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Abstract

Movie viewership has increased many folds over the past decades. Developing automatic methods

to analyze the ever-increasing movie content has become more necessary than ever. One of the

essential tasks among various applications is the automatic identification of movie genres. Movie

genre information might be helpful in underage censorship, choice-based query retrieval, and targetted

publicity. This thesis aims to develop systems for automatically identifying movie genres using the

audio modality. The movie audio mainly consists of speech and music signals in isolated form or

as overlapping mixtures. This thesis pursues the hypothesis that the presence of speech and music

signals in movies might vary according to their associated genres. Therefore, a detailed analysis of

these audio signals is performed in this thesis. The significant contributions of this thesis are briefly

discussed next.

The first contribution of this thesis involves the proposal of a novel Spectral Peak Tracking (SPT)

method that traces the peaks in the magnitude spectrogram. The SPT approach captures distinct

patterns in the spectrograms of speech and music. Furthermore, two tempo-spectral features for

Speech vs. Music Classification (SMC) are proposed using the SPT method. The SMC is performed

by training various binary classifiers on these proposed features. The proposed approach performs

well on different standard audio datasets that include speech and music signals both in isolated and

overlapped conditions. The proposed method has shown decent performance on real-world audio with

continuous transitions between the two audio categories. In addition, a small Hindi movie audio dataset

with seven annotated audio classes is contributed to validate the speech-music detection performance

on actual movie signals.

The second contribution of this thesis is the exploration of phase information in the SMC task.

Existing works have mainly used various magnitude-based features for this task. Comparatively, the

phase spectrum has received lesser attention in this task. The phase component is believed to carry

valuable information to aid audio class identification. The potential of three existing phase-based

features is highlighted through a statistical significance test and canonical correlation analysis. The

proposed SMC method with phase-based features is evaluated on multiple standard datasets. In com-

bination with magnitude-based features, the phase-based ones consistently improve the performance

over the baselines for the datasets used in experiments. Various phase and magnitude-based feature

fusions also perform satisfactorily in cross-dataset generalization experiments and detection of audio
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classes in noise-corrupted signals. Moreover, the combination of phase-based and magnitude-based

features effectively segments continuous speech and music signal sequences.

The third contribution of this thesis deals with detecting speech and music signals in isolated

and overlapped conditions. In real-life scenarios like movie audio sequences, speech and music are

frequently encountered in overlapped situations. Standard spectrograms consist of a combined rep-

resentation of harmonic and percussive striations. In the case of speech-music overlap, it might be

challenging for automatic feature learning systems to extract class-specific patterns from such com-

bined representations. Thus, this thesis proposes the use of the harmonic-percussive source separation

method to generate features. The segregation of striation types is expected to improve the detection

of speech and music signals. In addition, Multi-Task Learning (MTL) frameworks are also explored in

this task that aid in training classification networks by simultaneously learning several related auxiliary

tasks. Experimental results are reported on synthetically generated overlapped speech-music signals

and natural recordings. Experiments show that harmonic and percussive decompositions of spec-

trograms perform better than the standard features. Moreover, classifiers with the MTL framework

further improve the performance.

Movie trailer audio is predominantly composed of speech and music signals. The speech and

music content vary according to movie genres. This thesis hypothesizes that information about speech

and music signals in a movie trailer audio might relate to its genre label. Accordingly, the methods

proposed in this thesis for speech and music detection are employed for movie genre classification. This

is the fourth contribution of this thesis. An Attention-based Convolutional Neural Network classifier is

proposed for the task. A large-size movie trailer dataset is used to benchmark the proposed approach

against two baseline methods. It is observed that the proposed method performs better than the

baselines. Moreover, the current proposal provides decent generalization performance.

This thesis has established the importance of audio modality in movie genre prediction. The

speech-music identification methods proposed in this thesis have performed well on unseen movie

audio signals. The decent success of this thesis is believed to spur further research to exploit other

aspects of the audio modality in predicting movie genres.

Keywords: movie genre classification, speech music classification, spectral peak tracking, phase

information, harmonic percussive source separation, multi-task learning
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1. Introduction

Objective

Movie viewership has increased many folds over the past decades. The rise in internet usage

and the advent of Over-The-Top (OTT) media platforms have further proliferated the per-capita con-

sumption of movies and other audio-visual documents. Manual analysis of such large volumes of

movie content is a highly challenging task. Thus, the development of automatic methods to analyze

the ever-increasing movie content has become more necessary than ever. One of the essential tasks

among various applications is the automatic determination of movie genres. Movie genre information

might be helpful in underage censorship, choice-based query retrieval, and targetted publicity. This

thesis aims to develop systems for the automatic determination of movie genres. More specifically,

the audio modality of short trailers of movies is used to predict their associated genre labels. This

thesis is arguably the first work of its kind where a detailed study of the audio modality is performed

for movie genre classification. The movie audio mainly comprises speech and music signals in both

isolated and overlapping scenarios. This thesis pursues the hypothesis that the presence of speech and

music signals in movies might vary according to their associated genres. Hence, detecting speech and

music in movie audio might help in genre identification. Therefore, a detailed analysis of these audio

signals is performed in this thesis. In this regard, features and classification models for efficient speech

and music signal classification are also proposed. The proposed approaches improve the speech-music

detection performance compared to that of the state-of-art methods from the literature. Subsequently,

the proposed speech and music detection methods are further employed in the movie genre classifica-

tion task. The performances of the proposed methods in movie genre classification are found to be

satisfactory and compare well with state-of-the-art. The obtained results validate the hypothesis of this

thesis.

1.1 Automatic processing of movies: An overview

Movies have become an integral part of public entertainment. Since making the world’s first

motion picture (Roundhay Garden Scene, 1888), there has been tremendous growth in the movie

industry. The number of movie releases per year, production quality, use of Computer Generated

Imagery (CGI), Visual Effects (VFX), viewership, and revenue generated by the movie industry has

consistently risen. The year-wise increase in the domestic revenue of the Hollywood industry from

1977 to 2022 is illustrated in Fig. 1.1(a). The annual revenue growth of the Indian movie industry

2
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Figure 1.1: Illustrating the (a) Hollywood annual revenue growth from 1977-2022 (Courtesy: www.

boxofficemojo.com), (b) Bollywood annual revenue growth from 2010-2022 (Courtesy: statista.in), and
(c) Annual revenue growth of Netflix from 2011-2020 (Courtesy: selectra.in)

(Bollywood) is illustrated in Fig. 1.1(b). Barring the pandemic years of 2020-21, the revenue of both

Hollywood and Bollywood movie industries has been recording an overall growth. Similar trends might

be observed in the other movie industries across the world. Such trends indicate that the consumption

of movies is set to increase further in the future.

A relatively recent development is the rise of Over-the-Top (OTT) media. The OTT platforms

like Amazon Prime, Netflix, and others are enjoying ever-increasing viewership and popularity [3, 4].

Fig. 1.1(c) shows the consistent growth in the worldwide annual revenue of Netflix from 2011 to 2020.

It has been predicted that broadband speeds, the number of internet users, and per-capita mobile

devices will rise significantly in the upcoming years [5]. Such trends would further augment the

proliferation of streaming content consumption. Efficient archival, search, and retrieval of enormous

video databases can no longer be performed manually. Strategies for automatic processing of such

content have become a need of the hour. The upcoming subsection describes the various research

problems being explored in the context of movies and the goal of this thesis.

3
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1. Introduction

1.1.1 Computational research problems in movies

Movies have witnessed significant research attention in the past. Researchers have attempted

to develop efficient solutions for various practical problems related to movies. Some of the broad

categories of such tasks are listed below.

(i) Movie Analytics deals with interpreting the movie content and studying its intrinsic structure

for purposes related to film education, entertainment, or research [6, 7].

(ii) Movie Recommendation helps viewers easily find movies of their preferences from huge

databases [8, 9] (for example MovieLens 1).

(iii) Movie Success Forecasting involves the development of models that predict the amount of

box-office business a new movie may generate. Such predictions can help in making informed

decisions about developing related products and logistics [10,11].

(iv) Movie Abstraction is the task of converting the content of a movie to a condensed form that

eases browsing or searching by viewers. Abstraction may be performed by generating a sequence

of essential video frames (termed summarization) [12] or by creating a short representative video

clip (termed skimming) [13].

(v) Movie Affective Content Analysis deals with generating semantically meaningful movie

metadata by automatically identifying scenes that might stimulate a specific emotional reaction

from viewers [14,15].

(vi) Movie Speaker Identification deals with identifying actors from their highly emotive movie

dialogues [16, 17]. This task is slightly different from traditional speaker recognition due to the

challenging speaking modes in movies.

(vii) Acoustic Event Diarization in movie audio is an integral part of many multimedia analysis

systems. This task involves the identification of non-silent sounds in audio, segmenting different

acoustic events, and labeling them [18].

(viii) Movie genre classification tackles the problem of mapping diverse signal-level information

of movies to human interpretation-based semantic concept like genre [19,20].

1https://movielens.org/

4
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1.2 Movie audio characteristics

Movies are an inseparable part of the cultural consciousness of people. With the development of

modern technology, the creation and delivery of movies to viewers are being enhanced tremendously.

The various contemporary movie-based research problems (listed above) are evidence of the necessity of

improving audiences’ searching and viewing experience. Researchers have explored different modalities

associated with movies, viz., audio, video, posters, and various meta-data like plot summaries for

various tasks. Lu et al. [21] mentioned that the knowledge of one modality might be used to understand

the contents of another. Also, the relationships between modalities may be utilized for effective

retrieval of one modality using a query made in another [21]. In this context, the audio modality of

movies is relatively less studied in the literature. Audio is a crucial component of movies that must

be exploited for various tasks. Hence, this thesis is mainly concerned with the audio modality to fill

the void. The upcoming section describes the importance of the audio component of movies.

1.2 Movie audio characteristics

The audio component of movies is rich in information about the movie content. Audio-based

processing of movies might aid in understanding aspects that the visual modality may not otherwise

reveal. For example, Bougiatiotis et al. [22] mentioned that a movie’s “style” is determined in large

part by its audio content. Movie editors frequently employ specific sounds and music to highlight

emotional situations and dramatic effects [23]. The use of different mood-specific sounds also varies

according to culture. Director’s intent and style can often be elucidated by the music used in the

movie [24]. Stylistic editing and mixing of the movie audio are performed in the post-production stage

of a movie. Such sound editing approaches are often motivated by the need to evoke specific emotions

in the audience [25]. Speech content in movies frequently differs from everyday conversational speech.

It contains normal, whispered, and shouted speech along with singing and electronically modified

speech [25]. Irie et al. [15] noted that some features in movie audio have a strong relation to affective

scenes. The affective information is carried by the music component [26] and connotative aspects like

shooting and editing conventions [27]. Thus, the audio component deserves to be better analyzed

to comprehend its effect on the different aspects of movies. The upcoming subsections discuss the

structural components of the movie audio.

5
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1. Introduction

1.2.1 Composition of movie audio

The movies were just motion pictures without any sound in the initial days. The first feature-

length movie ever made in the world was The Story of the Kelly Gang (1906). It was released in the

Athenaeum Theatre in Melbourne. It did not have any audio components. Voices and sound effects

were played live during the film’s screening. The first non-silent movie ever made was The Jazz Singer

which premiered on 6th October 1927 in the United States of America. Even though it had only a few

sound sequences, movies of this type eventually came to be known as Talking Pictures or Talkies. This

movie effectively marked the end of silent-era films. The talkies became extremely popular worldwide

by the early 1930s. The inclusion of sound in movies dramatically increased the cost and complexity

involved in movie making. Initially, many moviemakers were worried about the aesthetic quality of

movies being degraded because of the inclusion of dialogues. Some countries like Japan were slow in

adopting the new form of sound-embedded movies. In comparison, other countries like the United

States of America and India lapped up the opportunity from the very beginning. Since then, there

has been a tremendous overhaul in the movie-making process.

Audio has now become an integral part of movies. The development of surround sound technology

established the indispensability of audio. This technology allows moviemakers to present sound in a

three-dimensional model to generate effects that enhance the audience’s viewing experience by letting

them relive a particular movie scene. Such is the power of the audio component. The movie audio

is now an extremely complex signal composed of varied sound sources. Bougiatiotis et al. [22] noted

that the movie soundscape consists of music, speech, sound effects, and environmental acoustic events

that combine to form a vividly rich signal. Understanding the type and quality of sounds present in

movie audio can help in automatically processing the movie content. Therefore, the speech and music

signals need to be analyzed in the context of movie audio.

Speech is one of the major components of movie audio. As spoken dialogues of actors or narrators,

speech is used to carry forward the movie storyline. Movie audio has a diversity of speakers and

speaker demographics [29]. Moreover, the speech of the same actor varies across different scenes in

the same movie to enact the portrayal of diverse plots. Actors use various vocal modes other than

normal conversational speech, like whispering and shouting. The scene’s genre influences the prosodic

quality of speech like pitch, speaking rate, loudness, and others. For example, the speech in a horror

scene might be laced with fear and disgust. In comparison, the speech in a comedy scene might be

6
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Figure 1.2: Illustrating the genre-wise distribution of (a) Speech, and (b) Music signals across the trailers of
Moviescope dataset [28] predicted using the speech vs. music classifier developed in [1].

full of joy and excitement. Detection of speech regions or Voice Activity Detection (VAD) in movies

is an ongoing research problem. The VAD is essential for various applications like subtitle generation

and audio diarization, to name a few. The presence of a significant amount of non-speech segments

and speech with background sounds make the VAD task quite challenging [30]. Fig. 1.2(a) shows

the genre-wise distribution of predicted speech in the Moviescope dataset consisting of trailers of

approximately 5000 movies. The speech predictions are generated using a recently proposed speech

vs. music classification system [1]. Fig. 1.2(a) indicates that biography, comedy, crime, drama, family,

and romance genres correspond to significantly more speech segments compared to other genres. Thus,

it can be inferred that the distribution of speech across genres varies. Such information may be utilized

while predicting movie genres.

Music is arguably the most significant component of movie audio. Different emotional responses

can be elicited in viewers by the presence of music in movie audio [31]. Music may be present as

isolated instrumental pieces or can be accompanied by vocals. Some segments in movies may consist

of loud music as the sole audio component. Other segments may contain background musical scores

with dialogues to highlight the mood of specific scenes. Music genre classification [32] and singing

voice separation [33] are some of the contemporary research problems related to music information

retrieval. The music used in movies is heavily influenced by the prominent artistic traditions of the

moviemakers. For example, Indian movies contain vocal music as part of the movie narrative. The

music compositions used in the different regional movies in India are influenced by their respective

cultures. Music also plays a part in highlighting the genre of a movie. For example, action and

horror genres correspond to fast-paced music, while romance and drama genres are associated with

slower sentimental musical tracks [24]. Fig. 1.2(b) shows the distribution of predicted music segments

7
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1. Introduction

across different genres of the Moviescope dataset. As mentioned earlier, the music predictions are

generated using the classifier developed in [1]. As can be observed in Fig. 1.2(b), the biography,

comedy, crime, family, and romance genres consist of the least amounts of music among other genres.

Such a distribution might be because of the prevalence of dialogues in these genres. Nevertheless, all

genres contain significant amounts of music (Fig. 1.2(b)). Thus, the detection of music signals might

be useful in determining the genres of movies.

Apart from speech and music, movie audio consists of various environmental sounds, sound effects,

and noises. These sounds give a feel of the acoustic environment of a particular movie scene. For

example, a courtroom scene would consist of the ambient sounds generally found in a courthouse, like

sounds of the judge’s gravel, the rustling of papers, and the scuttling of chairs. Similarly, a scene

in a public park might consist of sounds like birds chirping, the rustling of dried leaves, and noises

made by people. Such soundscapes are created to provide the audiences with a feel of the happenings

in the movie. Sound effects are not necessarily a part of the movie narrative, but they play a vital

role in dramatizing specific scenes. Background noise is often present in movie audio that can drown

out various sound events like dog bark or gunshots [34]. Thus, detecting such sounds in movie audio

is a challenging job. Hoiem et al. [35] noted that sound events like a dog bark, gunshots, car horn,

doorbell, and others are scarcely distributed in movie audio. Therefore, such sounds in isolation might

not be very informative about the movie genre. However, they may help in predicting movie genres

in combination with the music and speech components.

1.3 Motivation for movie genre classification

Movies have been a popular research topic for the community. Various prominent directions of

exploration that fellow researchers are currently pursuing are listed in section 1.1.1. This thesis

aims to develop methods for efficient genre classification of movies that can aid in building better

searching, retrieval, and archival applications. The IMDb website 2 defines genre as “a category

of artistic composition characterized by similarities in form, style, or subject matter for a piece of

content”. Genre is one of the favored metadata used by audiences for choosing movies for viewing.

Genre information of movies also helps develop efficient recommender systems [9]. This information

may help viewers choose movies of non-native languages for which reviews are unavailable. Currently,

genres are assigned by either the creative departments of movie production houses or film critics, media

2www.imdb.com
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and audiences. However, such approaches of manually associating movies with relevant genre labels

is a challenging data annotation task. It requires the involvement of many people for the reliability of

annotation. Also, it is affected by the personal subjectivity of annotators. With the increase in the

number of movies produced, manual assignment of genre labels may not be feasible anymore. Thus,

the availability of efficient automatic genre classification systems for movies might benefit viewers

searching for content of interest and the movie makers or distributors targetting specific audiences for

publicity. Hence, this thesis is focused on developing methods that can effectively map the signal-level

information of movies to their respective genres. Recently, automatic genre classification of movies

from their short (approximately 1 to 3 minutes) trailers has attracted many researchers. Movie

trailers are designed in a particular manner so that different emotional responses may be evoked in

the viewers [36]. Trailers usually contain rich and varied content that represents the theme of the

actual movie. Therefore, this thesis proposes systems for efficient genre classification of movies from

their short trailers.

The importance of the audio modality of movies is described in section 1.2. Audio plays a critical

part in conveying the story presented in a movie. Audio also appears to contain a significant amount

of genre-specific information. Moreover, the affective characteristic is said to be better characterized

by audio than video [37]. Such observations indicate that the audio modality needs to be studied in

more detail for better movie content analysis. In addition, the real-time performance of applications

like movie recommender systems that depend on genre information is a significant requirement [8].

Bougiatiotis et al. [22] noted that the visual domain-based applications are computationally more

demanding than audio. Therefore, the audio-based processing of movies might be beneficial from the

content analysis aspect and the real-time performance point of view.

This thesis aims to develop various signal processing algorithms to process the movie trailer audio

and assign probable genres. As discussed previously, speech and music are significant components

of movie audio. Thus, it is imperative to identify these signals efficiently. The information about

speech and music signals detected in movie trailer audio may be utilized to determine the movie’s

genre. Therefore, the first goal of this thesis is to develop effective Speech vs. Music Classification

(SMC) systems for movie audio. The acoustic characteristics of speech and music are distinctly

different. Many researchers have attempted this task previously in the literature with exceptional

success (described in chapter 2). Nevertheless, we have identified some approaches to target this

9
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problem that was not explored previously. This thesis aims to propose novel features for the SMC task

that have not been previously explored in the literature (discussed in chapter 3 and 4). Furthermore,

speech and music are frequently found as overlapping mixtures in movies. The performance of standard

SMC methods can be expected to degrade in the presence of speech+music signals. Thus, this thesis

also proposes better features and classifier designs for the efficient detection of speech+music signals.

Subsequently, the various speech-music detection systems developed in this thesis are applied to the

task of genre prediction of movie trailers. This thesis hypothesizes that the use of speech and music

information may be beneficial for the task of movie genre classification. The organization of this thesis

is described next.

1.4 Thesis organization

The organization of this thesis is described below.

• Chapter 2 describes the existing literature on movie genre classification. The present thesis

proposes to employ speech and music information in predicting movie genres. Thus, the available

work on SMC and speech+music detection are also reviewed in chapter 2.

• Chapter 3 describes the Movie-MUSNOMIX dataset contributed through this thesis. The Movie-

MUSNOMIX dataset consists of audio signals from four Indian movies annotated with seven

audio categories, including speech and music. The chapter also proposes novel spectral peak

tracking-based magnitude spectrum features for the SMC task. The speech spectrograms contain

curvy striations, whereas music has linear striations. Motivated by such an observation, a

novel spectral peak tracking algorithm is developed to capture such patterns from spectrograms.

Subsequently, two novel features are designed that are observed to perform very well in the SMC

task.

• Chapter 4 proposes to use the relatively less investigated phase information for the SMC task.

Three existing phase-based features are explored in this context. These features were originally

proposed for other speech-related tasks. The phase-based features carry information that is

complementary to the magnitude-based ones. Hence, combining these two types of features

improves SMC performance.

• Chapter 5 investigates the task of detecting speech+music signals. The previously unexplored
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Harmonic-Percussive Source Separation (HPSS) based features are employed for the task. Addi-

tionally, the successful Multi-Task Learning (MTL) framework has been employed in designing

better classifiers for the task. The HPSS-based features and the MTL-based classifiers are found

to improve the classification performance when compared with state-of-the-art methods from

the literature.

• Chapter 6 performs the Movie Trailer Genre Classification (MTGC) task using the methods

developed in the previous chapters. A novel Attention-based Convolutional Neural Network

(ACNN) classifier is designed for the MTGC task. The features developed in each earlier chapter

are individually applied to the MTGC task with the ACNN classifier. Finally, all the systems

obtained from each chapter are combined to obtain the best MTGC system. The results obtained

validate the hypothesis that speech and music signals carry genre-specific information about the

movies. Therefore, efficient genre prediction of movies can be achieved by using the information

about speech and music in the movie audio.

• Chapter 7 summarises the thesis and discusses the possible directions of future extensions of the

work presented in this thesis.
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Objective

One of the crucial tasks of automatic movie processing is genre classification. Genre is a human

interpretation-level semantic used to group movies according to their similarity in style, content, and

presentation. Previous works have primarily focussed on the visual modality of the movies to predict the

genre. Audio has been predominantly used as supplementary information to aid the visual feature based

approaches. There is limited analysis of the movie audio modality for genre classification in the existing

literature. This thesis attempts to develop an efficient audio-based movie genre classification system.

In this regard, this chapter reviews the available literature on movie genre classification approaches.

Furthermore, the movie audio contains speech and music signals as the most significant components.

Any audio-based genre classification method is expected to identify movie audio components efficiently.

Therefore, a detailed study of the methods for detecting speech and music in isolation and overlapping

scenarios is necessary. This chapter also provides a study of the available speech and music detection

approaches. Finally, the lacuna in the available literature is highlighted to motivate the present thesis.

2.1 Movie analysis: A review

Movie-makers generally release short trailers before the actual premiere of the entire movie. These

trailers have rich and varied content that represents the actual movie. The task of publicizing a

movie before its official release is served by the trailers. The trailers provide glimpses of the movie

by alluding to the significant events while keeping the plot in suspense. Yadav et al. [36] noted that

the design of the movie trailers is such that they elicit a range of emotional responses in the viewers.

Trailers are intentionally created to spike the viewers’ interest in watching an upcoming movie aligned

to their genre of liking. Most existing works do not use full-length movies for their genre classification.

Instead, their trailer videos are predominantly used for the task. The use of movie trailers in this

task may be reasoned as follows. First, the movie-makers create trailers as a concise abstraction

of the entire movie. Thus, they must consist of the most relevant information regarding the movie’s

genres. Second, the computational requirement of processing a short trailer video is significantly lower

than the requirement of processing a whole movie. Accordingly, this thesis also uses movie trailers for

performing genre prediction. This chapter reviews the relevant literature on movie genre classification.
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2.1.1 Affective understanding in movies

Affective understanding in movies is an important related area of research that aims to predict the

emotional response evoked in viewers upon watching a movie. Genres can be viewed as the emotional

response expected from a movie. On the other hand, affective labels determine the actual emotion

felt by the viewers. Even though both the labeling schemes have similarities, they may differ in their

applications. Nevertheless, a review of works attempting to predict the affective labels of movies might

be helpful.

Wang et al. [37] described that a semantic gap exists between low-level features and high-level

human perceptions like affective characteristics. Mid-level features may be explored to bridge this

gap [37]. Such mid-level features can be manually defined [27] or automatically learned from data [15].

Wang et al. [37] noted that a combination of manual and automatically learned mid-level representa-

tions would be a promising approach for affective classification.

Wang et al. [38] attempted to bridge the semantic gap between low-level features and high-level

emotions by proposing the use of psychology and cinematographic information for the affective un-

derstanding of movies. The authors employed audio-visual features in the task. First, the audio was

segmented into scenes and detected the audio type of 2s clips within scenes. The authors considered

four audio types, viz., music, speech, environmental sounds, and silence. Energy thresholding-

based silence detection was employed. Music, speech, and environmental sounds were detected with

an SVM classifier. Subsequently, the ratio of the relative duration of each audio type to the scene

length was computed and termed as Audio Type Proportion. Various features computed from the

detected audio types were then used to determine their affective content. A Scene Affect Vector was

computed that quantified the proportion of various affect categories in a scene. The authors considered

six affect categories, viz., anger, sadness, fear, joy, surprise, and neutral. Similar processing

was performed for the visual data. It was observed that audio cues were more informative than visual

cues for determining affective content.

Soleymani et al. [39] ranked movie scenes based on the natural physiological response of the par-

ticipating viewers. Irie et al. [15] performed affective scene classification by determining the expected

emotional response of viewers to given movie scenes. An Affective Audio-Visual Words (AAVW)

was proposed as a feature. The classification was performed by using a Latent Topic Driven Model

(LTDM), previously proposed in [40] for affective scene classification. Authors described emotion as
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a Markovian dynamic system that triggers as the movie content progresses. The proposed LTDM

had two sub-models, viz., a topic model and an emotion model. The emotion model estimated the

sequence of emotions from the representative AAVW components extracted by the topic model us-

ing latent Dirichlet allocation. The audio features used in computing AAVW were pitch, short-term

energy, and Mel-Frequency Cepstral Coefficients (MFCC).

Benini et al. [41] tried to map the low-level audio-visual properties of movies to the high-level

emotional responses evoked in the viewers. The connotative properties of movies were proposed to

perform affective movie recommendations. Connotative properties refer to the shooting and editing

conventions followed during movie development. Their proposed connotative space is defined by

natural, temporal, and energetic dimensions.

Canini et al. [27] used Connotative information as mid-level features to predict the emotional

response of users to movies. The authors employed audio-visual information in the task. Authors de-

fined connotative properties as “the set of shooting and editing conventions that help transmit meaning

to the audience”. The connotative space is described in three dimensions, viz., energetic/minimal,

cold/warm, and slow/dynamic. Authors argue that connotative properties were more agreed upon

than emotional responses by people. The MFCC was used along with other standard audio features,

visual features, and grammar information.

Xu et al. [42] proposed a hierarchical method to determine movie emotion by first detecting emotion

intensity or arousal (a continuous scale from low to high). The C-Means clustering was performed over

arousal-based features, followed by detection of emotion type using valence-based features. Valence

is defined on a continuous scale from negative to positive emotions. The authors used Audio-visual

features. Short-term energy and MFCC were used as audio-based arousal features. Pitch was used

as the audio-based valence feature. The temporal characteristics of movie emotions were captured

using a Conditional Random Field-based system. Four movie genres were considered, viz., action,

horror, drama, and comedy.

