds [16]. Thus, variations in excitation source due to shouted and normal

speech can be analyzed by this signal. The EGG signals are recorded using the device electroglotto-

graph equipped with two electrodes. These electrodes are placed on the neck across the vocal folds to

capture the resistance across electrodes. The changes in resistance profiles across the electrodes are

represented by EGG signals (as shown in Figure 4.1(a)). The resistance across the electrodes changes

with the opening (open phase) or closure (closed phase) of vocal folds. During open phase, resistance

is high as vocal folds move away from each other. However, resistance drops in the closed phase as

vocal folds tend to come in contact with each other (Figure 4.1(a)).

Important attributes of excitation source are represented by impulse-like discontinuities in the
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Figure 4.1: Illustrating closed and open phase in excitation source signal. (a) EGG, and (b) Differenced EGG
(DEGG) signal for vowel ‘a’.

DEGG signal [150,151]. These impulse-like discontinuities provide information about glottal opening

and closing instances (Figure 4.1(b)). Large discontinuities in the DEGG signal represent Glottal

Closing Instances (GCI). Similarly, small discontinuities correspond to Glottal Opening Instances

(GOI). The duration from GCI to the next GOI is known as closed phase, while the open phase

consists of the duration from GOI to next GCI location [16]. The duration between two consecutive

GCI locations is considered as a glottal cycle. Thus, one glottal cycle contains one GOI and two GCIs

(Figures 4.1(b)).

Different loudness levels of speech are produced by distinct activity states of respiratory muscles

for pumping out larger volumes of air from the lungs [16]. Varying air pressure (maintained by lungs)

is responsible for vocal fold vibrations. These vibrations send vocal folds apart and bring them closer,

leading to voiced speech production. Vocal folds vibrate faster in case of shouted speech in comparison

to normal utterances [16, 46, 152]. This results in a shorter fundamental period for shouted speech

in contrast to normal speech. Comparatively higher air pressure is needed for the production of

shouted speech, which leads to abrupt opening and closing of vocal folds. These changes in vocal fold

vibrations and their dynamics are expected to result in deviated characteristics of DEGG signals for

shouted speech. Figure 4.2 illustrates (a) normal and (c) shouted speech along with their respective

DEGG signals (Figure 4.2(b) and (d)). It can be observed that the shape and pitch period of DEGG

cycles for shouted speech (Figure 4.2(d)) are different compared to normal speech (Figure 4.2(b)).

This motivated us to further explore DEGG signals and parameterize these variations in terms of

features.

Three novel features, namely Glottal Open Phase Tilt (GOPT), Open Phase Triangle Area (OPTA)
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Figure 4.2: Demonstrating different characteristics of DEGG signals. (a) normal speech, (b) DEGG signal for

normal speech, (c) shouted speech and (d) corresponding DEGG signal.

and Flatness of Glottal Cycle (FoGC) are proposed to characterize the variations in glottal cycles due

to shouted speech production. These features capture different aspects of glottal cycles. Figure 4.3

illustrates the block diagram of the proposed shouted speech detection system using glottal cycle-level

features. Initially, the recorded EGG signal is processed to derive the DEGG signal which is further

used to obtain epoch locations (sub-section 4.2.1). The DEGG signal along with the detected epoch

locations are utilized for extracting the proposed DEGG-based features (sub-sections 4.2.2, 4.2.3,

4.2.4). Finally, cycle-level features are used to train SVM based classifier to predict the class label

(sub-section 4.2.8). The use of ILPR signal as an approximation of DEGG signal is discussed in

sub-section 4.2.5. A description of the contributed ShVowel corpus is presented in sub-section 4.2.6.

Analysis of the proposed features are presented in sub-section 4.2.7.

4.2.1 Pre-processing and epoch detection

The recorded EGG signal is resampled at a sampling rate of 8 kHz. Next, mean removal and

amplitude normalization is performed on the resampled EGG signal. The DEGG signal (DEGG[n], (n =

0, 1, . . . , N − 1)) is obtained by first-order differencing of EGG signal. Here, N is the total number of

samples in the DEGG signal. The first-order difference operation often generates spurious peaks in

64

TH-2719_156102006



4.2 Glottal cycle based analysis of excitation source

EGG Signal
  Pre-Processing Glottal Cycle-Level

Proposed Features

Normal 

Speech

Shouted 

Speech


  Epoch DetectionDEGG 

Signal Classifier

SVM

(RBF kernel)


Glottal Open Phase
Tilt (GOPT)

Open Phase Triangle
Area (OPTA)

Flatness of Glottal
Cycle (FoGC)

First-order
Difference

Resampling

(      = 8 kHz)


Mean removal and
amplitude 


Normalization


GOI

GCI

Smoothing 

(       order Moving

Average Filter)


Gaussian Derivative
based epoch

detection


Figure 4.3: Proposed shouted speech detection system using DEGG-based features.

DEGG[n]. The discontinuities in DEGG[n] at GOIs are much smaller than that of GCIs (Figures 4.2(b)

and (d)). Thus, spurious peaks in DEGG[n] may lead to erroneous detection of GOIs. Hence, the

DEGG[n] signal is smoothed by a 7th order centered moving average filter. Thereafter, a Gaussian

derivative based peak detection algorithm is used to identify the GOIs and GCIs. A Gaussian window

of length 10 (and standard deviation of 0.5) is used to construct the Gaussian derivative filter. The

smoothed DEGG[n] (SDEGG[n]) signal is processed with this filter to obtain zero-crossing instances

at negative slopes. Finally, local maxima of SDEGG[n] are localized in a short window across each

detected zero-crossing instance. The length of this window is set to half of the average pitch period.

The locations of maximum values correspond to GOIs. Further, a similar sequence of operations is

performed on the smoothed DEGG signal with reversed polarity (-SDEGG[n]) to locate the GCIs. The

detected GOIs and GCIs are shown in Figures 4.2(b) and (d) using red and green circles, respectively.

The detected GCIs and GOIs are further used to identify glottal cycles for extracting features. The

significance of each feature in the context of shouted speech production is explained next.

4.2.2 Glottal Open Phase Tilt (GOPT)

Shouted speech is associated with a higher air pressure coming from the lungs and affects the

regular patterns of vocal fold vibration. These changes in vocal fold vibrations alter the rate at

which they are closed. As the air pressure below the vocal folds decreases, abrupt closing of vocal

folds is observed in shouted speech compared to normal speech. The abrupt closing of vocal folds is

encapsulated in the DEGG signal in terms of rapid signal changes from GOI to the next GCI location.
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Figure 4.4: Illustrating the proposed glottal cycle-level features – (a) Glottal Open Phase Tilt (GOPT), (b)
Open Phase Triangle Area (OPTA) and (b) Flatness of Glottal Cycle (FoGC).

Figures 4.2(b) and (d) show that the changes in DEGG signal during the open phase is comparatively

faster for shouted speech. Hence, the rate of vocal fold closing can be a discriminating characteristic

of DEGG signal for shouted and normal speech classification. In this context, a feature called Glottal

Open Phase Tilt (GOPT) is proposed to measure the rate of vocal fold closing. The extraction of

GOPT feature is explained next.

The GOIs and GCIs are detected in a given DEGG signal by following the epoch detection approach

described in sub-section 4.2.1. The detected GOIs and GCIs are used to identify the open phase in

each glottal cycle (as shown in Figure 4.4(a)). The GOPT feature is defined as the absolute value

of slope of a line L estimated from the samples of DEGG signal during open phase. The parameters

({mL, cL}) of the line L are estimated by linear regression using the model y = mLx+ cL. The slope

|mL| is considered as the GOPT feature value. Figure 4.4(a) illustrates the estimated line (black

colored dotted line) during open phase. Single GOPT feature value is derived from each cycle of the

DEGG signal. Figure 4.5 illustrates the GOPT feature for shouted and normal speech. The red dotted

lines in Figures 4.5(b) and (d) show estimated lines during the open phase, and corresponding GOPT

values are also displayed. Higher values of GOPT are observed to be associated with shouted speech

in comparison to normal speech. Thus, GOPT can be considered as a useful feature in discriminating

shouted and normal speech.

4.2.3 Open Phase Triangle Area (OPTA)

Shouted speech is perceived louder in comparison to normal speech since a higher Strength of

Excitation (SoE) is associated with shouted speech. Additionally, pitch period of the glottal cycle
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Figure 4.5: Demonstrating the proposed Glottal Open Phase Tilt (GOPT) feature. (a) shouted speech,
(b) corresponding DEGG signal, (c) normal speech and (d) corresponding DEGG signal. Higher values of the
GOPT feature are observed for shouted speech compared to normal speech.

reduces in shouted speech production [16]. The increase in SoE and decrease in pitch period may

lead to a lower area under glottal cycles for shouted speech. The area under each glottal cycle can

be divided into open and closed phase glottal cycle areas. The area for open and closed phases can

be approximated using the triangles obtained by joining GCIs and GOIs of a glottal cycle (as shown

in Figure 4.4(b)). A triangle (∆ABC) is constructed by joining the two GCIs (B, C) and one GOI

(A) point in a glottal cycle. This triangle is further divided into closed and open phase triangles

by dropping a perpendicular from GOI to the horizontal axis (AD′ ⊥ B′C ′). The closed and open

phase triangles are respectively represented by ∆ABD and ∆ADC. This helps in observing the area

variations during these phases. These triangles reflect the following aspects of a glottal cycle. First,

height of the triangle (|AD|) represents SoE. Second, phase durations are given by the bases (BD and

DC) of triangles. Third, hypotenuses (AC and AB) provide approximate information on the slope of

DEGG signal for corresponding phase (as demonstrated in Figure 4.4(b)). The slope of DEGG signal

during the open phase provides information about the abrupt closing of vocal folds. The abruptness of

vocal fold closing increases from normal to shouted speech [19]. Therefore, a negative slope with a high

magnitude is expected for shouted speech. Accordingly, the relative duration of the open phase in each

glottal cycle is shorter in shouted speech than that of normal speech [16]. Hence, the OPTA feature

is expected to have a lower value for shouted speech compared to that of normal speech. Similarly,

the Closed Phase Triangle Area (CPTA) provides the same aspects of the DEGG signal during closed

phase. Sides of the triangle AB and AC are estimated using coordinates of three vertices (one GOI
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– point A and two GCIs – points B and C) in each cycle (Figure 4.4(b)). Perpendicular from GOI

to the line joining both GCIs divides the triangle into closed and open phase triangles. Height of

the triangle |AD| is calculated using its sides AB, BC and AC. The area of open phase triangle is

represented by OPTA and CPTA denotes the area of closed phase triangle.

Figure 4.6 illustrates speech waveforms and corresponding DEGG signals for shouted and normal

speech for a male speaker (Sp7) uttering the sound unit ‘/o/’. The open and closed phase triangles

are respectively represented in Figures 4.6(b) and (e) by dashed vertical and horizontal lines. It can

be observed that open or closed phase triangle areas vary in cases of shouted and normal speech. It

is believed that these variations across the plots are due to different speaking modes as the speaker

and the uttered sound unit remain unchanged. Figure 4.7 illustrates the extracted OPTA and CPTA

features for the vowel ‘/o/’ uttered by the male speaker (Sp7). It can be observed from Figures 4.7(b)

and (c) that OPTA and CPTA features have lower values for shouted speech compared to that of

normal for each glottal cycle. The different behaviour of open and closed phase triangle areas for

shouted and normal speech can be utilized further for detecting shouted speech.
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Figure 4.7: Illustrating behavior of the proposed excitation source features for shouted and normal speech for
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4.2.4 Flatness of Glottal Cycle (FoGC)

For shouted speech production, pitch period reduces, and SoE rises in contrast to normal speech [153].

Thus, glottal cycles in shouted speech are expected to exhibit more peakiness than that of normal

speech. This motivated us to propose a feature based on the flatness of glottal cycles. The Flat-

ness of Glottal Cycle (FoGC) feature encapsulates the variations due to change in SoE and glottal

cycle duration (Figure 4.4(c)). The FoGC feature is defined as focal distance (Pfd) of a parabola

P estimated from the samples of each cycle of the DEGG signal. The parameters ({a, b, c}) of the

parabola P are estimated by regression using the model y = ax2 + bx + c. The FoGC is defined as

Pfd = − 1
4a . Figures 4.6(c) and (f) show the approximated parabola (P in the black dashed curve)

on respective glottal cycles for shouted and normal speech, respectively. It can be observed that the

parabola approximated from the glottal cycle of normal speech is more flattened compared to that of

shouted speech. The extracted FoGC values for vowel ‘/o/’ for a male speaker (Sp7) are demonstrated

in Figure 4.7(a). The figure shows higher FoGC values for normal compared to shouted speech. Thus,

the proposed FoGC feature is expected to be effective for discriminating shouted and normal speech.

4.2.5 Use of ILPR signal as DEGG approximation

The proposed features (GOPT, OPTA, CPTA and FoGC) parameterize DEGG cycles for capturing

excitation source variations for shouted and normal speech. However, EGG (or DEGG) signals are
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not available in most practical applications. Thus, representative information needs to be extracted

from the available speech signal. Prathosh et. al [140] explored Integrated Linear Prediction Residual

(ILPR) as a representative of excitation source signal to extract epoch locations. Thus, the ILPR

signal is used as a representative of the source signal for extracting the proposed glottal cycle-level

features. In LP analysis, the LP coefficients represent the time-varying vocal tract filter and the LP

residual characterizes the excitation source signal [154]. The LP analysis is used to estimate the ILPR

from speech signal. A brief description of ILPR estimation is presented next.

The high frequency components of speech signal s[n] (n = 0, 1, . . . N − 1) are first enhanced

by performing pre-emphasis. Here, the N denotes the total number of samples in s[n]. This pre-

emphasized speech signal se[n] (n = 0, 1, . . . N − 1) is further used for LP analysis. The LP analysis

involves prediction of present speech sample (ŝe[n]) using a linear combination of past p speech samples

{se[n− 1], . . . se[n− p]}. This prediction is performed as

ŝe[n] = −
p∑

k=1

ckse[n− k] (4.1)

where, ck denotes the LP coefficients. The ck are estimated using Levinson-Durbin algorithm with

the auto-correlation coefficients computed from speech sequence [154]. The LP residual is computed

as the error between se[n] and ŝe[n], and is given by

e[n] = se[n] +

p∑
k=1

ckse[n− k] (4.2)

The residual in Equation 4.2 is obtained by subjecting s[n] (n = 0, 1, . . . N − 1) through the

following inverse filter A(z)

A(z) = 1 +

p∑
k=1

ckz
−k (4.3)

The filtered output is known as the ILPR signal [140]. For extraction of ILPR signal, a frame size

of 30 ms, frame shift of 10 ms, and p = 12 are considered for prediction. To reduce the uncertainty

in epoch extraction using ILPR signal, a 9th order moving average smoothing is applied on the ILPR

signal. It is observed that large error locations in the ILPR signal correspond to GCI instances [146].

Finally, the smoothed ILPR signal is used as an alternative to the DEGG signal for extracting the

proposed features.
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4.2.6 ShVowel – The Shouted Vowel corpus

A notable distinction in excitation source characteristics is observed during the production of vowels

[153]. Thus, the proposed work uses a small vowel dataset recorded from 11 speakers for understanding

the significance of DEGG based features. The data was recorded in a controlled environment using

Sennheiser PC 3 microphone, electroglottograph (with two electrodes), and WaveSurfer software [155].

The speech and EGG signals were initially recorded at a sampling rate of 48 kHz with 16-bits per

sample. The signals were resampled to 8 kHz for the present analysis. Speakers (6 males and 5

females) were asked to utter vowels with stop consonants at the beginning and ending of each vowel.

For example, the speakers pronounced ‘kak’, ‘kek’, ‘kik’, ‘kok’ and ‘kuk’ for respective vowels ‘/a/’,

‘/e/’, ‘/i/’, ‘/o/’ and ‘/u/’. Every speaker uttered 5 vowels at two loudness levels, i.e., normal and

shouted. Thus, the dataset contains 110 speech and corresponding EGG signals for 11 speakers.

All speakers belong to different geographical regions of India and have varying Indian accents. This

dataset is referred to as the Shouted Vowel (ShVowel) corpus and used only to establish the importance

of DEGG based features. The ShVowel corpus is available at https://github.com/shikhabaghel/

ShoutedVowelDataset.

4.2.7 Analysis of proposed features on vowels

The ShVowel dataset is used for analyzing the proposed glottal cycle-level features. First, the

GOPT feature is computed from each glottal cycle of DEGG signals corresponding to vowels of all

the speakers. The mean and standard deviation of GOPT features are computed for each vowel of the

individual speaker to understand the trend of feature. Figure 4.8 shows the plots of mean and standard

deviation of GOPT for different vowels for each speaker. The horizontal axis of each plot represents

different speakers, while the vertical axis shows GOPT values. The results for shouted vowels are

shown in red-colored stars, while black colored circles represent normal vowels. It is observed that for

most cases, the GOPT feature is capable of discriminating shouted from normal speech. Out of 55

vowel cases (11 speakers, 5 vowels), 50 cases exhibited a higher mean value of the feature in the case

of shouted speech. The remaining 5 shouted speech cases (different vowels across speakers) had close

GOPT values in comparison with that of normal speech. This experiment was repeated by considering

the ILPR signal as an approximation of the DEGG signal. In this case, GOPT feature had high mean

values for shouted speech in 42 out of 55 cases.
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Figure 4.8: Illustrating mean and standard deviation of GOPT feature (extracted from DEGG signals) for
shouted and normal speech for different vowels – (a) ‘/a/’, (b) ‘/e/’, (c) ‘/i/’, (d) ‘/o/’, and (e) ‘/u/’. Shouted
speech (plotted by red colored stars) has higher values of mean GOPT than normal speech (plotted by black
colored circles) for almost all the speakers and the vowels.

Next, a similar experiment is repeated for OPTA, CPTA and FoGC features. Variations in the

features for shouted and normal speech in the context of five different vowels are illustrated in Table 4.1

for a male speaker (Sp7). Mean of FoGC feature for normal and shouted speech are respectively

denoted by µnFoGC and µsFoGC . A similar convention is followed for the other two features. Columns

(a), (b), (e), (f), (i) and (j) show the results of the features estimated from the DEGG signal. The

remaining columns represent the results computed from the ILPR signal. It can be observed that the

mean values of FoGC features for normal vowels are higher than that of shouted speech for all five

vowels. This holds for both DEGG (Table 4.1 (a) and (b)) and ILPR (Table 4.1 (c) and (d)) signals.

Similar behavior is observed for the OPTA feature except for vowel ‘/e/’ in the case of DEGG.

However, no common trend is noted between columns (i) and (j) for DEGG signal and (k) and (l)

of ILPR signal for CPTA feature. Previous works have also concluded that closed phase slope and

duration of DEGG signal do not show specific trends in differentiating shouted and normal speech [19].

This might be the reason for inconsistent results for the CPTA feature. Therefore, CPTA may not be
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4.2 Glottal cycle based analysis of excitation source

Table 4.1: Illustrating deviation in proposed excitation source features for shouted speech from normal speech
in different vowels. Flatness of Glottal Cycle (FoGC) – mean for (a) normal speech (µnfogc

), (b) shouted speech
(µsfogc

) using DEGG signal; mean for (c) normal speech (µnfogc
), (d) shouted speech (µsfogc

) using ILPR
signal. Open Phase Triangle Area (OPTA) – mean of (e) normal speech (µnopta

), (f) shouted speech (µsopta)
using DEGG signal; mean of (g) normal speech (µnopta

), (h) shouted speech (µsopta) using ILPR signal. Closed
Phase Triangle Area (CPTA) – mean of (i) normal speech (µncpta), (j) shouted speech (µscpta) using DEGG
signal; mean of (k) normal speech (µncpta), (l) shouted speech (µscpta) using ILPR signal.

FoGC OPTA CPTA

DEGG ILPR DEGG ILPR DEGG ILPR

(a) (b) (c) (d) (e) (f) (g) (h) (i) (j) (k) (l)

Vowel µnfogc
µsfogc

µnfogc
µsfogc

µnopta
µsopta µnopta

µsopta µncpta
µscpta µncpta

µscpta

/a/ 750 368 833 568 4.36 4.11 8.13 5.15 4.60 4.72 1.80 1.44

/e/ 831 363 417 406 3.14 3.64 11.56 7.81 3.65 5.98 3.10 2.38

/i/ 642 280 689 266 3.58 2.91 8.81 3.05 5.61 3.86 2.55 3.51

/o/ 717 298 1558 476 4.04 3.63 5.32 5.14 5.71 4.95 1.26 1.60

/u/ 580 286 792 345 4.07 3.05 7.05 1.89 4.69 2.78 1.78 2.26

a good feature to discriminate shouted and normal speech. Thus, the CPTA feature is not considered

for further analysis. The behavior of FoGC and OPTA features across 5 different speakers (3 males

and 2 females) are illustrated in Figures 4.9 and 4.10, respectively. The bar plots show higher mean

feature values for normal speech compared to shouted speech for all 5 vowels for almost all speakers.

Finally, GOPT, OPTA and FoGC features are considered for the classification of shouted and

normal vowels. GOPT feature is defined as the magnitude of slope of DEGG signal during the open

phase. FoGC captures the flatness of the glottal cycle, while OPTA represents the glottal cycle area

during open phase. All three features encapsulate different aspects of a glottal cycle. Therefore, these

features can be used together to classify shouted and normal speech. Each feature is an 1-dimensional

representation of every glottal cycle. To remove the speaker dependency, features are normalized in

the range of 0−1 by considering the data from both the classes for each vowel. For better classification,

each feature should have non-overlapping distributions in different classes. Figure 4.11 illustrates the

separability of the features extracted from DEGG and ILPR signal for shouted and normal vowels.

Red-colored bars represent shouted, and blue-colored bars show normal speech. Figures 4.11(a),

(b) and (c) show different histograms for both the classes for the features extracted from DEGG

signal. This indicates that the features have some separability between the classes. When all the

three features are combined, then the separability increases, as illustrated in Figure 4.11(d). Red-
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numbers 1− 3 are males, and 4− 5 are females. The length of bars represents the mean values of the feature.
DEGG signal – Dark and light blue colored bars respectively for normal and shouted speech. ILPR signal
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colored stars represent shouted speech, and blue-colored circles are used for normal speech. Similarly,

Figures 4.11(e), (f), (g) and (h) show the similar trend for the features extracted from ILPR signal.

Hence, the proposed features can be utilized for classifying shouted and normal speech.
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Figure 4.11: Illustrating different histograms for shouted (red color) and normal speech (blue color) for Flatness
of Glottal Cycle (FoGC) ((a) and (e)), Open Phase Triangle Area (OPTA) ((b) and (f)) and Glottal Open Phase
Tilt (GOPT) ((c) and (g)). The first row illustrates the results for the DEGG signal. However, the second row
shows the results for the ILPR signal. Two classes are more separable when all the three features are considered
((d) and (h)).

4.2.8 SVM classifier using glottal cycle level features

Classification of normal and shouted vowels is performed using an SVM (with RBF kernel) based

classifier. The RBF kernel parameters are selected using grid search. Classification performance is

reported in terms of the F1-score of individual classes. The experiments are performed with different

train-test splits (50 : 50, 60 : 40, 70 : 30, and 80 : 20) to show the potential of features for the varying

amount of training data. For each split, the experiment is performed three times on randomly drawn

instances, and the average F1-scores for the features extracted from DEGG signal are reported in

Table 4.2. The F1-score for normal speech is represented by Fnor and Fsh denotes F1-score for shouted

speech. The proposed features are compared with two existing DEGG based features, namely α [16]

and τ∗ [19]. The feature α is the ratio of closed phase to the glottal cycle period. On the other

hand, the feature τ∗ measures the abruptness of glottal closure. The feature τ∗ is defined as the time

constant of the estimated decaying exponential from the DEGG signal [19].

The FoGC feature extracted from the DEGG signal performs better than other features for all

the train-test splits. As the size of training data increases, the performance for OPTA and GOPT

increases. When FoGC and OPTA are considered together as a two-dimensional feature vector, the
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4. Shouted Speech Detection

Table 4.2: DEGG signal: classification performance in terms of F1-scores using SVM (with RBF kernel)
classifier for different sizes of training data. Fsh represents F1-score for shouted speech and Fnor corresponds to
F1-score of normal speech.

DEGG signal (F1-score)

Train-Test Splits

(50 : 50)% (60 : 40)% (70 : 30)% (80 : 20)%

Feature Fnor Fsh Fnor Fsh Fnor Fsh Fnor Fsh

α (baseline 1) 0.58 0.60 0.59 0.53 0.63 0.60 0.60 0.60

τ∗ (baseline 2) 0.55 0.57 0.56 0.54 0.59 0.60 0.60 0.65

FoGC 0.80 0.82 0.79 0.82 0.79 0.81 0.77 0.81

OPTA 0.75 0.69 0.74 0.69 0.75 0.77 0.74 0.75

GOPT 0.71 0.74 0.73 0.75 0.80 0.78 0.79 0.78

FoGC+OPTA 0.89 0.90 0.90 0.90 0.91 0.91 0.90 0.91

FoGC+OPTA +GOPT 0.89 0.91 0.90 0.91 0.91 0.91 0.90 0.91

performance is around 0.90. The performance remains the same even if all three features (FoGC,

OPTA and GOPT) are taken together as a three-dimensional vector. The same set of experiments

is performed on features extracted from the ILPR signal (Table 4.3). In case of the ILPR signal,

the best performance is obtained when all the three features are used for the classification task. The

best performance for the ILPR signal is lower than that of the DEGG signal. The reason can be

attributed to the incorrect GOI locations detected in ILPR signals, which may result in wrong feature

extraction. Classification performance of α and τ∗ features are also lower than the proposed features

for both DEGG and ILPR. This shows the potential of proposed features for the classification of

shouted and normal speech.

The DEGG signal based characterization of shouted and normal speech proposed three glottal

cycle based features. This approach is limited by the non-availability of DEGG signal in most practical

applications. Also, the accurate detection of GOI location in the ILPR signal is not an easy task.

This motivates us to extract similar information directly from the speech signal, and it should be

independent of the exact location of GOIs. Therefore, three excitation source features derived from

speech signals are explored in the coming section. Moreover, DEGG based study is carried out on a

small dataset of vowels only. Hence, it calls for a study on sentence-level recordings with automatic

detection of voiced regions. A detailed description of the speech-based study of excitation source

characteristics for shouted speech detection is given in the next section.
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Table 4.3: ILPR signal: classification performance in terms of F1-scores using SVM with RBF kernel for
different sizes of training data. Fsh represents F1-score for shouted speech and Fnor corresponds to F1-score of
normal speech.

ILPR signal (F1-score)

Train-Test Splits

(50 : 50)% (60 : 40)% (70 : 30)% (80 : 20)%

Feature Fnor Fsh Fnor Fsh Fnor Fsh Fnor Fsh

α (baseline 1) 0.52 0.56 0.53 0.55 0.55 0.56 0.55 0.57

τ∗ (baseline 2) 0.53 0.54 0.54 0.54 0.54 0.56 0.55 0.56

FoGC 0.67 0.71 0.64 0.73 0.65 0.70 0.65 0.70

OPTA 0.71 0.72 0.70 0.72 0.67 0.72 0.71 0.72

GOPT 0.66 0.64 0.64 0.63 0.64 0.64 0.66 0.66

FoGC+OPTA 0.78 0.79 0.78 0.80 0.78 0.79 0.80 0.80

FoGC+OPTA+GOPT 0.83 0.83 0.82 0.83 0.83 0.82 0.81 0.82

4.3 Speech signal based analysis of excitation source

The speech signal contains detailed information of excitation source characteristics compared to

the EGG signal since the former carries the resultant effects of vocal fold(s) vibrations on the air

pressure coming from the lungs [16]. Therefore, different aspects of excitation source information

can be derived from the speech signal. Three existing excitation features are studied here, which

have not been explored earlier in literature in the context of shouted speech detection. The features

capture temporal and spectral domain characteristics of the excitation source. The Block diagram

of the proposed shouted speech detection system using speech based excitation features is shown in

Figure 4.12. The speech signal is passed through a Butterworth HPF filter (order 5) with a cut-

off frequency of 50 Hz to remove the recording trend in the signal. The resultant speech signal is

resampled at 16 kHz. Next, mean removal and amplitude normalization is performed to obtain the

signal magnitude in the range between −1 to 1. The pre-processed speech signal is further used to

retain only high-energy voiced speech regions. The retained speech regions are utilized for excitation

source feature extraction. Finally, Fully Connected Network (named as SSD-FCNet) based classifiers

are used to detect shouted speech.

A detailed description of each block of the proposed system is presented in the upcoming sub-

sections. Effect of high-energy voiced speech is discussed in sub-section 4.3.1. The speech based

excitation features are described in sub-sections 4.3.2, 4.3.3 and 4.3.4. The architecture of SSD-
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Figure 4.12: Proposed shouted speech detection system using speech-based excitation source features.

FCNet classifier is presented in sub-section 4.3.5. Sub-sections 4.3.6 and 4.3.7 describe the datasets and

baseline methods used to evaluate the proposed approach, respectively. Sub-section 4.3.8 illustrates

the effect of high-energy voiced speech on the classification of shouted and normal speech. The

statistical analysis of the features is presented in sub-section 4.3.9. Classification performance of

individual features and their combination is reported in sub-sections 4.3.10 and 4.3.11, respectively.

Performance analysis of the proposed approach in a generalized setup and noisy scenarios are presented

in sub-sections 4.3.12 and 4.3.13, respectively.

4.3.1 High-energy voiced speech detection

Existing works [62, 153] mentioned that the information about shouted speech is mostly carried

by voiced segments. However, during shouted speech production, emphasis is mainly given to some

specific duration of voiced sounds depending on the context of the utterance. Hence, we believe that

the prominent shout characteristics are primarily concentrated in high-energy voiced speech rather

than the whole voiced segment. Therefore, this chapter studies the effect of high-energy voiced speech

on shouted and normal speech classification.

Voiced vs. Un-Voiced (V/UV) speech detection is performed on the pre-processed speech signal.

The V/UV detection includes two sub-tasks. First, epoch extraction using plosion-index based ap-

proach [140]. Second, maximum normalized correlation based voiced speech detection using extracted

epochs [140]. The epoch extraction method is briefly explained next.

A speech signal s[n](n = 0, 1, . . . N − 1) is processed through an inverse filter to obtain the ILPR
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Figure 4.13: Illustrating V/UV (red solid contour) and high-energy voiced (black dotted contour) speech
detection in an utterance spoken by a female speaker in (a) normal and (b) shouted speaking mode.

signal. The N represents the total number of samples in s[n]. The appropriate polarity of the speech

signal needs to be ensured first so that the large peaks of the ILPR signal are of negative polarity. For

eliminating the spurious peaks of the ILPR signal, a 5-point symmetric moving averaging is performed.

The information about GCIs is present in the negative ILPR signal. Hence, the ILPR signal is half-

wave rectified for preserving only the negative part of the signal. The resultant signal is negated and

referred to as the Half-Wave ILPR (HWILPR) signal. Further, epochs are extracted from HWILPR

using dynamic plosion-index based measure [140]. Accordingly, the epoch locations (for both voiced

and unvoiced) corresponding to the speech signal s[n] are obtained.

The extracted epochs are used to obtain voiced speech segments. Let, s1i [n] be the speech signal

from (i − 1)th epoch location to (i)th epoch. Here, i = 2, . . . Nep − 1 and Nep is the total number of

epochs extracted from the ILPR signal. The signal s1i [n] is `2 normalized. Similarly, s2i [n] is the `2

normalized speech signal between (i)th epoch to (i+1)th epoch. The maximum value of the correlation

(ρi) between s1i [n] and s2i [n] is retained for further processing. After extracting correlation values for

all the epoch locations, ρ is max-normalized. Further, the mean of correlation values corresponding

to three consecutive epochs is calculated (equation 4.4)

ρm[i] =
ρ[i− 1] + ρ[i] + ρ[i+ 1]

3
; i = 2 : (Nep − 1) (4.4)

The epoch locations corresponding to mean correlation (ρm) values greater than a threshold are

considered as epochs of voiced speech. A threshold value of 0.6 is empirically selected. Fig. 4.13
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illustrates the V/UV detection (red color solid contour) for an utterance spoken by a female speaker

in normal (Figure 4.13(a)) and shouted (Figure 4.13(b)) speaking mode.

Further, an energy-based Speech vs. Non-Speech (S/NS) detection is performed to keep only high-

energy speech regions. A fraction (0.35) of the average energy of an utterance (empirically selected)

is used as a threshold to identify high-energy speech regions. This approach retains only the frames

with higher energy and neglects lower energy speech regions and silences. Frames detected both as

voiced speech and high-energy speech is considered as the high-energy voiced regions. Fig. 4.13 shows

high-energy voiced regions by the black dotted contour. It can be observed that low-energy voiced

segments are masked by the energy threshold. The detected high-energy voiced speech regions are

used for feature extraction.

4.3.2 Discrete Cosine Transform of Integrated Linear Prediction Residual (DCT-
ILPR)

During shouted speech production, the shape of a glottal cycle significantly varies from that of

normal speech (as observed in DEGG based study). The DCT-ILPR feature is used to capture the

glottal cycle shape information. This feature utilizes the ILPR signal to obtain estimated glottal cycles.

The plosion index-based epoch extraction approach is used to locate the epochs in the ILPR signal,

and voiced segments are extracted using maximum normalized cross-correlation [140, 156]. Epoch

locations corresponding to voiced segments are considered as GCIs. The ILPR signal between two

consecutive GCIs is considered as one cycle. Figures 4.15(c) and (d) illustrate the ILPR signal for

vowel ‘/a/’ uttered by a speaker in normal and shouted speaking modes, respectively. The shape of

each cycle significantly varies in both cases. Therefore, the shape information of each cycle needs to

be explored for discriminating shouted speech from normal. The number of sample points varies in

each ILPR cycle. However, classifiers require an input of fixed length. Thus, each ILPR cycle needs

to be transformed into a fixed-length shape feature vector. The Discrete Cosine Transform (DCT) is

known for its energy compaction property. Thus, the first few DCT coefficients of each ILPR cycle can

efficiently capture its shape information. The DCT-II coefficients of each ILPR cycle are computed

in a pitch synchronous manner [147]. These coefficients are averaged over all the ILPR cycles in a

short-term frame to compute the DCT-ILPR [147] feature.

The DCT-ILPR feature has been used to capture the shape information of glottal cycle for replay

attack detection [157] and speaker identification [147] tasks. This feature explores sub-segment level
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information of ILPR signal [147]. This motivated us to use DCT-ILPR for capturing the deviation

in shape of glottal cycles in context of shouted and normal speech classification. Let l
(j)
r [n] (n =

0, 1, . . . N (j)−1) be an ILPR cycle of length N (j) between jth and (j+1)th GCIs. Here, j = 1, 2, . . . Nc

and Nc is the total number of ILPR cycles. Now, DCT-II coefficients (c(j)[k], k = 0, . . . N (j) − 1) of

l
(j)
r are computed as follows.

c(j)[k] =
N(j)−1∑
n=0

lr
(j)[n]cos

[
π

N (j)

(
n+

1

2

)
k

]
(4.5)

Ramakrishnan et al. [147] have experimented with the number of DCT-ILPR coefficients necessary

for speaker identification and found that the first 24 DCT coefficients are sufficient to capture the shape

of an ILPR cycle. It was demonstrated as a compact representation of each cycle, capturing temporal

dynamics of the ILPR signal. Rohan et al. [149] have also selected the first 24 coefficients to construct

the DCT-ILPR feature for speaker verification. However, the authors believe that c[0] represents the

average information. Hence, it has minimal contribution to the overall shape of the ILPR cycle. This

motivated us to use DCT-ILPR = {c[1] . . . c[23]} to form a 23 dimensional DCT-ILPR feature.

4.3.3 Mel-Power Difference of Spectrum in Sub-bands (MPDSS)

The LP residual signal is considered as a representation of the excitation source for extracting

MPDSS [148] feature. Rapid vibrations associated with abrupt closing of vocal folds are observed

during shouted speech production [16]. This leads to sharper impulse-like excitation [19] in shouted

speech, which can be observed from the LP residual signal in Figures 4.14(a) and (b). This results

in prominent spectral peaks with higher periodicity in the LP residual spectrum (Figures 4.14(c)

and (d)). Existing works have estimated periodicity using power spectrum features [149, 158]. Thus,

features derived from the power spectra of the LP residual signal can be used to discriminate shouted

and normal speech.

Hayakawa et al. [158] utilized Power Differences of Sub-band Spectra (PDSS) for speaker identi-

fication. These are computed from the spectral flatness of sub-bands [159]. The spectral flatness is

defined as the ratio of Geometric Mean (GM) to Arithmetic Mean (AM) of each sub-band spectrum.

The PDSS feature extraction uses linearly spaced filters. However, non-linearly spaced Mel-filter bank

resembles with human auditory perception system. This motivated the MPDSS [148] feature extrac-

tion process to use the Mel-filter bank. This feature captures the segment-level information of the
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Figure 4.14: Illustrating the respective spectral peaks ((c) and (d)) of LP residual signals of (a) normal and (b)
shouted speech for vowel ‘/a/’. Note the presence of sharper spectral peaks in case of shouted speech compared
to that of normal.

excitation source in the spectral domain. This feature has also been explored for the speaker verifi-

cation task [149]. The extraction process for the MPDSS feature is briefly discussed next. Let P (k)

be the power of kth sample of the power spectrum of a frame of LP residual signal. Let, lm and hm

correspond to the first and last indices of the mth filter, respectively. The mth filter contains a total

number of Nm = hm − lm + 1 samples. The MPDSS feature for mth filter is extracted as follows.

MPDSS(m) = 1−

{ hm∏
k=lm

P (k)

} 1
Nm
/{

1

Nm

hm∑
k=lm

P (k)

} (4.6)

A flat spectrum having a lower dynamic range leads to lower MPDSS feature values. While,

MPDSS values closer to 1 indicate a higher dynamic range of the spectrum and hence, signifies the

presence of prominent spectral peaks. Figures 4.15(e) and 4.15(f) illustrate the extracted MPDSS

values for vowel ‘/a/’ uttered by a speaker in normal and shouted mode, respectively. Higher values

(closer to 1) of MPDSS in shouted speech verify the presence of prominent spectral peaks with higher

periodicity in the LP residual spectrum compared to that of normal speech. The 26 Mel-filters are

used to extract a 26 dimensional MPDSS feature vector.
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Figure 4.15: Illustrating different behavior of excitation source characteristics for normal and shouted speech
for vowel ‘/a/’. Normal speech – (a) LP residual signal, (c) ILPR signal, (e) MPDSS and (g) RMFCC. Shouted
speech – (b) LP residual signal, (d) ILPR signal, (f) MPDSS and (h) RMFCC. Note the differences in glottal
cycle shapes ((c) and (d)), feature values of MPDSS and RMFCC for shouted and normal speech. Horizontal
axis for (a), (b), (c) and (d) represents sample number, while in (e), (f), (g) and (h) it denotes the feature
dimension.

4.3.4 Residual Mel-Frequency Cepstral Coefficients (RMFCC)

The amplitude and strength of excitation increase during shouted speech production [19]. This is

reflected as the sharper peaks (with higher amplitude) around GCIs in LP residual signal. This can

be observed from Figures 4.14(a) and 4.14(b). As a result, LP residual spectrum contains prominent

spectral peaks and thus, leads to a higher spectral energy than normal speech. Such deviations of the

spectrum are expected to be better captured by cepstral features. This motivated us to explore the

Residual Mel-Frequency Cepstral Coefficients (RMFCC) [148] feature.

The RMFCC feature is computed from the LP residual spectrum. This feature captures segment-

level information of excitation source in the cepstral domain. This feature has been used to model

speaker information [148] and also for the speaker verification task under limited test condition [149].

The log magnitude spectrum of the LP residual is processed using non-linearly placed triangular

Mel-filters. Let, R[k] (k = 0, . . . Nf − 1) be the spectrum of a frame of the LP residual signal r[n]

(n = 0, . . . Nf − 1) of Nf samples. The Mel-filter bank Ml is used to process the log magnitude of
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R[k] for converting it to the cepstral domain. The RMFCC feature is obtained by computing DCT

coefficients of the logarithm of the magnitude spectrum.

RMFCC[k] = DCT{Ml(log|R[k]|)} (4.7)

The first 24 coefficients (RMFCC[k]; k = 0, . . . 23) are used to construct the RMFCC feature

vector. The Mel-filter bank energies represent gross information of the LP residual spectrum with a

higher (or lower) resolution at low (or high) frequency regions. The energy compaction property of

DCT ensures the preservation of Mel-filter bank energy information in the RMFCC feature. These

Mel-filter bank energies represent gross LP residual spectrum information. Thus, RMFCC captures the

gross segment level characteristics of the LP residual spectrum. Figures 4.15(g) and 4.15(h) illustrate

the RMFCC features extracted for a frame of vowel ‘/a/’ uttered by a speaker in normal and shouted

speaking mode, respectively.

4.3.5 SSD-FCNet: A fully connected network based classifier

Classification of shouted and normal speech is performed using a Fully Connected Network (SSD-

FCNet). The architecture of SSD-FCNet is illustrated in Figure 4.16. The size of the input layer is the

same as the feature dimension (df ). Thus, the size of the input layer varies according to the feature used

for classification. The proposed SSD-FCNet architecture contains 5 hidden layers with 60, 100, 120, 80

and 20 nodes, respectively. The output of each layer is subjected to Batch Normalization and ReLU

activation function. The output layer (size = 2) of the SSD-FCNet is activated through SoftMax

function.

Figure 4.16: Illustrating the SSD-FCNet architecture for shouted (Shout) and normal (Normal) speech classi-
fication. It has 5 hidden layers (ReLU activation) between input and output (SoftMax activation).

A deep network architecture is adopted for SSD-FCNet as such architectures have shown promising
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results in approximating complex relations between input and output [160]. Also, SSD-FCNet is

designed with the motive of projecting the input feature to a higher dimensional space for achieving

better separability. Input features xf ∈ Rdf (df < 60) are projected to a higher dimensional space

h3 ∈ R120 using the first three hidden layers. The next two hidden layers project it to a lower

dimensional space h5 ∈ R20. The last hidden layer h5 is connected to the output layer which predicts

the scores for normal and shouted speech.

The SSD-FCNet is trained using Adam [161] optimizer with a Binary Cross-entropy loss. An initial

learning rate of 0.0001, a mini-batch size of 64, and 100 epochs are used for training the SSD-FCNet

architecture.

4.3.6 Dataset description

The performance of the proposed approach is evaluated on three corpora. The first corpus contains

1024 Finnish sentences in shouted and normal vocal modes [43]. This corpus is referred to as FIN-SN

in the present thesis. The second one is the IIIT-H Volume Level Study Database (IIIT-H VLSD) [16].

This dataset consists of 102 English sentences for shouted and normal speech. The third one (SNE-

Speech) is contributed by us and is described next.

Table 4.4: Sample English sentences (from SNE-Speech corpus) used for recording speech and corresponding
EGG signals.

Move out of my way. Where were you?

Be there at five. You were not here!

Clean your room, now. That’s a lie!

Give it back. I am speaking to you!

Wait for me. This is cheating!

Get out! Where is the assignment?

The SNE-Speech (Shouted Normal EGG Speech) corpus is constructed by recording shouted and

normal speech along with corresponding EGG signal of 20 Indian speakers (10 females and 10 males).

The speakers were asked to utter 30 English sentences in shouted and normal vocal modes. Thus,

SNE-Speech contains 30×20×2 = 1200 sentences. All speakers belong to different geographical regions

of India and have varying Indian accents. Speech data and EGG signals were respectively recorded

using TASCAM DR-100mkII 2-channel portable digital recorder and EGG-M2LU/M2U model. Both

speech and EGG were recorded in a controlled environment at a sampling rate of 44.1 kHz with a
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Table 4.5: Summary of datasets used for evaluating excitation source features derived from speech signal.
The table presents language, number of speakers, number of sentences, sampling rate (Fs) and accent for each
dataset.

Number of speakers

Datasets Language Male Female Number of sentences Fs Accent

SNE-Speech English 10 10 1200 44.1 kHz Indian

FIN-SN Finnish 11 11 1024 16 kHz Native

IIIT-H VLSD English 10 7 102 48 kHz Indian

16 bit resolution. Table 4.4 presents a few sentences from the SNE-Speech corpus. The SNE-Speech

corpus is available in the public domain and can be accessed at https://github.com/shikhabaghel/

SNE-Speech-Corpus. Before each recording, speakers were asked to rehearse shouting by uttering

sentences that they use in daily life. This exercise made them comfortable with producing shouted

speech. A simply raised (loud) voice was not accepted as shouted speech. A summary of all three

datasets is presented in Table 4.5. Speech signals from all datasets are down-sampled at 16 kHz.

4.3.7 Baseline methods

This work is validated against three baseline methods that proposed excitation features for char-

acterizing shouted speech. The first method (Raitio-FS) uses F0, NAQ, SPL, and H1−H2 to analyze

the deviation of shouted speech from normal [41]. The features F0, NAQ and H1−H2 are extracted

using voice analysis repository Covarep (v1.0.1) [162]. The second approach (Mittal-FS) employs F0,

α (ratio of closed phase to glottal cycle duration), β (ratio of low-frequency energy to high-frequency

energy in normalized HNGD spectrum) and σLFSE (standard-deviation of low-frequency energy) to

analyse the effect of different vocal efforts on speech production [16]. The third baseline (Seshadri-FS)

uses η (the sharpness of HE of LP residual signal around epoch locations), and AoE (the amplitude of

HE of LP residual signal around epoch locations) features for discriminating different vocal modes [19].

The features F0, NAQ, H1−H2, and α are extracted from each glottal cycle. Thus, the average

values of these features for all cycles in a frame are used for classification. Fully Connected Networks

(SSD-FCNet) learned from the baseline features, and the ones used in the proposed work are employed

for comparative performance analysis of shouted and normal speech classification. Classification per-

formances are presented in terms of F1-scores of individual classes. Additionally, experiments are

also performed with widely used MFCC (along with ∆ and ∆∆) features. The method proposed
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by Zelinka et al. [77] has been adopted to extract 20 MFCC features from 40 filters. Pre-emphasized

speech is used to extract the MFCC features so that the vocal tract information is captured by MFCCs.

The proposed work mainly focuses on excitation features. Hence, performances are mainly compared

against baseline excitation features. In addition, performance improvement achieved by the fusion of

MFCC and excitation features has also been reported.

4.3.8 Effect of high-energy voiced speech

Changes in the excitation source characteristics due to shouted speech are mainly concentrated in

vowels or voiced segments [153]. However, it is believed that emphasis is given to some parts of voiced

segments during shouted speech production instead of whole voiced regions. Therefore, it is expected

that prominent shout characteristics are mainly carried by voiced speech with significant energy. The

Voiced vs. Unvoiced (V/UV) speech detection is performed to obtain voiced speech. Next, the high-

energy Speech vs. Non-Speech (S/NS) detection is carried out to retain only high-energy speech

regions. The V/UV and S/NS are explained in sub-section 4.3.1. Classification is performed for the

features extracted from voiced speech (V/UV) and from high energy voiced speech (V/UV+S/NS)

separately. First, the V/UV detection approach (sub-section 4.3.1) [140] is used to retain only voiced

speech segments for further processing. Second, a combination of V/UV and S/NS (sub-section 4.3.1)

is explored to retain only the voiced regions with high energy.

Features are extracted for 20 ms frames with a shift of 10 ms. An LP order (p) of 20 is used to

obtain ILPR and LP residual signals. The RMFCC and MPDSS features are derived for each frame.

In contrast, the DCT-ILPR feature is extracted for each cycle of the ILPR signal. Thus, the average

of DCT-ILPR features for all cycles in a frame is used for classification.

Statistical Significance Test of three excitation source features is performed using MANOVA

[163] by considering feature values as dependent variables and the two classes as independent variables.

This analysis helps us in choosing from the following two hypotheses.

(i) Null hypothesis H0: Significant feature differences do not exist for shouted and normal class.

(ii) Alternate hypothesis H1: Feature values can discriminate shouted and normal class.