Both categorical classifiers and continuous regression-based models have been explored in literature

for video affective content analysis [37]. The features learned in Deep-Learning (DL) framework were

found to be more successful than the ones engineered based on cinematography domain knowledge.

However, years of understanding cinematography and physiological knowledge were helpful with data-

driven approaches. Tarvainen et al. [43] performed acoustic scene classification of movies into categories
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like interior/exterior, daytime/nighttime, and others. The authors observed that detecting the

amount of speech and music in movie audio was very useful for scene detection. Hence, music emotion

was used as an additional feature with image features for the task.

2.1.2 Violent scene detection

Among the initial works related to movie genre classification, Violent Scene Detection (VSD)

has been a critical application that researchers have explored. Violence is defined as the intentional

infliction of physical harm or threatening thereof from people against people [44]. Detection and

censorship of violent scenes are necessary to protect sensitive social groups like children [45]. This

subsection reviews VSD approaches available in the literature.

Giannakopoulos et al. [45] performed VSD using the audio modality. The audio stream of movies

was classified into six sound types. The identified sounds were further grouped into either violent

or non-violent categories. Music, speech, and non-violent environmental sounds were considered

non-violent sounds. Whereas shots, fights, and screams were categorized as violent sounds. The

authors used 12 standard audio features apart from MFCC for the task. The classification was

performed using Bayesian Networks.

Giannakopoulos et al. [46] performed VSD by fusing audio and visual features. Seven types of audio

signals were identified and categorized into violent and non-violent groups. Music, speech, low-

energy environmental sounds (like silence, background noise, and others), and abrupt sound impulses

(like a door closing, thunder, and others) were considered non-violent audio types. Whereas shots,

fights, and screams were considered violent audio types. The authors used a combination of k-

Nearest Neighbor (kNN) and Bayesian Networks to generate a 7-class probability for each audio frame

using 12 standard audio features. Similarly, authors generated 2-diemensional probabilities for low

and high activity from 1s mid-term visual segments. An early fusion of audio-based and video-based

probability vectors was performed with a kNN classifier to determine violent scenes.

Souza et al. [47] performed VSD using local spatio-temporal features with a bag of visual words

and a linear-kernel SVM classifier. Whereas Chen et al. [48] performed VSD in a two-step process.

The action scene was detected first. Subsequently, the face, blood, and motion information were

incorporated to categorize it as a horror scene. The SVM was used for classification. Acar et al. [49]

showed that mid-level audio features in the form of Bag of Audio Words computed from MFCC

features perform better than low-level audio and visual features in VSD.
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A recurring task in the popular MediaEVAL Benchmarking campaigns from 2011-2015 [50–54] was

VSD. The main purpose of the VSD task was to propose a common public evaluation framework for

violence detection. The task entails automatic detection of violent scenes and the emotional impact

of short video clips using multimedia features. Constantin et al. [55] provided a detailed review of the

previous editions of the VSD task in MediaEVAL campaigns. The authors curated all datasets released

for the MediaEVAL campaigns into a combined V SD96 corpus [55] of 96 hours. The submissions to

MediaEVAL have explored different approaches to detect violent scenes. Dai et al. [56] explored multi-

modal features in the task. Derbas et al. [57] utilized traditional visual and audio features. Features

based on audio and different concepts (like blood, explosions, gun-shots, screams, etc.) were used by

Penet et al. [58], while Schlüter et al. [59] employed visual, audio, and conceptual features. Embeddings

generated from deep networks were also explored [60]. A combination of audio-visual features and

audio-conceptual features was the best feature fusion. Such results emphasized the importance of

audio modality in the task. It was also observed that early and late fusion of features were the

best performers. The MFCC remained the most popular among different standard temporal and

spectral audio features explored by the participating systems. A variety of classification systems were

employed by the participants, like SVM [61], Bayesian Networks [58], shallow Neural Networks [59],

Deep Neural Networks [56], Discriminant Analysis [62], kNN [63], unsupervised methods [64] and

hybrid methods [57]. The SVM was found to be the best performing classifier in the VSD task. The

movie genre classification literature is reviewed next.

2.1.3 Movie genre classification

One of the initial works in movie genre classification was done by Rasheed et al. [65]. The authors

classified movie trailers into multiple hierarchical genres using audio-visual features. Peakiness in the

audio energy plot was used as one of the features. At the first level, action and non-action movies

were classifier. Then, action movies were classified into gunfire/explosions and others at the second

level. Non-action movies were classified into comedy, horror, and others. In another work of the

authors, Rasheed et al. [66] performed movie trailer classification into comedy, action, drama, or

horror genres using only low-level visual features and Mean-shift clustering. Whereas Jain et al. [67]

used early-fusion of audio-visual features with a feed-forward neural network to classify movies into

five genres, viz., action, horror, comedy, music, and drama. The pitch, spectrum-based, energy,

and MFCC were used as audio features.
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Austin et al. [24] proposed the use of musical scores to categorize movies into romance, drama,

horror, and action genres. The authors used MFCC, Linear Prediction Coefficients (LPC), Zero-

Crossing Rate (ZCR), and other standard spectral features to represent timbral information. Also,

tempo, beat, and other rhythm features were used in the task. The combined feature vector used in the

task had 222 dimensions. SVM classifiers were used to perform pair-wise and four-class classification

of genres.

Zhou et al. [68] performed movie trailer genre classification with high-level scene detection on

keyframes extracted from the trailers. A video shot is defined as a set of consecutive frames having

similar image feature distribution. The video shots were categorized using the scene detection features

in an unsupervised manner. The category information of all shots in a trailer was used as a bag of

visual words feature. Authors mapped the trailers into one of four genres, viz., action, comedy,

drama, or horror.

Wang et al. [23] performed horror scene detection using Multiple Instance Learning (MIL).

Visual, aural, and high-level image features representing emotions for each scene were utilized. The

authors considered a video scene to consist of consecutive video shots. Each video scene was considered

as a bag. The features extracted from each component shot were used to represent the video scene

as a Bag of Shots. The frame-wise MFCC, power, spectral centroid, and ZCR were used as the audio

features. In a previous work of the authors [69], they proposed the use of image-based emotional

features along with visual and aural features for horror scene detection using an SVM classifier.

Huang et al. [70] performed movie genre classification using an ensemble of one vs. one Support

Vector Machine classifiers with Radial Basis Function kernels for each genre-pair. The authors used a

277-dimensional feature created as a combination of audio and visual features. Spectrum, compactness,

root-mean-squared energy, ZCR, LPC, MFCC, and rhythm were used as the audio-based features.

Feature selection for each genre pair was performed using Self-Adaptive Harmony Search [71]. The

task considered action, animation, comedy, documentary, drama, musical, and thriller as

target movie genres.

Simões et al. [72] performed genre classification using MFCC computed from the audio and other

visual features with a Convolution Neural Network (CNN) classifier. The authors reported that the

inclusion of audio features improved the performance of all genres, especially the comedy genre.

Tadimari et al. [73] predicted the initial success of movies using a multi-modal approach. The
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authors computed audio features like ZCR, energy, F0, harmonic noise ratio, and MFCC. Genre

classification was performed using a linear-kernel SVM classifier with audio-visual features. The genre

prediction information and other meta-data were used for the prediction of movie success at the box

office.

Wehrmann et al. [74] proposed an ensemble of 5 classifiers called CoNNeCT to perform movie

genre classification. One of the classifiers in the ensemble was a Multi-Layer Perceptron trained on

MFCCs computed from the audio. In later works, Wehrmann et al. [20, 75] performed multi-label

genre classification using a deep residual CNN classifier that employs convolutions through time. The

authors observed that the detection of horror genre was significantly improved with the addition of

audio information.

Ben et al. [76] computed mid-level deep audio-visual features for genre classification. The authors

used the ResNet-152 network [77] for extracting visual features and the SoundNet [78] for audio

embeddings. The extracted features were trained with a probabilistic linear-kernel SVM classifier to

generate a probability distribution over five genres. The genre probability distribution was used as a

feature for movie interestingness prediction.

Álvarez et al. [79] performed aesthetic style clustering and genre classification of movies. The

authors used low-level visual features and an SVM classifier for the tasks. It was observed that the

inclusion of audio features improves genre classification performance.

Cascante et al. [28] performed genre classification of movie trailers using multiple modalities. Text,

video, audio, posters, and meta-data were utilized in the task. For the audio modality, log-scaled Mel

power spectrograms computed from 30s audio chunks were stacked and passed to a Convolutional

Recurrent Neural Network for classification. The various modalities were combined using score fusion

to obtain the final prediction. The authors observed that the addition of audio modality significantly

improved the performance.

Chu et al. [80] proposed a multi-label genre classification system using movie posters. The au-

thors used joint learning of visual appearance and object detection information for the task. A CNN

sub-network inspired by AlexNet [81] and the YOLO object detector model version 2 [82] were com-

bined. The YOLO model performed better at detecting animals, thereby improving the accuracy of

animation genre prediction. Wi et al. [19] computed style features from movie posters for genre classi-

fication. A Gram layer was proposed in a CNN that uses a Gram matrix to extract style features from
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movie posters. The use of the Gram layer in standard CNN-based models like ResNet [77] was shown

to improve performance. Shambharkar et al. [83] performed genre classification using 3-dimensional

CNN over stacks of video frames.

Mangolin et al. [84] combined information from audio, video frames, posters, subtitles, and movie

synopsis in a late fusion framework for multi-label genre classification of the movie trailers. The

authors used Binary Relevance and Multi-Label kNN (ML-kNN) classifiers.

Yadav et al. [36] attempted to classify the genres of movie trailers from Indian cinema. The

authors extracted facial frames from the movie trailers and classified them into various emotions. The

emotional mapping of the facial frames was used as a feature for genre classification. The authors

proposed an Inception-LSTM-based classification system.

Fish et al. [85] stated that hard genre labeling of movies may not be reliable since genre definitions

keep evolving with cultural progress [86]. Moreover, genre labels tend to be inconsistent across the

movie durations [87]. Hence, the authors performed the genre classification task with a weak-labeling

approach. The authors proposed a multi-label context-gated genre classification method. Fine-grained

semantic clusters between movie trailer sub-sequences were learned in a self-supervised manner not

restricted by the limitations of genre categories. Their multi-modal approach included scene under-

standing, image content analysis, motion style detection, and audio. The multi-modal information

was combined using a collaborative gating method [88, 89]. Authors learned self-supervised semantic

clusters by maximizing the cosine similarity between sub-sequences of the same movie while increasing

the distance among dissimilar pairs. Audio embeddings used in their method were obtained from a

network designed according to the Visual Geometry Group (VGG) style network. The said network

was trained for audio classification [90]. The obtained audio embeddings were temporally aggregated

using another network with a Vector of Locally Aggregated Descriptors (VLAD) layer. This network

was termed NetVLAD [91]. The authors observed that the audio modality showed better performance

in detecting comedy and sports genres.

Sharma et al. [92] used only the audio modality and followed a bag of audio words based approaches

to classify movie trailers into six genres, viz. action, romance, horror, science-fiction, and

comedy. The authors computed a set of 68 standard temporal and spectral audio features for 5s

audio chunks and used the K-means algorithm to learn representative clusters. Distances from the

learned clusters and the raw features were utilized to perform the final classification. The authors
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observed that the action genre was best detected with their proposed method.

Vishwakarma et al. [93] performed genre classification of movie trailers by extracting high-level

cognitive and affective information obtained from multiple modalities of visual images, dialogues,

and movie meta-data. The authors claimed that the dialogues could be used to extract cognitive

information about the descriptions of the corresponding scenes.

2.2 Need for audio-based genre classification

The auditory stream is a rich medium for provoking various emotions [38]. Some specific sounds

and music are frequently used by movie editors to elicit certain emotional responses and to promote

dramatic effects [23]. Audio features were found to improve the performance of horror-scene detec-

tion [23]. The audio features are very strongly related to affective scenes [15]. The VSD performance

improved with audio information [46]. The director’s intent and style are represented by the movie

music [24]. The musical scores of high intensity movies (action and horror genre) are appreciably

different from more steady emotive movies (drama and romance). It was shown that a correlation

exists between the rankings of viewers’ emotional experiences (provided by self-assessments) and those

obtained by automatic methods from the audio-visual features [39]. The audio information also helps

in movie genre classification task also [28,72,74–76,79,85].

The affective content is better characterized by audio than video [38]. Various works have observed

that the MFCC feature can be useful in the genre classification of videos [94,95]. The prosodic features

like speech energy, pitch, fundamental frequency, and spectral features like MFCC are most popular

in video affect detection [37]. Zhang et al. [26] explored rhythm-based music features to study the

affective content of music videos. Certain specific patterns of environmental sounds are used to induce

specific emotions. Moncrieff et al. [96] used this information to distinguish between horror and

non-horror movies.

Previous literature discussed in section 2.1.3 indicates that most works in movie genre classification

have focussed on the visual modality. Audio modality has been mostly used as an additional channel

of information. Arguably, the work of Sharma et al. [92] might be one of the few genre classification

methods developed solely using the audio modality. Nevertheless, most researchers have made a

common observation that the addition of audio improves classification performance. More specifically,

audio helps in improving the detection of comedy [72,85], sports [85] and horror [20] genres. Thus,
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the audio modality needs to be studied in more detail. The upcoming section reviews the literature

on speech and music detection.

2.3 Detection of speech and music

Speech, music, and sound effects are the common audio types in almost all movie scenes [97].

Audio type segmentation (or audio source separation) is the first step in audio feature computation.

Subsequently, separate features can be computed for speech, music and environmental sounds [37].

Wang et at. [38] separated music from environmental sounds using chroma and energy features

with a SVM classifier. Speech emotion recognition is the popular form of feature computation from

the speech segments [37]. More efficient speech, music, and environmental sound classification

techniques have not been employed for movie genre classification. More accurate audio-type probability

sequences will help in better feature learning and classifier training for movie genre classification.

Speech and music are the most significant components of movie audio. This thesis attempts to develop

state-of-the-art Speech vs. Music Classification (SMC) algorithms to work as preprocessing steps in

the final genre classification system. The upcoming subsection reviews the literature on isolated speech

and music detection.

2.3.1 Isolated speech and music classification

One of the first works in SMC was done by Saunders [98] for automatic real-time FM radio

monitoring. Short-time energy and statistical parameters of the ZCR were used as features, and the

categorization was performed using Gaussian Mixture Model (GMM) classifier.

Scheirer et al. [99] performed SMC as a preprocessing step for automatic speech recognition. The

authors computed variance over 1 s segments for features like 4 Hz modulation energy, percentage

of low energy frames, spectral roll-off, spectral centroid, spectral flux, ZCR, cepstrum features, and

rhythm features. GMM, kNN, K-Dimensional trees, and Multidimensional Gaussian Maximum A-

Posteriori (MAP) estimator were employed as classifiers. William et al. [100] performed segmentation

of speech vs. non-speech for an automatic speech recognition task. As features, mean entropy per

frame, average probability dynamism, background-label energy ratio, and phone distribution match

were used. The features were derived using posterior probabilities of phones obtained from the hybrid

connectionist Hidden Markov Model (HMM) framework. The classification was performed using the

Gaussian likelihood ratio test.
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Zhang et al. [101] performed audio segmentation and retrieval for use in video scene classification,

indexing of raw audio-visual recordings, and database browsing. The authors used features based

on short-time energy, average ZCR, and short-time fundamental frequency. The classification was

performed in two stages. A rule-based heuristic procedure for identifying speech, music, environ-

mental sounds, and silence was performed in the first coarse classification stage. In the second

stage, an HMM classifier was used to classify the environmental sounds into finer classes.

El-Maleh et al. [102] targetted automatic coding and content-based audio or video retrieval appli-

cations with their SMC method. The authors used Line Spectral Frequencies (LSF), differential LSF,

and measures based on the ZCR of the high-pass filtered signal as features. The kNN and Quadratic

Gaussian classifiers were used for the classification task.

Moreno et al. [103] performed audio classification into speech, music, and others. The target

application of this work was automatic summarization of audio content. The authors computed the

Fisher score over 26-dimentional MFCC and ∆ MFCC feature vectors per frame. The score vectors

were used with an SVM classifier for discrimination. Zhang et al. [104] performed automatic seg-

mentation and classification of the audio signal into speech, music, song, environmental sound,

speech with background music, environmental sound with background music, and si-

lence. This work used energy, ZCR, F0, and spectral peak tracks as features. The classification was

performed by using predefined rules. The authors detected harmonic and stable segments and then

classified them into specific categories.

Lu et al. [105] aimed for audio content analysis in video parsing applications. The high ZCR ratio,

low short-time energy ratio, Linear Spectral Pairs (LSP), band periodicity, and noise-frame ratio were

used as features. This work employed a three-step classification approach. In the first step, kNN and

Vector Quantization (VQ) of LSP were used for speech vs. non-speech discrimination. The second

step used heuristic rules to classify non-speech into music, background noise, and silence. In

the third step, speech regions were used for speaker segmentation. Bugatti et al. [106] performed

SMC for generating a list of contents for a multimedia document. The authors used ZCR-based

features, spectral flux, short-time energy, cepstrum coefficients, spectral centroids, the ratio of the

high-frequency power spectrum, and a measure based on syllabic frequency in the task. Multivariate

Gaussian classifier and a Multi-Layer Perceptron (MLP) were used as classifiers.

Pinquier et al. [107] performed SMC for describing and indexing an audio document. The 4 Hz
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modulation energy, entropy modulation, number of segments, and segment duration were used as

features. The authors used Naive-Bayes and Gaussian Inverse law based classifiers. Classifiers were

trained on each feature separately. The final decision was made with the agreement of classifiers of

4 Hz modulation energy and entropy modulation. Any conflict was resolved using the classifier trained

on the segment information. In another work, Pinquirer et al. [108] tried to combine speech-oriented

and music-oriented classification frameworks. The speech was represented using 8 MFCC coefficients,

energy and their derivatives, 4 Hz modulation energy, and entropy modulation. Music was represented

using 28-Mel filter outputs, energy, number of segments, and segment duration. The authors used

128-component VQ initialized GMM classifiers for the task. Two separate classifiers were trained, one

for speech vs. non-speech and the other for music vs. non-music.

Ajmera et al. [109] performed speech-music segmentation for automatic transcription of broadcast

news. The authors first trained an MLP with the first 13 cepstra of a 12th-order Perceptual Linear

Prediction (PLP) filter to emit posterior probabilities of phones. Subsequently, a two-state HMM with

minimum duration constraints was used to perform the segmentation. Averaged entropy measure and

dynamism estimated at the trained MLP output were used as input features for the HMM.

Burred et al. [110] first performed audio classification into speech, music, and background

noise. Subsequently, music was classified into different genres. The ZCR, spectral centroid, spectral

roll-off, spectral flux, spectral centroid, spectral flatness, first 5 MFCCs, harmonic ratio, beat strength,

rhythmic regularity, RMS energy, time envelope, low energy rate, loudness, and a few others were used

as features. The authors used kNN and a 3-component GMM based classifier. Alexandre-Cortizo et

al. [111] proposed an SMC system that can work as a preprocessor to music genre classification systems.

Time-frequency representation was computed using the Modified Discrete Cosine Transform and the

Discrete Fourier Transform (DFT) with 512 sample frames. The authors used spectral centroid,

spectral roll-off, ZCR, high ZCR ratio, short-time energy, low short-time energy ratio, MFCCs, voice-

to-white ratio, and activity level from the computed spectrums. The mean and standard deviation

of all the measures were computed over 43 frames as a feature for classification. The Fisher Linear

Discriminant was shown to perform better than the kNN classifier.

Panagiotakis et al. [112] performed segmentation of an audio signal and SMC. Their work was

motivated by the requirement of indexing and retrieval applications for audio-visual data. The authors

performed segmentation using the RMS amplitude for 1 s segments with 50 sub-intervals of 20 ms.
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The frames detected as change points were further checked for boundary point localization within a

tolerance of 20ms. The authors used Matsushita distance as a dissimilarity measure. The SMC task

was performed using a rule-based classification scheme using normalized RMS variance, probability

of null Zero-Crossings (ZC), joint RMS-ZC measure, silent intervals frequency, and maximal mean

frequency features.

Keum et al. [113, 114] performed SMC for speaker indexing. The spectrogram of each audio was

non-linearly binarized using a predetermined threshold. The values greater than the threshold were

set to one and otherwise to zero. Subsequently, the histograms of each frequency bin over 92ms blocks

were computed and used as feature representation. The authors used a rule-based classification scheme

in [113] and an MLP in [114].

Mesgarani et al. [115] were inspired by the auditory cortical processing model. The authors devel-

oped an SMC system for content-based audio classification in noisy and reverberant scenarios. Three-

dimensional tensor-like features were extracted using Gabor-like spectro-temporal response fields. The

authors reduced the data dimensions using higher-order Singular Value Decomposition and Principal

Component Analysis. A Radial Basis Function (RBF) kernel SVM classifier was employed for the

classification.

Mun̄oz-Exposito et al. [116] performed SMC for low bit-rate audio coding. The authors used a

warped LPC-based spectral centroid feature in the task. Also, the spectral centroid, spectral roll-off,

spectral flux, ZCR, and MFCC were employed as additional features. A fuzzy expert system based

classification system was used and showed that it performed better than GMM classifier. Similar work

was done by Garcia et al. [117]. Barbedo et al. [118] developed an SMC system for automatic segmen-

tation in real-time applications. The authors used features based on ZCR, spectral roll-off, loudness,

and fundamental frequencies. The kNN, Self-Organizing Maps, MLP, and their linear combinations

were used for classification.

Farahania et al. [119] studied the effect of stationary additive noise in speech recognition. It was

observed that high-pass filtering of the auto-correlation sequence of noisy speech could preserve sig-

nificant spectral peaks. The auto-correlation of short-term frames of the speech signal was computed.

This sequence was then high-pass filtered. A power spectrum was computed using FFT and hamming

windowing of the filtered sequence. The power spectrum was then differentiated with respect to fre-

quency. Finally, a Mel filter bank was applied to the differentiated signal to compute MFCC features.
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The speech recognition task was performed using HMM classifier.

Song et al. [120] proposed an SMC system to improve the performance of the 3GPP2 Selectable

Mode Vocoder. The spectral difference, music continuity counter, running averages each of 1st LSF

coefficient, energy, normalized pitch correlation, and periodicity counter were used as features. The

GMM was used as a classifier. An energy-based Voice Activity Detection (VAD) was used at the first

level to detect silence and non-silence frames. Subsequently, the trained GMM classifier detected

speech and music from the non-silence frames. Multiple segments of speech, music, and silence

were concatenated for the final decision.

Pikrakis et al. [121] segmented an audio stream and labeled each segment as either speech or

music. The proposed segmentation was performed in three phases. In the first pass, the region

growing technique using the spectral entropy feature was used to identify speech and music segments.

This method leaves out some audio segments as unclassified. Short-term energy, chroma vector-based

features, and first 2 MFCCs were computed from the unclassified segments in the second phase. This

phase was treated as a maximization task using a Bayesian Network and was solved using dynamic

programming. In the last phase, a boundary correction algorithm was employed.

Seyerlehner et al., 2007 [122] proposed a novel feature termed Continuous Frequency Activation

(CFA) for improved performance of music detection in Television broadcasts. The input audio stream

was converted to mono-channel and was resampled at 11 kHz for the computation of CFA. A log-

scaled power spectrum was further computed with a Hanning window of size 1024 samples and a shift

of 256. The local spectral peaks were emphasized by using a 21 frame window size running mean.

Subsequently, the power spectrogram was binarized using a predefined threshold. The mean activation

of each frequency bin across 100 frames was computed with an overlap of 50 frames. Strong peaks in

the activation function were detected, and their Height-to-Width Ratios (HWR) were computed. The

peaks were then sorted based on their HWR, and the sum of the top five peaks was computed. This

sum was considered as the measure of the overall peakiness of the activation function. The detection

was performed by using a non-linear threshold. The authors observed that standard features and

machine learning algorithms for SMC produced variable results, which were avoided by their CFA-

based system. Lee et al. [123] performed detection of music in the sound-track of consumer-shot

videos. The authors explained that sustained, steady musical pitches show significantly structured

auto-correlation when calculated over hundreds of milliseconds. Also, it was noted that the auto-

27

TH-2976_156102026



2. Literature Review

correlation of aperiodic noise becomes negligible at higher-lag points after whitening a signal by LPC.

Hence, the authors used auto-correlation based features with long-term averages. The GMM and SVM

were used for classification. The authors observed that confusion occurred with weak or intermittent

music, partial music, singing voice, and other high-energy sounds like screaming and alarms. Izumitani

et al. [124] performed the detection of music overlapped by speech or other sounds in TV programs.

The authors employed empirical features, MFCC, spectral powers of linear-scaled frequencies, and

spectral power of Mel-scaled frequencies in the task. Principal Component Analysis based dimension

reduction was performed. The authors used GMM and kNN classifiers. The accuracy was improved

by frame-by-frame post-processing.

Anemüller et al. [125] detected the presence of speech embedded in the natural acoustic back-

ground of non-speech sounds. The authors used an amplitude-modulated spectrogram computed in

the “Meso-scale”. Feature selection was performed, and SVM was used for the classification. It was

observed that their method was slightly biased toward speech. Also, a degradation in performance for

lower SNRs was observed. Taniguchi et al. [126] proposed to detect speech, musical instruments,

singing voice, and instruments with singing using spectral peak tracking. The sinusoidal tra-

jectory of sounds was extracted, and 20 temporal features from the trajectories were computed. GMM

was used for the classification. The authors observed that speech with background music was detected

well using their method.

Lavner et al. [127] proposed a method for segmentation of audio signals into speech and music.

The motivation for this work was the development of consumer audio applications where real-time

enhancements were applied. Authors used short-time energy, ZCR, skewness of ZCR, band energy

ratio, low short-time energy ratio, autocorrelation coefficient, 10 MFCC, 10 ∆ MFCCs, spectral roll-

off point, spectral centroid, spectral flux, and spectrum spread as the features. Feature statistics

were computed for segments of 2 − 6 s. A Decision Tree was used for classification. The authors

computed five thresholds to determine the types of an audio signal, viz., extreme speech, extreme

music, high probability speech, high probability music, and separation (equal probability

of speech and music). Gallardo-Antolin et al. [128] performed speech, music and song discrimination

using MFCC Histogram Equalization [129] and Polynomial-fit Histogram Equalization (PHEQ) [130].

The PHEQ transformation contains the mean, variance, and shape of the distribution. The authors

estimated the Cumulative Distribution Function using Order statistics-based equalization [129]. The
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classification was performed using a GMM classifier.

Tardón et al. [131] proposed a SMC method. RMS, ZCR, cepstral residuals, spectral flux, MFCC,

dynamic volume ratio, silence ratio, spectral centroid, spectral roll-off, spectral centroid, spectral

bandwidth, frame energy, segment energy, F0, and salience of pitch were used as features. Feature

selection was performed to identify the most discriminative ones. The authors employed Fisher Linear

Discriminant for the classification.

Bach et al. [132] employed perceptually motivated features for speech detection in the presence of

strongly varying external conditions like background noise. The authors used amplitude modulation

spectral features computed from short-term spectrograms and SVM classifiers. Background sounds

were detected in the first level, followed by speech vs. non-speech classification. The authors

concluded that the amplitude-modulated spectral features were more suitable for training robust

speech vs. non-speech classifiers. Weninger et al. [133] performed speech separation from music by

suppressing background music. The authors used the Non-negative Matrix Factorization method

to estimate speech and music bases in a semi-supervised manner. The background suppression was

performed by using the estimated speech and music bases. The authors observed that the semi-

supervised method was effective in a highly noisy environment. However, a decreased overall quality

of the enhanced speech was also observed at a high speech-to-music ratio.

Lim et al. [134] proposed an SMC system using running average of energy, reflection coefficients,

partial residual energy, normalized pitch correlation, periodicity counter, along with music continuity

counter as features. Separate feature sets were selected for speech and music. The SVM output dis-

tribution was converted into conditional a-posteriori probability using the model-trust algorithm [135].

A logistic regressor trained based on the Bayes rule was used to smooth frame-wise predictions. The

inter-frame correlation was utilized for refining the current frame’s prediction.

Lim et al. [136] aimed at reducing expensive memory accesses and energy usage while maintaining

efficiency in SVM-based SMC systems running on embedded devices. The authors proposed to reuse

locally loaded support vectors to reduce memory access requirements. Such modifications increased

the RBF-kernel-based SVM classifier’s efficiency in running on the chip. Both improved performance

and energy savings were observed.

Srinivas et al. [137] performed SMC to improve automatic transcription of the speech signal,

which is frequently interspersed with background noise or music in news videos. The authors
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used 45 features per frame. This included 39-dimensional MFCCs, energy entropy block, short-time

energy, ZCR, spectral roll-off, spectral centroid, and spectral flux. An Online Dictionary Learning

(ODL) [138] based classifier was proposed for the task. The ODL was used to learn sparse dictionaries

for each class. The L1-Lasso algorithm was used to determine the dictionary representing the closest

class to the test data during testing. The authors used 30 s segments for the classification. However,

such large segments may be detrimental to the time resolution of classifier decisions in applications

like continuous audio segmentation.

Neammalai et al. [139] developed an SMC algorithm with a focus on applications like efficient mul-

timedia coding, automatic speech recognition, and automatic classification/indexing/archival/retrieval

of information in large multimedia databases. The authors extracted texture information and energy

signals from binarized spectrograms for use as features. The texture information was extracted from

the spectrograms by zoning in the [0−4] kHz spectral range and then computing local binary patterns.

The energy signal was computed from the 2D Fourier transform of the binarized spectrograms. The

authors compared SVM and MLP classifiers for the task and observed that SVM performed better.

Sell et al. [140] proposed two chroma-based features for the SMC task, viz., chroma difference

and chroma high-frequency. The chroma vectors were computed using 12 bins, 100 ms frames with a

shift of 25 ms. Additionally, existing features like normalized RMS standard deviation, silent interval

ratio, silent interval frequency, ZCR variance, spectral centroid variance, Spectral flux variance, Mel-

frequency subband modulation syllabic-rate energy, and Mel-frequency subband modulation spectral

centroid were used. Feature statistics were computed over 1 s. The authors performed the classification

using a GMM classifier.

Castán et al. [141] performed broadcast news audio segmentation using factor analysis. The audio

stream was segmented into contiguous segments of speech, music, speech with music, speech

with noise, and others. The 16-dimensional MFCC with ∆ and ∆∆ blocks of overlapping 3 s

intervals were used as features. The GMM Universal Background Model (UBM) super vectors were

trained to compensate for within-class variability. The HMM backend was also used for the segmen-

tation system. This method performed better than the GMM-based baseline.

Khonglah et al. [142] observed that speech is composed of different sound types like voice bars,

high vowels, low vowels, and others. Such sounds have different Vocal Tract Constrictions (VTC)

that differ from any music producing system. Thus, the authors proposed the use of variance of VTC
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feature [143], chroma difference [140], and chroma high-frequency [140] as features that were computed

over 30 s segments. Threshold-based non-linear mapping, GMM, and SVM classifiers were used.

Zhang et al. [144] proposed the use of i-vectors with Cosine Distance score and SVM classifiers

for SMC. The authors argued that it was essential to filter out non-speech segments like music,

noise, silence, and others for better performance of applications like automatic speech recognition.

Also, estimation of signal nature was essential for low bit-rate coders such as 3GPP2. The Universal

Background Model was trained by using Expectation-Maximization algorithm [145]. Subsequently, the

total variability matrix was trained, and i-vectors were extracted. Session compensation for i-vectors

was performed using Within-Class Covariance Normalization and Linear Discriminant Analysis [146].

This work used 30 s audio segments for the training and testing phases.

Khonglah et al. [147] performed SMC using speech-specific features to extract information com-

plementary to music signals. This work was motivated by the presence of more silence regions, shorter

duration of vowels, and higher variation of the pitch in speech compared to music. The energy vari-

ance of the inverse of the 2nd Mel-filter was used as the feature. Non-linear mapping and 2-component

GMM with diagonal covariance matrices were used as classifiers. The authors also explored the efficacy

of other speech-specific features for SMC in their next work [148]. The excitation source features like

Normalized Autocorrelation Peak Strength of the Zero Frequency Filtered Signal, Peak-to-Sidelobe

ratio of the Hilbert Envelope of the LP Residual were proposed for the SMC task. The vocal tract

system features like Log Mel spectrum energy of the first 18 filters up to 2.5 kHz, and 4 Hz modula-

tion energy were also included as features. In addition, existing features like ZCR, spectral centroid,

spectral flux, spectral roll-off, and percentage of low energy frames were also employed. Thresholding-

based non-linear mapping, GMM with diagonal covariance matrices, and RBF-kernel SVM classifiers

were used. The statistics of features for 1 s segments were computed for training and testing.

Mezghani et al. [149] developed an SMC system as a preprocessing stage for automatic speech

recognition and other tasks. The short-time energy, ZCR, the entropy of energy, spectral centroid,

spectral flux, spectral roll-off, MFCCs, chroma vector, harmonic ratio, and fundamental frequency were

used as features. The mid-term level statistics of the features for 1 − 10 s segments were computed.

The categorization was performed using the Decision tree, LDA, Naive Bayes, and SVM classifiers.

The SVM was found to provide the best performance for the task.

Lopez-Otero et al. [150] performed audio segmentation for radio and television programs. The
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authors mentioned that state-of-the-art audio segmentation systems fail in several real-world scenarios.

Thus, this work proposed to fuse the results of standard methods in a weighted fashion for better

performance. The class-conditional probabilities were estimated from the confusion matrices. These

probabilities were used to perform a weighted decision-level fusion of an ensemble of segmentation

strategies. The ensemble was found to perform better than the individual strategies. Vavrek et

al. [151] performed hierarchical broadcast news audio classification into pure speech, speech with

music, speech with environmental sound, pure music, and environmental sound. The

MFCC, the variance of Filter Bank Energies, the variance of ∆∆ MFCC, band periodicity, spectral

flux, spectral centroid, spectral spread, and spectral roll-off were employed as features. A Binary

Decision Tree was used as a classifier. The authors observed the highest miss-classification error for

music and environmental sound. In a previous work of the authors [152], they performed a similar

task with temporal, spectral, cepstral, and pitch features and SVM binary trees. It was concluded

that the binary tree-based scheme performed better than the one-against-one multi-class scheme.

Mohammed et al. [153] performed overlapped sound-tracks segmentation. The Singular Spectrum

Analysis method was used to separate audio content into components with a reduced overlap of

different classes. Subsequently, the components were categorized by using a random forest classifier.

This method was found to perform better at 20dB and −20dB SNR.

Gimeno et al. [154] performed music detection with limited training data. Authors used Area Under

ROC Curve (AUC) and Partial AUC optimization as loss functions with Recurrent Neural Networks.

The authors explained that such methods overcome limited data problems and outperformed cross-

entropy loss based models. Jia et al. [155] performed the joint task of music detection and music

relative loudness estimation. It was observed that the joint task benefited from temporality and

hierarchy. This helped in obtaining the solution. A hierarchical classification was performed. First,

music vs. non-music was classified, followed by foreground music vs. background music. A

Hierarchical Regulated Iterative Network was proposed as the classifier for the task.

A summary of the various features, classifiers, and datasets used in the SMC literature is provided

in Table 2.1. The features are grouped into eight categories, viz., temporal, spectral, cepstral, speech

specific, music-specific, Linear Prediction (LP) based, image-based, and others. This grouping is done

to understand the thrust area in the SMC literature. It can be observed (Table 2.1) that the temporal,

spectral, and cepstral features are the most popular in this task.
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Table 2.1: Summary of previous works in Speech vs. Music classification literature

Group Features Papers Classifiers
Used

Datasets 1

Temporal ZCR, skewness of ZCR, High ZCR Ratio,
ZCR of the high-pass filtered signal, Band
energy ratio, Low short-time energy ratio,
Auto-correlation coefficient, percentage of

low energy frames, Short-time energy,
Entropy of energy, Normalized RMS

standard deviation, Silent Interval Ratio and
frequency, loudness, Voice to White, Activity
level, the probability of Null Zero-Crossings,

Joint RMS-ZC measure, time envelope,
Pitch, Number of segments and segment
duration [156]), noise-frame ratio (NFR)

[98–102,
105–108,
110–112,
118,120,
121,127,
134,137,
140,147,
149,157,

158]

Heuristics based,
GMM, Decision

tree, LDA,
Bayesian, SVM,
Backpropagation

NN, KNN,
self-organizing

maps, MLP

Radio France
International (RFI)
database, Scheirer &

Slaney, GTZAN,
EUSTACE, Broadcast

News Database,
TIMIT, MULTEXT
corpus, MPEG-7 test

data set

Spectral Spectral centroid, Spectral flux, Spectral
roll-off, Harmonic ratio, fundamental
frequency, Spectrum spread, spectral

difference, Maximal mean frequency, Spectral
flatness, linear spectral pairs, energy in 4

sub-bands

[99,101,
105,106,
108,110–
112,118,
120,127,
137,140,
148,149,

157],

Decision tree,
LDA, Bayesian,
Heuristics based,

SVM,
Backpropagation

NN, KNN,
Self-organizing
maps, MLP,

GTZAN, EUSTACE,
Broadcast News,

Scheirer and slaney,
TIMIT, RFI database,
MPEG-7 test data set,

Cepstral Energy Variance of Inverse Mel Filter No. 2
(EVIMF2), MFCCs, Delta MFCCs,

Mel-frequency subband modulation syllabic
rate energy, PHEQ over MFCC,

cepstrum-based feature

[106,108,
110,111,
121,127,
128,137,
140,147,
149,158],

Heuristics based,
GMM, Decision

tree, LDA,
Bayesian, SVM,
Backpropagation

NN, KNN,

Scheirer & Slaney,
GTZAN, EUSTACE,

Broadcast News
Database, RFI

database,

Speech
specific

NAPS, PSR, Log mel spectrum energy, 4-Hz
modulation energy, VTC, syllabic frequency,

phone distribution match, i-vector

[99,107,
108,142,
144,148],

Cosine Distance
Score (CDS),
SVM, GMM,

Heuristics based,

TIMIT, Broadcast
News, Scheirer and

slaney, GTZAN,
Broadcast News, RFI
database, MULTEXT

corpus,

Music
specific

Chroma vector, Chroma Difference, Chroma
High Frequency, periodicity counter, music

continuity counter, harmonic ratio, beat
strength, rhythmic regularity, band

periodicity

[120,
121,134,
140,142,
148,149],

Heuristics based,
GMM, SVM,
Decision tree,

LDA, Bayesian,

Broadcast News,
Scheirer and slaney,

GTZAN, TIMIT
Dataset [159],

commercial music CDS,

LP
based

LPC, reflection coefficients, partial residual
energy, Running average of 1st LSF

coefficient computed from LPC, differential
LSF, Warped LPC-based Spectral Centroid

[102,109,
116,117,
120,134],

SVM, GMM,
Fuzzy expert

systems, HMM,
KNN, Quadratic

Gaussian
classifier (QCG)

TIMIT Dataset [159],
commercial music CDS,

Image
based

Zoning spectrogram image, Texture feature
extraction, 2D Fourier transform

[139] SVM, MLP –

Others Auditory model output, MLP output,
Posterior probability based Entropy and

Dynamism features, Fisher score

[103,
115,160],

SVM, HMM, Speech(TIMIT),
Animal vocalization
(BBC Sound Effects
audio CD collection),
Music (RWC genre

database),
Environmental sounds
(Noisex, and Auroa)
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2.3.2 Spectral peak tracking

Spectral Peak Tracking (SPT) has been used in diverse signal processing domains. Audio signals

can be considered to be composed of a linear combination of many sinusoidal basis functions. The

SPT is an engineering approach to identifying a signal’s most prominent sinusoidal components. This

subsection reviews the previous works that have employed SPT in different applications.

McAulay et al. [161] proposed a sinusoidal modeling approach for analysis or synthesis system

with applications to time-scale, pitch-scale modifications, and mid-rate speech coding. Component

sine waves were obtained from speech signals by matching the peak amplitudes, frequency, and phases

of adjacent frames in high-resolution Short-Term Fourier Transforms. Matched peaks across frames

belong to continuing tracks. Sinusoidal components can represent these peak tracks. The authors men-

tioned that adding amplitude modulated sinusoidal components may be used to synthesize intelligible

speech.

Smith et al. [162] also proposed a peak tracking algorithm to extract sinusoidal components for

speech synthesis. The authors extracted individual sine wave components of a sound known as a par-

tials. It was stated that the combination of multiple partials forms the timbre of a sound. The authors

mentioned that the human ear is not sensitive to short-time phase distortions. Thus, identifying the

essential partials from the magnitude spectrum might be sufficient to synthesize intelligible speech.

Parmanabhan [163] proposed a method for automatic speech recognition. The author used three

bandpass filters in the range of the first three formant frequencies to filter the input signal. Subse-

quently, an IIR filter was used to track spectral peaks and their energies in each bandpass filtered

signal. The author used these peak location and energy information with cepstral features for the

classification.

Keum et al. [113] also proposed a form of spectral peak tracing for SMC. The spectrum of

each audio frame was non-linearly binarized by using a predetermined threshold. Subsequently, the

histogram for each frequency bin was computed and used as a measure to represent an audio interval.

Lagrange et al. [164] performed sinusoidal modeling of polyphonic sounds using partial tracking.

A partial tracking algorithm was defined as the identification method of partial evolution over time.

The earlier minimum frequency difference-based partial continuity identification was replaced with the

linear prediction method.

Prerau et al. [165] attempted to characterize human Electroencephalography activity during anesthesia-
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induced unconsciousness. The authors modeled a spectral peak with a Gaussian-like distribution. A

particle filter based algorithm was used to track non-stationary components of EEG signal in the

time-frequency domain. The parameters were initialized randomly and then updated iteratively.

Zhang et al. [166] performed heart-rate monitoring using spectral peak tracking. The highest

spectral peak was first identified in a time window. A search region was designed to find at most

3 more peaks for the next time window. Subsequently, the detected peaks were verified using some

heuristics. The verified peaks were used to form the peak track.

Murthy et al. [167] also used spectral peak tracking for heart-rate monitoring. The spectral peak

tracking was initialized at every δ frame. The highest spectral peak in a frame was considered as

the heart rate. Trajectories were formed by searching from that detected peak in the forward and

backward directions. A measure called trajectory strength was defined for each unique trajectory, and

the best one was selected. The selected trajectory was considered the heart-rate trajectory.

2.3.3 Overlapped speech and music detection

Speech and music are frequently found in overlapped conditions in real-world signals. Such signals

need to be efficiently identified for further processing. The previous works have either attempted to

separate the mixed components or have tried to enhance one component over the other. Such works

mostly begin with the knowledge of signals having mixed components. However, not all audio signals in

real-world scenarios consist of mixed signals. The standard enhancement or source separation methods

might perform unpredictably in cases of clean speech and music signals. Therefore, methods to

efficiently distinguish overlapping speech and music signals from their clean counterparts are essential.

Nevertheless, this subsection reviews the literature on the separation and enhancement of speech with

background music or noise.

Initial attempts toward signal separation and enhancement have been made using spectral subtraction-

based methods [168–170]. Such methods have the disadvantage of introducing certain extra artifacts

in the signal spectrum, which are referred to as musical noise. Many works proposed post-processing

methods that can suppress musical noise, thereby enhancing the separated signals [171–173]. Sup-

pression of musical noise has also been attempted using cepstral smoothing [174] and empirical mode

decomposition [175]. Sørensen et al. [176] devised an algorithm for noise suppression that has dif-

ferent attenuation rules for speech-present and speech-absent regions. Explorations have also been

made to improve upon the source separation methods using multi-channel inputs [177, 178]. Gannot
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et al. [179] provided a comprehensible survey of different methods employed in multi-microphone and

single-channel blind source separation. It was stated that both the research areas are on a converging

path and borrow ideas from each other. A detailed survey of works in music source separation was

done by Cano et al. [180].

Traditional methods of speech enhancement are highly effective in the case of stationary or slow-

varying noise but not so much in the case of non-stationary noise [181]. Most of these signal charac-

terization methods either have insufficient detail or tend to overfit specific noise instances [181]. Since

only the noisy speech is available for processing, it pays to have apriori information about the signals

involved. Some techniques have attempted to model the temporal dynamics of either speech [182],

or corrupting noise [183] or both [184,185] by using HMMs or linear dynamical systems. These tech-

niques are employed to aid the localization of the current noise characteristics. Luo et al. [186] stated

that the full range of vocal and instrumental dynamics are not captured by unsupervised methods like

low-rank sparse modeling and others used in the literature. On the other hand, supervised methods

like those based on NMF and others are slow and are not easily generalizable [186].

Most recent works have formulated the source separation problem in the deep learning framework.

The works on deep learning-based source separation can be broadly grouped into three categories,

depending on the interaction between input mixture and output targets [187]. These categories are

Denoising-based approaches, Time-frequency mask-based approaches, and Multiple-target based ap-

proaches. Deep Recurrent Neural Networks (DRNN) have been successful in separating sources in

single-channel acoustic mixtures [187]. Sebastian et al. [188] explored the Modified Group Delay fea-

ture [189] with DRNN to separate singing voice from music. Grais et al. [190] have harnessed the

power of fully Convolutional Denoising Autoencoders. Two-dimensional spectro-temporal relation-

ships for the single-channel source separation task were learned. Uhlich et al. [191] showed that data

augmentation and blending of a feed-forward neural network (NN) and a recurrent NN model could

improve the overall source separation performance. Yu et al. [192] tried to solve the cocktail party

problem by separating multi-talker speech. A novel deep learning training criterion called Permutation

Invariant Training (PIT) was proposed, which was different from the established multi-class regression

technique and deep clustering methods. It was claimed that PIT directly minimized separation error.

This technique also helped solve the problem of label ambiguity (or permutation). Kumar et al. [193]

proposed an end-to-end clustering-based approach, Deep Attractor Network (DANet), to overcome
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the in-class separation limitations. An Expectation-Maximization based algorithm was designed for

DANet training. Muth et al. [194] proposed a deep network architecture that combines amplitude and

phase features. It was shown that the phase derivatives were a good feature representation as opposed

to the raw phase. Generative Adversarial Networks (GAN) have also been explored in the source

separation task [195]. Typical deep network-based sound separation methods use synthetically mixed

sounds while training the models. However, most available audio is not isolated. The human brain

uses primitive cues (e.g., the direction of arrival, repetition, proximity in pitch and time, and others)

to identify different sound scenes without the availability of large training datasets. Seetharaman et

al. [196] proposed a bootstrapping-based, deep learning-based method for music source separation.

The proposed method was built upon state-of-the-art deep clustering-based approaches. The need for

ground truths was removed by training directly on primitive cues. A technique called primitive clus-

tering was used. Such algorithms use soft time-frequency masks in the embedding space for clustering.

High-confidence separated sources were remixed to augment the data.

Non-negative Matrix Factorization (NMF) based approaches were most popular in the field of

source separation or signal enhancement [197, 198]. Raj et al. [181] aimed at the problem of speech

enhancement in a mixture of speech and music using the NMF technique. Exemplar-based methods

were used to learn over-complete sets of NMF bases for the signals. Weninger et al. [133] stated that it

was unknown whether the information carried by fully supervised NMF models (like [181]) was optimal

for the signal separation or enhancement task. A semi-supervised method was proposed for suppressing

background music using NMF that preserves NMF dimensionality and reduces computations. It

was shown that the on-the-fly estimation of music bases performs better than a supervised explicit

background music model. It was claimed that the proposed semi-supervised method could suppress

music to a larger extent in highly noisy conditions than the supervised method. However, since the

modeling technique has a lossy characteristic, an overall decrease in quality was observed in the case

of higher speech-to-music ratios. Abdali et al. [199] targetted speech-music separation. According

to the authors, considering each frame of a signal as an independent observation was a drawback

of the standard NMF method. Also, fixing the same decomposition rank for all component signals

may not be correct. The authors proposed to use a regularization term for the signal frames in the

cost function to consider spectro-temporal continuity. Also, different decomposition ranks for speech

and music (smaller in music than speech, considering more variations in music signals) were used.
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Moreover, a filter to improve the signals estimated by the NMF method was constructed.

Huang et al. [187] stated that in real-world scenarios, linear models were not expressive enough to

model the complicated relationship between separated and mixture signals. The authors explained that

signals might not always follow Gaussian distributions. The mapping relationship between the mixture

signals and separated sources was considered a non-linear transformation. Hence, it was argued that

non-linear models such as deep neural networks (DNNs) were desirable. The authors targetted the

monaural source separation problems like speech separation, singing voice separation, and speech

denoising tasks. The authors explored various deep learning architectures. Joint optimization of a

soft time-frequency mask layer was proposed with different network architectures to improve state-of-

the-art performances. A discriminative objective function was explored to reduce signal interference

and achieve better results. Deep clustering is a method of clustering interfering signals into different

clusters in an embedding space. It has been a successful method in separating a mixture of speech

signals [200]. Luo et al. [186] targetted vocals and music separation using the deep-clustering method.

A two-headed Chimera network with both deep-clustering and mask-inference heads in the same

network was proposed.

2.3.4 Datasets

The Moviescope dataset [28] is a recent and comparatively large movie trailers dataset available in

the public domain. It consists of approximately 5000 movie trailers. This thesis uses the Moviescope

dataset for developing the proposed approaches. Apart from the Moviescope dataset, various other

datasets of varying sizes and structures are also created by other researchers. Some of them are

proprietary, while many others are not active now. Nevertheless, all the significant datasets popularly

used in the literature on movie genre classification are provided here as a reference.

• VSD96 [55] consists of 96 hours of violent scene data.

• MMX-Trailer-20 [201] consists of approximately 8000 trailers. The movies are assigned genre

labels from a list of 20 different labels obtained from IMDb. Each trailer is assigned at most 6

genre labels.

• Emotion-based Genre Detection for Bollywood (EmoGDB) [36] dataset consist of 100 Indian

movie trailers, annotated with one unique genre label out of six possible genres.
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• Moviescope [28] consists of 5000 trailers with at most 3 genre labels for each trailer out of 13

possible labels.

• MMTF-14K dataset [202] is composed of approximately 14000 trailers and labeled from a list

of 18 genre labels.

• Movie Trailers Dataset [73] consists of approximately 500 trailers with genre assignments form

a list of 10 genre labels.

• EmoGDB [36] is a small dataset consisting of 100 Hindi movie trailers. Each trailer has a single

genre label out of six possible ones.

For the speech and music classification tasks, the MUSAN dataset [203] is the most popular one.

Apart from the MUSAN dataset, this thesis also uses the GTZAN [204], Scheirer-Slaney [99], Mus-

peak [205] and the DAFx-12 [206] datasets for validating the performance of the proposed algorithms.

These datasets are further discussed in the subsequent chapters.

2.4 Organization of the work

The plan for this thesis is developed based on the review of existing literature. This section

highlights the gaps in the present literature and accordingly identifies the possible directions for

further exploration.

The magnitude-spectrum based features in the SMC literature model only the gross tempo-spectral

characteristics of speech and music. Very few works have tried to model the unique striation patterns

of these signals. Isolated speech or music signals can be detected from the striation patterns in their

spectrograms. This is evident from their visualization. For machine listening systems, new features

are required that can model the distinct characteristics of the two audio categories. This motivated

us to develop a novel feature extraction methodology from the striation patterns of speech-music

spectrograms. This is described in chapter 3 of this thesis.

The current literature in SMC lacks a detailed study on the phase characteristics of speech and

music signals for their discrimination. The significantly different methods of generating these audio

signals must affect their phase characteristics. This aspect is analyzed in detail in chapter 4 of this

thesis. Three existing phase-based features are explored for the SMC task. Their efficacy in capturing

the discriminating information is studied in the chapter.
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The challenging situation of speech overlapping with music (speech+music) has been tackled

in previous literature, mainly for source separation and signal enhancement applications. Most of

such approaches either have apriori signal information or make assumptions on mixing proportions.

However, such information may not be available in real-time processing scenarios. Automatic methods

for detecting such overlaps are necessary. Some researchers have previously tried to classify various

audio types, including speech+music signals. However, such methods consider speech+music as

an independent category with no relation to clean speech or music signals. This thesis considers

speech+music as a noisy version of either clean speech or clean music signals. In this respect,

previously unexplored Harmonic-Percussive Source Separation based features and Multi-Task Learning

based classifiers are explored to detect speech+music in chapter 5.

The available literature on movie genre prediction is significantly biased towards the use of visual

information for the task. The audio modality has been mostly used as supplementary information.

However, the richness of movie audio modality demands special attention to it. Hence, this thesis

attempts to perform genre prediction of movies using only the audio modality. We believe that the

speech and music information of the movie audio might relate to its genre. Thus, speech and

music detection methods developed in this thesis are employed in the task of movie genre prediction

in chapter 6. The proposed algorithms are validated on datasets of movie trailers that represent a

concise form of a movie.

The next chapter describes the proposed method for SMC using novel tempo-spectral features.