The Wilks’ Λ measure (confidence level of 95%) has been estimated. Lower values of Wilks’ Λ

associated indicate strong evidence against H0 leading to its rejection. MONOVA test is performed on

features obtained for both the V/UV and V/UV+S/NS approaches. Results are reported in Table 4.6

in terms of Wilks’ Λ for both the V/UV and V/UV+S/NS cases. In Table 4.6, the Wilks’ Λ values
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Table 4.6: Statistical significance test of features extracted from V/UV and V/UV+S/NS speech regions using
MANOVA (5% level of significance).

Wilk’s Λ

Features V/UV V/UV+S/NS

DCT-ILPR 0.67 0.65

RMFCC 0.68 0.62

MPDSS 0.65 0.61

MFCC 0.59 0.44

MFCC+∆∆ 0.52 0.42

are lower for the case of V/UV+S/NS in comparison to V/UV [163]. This trend is consistent across

all the features. Hence, features obtained from the high-energy voiced segments are statistically more

significant for shouted speech detection than that of voiced segments. Further, the features obtained

from both V/UV and V/UV+S/NS detection methods are used to perform the classification task

separately.

For each feature, the entire dataset is divided into five folds. Any four folds taken together are

further split into 80 : 20 ratio to form the respective training and validation sets. The remaining fold

is used for testing. This results in five sets of training, validation, and testing data for each feature.

Classification is performed independently for each train, validation, and test data set. The mean (µ)

and standard deviation (σ) of the performances (F1-scores) of these five experiments are reported.

The SSD-FCNet model is trained on the frame-level representation of features. All the classification

results are evaluated on frame level.

Results of the shouted and normal speech classification are reported in Table 4.7. The perfor-

mances are reported in terms of classification accuracy and average F1-score of both the classes. The

classification results with V/UV are lower than the combination of V/UV and S/NS (V/UV+S/NS)

pre-processing approach. In the V/UV case, voiced speech with lower energy is also considered for

feature extraction. However, low-energy voiced speech is excluded in the V/UV+S/NS case. Signif-

icant performance improvements are observed with the V/UV+S/NS pre-processing method across

all features (except RMFCC). Therefore, based on the statistical significance test and classification

results, it can be concluded that prominent and discriminative shouted speech information is preserved

in high-energy voiced speech. Therefore, the V/UV+S/NS approach is used for further experiments.
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Table 4.7: Comparison of classification results obtained for V/UV and V/UV with S/NS (V/UV+S/NS) speech
regions. Frame-level classification performance of individual features using SSD-FCNet on SNE-Speech corpus.
Results are presented in terms of the average F1-score of both the classes and accuracy. Table reports mean
(µ) and standard deviation (σ) of performances estimated using five trials for each experiment.

F1-score (µ± σ) Accuracy (µ± σ)

Features V/UV V/UV+S/NS V/UV V/UV+S/NS

DCT-ILPR 80.25 ± 0.98 84.42 ± 1.02 80.26 ± 0.99 84.54 ± 0.99

RMFCC 80.83 ± 0.96 81.26 ± 0.92 80.85 ± 0.95 81.58 ± 0.74

MPDSS 73.95 ± 0.21 80.43 ± 1.18 74.01 ± 0.24 80.68 ± 1.13

MFCC 84.94 ± 0.51 91.49 ± 0.44 84.94 ± 0.51 91.55 ± 0.45

MFCC + ∆ 85.25 ± 0.65 91.16 ± 0.99 85.25 ± 0.65 91.25 ± 0.99

MFCC + ∆∆ 86.88 ± 0.57 92.55 ± 0.38 86.88 ± 0.57 92.63 ± 0.35

4.3.9 Statistical analysis of features

Canonical Correlation Analysis (CCA) is performed on different combinations of features for es-

timating their correlation. Classification performance of early fusion improves when features are

somewhat correlated [164]. Table 4.8 reports the highest CCA coefficients computed for each pair

of features from all three datasets. It is observed that DCT-ILPR has a lower correlation with RM-

FCC, MPDSS and MFCC. This signifies that DCT-ILPR captures different aspects of speech signal

than other features. On the other hand, RMFCC, MPDSS and MFCC have comparatively higher

correlation among themselves. The reason for the higher correlation between MFCC and RMFCC

may be attributed to the following reasons. The MFCC is computed from the pre-emphasized speech

signal whereas RMFCC is computed from the LP residual signal, extracted from the same speech

signal. Moreover, the feature extraction procedure is similar for both the features. This may lead

to the higher correlation between MFCC and RMFCC features. However, there are some differences

between the inputs because of which the correlation is not very close to one. Some initial feature

extraction steps are similar for MFCC and MPDSS also. Despite the similarity in feature extraction

procedure of MFCC and RMFCC (or MPDSS), their respective input signals are different, and they

represent non-identical characteristics of the speech signal. The authors believe that all the three

excitation features and MFCC capture different aspects of the speech signal. Thus, these features are

worth exploring in shouted and normal speech classification.
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Table 4.8: Results of Canonical Correlation Analysis (CCA) on three datasets, namely SNE-Speech, FIN-SN
and IIIT-H VLSD. The highest CCA coefficients are reported.

Features CCA

Combination SNE-Speech FIN-SN IIIT-H VLSD

DCT-ILPR vs RMFCC 0.68 0.78 0.65

DCT-ILPR vs MPDSS 0.63 0.75 0.61

RMFCC vs MPDSS 0.84 0.85 0.83

DCT-ILPR vs MFCC 0.66 0.79 0.65

RMFCC vs MFCC 0.93 0.94 0.94

MPDSS vs MFCC 0.84 0.87 0.87

4.3.10 Classification performance

Frame-level classification performances for the baselines and the individual features are reported

in Table 4.9. The DCT-ILPR and RMFCC features individually outperform all the three baseline

approaches based on excitation features. The success of DCT-ILPR can be attributed to its capability

of capturing the shape information of significantly different glottal cycle structures of shouted and

normal speech. However, the better performance of RMFCC can be ascribed to its ability to represent

the gross information of the LP residual spectrum. Two out of three baseline methods (Mittal-FS and

Raitio-FS) are found to outperform the MPDSS feature within a margin of ≈ 4% and 2%, respectively

on one out of three datasets (FIN-SN). The performance of MPDSS feature is slightly lower than

DCT-ILPR and RMFCC. Considering the fact that MPDSS captures a different aspect of the source

signal than DCT-ILPR and RMFCC, it is explored further in a feature fusion framework.

The classification performance of the excitation features derived from speech signal motivated us

to investigate their fusion. The authors believe that such a combination of features might enhance

classification performance. The MFCCs (along with ∆ and ∆∆) were observed to outperform all

excitation features. The Performance of MFCC+∆ is comparable with MFCC. An improvement is

observed for MFCC+∆∆ in comparison to MFCC feature. The MFCC feature captures the vocal

tract information as it is extracted from pre-emphasized speech. Thus, MFCC is expected to carry

complementary information compared to the excitation features. Hence, a fusion of excitation features

and MFCC (along with ∆∆) is worth exploring.
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Table 4.9: Classification performance (F1-score in percentage) of individual excitation features and baseline
approaches using SSD-FCNet on three datasets. The table reports the mean (µ) and standard deviation (σ) of
five-fold validation results.

Datasets

SNE-Speech FIN-SN IIIT-H VLSD

Features (µ± σ) (µ± σ) (µ± σ)

Seshadri-FS [19] 68.36±1.14 69.83±0.87 54.32±5.71

Mittal-FS [16] 79.81±0.89 91.11±1.39 64.15±4.61

Raitio-FS [41] 79.75±1.72 89.92±1.13 67.48±4.80

DCT-ILPR (D) 84.42±1.02 92.74±0.50 65.51±4.98

RMFCC (R) 81.26±0.92 93.10±0.74 70.94±4.06

MPDSS (P) 80.43±1.18 87.46±0.73 70.35±2.72

MFCC (M) 91.49±0.44 98.22±0.26 69.49±5.19

MFCC+∆ (M+∆) 91.16±1.00 97.86±0.22 71.73±3.85

MFCC+∆∆ (M+∆∆) 92.55±0.38 98.37±0.07 73.49±3.05

4.3.11 Classification using different combinations of features

Classification performance for different combinations of excitation features, MFCC and MFCC+∆∆,

are illustrated in Figure 4.17. However, the feature combinations that show significant performance

improvement over individual features are summarized in Table 4.10.

The first set of experiments involves the classification performance analysis for all possible com-

binations of DCT-ILPR (D), RMFCC (R) and MPDSS (P) features. A combination of DCT-ILPR,

RMFCC and MPDSS (D+R+P) outperforms other combinations of excitation features. This can

be observed from the first four bars of Figures 4.17(a), 4.17(b) and 4.17(c) for all three corpora.

Table 4.10 reports the significant improvement achieved by the combination D+R+P over all three

individual excitation features. The combination D+R+P incorporates different aspects of excitation

source captured by all three individual excitation features. The SSD system using D+R+P is referred

to as Excitation source based SSD (E-SSD).

Further, the analysis is extended by performing the classification using different combinations of

excitation features with MFCC (M). It is observed that the fusion of RMFCC, MPDSS and MFCC

(R+P+M) outperforms all other combinations. Comparable performance is also achieved by the

combination of DCT-ILPR, RMFCC, MPDSS and MFCC (D+R+P+M), which can be observed from

Figure 4.17 and Table 4.10. Thus, significant performance enhancement is noted over MFCC when
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(b) FIN-SN Corpus
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(c) IIIT-H VLSD Corpus
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Figure 4.17: Classification performance (F1-score in percentage) for different feature combinations using SSD-
FCNet on three datasets. Abbreviations for individual features and their combinations: DCT-ILPR (D), RM-
FCC (R), MPDSS (P), MFCC (M); DCT-ILPR + RMFCC (D+R) etc. Note that the ranges of vertical axes
are different in (a), (b), and (c).

Table 4.10: Classification performance (average F1-score in percentage) of best combinations of features using
SSD-FCNet on three datasets.

Features and their Datasets

Combinations SNE-Speech FIN-SN IIIT-H VLSD

DCT-ILPR (D) 84.42±1.02 92.74±0.50 65.51±4.98

RMFCC (R) 81.26±0.92 93.10±0.74 70.94±4.06

MPDSS (P) 80.43±1.18 87.46±0.73 70.35±2.72

D+R+P 89.85±0.58 95.53±0.56 72.88±4.48

MFCC (M) 91.49±0.44 98.22±0.26 69.49±5.19

M+∆∆ 92.55±0.38 98.37±0.07 73.49±3.05

R+P+M 95.60±0.43 99.04±0.31 75.12±3.17

D+R+P+M 95.36±0.62 99.04±0.35 74.84±5.21

D+P+M+∆∆ 94.82±0.50 98.91±0.18 75.74±2.27

R+P+M+∆∆ 95.79±0.39 98.95±0.14 76.45±3.74

D+R+P+M+∆∆ 95.51 ±0.46 99.03±0.15 77.00±7.34

excitation features are added to it. This illustrates that excitation features also carry significant

discriminatory information for normal and shouted speech classification.

Additionally, combinations of excitation features with MFCC+∆∆ (M+∆∆) have also been inves-

tigated to observe the significance of ∆ and ∆∆ coefficients of MFCC feature for classification. From

Figure 4.17, it can be observed that three feature combinations have comparable performance, viz.,

(i) combination of DCT-ILPR, RMFCC, MPDSS and MFCC+∆∆ (D+R+P+M+∆∆); (ii) combina-
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Figure 4.18: Illustrating generalization performance analysis for individual features DCT-ILPR (D), RMFCC

(R), MPDSS (P) and MFCC (M) and their combinations. All refers to the early fusion of all features. The

F1-scores (in percentage) of SSD-FCNet based classification of shouted (Shout) and normal (Normal) speech

are presented. (a) Trained on SNE-Speech, Tested on FIN-SN, (b) Trained on SNE-Speech, Tested on IIIT-H

VLSD, (c) Trained on FIN-SN, Tested on SNE-Speech, (d) Trained on FIN-SN, Tested on IIIT-H VLSD, (e)

Trained on IIIT-H VLSD, Tested on SNE-Speech and (f) Trained on IIIT-H VLSD, Tested on FIN-SN.

tion of RMFCC, MPDSS and MFCC+∆∆ (R+P+M+∆∆); (iii) combination of DCT-ILPR, MPDSS

and MFCC+∆∆ (D+P+M+∆∆). The performances of these three combinations are reported in

Table 4.10 and are observed to be similar to R+P+M and D+R+P+M. The results mentioned in

Table 4.10 indicate that ∆ and ∆∆ coefficients of MFCC feature do not add appreciable information

to the fusion of excitation features and MFCC.
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4. Shouted Speech Detection

4.3.12 Generalization performance analysis

The generalization performance of the three excitation features is experimentally verified by train-

ing models on one corpus and testing them on the other two datasets. The results of generalization

performances (F1-scores) are shown in Figure 4.18. The first four bars (Figure 4.18) show the results

for individual features DCT-ILPR (D), RMFCC (R), MPDSS (P) and MFCC (M). The DCT-ILPR

feature is noted to be the most affected one than all other individual features. The DCT-ILPR cap-

tures sub-segment level (less than a frame size) information of speech signal, which makes it more

sensitive to fine changes in the signal. For example, different recording environments can introduce

finer variations in the signal due to different degree of ambient noise. However, all other features

represent segment-level information of speech signal by utilizing a filter bank approach for their ex-

traction. Thus, other features are comparatively robust to such local variations. Further, experiments

have been performed with all possible combinations of excitation features. It is observed that both

R+P and D+R+P have almost similar performances (higher than that of D+P and D+R).

Among feature combinations with MFCC, both R+M and P+M perform equally well and better

than M, D+M, R+P and D+R+P. Finally, the combinations R+P+M (R+P and M showed good

generalization performance), D+R+M and All have been studied. Here, All represents the combi-

nation of DCT-ILPR, RMFCC, MPDSS and MFCC (D+R+P+M) which is one of the best performer

in feature combinations (sub-section 4.3.11). It is observed that R+P+M and All provide the best

generalization performances.

4.3.13 Effect of noisy conditions

Two types of noises, namely Babble and Factory1 [165] are explored to analyze the behavior of

excitation features in noisy environment. The noise samples are taken from the NOISEX-92 [165]

database. The Babble noise is the combined speech of multiple speakers speaking simultaneously in

the background. On the other hand, the Factory1 noise is a recording of machine noises in a factory,

including frequent transient impulsive sounds. Clean speech is artificially corrupted by noise at three

different Signal to Noise Ratios (SNR) – 15dB, 10dB and 5dB. To analyze the robustness of features

against noisy conditions, the SSD-FCNet model is trained on clean speech and tested against noisy

data. All the features are normalized by mean-variance normalization.

Figure 4.19 illustrates the trend of classification performance for excitation features, MFCC+∆∆
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(a) SNE-Speech Corpus: Babble Noise (b) SNE-Speech Corpus: Factory1 Noise
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(c) FIN-SN Corpus: Babble Noise (d) FIN-SN Corpus: Factory1 Noise
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(e) IIIT-H VLSD Corpus: Babble Noise (f) IIIT-H VLSD Corpus: Factory1 Noise
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Figure 4.19: (Color online) Illustrating the performance of excitation, MFCC+∆∆ and their best combination
in case of Babble (a, c and e) and Factory1 (b, d and f) noise at 15dB, 10dB and 5dB for SNE-Speech ((a) and
(b)), FIN-SN ((c) and (d) and IIIT-H VLSD ((e) and (f) corpora. Frame-level classification performances are
reported in terms of F1-score.

and their best combination for all three corpora. The MPDSS feature is observed to be more ro-

bust than DCT-ILPR and RMFCC. As the noise level increases, the rate of performance decline is

comparatively lower in the case of MPDSS feature. The RMFCC feature is affected more in noisy

conditions than the other two excitation features. The MFCC+∆∆ feature is more robust than all

three excitation features. However, the robustness of MFCC+∆∆ is further improved in combination

with DCT-ILPR and MPDSS features in all cases except the case of Factory1 noise for FIN-SN corpus

(Figure 4.19(d)). In this case, an improvement over MFCC+∆∆ is observed with the combination of

MPDSS and MFCC+∆∆.

95

TH-2719_156102006



4. Shouted Speech Detection

4.3.14 Discussion

The efficacy of three excitation features derived from speech signal are studied for the classification

of shouted and normal speech. Additionally, the significance of excitation features over MFCC is also

explored. Initially, the classification is performed by individual excitation features, viz. DCT-ILPR,

RMFCC and MPDSS. It is observed that DCT-ILPR and RMFCC have higher performances than

the baseline approaches. The MPDSS feature also provides decent performance. By considering the

fact that all three excitation features carry different aspects of the excitation source, their different

combinations are explored. A significant enhancement is observed for the combination of DCT-ILPR,

RMFCC and MPDSS (D+R+P) over all three individual excitation features.

The MFCC (along with ∆ and ∆∆) features are also investigated for the classification task. They

perform better than all the three excitation features. The authors believe that MFCCs primarily

carry vocal tract information since pre-emphasized speech is used to extract MFCC features [70, 71].

Therefore, the fusion of excitation features and MFCC are explored to gain insights into the comple-

mentary nature of the information carried by the two feature sets. A significant improvement over

MFCC feature was observed for combinations like RMFCC+MPDSS+MFCC (R+P+M) and DCT-

ILPR+RMFCC+MPDSS+MFCC (D+R+P+M). Further, combinations of excitation features with

MFCC+∆∆ are also explored to observe the significance of ∆ and ∆∆ coefficients of MFCC feature.

The results (Table 4.10) show that almost similar performance is obtained for the combination of exci-

tation features either with MFCC (R+P+M and D+R+P+M) or with MFCC+∆∆ (D+P+M+∆∆,

R+P+M+∆∆ and D+R+P+M+∆∆). This indicates that ∆ and ∆∆ coefficients of MFCC are not

adding significant value to the combination of excitation features and MFCC.

Further, the robustness of features for unseen test cases is examined by training the model on one

dataset and testing them on the remaining two datasets. The results (Figure 4.18) show that DCT-

ILPR performs poorly compared to RMFCC and MPDSS in the cross-dataset scenario. It is observed

that combinations RMFCC+MPDSS+MFCC (R+P+M) and DCT-ILPR+RMFCC+MPDSS+MFCC

(D+R+P+M) provide the best generalization performances among all combinations of excitation

features and MFCCs.

Additionally, features and their combinations are also explored for noisy conditions. Clean speech

is corrupted by two types of noises, viz. Babble and Factory1. The noises are added to the speech signal

at three SNR levels −15dB, 10dB and 5dB. Results (Figure 4.19) illustrate that the MPDSS feature
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is more robust than DCT-ILPR and RMFCC features. MFCC+∆∆ is the most robust feature than

all individual features. However, its robustness is further enhanced by combining it with DCT-ILPR

and MPDSS features.

Table 4.11: Frame-level (25 ms) classification performances of shouted speech detection on the IBND Corpus.
Results are reported in terms of mean (µ) and standard deviation (σ) of accuracy, F1-score, precision, and
recall.

Frame Level Results: 25 ms

Performance DCT-ILPR RMFCC MPDSS R+P D+R+P

Measures (D) (R) (P)

Accuracy 61.86±1.33 68.41±0.82 67.19±0.94 69.77±0.71 70.02±0.60

F
1
-s

c
o
re Normal 61.17±5.71 72.16±1.42 70.86±2.32 73.45±1.46 73.60±1.33

Shouted 61.94±2.91 63.39±1.62 62.24±1.86 64.75±1.27 65.19±1.29

Average 61.55±1.65 67.78±0.74 66.55±0.60 69.10±0.53 69.40±0.47

P
re

c
is

io
n Normal 68.83±0.91 69.70±0.94 68.93±1.28 70.70±0.76 71.04±0.81

Shouted 56.43±1.49 66.51±1.44 64.99±2.97 68.52±2.22 68.65±2.13

Average 62.63±0.66 68.10±0.81 66.96±0.92 69.61±0.82 69.85±0.71

R
e
c
a
ll Normal 55.61±9.39 74.81±1.98 73.09±5.42 76.52±3.29 76.44±3.11

Shouted 69.02±8.01 60.57±2.02 59.97±4.78 61.52±2.77 62.19±2.76

Average 62.31±0.94 67.68±0.74 66.53±0.56 69.02±0.53 69.31±0.47

4.4 Evaluation on Indian Broadcast News Debate corpus

The SSD system proposed in this chapter mainly focuses on the utilization of excitation source

characteristics. The proposed system is evaluated on the corpora recorded in a controlled environment.

The performance of the system is also evaluated in the presence of noise (Babble and Factory1). The

reported results on controlled environment recordings and synthetically added noise scenarios justify

the usefulness of excitation source features for classifying shouted and normal speech. Next, the

efficacy of excitation source features for real world recordings is evaluated.

The Indian Broadcast News Debate (IBND) corpus contains real-world recordings (described in

Chapter 3). Thus, the proposed Excitation source-based SSD (E-SSD) system is evaluated on the

IBND corpus. The classification performance on the IBND corpus is reported in terms of accuracy,

F1-score, precision, and recall measures (Table 4.11). Accuracy and average F1-score of DCT-ILPR
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feature are lowest among all the three excitation features. The similar trend was also observed in the

generalization performance analysis (sub-section 4.3.12) and noisy data scenarios (sub-section 4.3.13).

Both RMFCC and MPDSS features exhibited similar performances on the IBND corpus. The per-

formance improved for the combination of RMFCC and MPDSS (R+P) in comparison to individual

features. An important point to observe is that the precision of shouted speech is lower for DCT-ILPR

in comparison to the other two excitation features. However, a higher recall value of shouted speech

is observed for DCT-ILPR in contrast to RMFCC and MPDSS features. This leads to a slightly

improved performance for the combination of all the three excitation source features. The decent

performance obtained for real-world recordings again justifies the potential of excitation source based

features for detecting shouted speech.

4.5 Summary

The aim of this chapter is to analyse the variations in excitation source characteristics due to

shouted speech production. The first attempt made in this direction proposed three novel DEGG-based

features, namely GOPT, OPTA and FoGC. The GOPT feature represents the abruptness of vocal-

folds closing in shouted speech. The OPTA and FoGC features are observed to capture the variations

in the pitch period, strength of excitation, and open phase duration of the glottal cycle. These glottal

cycle-based features are also estimated from speech signals by using the ILPR approximation of the

DEGG signal. The trend of proposed features for shouted and normal speech has been observed for

11 speakers in the context of 5 different vowels. The cycle-level classification results using the SVM

classifier justify the effectiveness of the proposed features. The DEGG based study mainly centered on

investigating the changes in glottal cycle characteristics for different vowels corresponding to shouted

and normal speech. The unavailability of the DEGG signals in most of the practical applications led

to the further extension of the work.

Next, different aspects of excitation source characteristics derived directly from the speech signal

were explored for detecting shouted speech. In this direction, this chapter studied three excitation

source features, viz. DCT-ILPR, RMFCC and MPDSS. These features were previously unexplored in

the context of shouted and normal speech classification. Moreover, complete sentence-level recordings

are incorporated with automatic voiced speech detection. The work was experimentally validated on

three datasets (one contributed by authors) and benchmarked against three baseline algorithms. These
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features capture different aspects of the excitation source. The shape of the glottal cycle is represented

by DCT-ILPR. The RMFCC feature encapsulates gross cepstral domain information. The MPDSS

captures the periodicity present in the LP residual spectrum. Additionally, the MFCC, MFCC+∆,

and MFCC+∆∆ features have been explored for the classification task. Statistical significance and

correlations between features have been studied using MANOVA and CCA, respectively. The classifi-

cation performances (using SSD-FCNet) of individual features and their combinations are reported in

terms of F1-scores. It is observed that a combination of all excitation features and MFCC provide a

performance improvement over individual features. This is also verified through experiments for gen-

eralization performance analysis. Performance analysis in the presence of noise is also evaluated. The

results justify that excitation features add significant information when combined with MFCC+∆∆.

This aids in constructing a system with lower sensitivity to noise. Finally, the proposed Excitation

source based SSD (E-SSD) system was evaluated on the IBND corpus containing real-world data.