A novel SPT method is proposed and is used to compute the features. The proposed features are

observed to capture the unique striation patterns of speech and music signals.
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Objective

Movie audio is composed of significant amounts of speech and music signals. Efficient processing of

movie audio necessitates a detailed study of its constituent signals. This chapter attempts to understand

the discriminating characteristics of speech and music. The time-frequency properties of audio signals

can be analyzed using two-dimensional representations like spectrograms. Magnitude spectrograms of

speech and music contain distinct striation patterns. Traditional audio features represent various

audio signal properties but do not necessarily capture such patterns. Therefore, a novel Spectral Peak

Tracking (SPT) approach is proposed in this chapter to model such patterns in the spectrograms of

speech and music. The chapter further proposes two novel tempo-spectral features for speech vs. music

classification. The proposed features are extracted in two stages. First, SPT is performed to track

a predefined number of highest amplitude spectral peaks in an audio interval. In the second stage,

the location and amplitude information of these peak traces are used to compute the proposed feature

sets. The first feature involves the computation of the mean and standard deviation of peak traces

over an audio interval. The second feature is the averaged component posterior probability vectors of

Gaussian mixture models learned on the peak traces. Speech vs. music classification is performed by

training various binary classifiers on these proposed features. Three standard speech-music datasets

are employed for evaluating the proposed features. In addition to the standard datasets, a Movie-

MUSNOMIX dataset is created from the audio of four Indian movies that consists of annotations

for seven audio categories, including speech and music. Performances of the proposed features are

also assessed on the Movie-MUSNOMIX dataset to establish the usefulness of this study in analyzing

the primary target signals of this thesis. The proposed features are benchmarked against five baseline

approaches. Furthermore, the best-performing proposed feature is combined with two contemporary

deep-learning-based features to show that such combinations can lead to more robust speech vs. music

classification systems. Finally, the proposed features are also evaluated on real-world speech and music

signals from the DAFx-12 and Muspeak datasets to analyze their generalizability to continuous audio

sequences consisting of natural transitions between categories and possible overlaps.

3.1 Task overview

Content-based indexing and retrieval applications often involve a critical preprocessing step of

segmenting and classifying the movie audio modality into distinct categories. Such applications require
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(a) (b)

Figure 3.1: Spectrograms of (a) Speech and (b) Music, computed using window size of 10 ms and frame size of
5 ms. It may be noted that speech and music display distinct striation patterns in their respective spectrograms.
This observation motivated the proposal of time-frequency audio features for speech-music discrimination de-
scribed later in this chapter.

efficient classification algorithms that ensure homogeneity of individual audio categories in the detected

segments [207]. Speech and music are the most frequently encountered audio categories in nearly all

non-silent movies [97]. Thus, efficient classification of these signals is vital for audio segmentation-

based applications. Apropos of such a necessity, this chapter proposes novel feature representations

for better Speech vs. Music Classification (SMC).

Researchers have exploited various acoustic differences between speech and music signals for classi-

fying them [127,208]. Saunders et al. [98] mentioned that pitch information usually exists for only three

octaves in speech, whereas fundamental tones in music span up to six octaves. Sell et al. [140] stated

that, unlike speech, music is expected to have strict structures in the frequency domain since specific

tones play an essential part in its production. Panagiotakis et al. [112] showed that the amount of

silence present in the signal might also be a good discriminator between the two classes. Short silences

usually punctuate speech sound units, while music is generally continuous (Fig. 3.1).

Many standard audio features have been used in literature to model the distinct behaviors of

speech and music. The most widely used spectral features in this task are Zero-Crossing Rate [140],

Spectral Centroid, Spectral Roll-off, and Spectral Flux [149]. Energy [139], Entropy [137] and Root

Mean Square [140] values are the most popular temporal features used in SMC. Khonglah et al. [148]

have proposed that features predominantly used in speech processing tasks (like the speech-specific

modulation spectrum features) can be effective in the current task also. On the other hand, Sell et

al. [140] suggest that chroma-based features are better in modeling the octave patterns in music and

thus might be useful in discriminating it from speech.
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Existing works in SMC have mostly employed Gaussian Mixture Models (GMM) [140, 144, 148],

Artificial Neural Networks [137], k-Nearest Neighbors [110, 111, 118] and Support Vector Machines

(SVM) [139, 144, 149] as classifiers. Recently, researchers have also used deep learning techniques

for solving the SMC task [209, 210]. Convolutional Neural Network (CNN) is very popular in image

processing applications for feature learning and classification. This motivated researchers to use CNNs

to learn features from audio segments’ time-frequency representation. For example, Doukhan et

al. [211] proposed a CNN-based semi-supervised training procedure for solving the SMC task. The

first convolution layer in their architecture is pre-trained unsupervised using the spherical k-means

algorithm and later kept constant throughout the model training phase. The input to their model is

the stacked Mel-frequency coefficients of 50 frames. In contrast, Papakostas et al. [212] used transfer

learning to fine-tune an existing CNN model trained on an image classification task to learn the

discrimination between spectrograms of speech and music.

There are works in the literature that have explored features that can capture simultaneous varia-

tions in temporal and spectral domains for achieving better performance in SMC [134,137,140,148,149].

Spectrograms are a popular method of visualizing the tempo-spectral properties of an audio signal.

Fig. 3.1(a) and Fig. 3.1(b) show the spectrograms of speech and music respectively. It may be noted

that spectrograms can either have high time-resolution (wideband spectrograms) or high frequency-

resolution (narrowband spectrograms), but not both at the same time [213]. Wideband spectrograms

are generated with short temporal windows. They are characterized by vertical striations represent-

ing pitch period and formant frequencies (in the case of speech) in the form of prominent horizontal

bands [213]. Narrowband spectrograms are generated using longer analysis windows and horizon-

tal striations showing the fundamental frequency and its harmonics. Peaks in the spectra of audio

frames may appear as striation patterns in spectrograms. Distinct class-specific properties can be

captured by tracing trajectories of the highest spectral peaks in the spectrograms. Researchers have

also used spectrograms for feature extraction. For example, Mesgarani et al. [115] were inspired by

the auditory cortical processing methods to use Gabor-like spectro-temporal response fields for feature

extraction from spectrograms. Whereas Neammalai et al. [139] performed thresholding and smoothing

on standard spectrograms to form binary images and used them as features for classification.

Peak tracking has been a widely explored approach in speech coding and synthesis. McAulay et

al. [161] proposed that a speech segment can be represented as a combination of various sinusoids of
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specific frequency and definite lifetime, called partials. They generated high-quality artificial speech

by adding different partials with time weighing and amplitude modulation. Smith et al. [162] proposed

a similar approach to [161], but for representing polyphonic music. Lagrange et al. [164] proposed an

improved partial tracking algorithm based on the linear prediction algorithm that can better model the

pseudo periodic part of polyphonic sounds. In other works, researchers have used a technique called

Spectral Peak Tracking (SPT) to trace the trajectory of fundamental frequency across consecutive

frames in the spectrogram [166, 167]. Techniques similar to SPT have also been used for feature

generation in SMC literature. Seyerlehner et al. [122] proposed a feature called Continuous Frequency

Activation (CFA), which measures the steadiness of spectral components within a block of audio.

Since music is considered relatively more stationary, this feature provided improved results in the

case of music detection. In works like [113], authors used a pre-determined threshold to binarize

the magnitude spectrum of each audio frame to ones and zeros within an interval. Subsequently,

they counted the number of ones that appear for each frequency channel and used this measure as a

feature for classification. Padmanabhan et al. [163] processed speech signals using band-pass filters

and tracked spectral peaks in each band for speech recognition.

It can be observed from Fig. 3.1 that speech and music signals produce quite distinct striation

patterns in their respective spectrograms. Pitch and harmonics in speech slowly change from one

sound unit to another [214]. These gradual transitions create arc-like striations in speech spectro-

grams. On the other hand, the music signal consists of relatively stationary pitch and harmonics

with sharp transitions [215,216]. Such characteristics appear in music spectrograms as horizontal line

segments with sudden breaks. These spectro-temporal differences observed in the spectrograms of

speech and music can be attributed to the following reasons. First, the speech production system

possesses inertia [217,218]. It requires a relatively large amount of time to change from one sound unit

to another, leading to a smooth transition between sound units in speech spectrograms. On the other

hand, individual notes of music have a specific onset instant, marked by a relatively large burst of

energy that makes its striation patterns discontinuous [219]. Second, music tones decay slowly [220].

In contrast, speech production is a damped system where sound units decay quite fast [221]. This

phenomenon explains the horizontal patterns in music but not in speech. Third, musical instruments

produce only a fixed number of tones and their overtones [140]. On the other hand, the speech pro-

duction system generates a large number of intermediate frequencies while transitioning from one
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sound unit to another [147]. Such an occurrence leads to the formation of arc-like patterns in speech

spectrograms. Nevertheless, horizontal striations in music may be absent in the case of some instru-

ments and playing styles. For instance, many melodic instruments have continuously varying pitch.

Additionally, orchestral movie theme music often lacks strong percussive components because of only

multiple melodic instruments playing together. Similarly, speech shows percussive striations for plo-

sive bursts and discontinuities at many consonant-vowel boundaries. However, the observation that

music consists of more horizontal and vertical striations than speech may be assumed to hold in a

generic sense.

The observed differences in the spectrograms of speech and music motivated us to design features

that can capture these distinct class-specific striation patterns for speech vs. music classification.

However, hand-crafted features have a high dependence on problem-specific assumptions. On the

other hand, automatic feature learning methods (like CNNs) can efficiently learn underlying patterns

in the data. However, it is not easy to interpret the information learned by such deep-learning methods

due to their inherent stochastic nature. In applications where domain knowledge is available, it is also

worthwhile to explore hand-crafted features that can provide decent performance. Efficient hand-

crafted features may be combined with deep-learning-based features to build more robust systems for

SMC. These ideas form the basis of the current proposal. Accordingly, this chapter has the following

contributions.

(i) A novel approach for SPT capable of capturing prominent striation patterns present in spectro-

grams of speech and music signals is proposed (section 3.3.1).

(ii) Two novel feature sets are proposed. The MSD features are constructed using first and second-

order moments of location and amplitude values of peak traces obtained by SPT (subsec-

tion 3.3.2). Second, CBoW features are constructed using averaged posterior probabilities com-

puted from Gaussian mixture models learned on peak traces obtained from entire training data

(section 3.3.3).

(iii) The proposed features are combined with learned features extracted using contemporary deep

networks. Experimental results show that such combinations can build more robust SMC sys-

tems.

(iv) A Movie-MUSNOMIX dataset is created from four Indian movies with annotations for seven
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different audio categories, including speech and music. This dataset is created with two aims.

First, to evaluate the proposed algorithms on the primary target signals of this thesis. Second,

as a contribution to the community for facilitating the study of the complexities of Indian movie

audio.

The rest of this chapter is organized as follows. Detailed descriptions of the proposed scheme for SPT

(section 3.3.1) and subsequent feature extraction procedures (sections 3.3.2, 3.3.3) are provided in

Section 3.3. The details related to the construction of Movie-MUSNOMIX dataset are described in

section 3.2. The design of the experiments and their results are presented in section 3.4. Finally, the

chapter is summarized in section 3.5.

3.2 Creation of Movie-MUSNOMIX dataset

The primary goal of this thesis is to perform genre classification of movies. Various studies are

performed in this thesis to analyze and classify the audio content into various homogenous categories.

For instance, the current chapter deals with proposing novel features for speech vs. music classification.

Different standard audio datasets (available in the public domain) are used to develop the proposals

of this thesis. Nevertheless, to gauge the effectiveness of proposed algorithms in the target domain, it

is pertinent to evaluate them on real movie audio. However, to the best of our knowledge, standard

movie audio datasets with annotations for various component audio categories are not available in the

public domain. This lacuna puts the onus on us to create such a dataset to serve the purpose of this

thesis. Hence, this thesis contributes a new dataset to the community that consists of seven audio

classes. The dataset is named as Movie-MU sic, Speech, NO ise and MIX ed (Movie-MUSNOMIX 1).

The Movie-MUSNOMIX dataset consists of approximately 8 hours and 20 minutes of audio content

in total. It consists of audio extracted from four Hindi movies (released from 1966 to 2011). Audio

segments obtained from the movies have been manually annotated into one of the following seven

categories – speech (Sp), music (Mu), noise (No), speech+noise (SpNo), speech+music (SpMu),

music+noise (MuNo) and speech+music+noise (SpMuNo). The annotation procedure employed

for creating this dataset is described next.
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Table 3.1: A summary table describing the Movie-MUSNOMIX dataset.

Sp Mu No SpMu SpNo MuNo SpMuNo

Duration 1Hr
48Min

1Hr
51Min

24Min 2Hr
49Min

51Min 18Min 15Min

Number of files 203 307 117 263 139 78 54

Minimum file
duration

≈ 1 s ≈ 1 s ≈ 1 s ≈ 1 s ≈ 2 s ≈ 1 s ≈ 1 s

Maximum file
duration

≈ 105 s ≈ 100 s ≈ 71 s ≈ 110 s ≈ 92 s ≈ 50 s ≈ 123 s

Average file
durations
(µ± σ)

32.19
±27 s

21.84
±18.86 s

12.56
±12.41

38.66
±32.09 s

17.49
±18.74 s

14.06
±12.5 s

22.27
±25.15 s

Storage format Variable bitrate mode mp3 (≈ 192Kbps)

3.2.1 Annotation procedure

The Movie-MUSNOMIX dataset is created as a collection of folders, one each for the seven audio

categories. The movie audio sequences are split into short chunks and annotated as a single audio

category. Individual segments are stored in specific folders according to their respective labels. The

annotations have been made using the Praat software [222]. One annotator performed the initial

annotations, followed by an independent verification by a second annotator. Both the annotators were

Ph.D. scholars at IIT Guwahati researching in the field of speech processing. The annotators used

over-the-ear Corsair HS50 stereo gaming headphones while annotating. Following guidelines have been

followed during the annotation process.

(i) Foreground sounds have been treated as either single (Sp, Mu, or No) or composite (SpNo,

SpMu, MuNo, or SpMuNo).

(ii) An audio file is labeled as the prominent foreground sound class (single or composite) based on

the perception of the annotator.

(iii) Background sounds present in an audio file (if any) have been noted with their onset and offset

times.

(iv) The song sequences consisting of both vocal and instrumental music have been marked as Mu.

1Available online at URL: https://github.com/mrinmoy-iitg/Movie-MUSNOMIX
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The audio segments are stored in the mp3 format with variable bitrate mode (approximately

192Kbps). The choice of storing the audio segments in mp3 format was made due to its low memory

footprint. Moreover, Urbano et al. [223] showed that standard features like Mel-Frequency Cepstral

Coefficients (MFCC) and Chroma are robust to mp3 encoding with a minimum bitrate of approx-

imately 160Kbps. Also, mp3 compressed files with high enough bitrate (> 160Kbps) are shown to

retain sufficient information even to recover phase-coding based hidden data in audio signals with

near-zero error rates [224]. A summary of the dataset information is provided in Table 3.1.

3.2.2 Analysis of the corpora

An analysis of the Movie-MUSNOMIX dataset provides insights into the structure of Indian movie

audio signals. The duration of the speech category in the dataset is approximately 1 hour 48 minutes.

Music has a duration of approximately 1 hour 51 minutes. Approximately 24 minutes of the dataset

consists of environmental sounds and noises. Speech with noise has a duration of approximately 51

minutes, whereas music with noise is present only for around 18 minutes. Around 15 minutes of the

dataset is composed of speech with music with noise. Almost one-third of the Movie-MUSNOMIX

dataset (approximately 2 hours 49 minutes) is composed of speech with music. This imbalance in

the sizes of different classes might be evident from the principles of sound editing employed in Indian

movies.

The audio content of Indian movies reflects the significant influence of the Indian cultural context in

terms of spoken language, music genres, vocal songs, and others. Indian movies frequently use different

kinds of background music to highlight the moods of various dramatic scenes. This trend is indicated by

the large size of the SpMu class. The genres of music generally present in Indian movies are traditional

folk, ghazals, Hindustani or Carnatic classical and semi-classical, fusion with western music, cabaret,

and others. Choudhury et al. [225] noted that there had been an increasing influence of western and

middle-eastern music in contemporary Indian movie music. Mukherjee [226] provided a detailed and

insightful study into the development of Indian movie music over the years. Indian movie music consists

of traditional instruments like bamboo flute, shehnai, tabla, sitar, and harmonium, in addition to

pianos, electric guitars, drum sets, and many other western musical instruments. Thus, the soundscape

of Indian movie music is generally vibrant and complex. It often consists of large orchestras where

multiple musical instruments are played simultaneously. Vocal songs are typically created with the

singing voice of one or two lead singers, accompanied by a chorus and instrumental music. The Indian
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movie audio often consists of ambient noises from the surrounding environment where a particular scene

is portrayed, like a street, crowd, indoor or outdoor, and animal sounds. Unfortunately, Indian movie

audio is largely underexplored. Therefore, the Movie-MUSNOMIX dataset is a small contribution by

the authors to encourage audio analysis and related research in the context of Indian movies. The

following section describes the proposal of computing novel audio features for SMC in detail.

3.3 Proposed work

Speech and music are complex non-stationary signals. Spectra of speech consist of source harmonics

superimposed by vocal tract formants. Energy concentrations in the spectrograms of speech signals

are a manifestation of formants [227]. High-amplitude peaks in speech spectra form these energy

concentrations. It has been established that high-amplitude peaks provide information about dominant

formants in the speech spectra [163, 228]. It may be noted that formants are defined only for voiced

segments, which constitute most of the speech content. In contrast, the music spectrum does not have

any formant-like structure. It is composed of harmonics and resonances of the constituent instruments.

High amplitude spectral peaks in the music spectra mostly correspond to resonant frequencies that

influence the timbre of various instruments. Spectral peak trajectories carry valuable information

about the underlying sound segment. Tracking the high amplitude peaks in speech and music might

provide enough information to discriminate between these signals. However, the number of high

amplitude spectral peaks to be considered for tracking might be a task-dependent tunable parameter.

For example, many fundamental frequencies in polyphonic music or multi-speaker speech might be

better represented with additional spectral peak tracks.

Most speech processing systems employ perceptually motivated cepstral features that do not ex-

plicitly model the peak trajectory information [163]. Performing SPT in the spectrograms of speech

and music might be an effective way of extracting discriminating features because of three strong

reasons. First, speech formants have a well-studied structure and show a predictable behavior [229].

However, resonances in music have a dynamic nature depending on the composition and instruments

used to produce the signal. Second, speech production uses only a single resonant cavity, i.e., the vo-

cal tract. In contrast, the music signal is composed of multiple resonant devices depending upon the

number of instruments used. Any deviation from the resonance patterns of speech may indicate the

presence of music in the current two-class scenario. Third, as discussed in Section 3.1, music signals
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(a) (b)

(c) (d)

Figure 3.2: Illustrating the effect of multiple fundamental frequencies on the spectrograms and subsequently
on the proposed peak tracking algorithm. The figures shown are spectrograms computed from 1s intervals of (a)
monophonic music, (b) polyphonic music, (c) single speaker speech, and (d) multi-speaker speech. The original
spectrogram is shown on the left, and the SPT spectrogram is shown on the right.

tend to maintain some of their spectral striations for a considerable duration of time, whereas speech

is highly non-stationary. Therefore, the trajectories of spectral peaks extracted from spectrograms are

believed to capture such distinct behavior of speech and music. The proposed SPT technique and the

subsequent feature extraction procedure are described in the following subsections.

3.3.1 Proposed SPT method

This chapter proposes a novel SPT algorithm that is designed to capture a preset number of highest

spectral peaks in the spectrogram frames of an audio signal. An audio segment x[n] (x[n] ∈ R1) and

n = 0, . . . (Ns − 1) is divided into L overlapping frames xl (l = 0, . . . (L− 1)) of size 2Nf . Let, the kth

DFT coefficient of xl be

Xl[k] =

(2Nf−1)∑
m=0

xl[m]e
−jk

2π

2Nf
m

(3.1)

where, k = 0 . . . (2Nf − 1). These frames (xl) are sequences of real numbers. Hence, only the first

Nf DFT coefficients (i.e. Xl[k] where, k = 0, . . . (Nf − 1)) are considered for further processing.
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Figure 3.3: Illustration of the peak location and amplitude distributions for 1st, 5th, and 10th peak traces,
generated using window size of 10 ms and frame size of 5 ms. Figures (a)-(c) show peak location distributions
and Figures (d)-(f) show peak amplitude distributions. The data is drawn from the GTZAN dataset.

Subsequently, the frequency locations of all spectral peaks in lth frame are identified to construct the

following set Hl.

Hl = {k : (|Xl[k − 1]| < |Xl[k]|) ∧ (|Xl[k]| > |Xl[k + 1]|)} (3.2)

Here, 0 ≤ k < (Nf − 1) and |Xl[k]| indicates the magnitude of Xl[k]. The number of spectral

peaks in each frame varies. Not all spectral peaks are important for the SMC task. Thus, only a fixed

number (at most p, say) of the highest amplitude peaks are selected from the spectrum of each frame.

These highest spectral peaks from each frame are used to construct the truncated frequency location

set H̃l. It is defined as

H̃l =
{
k(1), k(2), . . . k(q)

} (
H̃l ⊆ Hl

)
(3.3)

such that |Xl[k(0)]| ≥ |Xl[k(1)]| ≥ . . . ≥ |Xl[k(q)]| and 0 < q ≤ (p− 1). If for any lth frame, q < (p− 1),

then the highest frequency location (i.e., max(H̃l)) in H̃l is repeated p − 1 − q times to maintain

uniform cardinality of H̃l (i.e., | H̃l |= p) for all frames. When just a small number of highest

amplitude spectral peaks are considered (p = 10, say), this repeating procedure has a negligible effect

on the peak amplitude and location distributions. It is evident from Table 3.2 that the percentage

of frames requiring peak repetition is Nil for two of the datasets used for evaluation, (GTZAN and
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Table 3.2: Repeating procedure statistics for p = 10.

Percentage of peak-repeated frames

Dataset Music Speech Overall

GTZAN 0% 0% 0%

Scheirer-slaney 0% 0% 0%

Musan 0.022% 0.020% 0.021%

Scheirer-Slaney, see section 3.4), while only a minuscule percentage of frames from the third dataset

(MUSAN dataset, section 3.4) require peak repetition.

The elements of H̃l (frequency locations of the p highest peaks in the lth frame spectra) are further

sorted in descending order to construct the vector fHl such that

fHl[0] ≥ fHl[1] ≥ . . . ≥ fHl[p− 1] (3.4)

Here, fHl[r] ∈ H̃l and r = 0, . . . (p−1). fHl contains the sorted frequency locations of the spectral

peaks in H̃l. The vectors fHl (l = 0, . . . (L− 1)) are used to construct a p× L Peak Location Matrix

(PLM) L for an audio interval. The lth column of L is defined as

Ll = fHT
l (3.5)

Similarly, a Peak Amplitude Matrix (PAM) A can be constructed. The elements of A are defined

as

A[r, l] = Xl[h] (3.6)

where h = L[r, l], r = 0, . . . (p − 1) and l = 0, . . . (L − 1). A flowchart describing the procedure of

computing the PLM (or PAM) matrix is provided in Fig. 3.4. Each row of L is defined as Location

Sequence of Peak Traces (LSPT). Similarly, each row of A is defined as Amplitude Sequence of Peak

Traces (ASPT). It may be noted that the first row of L (or A) corresponds to the peak traces of the

highest end of the spectrum. Similarly, the last row of L (or A) corresponds to the peak traces of the

lowest end of the spectrum. The LSPT and ASPT are sequences of peak location and amplitude values,

respectively. These peak traces are viewed in this work as sub-channels of information extracted from

the spectrogram of an audio interval.
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Figure 3.4: Flow chart illustrating the process of computing the PAM and PLM matrices.

In Fig. 3.2, the traces of identified spectral peaks are shown in the actual time-frequency scale as

a separate representation and termed as SPT-spectrogram. An SPT-spectrogram is a matrix of the

same shape as the actual spectrogram and initialized with zeros. Each spectral peak is located with its

frequency bin and frame index in this matrix and initialized with its amplitude. When plotted as an

image, this SPT-spectrogram shows the peak traces extracted from the corresponding spectrogram.

It may be observed (Fig. 3.2) that the peak traces capture unique striation patterns of speech and

music spectrograms. Each LSPT (or ASPT) represents a part of this striation information. Audio

signals composed of many sound sources consist of multiple fundamental frequencies. Spectrograms

of such signals are noisy due to the disturbance of harmonic patterns. However, the signal retains a

basic property of its audio class. As can be observed in Fig. 3.2, both monophonic (Fig. 3.2(a)) and

polyphonic (Fig. 3.2(b)) music contain relatively linear striation patterns. Whereas, single-speaker

(Fig. 3.2(c)) and multi-speaker (Fig. 3.2(d)) speech have curvy striations. Since the basic assumption

of this chapter is preserved even in the case of multiple F0 signals, the proposed approach is still able

to capture the required discriminative information for classification. Efficacy of the proposed SPT

approach can be confirmed by observing the SPT spectrograms shown in Fig. 3.2(a)-(d) that contain

all the prominent spectral striations for all four cases. It is worth noting that these SPT-spectrograms

are generated just for visualization purposes and are not used for feature computation. The proposed

features are computed using the PLM (and PAM) matrix. The proposal for modeling the distributions

of LSPTs (or ASPTs) as features are discussed next.

3.3.2 Statistical moments of peak traces as feature

Fig. 3.3(a)-(c) respectively show distributions of first, fifth, and tenth LSPT distributions of speech

and music across all data in the GTZAN dataset. Similarly, Fig. 3.3(d)-(f) respectively show the
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first, fifth, and tenth ASPT distributions of speech and music. The LSPTs (and ASPTs) have been

computed using short-term frames of size 10 milliseconds (ms) and a frameshift of 5 ms. It can be

seen that the corresponding distributions of LSPT and ASPT of speech and music are different. This

difference might be useful in classifying these two classes if the distributions of these sequences are

represented in a suitable feature space. The first proposal involves using Mean and Standard Deviation

(MSD) to model these distributions. Accordingly, the features extracted from PLM (L, (equation 3.5))

and PAM (A (equation 3.6)) are named as MSD-LSPT and MSD-ASPT respectively. For notational

convenience, the index r (0 ≤ r < (p− 1)) is used for referring to the rth row of L and A. Attributes

derived from the rth LSPT (or ASPT) will also be indexed by r. Mean µLr and standard deviation σLr

of the rth LSPT is computed as follows.

µLr =
1

L

(L−1)∑
l=0

L[r][l] σLr =

√√√√ 1

L

(L−1)∑
l=0

(L[r][l]− µLr )2 (3.7)

The MSD feature computed from PLM is proposed as a 2p-dimensional vector given by

MSD-LSPT =
[
µL0 , . . . µ

L
(p−1), σ

L
0 , . . . σ

L
(p−1)

]
(3.8)

Similarly, the mean (µAr ) and standard deviation (σAr ) of ASPT can be computed from PAM and

can be used to construct the MSD feature as a 2p-dimensional vector given by

MSD-ASPT =
[
µA0 , . . . µ

A
(p−1), σ

A
0 , . . . σ

A
(p−1)

]
(3.9)

A 4p-dimensional feature vector MSD-ASPT-LSPT can be formed by concatenating MSD-ASPT

and MSD-LSPT. The MSD features extracted from individual speech and music audio intervals are

used for training classifiers. Performance of MSD features in SMC on standard datasets are shown

in Section 3.4. This proposal uses only the first and second-order statistics of LSPT (or ASPT).

The following proposal employs Gaussian mixture models for modeling peak location and amplitude

distributions.