The limitations of the proposed E-SSD system are as follows. First, the proposed method uses

a frame-level (20 ms) representation of excitation source features. Such a small duration may not

contain sufficient temporal information required for characterizing shouted speech. The perceptual

understanding of shouted speech is better when a speech signal with sufficient duration is given. Hence,

it can be extended for a longer segment duration, such as 500 ms, to utilize temporal information of

the signal. Second, hand-crafted feature representations are utilized to encapsulate excitation source

characteristics. Such feature representations may not be efficient enough to handle complex real-world

scenarios. For example, performance of DCT-ILPR degrades on real data (Table 4.11) while it shows

good performance on data recorded in controlled environment (Table 4.9). Recently, features learned

from data have shown promising performance in different speech processing applications. Therefore,

a novel Auto-Encoder based SSD (AE-SSD) system is proposed in chapter 6. The AE-SSD system

utilizes time-frequency representation of ILPR signal for automatic feature learning. The AE-SSD

system learns temporal information over a segment size of 500 ms. Third, only two vocal modes, viz.

shouted and normal were considered in this chapter. Sometimes, news debate scenarios also contain

another vocal mode, i.e. loud speech. Hence, distinguishing loud vocal mode from normal and shout

can be a possible future direction.
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Overview

Simultaneous speech of multiple speakers is known as overlapped speech. The presence of over-

lapped speech causes problems for certain conventional speech processing systems. The proposed work

attempts Overlapped Speech Detection (OSD) using signal phase information. In this context, Instanta-

neous Frequency Cosine Coefficient (IFCC) and Modified Group Delay Cepstral Coefficient (MGDCC)

features are explored. The IFCC captures the time-varying phase characteristics, while MGDCC rep-

resents the frequency-varying information of the phase spectrum. A Convolutional Neural Network

and Long Short-Term Memory (CNN-LSTM) based classifier is used for the classification of single

speaker’s and overlapped speech. Initially, the proposed method is evaluated on synthetically generated

overlapped speech from the GRID corpus. The proposed method is bench-marked against three base-

line approaches which use magnitude spectrum features. It is observed that the combination of IFCC

and MGDCC features with CNN-LSTM classifier provides improved performance than the baselines.

The combination of phase features with magnitude-based MFCC feature provides the best performance,

indicating the importance of complementary information. This chapter also investigates the effect of

segment duration, genders, and number of simultaneous speakers on the overlapped speech detection

task. The proposed method is also evaluated on real overlapped data from the AMI corpus. Finally,

the efficacy of the phase features is assessed on news debate data.

5.1 Overlapped speech: An introduction

Overlapped Speech refers to the signal produced by simultaneous speech of two or more speakers.

It is frequently present in spontaneous conversations like meetings, interviews, and debates etc.. Con-

ventional speech processing systems provide best performance with single speaker’s speech as input.

However, the performance of such systems often degrade while processing overlapped speech [32, 99].

Such systems include speaker diarization [32], speech recognition [99], conversational speech analy-

sis [119, 122] and many other related systems. Ryant et al. [166] also highlighted the necessity of

separate handling of overlapped speech for speaker diarization systems. Thus, overlapped speech

detection is a necessary task for several speech processing systems.

Overlapped speech is also prominently present in news debates. There are situations where a

speaker continuously speaks to put forward his/her opinion and does not give a chance to other

speakers. In such cases, other speakers (of different opinion) also start speaking. This leads to
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overlapped speech. For high-level applications of news debates such as automatic content analysis,

detection of overlapped speech becomes an essential pre-processing task. This motivated the present

work to discriminate overlapped speech from a single speaker’s speech.

5.1.1 Related works

In literature, overlapped speech has been widely characterized in terms of the irregular harmonic

patterns present in the magnitude spectrum of the speech signal [24]. In contrast, regular spectral

harmonic patterns are observed in single speaker’s speech. Due to the presence of multiple fundamental

frequencies, a higher temporal variation of pitch period is present in overlapped speech in comparison to

single speaker’s speech [25]. Spectral harmonicity plays an important role in differentiating overlapped

speech from single speaker’s speech [23,26]. Overlapped speech is associated with a spectrum with less

harmonic content [23]. Different measures, such as spectral flatness [23], spectral aperiodicity [23],

the peak-to-valley ratio of spectral auto-correlation [93, 94] have been used to capture the spectral

harmonicity of the speech signal.

Single speaker’s speech is modeled as a Laplacian [20] or Gamma distribution [21]. However,

this distribution tends to be more-Gaussian as the number of simultaneous speakers of overlapped

speech increases [21]. Kurtosis has been explored as a measure of Gaussianity [21, 23, 94]. The Mel-

Frequency Cepstral Coefficients (MFCC) [23, 26, 94, 98, 139] feature is one of the most widely used

spectral magnitude features for detecting overlapped speech. Boakye et al. [89] studied kurtosis, zero-

crossing rate, residual energy, modulation spectrogram, and other spectral features. Features related

to prosody, voice-quality, energy, and spectral characteristics have also been studied for detecting

overlap speech [26, 118, 139]. Other spectral features include root mean square energy [100], LP

coefficients [100], flux, kurtosis, harmonicity, and energy-related characterization [26, 118]. However,

F0, jitter, shimmer, and the probability of voicing related features are used to study the change in voice

characteristics [26, 118]. Andrei et al. [98] have explored magnitude spectrum (up to 4 kHz), MFCC,

signal envelope, auto-correlation coefficients, and squared features for detecting independent short-time

frames of overlapped speech. Further, some works have used time-frequency based representations for

the characterization of overlapped speech. Shokouhi et al. [22, 32] have proposed the use of Teager-

kaiser Energy Operator (TEO)-pyknogram to identify overlapped speech. Recently, Kazimirova and

Belyaev [24] have used magnitude spectrograms with high time resolution for detecting overlapped

speech segments.
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Most of the existing works have used Hidden Markov Model (HMM) [26,100] and Gaussian Mixture

Model (GMM) [23] for detecting overlapped speech. In the past few years, deep learning based models,

such as Long Short-Term Memory (LSTM) recurrent neural networks [112,118], Convolutional Neural

Networks (CNN) [24,98,112] have also been explored in the context of overlapped speech.

5.1.2 Motivation and contributions

Existing works have mostly explored magnitude spectrum based characterization of overlapped

speech in combination with HMM, SVM, or GMM based classifiers. Especially, MFCC, TEO-pyknogram,

features capturing spectral harmonicity, and higher-order statistics of magnitude spectrum are used

in the literature. Some works have also studied voicing related features and non-negative matrix fac-

torization based approaches. Few recent works have explored deep learning based approaches with

spectral magnitude features. To the best of our knowledge, there is a lacuna of works that explore

phase based characteristics for overlapped speech detection. The phase, being an important charac-

teristic of a signal, has received lesser attention in the speech literature in comparison to its magnitude

counterpart. This could be due to an earlier misconception that phase spectrum does not play a signif-

icant role in human perception [30]. The significance of the phase spectrum in speech perception has

already been established in the speech processing literature [30]. However, the main concern lies in the

extraction of original phase information from the speech signal due to phase wrapping issues [30, 31].

Therefore, the phase information has been extracted in the literature by incorporating some indirect

process so that the issue in unwrapping can be avoided [30,31]. The phase spectrum’s success in speech

related applications [27–31] has established the significance of phase characteristics. These served as

the motivation for the current work to explore the phase component of speech signal for overlapped

speech detection task. The major contributions of the present work are as follows.

(i) In this chapter, the phase characteristics are studied in terms of two existing features, namely

Instantaneous Frequency Cosine Coefficients (IFCC) [31] and Modified Group Delay Cepstral

Coefficients (MGDCC) [28]. The IFCC feature captures the rate of change of phase with

respect to time. While the MGDCC feature represents the rate of change of phase spectrum

with respect to frequency. Hence, change in the phase characteristics in both the time and

frequency domain is studied for the classification of overlapped and single speaker’s speech.

The proposed approach is evaluated on GRID corpus.

(ii) Existing literature uses different segment durations for detecting overlapped speech. The pro-
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posed approach is evaluated over four different segment durations to analyze the effect of

context size.

(iii) Most speech processing applications reportedly study the issues related to the speaker’s gender.

This chapter also analyzes the gender effects in the classification of overlapped and single

speaker’s speech.

(iv) The generalization performance of the classifier for detection of overlapped speech consisting

of more than two simultaneous speakers’ speech is also investigated. The proposed system is

trained to discriminate speech from single and two-speaker overlapped speech. It is further

tested with overlapped speech of more than two speakers.

(v) The efficacy of phase features for real-world overlapped speech detection is also studied on AMI

corpus, as well as on Indian broadcast news debate dataset.

The rest of the chapter is organized as follows. The phase features and CNN-LSTM based classifier

used for overlapped speech detection are explained in section 5.2. The datasets used to evaluate the

present work are described in section 5.3. The experimental evaluation of the OSD system is presented

in section 5.4. Further, the phase based OSD system is evaluated on news debate data in section 5.5.

Finally, the chapter is summarized in section 5.6.

5.2 Proposed phase based overlapped speech detection system

The proposed Overlapped Speech Detection (OSD) system utilizes the potential of phase represen-

tation, where magnitude features have been widely used earlier. Figure 5.1 illustrates the proposed

Phase-based OSD (P-OSD) system. First, the speech signal is processed to remove slow varying trend.

A Butterworth High Pass Filter (HPF) of order 5 with a 50 Hz cut-off frequency was used to remove

trend. Next, the speech signal is resampled at a sampling frequency (Fs) of 16kHz. Mean removal and

amplitude normalization is performed on the resampled speech signal. The pre-processed speech is

used to extract phase features. For the present work, speech signal is processed with a frame duration

of 25 ms and a shift of 10 ms. Finally, the extracted features corresponding to a speech segment are

fed to the CNN-LSTM classifier for predicting its class-label. A detail description of phase features

and the classifier are discussed next.
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Figure 5.1: Proposed Phase-based Overlapped Speech Detection (P-OSD) system.

5.2.1 Instantaneous Frequency Cosine Coefficients (IFCC)

Instantaneous Frequency (IF) is the time derivative of the analytic phase and thus, captures the

rate of change of phase spectrum with respect to time. Vijayan et al. [31] studied the IF spectrum

for the speaker verification task. In [31], IF is extracted by utilizing the characteristics of DFT, which

avoids the explicit extraction of the analytic phase. Hence, it is not affected by the phase wrapping

problem. The IFCC feature extraction is described next. The speech signal s[n] (n = 0, . . . N − 1)

is processed through a narrow band filter bank containing L linearly spaced overlapping bell-shaped

filters. This decomposes s[n] into its narrow-band components (sl[n], where l = 0, . . . (L − 1);n =

0, . . . (N − 1)). Each narrow-band component sl[n] is further converted into its analytical signal zl[n].

Let zl[k] = F{zl[n]} (k = 0, . . . (N − 1)) be the DFT (operator denoted by F) of zl[n]. Each narrow-

band signal sl[n] is further converted into its analytic phase θl[n] (l = 0, . . . (L−1);n = 0, . . . (N −1)),

which can be considered as an Frequency Modulation (FM) component of the speech signal. Thus,

the IF represents the time-varying frequency content of each sl[n]. The IF (θ
(1)
l [n]) of a sl[n] can be

extracted as follows

θl
(1)[n] =

2π

N
<

{
F−1(kZl[k])

F−1(Zl[k])

}
(5.1)

where, θl
(1)[n] represents the first-order derivative of θl[n] and < denotes the real part of a complex

number. Further, the deviation of IF from the center frequency of the corresponding filter is com-

puted for each narrow-band speech signal. The variation of IF from the center frequency reveals the
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Figure 5.2: Illustration of phase characteristics for overlapped and single speaker’s speech. The overlapped
speech ((b) Speakers: S1+S2 ) is generated by combining the speech signals of two male speakers ((a) Speaker:
S1 and (c) Speaker: S2). The IF ((d) and (f)) and MGD ((g) and (i)) spectrograms for single speakers have
regular patterns. These patterns become irregular in overlapped speech ((e) and (h)). The IF and MGD
spectrograms are plotted only up to 4 kHz for better visualization.

information about the dominant frequency location with respect to the center frequency. Hence, the

IF extracted using a filter with appropriate bandwidth can represent the gross information about the

formant transitions [31]. These IF deviations across frames are considered as the IF spectrum. Single

speaker’s speech is expected to have smooth formant transitions (Figure 5.2(d) and (f)). However, we

believe that the formant transitions would become distorted in the presence of two or more speakers’

speech (Figure 5.2(e)). To quantify this distortion, gradient along the frequency axis is calculated for

the IF spectra of each frame. The `2-norm of the gradient vector (named as IF-GradNorm) for each

frame is computed and averaged over a duration of 2 sec. Distributions of these averaged IF-GradNorm

values for both the classes are shown in Figure 5.3. Overlapped speech of four simultaneous speak-

ers is considered for computing these distributions. Overlapped speech is observed to have higher

IF-GradNorm values due to the presence of irregular patterns in IF spectrograms as illustrated in

Figure 5.3. Hence, the IF based feature is worth exploring for the OSD task. In this work, L = 80

filters are used for extracting the IF spectrum. The discrete cosine transform is applied on IF frames

to compress the information in a smaller number of coefficients. The first 19 cosine coefficients, along

with their delta (19-dimensions) and double delta (19-dimensions) coefficients, are referred to as IF

cosine coefficients (IFCCs).
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Figure 5.3: Illustrating distributions of `2-norm (averaged over 2 sec) of the gradient computed along the
frequency axis for each IF frame. Overlapped speech has higher `2-norm values in contrast to single speakers.

5.2.2 Modified Group Delay Cepstral Coefficients (MGDCC)

The Group Delay Function (GDF) is the frequency derivative of the phase spectrum [28]. Thus,

it is expected to capture the information about delays between different frequency components of

the signal. The computation of GDF utilizes the characteristics of DFT and hence, does not require

the extraction of phase spectrum. Thus, it is free from the issue of phase wrapping. The GDF has

properties that are similar to the phase spectrum of the signal. Murthy et al. [28] observed that the

standard GDF may contain unwanted spikes, which might make it ill-defined. This motivated them to

propose a Modified Group Delay (MGD) function. The MGD is less noisy and capable of preserving

the fine structures of the phase spectrum. The computation of MGD function is briefly explained next.

Let, the N -point DFTs of s[n] and y[n] = ns[n] be respectively represented by S[k] = SR[k] + jSI [k]

and Y [k] = YR[k] + jYI [k]. Let, Sm[k] be the cepstrally smoothed spectra of |S[k]|. The MGD

(τMGD[k]) function is calculated as

τMGD[k] = SGDF

∣∣∣∣SR[k]YR[k] + SI [k]YI [k]

Sm[k]2γm

∣∣∣∣βm (5.2)

where, SGDF is the sign of the original GDF. The parameters βm and γm can be tuned to reduce

the spiky nature of the phase spectrum. In this work, βm = 0.4 and γm = 0.9 are used for MGD

computation. A detailed description of the MGD computation process can be found in the work
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Figure 5.4: Illustrating distributions of `2-norm (averaged over 2 sec) computed between consecutive MGD
frames. Overlapped speech has higher `2-norm values in comparison to single speaker’s speech.

proposed by Murthy and Gadde [28].

The MGD feature has been previously used in the task of speech phoneme recognition [28], speaker

identification [29], spoofing speech detection [167] and speech emotion recognition [168]. The MGD

feature captures the inter-formant information present in the speech spectra [28]. Single speaker

speech has continuous tracks of formants across frames in MGD spectrograms (Figure 5.2(g) and (i)).

However, the gradual evolution of formants over time is expected to be disturbed in overlapped speech

(Figure 5.2(h)). To measure the disturbance present in MGD spectrogram, gradient along the time

axis for all rows is calculated. The `2-norm of gradients ( called as MGD-GradNorm) corresponding

to every frequency bin in each MGD spectra is computed and averaged over a duration of 2 sec. The

distributions of these averaged values for both the classes are illustrated in Figure 5.4. Overlapped

speech of four simultaneous speakers is used in this experiment. Overlapped speech is believed to have

higher MGD-GradNorm values in comparison to single speaker’s speech, as illustrated in Figure 5.4.

Thus, the different patterns present in MGD spectrograms of both the classes can be exploited for

the current task. This motivated the present work to use features derived from MGD for OSD task.

The discrete cosine transform is applied to the MGD feature to preserve the information in a few

coefficients. The first 19 cepstral coefficients, along with their delta (19-dimensions) and double delta

(19-dimensions) coefficients, are referred to as the MGDCC feature.
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5.2.3 OSD-Net: A CNN-BiLSTM based classifier

The present work proposes a deep neural network based Overlapped Speech Detection Network

(OSD-Net). The architecture of the OSD-Net is illustrated in Figure 5.5. The OSD-Net uses five Con-

volutional Blocks (Conv-Block), two Bidirectional-LSTM (Bi-LSTM) layers, and two Dense-Blocks.

An input to the OSD-Net architecture is of size df × dt, where df represents the feature dimension,

and dt corresponds to the temporal dimension.

Each Conv-Block of OSD-Net comprises of one convolutional layer followed by Batch Normaliza-

tion, ReLU activation function and Max-Pooling operation (Figure 5.5). The number of kernels and

the kernel sizes used in the convolutional layer of each Conv-Block are mentioned in Table 5.1. A stride

of (1, 1) is used in the convolutional layer of the first four Conv-Blocks. While the last Conv-Block

uses a stride of (3, 1). Padding is used in all the Conv-Blocks so that the input and output size of

the convolutional layer remain the same. A Max-pooling with a pool size of 2 × 1 and a stride of

(2, 1) is used in all the Conv-Block, except the last one. The Conv-Blocks gradually reduce the feature

dimension and increase the channel dimension, while keeping the temporal dimension unaltered. The

successive operation of all the Conv-Blocks transforms the single channel input of size df × dt × 1

to the 50 channel output of size 1 × dt × 50. Here, the feature dimension is reduced to 1, temporal

dimension remains dt, and the channel dimension increases to 50. The motivation for this architecture

is to encode the feature dimension information along the channel dimension.

The 1×dt×50 output of the Conv-Blocks is utilized as a sequence of dt number of 50 dimensional

feature vectors. This sequence is fed as input to the Bi-LSTM layers. Each Bi-LSTM layer contains
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Figure 5.5: OSD-Net architecture for overlapped speech detection.
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Table 5.1: Convolutional layer’s specifications used in each Conv-Block of OSD-Net.

Convolutional layer specifications

# Kernels Kernel size Stride Max-Pool

Conv-Block 1 10 7× 3 (1, 1) X

Conv-Block 2 20 5× 3 (1, 1) X

Conv-Block 3 30 3× 3 (1, 1) X

Conv-Block 4 40 3× 3 (1, 1) X

Conv-Block 5 50 3× 3 (3, 1) ×

128 units. The successive functioning of two Bi-LSTM layers transforms the input sequence (dt × 50)

to an embedding of size 256 × 1. In OSD-Net, each Dense-Block contains a dense layer (128 nodes)

followed by Batch Normalization and tanh activation function. The two Dense-Blocks transform the

input embedding of size 256 × 1 to an embedding of size 128 × 1. The specifications of Bi-LSTM

layers and the dense blocks used in OSD-Net are motivated by the architecture proposed in baseline-

3 (B3) [113]. Finally, the 128 × 1 embedding is used as input to predict the scores for each class

(overlapped or single speaker’s speech) at the OSD-Net output layer. This output layer (of size 2)

uses SoftMax activation function.

The OSD-Net model is trained for 50 epochs with a mini-batch size of 32. An early stopping

criterion is used during training to avoid model overfitting. A Binary Cross-entropy loss is minimized

using Adam [161] optimizer with an initial learning rate of 0.0001.

5.3 Dataset description

The present work is evaluated on the GRID corpus [106]. This is already used in the literature for

the overlapped speech detection task [32]. The GRID corpus contains speech data of 34 speakers (16

females and 18 males). There are 1000 utterances spoken by each speaker in the English language.

This corpus has been used in earlier works related to OSD task [32]. A sub-part of this corpus i.e.

the SSC corpus has also been referred and used in the literature. It contains overlapped speech that

is synthetically generated by mixing the speech of two single speakers at six different decibel (dB)

levels. However, the overlapped speech data available in the SSC corpus is too small for learning a

deep network. Hence, the overlapped speech used in this work is synthetically generated by mixing the
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speech signals of two speakers (from GRID corpus) at uniformly distributed (from 0 to 5 dB) decibel

levels. Such synthetic generation of overlapped data is also used in earlier works [23, 98]. This study

mainly considers the overlapped speech of two speakers. The GRID corpus contains an insignificant

amount of pauses, and thus the requirement of voice activity detection can be avoided [32].

For the evaluation of this work, single speaker data of the GRID corpus is split into five folds based

on speakers. Thus, all five folds are mutually exclusive in terms of speakers. Each fold has speech data

of both genders. For generating overlapped speech of the kth fold, speech signals of any two speakers

(from kth fold) are mixed at a dB level randomly chosen from a uniform distribution (from 0 to 5 dB).

The train set contains the data of any four folds, and the remaining fold’s data is considered as the

test set. Therefore, five different combinations of train and test data are used to learn and evaluate

the classifiers. The train set is further split into a 70 : 30 ratio to form training and validation set,

respectively. Train (including validation data) and test data contain different sets of speakers. This

policy ensures the speaker independence of the approach.

Additionally, the efficacy of the proposed approach is also analysed in real conversational scenario

(sub-section 5.4.8). The Augmented Multiparty Interaction (AMI) [102] corpus is used for this analysis.

Far-field recordings obtained from microphone 1 of array-1 are used, which contain reverberation and

ambient noise [112]. These distant recordings are expected to have a comparatively low Signal-to-Noise

Ratio (SNR) in comparison to headset mix recordings. The reason for selecting far-field recording is

to evaluate the proposed approach in a more generalized environment. The official train, validation,

and test sets of AMI corpus are used for this experiment.

5.4 Experimental results

The experimental results for evaluating IFCC and MGDCC features for the OSD task are presented

in this section. The proposed work is benchmarked against three magnitude feature based baselines

(sub-section 5.4.1). The classification performance is discussed in sub-section 5.4.2. Sub-section 5.4.3

explores the effect of segment duration. Further, combinations of magnitude and phase features using

score-level fusion and mid-level fusion (fusion-at-LSTM) are discussed in sub-sections 5.4.4 and 5.4.5,

respectively. This study is extended by analyzing the effect of genders (sub-section 5.4.6) and the

number of speakers present in overlapped speech(sub-section 5.4.7) on the classification task. The

evaluation of the proposed approach in real world scenario is studied in sub-section 5.4.8.
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5.4.1 Baselines

The baseline methods used for performance comparison in the current work mainly uses magnitude

spectrum based features for OSD. The present study is benchmarked against three baseline methods.

These baselines are re-evaluated on the synthetically generated overlapped speech from the GRID

corpus. Thus, the reported values (in Table 5.2 and Figure 5.7) may differ from the actual values

mentioned in the original works.

The first baseline is the methodology proposed by Shokouhi et al. [32]. They proposed the use of

TEO-based pyknogram (pyknogram) for detecting synthetically generated overlapped speech. The py-

knogram preserves the spectral harmonic patterns of speech signal while suppressing the non-harmonic

components. However, these patterns get disturbed in overlapped speech. A distance-based unsuper-

vised approach is used for detecting overlapped speech. Shokouhi et al. [32] reported that their

approach achieves the best results with a minimum segment duration of 2 seconds. Accordingly, the

distance between consecutive pyknogram frames is calculated and averaged over a segment duration

of 2 sec. These averaged distance values are considered as score values to calculate Equal Error Rate

(EER). Hereafter, the work presented in [32] is referred to as Baseline-1 (B1) in this study.

The study presented by Andrei et al. [98] is considered as baseline-2 (B2). This work [98] studied

the efficacy of 1D-CNN for detecting independent short-time frames of overlapped speech. The baseline

B2 is evaluated on three frame durations, viz. 25 ms, 100 ms and 500 ms to demonstrate the effect

of frame duration on the OSD task. Four magnitude based features, namely spectrum magnitude

(up to 4 kHz), 12-MFCC + log energy + 0th cepstral coefficient (MFCC-B2), signal envelope using

Hilbert Transform (HT) and the 12th order Auto-Regressive (AR) model coefficients are used. Andrei

et al. [98] also used squared feature values to enhance the classification performance. Only the MFCC-

B2 feature is used for 500 ms frame duration. This is referred to as B2− 500ms. For 100 ms frames,

MFCC-B2 and AR features along with their squared values are considered. This approach is denoted

by B2− 100ms. However, all four features along with their squared values (Feat-All-B2) are used for

25 ms frame durations.