3.3.3 Component Bag-of-Words (CBoW) features from peak traces

Peak traces are temporally ordered sequences of prominent peaks occurring in successive frames of

an audio interval. It is believed that these sequences can capture the highest energy striation patterns
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observed in the spectrograms. It can be observed from Fig. 3.3 that the peak traces exhibit multi-

modal distributions. Thus, using only mean and standard deviation might be insufficient to model

these distributions. Moreover, the MSD features are extracted from individual audio intervals and are

oblivious to their global distribution. This reasoning motivated the proposal of another set of features

capable of representing the inherent multi-modality of the global distribution.

Gaussian mixture models (GMMs) are widely used to characterize multi-modal data. A K-

component GMM G =
{
C0, C1, . . . C(K−1)

}
consists of the component Gaussians Cj = {πj , µj , νj}

(j = 0, . . . (K − 1)). Here, πj is the mixing parameter, µj is the mean, and νj is the variance of

Cj . Generally, a GMM is learned by using the Expectation-Maximization algorithm. The number of

GMM components (K) is selected empirically based on experimental results. In this chapter, single-

dimensional GMMs are trained with an optimal number of modes (K) to model the distribution of

any rth peak trace across the whole training dataset. Let Gr be a GMM trained on any rth peak trace

of either speech or music. Let u be the location (or amplitude) of a member peak of the rth peak

trace. The posterior probability of the jth component Crj of Gr with respect to u can be computed as

P
(
Crj | u

)
=

P
(
u | Crj

)
πrj

(K−1)∑
i=0

P (u | Cri )πri

(3.10)

Here, the likelihood function P
(
u | Crj

)
is defined as follows.

P
(
u | Crj

)
=

1√
2πνrj

exp

−
(
u− µrj

)2
2νrj

 (3.11)

Let mGr =
{
mCrj

}
and sGr =

{
sCrj
}

(j = 0, . . . (K − 1)) be two GMMs learned from the rth peak

traces across the whole training set of music and speech respectively. The peak trace distributions of

music and speech are observed to be distinctly different. This will lead to two GMMs with different

component Gaussians. Thus, the following (given by equation 3.12) may be assumed for most cases.

1

L

(L−1)∑
l=0

P
(
mCrj | ul

)
6= 1

L

(L−1)∑
l=0

P
(
sCrj | ul

)
(3.12)

Here, ul are the location (or amplitude) of peak traces of an interval of L frames. Thus, the Component

Bag-of-Words (CBoW) features are proposed as averaged K posterior probabilities obtained from

speech and music GMMs learned from p peak traces. These features have been named such because of
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Figure 3.5: Schematic diagram representing the procedure for computing the CBoW-LSPT feature. The
feature computation is a two-stage process. STAGE 1 estimates separate GMMs for speech and music peak
traces from entire training data. These learned GMMs are used in the STAGE 2 to construct the CBoW-LSPT
features. While computing CBoW-ASPT feature, the LSPT Matrix Computation block is replaced by the ASPT
Matrix Computation block.

their similarity to bag-of-words representation existing in the literature. The CBoW feature extraction

is a two-stage process. The first stage involves the estimation of separate GMMs from peak traces of

all speech and music training data. This first stage is described next.

Let sLt be the PLM matrix constructed from the tth interval (t = 0, . . . (Ts−1)) of speech training

data. Similarly, let mLt̃ denote the PLM matrix constructed from the t̃th interval (t̃ = 0, . . . (Tm− 1))

of music training data. Let the rth rows of sLt and mLt̃ be denoted by lsR
r
t and lmR

r
t̃

respectively

(r = 0, . . . (p−1)). The sets lsS
r and lmSr are constructed (equations 3.13 and 3.14) for accumulating

the frequency locations of the rth peak traces of respective speech and music training data.

lsS
r = {lsRrt [i]; t = 0, . . . (Ts − 1), i = 0, . . . (L− 1)} (3.13)

lmSr =
{
lmR

r
t̃
[i]; t̃ = 0, . . . (Tm − 1), i = 0, . . . (L− 1)

}
(3.14)

Single dimensional K-component GMMs lsGr and lmGr are estimated from the elements of lsS
r

and lmSr respectively. It may be noted that two GMMs are learned for any rth peak trace. Thus, 2p

GMMs are estimated for p peak traces. The learned GMMs are used to compute posterior probability

vectors for any given audio interval. The extraction of CBoW features as posterior probability vectors

are described next.
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Let L be the p×L PLM matrix of an audio interval containing L frames. Let, lR
r be the rth row

of L. The learned GMMs lmGr and lsGr are used to obtain component-wise posterior probabilities

for each element of lR
r. The averaged posterior probability vector lmHr for lR

r is obtained by using

lmGr. This is computed using equations 3.15 and 3.16.

lmZr (i) =
[
P (lmCr0 | lR

r[i]) , . . .P
(
lmCr(K−1) | lR

r[i]
)]

(3.15)

lmHr =
1

L

(L−1)∑
i=0

lmZr (i) (3.16)

Similarly, the averaged posterior probability vector lsHr for lR
r is computed (using lsGr) according to

equations 3.17 and 3.18.

lsZr (i) =
[
P (lsCr0 | lR

r[i]) , . . .P
(
lsCr(K−1) | lR

r[i]
)]

(3.17)

lsHr =
1

L

(L−1)∑
i=0

lsZr (i) (3.18)

It is worth noting that, both lsHr and lmHr are K length vectors. The proposed CBoW-LSPT feature

is constructed as a 2×K × p dimensional vector and is given by

CBoW-LSPT =
[
lmH0, lsH0, . . . , lmH(p−1), lsH(p−1)

]
(3.19)

Similarly, PAM matrices computed from both speech and music intervals are denoted as mAt̃ and

sAt respectively. The rth rows amR
r
t̃

and asR
r
t of mAt̃ and sAt are used to form the sets amSr and

asS
r. The respective GMMs amGr and asGr are estimated from amSr and asS

r. For any given audio

interval with PAM A, the averaged posterior probability vectors amHr and asHr are computed in a

similar manner as described in equations 3.16 and 3.18. The CBoW-ASPT feature is constructed as

a 2×K × p length vector and is given by

CBoW-ASPT =
[
amH0, asH0, . . . , amH(p−1), asH(p−1)

]
(3.20)

Finally, a 4×K×p-dimensional feature vector CBoW-ASPT-LSPT can be formed by concatenating

CBoW-ASPT and CBoW-LSPT. Fig. 3.5 shows a functional block diagram for computing the CBoW

features. Detailed experimentation with proposed features and the performance analysis results are

58

TH-2976_156102026



3.4 Experiments and results

presented next.

3.4 Experiments and results

The proposed features are validated on six datasets. These are (a) GTZAN Music/Speech collec-

tion [204], (b) Scheirer-Slaney Music-Speech Corpus [99], (c) MUSAN - A Music, Speech and Noise

corpus [203], (d) Movie-MUSNOMIX (section 3.2), (e) DAFx-12 [206], and (f) Muspeak [205]. Both

GTZAN and Scheirer-Slaney contain 1 hour of data. On the other hand, MUSAN is a much larger

dataset containing around 102.5 hours of speech and music data. The Movie-MUSNOMIX dataset

consists of approximately 3 hours 40 minutes of speech and music signals. The DAFx-12 and Muspeak

datasets consist of continuous audio sequences with natural transitions between speech and music.

The last two datasets are used to evaluate the robustness of proposed features to real-world signals.

Five baseline approaches have been used to benchmark the proposal in this chapter. The first

baseline uses speech specific feature set (FS) proposed by Khonglah et al. [148] (Khonglah-FS). The

second baseline (Sell-FS) uses chroma-based features to represent music tonality for enhanced speech

music classification [140]. The MFCCs are widely used in most speech processing applications, includ-

ing SMC [149]. This chapter uses the 13-dimensional MFCCs along with their 13 ∆ (velocity) and

13 ∆∆ (acceleration) coefficients as the third baseline (MFCC-39) for performance comparison. Keum

et al. in [114] proposed features derived from a variant of spectral peak tracking for speech and music

discrimination. This approach is adopted as the fourth baseline (Keum-FS). Finally, this chapter uses

the CNN architecture proposed by Papakostas et al. [212] as the fifth baseline (Papakostas-CNN) to

benchmark the proposal against contemporary deep network based methods. Spectrogram images

of 1 second intervals are used to train the CNN and generate results to compare with the proposed

approach.

The experiments are performed using standard python packages 2. This chapter uses a train-

test split ratio of 80 : 20. The examples in each of the two sets are sampled randomly without

replacement to ensure no overlap between the two sets. Classifier hyperparameters have been tuned

over a validation set extracted from the training set, keeping the testing set untouched until final

evaluation. Classification performance is reported using the mean and standard deviation of F1-

scores [230] obtained from 10 independent trials. Based on experimental results, the number of peak

traces (p) and the number of GMM mixtures (K) for computing the proposed features are set to 10

2Codes used in this chapter can be found at https://github.com/mrinmoy-iitg/Speech-Music-Classification-Using-SPT
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Figure 3.6: Architechture of DNN used in Table 3.6, 3.8 and 3.9.

and 5, respectively. For GTZAN and Scheirer-Slaney datasets, classification results for baseline, and

proposed features are generated using SVM with a Radial Basis Function (RBF) kernel. The cost and

RBF kernel bandwidth (γrbf) parameters of SVM are tuned using a grid search. For MUSAN dataset,

the results for baseline and proposed features are computed using bagged RBF-SVM and Deep Neural

Network (DNN) based classifier. The bagged SVM classifier ensemble has 10 base SVM classifiers with

20% bootstrap in each bag. For the Movie-MUSNOMIX, DAFx-12 and Muspeak datasets, the DNN

classifier is used to generate results. The cost and γrbf parameters of all base SVMs are optimized

using a grid search. Fig. 3.6 shows the DNN architecture used in this chapter. The DNN model is

trained for 100 epochs with a batch size of 64. The network is trained with the Adam [231] optimizer

with an initial learning rate of 10−4.

3.4.1 Statistical significance test

The statistical significance of features is studied in this chapter using Multivariate ANalysis Of

VAriance (MANOVA) [232]. The Wilks’ Lambda (Λ) is a test statistic used in MANOVA. The value

of Λ is used to test a null hypothesis (H0) against an alternative hypothesis (H1). These hypotheses

are defined below.

• The null hypothesis H0 states that different data classes belong to a same cluster having a

common mean for a set of dependent variables.

• The alternative hypothesis H1 refutes H0 by claiming that each of the classes in the data corre-
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Figure 3.7: Subfigure (a) illustrates the statistical significance of the baseline and the proposed features in
terms of Wilks’ Lambda (Λ) values obtained by performing MANOVA over the MUSAN dataset. A feature
set with a lower value of Λ is preferred. Subfigure (b) illustrates the maximum CCA values between every
pair of baseline and proposed feature sets for the MUSAN dataset. The proposed feature sets are statistically
significant and carry complementary information to the baseline feature sets.

sponds to different clusters (and different means) for the dependent variables.

The Λ values of different feature sets illustrated in Fig. 3.7(a) indicate that the proposed features

have comparable statistical significance with the baseline features in the current task. Moreover, the

combination of amplitude and location information in the CBoW-ASPT-LSPT and MSD-ASPT-LSPT

improve the statistical significance of the feature set. Therefore, the proposed features can be useful

for the current SMC task.

This chapter also uses Canonical Correlation Analysis (CCA) to gauge the feasibility of combining

different baseline and proposed feature sets. The low correlation of proposed features with Sell-FS,

Khonglah-FS, and MFCC-39, as observed from the CCA values ( Fig. 3.7(b)), indicate that these

feature sets have considerable complementary information. It may also be noted that due to the

similar information captured by the proposed features and Keum-FS, these feature sets have a high

correlation. Nevertheless, the complementary information between the proposed features and three

baseline feature sets (Sell-FS, Khonglah-FS, and MFCC-39) suggests they might be good candidates

for feature fusion to improve performance. In the subsequent subsections, the results of experiments

performed with the proposed features are discussed.

3.4.2 Effect of varying frame and interval size

Table 3.3 presents the effect of changing short-term audio window size from 10 ms to 30 ms (frame

sizes are taken as half of the window sizes). A shorter frame gives a smoother spectrum that resembles

the formant structure in speech. The presence of formants in speech discriminates it from music.
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Table 3.3: Performance of proposed features for different audio frame sizes over GTZAN dataset using 10-
component GMM classifier. The interval size is fixed at 1s. Frame sizes are taken as 5 ms, 10 ms, and 15 ms,
corresponding to window sizes of 10 ms, 20 ms, and 30 ms, respectively.

Features
Frame Size (in miliseconds)

10 20 30

MSD-ASPT 86.96 ±1.65 86.42 ±1.38 86.73 ±1.91

MSD-LSPT 87.51 ±0.89 88.68 ±0.85 86.60 ±1.39

MSD-ASPT-LSPT 90.92 ±1.24 91.21 ±0.92 89.41 ±1.38

CBoW-ASPT 86.56 ±1.28 86.98 ±1.74 88.53 ±1.29

CBoW-LSPT 87.51 ±2.16 87.40 ±1.35 85.79 ±2.16

CBoW-ASPT-LSPT 92.67 ±0.84 93.10 ±0.93 91.79 ±1.06

Table 3.4: Performance of proposed features for different interval sizes over GTZAN dataset using 10-
component GMM classifier.

Classification Interval Size (in seconds)

Features 0.50 1.00 2.00

MSD-ASPT 84.34 ±1.37 86.96 ±1.65 86.83 ±2.08

MSD-LSPT 82.77 ±1.52 87.51 ±0.89 90.70 ±1.28

MSD-ASPT-LSPT 88.19 ±1.55 90.92 ±1.24 92.81 ±1.90

CBoW-ASPT 83.48 ±1.03 86.56 ±1.28 89.55 ±2.11

CBoW-LSPT 82.63 ±1.61 87.51 ±2.16 90.57 ±1.37

CBoW-ASPT-LSPT 89.36 ±1.01 92.67 ±0.84 94.16 ±1.68

Thus, the performance of the proposed features is expected to be better for smaller window sizes. The

performance of the proposed features drops for a window size of 30 ms. On the other hand, almost

similar performances are noted for window sizes of 10 ms and 20 ms. Hence, this chapter uses a 10 ms

window size with a frame size of 5 ms.

Table 3.4 presents the performance of the proposed features computed for three different audio

interval sizes – 0.5 s, 1 s and 2 s. An improvement in classification performance can be observed for an

increase in interval size. This result indicates that using larger interval sizes leads to better modeling

of the spectral peak traces. However, interval sizes of 2 s or more might smooth out instances of

sharp transitions between audio categories in continuous audio streams. At the same time, a 0.5 s

context would provide poor performance. Hence, this chapter considers 1 s audio intervals as units

for classification decisions as a compromise.
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Table 3.5: Performance of SMC using SVM (RBF kernel) classifier on GTZAN and Scheirer-Slaney datasets.
The performances are reported in terms of the mean and standard deviation of the F1-score. The top three
performances are indicated by: F (Best), ♥ (2nd Best) and ♣ (3rd Best).

Baseline Proposed

Dataset Khonglah-
FS

Sell-
FS

MFCC-
39

Keum-
FS

MSD-
ASPT

MSD-
LSPT

MSD-
ASPT-
LSPT

CBoW-
ASPT

CBoW-
LSPT

CBoW-
ASPT-
LSPT

GTZAN 91.02
±1.53

94.00
±0.86♣

93.48
±0.94

90.75
±1.34

92.00
±2.35

89.05
±2.47

94.17
±2.19♥

92.58
±2.24

92.46
±2.90

95.25
±2.24 F

Scheirer
Slaney

95.22
±0.86♣

94.99
±0.63

93.86
±1.20

88.35
±1.54

94.33
±1.87

92.75
±0.85

96.12
±1.78♥

95.03
±1.15

93.89
±1.40

96.15
±1.09 F

Table 3.6: Performance of SMC using Bagged-SVM (RBF kernel) and DNN classifiers on MUSAN dataset.
Performance is reported as: Average F1-score ± standard deviation. The top three performances are indicated
by: F (Best), ♥ (2nd Best) and ♣ (3rd Best).

Baseline Proposed

Classifier Khonglah-
FS

Sell-
FS

MFCC-
39

Keum-
FS

MSD-
ASPT

MSD-
LSPT

MSD-
ASPT-
LSPT

CBoW-
ASPT

CBoW-
LSPT

CBoW-
ASPT-
LSPT

Bagged-
SVM

91.09
±0.12

97.32
±0.05

98.29
±0.05♥

95.37
±0.06

94.28
±0.08

93.25
±0.07

98.10
±0.05♣

95.32
±0.08

96.75
±0.09

98.99
±0.04 F

DNN 92.49
±0.12

97.62
±0.09

98.56
±0.09♥

95.40
±0.52

94.52
±0.59

91.88
±1.56

97.51
±0.55♣

95.35
±0.67

97.14
±0.63

98.87
±0.25 F

Table 3.7: Performance of SMC using DNN classifier on Movie-MUSNOMIX dataset. Performance is reported
as: Average F1-score ± standard deviation. The top three performances are indicated by: F (Best), ♥ (2nd

Best) and ♣ (3rd Best).

Baseline Proposed

Khonglah-
FS

Sell-
FS

MFCC-
39

Keum-
FS

MSD-
ASPT

MSD-
LSPT

MSD-
ASPT-
LSPT

CBoW-
ASPT

CBoW-
LSPT

CBoW-
ASPT-
LSPT
(EF)

CBoW-
ASPT-
LSPT
(LF)

96.09
±1.35♥

95.42
±1.21

95.57
±3.85

87.96
±3.41

42.86
±14.37

56.06
±19.45

93.38
±2.05

94.31
±2.42

92.12
±3.47

95.78
±2.61♣

96.25
±1.95 F

3.4.3 Performance analysis

Table 3.5 presents performance of baseline and proposed features using SVM (RBF kernel) over

the GTZAN and Scheirer-Slaney datasets. The CBoW-ASPT-LSPT and MSD-ASPT-LSPT features
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Table 3.8: Peformance comparison of best baseline and proposed features with 2D CNN based baseline
(Papakostas-CNN).

Dataset Papakostas-CNN Best baseline Best Proposed
(CBoW-ASPT-LSPT)

GTZAN 89.76 ±3.16 94.00 ±0.86 (Sell-FS) 95.25 ±2.24

Scheirer-
Slaney

90.85 ±4.29 95.22 ±0.86
(Khonglah-FS)

96.15 ±1.09

Musan 99.36 ±0.76 98.56 ±0.09 (MFCC-39) 98.87 ±0.25

provide the best and second-best performance over these two datasets. Table 3.6 shows the classifi-

cation performance of baseline and proposed features on MUSAN dataset using bagged SVM (RBF

kernel) and DNN. All baseline and proposed features show better performance over this dataset due

to the availability of a large amount of training data. Even the standard deviations of F1-scores are

observed to reduce significantly. The MFCC-39 turns out to be the best baseline feature. The CBoW

features individually perform better than individual MSD features. The MSD-ASPT-LSPT feature

substantially improves upon the MSD features taken separately. However, CBoW-ASPT-LSPT stands

out as the overall best performer with the DNN classifier. Table 3.7 illustrates the performance of

the proposed features on the Movie-MUSNOMIX dataset. The proposed features also perform better

than the baselines on the movie audio signals, which are known to have additional complexities. The

early-fusion (EF) strategy of combining CBoW-ASPT and CBoW-LSPT (CBoW-ASPT-LSPT (EF)

in Table 3.7) performs slightly poorer than the best baseline, Khonglah-FS. However, in a late-fusion

(LF) strategy (CBoW-ASPT-LSPT (LF) in Table 3.7), the proposed features provide the best per-

formance on the Movie-MUSNOMIX dataset as well. The MSD-ASPT and MSD-LSPT features are

considerably poor performers. However, their early-fusion combination MSD-ASPT-LSPT performs

well.

Table 3.8 presents a comparative performance analysis of Papakostas-CNN, the best one among

baselines and the best one among proposed ones. This analysis is presented for the individual datasets.

For GTZAN and Scheirer-Slaney, the performance of Papakostas-CNN is significantly lower than the

best baselines (Sell-FS and Khonglah-FS, respectively) and proposed feature (CBoW-ASPT-LSPT).

This decreased performance can be attributed to insufficient training data available in smaller datasets.

However, for the larger MUSAN dataset, Papakostas-CNN outperforms all other methods. The pro-

posed CBoW-ASPT-LSPT feature provides comparable performance on the MUSAN dataset. Such
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Table 3.9: Result of combining the proposed features with contemporary deep network based techniques.

Feature F1-score

CBoW-ASPT-LSPT (CAL) 98.87 ±0.25

DBF [233] 98.87 ±0.41

Papakostas-CNN-Embed [212] 99.17 ±0.2

CAL + DBF (Early fusion) 99.50 ±0.17

CAL + DBF (Late fusion) 99.61 ±0.15

CAL + Papakostas-CNN-Embed (Early Fusion) 99.66 ±0.06

CAL + Papakostas-CNN-Embed (Late Fusion) 99.80 ±0.05

a result indicates the efficiency of proposed CBoW features in SMC.

Experiments were also performed to show the effectiveness of combining the CBoW-ASPT-LSPT

feature with two contemporary deep network based methods. First is the deep bottleneck feature

(DBF), which has gained popularity in many speech processing applications in recent times [233].

The DBFs are generated using a deep neural network. One of the hidden layers in this network,

the bottleneck layer, has significantly fewer nodes than other layers. Embeddings generated from this

layer are referred to as DBF. The DBF network considered in this chapter has 5 hidden layers, and the

middle one is the bottleneck layer. The bottleneck layer has a size of 50, the input and other hidden

layers have 1313 nodes each, and the output layer has 2 nodes. MFCC (13-dimensional) features

for every frame in a 1 second interval are concatenated and passed as input to the DBF network.

Second, feature embeddings generated from the Papakostas-CNN network (Papakostas-CNN-Embed)

are used as the other deep-learning based feature. Papakostas-CNN-Embed feature is extracted from

the penultimate layer of the CNN network proposed in [212] and has a dimension of 4096. The DNN

architecture illustrated in Fig. 3.6 is used as the classifier in this experiment.

The results obtained from these experiments are listed in Table 3.9. It can be observed that

Papakostas-CNN-Embed performs better than DBF and CBoW-ASPT-LSPT. However, the results

improve when the DBF and Papakostas-CNN-Embed features are separately combined with CBoW-

ASPT-LSPT. Thus, the proposed CBoW-ASPT-LSPT features capture complementary information,

which leads to improvement in performance upon combination. Both early and late fusion strategies

improve classification performance. However, it is observed that late fusion provides better results in

both cases.
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Figure 3.8: Figure illustrating the performance of CBoW-ASPT-LSPT with mixed class (MC) data. The
performance drops drastically for both the cases when SNR increases beyond 2 dB

The efficiency of CBoW features may be intuitively explained as follows. First, each one-dimensional

element of LSPT (or ASPT) is projected to a K-dimensional posterior probability vector. Such a non-

linear transformation to a higher dimensional space might induce the separability of features. Second,

the averaged posterior probability vectors of all peak traces are concatenated together. This concate-

nation further enhances the chances of separability in a higher-dimensional space. Third, averaging

posterior probability vectors over an interval possibly emphasize the importance of class-specific com-

ponents.

Table 3.8 indicates that the proposed feature CBoW-ASPT-LSPT outperforms Papakostas-CNN

on the two smaller datasets (GTZAN and Scheirer-Slaney). However, Papakostas-CNN marginally

outperforms CBoW-ASPT-LSPT on a larger dataset (MUSAN ) by approximately 0.5%. This perfor-

mance gain of Papakostas-CNN may be attributed to the availability of a larger amount of training

data. Nevertheless, when embeddings obtained from Papakostas-CNN are combined with CBoW-

ASPT-LSPT, the best performance on the MUSAN dataset is obtained (see Table 3.9). Thus,

Papakostas-CNN-Embed and the CBoW-ASPT-LSPT feature may be a better combination for SMC

on larger datasets. In contrast, the CBoW-ASPT-LSPT feature alone may be more suitable for the

SMC task on smaller datasets.

3.4.4 Analysis of failure cases

In practical scenarios, classification models trained on clean speech and music data may be tested

with data that have a mixture of both classes (SpMu). Accordingly, a set of experiments are performed

to gauge the effectiveness of the proposed features in a scenario involving SpMu data. The trained
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models are tested against clean speech and SpMu data in one set. The SpMu test data are synthetically

generated by mixing speech with music at different Signal-to-Noise Ratios (SNR) (−20 dB to +20 dB).

The mixing SNR is computed by considering music as the reference signal and speech as the mixing

noise. This type of SpMu signal is termed Mixed Class with Speech Noise (MCSN), and the experiment

is termed Clean Speech vs. MCSN (CS-MCSN).

Similarly, the trained models are also used to classify clean music and SpMu data in the second set

of experiments. The SpMu test data for this experiment is synthetically generated by mixing music

with speech signals at different SNR (−20 dB to +20 dB). This SpMu signal is termed Mixed Class

with Music Noise (MCMN), where speech is considered the reference signal and music is mixed as noise.

The second set of experiments is termed Clean Music vs. MCMN (CM-MCMN). The performance

obtained for these experiments is illustrated in Fig. 3.8.

It can be observed from Fig. 3.8 that as the energy of mixing noise in the SpMu data increases

for either case, the performance gradually drops. With the increasing energy of the mixing noise,

SpMu data becomes increasingly similar to the clean class data considered in the experiment. For

example, in the CS-MCSN case, MCSN data becomes increasingly similar to speech with increasing

energy of the mixing noise (speech) from +20 dB to −20 dB. The same reasoning works for the CM-

MCMN case. MCMN data becomes increasingly similar to music with increasing energy of the mixing

noise (music) from +20 dB to −20 dB. Hence, most test MCMN samples are recognized as music in

the CM-MCMN experiment at lower SNR. Similarly, the MCSN samples are predicted as speech in

the CS-MCSN experiment at lower SNR. The lowest performance reaching close to 50% justifies this

reasoning. Hence, it can be observed from Fig. 3.8 that the proposed feature shows stable performance

with graceful degradation as long as either speech or music is the dominating content over the added

noise in mixed class data. Thus, it can be said that the proposed feature is robust up to a tolerable

noise level.

3.4.5 Performance with real-world signals

Table 3.10 lists the performances of the proposed CBoW features on the DAFx-12 dataset [206]

that contains real-world speech and music signals. The DAFx-12 dataset consists of mixed speech

and music signals which pose an additional challenge to the proposed approach. Moreover, there is

a significant data imbalance between the speech and music classes. The amount of music present in

the DAFx-12 dataset is more than three times that of speech. Such complexities in the dataset are
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Table 3.10: Performance of the proposed approach on real signals from the DAFx12-dataset [206] are tabulated
here. Baseline results are quoted directly from the reference.

Music/ Non-music Speech/
Non-speech

Test set Method Acc Prec Rec F1 Acc Prec Rec F1

Swiss

Schlüter et al. [206] 97.30 98.80 98.00 98.40 98.40 96.40 96.50 96.40

CBoW-ASPT 91.37 97.13 92.54 94.78 93.24 80.79 92.80 86.38

CBoW-LSPT 90.86 96.41 92.66 94.5 92.68 82.09 87.36 84.64

CBoW-ASPT-LSPT 93.10 96.65 95.14 95.89 94.99 86.61 92.60 89.51

Austrian

Schlüter et al. [206] 95.60 95.30 97.40 97.30 97.00 95.90 95.10 95.50

CBoW-ASPT 89.65 95.89 91.34 93.56 90.15 87.98 82.54 85.17

CBoW-LSPT 88.71 94.76 91.33 93.01 89.39 90.32 77.34 83.33

CBoW-ASPT-LSPT 91.17 94.85 94.38 94.61 90.15 92.95 77.11 84.29

reflected in the performance of proposed CBoW features tabulated in Table 3.10. The CBoW-ASPT-

LSPT is again the best performer among the proposed features over both the test sets provided with

the DAFx-12 dataset. However, the baseline performance (Schlüter et al. [206]) is better than the

proposed features. The proposed features provide comparable performance in the music detection

task. Because of the extreme data imbalance in the dataset, the speech detection performance of

the proposed features is quite poor. The proposed features, designed for isolated speech and music

signals, are also affected by the presence of mixed speech and music signals in the DAFx-12 dataset.

Nevertheless, the proposed features show promising results with real-world signals.

Table 3.11 shows the performance of the proposed CBoW features on the Muspeak [205] dataset

that is used for model training in the popular MIREX challenges. The submissions to MIREX are

evaluated on undisclosed datasets. However, the Muspeak dataset consists of audio signals with natural

transitions between speech and music. Hence, this dataset is considered in this chapter to evaluate

the performance of the proposed features. The baseline results of Doukhan et al. [2] reported in

Table 3.11 cannot be directly compared to that of the proposed features because of the difference in

evaluation datasets. The baseline performances can be best-considered references to judge the efficacy

of proposed features. The previously discussed DAFx-12 dataset contains a similar type of audio

data as those present in the Muspeak dataset. Hence, the models trained on the DAFx-12 dataset

have been used to evaluate the audio from the Muspeak dataset. The results are reported as F1-score
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Table 3.11: Event-level performance on Muspeak dataset [205]. The onset-offset F1-score at different tolerance
durations is reported.

Dataset F1-score (500 ms) F1-score (1000 ms)

M
u

si
c

Doukhan et al. [2] MIREX Evaluation
Dataset 1

0.0930 0.1142

Doukhan et al. [2] MIREX Evaluation
Dataset 2

0.2235 0.2480

CBoW-ASPT

Muspeak [205]

0.0794 0.0922

CBoW-LSPT 0.0864 0.1047

CBoW-ASPT-LSPT 0.0868 0.0970

S
p

e
e
ch

Doukhan et al. [2] MIREX Evaluation
Dataset 1

0.1603 0.2122

Doukhan et al. [2] MIREX Evaluation
Dataset 2

0.4139 0.4350

CBoW-ASPT

Muspeak [205]

0.1821 0.1918

CBoW-LSPT 0.1858 0.2078

CBoW-ASPT-LSPT 0.1047 0.2124

of correct detection of onset or offset points of speech and music in the audio sequences within a

specific tolerance window (500 ms or 1000 ms). The onset and offset points are termed events in

the literature, and the F1-score of detecting such events is known as event-level performance. The

reported performances indicate that the EF of CBoW-ASPT and CBoW-LSPT (CBoW-ASPT-LSPT)

performs best among the proposed features. The event-level performance is observed to improve with a

larger tolerance window. Satisfactory performance is obtained with the proposed features in detecting

natural transitions of speech and music in audio signals.

3.5 Summary

This chapter proposes a novel two-stage feature extraction scheme for representing the time-

frequency characteristics of an audio interval. The first stage detects a fixed number of prominent

spectral peak traces in an audio interval. Two proposed features (MSD and CBoW) are computed

from the detected peak traces’ locations (or amplitudes). The performance of the proposed algorithm

is validated on six datasets and compared with five baseline approaches. It is shown that the fusion

of either MSD (i.e., MSD-ASPT-LSPT) or CBoW (i.e., CBoW-ASPT-LSPT) features provide better

performance than the individual ones. Experiments show that CBoW-ASPT-LSPT stands out as the
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overall best feature. Furthermore, combining the proposed CBoW-ASPT-LSPT feature with contem-

porary deep bottleneck features and deep CNN embeddings improves the classification performance,

indicating that such a combination can form a highly robust SMC system. The proposed features also

perform well in detecting speech and music in real-world audio signals.

This chapter employs only the magnitude spectrum to compute the proposed features. The phase

spectrum of speech and music signals is not sufficiently explored in the literature. Hence, the sub-

sequent chapter attempts to study the distinct phase characteristics of these signals. Moreover, the

utility of the phase component in discriminating between speech and music signals is also established

through extensive experimentation.
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Objective

It has been discussed in the previous chapter that speech and music constitute a significant pro-

portion of the movie audio. Speech vs. Music Classification (SMC) is an essential preprocessing step

for many high-level audio-based movie content analysis applications, like audio diarization, subtitle

generation, and dynamic emotion prediction. In that regard, this chapter proposes another approach

for SMC. Similar to the previous chapter’s proposal, researchers have mainly used various magnitude-

based features for SMC in the past. Comparatively, the phase spectrum has received lesser attention in

this task. The phase component is believed to carry valuable information to help determine its audio

class. This chapter explores three existing phase-based features for SMC. The potential of phase in-

formation is highlighted through a statistical significance test and canonical correlation analysis. The

proposed approach is benchmarked against four baseline magnitude-based feature sets. The contributed

Movie-MUSNOMIX dataset and widely used public datasets like MUSAN, GTZAN, Scheirer-Slaney,

DAFx-12 and Muspeak have been used for performance evaluations. In combination with magnitude-

based features, phase-based features improve the baseline performance consistently for the datasets used.

Various phase and magnitude-based feature combinations also show satisfactory generalization over the

datasets. Phase-based features perform satisfactorily in identifying speech and music signals corrupted

with different environmental noises at various SNR levels. Moreover, the combination of phase-based

and magnitude-based features is effective in segmenting continuous speech and music signal sequences.

4.1 Task overview

Efficient detection of speech and music signals is an essential preprocessing step of high-level

applications for movie content analysis like audio diarization, subtitle generation, and dynamic emotion

prediction [234, 235]. Austin et al. [24] showed that detecting high-intensity music in movies could

aid the prediction of their genre. Precise speech detection is vital for enhancing the intelligibility

of movie dialogues when listening in noisy environments [236]. Therefore, it is necessary to develop

systems that can efficiently detect speech and music intervals and generalize well to the challenging

conditions of movie audio signals. This chapter proposes an SMC system that employs comparatively

lesser explored phase information of the audio signal as a feature for classification.

Speech and music signals have distinct acoustic properties [127, 208]. A challenge in building

efficient classifiers for these signals is identifying features that capture relevant discriminatory in-
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formation. Various audio features have been explored in the literature to capture such differences.

Standard spectral features like Spectral Centroid, Spectral Rolloff, and Spectral Flux [149] are widely

used. Temporal features like Zero Crossing Rate (ZCR) [140], Energy [139], Entropy [137] and Root

Mean Square values [140] are also popular. Speech-specific features have been shown to efficiently

discriminate speech from music [148]. Sell et al. [140] have shown that music-specific chroma-based

features with other standard features work very well in this task. Other approaches in Speech vs.

Music Classification (SMC) literature extract features from the spectrogram representation [115,139].

Recently, deep-network based automatic feature learning techniques have also been explored that

provide higher success rates [211,212].

The popular Music Information Retrieval Evaluation eXchange (MIREX) challenges have been

organized every year since 2005 by the International Music Information Retrieval Systems Evaluation

Laboratory at the University of Illinois at Urbana-Champaign, United States of America. In the

2015 and 2018 editions of the MIREX challenge, one of the tasks was speech and music detection.

Many state-of-the-art submissions competed for the top positions in the task. A brief review of the

best submissions for this task is provided here. The SMC systems submitted to these challenges

can be grouped into two broad categories. Systems of the first category start by pre-segmenting

the input audio into homogeneous segments. The segmentation step is followed by classifying each

identified segment into a specific audio class. The second category consists of systems that classify

short-term frames into audio classes and combine those predictions into homogenous segments using

post-processing methods like Viterbi decoding or median filtering.

The most popular audio features among top submissions of the MIREX SMC challenge (2015 edi-

tion) were Root Mean Squared Energy, Spectral features, ZCR, Mel-Frequency Cepstral Coefficients

(MFCC), Mel-scaled and regular Spectrograms, and Chroma-based features. In addition to these,

Constant-Q Transform spectrograms and Periodograms were also employed. In the 2018 edition,

most submissions used the Mel spectrogram as a feature for classification. A few works also explored

hidden-layer embeddings obtained from deep networks as features. The popular choices of classi-

fiers in MIREX 2015 were heuristic-based decision functions, Logistic Regression, Random Forests,

Support Vector Machines (SVM), Restricted Boltzmann Machines, and shallow Convolutional Neural

Networks (CNN). However, in the 2018 edition of MIREX, most submissions preferred deep CNNs as

the classifier. A few authors also employed Recurrent Neural Networks, Deep Residual Networks, and
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Multi-Layer Perceptrons.

Most existing SMC works employ features derived from the magnitude spectrum of audio signals.

In comparison, phase information is rarely used for this particular task. Audio signals have frequency-

encoded information where magnitude plays a more critical role than phase [237]. However, speech

and music signals possess appealing properties that motivated the exploration of phase-based features

in this task. Phase is believed to carry the information about the shape of signal waveform [161].

The waveform of speech and music signals can be very different. Also, the temporal evolution of

instantaneous frequencies that model various musical phenomena like vibrato is characterized by time

warping [238].

An audio signal is described as the superposition of harmonic components with global amplitude

modulation and time warping (or phase variations) [238]. Such time-warping phenomena are absent in

speech signals. Furthermore, music has higher temporal regularity than speech because music follows

beat isochrony and a meter [239]. Such temporal properties might be captured in their phase informa-

tion. Additionally, signal distortions are more pronounced in the corresponding group delay time than

in the phase response [240]. The human auditory system is more sensitive to high-frequency signal

components lagging behind low-frequency components [240]. Speech is essentially a low-frequency

signal when compared to music. Hence, delays between high and low-frequency components of music

might be more pronounced than in speech. The human auditory system is sensitive to phase distor-

tion of speech and music signals when the maximum difference in group delays at the high (near 8

kHz) and low (in the neighborhood of 125 Hz) frequencies is above 50-70 ms [241]. More specifically,

distortions are noticeable when maximum differences between group delay times for low (125 Hz) and

high (8 kHz) frequencies are 40 ms and 80 ms for speech and music, respectively [240]. Moreover,

phase distortions of speech signals are perceived as more substantial than those of music [240]. Such

a difference between the signals may be exploited for their discrimination.

Mukherjee et al. [242] state that phase synchronization is a quantification tool in communication

theory to establish similarity between two music signals. It can be argued that the non-synchronous

phase of speech and music signals may help discriminate between them. Another discriminating

aspect between speech and music is the number of sound sources in these signals. Generally, multiple

speakers simultaneously speaking are relatively less frequent. In other words, most of the available

speech data can be considered to be produced by a single system at a time. Most music signals in real-
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life scenarios involve multiple systems producing different tones (polyphonic). Hence, most music data

may be assumed to be produced by multiple systems playing simultaneously. The phase relationship

between the sound components of speech (mostly single-system) must differ from music signals (mostly

multi-system). Motivated by these ideas, the present chapter explores the phase information for

discriminating between speech and music. However, we believe that the phase information of the

signals involved in Multi-Speaker Speech (MSS) and Single Instrument Monophonic music (SIM) may

not be sufficient to identify their audio class. We assume that the availability of MSS and SIM in

real-life scenarios must be relatively scarce and can be ignored for this study.

This chapter investigates the importance of phase information in the current task by exploring three

existing phase-based features previously employed in other speech processing applications. These fea-

tures are MFCC computed from the Hilbert envelope of the Numerator of Group Delay spectrum

(HNGDCC) [243], Modified Group Delay Cepstral Coefficient (MGDCC) [244], and Instantaneous

Frequency Cosine Coefficient (IFCC) [245]. The relevance of these features and their respective con-

tributions to the current task are described in section 4.2. The current proposal of using phase-based

features is benchmarked against four state-of-art baseline magnitude-based approaches and validated

on six datasets. The principal contributions of this chapter are listed next.

(i) This chapter explores phase information in the SMC task. In this regard, three existing phase-

based audio features are explored, viz., Mel-Frequency Cepstral Coefficients computed from

Hilbert Envelope of Numerator of Group Delay spectrum, Modified Group Delay Cepstral Co-

efficients, and Instantaneous Frequency Cosine Coefficients.

(ii) Canonical Correlation Analysis (CCA), Multivariate ANalysis Of VAriance (MANOVA), and

generalization capability of the phase-based features across datasets are investigated and re-

ported.

(iii) This chapter analyzes the SMC performance of phase-based features when the test signals are

corrupted with noise at various SNR levels.

(iv) A preliminary study is also provided to show the effectiveness of the phase-based features in

combination with the magnitude-based ones in segmenting continuous sequences of speech and

music.

The organization of this chapter is as follows. Section 4.2 describes the three phase-based features

75

TH-2976_156102026



4. Phase Features for Speech Music Classification

used in this chapter and their importance in the current context. Brief descriptions of the baseline

features used to benchmark the current proposal are provided in subsection 4.2.4. Experiments and

results are discussed in section 4.4. Finally, the chapter is summarized in section 4.5.

4.2 Features

This proposal aims to validate that SMC performance can be improved by utilizing valuable

information from the signal’s phase component. Three existing phase-based features, viz., HNGDCC,

MGDCC, and IFCC, are explored in this context. The performance of these phase-based features is

compared with four baseline magnitude-based features. An overview of the proposed SMC system is

described next.

The proposed system performs the following major steps. First, a given signal x[n] (n = 0, . . . (Ns−

1)) that is sampled at sr Hz, is split into L short-term audio frames xl (l = 0, . . . (L − 1)). Here, xl

is tw milliseconds (ms) long and starts with a shift of ts ms after xl−1. Second, the phase-based and

baseline features are computed and stored for each xl. Let, Fl be a feature vector computed for frame

xl (Fl ∈ RD). Third, a classifier model is trained to perform frame-level classification. This chapter

uses Gaussian naive Bayes, SVM, Deep Neural Network (DNN), and CNN as classifiers. A context of

2W frames around every Fl is given as input to the classifier, which learns to predict the class of Fl.

The mean F
(l)
µ and standard deviation F

(l)
σ of the 2W frames around Fl are concatenated to form the

input vector Vl =
[
F

(l)
µ , F

(l)
σ

]
in the case of naive Bayes, SVM and DNN classifiers. Here, the mean

and standard deviation of the dth feature dimension is computed as equation 4.1 and equation 4.2.

F (l)
µ [d] =

1

2W

l+W−1∑
i=l−W

Fi[d] (4.1)

F (l)
σ [d] =

∣∣∣∣∣∣
√√√√ 1

2W

l+W−1∑
i=l−W

(
Fi[d]− F (l)

µ [d]
)2∣∣∣∣∣∣ (4.2)

Here, d = 0, . . . (D− 1). In the case of CNN classifier, the input is a 2-dimensional feature-patch Sl of

size d× 2W which is extracted as Sl =
[
F Tl−W , . . . F

T
l , . . . F

T
l+W

]
.

Finally, the trained classifiers are used to predict the audio class of the center frame in each 2W -

sized context window extracted from the test data. The following subsections describe the computation

process of the phase-based features and their relevance in the current task. Baseline features used for
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

Figure 4.1: Illustrating the difference between time-frequency representations generated from the magnitude
and phase components of music and speech signals. Sub-figures show (a) DFT spectrogram of music, (b)
DFT spectrogram of speech, (c) HNGD spectrogram of music, (d) HNGD spectrogram of speech, (e) MGD
spectrogram of music, (f) MGD spectrogram of speech, and (g) IFQ spectrogram of music, (h) IFQ spectrogram
of speech.

performance comparison in this chapter are briefly described later.
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4.2.1 Mel-frequency Cepstral Coefficients of Hilbert Envelope of the Numerator
of Group Delay

The Discrete Fourier Transform (DFT) spectrograms and HNGD spectrograms for speech and

music signals are shown in Fig. 4.1(a)-(d). It was argued in [243] that the HNGD spectrum captures

the formant peaks better than the DFT spectrum. It can be observed in Fig. 4.1(c) and Fig. 4.1(d)

that the HNGD spectrogram slightly smoothes out the harmonics. For a speech signal, the HNGD

algorithm enhances formants. The formant structure present in speech is a unique characteristic that

distinguishes it from music [229]. A feature that captures the formant information better can be

expected to perform well in SMC. Thus, MFCC computed from the HNGD spectrum (HNGDCC,

used as phase-feature P1) is explored in this chapter.

The HNGD spectrum was proposed by Yegnanarayana et al. [243] to deal with the smoothing-out

of formant peaks in the DFT spectrum. This spectrum is extracted from the group delay function

representing the underlying signal’s phase component. Previously, Murthy et al. [218] proposed a

method for extracting epoch locations in the speech by filtering the signal with a zero-frequency

resonator. The authors showed that this epoch extraction approach does not smear the discontinuities

in the time-domain signal. A similar approach in the time domain, called zero-time windowing, is

used to compute the HNGD spectrum.

Let x[n] be an audio segment that is differenced to remove the DC bias. A zero-time windowing

of the lth short-term frame xl of size 2Nf obtained from x[n] is performed using a window function

w[m] (m = 0, . . . (2Nf − 1)) to obtain xzl = xl · w. Here, w is defined by equation 4.3.

w[m] =


0, m = 0

1

4sin2( πm4Nf
)
, m = 1, . . . 2Nf − 1

(4.3)

Yegnanarayana [246] showed that speech formants could be enhanced by exploiting the properties of

group-delay function τ [k]. The τ [k] is computed according to equation 4.4 [247].

τ [k] =
XR[k]YR[k] +XI [k]YI [k]

X2
R[k] +X2

I [k]
, k = 0, . . . 2Nf − 1 (4.4)

Here, X[k] = XR[k] + jXI [k] is the 2Nf -point complex DFT of xzl [m] and Y [k] = YR[k] + jYI [k] is the

2Nf -point complex DFT of y[m] = m · xzl [m]. Since the input signals are real, only Nf components

are retained in τ [k]. The numerator of τ [k] is the Numerator of Group Delay (NGD). Compared to
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τ [k], NGD has a higher resolution around formants [246,248]. Hence, only NGD is retained for further

processing. The NGD function is sign-reversed and double-differenced (referred to as DD-NGD). Since

NGD is a function of frequency, the double-differencing operation to obtain DD-NGD is performed

in frequency. However, these operations may affect the orientation of higher-order resonances [243].

Moreover, spectral valleys may affect nearby peaks and increase the difficulty of identifying peak

locations. Hence, the Hilbert envelope of the DD-NGD spectrum (defined as the HNGD spectrum) is

computed to highlight the peaks using equation 4.5.

HNGD[k] =
√
DD −NGD2[k] +DD −NGD2

h[k] (4.5)

Here, k = 0, . . . (Nf − 1) and DD − NGDh[k] is the Hilbert transform of DD − NGD[k]. The

DD −NGDh[k] function is computed using equation 4.6.

DD −NGDh[k] = F−1D {Dh[k̃]} (4.6)

Here, k̃ = 0, . . . (Nf − 1) and F−1D is the inverse DFT operator. Dh[k̃] is defined according to equa-

tion 4.7.

Dh[k̃] =


−jD[k̃], 0 < k̃ ≤

Nf

2

jD[k̃],
Nf

2
< k̃ ≤ (Nf − 1)

(4.7)

Here, D[k̃] is the Nf -point DFT of DD −NGD[k]. The reader is encouraged to refer to the original

paper for a detailed treatment of HNGD computation and related issues [243].

Khonglah et al. [249] showed that MFCC computed from the HNGD spectrum performed better

than that computed from the DFT spectrum for the task of clean speech vs. speech with background

music classification. The MFCC computation process involves smoothing the HNGD spectrum using

a series of nmel triangular Mel-filters. The rth Mel filter is defined according to equation 4.8 [250].

Hr[k] =



0, if fk < f̃r−1

fk − f̃r−1
f̃r − f̃r−1

, if f̃r−1 ≤ fk < f̃r

fk − f̃r+1

f̃r − f̃r+1

, if f̃r ≤ fk < f̃r+1

0, if fk ≥ f̃r+1

(4.8)
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Here, r = 0, . . . (nmel − 1), k = 0, . . . (Nf − 1), nmel << Nf , and f̃r are the center-frequencies of nmel

Mel-filters. Hertz-scale frequencies fk are converted to Mel-scale frequencies φk using equation 4.9.

φk = 2595 log10

(
1 +

fk
700

)
(4.9)

Next, nmel equally spaced frequencies in the Mel-scale are reconverted to Hertz-scale and selected

as center-frequencies for the Mel filter-bank. Typically, the center frequencies are selected within

a predetermined frequency range. Subsequently, the natural logarithm of the sum of element-wise

product between Mel filters H and the DFT spectrum X is computed according to equation 4.10.

X̂ [r] = ln

(Nf−1)∑
k=0

|X[k]| ·Hr [k]

 (4.10)

The Mel filter-bank energies X̂ are then decorrelated and compacted using discrete cosine transfor-

mation as equation 4.11 [250].

ψ[j] =

(nmel−1)∑
r=0

X̂ [r] cos

(
l
π

nmel

(
r − 1

2

))
(4.11)

Here, j = 0, . . . (nm − 1), and ψ is the HNGDCC feature vector. It may be noted that the standard

MFCC feature differs from HNGDCC. Standard MFCC is computed from the DFT magnitude spec-

trum, whereas HNGDCC is computed from the HNGD spectrum that contains phase information of

the underlying signal. Finally, first 13 cepstrum coefficients ([ψ[0], ψ[1], . . . ψ[12]]) are retained for each

frame, along with their 13-∆ and 13-∆∆ coefficients together to form the 39-dimensional P1 feature.

4.2.2 Modified Group Delay Cepstral Coefficient

The group delay function and phase spectrum of a signal have similar characteristics. Murthy et

al. [244] observed that the standard group delay function might contain unwanted spikes due to pitch

peaks, noise, and window effects, thereby making it ill-defined. Hence, they proposed a less noisy

Modified Group Delay (MGD) function that better preserves the finer structure. The formulation of

the original group-delay function is provided in equation 4.4. Murthy et al. [244] proposed to compute

the MGD function τMGD[k] by modifying equation 4.4 to equation 4.12.

τMGD[k] = sgn ·
∣∣∣∣XR[k]YR[k] +XI [k]YI [k]

S[k]2γ

∣∣∣∣ρ (4.12)
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Here, X[k] = XR[k] + jXI [k] and Y [k] = YR[k] + jYI [k] are the respective 2Nf -point complex DFTs

of xl[m] and y[m] = m ·xl[m], S[k] is the smoothed version of |X[k]|, |·| is the absolute value function,

and sgn represents the sign of
XR[k]YR[k] +XI [k]YI [k]

S[k]2
. The parameters ρ and γ can be tuned to

reduce the spiky nature of the function. The MGD function is converted to cepstral features using the

Discrete Cosine Transform (DCT) (equation 4.11). A detailed description of the computation of the

MGD spectrum can be found in [244]. The first 13 DCT coefficients in each frame, along with 13-∆

and 13-∆∆, taken together form the 39-dimensional MGDCC feature.

The time-frequency representation of MGD computed for music and speech signals are shown

in Fig. 4.1(e) and Fig. 4.1(f), respectively. MGD is described as the frequency derivative of phase

component and is known to capture the inter-formant information in the speech spectra [244]. The

lack of a strict formant structure in music makes MGD a decent choice for use in the discrimination

of music and speech signals. Previously, the MGDCC has been successfully used in speech phoneme

recognition [244]. Therefore, this chapter considers MGDCC (phase feature P2) the second phase-

based feature for SMC.

4.2.3 Instantaneous Frequency Cosine Coefficient

Vijayan et al. [245] proposed the IFCC as a feature computed from the analytic phase of speech

signals. They employed the IFCC feature in the task of speaker verification. Authors employed

properties of the Fourier transform to avoid explicit computation of the analytic phase and overcome

the issue of phase wrapping. The input signal is first passed through a bank of C narrow-band (NB)

triangular-shaped filters, linearly spaced with 50% overlap of frequency bins. The NB components

thus obtained can be added to reconstruct the original wide-band signal. The analytic signal for each

of these NB components is computed next. An analytic signal representation z[c, n] of the cth NB

component g[c, n] is defined according to equation 4.13.

z[c, n] =
√
g2[c, n] + g2h[c, n] (4.13)

Here, c = 0, . . . (C − 1), n = 0, . . . (Ns − 1), gh[c, n] is the Hilbert transform of g[c, n], computed as

shown in equation 4.7 and Ns is length of the signal. The derivative of the unwrapped analytic phase

is referred to as Instantaneous FreQuency (IFQ) [245]. Vijayan et al. [245] proposed that IFQ can be

computed without being affected by phase wrapping. The derivative z′[c, n] of cth NB analytic signal
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z[c, n] can be computed using differentiation property of the Fourier transform as equation 4.14 [247]:

z′[c, n] = jF−1D k · Z[c, l] (4.14)

Here, l = 0, . . . (Ns− 1), F−1D denotes the inverse DFT, Ns is length of the NB signal and Z[c, l] is the

DFT of the analytic signal z[c, n]. Subsequently, the IFQ θ[c, n] of the cth discrete-time NB component

is computed using equation 4.15.

θ[c, n] =
2π

Ns
Re

{
F−1D (l · Z[c, l])

F−1D (Z[c, l])

}
(4.15)

Here, n = 0, . . . (Ns− 1). The process of obtaining the analytic signal from the NB signal is described

in [251]. The C IFQ sequences are split into overlapping short-term frames after computing the IFQ

for all the NB components of a given signal. Let, a short-term frame of the cth NB component be

represented as θl[c,m], where m = 0, . . . (N − 1), l = 0, . . . (L− 1) and N is the window size. The IFQ

values in each cth θl are averaged to obtain a C-dimensional mean IFQ vector (equation 4.16).

IFQl[c] =
1

N

(N−1)∑
m=0

θl[c,m] (4.16)

Finally, each C-dimensional short-term mean IFQ frame feature vector is converted into a compact

representation (IFCC) by performing a DCT. The first 13 DCT coefficients in each frame are retained,

along with 13-∆ and 13-∆∆ coefficients to form a 39-dimensional IFCC feature.

The instantaneous frequency of a signal depicts the rate of change of the unwrapped analytic

phase [245]. These changes can be observed as horizontal striations in the IFQ spectrograms (Fig. 4.1(g)

and Fig. 4.1(h)). These horizontal striations are the temporal evolution of harmonics in the signal.

Harmonics in speech are damped faster than music because the speech production system is a damped

system [221]. Thus the IFQ spectrogram can capture discriminating information between the two

classes. Hence, compact IFQ information in the form of IFCC (phase feature P3) is selected in this

chapter as the third phase feature.