The third baseline (B3) uses the proposal of Bullock et al. [113]. They proposed the use of LSTM

for detecting overlapped speech. The LSTM model is learned from 2 sec speech segments either

with MFCC (19 dimensions) along with their delta and double delta coefficients (MFCC-57) or with

trainable SincNet [114] features. The B3 with SincNet features is further denoted by B3-SincNet.
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Table 5.2: Classification performances of overlapped speech detection for 45 ms segment duration. Results are
reported in terms of mean (µ) and standard deviation (σ) of accuracy, F1-score, precision, recall, and EER. A
lower value of EER and higher values of the remaining measures signify a better performance. The Highest
and Second-Highest performances are respectively highlighted in Red and Blue color.

Segment Duration: 45 ms (context size of 3 frames)

B1 [32] B2 [98] B3 [113] Proposed

(distance (1D-CNN) (LSTM) (CNN-LSTM)

based

detection)

Performance Pyknogram MFCC-B2 SincNet MFCC-57 MGDCC IFCC IFCC+MGDCC

Measures score-level

fusion

Accuracy - 76.49±0.29 77.79±1.22 65.90±8.44 69.46±1.29 74.02±0.96 79.45±0.98

F
1
-s

c
o
re Single - 77.73±0.56 80.59±1.32 68.98±6.83 72.58±0.89 75.94±1.08 80.85±0.52

Overlap - 75.07±0.96 73.95±1.68 61.94±10.90 65.48±2.36 71.67±1.88 77.78±1.75

Average - 76.40±0.33 77.27±1.21 65.46±8.78 69.03±1.43 73.80±1.04 79.31±1.06

P
re

c
is

io
n Single - 76.63±1.12 73.82±1.34 65.96±7.73 68.16±1.70 73.30±1.68 78.57±2.13

Overlap - 76.45±1.07 84.89±4.02 65.86±9.87 71.55±1.98 75.20±1.89 80.73±1.09

Average - 76.54±0.29 79.36±1.88 65.91±8.72 69.86±1.25 74.25±0.96 79.65±0.88

R
e
c
a
ll Single - 78.93±2.21 88.87±3.77 72.5±6.48 77.72±2.63 78.93±3.36 83.37±2.01

Overlap - 73.82±2.68 65.76±3.68 58.76±12.06 60.53±4.09 68.66±4.19 75.17±3.83

Average - 76.37±0.36 77.31±1.21 65.60±8.55 69.12±1.39 73.79±1.04 79.27±1.09

EER 37.17± 0.16 23.89±0.55 24.07±1.53 33.53±7.10 31.30±1.25 26.39±1.11 20.80±1.16

The MFCC-57 feature is extracted for 25 ms frames with 10 ms shift. Batch normalization after each

layer and early stopping are used in B2 and B3 to avoid overfitting of the models. The early-stopping

criterion stops training if the validation loss does not improve by at least δ = 0.01 for consecutive 5

epochs.

5.4.2 Classification performance

The performances of baselines and the proposed approach are reported in Table 5.2 in terms of

mean (µ) and standard deviation (σ) of five test folds. The class-wise performances and average

performance are evaluated in terms of F1-score, precision and recall. The other measures are accuracy

and EER.

Different baseline methods are evaluated over different segment durations, viz. 25 ms, 100 ms, 500
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ms and 2 sec. The present work aims to study OSD task for a smallest possible context size, which

is 1 frame on either side of the current frame. Hence, the proposed work considers a short segment

duration of 45 ms (3 consecutive frames of size 25 ms with 10 ms shift) to learn the CNN-LSTM

model. For a fair comparison between baselines and the proposed method, all the baselines are also

evaluated on 45 ms duration. However, the performance of proposed approach and baselines for 100

ms, 500 ms, and 2 sec are reported in Figure 5.7.

Shokouhi et al. [32](B1) evaluated their distance based unsupervised approach for detecting over-

lapped speech in terms of EER. Thus, the performance of B1 is assessed in terms of EER and a value

of 37.17± 0.16 is obtained (Table 5.2). The Feat-All-B2 feature set is used to evaluate the B2 over 45

ms. An accuracy of 76.49± 0.29 is obtained for B2. The highest performance of B3 is achieved with

SincNet. The individual phase features i.e. MGDCC and IFCC outperform B1 and B3-MFCC-57.

However, their individual performances are lower than B2 and B3-SincNet. Nevertheless, individual

phase features have a decent performance. The MGDCC and IFCC features capture different aspects

of the phase information. Hence, this motivates the present work to further explore the combination

of these phase features for the classification task. The IFCC and MGDCC features are combined at

score-level. The scores obtained from both the features’ classifiers are combined as

Sfinal = αpSifcc + (1− αp)Smgdcc (5.3)

where, Sifcc and Smgdcc represent the scores obtained for IFCC and MGDCC features, respectively.

The linear combination factor αp ∈ (0, 1) decides the weight of each individual feature to get a final

score (Sfinal). The range of αp varies from 0 to 1. The classification results for the combination

of IFCC and MGDCC for different αp values are illustrated in Figure 5.6. The best performance

is obtained for αp = 0.5 (highlighted by arrow in Figure 5.6). This implies that both the IFCC and

MGDCC features are equally important for the OSD task. Therefore, the IFCC and MGDCC features

are combined using αp = 0.5 for all the experiments.

The score-level fusion of IFCC and MGDCC (IFCC+MGDCC) features has outperformed all the

three baselines. The increased performance of IFCC+MGDCC can be attributed to the fact that

both the time and frequency varying characteristics of phase spectrum are captured by this feature

combination. Thus, it can be said that the phase features are also significant for the classification of

overlapped and single speaker’s speech. The OSD system using IFCC+MGDCC with CNN-LSTM is
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Figure 5.6: The classification performances for the combination of IFCC and MGDCC features at different
linear combination factor (αp) values. The best results are obtained for αp = 0.5 (indicated by arrow).

further referred to as the Phase-based OSD (P-OSD).

The number of deep learning parameters of the proposed approach and the baselines are also

compared. The network used in baseline B2 contains ≈ 141M trainable parameters. A total of

≈ 680k (or 0.68M) trainable parameters are used in the B3-SincNet baseline. On the other hand, the

proposed OSD-Net for individual features contains ≈ 665k (or 0.665M) trainable parameters.

5.4.3 Effect of segment duration

Segment duration plays an important role in the OSD task. The B1 and B3 used a segment

duration of 2 sec. While, B2 reported the results for 25 ms, 100 ms and 500 ms durations. Therefore,

the present work re-evaluates the proposed approach and the baselines for three different segment

durations, namely 100 ms, 500 ms and 2 sec. Classifiers used in the proposed approach and the

baselines are trained for these different segment durations separately. The datasets used in baselines

(especially B2 and B3) and the current work are different. Therefore, the results obtained for baselines

might be different from their original performances. The B2 uses different feature sets for different

segment durations. The feature sets B2 − 100ms and B2 − 500ms are respectively used for 100 ms

and 500 ms durations. However, the B2− 500ms feature set is also used for 2 sec duration.

For 100 ms duration, the EER for B1 is 37.10 ± 0.16. While, EER values of 16.20 ± 1.17 and

11.32 ± 1.71 are obtained for MGDCC and IFCC, respectively. For 100 ms duration, MGDCC and

IFCC features individually outperform B1, B2 and B3-MFCC-57 and have lower performances in
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Figure 5.7: Illustrating the classification results for different segment durations – (a) 100 ms, (b) 500 ms and (c)
2 sec. Performances are reported in terms of mean (height of bars) and standard deviation (length of error-bar)
of five test folds. The following abbreviations are used: accuracy (Acc.), single speaker (sing), overlap (ovrlp),
average (avg), precision (Prec) and recall (Rec).

comparison to B3-SincNet (Figure 5.7). The feature sets used in B2 for 45 ms and 100 ms are

different. This might be the reason for the lower performance of B2 at 100 ms than 45 ms duration.

The best performance (90.24 ± 0.50 accuracy) is obtained for the score-level fusion of phase features

which is significantly higher than that of B3-SincNet (86.73 ± 1.10 accuracy). Similar trends are

also observed for 500 ms and 2 sec segment durations. The combination of phase features has higher

performance than all the baselines across all the segment durations. The EER values of 36.55± 0.11,

4.51 ± 1.67 and 4.92 ± 0.96 are obtained for B1, MGDCC and IFCC features, respectively over 500

ms. For 2 sec duration, EER values of 33.24± 0.00, 1.38± 0.51 and 1.91± 1.35 are achieved for B1,
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5. Overlapped Speech Detection

MGDCC and IFCC features, respectively. Hence, the individual phase features outperform B1 over

all the segment durations. Additionally, MGDCC and IFCC feature individually outperforms all the

baselines for 2 sec duration. Hence, phase features can also be considered as potential candidates

for OSD task along with magnitude based representations. An important observation can be made

from Figure 5.7. The OSD performance increases as the segment duration for feature representation

increases. This implies that the features corresponding to longer segment durations contain more

inter-class separability in comparison to that of shorter durations.

5.4.4 Score-level fusion of phase and magnitude representations

The decent classification performances of IFCC and MGDCC features validate the significance of

phase characteristics for OSD. The success of magnitude based features for OSD is already established

in the literature [23,26,26,89,94,98,100,118]. Further, the present work intends to study the usefulness

of the complementary information present in phase features in comparison to magnitude based features.

The MFCC features are widely used and have been extremely successful in a broad variety of speech

processing applications [23,70,71,139]. The MFCC-57 is used in B3 for the OSD task. Accordingly, the

MFCC-57 feature is considered as the magnitude representation for combination with phase features.

The MFCC-57 feature is further referred to as MFCC in this chapter. Table 5.3 illustrates the

performances for different combinations of phase and magnitude features.

Table 5.3: Classification performances for the score-level fusion of magnitude and phase features for 45 ms
duration. Results are reported in terms of mean (µ) and standard deviation (σ) of overall accuracy, F1-score,
precision, recall. All the measures (except accuracy) report the performance of overlapped speech class.

Overall Overlapped speech

Features Accuracy F1-score Precision Recall

MFCC 80.98±0.56 80.35±0.77 79.69±1.13 81.07±1.77

MFCC+MGDCC 84.54±0.87 83.95±1.07 83.60±1.33 84.35±1.90

MFCC+IFCC 85.81±0.53 85.33±0.84 84.60±0.50 86.12±2.12

MFCC+IFCC+MGDCC 87.67±0.72 87.04±1.03 87.77±0.67 86.37±2.33

The individual performance of MFCC with CNN-LSTM classifier (Table 5.3) is higher than the

IFCC and MGDCC combination (IFCC+MGDCC) shown in Table 5.2. This observation supports

the success of magnitude based representation for OSD. The score-level fusion of MFCC and MGDCC

(MFCC+MGDCC) has a noteworthy performance improvement (around 4% in accuracy and F1-
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Figure 5.8: Score-level fusion of phase and magnitude features. The combination of MFCC+MGDCC+IFCC
is represented by ‘All’.

score) in comparison to MFCC feature. Similarly, a performance improvement of (nearly) 5% is

observed for the combination of MFCC and IFCC (MFCC+IFCC) feature compared to individual

MFCC feature. The best performance is obtained for the combination of MFCC, IFCC, and MGDCC

(MFCC+MGDCC+IFCC) features for the classification of overlapped and single speaker’s speech.

The visual illustration of performance improvement is shown in Figure 5.8. Increasing trend of the

performances (Figure 5.8) for different combinations of magnitude and phase features shows the im-

portance of complementary information carried by phase representations for the current task. The

appreciable results of MFCC+MGDCC+IFCC (‘All’ in Figure 5.8) justifies the motivation behind the

present work to explore the phase characteristics. The OSD system using MFCC+MGDCC+IFCC

with CNN-LSTM model is further referred to as Magnitude+Phase-Overlapped Speech Detection

(MP-OSD) system.

5.4.5 Feature fusion using joint training

Pre-trained classifiers, learned using individual features, are required to obtain the final score for

feature combination. Hence, the total number of model parameters increases in this fusion strategy.

However, the number of parameters for feature combinations can be decreased if mid-level fusion is

performed. In this fusion method, each feature has a separate CNN branch. The output of each CNN

branch is concatenated and given as an input to the LSTM branch. The CNN and LSTM branches have

the same architecture as used in the proposed work. This strategy of feature combination is further
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Table 5.4: Classification performance for the combination of magnitude and phase features using fusion-at-
LSTM. Results are reported in terms of mean (µ) and standard deviation (σ) of overall accuracy, F1-score,
precision, and recall. All the measures (except accuracy) report the performance of overlapped speech class.

Overall Overlapped speech

Features Accuracy F1-score Precision Recall

MGDCC+IFCC 78.55±0.99 77.11±1.83 79.06±2.57 75.55±4.91

MFCC 80.98±0.56 80.35±0.77 79.69±1.13 81.07±1.77

MFCC+MGDCC 84.31±0.87 83.51±1.03 84.26±2.06 82.87±2.38

MFCC+IFCC 85.09±0.45 84.49±1.01 84.31±1.74 84.84±3.55

MFCC+IFCC+MGDCC 87.41±0.66 87.03±0.75 86.24±2.79 88.02±3.21

referred to as “fusion-at-LSTM”. Thus, it effectively performs joint training for the individual features

used for combination. Table 5.4 reports the classification performances using fusion-at-LSTM. The

results obtained from score-level fusion (Table 5.2 and 5.3) and fusion-at-LSTM (Table 5.4) methods

are comparable. However, slightly lower performances are obtained (with an advantage of a lighter

network size) for fusion-at-LSTM in comparison to score-level fusion.

5.4.6 Effect of gender

The range of fundamental frequency (F0) and its corresponding harmonics in male and female

speech are quite distinct. Such differences in characteristics may affect the classification task. This

work studies various possible gender combinations in overlapped speech and their impact on detection

performance. Overlapped speech used for the present work is generated by synthetically mixing speech

from two speakers. Considering two speakers, there are three possible combinations of genders present

in overlapped speech. These combinations are Male-Male (MM), Male-Female (MF), and Female-

Female (FF). The single speaker’s speech has two possible genders, viz. male and female.

The male speakers have comparatively lower F0 (or longer pitch durations) than female speakers.

This results in fewer pitch periods being covered in one speech frame for males as opposed to females.

Thus, it may be argued that frames of male speech tend to be more stationary as compared to

female speech. Further, the spectra of female speech have more number of prominent harmonics than

male speech. When speech signals overlap, the distinct spectral characteristics of different speakers

increase non-stationarity of the mixed signal. This results in irregular spectral patterns in overlapped

speech [24]. Further, overlapped speech is associated with more than one F0 with higher temporal
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Table 5.5: Illustrating the effect of genders on the classification task. Results are reported in terms of mean
(µ) and standard deviation (σ) of detection accuracy.

Effect of genders

Features Single Overlapped

Male Female MM MF FF

P
h

a
se

MGDCC 78.48±3.39 77.16±4.46 57.80±4.77 60.08±4.44 63.64±5.65

IFCC 80.09±3.19 77.10±5.93 66.15±4.28 70.41±3.11 69.55±7.77

MGDCC+IFCC 84.72±2.75 81.60±3.38 71.90±5.27 76.30±3.48 77.53±6.31

M
a
g
.

MFCC 83.76±1.30 77.53±2.90 77.82±1.57 82.41±1.50 83.00±4.47

F
u

si
o
n MFCC+MGDCC 87.07±1.17 82.10±1.96 81.02±2.86 85.30±1.73 86.55±4.11

MFCC+IFCC 88.15±1.08 82.25±3.51 82.75±2.55 87.72±1.97 87.91±4.23

MFCC+MGDCC+IFCC 90.93±1.13 86.34±2.33 82.91±3.15 87.61±1.80 88.49±4.73

variation [25]. The spectral irregularities of MF and FF overlapped cases are augmented by the

presence of a more non-stationary female speech. Possibly, it may lead to improved overlap detection

for MF and FF cases. Moreover, the limited irregularities induced by MM overlap may, at times,

resemble the irregularities of single speaker’s speech. Hence, it may result in misclassification. Thus,

the detection performance of MF and FF overlapped cases is expected to be better than the MM case.

The learned CNN-LSTM models used to produce the results reported in Table 5.2 are considered

for conducting gender specific experiments. The test sets used in Table 5.2 are split further to obtain

data for various gender combinations. The performances of the phase features, magnitude feature,

and their combinations for gender specific data are illustrated in Table 5.5. The results are reported

in terms of the mean and standard deviation of detection accuracies for five test sets (as described

in section 5.3). Male single speakers are better detected than female single speakers (Table 5.5). As

discussed previously, sometimes the higher non-stationarity in single female speech may cause the

classifier to confuse it with overlapped speech. On the other hand, the spectral properties of MM

overlapped speech and single speaker’s speech might be similar at times. This may be the reason for

lower performance of MM compared to MF and FF cases. This trend is observed across all individual

features and their combinations. The mean value of accuracy obtained for MF and FF are almost

similar. However, standard deviation of MF is lower than FF across all individual features and their

combinations. This signifies that the performance of MF is comparatively stable across different
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folds than that of the FF case. The highest performance is obtained for MFCC+MGDCC+IFCC

combination for all the multi-speaker gender combination cases (MM/MF/FF).

In literature, Yousefi and Hansen [108] also reported magnitude features based OSD performance

in case of MM, MF and FF gender cases. However, there is no specific mention about the gender

of single speaker data. According to the reported results, MF has the highest performance followed

by FF, and the lowest performance is obtained for the MM case [108]. The performance of gender

combination (MM, MF and FF) obtained in the current study follows the same gender specific trend

as reported by Yousefi and Hansen [108].

5.4.7 Effect of number of simultaneous speakers

The overlapped speech used in the present work is generated by mixing the speech of only two

simultaneous speakers. Speech processing applications focusing on meetings or debates often involve

simultaneous speech of more than two speakers. Therefore, it becomes necessary to validate the

proposed approach for the overlapped speech of more than two simultaneous speakers. In this context,

two datasets of overlapped speech are synthetically generated by considering the simultaneous speech

of three and four speakers, respectively. The same procedure is used to generate the overlapped speech

for three and four speakers as described in section 5.3. The classifier models learned on two speaker’s

overlapped speech are tested for three and four simultaneous speaker’s speech.
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Figure 5.9: Illustrating the effect of number of simultaneous speakers on the overlapped speech detection task.
The performance is reported in terms of detection accuracy.
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Single speaker’s speech has regular spectral patterns. These patterns become irregular in over-

lapped speech. Overlapped speech of more than two simultaneous speakers contains more than two

fundamental frequencies and their harmonics. This leads to more irregular spectral patterns in com-

parison to two speakers’ overlapped speech. Thus, the irregularity of the spectral patterns is expected

to increase as the number of simultaneous speakers increases. Therefore, the discrimination between

single speaker’s speech and overlapped speech is expected to increase with the number of simultaneous

speakers.

In this direction, the learned models are tested with overlapped speech of three and four speakers.

The results are illustrated in terms of detection accuracy in Figure 5.9. There are five test sets for

each of the three cases (2, 3, and 4 speakers) of overlapped speech. The performance is reported in

terms of mean (µ) and standard deviation (σ) of detection accuracy for all the five test sets. The

highest performance is obtained for the case of four speakers, followed by that of three speakers. The

accuracy measures for both three-speakers and four-speakers cases have higher values in comparison

to two-speakers overlapped speech. Thus, the results also justify our hypothesis that separability

between the classes increases as the number of simultaneous speakers increases. Another important

point to observe is that the standard deviation of detection accuracy also decreases as the number

of simultaneous speakers increases. This signifies that the four speakers’ overlapped speech has more

distinct characteristics than that of single speaker’s speech in contrast to the three and two speakers

cases. This trend is consistent across all individual features and their combinations. The results

presented in Figure 5.9 further establish that the proposed approach also has the ability to detect

overlapped speech corresponding to a higher number of simultaneous speakers.

5.4.8 Performance on real scenario: AMI corpus

This work also studies the significance of phase features for OSD in real world scenarios. Therefore,

the performance of the proposed approach has also been evaluated on the AMI corpus, and the results

are reported in Table 5.6. The B3 [113] reported results on AMI corpus (headset mix) for a segment

duration of 2 sec. According to the reported precision and recall, F1-score of 74.85 is obtained for

B3-SincNet [113]. Accordingly, the present work also uses the same segment duration of 2 sec for

performance evaluation.

It is observed that the classification performance of MGDCC is higher than that of IFCC (Ta-

ble 5.6). The accuracies of individual phase features are lower than that of the MFCC feature. How-
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Table 5.6: Illustrating the classification performance of the proposed approach on AMI corpus for 2 sec segment
duration.

Score Level Fusion

Performance MGDCC IFCC MFCC IFCC+ MFCC+ MFCC+ MFCC+IFCC

MGDCC MGDCC IFCC +MGDCC

Accuracy 65.22 62.9 74.68 75.37 78.69 77.82 77.78

F
1
-s

c
o
re Single 60.92 62.11 80.19 77.23 83.22 81.60 81.59

Overlap 68.66 63.66 64.90 73.18 70.83 72.10 71.99

Average 64.79 62.89 72.55 75.21 77.02 76.85 76.79

P
re

c
is

io
n

Single 86.66 75.66 73.10 82.81 76.30 78.31 78.20

Overlap 55.45 54.33 78.38 67.8 84.07 77.00 77.08

Average 71.06 65.00 75.74 75.31 80.18 77.66 77.64

R
e
c
a
ll Single 46.97 52.67 88.81 72.35 91.51 85.17 85.30

Overlap 90.13 76.87 55.38 79.50 61.19 67.79 67.53

Average 68.55 64.77 72.09 75.92 76.35 76.48 76.41

ever, the combination of IFCC and MGDCC outperforms MFCC. A higher performance is obtained for

score-level fusion (section 5.4.4) than fusion-at-LSTM (section 5.4.5) in the case of synthetic overlapped

data. Thus, the feature combination for AMI corpus is done at score-level. Further, the combination

of MFCC and individual phase features (i.e., MFCC+MGDCC and MFCC+IFCC) have higher classi-

fication accuracies in comparison to MFCC. The F1-score, precision and recall measures also improved

for MFCC+MGDCC and MFCC+IFCC cases. The results obtained for MFCC+MGDCC+IFCC are

lower than that MFCC+MGDCC and are almost equal to MFCC+IFCC. This experiment establishes

that the phase features can also be used to enhance the performance of magnitude based OSD systems

in real world scenarios.

5.5 Evaluation on Indian Broadcast News Debate corpus

This chapter mainly focuses on the utilization of phase characteristics for detecting overlapped

speech. Hence, the proposed P-OSD system is also evaluated on the IBND corpus. The detailed

insights of overlapped speech present in IBND corpus are discussed in Chapter 3. The performance of

the P-OSD system is evaluated for a segment duration of 45 ms for synthetically generated overlapped

speech (Table 5.2). Accordingly, the classification performance of P-OSD on the IBND corpus is also

reported for a segment duration of 45 ms (in Table 5.7). The segments containing all the silent frames
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Table 5.7: Classification performances (45 ms segment duration) of Phase-based Overlapped Speech Detection
(P-OSD) on the Indian Broadcast News Debate (IBND) corpus. Results are reported in terms of mean (µ) and
standard deviation (σ) of accuracy, F1-score, precision, and recall.

Segment Level Results: 45 ms

Performance Measures IFCC MGDCC IFCC+MGDCC

Accuracy 66.60±1.74 55.51±3.58 64.36±2.43

F
1
-s

c
o
re Single 72.18±2.74 56.88±6.33 68.64±3.55

Overlap 57.90±0.66 53.52±0.70 58.49±0.80

Average 65.04±1.06 55.20±3.22 63.56±2.03

are ignored.

The overall performance of the IFCC feature is found to be higher than that of MGDCC. The

F1-score obtained for overlapped speech is lower in comparison to single speaker’s speech. This trend

is consistent for individual features and their combinations. The reason for this could be attributed to

the class imbalance present in the IBND corpus. The best F1-score for overlap class is obtained for the

combination of IFCC and MGDCC features. However, for 45 ms segment duration, the performance

obtained on the IBND corpus is quite low in comparison to the synthetic overlapped speech (Table 5.2).

This shows that the feature representations corresponding to a short segment duration (say 45 ms) may

not be able to capture sufficient class-specific information for data containing real-world complexities

(such as IBND corpus).