4.2.4 Baseline features for performance comparison

The effectiveness of phase-based features in the current task can be judged when their performance

is compared with standard features computed from the magnitude spectrum of audio signals. Hence,

the phase-based features are benchmarked against the following four state-of-the-art magnitude-based
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feature sets.

The group of features used by Khonglah et al. [148] (B1) in the SMC task is considered the first

baseline. The set B1 includes features primarily used to model speech signals. One such feature is the

Normalized Autocorrelation Peak Strength (NAPS) of the Zero-Frequency Filtered Signal (ZFFS).

The authors explain that NAPS of ZFFS exploits an apriori knowledge of human pitch range that is

distinct from music. Peak to Side-lobe Ratio (PSR) of the Hilbert envelope of the Linear Prediction

Residual signal is another component feature of B1. The PSR feature models impulse-like excitations

in speech signals that differ from music. The baseline B1 includes features like log Mel-spectrum

energy in the low-frequency range, 4Hz modulation spectrum energy, spectral flux, spectral centroid,

spectral roll-off, Zero Crossing Rate (ZCR) and percentage of low energy frames.

The group of features used by Sell et al. [140] (B2) is considered the second baseline. The set

B2 includes two chroma-based features proposed by the authors. Here, the authors proposed chroma

difference and chroma high-frequency to model music tonality. The chroma features measure pro-

nounced peakiness inherent in the spectra of music signals. The baseline B2 further includes the

standard deviation of normalized root mean square, silent interval ratio and frequency, ZCR vari-

ance, spectral centroid and flux variance, Mel-frequency subband modulation syllabic rate energy, and

spectral centroid.

Third, MFCC (B3) computed from the DFT magnitude spectrum is one of the most widely used

magnitude-based features in various speech processing applications, including SMC [149]. The MFCCs

are mainly used to model the vocal tract system information. The lack of a vocal tract-like system

in the music production process makes MFCC an outstanding feature to distinguish between the two

audio classes. Thus, this feature has been used as the third baseline in this chapter.

Fourth, Mel-spectrogram (B4) was used as a feature by Doukhan et al. [2] in their winning submis-

sion to MIREX 2018 speech/music detection challenge. A Mel filter-bank scales the audio spectrum

along the human auditory perception scale that helps discriminate between speech and music. Hence,

B4 has been considered the fourth baseline feature in this chapter.

4.2.5 Feature computation parameters

The phase-based and baseline features have all been computed for tw = 25ms and ts = 10ms. The

audio signals have been resampled to sr = 16000Hz. A given audio signal x[n] is first pre-emphasized

using a first-order auto-regressive filter as x[n] = x̃[n]− C · x̃[n− 1], before computing the phase and
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Figure 4.2: The architecture of the CNN classifier (proposed in [2]) used for performing speech vs. music
classification in this chapter.

magnitude-based features. Here, C = 0.97 is the preemphasis factor, x̃[n] is the audio signal before

pre-emphasis, n = 0, . . . (Ns − 1) and Ns is the number of samples in x̃[n]. The baseline features

B3, B4, and the phase-based feature P1 have been computed using a 21-band Mel filter-bank in

the frequency range of (20Hz, 8000Hz). The features B3, P1, P2 and P3 have been computed as

39-dimensional features composed of 13-cepstral, 13-∆ and 13-∆∆ coefficients. The ∆ window is set

as 9 frames. The values of ρ and γ used in the computation of the P2 feature have been obtained

after performing a grid-search on the GTZAN [204] dataset using all combinations of values over

[0.1, 0.2, . . . 1.0] for both the parameters. The best performing values were found to be ρ = 0.1 and

γ = 0.3. The different audio preprocessing and feature extraction steps have been performed using

available functions in the python library Librosa [252].

4.3 Classifiers

The SMC results are reported using naive Bayes, SVM, DNN, and CNN classifiers. The naive

Bayes and SVM classifiers are implemented using the Scikit-learn library [253]. The DNN and CNN

classifiers are implemented using the Tensorflow library [254]. The naive Bayes classifier learns Gaus-

sian distributions over features of each class and performs Maximum A Posteriori classification. The

SVM classifier is used with a Radial Basis Function kernel. The cost and RBF kernel bandwidth

parameters of the SVM classifier for each feature are tuned for every cross-validation fold. The cost

and RBF kernel bandwidth parameters of the SVM classifier are varied in the range [2−5, 2−4, . . . 24]
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Table 4.1: Results of grid-search for optimal DNN architecture over Movie-MUSNOMIX dataset, reported as
µ± σ of average F1-scores. The final results reported in the chapter have been computed using the parameters
ranked I.

Feature Rank Hidden layers Hidden Nodes Avg. F1-score (µ± σ)

B1

I 5 250 89.26 ±0.48

II 3 250 89.2 ±0.97

III 4 500 89.19 ±0.73

B2

I 3 1000 87.08 ±1.14

II 2 500 87 ±2.25

III 4 500 86.98 ±0.89

B3

I 4 500 89.58 ±0.80

II 3 500 89.29 ±1.15

III 2 250 89.19 ±0.69

B4

I 2 1000 90.2 ±0.54

II 2 500 89.97 ±0.79

III 2 250 89.86 ±0.68

P1

I 3 500 76.49 ±0.91

II 2 500 76.15 ±1.61

III 4 1000 75.99 ±1.19

P2

I 2 1000 75.43 ±0.52

II 3 1000 75.43 ±1.13

III 3 250 75.42 ±0.62

P3

I 5 500 73.49 ±0.80

II 2 500 73.21 ±0.38

III 4 500 73.2 ±0.11

to obtain their optimal values by using grid-search.

The DNN architecture is finalized by performing a grid search. This search is performed by varying

the number of hidden layers in the range [2, . . . 5]. The number of hidden layer neurons is varied in

[100, 250, 500, 1000]. The results of grid-search are presented in Table 4.1 and in Table 4.2 for the

Movie-MUSNOMIX and MUSAN datasets, respectively. This chapter uses the best-performing DNN

architecture parameters for further experiments. The finalized architecture has the same number of

neurons for all the hidden layers. The hidden layers use ReLU activation, while the output layer

with a single neuron uses Sigmoid activation. The DNN is trained using Adam [231] optimizer for

minimizing a binary cross-entropy loss function. Input to the DNN classifier is a concatenated vector
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Table 4.2: Results of grid-search for optimal DNN architecture over MUSAN dataset, reported as µ± σ of
average F1-scores. The final results reported in the chapter have been computed using the parameters ranked I.

Feature Rank Hidden layers Hidden Nodes Avg. F1-score (µ± σ)

B1

I 3 250 88.73 ±1.37

II 2 250 88.67 ±0.67

III 4 250 88.34 ±1.09

B2

I 2 100 85.76 ±1.80

II 2 250 84.98 ±0.65

III 5 500 84.97 ±1.54

B3

I 3 100 94.72 ±0.37

II 2 100 94.33 ±0.45

III 5 100 94.24 ±0.82

B4

I 5 250 81.82 ±1.25

II 4 500 81.65 ±2.77

III 5 1000 81.59 ±1.68

P1

I 5 100 86.46 ±1.05

II 2 250 86.44 ±0.72

III 3 500 86.39 ±0.45

P2

I 4 500 67.66 ±2.26

II 4 100 67.07 ±8.29

III 4 250 64.74 ±5.05

P3

I 4 100 85.21 ±1.06

II 5 100 85.08 ±0.37

III 4 250 85.08 ±1.59

of the mean and standard deviation of frame features in a context window of W = 34 (see section 4.2).

The CNN architecture proposed by Doukhan et al. [2] was adjudged best among MIREX 2018

submissions. This CNN architecture is adopted in the present chapter. The CNN consists of 4

convolutional layers with 64, 128, 128, and 256 convolution kernels, respectively. The convolution

layers are followed by 4 fully connected layers with 512 neurons each. The model performs Max-

Pooling operation after the 1st, 3rd and 4th convolutional layers. Hidden-layers use the ReLU activation

function. The sizes of (3× 3) convolutional filters are kept the same as in the original paper. The

CNN is trained using Adam [231] optimizer with a binary cross-entropy loss function. A block of

features in a context window of W = 34 is used as input to the CNN classifier (see section 4.2).
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Figure 4.3: Bar charts in the top row illustrated the statistical significance of baseline and phase-based
features in terms of Wilks’ Lambda values obtained by performing MANOVA over (a) Movie-MUSNOMIX and
(b) MUSAN datasets. A feature set with a lower value of Λ is preferred. In the bottom row, bar charts illustrate
the maximum CCA values between every pair of baseline and phase-based features for (c) Movie-MUSNOMIX
and (d) MUSAN datasets, respectively. For both the datasets, phase-based features have a low correlation with
the baseline features.

4.4 Evaluation

The classification performance of the proposed system is benchmarked on three public datasets

– (a) GTZAN Music/Speech collection [204] (approximately 1 hour), (b) Scheirer-Slaney Music-

Speech corpus [99] (approximately 1 hour), and (c) MUSAN -A Music, Speech and Noise corpus [203]

(approximately 102 hours). Results are also reported for the contributed Movie-MUSNOMIX dataset

(approximately 3 hours and 40 minutes of speech and music signals). The segmentation of continuous

speech and music intervals is studied using the Muspeak [205] and DAFx-12 [206] datasets. This

chapter aims to validate that SMC performance can be improved by utilizing valuable information

from the signal’s phase component. In this context, three existing phase-based features, viz. HNGDCC

(P1), MGDCC (P2), and IFCC (P3) are explored. Performances of the phase-based features are

compared with four baseline magnitude-based features. The results are reported using mean (µ) and

standard deviation (σ) of average F1-scores computed using 3-fold cross-validation. Source codes of
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Table 4.3: Illustrating the frame-level classification performances of phased-based and baseline feature sets
for the GTZAN and Scheirer-Slaney datasets computed using naive Bayes and SVM classifiers. Results are
reported as “mean (µ) F1-score (over 3-fold cross-validation) ± standard deviation (σ)” of all-class average
classification performance. The mean and standard deviation of F1-scores are expressed in percentage. Feature
combinations that improve upon the baseline are highlighted with N.

GTZAN Scheirer-Slaney

Features naive Bayes
(µ± σ)

SVM (µ± σ) naive Bayes
(µ± σ)

SVM (µ± σ)

B
a
se

li
n

e

F
e
a
tu

re
s B1 68.63 ±6.41 80.82 ±4.23 71.39 ±0.23 85.17 ±0.46

B2 69.15 ±5.39 78.41 ±2.56 69.15 ±0.47 81.38 ±0.30

B3 74.12 ±7.68 85.68 ±5.14 76.37 ±1.77 86.36 ±2.82

B4 70.77 ±3.66 82.87 ±2.12 77.82 ±3.80 85.73 ±1.55

P
h

a
se

F
e
a
tu

re
s P1 64.63 ±4.95 72.98 ±2.12 61.11 ±1.63 70.04 ±2.10

P2 51.79 ±0.68 59.85 ±0.73 52.11 ±2.24 63.51 ±1.17

P3 64.24 ±2.47 70.82 ±1.68 58.07 ±3.17 62.75 ±2.73

A
ll

C
o
m

b
in

a
ti

o
n

s

B1+B2+B3+B4
(BAll)

76.39 ±2.70 90.73 ±1.92 82.35 ±1.81 91.67 ±0.99

P1+P2+P3
(PAll)

66.43 ±2.42 74.81 ±1.52 61.01 ±1.79 67.08 ±3.78

BAll+P1 77.73 ±7.06 N 91.30 ±3.25 N 80.69 ±2.01 93.07 ±1.22 N

BAll+P2 76.62 ±3.95 N 90.87 ±2.87 N 80.10 ±1.85 92.97 ±1.20 N

BAll+P3 78.30 ±6.91 N 91.31 ±3.09 N 80.69 ±2.14 92.58 ±1.22 N

BAll+(P2+P3) 77.00 ±1.56 N 89.84 ±2.02 80.55 ±1.74 87.19 ±2.04

BAll+(P1+P3) 78.38 ±4.63 N 90.88 ±1.97 N 80.92 ±2.41 88.03 ±2.12

BAll+(P1+P2) 75.14 ±1.16 89.94 ±1.93 79.65 ±2.09 88.18 ±1.80

BAll+PAll 78.19 ±5.96 N 91.32 ±2.60 N 79.23 ±2.38 90.49 ±1.91

the present implementation are available online 1. The statistical significance of the phase-based and

magnitude-based features are analyzed next.

4.4.1 MANOVA and CCA

The statistical significance of features is studied in this chapter using MANOVA (see subsec-

tion 3.4.1) [232]. A high Λ value verifies the null hypothesis. A feature set is statistically significant

for a classification task if it has a low Λ value (refutes the null hypothesis). The Λ values of baseline

and phase-based feature sets are shown in the form of bar charts in Fig. 4.3. The baseline features

1Source codes: https://github.com/mrinmoy-iitg/SMC_Phase_Features
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Table 4.4: Illustrating the frame-level classification performances of phase-based and baseline feature sets
for the MUSAN, and Movie-MUSNOMIX datasets computed using DNN and CNN classifiers. Results are
reported as “mean (µ) F1-score (over 3-fold cross-validation) ± standard deviation (σ)” of average classification
performance. The mean and standard deviation of F1-scores are expressed in percentage. Feature combinations
that improve upon the baseline are highlighted with N.

MUSAN Movie-MUSNOMIX

Features DNN (µ± σ) CNN (µ± σ) DNN (µ± σ) CNN (µ± σ)

B
a
se

li
n

e

F
e
a
tu

re
s B1 88.29 ±1.17 96.29 ±1.20 89.24 ±0.52 90.55 ±3.03

B2 86.32 ±1.17 97.00 ±0.61 87.10 ±1.19 88.64 ±3.72

B3 94.71 ±0.38 97.71 ±0.69 89.56 ±0.81 96.27 ±0.99

B4 79.15 ±5.33 95.99 ±0.98 90.14 ±0.50 95.01 ±2.02

P
h

a
se

F
e
a
tu

re
s P1 86.46 ±1.05 93.45 ±0.80 76.54 ±1.07 90.92 ±2.51

P2 75.60 ±0.13 83.56 ±1.31 75.34 ±0.53 94.39 ±0.31

P3 86.49 ±1.24 88.08 ±0.57 73.52 ±0.84 78.67 ±0.94

A
ll

C
o
m

b
in

a
ti

o
n

s

B1+B2+B3+B4
(BAll)

97.53 ±0.30 99.81 ±0.05 96.39 ±0.27 99.42 ±0.04

P1+P2+P3
(PAll)

90.73 ±0.97 95.90 ±1.25 84.26 ±0.26 94.97 ±0.76

BAll+P1 97.64 ±0.45 N 99.79 ±0.04 96.25 ±0.27 98.84 ±0.21

BAll+P2 97.90 ±0.21 N 99.83 ±0.07 N 96.26 ±0.14 99.15 ±0.20

BAll+P3 97.95 ±0.54 N 99.81 ±0.06 96.67 ±0.31 N 99.43 ±0.06 N

BAll+(P2+P3) 98.18 ±0.39 N 99.87 ±0.03 N 96.49 ±0.01 N 94.97 ±0.76

BAll+(P1+P3) 97.73 ±0.58 N 99.82 ±0.07 N 96.49 ±0.01 N 99.14 ±0.20

BAll+(P1+P2) 97.89 ±0.29 N 99.84 ±0.02 N 96.55 ±0.30 N 98.96 ±0.09

BAll+PAll 97.94 ±0.45 N 99.76 ±0.04 96.49 ±0.01 N 98.84 ±0.21

(except B4) have low Λ values for both datasets. Among phase-based features, P2 has the highest

Λ value. Hence, P2 is the least statistically significant feature in the current task. P1 and P3 have

comparatively better Λ values. Therefore, it may be expected that both P1 and P3 capture significant

discriminative information that can be exploited in the task of SMC.

Canonical Correlation Analysis (CCA) [255] has been performed to determine whether the phase-

based and baseline features can be combined to improve classification performance. A low correlation

between a pair of feature sets suggests they carry complementary information. The maximum correla-

tion computed between every pair of baseline and phase-based features over the Movie-MUSNOMIX

and MUSAN datasets are shown in Fig. 4.3(c) and Fig. 4.3(d). Two observations can be drawn from
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4. Phase Features for Speech Music Classification

the correlation results. First, P2 has an extremely low correlation with all baseline features. As

discussed earlier, P2 has low statistical significance. MGD spectrogram of music (see Fig. 4.1(e)) and

speech (see Fig. 4.1(f)) do not seem to distinctly represent the tempo-spectral characteristics of the

underlying signals. This effect might result in P2 having a low correlation with baseline features.

Second, B3 and B4 seem to have the lowest correlation with the phase-based features. Thus, B3 and

B4 may be the ideal candidates for feature combination [256].

4.4.2 Performance analysis

The performance of traditional naive Bayes and SVM classifiers using phase-based and magnitude-

based features in SMC is tabulated in Table 4.3. The naive Bayes and SVM classifiers are employed

for the smaller GTZAN and Scheirer-Slaney datasets. Expectedly, SVM performs better than the

naive Bayes classifier across all individual features and combinations for both datasets. In general,

individual performances of all the features suggest that the magnitude component carries more dis-

criminative information between the classes. However, an ensemble of classifiers trained on all phase

and magnitude-based features performs better than each feature’s performance. A majority voting of

the class labels predicted by each naive Bayes or SVM classifier in the ensemble is taken to obtain

the final label. The performance of pair-wise feature combinations is not reported since at least 3

classifiers are required for majority voting. Ensemble of naive Bayes and SVM classifiers trained on

all the magnitude and phase-based features (BAll + PAll) performs better than the combination of all

magnitude-based features for the GTZAN dataset. Combining any one phase-based feature with all

the magnitude-based features improves performance for both GTZAN and Scheirer-Slaney with both

the classifiers. However, only for the Scheirer-Slaney dataset the ensemble of all classifiers trained

on the magnitude and phase-based features did not provide the best results. This lack of perfor-

mance improvement might be because the Scheirer-Slaney dataset is relatively more challenging. The

Scheirer-Slaney dataset contains segments having speech overlapped with music segments [257]. These

impure segments have quite different characteristics from pure speech and music.

The frame-level classification performances of the phase and magnitude-based features using DNN

and CNN classifiers are tabulated in Table 4.4. The performances of DNN and CNN classifiers are

not computed over the GTZAN and Scheirer-Slaney datasets because they are not large enough

to train deep models. The individual performances of phase-based features are lower than that of

the baseline features for both datasets. The popularity of magnitude-based features for SMC is
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Figure 4.4: Illustrating the performance of the pair-wise combination of phase-based and magnitude-based
features. Subfigures represent the performance of (a) CNN on MUSAN dataset, (b) CNN on Movie-MUSNOMIX
dataset, (c) DNN on MUSAN dataset, and (d) DNN on Movie-MUSNOMIX dataset.

thus evident. However, a late fusion of the phase and magnitude-based features show significant

improvement. The late-fusion combination is achieved by averaging the class-wise prediction scores

of base classifiers trained on different features used in the ensemble. The class obtaining the highest

combined score is selected as the predicted class. The feature P2 performs inferior to the other phase-

based features for the MUSAN dataset. The feature P3 performs poorest for the Movie-MUSNOMIX

dataset. These results follow the insights obtained from the statistical significance test performed

using MANOVA (Fig. 4.3). The pair-wise combination of phase-based and magnitude-based features

for both DNN and CNN classifiers over both the MUSAN and Movie-MUSNOMIX datasets provide

an improvement over the baseline performance (see Fig. 4.4). Even the combination of all phase-

based and magnitude-based features improves upon the combination of all magnitude-based features.

However, only BAll + P3 improves upon the performance of BAll for the CNN classifier trained over

Movie-MUSNOMIX dataset. The lack of improvement with other combinations might be attributed

to fewer training data in the Movie-MUSNOMIX dataset. The training data insufficiency problem

may be solved by performing a transfer learning of the MUSAN models with Movie-MUSNOMIX

data. It may be noted that the combinations of phase-based features with all the magnitude-based
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Table 4.5: Class-wise performance analysis of phase-based and magnitude-based features for the MUSAN and
Movie-MUSNOMIX datasets, using the CNN [2] classifier. Results are reported as “mean (µ) F1-score (over
3-fold cross-validation) ± standard deviation (σ)”. The mean and standard deviation of F1-scores are expressed
in percentage. Feature combinations that improve upon the baseline are highlighted with N.

MUSAN Movie-MUSNOMIX

Music Speech Music Speech

Features (µ± σ) (µ± σ) (µ± σ) (µ± σ)

B
a
se

li
n

e

F
e
a
tu

re
s B1 96.14 ±1.25 96.45 ±1.16 96.51 ±1.16 94.57 ±1.69

B2 96.84 ±0.58 97.12 ±0.69 96.10 ±0.50 93.74 ±0.78

B3 97.52 ±0.81 97.75 ±0.83 97.07 ±0.76 95.48 ±1.23

B4 96.23 ±1.21 96.75 ±0.72 98.06 ±0.95 97.13 ±1.18

P
h

a
se

F
e
a
tu

re
s P1 93.50 ±1.71 94.30 ±1.25 92.77 ±2.51 89.06 ±2.57

P2 85.48 ±7.32 88.00 ±5.73 95.59 ±0.21 93.20 ±0.41

P3 85.68 ±1.35 87.84 ±2.56 82.11 ±1.08 75.24 ±0.83

A
ll

C
o
m

b
in

a
ti

o
n

s

B1+B2+B3+B4
(BAll)

99.80 ±0.05 99.82 ±0.05 99.65 ±0.02 99.21 ±0.11

P1+P2+P3
(PAll)

95.67 ±1.25 96.13 ±1.26 96.88 ±0.47 93.06 ±1.27

BAll+P1 99.78 ±0.04 99.80 ±0.04 99.41 ±0.09 98.26 ±0.10

BAll+P2 99.82 ±0.08 N 99.84 ±0.07 N 99.48 ±0.05 98.83 ±0.33

BAll+P3 99.80 ±0.06 99.81 ±0.06 99.65 ±0.04 99.21 ±0.11

BAll+(P2+P3) 99.87 ±0.04 N 99.88 ±0.04 N 96.88 ±0.03 93.06 ±0.16

BAll+(P1+P3) 99.81 ±0.07 N 99.83 ±0.06 N 99.48 ±0.14 98.83 ±0.26

BAll+(P1+P2) 99.84 ±0.02 N 99.85 ±0.02 N 99.48 ±0.11 98.45 ±0.10

BAll+PAll 99.74 ±0.05 99.77 ±0.04 99.41 ±0.17 98.26 ±0.25

features (BAll) do not provide very significant improvements. Whereas the pair-wise combinations of

phase-based and magnitude features generally provide appreciable improvements. A possible reason

for such a phenomenon might be that the BAll combination already provides high performances on

its own. Therefore, the scope for improvement in combination with BAll might be significantly less.

In Table 4.5, the class-wise performances of the CNN classifier on the MUSAN and Movie-

MUSNOMIX dataset are listed. It can be observed that the pair-wise combinations of phase-based

and magnitude-based features improve the performance of both classes in most cases. For the MU-

SAN dataset, the performance improvement of the speech class tends to be more than the music class.

Such a variation might be attributed to the efficacy of phase-based features. The performance of phase
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Figure 4.5: Illustrating the generalization performance of the DNN classifier for all the feature sets and
their combinations, (a) trained on MUSAN dataset and tested on Movie-MUSNOMIX, (b) trained on Movie-
MUSNOMIX dataset and tested on MUSAN. The mean F1-score of 3 folds (in %) is shown in bar-plots. Some
combinations of the phase-based features with baseline features provide improvements (BAll + P1).
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Figure 4.6: Illustrating the generalization performance of the CNN classifier for all the feature sets and
their combinations, (a) trained on MUSAN dataset and tested on Movie-MUSNOMIX, (b) trained on Movie-
MUSNOMIX dataset and tested on MUSAN. The mean F1-score of 3 folds (in %) is shown in bar-plots. Some
combinations of the phase-based features with baseline features provide improvements (BAll + PAll).

feature based speech detection is observed to be better than that of music for the MUSAN dataset.

For the Movie-MUSNOMIX dataset, no class-specific trend is observed. The P1 and P2 features are

known to capture the formant information in speech [243, 244]. Thus, the phase-based features may

perform better in the case of speech detection compared to music.

4.4.3 Generalization performance

Generalization performance of the individual phase and magnitude-based features and their com-

binations is provided in Fig. 4.5 for the DNN classifier. The generalization performance for the CNN

classifier is illustrated in Fig. 4.6. Results are presented in the form of bar charts. The performance

trend obtained is similar to that observed with test signals from the same dataset (Table 4.4). Among

the phase-based features, P2 exhibits the most inferior performance in all cases except when CNN

trained on Movie-MUSNOMIX is tested on the MUSAN dataset. Some pair-wise combinations of
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Figure 4.7: Illustrating the results of performing SMC using CNN classifier in different SNR conditions using
various feature sets and their combinations on the MUSAN and Movie-MUSNOMIX datasets. The subfigures
(a), (c) and (e) indicate the results computed for 10 dB noise, 5 dB noise, and 0 dB noise on the MUSAN
dataset, respectively. The subfigures (b), (d), and (f) indicate the results computed for 10 dB noise, 5 dB noise,
and 0 dB noise on the Movie-MUSNOMIX dataset, respectively.

phase and magnitude-based features still improve the baseline performance, while others fail. Such

results indicate that few combinations of phase-based features with magnitude-based ones can assist

even in the cross-dataset scenarios.

4.4.4 Effect of noise

The performances reported in Table 4.4 are computed using clean speech and music signals. Here,

clean signal refers to the original recordings available with the datasets that are not corrupted with

additional noise. However, the classification system will mostly encounter noisy signals in real-life

scenarios. Thus, it becomes pertinent that any proposed SMC system is tested for robustness in the
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presence of noise. In this context, a set of experiments are designed for this very purpose.

Noisy datasets are created by corrupting clean signals with noise signals at three different SNR

levels, viz., 10dB, 5dB, and 0dB. The noise data are taken from the respective datasets. For the

MUSAN dataset, the noise samples available with the dataset are used. Similarly, the corrupted

signals for the Movie-MUSNOMIX dataset are generated by adding samples available in the noise

class of this dataset. In most practical cases, speech and music signals might be corrupted by noise. A

randomly selected speech or music signal from a clean signal dataset is mixed with a randomly selected

noise signal at a particular SNR level. Similarly, three noisy versions (corresponding to three SNR

levels) of MUSAN and Movie-MUSNOMIX datasets have been generated. The CNN models learned

on clean data (used to generate the results reported in Table 4.4) are tested on the noisy signals.

As observed in Fig. 4.7, the presence of noise substantially affects the performance of both phase-

based and baseline features. All feature sets perform best in the least noisy 10dB SNR case. Perfor-

mance of all features gradually drops as the noise level increases to 0dB SNR. Among the baseline

features, B4 seems to be the worst affected by the presence of noise. Since B4 is simple Mel-filter-

bank energies, the presence of noise appears to affect it dramatically. Other features that employ DCT

compaction (like B3, P1, and P2) tend to fare well in the noisy scenario. It is interesting to note that

the combination of features (phase and magnitude) improves the performance of magnitude features.