5.6 Summary

This chapter proposes the use of phase features for overlapped speech detection. Two existing

phase features, viz. IFCC and MGDCC are explored. The IFCC feature captures the time-varying

information of the phase spectrum. The MGDCC feature represents the frequency-varying character-

istics of the phase spectrum. The classification of overlapped and single speaker’s speech is performed

by using the CNN-LSTM based classifier (OSD-Net). The CNN-LSTM is used to capture the spectro-

temporal characteristics of the phase spectrum. Additionally, the combination of phase features and

magnitude features (MFCC) are explored for the classification task. The proposed work is evaluated

on synthetically generated overlapped speech from GRID corpus. The best classification performance

is obtained for the combination of MFCC, IFCC, and MGDCC features. The proposed approach is
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also evaluated over different segment durations to analyze the effect of segment duration. The effect

of gender on the classification task is also studied. Male-Male overlapped speech has the lowest classi-

fication performance. The best results are obtained for the system using MFCC, IFCC, and MGDCC

features for all gender cases. Further, the effect of simultaneous speakers on the classification task

is studied. Two different feature fusion methods are explored in the present work. Additionally, the

proposed OSD system is also evaluated in real world recordings taken from AMI corpus. Finally, the

efficacy of phase based OSD is evaluated on the IBND corpus.

This work can be further extended in the following directions. First, the performance of the P-OSD

system on the IBND corpus is quite low for a segment duration of 45 ms. A short segment duration

(such as 45 ms) may not be able to encapsulate sufficient overlapped speech information for real-

world data, containing many challenges. Therefore, the proposed OSD system needs to be evaluated

further for a longer segment duration (say 500 ms) to establish its efficacy on the IBND corpus. In

this direction, the evaluation of the P-OSD system for a segment duration of 500 ms is presented

in Chapter 6. Second, the present work studied the time and frequency varying characteristics of

the phase spectrum for overlapped speech detection. However, other phase characteristics, such as

relative phase, can be explored for improved classification performance. Third, the OSD-Net can be

further improved by better designs of convolution blocks, exploration of attention mechanisms and

introduction of transformer.

The dynamics of overlapped speech can be further utilized to identify the attitude and intention of

interlocutors in a conversation. According to the literature, overlapped speech is broadly categorized

into competitive and non-competitive. In competitive speech, speakers compete for grabbing their

chance to speak. In such cases, intervening speaker increases his/her loudness to dominate the active

speaker. In news debates, the presence of shouting and overlapped speech can be a cue for the

presence of competitiveness. The next chapter discusses the utilization of the proposed overlapped

speech detection and shouted speech detection systems for identifying competitive speech segments in

TV news debate audio.
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Overview

This chapter presents a Competitive Speech Detection (CmpSD) system for the Indian Broadcast

News Debate (IBND) corpus. The present work proposes the use of high-level semantic information of

speech signal i.e., shouted and overlapped speech presence, in the CmpSD task. The high-level semantic

information is obtained from the Shouted Speech Detection (SSD) and Overlapped Speech Detection

(OSD) systems. A novel Auto-Encoder based SSD (AE-SSD) system is proposed to overcome few

limitations of the previous Excitation-source based SSD (E-SSD) method (chapter 4). The AE-SSD

system performs automatic feature learning from the time-frequency representation of the ILPR signal.

The information of overlapped speech is obtained from Magnitude and Phase based OSD (MP-OSD)

system (Chapter 5). The AE-SSD and MP-OSD methods are evaluated for a segment duration of 500

ms. The effectiveness of shouted and overlapped speech information in the CmpSD task is studied

using two different approaches. The first approach utilizes AE-SSD and MP-OSD prediction scores

(as features) with GMM based classifier. These prediction scores contain gross-level information of

shouted and overlapped speech. The usage of AE-SSD and MP-OSD scores with GMM classifier

outperforms the baseline method. In the second approach, embeddings of the trained AE-SSD and

MP-OSD systems are used with a fully-connected network based classifier (named as Cmp-FCNet).

The learned representations of shouted and overlapped speech in the embedding space are believed to

perform better in detecting competitive speech. The experimental results show that the best performance

of CmpSD task is observed for the combination of embeddings obtained from AE-SSD and MP-OSD

systems. Moreover, the predicted competitive speech frames are employed to measure the competitive

speech content of a news debate audio.

6.1 Competitive speech: An introduction

Overlapped speech frequently occurs in spontaneous conversations [32,36,169]. Researchers from

linguistic, psycholinguistic, and speech domains have studied different characteristics of overlapped

speech for improving human-computer and human-human interactions [134, 169]. Overlapped speech

has been categorized into different groups in the literature [127]. The detection of overlapped speech

category is also beneficial in enhancing the performance of speech processing systems such as spoken

dialogue system and speech recognition, to name a few [169].

The dynamics of overlapped speech and its surrounding context may convey the intent and atti-
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tude of speakers, especially regarding speaker turn control [121, 122]. Speaker turn-taking patterns

associated with overlapped speech can also be used to evaluate conversational satisfaction among in-

terlocutors [123]. West [170] proposed that overlapped speech is associated with the dominance of

interrupting speaker towards the active speaker. In contrast, other researchers argue that some speech

overlaps indicate support for the active speaker [127]. In literature, competitive and non-competitive

are the widely accepted categories of overlapped speech [169]. In the competitive speech, speakers

compete for acquiring the speaker-turn and do not allow the active speaker to continue [34, 36, 127].

The competitive speech is associated with an intention to break the conversational flow, compete for

speaker-turn, attract attention towards themselves, or show disagreement. Competitive overlaps are

temporally persistent since speakers continuously speak despite overlap occurrences [124, 171, 172].

On the other hand, non-competitive speech occurs when other speakers show a supportive intention

towards the active speaker to continue his or her turn of speaking [34,36,127]. Non-competitive over-

lapped speech generally occurs for shorter durations and is resolved immediately as the active speakers

realize the overlap occurrence [124,171,172].

In broadcast news debates, the occurrence of overlapped speech is mainly associated with conflict

of opinion among panel members. Panel members interrupt the active speaker to emphasize their

different point of view. In such scenarios, speakers start competing to grab the conversational turn.

This results in significantly long periods of incessant speech overlaps. Such scenarios highlight the

competitive intent of panel members to dominate over other speakers. Frequent relentless speaker

conflicts are unpleasant to all participants and may evoke aggressive reactions. Usually, the induced

aggression is involuntarily expressed as shouted speech. Such segments are considered as competitive

speech in this work. The competitive segments need to be identified and processed separately for

various reasons. First, in such competitive scenarios, panel members might become susceptible to

using unparliamentary language due to aggression. Second, these competitive segments might serve

as crucial regions for the automatic content analysis of TV news debates. Therefore, automatic

detection of competitive segments in TV news debate audio is an essential pre-processing task, and

requires a detailed understanding of competitive speech and its semantics. Thus, the present work

aims to detect competitive speech in TV news debates.

In this thesis, the term Competitive Speech is defined as the speech region containing overlapped

speech produced as a result of speaker-turn competition, with the frequent presence of shouted speech.
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A competitive speech segment may contain multiple overlapped segments punctuated by short (lesser

than 200 ms) single speaker’s speech segments. The present work attempts a classification problem

of Competitive speech (Cmp, henceforth) vs. others. The others category contains non-competitive

overlapped speech and single speakers speech. In news debates, competitive speech is mostly associated

with the presence of shouted and overlapped speech. Therefore, the Competitive Speech Detection

(CmpSD) task is attempted by utilizing shouted and overlapped speech information.

6.1.1 Related works

Competitive speech has been analyzed in initial studies by exploring features related to the place-

ment and position of the overlapped speech onset point. Jefferson [133] found that these positional

features are crucial for overlap categorization. However, French and Local [34] claimed that the

phonetic design plays a pivotal role in characterizing competitive overlapped speech in contrast to

positional features. This argument is also backed by Wells and Macfarlane [35].

The existing literature on overlapped speech categorization include extensive studies on differ-

ent prosodic features. The fundamental frequency (F0) and intensity features are found to be the

most discriminating and successful prosodic features [34, 39, 126]. Researchers observed that speak-

ers increase their loudness [34, 36, 40] and F0 [34, 36] for interrupting the active speaker. Wells and

Macfarlane [35] also claimed that a blend of raised F0 and loudness is the prominent indication of

competitive speech. Other frequently explored prosodic features for overlapped speech categorization

are speech rate, rhythm, sound stretches, cut-off and repetition of prior words [34–39].

Kurtić et al. [126] presented phonetic and phonological insights of overlapped speech. They studied

the distribution of prosodic and positional information of overlapped speech and their combination.

The significance of speech rate, duration, and pausing related characteristics of overlapped speech

have been analyzed for classifying competitive and non-competitive speech [124]. The duration of

overlapped speech was found to be the most distinguishing characteristic of competitive speech [124,

171]. Statistical features such as mean, standard deviation, max, min, and range were also used for

overlapped speech categorization [39,169].

The context information on either side of overlapped speech is also explored for classifying com-

petitive and non-competitive overlapped speech [121,125]. Chowdhury et al. [121] found that the pre-

ceding and succeeding context of overlapped speech is also useful for competitive and non-competitive

speech categorization. An extensive study of competitive and non-competitive speech is presented
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by Chowdhury [127]. In [127], the effectiveness of lexical, part-of-speech, psycholinguistic, prosodic,

voice quality, vocal-tract and other tempo-spectral features is studied for classifying competitive and

non-competitive speech. Automatic categorization of overlapped speech has also been attempted using

various modalities apart from acoustic domain, such as hand gesture [37], focus of attention (gaze) [39],

head movement [39] and body movements.

6.1.2 Motivation and contributions

The acoustic-based works have used different raw feature representations of competitive overlapped

speech. However, the present work believes that competitive speech is a high-level perceptual attribute

of the speech signal and can also be expressed in terms of high-level semantic information of speech.

In video affective content analysis literature, audio-based works argued that there is a gap between

high-level human perception of content and low-level feature representations [173, 174]. This gap can

be bridged using the semantic information of the content [173, 174]. In TV news debate scenarios,

co-occurrence of shouted and overlapped speech is frequently associated with competitive speech.

Therefore, the CmpSD task is attempted by utilizing high-level semantic information of speech signal

in terms of shouted and overlapped speech presence. The proposed SSD and OSD systems are used

to obtain shouted and overlap information, respectively.

To the best of our knowledge, the existing works have utilized multi-channel data to identify the

overlapped speech category. Most of the corpora used in the literature contain separate channels

for all the interlocutors. This provides flexibility to understand the distinct roles of overlapper and

overlappee regarding competitive overlapped speech. Existing works extract separate feature sets

from overlapper and overlappee channels [126], and utilize them for detecting competitive speech.

The availability of multi-channel data makes the task comparatively easier. However, the study of

competitive overlapped speech becomes more challenging for mono-channel data [127]. Additionally,

most of the earlier works (except a few) have relied on data from controlled scenarios. Recently,

few works have used real-world multi-channel corpus [127]. In contrast, the present work detects

competitive speech in mono-channel recordings of TV news debates taken from the Indian Broadcast

News Debate (IBND) corpus. The IBND corpus contains real-world audio data recorded in varying

environments since the panel members participate from their respective homes, offices, and sometimes

from an open environment. Moreover, they use microphones of different qualities. Motivating from

the limitations of existing works, the significant contributions of the chapter are listed below.
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(i) The present work proposes the use of shouted and overlapped speech information for the CmpSD

task. In this context, the proposed SSD and OSD systems are utilized to obtain the respective

shouted and overlapped speech information.

(ii) A novel Auto-Encoder based Shouted Speech Detection (AE-SSD) system is proposed to ad-

dress some limitations of the Excitation source based SSD (E-SSD) method (Chapter 4). The

proposed AE-SSD system explores the time-frequency characteristics of excitation source sig-

nals using ILPR representation. The auto-encoder, attention and Bi-GRU based architecture

(called as AE-SSD-Net) is used for automatic feature learning from the input.

(iii) The CmpSD task is initially performed using prediction scores obtained from AE-SSD and

MP-OSD systems in combination with GMM classifier. This approach outperforms the baseline

method and establishes the efficacy of gross shouted and overlap information in the current

task.

(iv) Additionally, embeddings of AE-SSD and MP-OSD systems that capture detailed information

of shouted and overlap speech are used for CmpSD task with a fully connected network (named

as Cmp-FCNet) based classifier.

The rest of the chapter is organized as follows. Section 6.2 discusses the approaches for utilizing

shouted information for the CmpSD task. The proposed AE-SSD system is presented in section 6.2.1.

The usage of overlapped speech information for the CmpSD task is explained in section 6.3. The

experimental evaluation of the proposed work is described in section 6.4. Assessment of news de-

bate audio based on predicted competitive speech is discussed in section 6.5. Finally, the chapter is

summarized in section 6.6.

6.2 Competitive speech detection using shouted information

Existing studies suggest that the prominent distinguishing characteristic of competitive overlapped

speech is the combination of increased F0 and loudness [34,35,39,126]. These acoustic properties are

also associated with shouted speech. Therefore, the present work proposes the use of shouted speech

information to detect competitive speech in TV news debates.

The potential of excitation source characteristics for the SSD task is already established in Chap-

ter 4. Nevertheless, the previously proposed E-SSD system (Chapter 4) is limited by the use of

hand-crafted features and non-utilization of temporal information (discussed in section 4.5). To ad-
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dress these issues, a novel Auto-Encoder based SSD (AE-SSD) system is proposed. The AE-SSD

system incorporates temporal information and learns features automatically from the time-frequency

representation of the ILPR signal. A detailed description of the AE-SSD system and its utilization

for CmpSD is presented next.

6.2.1 Auto-Encoder based Shouted Speech Detection (AE-SSD)

The block diagram of the proposed AE-SSD system is illustrated in Figure 6.1. The AE-SSD

system consists of three sub-modules, viz., pre-processing, feature extraction and the AE-SSD-Net

architecture. The first step in this pipeline involves pre-processing the speech signal and feature

extraction. Time-frequency representation of the ILPR signal computed from the pre-processed speech

is used as feature. Subsequently, the AE-SSD-Net architecture is trained using the computed features.

An explanation of each of the sub-module is presented next.

Auto-Encoder based Speech Detection System

Speech Signal
Pre-Processing

Mean Removal and
Amplitude 


Normalization


Excitation source
Features 

ILPR-Log 
Spectrogram

Encoder Decoder

Attention

Bi-GRU Dense-
Block+

..

.

AE-SSD-Net Architecture

Normal 

Speech

Shouted 

Speech


Speech vs. Non-
Speech Detection

Figure 6.1: Illustrating the proposed Auto-Encoder based Shouted Speech Detection (AE-SSD) system for the
classification of shouted and normal speech.

Pre-processing

The pre-processing step involves normalization and speech vs. non-speech detection. Normalization is

performed by mean removal and amplitude scaling of the speech signal. The normalized speech signal

is provided as input to the feature extraction stage. This normalized speech signal is also employed to

obtain speech and non-speech regions by using the methodology proposed by Giannakopoulos [175].

The information of speech and non-speech is further used during the training of the AE-SSD-Net

architecture to remove silence frames.

ILPR-Log Spectrogram (ILPR-LS)

The decent performance of DCT-ILPR feature in the controlled environment SSD system (Chapter 4)
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Figure 6.2: Demonstrating the ILPR Log spectrogram for (a) normal and (b) shouted speech. More prominent
harmonic patterns are observed in the ILPR Log spectrogram for shouted speech compared to normal speech.

encourages to utilize ILPR signal in the AE-SSD system. The DCT-ILPR represents time domain

information of excitation source. However, the AE-SSD system utilizes the time-frequency represen-

tation of the ILPR signal. The extraction of ILPR signal is described in sub-section 4.2.5 of chapter 4.

Each frame of the ILPR signal is transformed to the frequency domain using DFT. The logarithm of

the magnitude spectra is considered as the ILPR Log Spectrogram (ILPR-LS) in the present work.

The deviations in glottal cycle shape due to shouted speech are expected to be reflected in terms

of prominent harmonics in the ILPR spectrogram. Figure 6.2 illustrates the ILPR Log spectrogram

for normal and shouted speech of the same speaker (male). The prominent harmonics can be observed

for shouted speech (Figure 6.2(b)) than normal speech (Figure 6.2(a)). Such variations present in

ILPR-LS can be utilized for classifying shouted and normal speech.

AE-SSD-Net: An auto-encoder, attention and Bi-GRU based network

The present work proposes an Auto-Encoder based Shouted Speech Detection Network (AE-SSD-Net).

The proposed AE-SSD-Net consists of two sub-modules, viz. an auto-encoder and a classifier. The

architecture of AE-SSD-Net is illustrated in Figure 6.3. A detailed description of the AE-SSD-Net

architecture is presented next.

The proposed auto-encoder architecture of AE-SSD-Net contains encoder (ΦE) and decoder (ΦD)

blocks with skip connections. The skip connections between the encoders and decoders are used to

ensure proper gradient propagation throughout the network. The input to the encoder block is an

ILPR spectrogram (Iilpr ∈ Rdf×dt) obtained from the speech signal of 500 ms duration. Here, the

input ILPR spectrogram has a spectral dimension of df = 200 and temporal dimension of dt = 48. The

encoder block transforms the input Iilpr into an embedding Es = ΦE(Iilpr), where Es ∈ R192. The

embedding Es encapsulates the spectro-temporal information of the spectrogram. This embedding
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Figure 6.3: Illustrating the AE-SSD-Net architecture. Batch Normalization is denoted by BN.

Es is processed by the decoder blocks to obtain the decoded spectrogram Îilpr = ΦD(Es), where

Îilpr ∈ Rdf×dt .

The encoder block consists of three processing blocks. Here, each processing blocks comprises of

one Convolutional-Block (Conv-Block) followed by one Max-Pooling layer. Each Conv-Block consists

of one Convolutional (Conv) layer followed by Batch Normalization (BN) and ReLU activation (Fig-

ure 6.3). The convolutional layers of all processing blocks consist of filters of kernel size of 3 × 3

(varying channel sizes in each block) and operate with a stride of (2, 2). The number of filter kernels

in the consecutive processing blocks are increased as 16, 32 and 64. In all processing blocks, the

Max-Pooling is performed with a pool size of 2× 2 and a stride of (2, 2). The flattened output of the

last Max-Pooling layer (Max-Pooling 3) of the encoder is considered as the embedding layer Es.

The decoder comprises of three Deconvolutional-Blocks (Deconv-Block). Each Deconv-Block con-

sists of one Deconvolutional (Deconv) layer, BN and ReLU activation. The deconvolutional layer of

Deconv-Blocks comprises of 64, 32 and 16 number of kernels, respectively with a kernel of size 3 × 3

(varying channel size in each block) and a stride of (2, 2). The decoder also comprises of one Dense-

Block containing one dense layer (192 nodes) followed by BN, ReLU activation and a Drop Out layer

with 0.4 drop out rate. Zero padding is performed in the decoder to obtain the required size of the

data. A single convolutional kernel (of size 3×3×16) is applied at the end to match the sizes of input

Iilpr and output Îilpr. All auto-encoder filter kernel weights are `2 regularized to avoid overfitting of

the network.
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The classifier sub-module consists of an attention block, a Bi-directional Gated Recurrent Unit

(Bi-GRU), and a Dense-Block. The attention block takes two inputs, viz. the original spectrogram

(Iilpr) and the decoded auto-encoder output (Îilpr). The attention block estimates similarity weights

(W ) between the temporal variations of each frequency component in Iilpr and Îilpr. This weight

matrix W is computed as follows.

W = SoftMax(ÎilprI
T
ilpr) (6.1)

These weights (W ∈ Rdf×df ) are further multiplied with Iilpr to obtain a weighted spectrogram

(Iwilpr ∈ Rdf×dt) at the output of the attention block. The weighted spectrogram is passed through a Bi-

GRU (64 nodes in each direction) to learn its temporal sequence. The embedding (Et ∈ R128) obtained

from the Bi-GRU containing temporal context information is concatenated with the embedding (Es ∈

R192) obtained from the auto-encoder. The motive behind this concatenation is to utilize spatial and

temporal context information for the classification task. The concatenated embedding (Est ∈ R320) is

batch normalized and fed to a Dense-Block with 512 nodes. The output layer of the classifier consists

of a single Sigmoid activated neuron. Finally, the score for an input spectrogram is obtained from the

output layer of the classifier.

The AE-SSD-Net is trained with a Nadam optimizer [176] which is a variant of the popular Adam

optimizer [161]. The Nadam optimizer uses Nesterov momentum. The initial learning rate is set as

0.0001. The auto-encoder sub-module is trained using Mean-Squared Error loss LAE , and is computed

as follows.

LAE =
1

NT

NT∑
i=1

‖Iiilpr − Îiilpr‖2F (6.2)

Here, ‖·‖F denotes the Frobenius norm and NT represents the size of the training batch. The

classifier sub-module is trained using Binary Cross-entropy loss LC , and is computed as follows.

LC = −
NT∑
i=1

[
yilog(ŷi) + (1− yi)log(1− ŷi)

]
(6.3)

Here, yi represents true class label (1 for Cmp and 0 for others) and ŷi denotes the predicted class

score corresponding to I
(i)
ilpr(i = 1, . . . , NT ). A weighted sum of both the losses is used for the joint

training of auto-encoder and classifier sub-modules. The total loss (LT ) is computed as follows.
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LT = λLAE + (1− λ)LC (6.4)

Here, λ ∈ (0, 1) represents the weight given to auto-encoder loss (LAE). Since the goal of the

current work is improved detection of shouted speech, more weight is given to the classifier sub-

module’s loss than that of the auto-encoder sub-module. A value of λ = 0.4 is used for training the

AE-SSD-Net architecture. An early stopping criteria is used during model training to avoid overfitting.

6.2.2 Utilization of AE-SSD for competitive speech

The proposed AE-SSD system is further utilized for the CmpSD task. Two different approaches

are proposed for using shouted speech information for the current task. The Approach-1 employs a

generative model to learn the distribution of AE-SSD prediction scores for Cmp and others classes.

In contrast, Approach-2 uses the embeddings of AE-SSD-Net to classify Cmp and others classes. A

detailed discussion on both approaches is presented next.

Approach-1 : AE-SSD prediction scores with GMM

The significance of shouted speech information in the CmpSD task is established by learning the

distribution of AE-SSD prediction scores. The AE-SSD scores indicate the presence of shouted speech

in a segment. Thus, these scores represent the gross information of shouted speech. Information

of shouted speech presence is believed to be helpful for the current task. Approach-1 for detecting

competitive speech is illustrated in Figure 6.4.

Competitive Speech Detection using AE-SSD System

Speech Signal
Pre-Processing

Mean Removal and
Amplitude 


Normalization


  Excitation source
Features 

ILPR-Log 
Spectrogram

Attention

Bi-GRU Dense-
Block

AE-SSD-Net Classifier

Speech vs. Non-
Speech Detection

+

Encoder Decoder

.

..
Cmp-FCNet

Cmp Others

GMM

based Detection


Cmp Others

Figure 6.4: Competitive speech detection using AE-SSD system. Approach-1 utilizes prediction scores (fSssd)
with GMM, while Approach-2 uses embeddings (fEssd) with Cmp-FCNet classifier.
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Figure 6.5: Illustrating the architecture of (a) Cmp-FCNet classifier and its (b) Dense-Block.

Let fSssd be the prediction score obtained from the trained AE-SSD system for feature f . The

distribution of fSssd for Cmp and others classes are learned using two separate GMMs. Let Gcmp

and Gothers be the K-mixture GMMs for Cmp and others classes, respectively. A value of K = 64

(empirically selected) is used in this work. For test data, class labels are assigned based on the higher

likelihood values obtained from the trained GMMs. Let Lcmp and Lothers be the respective Log-

likelihood values computed from the learned GMMs Gcmp and Gothers. A test sample is assigned as

label Cmp if Lcmp > Lothers. Otherwise, it is labelled as others.

Approach-2 : AE-SSD embeddings with Cmp-FCNet classifier

Note that the fSssd score contains just the gross information of shouted speech that might not be

enough to capture its complex relationship with competitive speech. A representation of shouted

speech in a higher dimensional vector-space is expected to be more useful for the current task. In

this context, the embedding (Est) of AE-SSD system is used for classifying Cmp and others. The

Approach-1 uses a generative model, while a discriminative model is employed in Approach-2.

The utilization of Est for the CmpSD task is shown as Approach-2 in Figure 6.4. Let fEssd be the

embedding (Est) obtained from the trained AE-SSD system using feature f . The fEssd embeddings

are fed to a Fully Connected Network (named as Cmp-FCNet). The architecture of Cmp-FCNet is

illustrated in Figure 6.5(a). The architecture of Cmp-FCNet is tuned for the number of Dense-Blocks

and the number of units in dense layer. The optimized Cmp-FCNet comprises of four Dense-Blocks.

Each Dense-Block contains one dense layer followed by Batch-Normalization, ReLU activation and

Dropout layer, respectively (Figure 6.5(b)). Dense-Block 1, 2, 3 and 4 contain 128, 64, 32 and 16 nodes

in the dense layer, respectively. The nodes of the output layer (size = 2) have SoftMax activation

function.
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The fEssd ∈ R320 embedding is fed as an input to the Cmp-FCNet architecture. The output layer

of Cmp-FCNet predicts the scores for Cmp and others. The Cmp-FCNet is trained for 50 epochs

with a mini-batch size of 32. A Binary Cross-entropy loss is minimized using Adam optimizer with

an initial learning rate of 0.0001. An early stopping criteria is used during model training to avoid

overfitting.

6.3 Competitive speech detection using overlap information

As discussed previously, competitive speech is a type of overlapped speech [127]. Hence, the

present work uses overlapped speech content information for the CmpSD task and is described next.

A detailed description of the proposal is explained next.

6.3.1 Utilization of MP-OSD for competitive speech

The Magnitude and Phase based Overlapped Speech Detection (MP-OSD) system (proposed in

Chapter 5) is used to extract overlapped speech information. Similar to the AE-SSD based CmpSD

methods, two different approaches are used to classify Cmp and others using the MP-OSD system.

The two methods Approach-1 and Approach-2 for using overlapped speech information are illustrated

in Figure 6.6. The approaches for MP-OSD based CmpSD task are explained next.

Approach-1 : MP-OSD prediction scores with GMM

The first approach demonstrates the significance of gross information of overlapped speech in the

CmpSD task. The MP-OSD score predicts the presence of overlapped speech in a speech segment.

Let fSosd be the prediction score obtained from the MP-OSD system for feature f . Here, a GMM-based

detection method is used for MP-OSD scores (fSosd), similar to the Approach-1 of section 6.2.2.

Approach-2 : MP-OSD embeddings with Cmp-FCNet classifier

As explained earlier, a representation containing more comprehensive information of overlapped speech

is expected to be more helpful in the CmpSD task. In this direction, Approach-2 uses the embedding

fEosd obtained from the MP-OSD system as input feature f (Figure 6.6). These embeddings are fed

to the Cmp-FCNet architecture to classify Cmp and others. The architecture design and specifications

of Cmp-FCNet is discussed in section 6.2.2 and illustrated in Figure 6.5. The successive operation of

Dense-Blocks of Cmp-FCNet transforms the fEosd ∈ R256 to an embedding of size 16× 1. Finally, the

16× 1 embedding is processed through the output layer for providing the classification scores.

139

TH-2719_156102006



6. Combined Framework for Competitive Speech Detection

Competitive Speech Detection using MP-OSD System

Speech Signal
Pre-Processing

Mean Removal and
Amplitude 


Normalization


 Feature
Extraction 

IFCC

(Time varying phase

characteristics)


OSD-Net Classifier

Speech vs. Non-
Speech Detection

MGDCC

(Frequency varying

phase characteristics)


Conv-Block 1

Conv-Block 2

Conv-Block 3

Conv-Block 4
Conv-Block 5

Bi-LSTM 

Bi-LSTM 

Dense Block 1

Dense Block 2

Cmp-FCNet

Cmp Others

GMM

based Detection


Cmp Others

MFCC

(Magnitude feature)


Figure 6.6: Competitive Speech Detection (CmpSD) using MP-OSD system. Approach-1 utilizes prediction
scores (fSosd) with generative model (GMM), while Approach-2 uses embeddings (fEosd) in combination with
discriminative model (Cmp-FCNet).

6.4 Experimental evaluation

The proposed work is evaluated on the IBND corpus containing mono-channel recordings of TV

news debates. The audio signal of news debates is broadly categorized into speech and miscellaneous

categories. The miscellaneous category includes music, speech with music, speech with background

sounds (e.g., field reporting), and other environmental sounds (e.g., dog bark, car horn, laugh, cough,

sneeze). The annotation for miscellaneous data is provided with the IBND corpus. For the current

work, miscellaneous data is removed from the audio signals using the annotations, and only speech

data is retained for further processing. The speech signal (sampled at 16kHz) is processed with a

frame size of 25 ms and a frame shift of 10 ms.

The IBND corpus contains the audio data of 15 Indian English TV news debates. The whole

dataset is split into three non-overlapping folds by ensuring similar amount of shouted, overlapped

and competitive speech in each fold. Classification is performed for three iterations using the three-

fold cross-validation. For each iteration, data of any two folds are considered for training, while the

remaining fold is kept untouched for system testing. The train set is further split into training and

validation sets in a 80 : 20 ratio. The results are reported as mean (µ) and standard deviation (σ)

computed over independent performances of the three iterations.

Rejection of impure segments

The perceptual understanding of shouted speech improves with an input signal of sufficient duration.
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Figure 6.7: Demonstrating rejection of impure segments at class transition boundaries. The segments A, C
and D are retained. While segment B is rejected, since it has significant portion of both classes.

Similarly, the presence of competitive speech is better perceived in sufficiently longer speech segments.

Therefore, the proposed AE-SSD and MP-OSD systems are trained on 500 ms (48 frames) long speech

segments with a segment shift of 100 ms. The IBND corpus contains natural transitions from one

class to another. At transition boundaries, some segments contain a significant proportion of both

classes. Such segments might create confusion during the training process. Hence, they are rejected

for further processing. The rejection of impure segments is performed on the following basis. Let Ft

be the total number of frames in a segment and Fc1 (or Fc2) be the number of frames belonging to

class C1 (or C2). For each segment, a class-score (in [0, 1]) is computed as the ratio of Fc1 (or Fc2)

to Ft. This class-score is used to assign a class label to the segment. The class label assignment is

performed as follows.

Class label =


C1, if

Fc1
Ft
≥ 0.9

C2, else if
Fc1
Ft
≤ 0.1

(6.5)

The class label C1 is assigned to the segments with class-score greater than or equal to 0.9. While,

the segments containing class-score lesser than or equal to 0.1 are labelled as C2. The segments with

class-scores between 0.1 and 0.9 are rejected, since they are considered as impure. The thresholds (0.1

and 0.9) are empirically decided. Moreover, the segments containing all the silence frames are also

rejected. The information of silence frames are obtained from the speech vs. non-speech detection

block of pre-processing step (Figure 6.1, 6.4 and 6.6).

A pictorial demonstration of acceptance or rejection of segments is given in Figure 6.7. Segments

A and C are pure segments as they completely belong to a single class. Segment D contains a small
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Table 6.1: Performance of the proposed AE-SSD system on the IBND corpus for normal and shouted
speech classification task. Here, LS stands for Log-Spectrogram, and ILPR-LS represents ILPR-Log
Spectrogram. Results are reported in terms of µ ± σ of three folds. Performance is evaluated over a
segment duration of 500 ms.

Segment duration: 500 ms

Log-Spectrogram ILPR-Log Spectrogram ILPR-LS + LS

Measures (LS) (ILPR-LS)

Overall accuracy 78.86±1.19 78.03±0.35 79.48±1.01

F
1-

sc
o
re Normal 81.16±0.96 80.47±1.26 81.96±1.00

Shouted 75.88±1.79 74.60±2.12 76.05±2.05

Average 78.52±1.27 77.54±0.53 79.01±1.11

portion of shouted speech, and its major portion belongs to normal speech. Such segments can be

considered pure segments only if their class-scores lie in the acceptable range (lesser than 0.1 or greater

than 0.9). In the figure, segment D is accepted and allocated to normal class. In contrast, segment B

contains a significant proportion of both classes. Therefore, it is rejected. This approach of rejecting

impure segments is used for shouted, overlapped, and competitive speech detection tasks.

6.4.1 Performance of AE-SSD system

The analysis and detection of shouted speech have mostly been attempted by utilizing vocal tract

representation of speech signal [62, 73–77]. Hence, this work uses the spectrogram extracted from

the pre-emphasized speech signal as the baseline method. The logarithm operation is performed on

the magnitude spectrogram to obtain a Log-Spectrogram (LS). The performance evaluation of the

proposed AE-SSD system on the IBND corpus is discussed next.

The time-frequency representation Iilpr ∈ Rdf×dt (df = 200, dt = 48) is fed as an input to

AE-SSD-Net. The classification results are reported in Table 6.1. The overall accuracies of ILPR-

Log Spectrogram (ILPR-LS) and Log-Spectrogram (baseline) are almost similar. For ILPR-LS, the

standard deviation of accuracy measure is lower than the baseline feature. The F1-scores for normal

and shouted classes are slightly better with the baseline feature. A lower σ value is obtained for the F1-

score of normal class in comparison to shouted speech. This trend is consistent for the baseline and the

proposed features. This signifies that the patterns learned by ILPR-LS and ILS are more consistent

across the dataset for normal speech. There might be two possible causes for the higher standard
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deviation for shouted class. First, high variability present in the shouted speech of news debates may

be a reason. In news debates, shouted speech is also present when multiple simultaneous speakers

speak. The spectral patterns of shouted speech in the case of a single speaker and simultaneous

speakers are expected to be different. Second, another complex situation arises when a speaker is

shouting, and the news channel control room lowers the microphone’s volume. Furthermore, the F1-

score of shouted speech is also observed to be lower than that of normal speech which might be due

to the data imbalance between the classes.

The classification performance of the proposed ILPR-LS representation (excitation feature) is

comparable to the LS feature (vocal tract). Hence, it can be said that the spectro-temporal patterns of

ILPR signal contain significant class-specific information which can be utilized for shouted and normal

speech classification task. This further justifies the potential of the excitation source representation

in the SSD task, where vocal tract features have been extensively used.

Excitation source vs. vocal tract features

The proposed AE-SSD system utilizes the excitation source characteristics for shouted speech detec-

tion. The baseline feature captures vocal tract information of the speech signal. Both representations

carry complementary information of the speech signal. Therefore, the efficacy of ILPR-LS in combi-

nation with LS is explored for utilizing both excitation and vocal tract information for the SSD task.

The classification performance for the score level fusion (equal weight) of ILPR-LS ans LS is reported

in Table 6.1. The overall accuracy is slightly improved with the combination of ILPR-LS and LS in

comparison to individual features. Similarly, F1-scores of individual classes are also better for the

feature combination.

Comparison of the AE-SSD system with the E-SSD system

The performance of the proposed AE-SSD system is compared with the E-SSD system (Chapter 4).

The later uses hand-crafted excitation source features with fully connected network based classifier

(SSD-FCNet). The features used in the E-SSD system are DCT-ILPR, RMFCC and MPDSS. The

AE-SSD system is evaluated for a segment duration of 500 ms for learning temporal information.

Hence, the E-SSD system is also evaluated for 500 ms duration. The frame-level E-SSD predictions

are averaged over 500ms to obtain the segment level performance.

Performance of both the SSD systems for shouted speech class is reported in Table 6.2. The

overall accuracy for all the individual hand-crafted excitation source features and their combination
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Table 6.2: Performance comparison of AE-SSD system with the earlier proposed E-SSD method over a segment
duration of 500 ms. Results are reported in terms of mean (µ) and standard deviation (σ) of three-fold cross-
validation.

Segment duration: 500 ms

Overall F1-score

Features Classifier Accuracy Normal Shouted Average

DCT-ILPR (D) SSD-FCNet 72.04±1.59 74.39±1.31 69.21±1.97 71.80±1.64

RMFCC (R) SSD-FCNet 75.30±1.08 78.56±1.59 70.74±1.31 74.65±0.95

MPDSS (P) SSD-FCNet 75.91±0.36 78.99±1.45 71.47±1.98 75.23±0.42

D+R+P SSD-FCNet 76.12±0.71 79.18±1.40 71.83±1.42 75.50±0.62

ILPR-LS AE-SSD-Net 78.03±0.35 80.47±1.26 74.60±2.12 77.54±0.53

is lower than the automatic features learned from ILPR-LS representation. Similarly, F1-score for

shouted speech is higher for the AE-SSD system compared to D+R+P combination. However, the

AE-SSD system marginally outperforms the D+R+P combination for normal class. Therefore, it can

be concluded that the automatic feature learning from time-frequency representation of excitation

source features can add value to the SSD system. Moreover, temporal information modeling is also

crucial for the SSD task.

6.4.2 Performance of MP-OSD system

The efficacy of phase representation in Overlapped Speech Detection (OSD) task is already es-

tablished in Chapter 5. The focus of all the experiments performed in Chapter 5 was to show the

usefulness of phase features for the OSD task with extremely restricted context information of 45 ms

(context of one frame on either side). The performance of the two phase features, viz., IFCC and

MGDCC, on synthetically generated overlapped speech is encouraging for 45 ms duration. However,

their performance decreases for the IBND corpus over 45 ms duration (reported in section 5.5 of

Chapter 5). The reason for such performance degradation may be attributed to the following reason.

A smaller segment duration might not capture the class-specific information from the news debate

data containing real-world complexities. Therefore, the performance of the phase-based OSD system

is evaluated over 500 ms long segments.

The classification performance of the MP-OSD system is reported in Table 6.3. The results are

reported for the same train and test sets used for the evaluation of AE-SSD system. The results
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Table 6.3: Illustrating the classification performance of the proposed OSD approach on the IBND Corpus for
500 ms segment duration.

Segment duration: 500 ms

Score Level Fusion

Performance MGDCC IFCC MFCC IFCC+MGDCC MFCC+IFCC

Measures +MGDCC

Overall Accuracy 80.85±1.22 81.99±0.88 85.27±0.88 85.41±0.46 87.69±0.41

F
1
-s

c
o
re Single 85.95±1.45 87.27±0.90 89.68±0.47 89.71±0.63 91.46±0.21

Overlap 69.53±1.14 69.08±1.11 74.24±2.43 74.73±1.25 77.93±1.65

Average 77.75±0.37 78.17±0.60 81.96±1.45 82.22±0.34 84.69±0.88

for 500 ms (Table 6.3) duration obtained for phase features (IFCC and MGDCC) have significantly

improved in comparison to the results for 45 ms (Table 5.7) duration. For 45 ms long segments, the

average F1-score of MGDCC and IFCC features are 55.20 ± 3.22 and 65.04 ± 1.06, respectively. In

contrast, for 500 ms duration, the average F1-scores of 77.75± 0.37 and 78.17± 0.60 are obtained for

MGDCC and IFCC features, respectively. Decent performance of phase features over 500 ms duration

also justifies their potential for the OSD task in news debate data.

The F1-score of overlapped speech for MGDCC and IFCC features are comparable. The potential

of individual phase features can be utilized in a score-level fusion of IFCC and MGDCC features. The

score-level fusion is performed according to the equation 5.3. The best result for score-level fusion is

obtained when equal weights are given to both IFCC and MGDCC. This signifies the equal importance

of both the phase features for detecting overlapped speech in news debates. A noteworthy performance

improvement is observed for the combination of IFCC and MGDCC features (IFCC+MGDCC) in

comparison to individual phase features (Table 6.3).

Phase vs vocal tract features

The importance of magnitude (MFCC) and phase-based OSD systems is also compared for the IBND

corpus over 500 ms long segments. The MFCC outperforms each of the individual phase features

(Table 6.3). Interestingly, the IFCC+MGDCC marginally outperforms the MFCC feature. Results

for score-level fusion (using equal weights) of phase and MFCC features are reported in Table 6.3.

The best OSD performance is obtained for MFCC+IFCC+MGDCC combination. Thus, the proposed

MP-OSD system also performs well on news debate data.
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6.4.3 Baseline

Competitive speech has been mainly studied from the linguistic perspective. Researchers from

signal processing background have also started addressing this problem. A detailed signal processing-

based study of competitive vs. non-competitive speech is presented by Chowdhury [127]. Differ-

ent works related to the acoustic, lexical, linguistic, and psycholinguistic based characterization of

competitive speech are done by Chowdhury and her team [121, 122, 138, 139, 169]. Recently, Chowd-

hury et al. [169] proposed a deep learning model based automatic classification of competitive and

non-competitive speech using acoustic and lexical cues. The present work is mainly focused on the

acoustic-based study of competitive speech. Hence, the acoustic feature model proposed in [169] is

considered as the baseline in current work.

In [169], different Low-Level acoustic Descriptor (LLD) sets and their derivatives are used. The

LLD set includes prosodic, voice quality, energy, MFCC, and spectral-based features. Different statis-

tical functions computed from the LLD features and their derivatives are considered as the Acoustic

features. The statistical features include range, linear, and quadratic regression coefficients along with

their approximation errors, the absolute position of maximum and minimum, centroid, standard de-

viation, variance, skewness, zero-crossing rate, kurtosis, mean peak distance, peaks, mean-peak, the

geometric mean of non-zero values and number of non-zeros. Chowdhury et al. [169] used the openS-

MILE toolkit [117] for extracting the LLD, its derivatives and statistical features. The classification is

performed using Feed-Forward Neural Network (FFNN) [169]. The FFNN classifier comprises of four

fully-connected dense layers with different number of nodes.

The baseline method extracted Acoustic features separately from the overlappee and the overlap-

per. In contrast, the present work evaluates the baseline method [169] on the IBND corpus containing

mono-channel data. Hence, only one set of features is extracted for a 500 ms long segment. The

baseline method also used left and right context of 0.2 sec and 0.3 sec, respectively, on either side of

overlapped segments. These specific values are finalized for a dataset containing call-agent conver-

sation. The nature of this dataset is quite different compared to news debate scenarios. Hence, the

present work does not consider context size for evaluating the baseline method.
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6.4.4 Performance of competitive speech detection using AE-SSD scores

Initially, the efficacy of AE-SSD prediction scores for detecting competitive speech in TV news

debate scenarios is evaluated. The AE-SSD system predicts the shouted scores over 500 ms long

segments. The AE-SSD scores corresponding to the train set are normalized with zero mean and

unit standard deviation. The same normalization parameters are used for the test set. For a fair

comparison, the Acoustic features of baseline method [169] are also extracted for 500 ms long segments

using openSMILE [117] toolkit. The results are reported in Table 6.4 in terms of overall accuracy,

F1-scores of individual classes, and their average.

The performance of AE-SSD scores is analyzed for ILPR-LS and LS features. The ilprSssd rep-

resents AE-SSD score for ILPR-LS feature. Similarly, the score for LS representation is denoted by

lsSssd. The performance of the baseline method and the proposed approach is reported in Table 6.4.

For Cmp class, the mean F1-score for baseline is lower than the lowest-performing feature of the

current proposal (i.e., ilprSssd). In contrast, a lower standard deviation of F1-score is obtained for

baseline method compared to ilprSssd. The performance for Others class is significantly lower than

that of ilprSssd. This leads to the overall lower results for baseline in comparison to ilprSssd. The lower

performance of the baseline method might be attributed to the following reasons. The baseline feature

set (Acoustic features) contains statistical features [169]. In this thesis, the set of Acoustic features is

extracted from mono-channel speech signal. In some cases of the IBND corpus, competitive segments

contain single speaker’s speech in-between overlapped segments. Statistical features computed from

single speakers and overlapped regions of competitive segments might differ. Features computed from

single speaker’s region of competitive segments might confuse with others class. This may lead to a

reduction in performance. Nevertheless, the performance of the baseline method obtained in the cur-

rent work is higher in comparison to their reported results using Acoustic features [169]. In contrast,

the high-level information of speech signal is expected to be less sensitive towards such local variations

in the signal. This might be the reason for the better performance of the proposed work.

Classification results for lsSssd is slightly better than ilprSssd in terms of higher mean and lower

standard deviation. However, the difference in performance is not notable. Furthermore, the com-

bination of ilprSssd and lsSssd is also used to perform the categorization of Cmp and Others classes.

The scores ilprSssd and lsSssd are concatenated to obtain two-dimensional feature representations

([ilprSssd,
ls Sssd]), which are used to model GMMs. A marginal enhancement is observed for the con-
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Table 6.4: Performance of Competitive Speech Detection (CmpSD) using prediction scores obtained from AE-
SSD and MP-OSD systems. Results are reported in terms of mean (µ) and standard deviation (σ) of three-fold
validation.

Features Classifier Overall F1-Score

Accuracy Others Cmp Average

B
a
se

li
n
es

Acoustic features [169] FFNN 69.52±0.86 74.38±2.01 62.04±1.72 68.21±0.35

P
ro

p
o
se

d
A

p
p
ro

a
ch

S
S
D

ilprSssd GMM 74.61±3.06 80.22±2.81 64.36±3.40 72.29±2.91

lsSssd GMM 75.47±2.15 80.97±2.14 65.23±2.58 73.10±2.00

[ilprSssd,
ls Sssd] GMM 75.79±2.06 81.14±2.14 65.93±2.28 73.54±1.83

O
S
D

ifccSosd GMM 79.52±0.38 84.88±0.56 68.18±1.11 76.53±0.41

mgdccSosd GMM 80.45±0.76 85.48±0.40 70.04±2.08 77.76±1.21

[ifccSosd,
mgdcc Sosd] GMM 82.85±0.23 87.40±0.31 73.14±0.94 80.27±0.40

mfccSosd GMM 82.43±0.48 87.13±0.11 72.24±1.84 79.69±0.98

[ifccSosd,
mgdcc Sosd,

mfcc Sosd] GMM 83.87±0.19 88.17±0.07 74.63±1.20 81.40±0.57

S
S
D

+
O

S
D

osdL +ssd L GMM 84.77±0.36 88.84±0.42 75.98±1.11 82.41±0.51

catenated feature in terms of increased µ and decreased σ in comparison to individual features. The

results obtained for AE-SSD scores are encouraging and uphold our initial hypothesis of utilizing

gross information of the shouted speech. The performance shows that the class-specific distributions

learned by Gcmp and Gothers (introduced in sub-section 6.2.2) are sufficiently different. Hence, it can

be concluded that a correlation exists between the shouted scores and competitive speech in TV news

debate scenarios.

6.4.5 Performance of competitive speech detection using MP-OSD scores

The efficacy of MP-OSD prediction scores for the categorization of Cmp and Others classes is

presented in Table 6.4. The Z-score normalization is performed on the MP-OSD scores. The normal-

ization parameters are computed over the train set. The MP-OSD prediction score obtained for IFCC

feature is denoted by ifccSosd. Similar notation is used for other features as well. The overall perfor-

mance of ifccSosd is lower than that of mgdccSosd feature. However, a lower standard deviation for Cmp

class is observed for ifccSosd. Furthermore, the ifccSosd and mgdccSosd are concatenated to utilize the

scores obtained from IFCC and MGDCC features together. A notable improvement is observed for
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the concatenated feature set ([ifccSosd,
mgdcc Sosd]) in contrast to individual features. The σ value for

the [ifccSosd,
mgdcc Sosd] feature is also decreased. The performance of mfccSosd is comparable with the

[ifccSosd,
mgdcc Sosd] feature set. The best results are observed with the [ifccSosd,

mgdcc Sosd,
mfcc Sosd]

feature that uses OSD scores obtained for phase and magnitude features. The performance observed

for MP-OSD prediction scores supports our initial assumption of using gross information of overlapped

speech for CmpSD task.

6.4.6 Combination of AE-SSD and MP-OSD scores for competitive speech

The appreciable performance of AE-SSD and MP-OSD prediction scores (as features) for the

CmpSD task motivates to further utilize them in a combined framework. The AE-SSD scores and

MP-OSD scores represent gross information of two different characteristics of competitive speech, i.e.

shouted and overlapped speech, respectively. A combination of AE-SSD and MP-OSD scores might

further improve the performance. Hence, the score-level fusion of AE-SSD and MP-OSD scores is

performed for the CmpSD task.

Let ssdGcmp and ssdGothers be the GMM models trained on
[
ilprSssd,

ls Sssd
]

feature set. Similarly,

let osdGcmp and osdGothers be the GMMs learned from the feature set
[
ifccSosd,

mgdcc Sosd,
mfcc Sosd

]
.

The likelihood values obtained from ssdGcmp and ssdGothers are denoted as ssdLCmp and ssdLothers,

respectively. Similar conventions are used for the likelihood values obtained from the GMMs trained

on MP-OSD scores. The final likelihoods (finalLcmp and finalLothers) for a segment are obtained as

follows.

finalLcmp = osdαs × osdLcmp + (1−osd αs) × ssdLcmp (6.6)

finalLothers = osdαs × osdLothers + (1−osd αs) × ssdLothers (6.7)

Here, finalLcmp represents the final likelihood value obtained for Cmp class after combining osdLcmp

and ssdLcmp at different weights (osdαs). Similarly, finalLothers is the final likelihood value for the

others class after combining osdLothers and ssdLothers. The value of osdαs lies between 0 and 1. The

highest results are obtained at osdαs = 0.6. The final class label decision is taken based on the higher

final likelihood values. This way of combining likelihoods for AE-SSD scores and MP-OSD scores is

denoted by osdL +ssd L in Table 6.4. The osdL +ssd L outperforms all the other individual cases and
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Table 6.5: Performance of competitive speech detection using embeddings of AE-SSD and MP-OSD systems.
Results are reported in terms of mean (µ) and standard deviation (σ) of three-fold validation. The highest
results are reported in red color. The blue color is used to show second highest results. The third highest
performance is highlighted in black and bold.

F1-Score

Embeddings Others Cmp Average

S
S
D

ilprEssd 87.83±0.56 70.43±2.71 79.13±1.46

lsEssd 88.67±0.73 71.7±4.13 80.18±2.43

ilprEssd +ls Essd 89.57±0.54 73.36±3.09 81.47±1.82

O
S
D

ifccEosd 87.03±0.18 68.49±1.59 77.76±0.81

mgdccEosd 87.97±0.58 69.58±2.06 78.77±1.29

ifccEosd +mgdcc Eosd 89.53±0.42 72.79±1.67 81.16±1.04

mfccEosd 89.09±0.25 72.69±1.67 80.89±0.96

ifccEosd +mgdcc Eosd +mfcc Eosd 90.54±0.31 75.35±1.77 82.95±1.02

S
S
D

+
O

S
D

All 91.33±0.48 77.05±2.38 84.19±1.42

their combinations. Hence, it establishes that the information of shouted and overlapped speech is

useful for the categorization of Cmp and others classes in news debate data.

6.4.7 Performance of AE-SSD embeddings for competitive speech detection

The significance of gross shouted speech information for the CmpSD task is established in the sub-

sections 6.4.4 and 6.4.6. Further, this proposal is extended by utilizing high-dimensional representation

of shouted speech. The embedding of the AE-SSD system is used with Cmp-FCNet architecture to

predict Cmp and others class labels. The classification performance is reported in Table 6.5 in terms

of F1-scores of individual classes and average F1-score.

A significant performance improvement (nearly 7% in average F1-score) is observed with the

ilprEssd and lsEssd in comparison to ilprSssd and lsSssd, respectively. This shows that the information

present in embeddings is effectively utilized by Cmp-FCNet architecture for classifying Cmp and oth-

ers. A comparable performance is obtained for ilprEssd and lsEssd. Furthermore, score-level fusion

of ilprEssd and lsEssd is performed. The best result is obtained for the score-level fusion with equal

weights assigned to individual features. The notation ilprEssd +ls Essd is used to represent score-level

fusion with equal (0.5) weights. For the AE-SSD system, the highest performance is obtained for

ilprEssd +ls Essd.
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Figure 6.8: Illustrating F1-score for competitive speech for the score-level fusion of AE-SSD and MP-OSD
embeddings with varying weight (osdαe). The osdαe = 0 shows result for AE-SSD embedding and osdαe = 1
represents result for MP-OSD embeddings. The best performance is obtained for osdαe = 0.6.

6.4.8 Performance of MP-OSD embeddings for competitive speech detection

The evaluation of embeddings of MP-OSD system for the classification of Cmp and others is

presented in this section. The notation ifccEosd represents the embeddings of MP-OSD system ob-

tained for the IFCC feature. These embeddings are fed to the Cmp-FCNet architecture for class label

prediction.

The performance of MP-OSD embeddings is reported in Table 6.5. Comparable performances

are observed for ifccEosd and mgdccEosd features. The score-level fusion (0.5 weight) of ifccEosd and

mgdccEosd enhances the performance for Cmp class by nearly 2%. The performance of mfccEosd

is similar to that of ifccEosd +mgdcc Eosd. For MP-OSD system, the best results are obtained for

ifccEosd+mgdccEosd+mfccEosd. The best performance of MP-OSD (ifccEosd+mgdccEosd+mfccEosd) is

higher in comparison to the best results of AE-SSD system (ilprEssd+lsEssd). This signifies overlapped

speech information contains more insights that are useful for CmpSD task.

6.4.9 Combined framework

The individual success of AE-SSD and MP-OSD embeddings in the CmpSD task encourage their

exploration in a combined framework. Let the final Cmp-FCNet scores obtained for ilprEssd+lsEssd be

denoted by ssdScmpSD. Similarly, let osdScmpSD be the Cmp-FCNet score obtained for ifccEosd +mgdcc

Eosd +mfcc Eosd combination. In the combined framework, the scores ssdScmpSD and osdScmpSD are

combined as follows.
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finalScmpSD = osdαe × osdScmpSD + (1−osd αe) × ssdScmpSD (6.8)

Here, osdαe represents the weight given to osdScmpSD. The finalScmpSD denotes the final score

obtained by combining osdScmpSD and ssdScmpSD. The value of osdαe varies from 0 (only AE-SSD) to

1 (only MP-OSD). The F1-score for different osdαe values are illustrated in Figure 6.8. The figure shows

higher mean F1-score with lower standard deviation for osdαe > 0.5. This signifies that the embeddings

of MP-OSD system contain more useful information required for classifying Cmp and others. However,

the best result is obtained at osdαe = 0.6 by considering mean F1-score and standard deviation of

Cmp class. The score-level fusion (at osdαe = 0.6) of osdScmpSD and ssdScmpSD is denoted as All in

Table 6.5. A performance improvement is obtained for All in comparison to individual AE-SSD and

MP-OSD embeddings. The result for All also outperforms the best result obtained by GMM-based

detection using shouted and overlapped scores. This justifies that the detailed information of shouted

and overlapped speech present in the learned embeddings are useful for the CmpSD task. Competitive

Speech Detection using All is henceforth referred to as CmpSDAll.

6.5 Assessment of news debate audio based on competitive speech

The proposed CmpSD system can be further employed to measure the competitive speech content

of a news debate. Therefore, the CmpSDAll system is used to provide a Competitive Speech Quotient

(CSQ) to a news debate audio. The CSQ of a news debate is defined as the ratio of the total number

of competitive speech frames to the total number of speech frames present in a news debate audio.

The utilization of CmpSDAll system for obtaining CSQ is explained next.

The CmpSDAll system provides a score (finalScmpSD) in the interval [0, 1] based on the presence

of competitive speech in a segment. Here, 0 corresponds to others and a score of 1 represents Cmp

class. For this experiment, competitive scores are obtained for each 500 ms long segment with a 10 ms

shift (one frame shift). Essentially, a single score value is obtained for each frame. The fluctuations

in the predicted scores (finalScmpSD) are mean smoothed over a window of 51 frames (empirically

selected), centered at the current frame. Let the smoothed scores be represented by smthScmpSD.

Figure 6.9 demonstrates the smoothed competitive scores for an instance taken from a news debate

audio. The blue-colored contour represents ground truth, and the red-colored filled area curve shows

the smthScmpSD scores. The black dashed line represents the decision threshold (0.5). The figure shows
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6.5 Assessment of news debate audio based on competitive speech

Figure 6.9: Illustrating smoothed predicted competitive scores for a 50 sec long instance taken from a news
debate audio.

that the proposed approach provides correct scores for most of the Cmp cases. However, there are

failure cases as well. For example, in Figure 6.9, the proposed approach fails to detect competitive

speech frames near 20 sec and 30− 35 sec.

The smthScmpSD scores are used to get frame-level class predictions based on the 0.5 decision

threshold. For speech frames, the class labels are assigned according to the following equation.

class label =


Cmp, if smthScmpSD > 0.5

others, otherwise

(6.9)

The predicted class-labels are further utilized to obtain CSQ in a news debate. The CSQ is

computed as follows. Let the total frames (excluding miscellaneous and silence frames) in a news

debate audio be Ftot. Let the number of predicted competitive frames in the debate audio be denoted

by Fcmp. The CSQ of a news debate is estimated as follows.

CSQ =
Fcmp
Ftot

(6.10)

Figure 6.10 demonstrates the competitive speech quotient predicted by the current proposal (red

bars) for all the debates present in the IBND corpus. The blue bars represent CSQ obtained from the

ground truth of competitive speech. Figure 6.10 (a) and (b) show CSQ measure for the debates taken

from news channel-1 and news channel-2, respectively. It can be observed that the CSQ predicted by

the proposed approach are lower, but comparable (except few) to the CSQ obtained from the ground
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Figure 6.10: Demonstrating Competitive Speech Quotient (CSQ) predicted for all the debates of (a) news
channel-1 and (b) news channel-2.

truth. The difference between ground truth CSQ (GrndTrthCSQ) and predicted CSQ (PredCSQ) is

reported in the Table 6.6. The CSQ measure depends on the detected competitive frames. Therefore

it becomes necessary to evaluate the performance of the detected competitive frames after post-

processing (smoothing and thresholding). Table 6.6 reports F1-score, precision and recall values of

the predicted competitive class. An important observation is that precision values are very high.

However, recall values are comparatively lower. This signifies that the proposed approach shows a

very low false alarm. In contrast, all the competitive segments are not getting detected. The decision

threshold (0.5) might not be the optimum, and hence it could be one of the reasons for lower recall.

Moreover, decent F1-score values are observed for all the debates except a few (i.e., debate 1 of

channel-2).

The reasonable performance of the proposed method establishes its efficacy in automatic prediction

of the probable competitive regions in a news debate audio. Furthermore, the proposed method is

utilized to provide a competitive speech quotient to a news debate that might be helpful in predicting

total amount of competitive speech in a news debate audio.

6.6 Summary

This chapter focuses on CmpSD in TV news debate audio. The proposed work explored the efficacy

of high-level semantics of speech signal for detecting competitive speech. Shouted and overlapped

speech information are considered as the high-level semantics of speech signal. A new AE-SSD system

is proposed in this chapter. The AE-SSD and MP-OSD systems are used for deriving shouted and
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Table 6.6: Performance of the predicted CSQ measure for all the debates present in the IBND corpus.

Performance Measures

Debate Num. GrndTrthCSQ − PredCSQ F1-score Precision Recall

N
ew

s
ch

a
n
n
el

-1

Debate 1 0.03 88.52 97.52 81.04

Debate 2 0.02 93.58 96.57 90.77

Debate 3 0.08 89.23 99.31 81.01

Debate 4 0.13 78.87 97.04 66.43

Debate 5 0.07 88.72 98.52 80.68

Debate 6 0.06 83.29 93.42 75.14

Debate 7 0.08 85.59 98.16 75.87

Debate 8 0.06 87.50 94.48 81.48

N
ew

s
ch

a
n
n
el

-2

Debate 1 0.12 60.48 99.50 43.45

Debate 2 0.10 80.29 99.59 67.25

Debate 3 0.02 87.42 90.57 84.49

Debate 4 0.02 89.49 98.73 81.83

Debate 5 0.06 91.02 98.3 84.75

Debate 6 0.06 78.67 99.96 64.86

Debate 7 0.13 77.84 99.02 64.12

overlapped speech information. Two different approaches are proposed for utilizing shouted and

overlap information for the CmpSD task. The first approach uses the shouted and overlap class

prediction scores with GMM based classifier. These scores are respectively obtained by using AE-SSD

and MP-OSD systems. In the second approach, the embeddings of AE-SSD and MP-OSD systems

are utilized with a fully connected network based Cmp-FCNet architecture. The first approach of the

CmpSD task outperforms the baseline method. Moreover, the best CmpSD performance is obtained for

the combination of AE-SSD and MP-OSD system in the second approach. Finally, the best performing

CmpSD system is used to predict the competitive speech quotient for a news debate audio.

The proposed approach for competitive speech detection can be further extended in the following

directions. First, the IBND corpus mainly contains competitive speech. This imposed limitations for a

detailed analysis of non-competitive overlapped speech. Therefore, the present study can be extended

for the news debates containing a significant proportion of non-competitive overlapped speech. Sec-

ond, the proposed work utilizes shouted and overlapped speech information for detecting competitive

speech. The related existing works have used low-level feature representations. The end-to-end deep

neural network based architectures can be utilized for automatic feature learning directly from the
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raw speech signal. Third, the efficacy of phase based representations is established for the overlapped

speech detection task. Further, phase information can be utilized to understand the variations in

competitive vs. non-competitive speech.
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7. Conclusions

Overview

This chapter summarizes the work done in the present thesis related to shouted, overlapped and

competitive speech detection in Indian TV news debates. Based on the contributions of the thesis,

some possible future directions are also discussed.

7.1 Summary

The present thesis focuses on detecting shouted, overlapped and competitive speech in Indian TV

news debates. A basic necessity of the thesis was the development of a corpus of TV news debate

audio that consisted of annotations for the targeted speech types. Therefore, an Indian Broadcast

News Debate (IBND) corpus is contributed in this work. The first problem studied in this thesis

is shouted speech detection. This task is attempted using excitation source characteristics of the

speech signal. Three DEGG based features are proposed to capture the variations in glottal cycles

observed for normal and shouted speech. However, the limitations of DEGG based approach motivated

the exploration of other speech based excitation source representations for detecting shouted speech.

Three excitation source features derived from speech signals are observed to perform well in this

task. Hence, an Excitation source based Shouted Speech Detection (E-SSD) system is proposed.

Subsequently, some shortcomings of the E-SSD system are overcome by proposing an Auto-Encoder

based Shouted Speech Detection (AE-SSD) system. As the second task, overlapped speech detection is

attempted by exploring time and frequency varying phase information. A combination of magnitude

and phase based Overlapped Speech Detection (MP-OSD) system is proposed in this thesis. The

final task attempted in this thesis is the detection of competitive speech in Indian TV news debates.

Shouted and overlapped speech predictions obtained respectively from AE-SSD and MP-OSD are used

to detect competitive speech. The important findings of the thesis are summarized below.

(i) Indian Broadcast News debate (IBND) corpus: The unavailability of broadcast news

debate corpus for the intended tasks motivated the development of a corpus containing audio

data along with the task specific annotations. The IBND corpus consists of audio data cor-

responding to 15 TV news debates obtained from two popular Indian English news channels.

Total duration of the corpus is 12 hours and 47 minutes. The corpus contains 94 unique speak-

ers (83 males and 11 females), excluding field reporters. The corpus is annotated for shouted,

overlapped and competitive speech detection tasks. The Praat software was used to perform the
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annotations. The complete annotation procedure involved a total of 45 annotators. The statis-

tics obtained from the final annotations show the significant presence of shouted, overlapped

and competitive speech in the IBND corpus. Furthermore, a high correspondence between

shouted and competitive speech is observed for the IBND corpus (Chapter 3).

(ii) Shouted speech detection: The present thesis explores various aspects of excitation source

characteristics for the shouted and normal speech classification task. The variations in excita-

tion source characteristics are studied using DEGG based and speech signal based features.

• Three DEGG based features, viz. Glottal Open Phase Tilt (GOPT), Open Phase Tri-

angle Area (OPTA) and Flatness of Glottal Cycles (FoGC), are proposed. The DEGG

based features capture variation in each DEGG cycle. A small corpus, named Shout

Vowel (ShVowel), is recorded. The ShVowel corpus contains speech signal and corre-

sponding EGG recordings of vowels. The ShVowel comprises recordings of 11 speakers.

The classification performance using SVM based classifier establishes the significance of

DEGG based features. The unavailability of DEGG signals in most practical applications

necessitates exploring speech-based excitation source representations.

• Excitation source features derived from the speech signal are used to classify shouted

and normal speech. In this context, three features, namely Discrete Cosine Transform of

Integrated Linear Prediction Residual (DCT-ILPR), Mel-Power Difference of Spectrum

in Sub-bands (MPDSS) and Residual Mel-Frequency Cepstral Coefficient (RMFCC), are

explored. A sentence-level corpus, named SNE-Speech is created to establish the proposed

approach on controlled environment recordings. The classification is performed using a

fully connected network (SSD-FCNet). The combination of DCT-ILPR, RMFCC and

MPDSS features outperforms their individual performances. The SSD system utilizing all

three excitation source features with SSD-FCNet classifier is termed as Excitation source

based Shouted Speech Detection (E-SSD) system. The excitation features (i.e., DCT-

ILPR, RMFCC and MPDSS) are also combined with vocal tract feature (MFCC) to utilize

the complementary information. The efficacy of excitation features is also established in

different test scenarios and synthetically added noise cases (Babble and Factory1). The

combination of excitation and vocal tract features performs better than the individual

vocal tract feature. The proposed E-SSD system is also evaluated on the IBND corpus,
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containing real world recordings.

(iii) Overlapped speech detection: The present thesis proposes the utilization of phase com-

ponent of speech signal for overlapped speech detection. Phase characteristics are studied

using two existing features, namely Instantaneous Frequency Cosine Coefficients (IFCC) and

Modified Group Delay Cepstral Coefficients (MGDCC). The IFCC and MGDCC features with

CNN-LSTM classifier are used for the categorization of overlapped and single speaker’s speech.

The Phase based Overlapped Speech Detection (P-OSD) system is first evaluated on the syn-

thetically generated overlapped speech from the GRID corpus. The combination of IFCC and

MGDCC features outperforms baseline approaches. Significant performance improvement is

observed for the combination of phase features and magnitude based MFCC feature. The sys-

tem utilizing Magnitude and Phase features with CNN-LSTM classifier is referred to as the

MP-OSD system. The efficacy of phase features is also evaluated on AMI and IBND corpora

containing real world recordings. The experimental results justify the significance of phase

information for the overlapped speech detection task.

(iv) Combined framework for competitive speech detection: Shouted and overlapped speech

information are used to detect competitive speech in TV news debates. A new Auto-Encoder

based SSD (AE-SSD) system is proposed to overcome some limitations of the E-SSD system.

The AE-SSD system performs automatic feature learning from the time-frequency representa-

tion of ILPR signal. The AE-SSD system outperforms the E-SSD system. Furthermore, the

AE-SSD and MP-OSD systems are used to obtain shouted and overlapped speech information.

The prediction scores of AE-SSD and MP-OSD systems with GMM based classifier are utilized

for the classification of competitive vs. others. The others class includes non-competitive and

single speaker’s speech. The combination of the prediction scores of AE-SSD and MP-OSD

systems outperforms their individual performances in detecting competitive speech. Such a re-

sult signifies the usefulness of shouted speech information for the competitive speech detection

task. Subsequently, the embeddings of AE-SSD and MP-OSD systems are also utilized with

a fully connected network (Cmp-FCNet) architecture for competitive vs. others classification

task. The performance for AE-SSD and MP-OSD embeddings in detecting competitive speech

is observed to be better than their respective prediction scores with GMM classifier. The best

performance is obtained for the combination of AE-SSD and MP-OSD embeddings. The best
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performing system is used to predict the overall competitive speech content of a TV news

debate.

7.2 Contributions of the thesis

The major contributions of the work done in this thesis are as follows.

(i) An Indian Broadcast News Debate (IBND) corpus is developed for studying shouted, overlapped

and competitive speech detection task for TV news debate scenario. The corpus is annotated

for three different tasks, namely, shouted vs. normal speech, single vs. overlapped speech and

competitive vs. non-competitive vs. single speaker’s speech.

(ii) Three DEGG based features are proposed to capture the variability in DEGG cycles due to

shouted speech production. Furthermore, time and frequency domain information of excitation

source derived from speech are shown to perform well in shouted speech detection.

(iii) An Auto-Encoder based Shouted Speech Detection (AE-SSD) system is proposed. The AE-SSD

system automatically learns feature from the time-frequency representation of the excitation

source.

(iv) It has been shown that the time-varying and frequency-varying characteristics of the phase

component of speech signals carry significant information for detecting overlapped speech.

(v) It has been observed that there are frequent co-occurrences of shouted speech and competitive

overlapped speech in the news debates of IBND corpus. Thus, a combination of the proposed

shouted and overlapped speech detection systems is employed for detecting competitive speech

in news debates.

7.3 Directions for future work

This thesis investigates different aspects of shouted, overlapped and competitive speech in TV

news debate scenarios. Based on the observations from these investigations, some extensions of this

work are proposed. The possible future directions of this thesis are listed below.

• Extension of the IBND Corpus: The IBND corpus primarily consists of competitive over-

lapped speech. This imposes limitations on a detailed comparative analysis of competitive vs.

non-competitive overlapped speech. Therefore, a logical extension of the corpus would be to

include non-competitive overlapped speech for a more balanced analysis.
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• Handling of loud speech segments: The thesis studied only two vocal modes, namely

shouted and normal. During the annotation procedure, annotators faced difficulties identifying

the vocal mode of some speech regions. Confusions mostly occurred between shouted and loud

vocal modes. For the present thesis, segments with loud vocal mode were labeled either into

shouted or normal speech by considering context information. However, we believe that the in-

clusion of more fine-grained vocal modes can enhance competitive speech detection performance

and aid future studies aimed at establishing its significance with respect to competitive speech.

• Handling of Male-Male overlapped speech: This thesis analyses the effect of gender present

in overlapped speech on the OSD task. The gender based experiment indicates that the combi-

nation of Male-Male (MM) speakers is hard to detect compared to other cases. This experiment

is performed on synthetically mixed speech of two speakers. However, no efforts is made in the

thesis to handle this challenging case. Therefore, a detailed study is required to improve the

detection of MM gender combination.

• Overlapped speech separation: Because of overlapped speech in TV news debates, it is

sometimes hard to perceive individual speaker’s speech. This necessitates the separation of

overlapping speech. Overlapped speech separation is also useful in many high-level applications,

such as automatic content analysis. This thesis focuses on the detection of overlapped speech.

The detected overlapping segments can be further processed for speech separation task in the

future.

The work done in this thesis is the first step towards the larger goal of building a TV news debate

analysis system. The detected shouted, overlapped and competitive segments can be further processed

to obtain more insightful information on the content. For such content analysis, transcription of

news debates might be very helpful. Shouted, overlapped and competitive speech segments are the

challenging cases for Automatic Speech Recognition (ASR). Therefore, the proposed systems can

be employed as pre-processing stages for ASR. The detected segments can be separately processed

for developing dedicated ASR systems for these three speech categories. The detected overlapped

speech segments need to be processed for the separation of overlapped speech for the ASR task.

Overlapped speech present in news debates often contains more than two simultaneous speakers.

Therefore, detecting the number of simultaneous speakers might aid the overlapped speech separation

task. Furthermore, the association of transcripts with the speaker’s identity can provide information
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on who spoke what. Such insights on the detected speech segment categories might aid the overall

process of automatic content analysis of TV news debates.

The present work can also be extended by utilizing a multi-modal approach. This thesis only

focuses on the audio modality for attempting shouted, overlapped and competitive speech detection

tasks. The performance of these tasks can be improved by incorporating information from the visual

modality. During shouting, speakers tend to speak faster, resulting in rapid lip movements. Also,

shouting is often associated with changes in facial expressions. Sometimes, speakers use their hand

gestures to convey aggression. For example, pointing a finger at other speakers. Additionally, such

visual features are expected to be simultaneously associated with multiple speakers during overlapped

speech. Such features might be helpful and aid the audio-based detection systems. Incorporating visual

features might be beneficial in improving performance during challenging situations. For example,

overlapped speech detection in the cases where channel administrators manually lower microphone

volume of speakers.

A systematic combination of the above mentioned sub-tasks involving multiple modalities can be

utilized to build a system for automatic analysis of TV news debates.
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[38] E. Kurtić, G. J. Brown, and B. Wells, “Fundamental frequency height as a resource for the management of

overlap in talk-in-interaction,” in Where prosody meets pragmatics, ser. Studies in Pragmatics, D. Barth-
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