Improvement in performance provided by feature combinations seems better for MUSAN, suggesting

that better models are trained when larger datasets are available. Thus, phase-based features also

show their effectiveness in the presence of noise.

4.4.5 Audio segmentation

Closed-set classification tasks are comparatively easier than open-set segmentation problems.

Hence, an additional set of experiments for segmenting continuous speech and music signal sequences is

designed to establish phase information’s effectiveness in the current context. The MIREX Speech/Music

detection challenge 2018 [258] evaluation strategies have been followed in the segmentation exper-

iments. Performance measures reported for this task are the same as those used in the MIREX

challenge. In the MIREX challenge, two types of performances are reported. First, results reported

at the level of short-term frames are termed segment-level performance. Second, true transition point

detection results within acceptable tolerance windows are reported and termed event-level perfor-

mance. The MIREX baseline results have been directly quoted from their website [258]. The proposed

95

TH-2976_156102026



4. Phase Features for Speech Music Classification

Table 4.6: Event-level performance on synthetically concatenated speech and music files from Movie-
MUSNOMIX and MUSAN datasets [203]. The performance measures for detecting both onset and offset
points at different tolerance durations are reported.

Tolerance
(in ms)

Feature Precision Recall F-
measure

Deletion
Rate

Insertion
Rate

Error
Rate

M
ov

ie

M
U

S
N

O
M

IX 1
0
0
0

BAll 0.7058
±0.04

0.9704
±0.03

0.8165
±0.03

0.0296
±0.03

0.4087
±0.09

0.4383
±0.09

BAll +
P1+P2

0.7188
±0.05

0.9902
±0.02

0.8319
±0.03

0.0098
±0.02

0.3932
±0.11

0.4030
±0.10

5
0
0

BAll 0.6987
±0.05

0.9604
±0.03

0.8082
±0.04

0.0396
±0.03

0.4187
±0.10

0.4582
±0.10

BAll +
P1+P2

0.7111
±0.05

0.9804
±0.03

0.8233
±0.03

0.0196
±0.03

0.4030
±0.10

0.4227
±0.08

M
U

S
A

N

1
0
0
0

BAll 0.3044
±0.11

1 ±0.00 0.4597
±0.13

0 ±0.00 2.6107
±1.41

2.6107
±1.41

BAll +
P1+P2

0.4528
±0.12

1 ±0.00 0.6171
±0.12

0 ±0.00 1.3290
±0.70

1.3290
±0.70

5
0
0

BAll 0.3023
±0.12

0.9930
±0.00

0.4564
±0.13

0.0070
±0.00

2.6178
±1.41

2.6248
±1.41

BAll +
P1+P2

0.4528
±0.12

1 ±0.00 0.6171
±0.12

0 ±0.00 1.3290
±0.70

1.3290
±0.70

method’s speech/music segmentation results are reported using two approaches. First, the event-level

performance for synthetic concatenation of speech and music signals from the Movie-MUSNOMIX

and MUSAN datasets are reported (Table 4.6). This approach is chosen to test how the trained

CNN classifiers perform in the most basic setup without additional training for audio segmentation.

The segment-level performance on these datasets is not reported separately since those results will

be similar to the classification results reported in Table 4.4. Second, event-level (Table 4.9) and

segment-level (Table 4.7 and Table 4.8) results are reported for real continuous audio segments of

speech and music signals obtained from the Muspeak [205] dataset. CNN classifiers trained on the

MUSAN dataset were used to obtain frame-level (speech or music) probabilities for the signals from

the Muspeak dataset. Further, a Viterbi decoding based segmentation was performed by training a

two-state Hidden Markov Model (HMM) on the frame-level probabilities obtained for the training

signals from the Muspeak dataset. Finally, speech and music detection performance of phase-based

features are also reported for the DAFx-12 [206] (Table 4.10)

In Table 4.6, the segmentation performance on synthetically concatenated speech and music signals
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Table 4.7: Segment-level performance of music detection performed on Muspeak dataset [205]. BAll indi-
cates the group of baseline magnitude-based features, and BAll + PAll indicates the combination of magnitude-
based and phase-based features used in this chapter.

Music Non-Music

Method Dataset Acc Prec Rec F1-
score

Prec Rec F1-
score

Doukhan
et al. [2]

MIREX
Evaluation
Dataset 1

0.6860 0.905 0.3873 0.5424 0.6294 0.9624 0.7611

Doukhan
et al. [2]

MIREX
Evaluation
Dataset 2

0.9257 0.9751 0.8950 0.9334 0.8694 0.9683 0.9162

BAll Muspeak [205] 0.8841 0.9289 0.9127 0.9181 0.7330 0.6062 0.6345

BAll +
PAll

Muspeak [205] 0.8704 0.9001 0.9378 0.9136 0.8539 0.4096 0.4221

are reported for different tolerance windows (500ms and 1000ms). The results are reported as µ±σ over

3-fold cross-validation. The CNN classifiers are trained using files from two folds for every iteration,

while the third fold is kept aside for testing. The experiment is performed by first concatenating signals

from two random files from speech and music classes of the test fold. Then, the trained CNN classifier

predicts the frame-level class-wise probabilities for frames in the concatenated signal. The frame-

level probabilities are then smoothed using a median filter. Finally, the smoothed probabilities are

thresholded to obtain class labels. The thresholded class labels are first-order differenced to generate

the segment transition points. Class-specific results are not reported since no separate sequence

modeling is done for this experiment. This experiment is performed for both the Movie-MUSNOMIX

and MUSAN datasets. As can be observed from Table 4.6, the segmentation results are quite good.

Such a performance can be expected for the synthetic concatenation of signals. However, the important

point to be noted here is that BAll +P1 +P2 performs better than BAll for all the tolerance windows

considered. Such a result indicates that a combination of phase-based and magnitude-based features

can improve the segmentation performance.

The second segmentation experiment is performed over the Muspeak dataset [205] which contains

signals with continuous transitions of speech and music. For this experiment, the following procedure

is followed to perform the segmentation. First, the signals from Muspeak are divided into 3 folds. Then

the CNN classifiers trained on the MUSAN dataset are used to obtain frame-level class probabilities
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Table 4.8: Segment-level performance of speech detection evaluated on Muspeak dataset [205]. BAll

indicates the group of baseline magnitude-based features and BAll+PAll indicates the combination of magnitude-
based and phase-based features used in this chapter.

Speech Non-Speech

Method Dataset Acc Prec Rec F1-
score

Prec Rec F1-
score

Doukhan
et al. [2]

MIREX
Evaluation
Dataset 1

0.8770 0.9090 0.9285 0.9186 0.7751 0.7251 0.7493

Doukhan
et al. [2]

MIREX
Evaluation
Dataset 2

0.9617 0.9603 0.9564 0.9583 0.9633 0.9662 0.9648

BAll Muspeak [205] 0.8888 0.7690 0.5931 0.6442 0.9180 0.9321 0.9235

BAll +
PAll

Muspeak [205] 0.8742 0.5988 0.4000 0.4249 0.8899 0.9574 0.9189

for the signals in each fold of the Muspeak dataset. These frame-level probabilities are smoothed using

a median filter to remove outliers. A two-state left-to-right Hidden Markov Model (HMM) is trained

on the smoothed frame-level probabilities. Each state of the HMM is modeled as a 2 mixture GMM.

One HMM state is initialized with the parameters of a bimodal GMM trained on frame-level

probabilities of speech signals. Another bimodal GMM trained on frame-level probabilities of music

signals is used to initialize the other HMM state. The starting state and state-transition probabilities of

the HMM are randomly initialized. During the training of the HMM, parameters of the state-emission

distributions are not updated. Only the starting state and the state transition probabilities are learned

from training data sequences using the Expectation-Maximization algorithm. After training an HMM

for a particular training fold, it is used to generate a state sequence for the signals in the corresponding

test fold of the Muspeak dataset. The obtained state sequence is first-order differenced to obtain the

transition points.

Segment-level performance results reported in Table 4.7 and Table 4.8 indicate that the proposed

method performs comparitively poorer than the best submission to the MIREX 2018 challenge. The

results reported for the MIREX baseline are computed on unreleased evaluation datasets different

from those used in this chapter. Hence, a direct comparison of results is not possible. Moreover, a

limited number of training datasets are used in this work compared to multiple training datasets used

in MIREX 2018 challenge. Hence, the performances obtained in this experiment are relatively low for
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the proposed methods.

The event-level performance of detecting onset and offset points of speech and music segments

are reported in Table 4.9. The segmentation boundaries are detected mostly beyond the limits of

tolerance windows by the proposed method. Such a lack of precision results in poor performance. The

performance improves with a larger tolerance window of 5000ms. Also, many spurious boundaries

have been detected that increase the number of false positives. Such poor results might be due to

a couple of reasons. First, the CNN classifiers trained on the MUSAN dataset generate the frame-

level probabilities of signals from the Muspeak dataset. The performance of classifiers trained on one

dataset and tested on another is generally low. Second, the frame-level CNN classifiers are trained

on comparatively clean speech and music signals from the MUSAN dataset. However, the Muspeak

dataset contains speech-to-music transitions and overlapping regions. Hence, the CNN classifiers

perform poorly in the transition and overlapping regions. This poor performance causes the detection

of segment boundaries beyond tolerance ranges. Nevertheless, the performance trend for phase-based

and magnitude-based feature combinations is interesting. It can be observed from Table 4.9 that the

segmentation performance of BAll + PAll is better than that of BAll for mostly all tolerance windows.

The performance of BAll is slightly better than BAll + PAll only for speech with a 5000ms tolerance

window and for music with a 500ms tolerance window. For all other cases, BAll+PAll performs better

than BAll. Such results justify that the combination of phase-based features with magnitude-based

features can improve speech-music segmentation performance.

Table 4.10 lists the results obtained with phase-based features on the DAFx-12 dataset. Perfor-

mance of all baseline features combination (BAll) and the best three performers among the combina-

tions of phase and magnitude features on both the test sets from DAFx-12 dataset are reported. The

best performers are selected separately for speech and music detection. The baseline results for the

DAFx-12 dataset are better than that of the phase-based feature combinations. However, the proposed

feature combinations provide comparable precision for music detection on both test sets. Comparable

recall values are also obtained with the proposed feature combination for speech detection on the

Austrian test set. Similar results were obtained in chapter 3. The lack of performance improvements

may therefore be attributed to the presence of extreme data imbalance and speech overlapped with

music signals in the DAFx-12 dataset. These challenges are not explicitly tackled in this chapter’s

proposal. Hence, the obtained performances are observed to be significantly poor. Nevertheless, the
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Table 4.9: Event-level performance on Muspeak dataset [205]. The onset-offset F1-score at different toler-
ance durations is reported. BAll indicates the group of baseline magnitude-based features and BAll + PAll

indicates the combination of magnitude-based and phase-based features used in this chapter. A discussion on
the performance is provided in subsection 4.4.5.

Dataset F1-score
(500ms)

F1-score
(1000ms)

F1-score
(5000ms)

M
u

si
c

Doukhan et
al. [2]

MIREX Evaluation
Dataset 1

0.0930 0.1142 –

Doukhan et
al. [2]

MIREX Evaluation
Dataset 2

0.2235 0.2480 –

BAll Muspeak [205] 0.0214 ±0.02 0.0550 ±0.02 0.2184 ±0.16

BAll + PAll Muspeak [205] 0.0177 ±0.02 0.0677 ±0.08 0.2235 ±0.23

S
p

e
e
ch

Doukhan et
al. [2]

MIREX Evaluation
Dataset 1

0.1603 0.2122 –

Doukhan et
al. [2]

MIREX Evaluation
Dataset 2

0.4139 0.4350 –

BAll Muspeak [205] 0.0126 ±0.01 0.0371 ±0.02 0.2869 ±0.16

BAll + PAll Muspeak [205] 0.0306 ±0.03 0.0678 ±0.07 0.2637 ±0.23

combination of phase-based features with magnitude-based ones provides better performance than the

combination of baseline features (BAll) in all cases, except for speech detection in the Austrian test

set. Thus, it may be claimed that phase information can aid in the speech-music detection task in

combination with magnitude-based features.

4.4.6 Discussions

A direct comparison with some state-of-the-art results from literature over the datasets used in

this chapter are provided in Table 4.11. First, Doukhan et al. [211] reported results for SMC using the

MFCC features with a CNN classifier. Their performances on GTZAN and Scheirer-Slaney datasets

are found to be better (on account of a better classifier) compared to the results of this proposal (using

naive Bayes and SVM classifiers). However, the proposed combination of phase-based and magnitude-

based features provides better performance over the MUSAN dataset. Second, Hussain et al. [259]

reported their results on the GTZAN dataset using deep-learning-based classifiers. Naturally, their

performance is better than the SVM classifier used for the GTZAN dataset in this chapter. Third, the

proposed method performs better than the results reported by Li et al. [260] on the MUSAN dataset.

Fourth, the results reported by Birajdar et al. [261] are very high for all the datasets. However, their
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Table 4.10: Performance of BAll and the top 3 combinations of phase-based and magnitude-based features on
real signals from the DAFx12-dataset [206] are tabulated here. Baseline results are quoted directly from the
reference.

Music/ Non-music Speech/
Non-speech

Test set Method Acc Prec Rec F1 Acc Prec Rec F1

Swiss

Schlüter et al. [206] 97.30 98.80 98.00 98.40 98.40 96.40 96.50 96.40

BAll 87.47 98.16 86.86 92.16 88.03 68.17 91.58 78.16

P2+B1 90.46 95.14 93.53 94.33 – – – –

P2+BAll 88.77 98.03 88.54 93.04 – – – –

P1+B1 88.08 96.9 88.8 92.67 – – – –

P1+P2+BAll – – – – 93.06 85.24 85.05 85.15

P1+BAll – – – – 92.63 82.93 86.24 84.55

Pall+BAll – – – – 92.51 82.75 85.87 84.29

Austrian

Schlüter et al. [206] 95.60 95.30 97.40 97.30 97.00 95.90 95.10 95.50

BAll 84.92 97.17 84.16 90.20 92.29 87.92 90.45 89.17

P2+P3+BAll 86.29 95.91 87.08 91.29 – – – –

P1+P3+BAll 85.86 96.33 86.13 90.94 – – – –

P3+BAll 85.97 96.05 86.54 91.05 – – – –

P2+BAll – – – – 92.04 86.99 90.91 88.91

P3+BAll – – – – 90.97 83.75 92.16 87.75

P2+P3+BAll – – – – 90.73 83.01 92.52 87.51

results are not directly comparable to the proposed work. Birajdar et al. [261] used only subsets of

the datasets to generate results while this work considers the whole datasets. Fifth, performances

reported by Khonglah et al. [148] and Sell et al. [140] are computed using a context window size of 1s.

Thus, their results are better than that reported in this chapter which uses a smaller context window

size (≈ 695ms).

The performances of phase-based features (Table 4.4) show that the phase carries crucial informa-

tion that can be used to discriminate between speech and music. There are three primary takeaways

from this chapter. First, HNGDCC (P1) can be considered a decent feature for SMC. The successful

performance of P1 may be attributed to the fact that the HNGD spectrum enhances the formant

peaks [243], and music signals do not have any formant structure. Second, the IFCC feature (P3)

represents the phase differences between the underlying signal’s NB components. IFCC can be con-

101

TH-2976_156102026



4. Phase Features for Speech Music Classification

Table 4.11: Comparison of state-of-the-art speech/music classification with the performances obtained in this
chapter. The state-of-the-art results are quoted directly from the literature.

Dataset

Paper Feature Classifier Metric GTZAN Scheirer-
Slaney

MUSAN

Doukhan et
al. [211]

MFCC CNN Recall 97.21 92.79 99.11

Hussain et
al. [259]

MFCC SwishNet F1-score 98.17 – –

Hussain et
al. [259]

Log Melspec-
trogram

MobileNet F1-score 98.77 – –

Li et al. [260] 12-dim
statistical

feature

DNN Accuracy – – 94.08

Birajdar et
al. [261]

Chromagram
visual feature

SVM Accuracy 100 100 100

Birajdar et
al. [261]

Chromagram
spectral
feature

SVM Accuracy 95 95 98.48

Khonglah et
al. [148]

Speech-specific
features &

others

SVM Accuracy 92.03 96.75 –

Sell et al. [140] Chroma high
frequency &

others

GMM Accuracy 93.50 – –

Proposed BAll + PAll SVM F1-score 91.32
±2.60

– –

Proposed BAll+P1 SVM F1-score – 93.07
±1.22

–

Proposed BAll+P2+P3 CNN [2] F1-score – – 99.87
±0.03

sidered another useful feature in the current task. Third, the MGDCC feature (P2) does not perform

well in every case. Previously, Murthy et al. [244] observed that P2 performed poorly in detecting

unvoiced phonemes in a phoneme recognition task. In a similar vein, it can be said that P2 is affected

by the presence of unvoiced segments in speech and tone onsets in music. It can now be summarised

that the magnitude-based features perform better individually. Nevertheless, phase-based features

provide competing performances in the current task. The phase-based features carry enough comple-
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mentary information to improve the baseline performance with the magnitude-based features. Hence,

a combination of phase and magnitude-based features should be used to enhance SMC’s performance.

The issues encountered with segmenting real continuous audio segments might be tackled by train-

ing the frame-level CNN classifiers on speech-music transition data, overlapped speech-music data, and

clean data. The segmentation problem is not explored further as this chapter aims to study the effec-

tiveness of phase-based and magnitude-based features in speech vs. music classification. The trends

obtained with the preliminary segmentation experiments validate the claim that the combination of

phase-based and magnitude-based features can improve both classification and segmentation perfor-

mance.

4.5 Summary

Existing works on SMC indicate a limited use of phase information in the task. The phase compo-

nent of speech and music signals carry distinct properties. In this regard, three existing phase-based

audio features, viz. HNGDCC, MGDCC, and IFCC are explored in this chapter. The phase-based

features show a low correlation with magnitude-based features and thus indicate the presence of com-

plementary information. Mostly, magnitude-based baseline features perform better than the phase-

based ones individually. However, the performances of magnitude-based features are further enhanced

when combined with the phase-based ones through late fusion. Thus, it becomes imperative that

the phase information is used to build more robust SMC systems. The combination of phase and

magnitude-based features shows stable cross-dataset performance. The phase and magnitude-based

feature combinations perform comparatively well even when test signals are corrupted with mild to

heavy noise. Last but not least, phase features in combination with magnitude-based features even

aid in better segmentation of continuous speech-music sequences.

Till now, the focus of this thesis has been on the classification performance improvement of isolated

speech and music signals. However, a significant portion of speech and music signals are found as

overlapped mixtures in real scenarios. Detection of such overlapping signals is more challenging than

detecting the non-overlapping signals. Hence, the next chapter 5 attempts to discriminate overlapped

speech and music signals from isolated ones. In this regard, features obtained from harmonic-percussive

source separation and classifiers based on the multi-task learning framework are explored.
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5. Harmonic-Percussive Features for Speech Music Overlap Detection

Objective

The previous two chapters focused on developing efficient features for the classification of iso-

lated speech and music signals. However, in most practical cases (e.g., movie audio sequences), speech

and music are frequently encountered in overlapped conditions. For example, movie editors add back-

ground music to scenes with dialogues to highlight a particular mood. Therefore, detecting speech

and music signals in isolated and overlapped conditions is an essential pre-processing step for any

movie audio processing application. Hence, this chapter aims to propose features and classification

frameworks for efficient detection of speech and music signals in overlap or otherwise. Speech signals

have wavy and continuous harmonics, while music signals exhibit horizontally linear and discontinuous

harmonic patterns. Also, the music signals contain more percussive components than speech signals.

These percussive components are manifested as vertical striations in the spectrograms. In the case of

speech music overlap, it might be challenging for automatic feature learning systems to extract class-

specific horizontal and vertical striations from the combined spectrogram representation. We believe a

pre-processing step that separates the harmonic and percussive components of the spectrograms might

help the classifier learn discriminative representations. Accordingly, this chapter proposes the use of

the harmonic-percussive source separation method for the generation of appropriate features to detect

speech overlapping with music. Additionally, this chapter also explores the traditional and cascaded-

information Multi-Task Learning (MTL) frameworks to design better classifiers. The MTL framework

aids the training of the main task by employing simultaneous learning of several related auxiliary tasks.

The experimental results are reported on synthetically generated overlapped speech music signals and

natural recordings. Four state-of-the-art approaches are used for performance comparison. Experi-

ments show that harmonic and percussive decompositions of spectrograms perform better as features.

Moreover, classifiers with the MTL framework further improve performance.

5.1 Task overview

Speech and music are the most frequently encountered audio categories in movies, TV shows,

web series, and radio broadcasts. Speech vs. Music Classification (SMC) is a well-researched prob-

lem. State-of-the-art methods [2, 212, 262, 263] can identify isolated speech and music segments with

impressive accuracy. However, speech and music are often found in overlapped conditions in most

practical scenarios. For example, sentimental scenes in movies and TV shows frequently have speech
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with background music to highlight the scene’s mood. If such segments are not identified beforehand

and processed separately, these may disrupt the performance of high-level applications like automatic

speech recognition (ASR) and music information retrieval. Hence, this chapter discriminates isolated

speech and music segments from their overlapping mixtures.

Initial studies in speech overlapped with music detection were performed using traditional feature

engineering approaches and machine learning algorithms. Some authors dealt with the presence of

background music by compensating for it [264], suppressing it using Non-Negative Matrix factoriza-

tion [133] or separating it using Independent Component Analysis [265]. Others detected the presence

of background music using autocorrelation-based features [123] or Principal Component Analysis [124].

Some works attempted to segment overlapping soundtracks by using Singular Spectrum Analysis [153]

or Self-Similarity Matrix-based approach [266]. Most works used classifiers like Gaussian Mixture

Models (GMM) [123,264], Support Vector Machines (SVM) [123,264,266], Random Forests [266] and

Logistic Regression [266].

Deep-learning-based algorithms have also been explored in the task of speech overlapped with music

detection. Jia et al. [155] detected the presence of music using a novel Hierarchical Regulated Iterative

Network. In contrast, Gimeno et al. [154] used Recurrent Neural Network trained on limited data

for the task. Venkatesh et al. [267] used Convolutional Recurrent Neural Network with artificially

synthesized radio-broadcast like speech and music data. Bhattacharjee et al. [268] used enhanced

spectrograms called pyknograms for the task of speech overlapped with low-energy music detection

with a fully convolutional network.

In this context, it is relevant to review the popular Albayźın campaigns which are a set of audio

processing challenges open for public participation. Audio Segmentation Evaluation (ASE) was one

of the tasks in their 2010, 2012 [269] and 2014 [270] editions. In the Albayźın-2014 ASE, participating

systems were required to identify the presence of speech, music, or noise, either isolated or overlapped.

Albayźın-2014 ASE provided a more general and realistic database than those used in the Albayźın-

2010 and 2012 ASE. The submitted systems used two distinct approaches for the task [270]. About half

of the submissions followed the segmentation-and-classification strategy using techniques like Bayesian

Information Criterion. The remaining systems employed a segmentation-by-classification strategy

whereby models of individual classes are used to generate smoothed predictions in a post-processing

step. The GMMs followed by Hidden Markov Models (HMM) was a popular choice for this strategy.
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The most common feature choices were Mel Frequency Cepstral Coefficients (MFCC), Perceptual

Linear Prediction coefficients, short-term energy, and other standard spectral features. GMMs, i-

vectors, HMM, Logistic Regression, and SVM were popularly used for classification. The participating

authors observed that the presence of noise class increased the task’s difficulty. Overlapping speech,

music, and noise segments were mostly confused with respective pair-wise overlaps. Many recent works

have also tried to solve the Albayźın-2014 ASE task using deep-learning-based approaches. Gimeno

et al. [271] employed a sequence of Bi-directional Long Short Term Memory units to segment audio

sequences, followed by classification.

Another popular challenge, known as the Music Information Retrieval Evaluation eXchange (MIREX),

tasked the participants to detect speech and music in its 2015 and 2018 editions. Classification-

and-segmentation and classification-by-segmentation were the primary approaches used in MIREX

challenges as well. Frame energy, zero-crossing rates, spectral features, MFCCs, and Chroma-based

features were popular features used in MIREX 2015. Most authors adopted Mel-spectrograms as the in-

put feature in MIREX 2018. Classification systems based on heuristic-based decision functions, SVM,

Restricted Boltzmann Machines, Logistic Regression, Random Forests, and single layer feedforward

networks were popular in MIREX 2015. However, most systems switched to a deep-learning-based

classifier in MIREX 2018.

Previous works in speech and music detection have used Mel-scaled spectrogram (MS) or its deriva-

tives as the principal feature [267,271,272]. Few submissions to the MIREX challenges have explored

Constant-Q Transform spectrograms and Periodograms. Other features used were Self-Similarity

Matrix [266], Spectral Tracking [126], Continuous Frequency Activations [122], Pyknograms [268],

MFCCs [141] and standard tempo-spectral features. To the best of our knowledge, all previous works

have used a combined harmonic and percussive representation. Speech and music signals have distinct

harmonic and percussive characteristics. Fig. 5.1(a)-(c) show the spectrograms of music, speech, and

speech overlapped with music (speech+music) at 0dB Speech-to-Music Ratio (SMR), respectively. The

harmonics in speech have a wavy structure, while music harmonics are relatively more stable (hori-

zontally linear). Percussive components characterized by an impulse like vertical striations are found

more in music [219] than in speech. It might be challenging for an automatic feature learning system

to isolate and learn the class-specific patterns from a combined representation like a spectrogram.

We believe that a separate presentation of the harmonic and percussive information might improve
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 5.1: This figure illustrates the spectrograms of (a) music, (b) speech, and (c) speech+music mixed at
0dB, along with their harmonic (second row), and percussive (third row) decompositions. It may be noted that
speech+music spectrograms carry the combined striations of both the component signals.

discriminative learning. This idea is the main motivation for using Harmonic-Percussive Source Sepa-

ration (HPSS) to compute previously unexplored features in this task. The HPSS based features have

been successfully used earlier in Jazz solo instrument classification [273], time-scale modifications of

music signals [274], and music genre classification [275]. We believe that HPSS representations might

perform better in the current task as well.

Another contribution of this chapter is the exploration of the Multi-Task Learning (MTL) frame-

work in the context of the current task. The motivation for using MTL in the current task can be

justified based on the following reasons. First, MTL has been successfully explored previously in dif-

ferent speech and audio processing applications with considerable success. Notable examples include

speech recognition [276], speaker verification [277], harmony recognition of symbolic music [278], anal-

ysis of acoustic scenes and events [279], speech synthesis [280], end-to-end speech translation [281],

neural machine translation [282] and several others. Second, the current task has some auxiliary in-

formation like mixing SMR ratio that can be used for additional supervision in training the classifier.

Third, a model trained using this framework learns to perform multiple tasks for any given input.
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For memory-constrained systems [283], such a model will be extremely beneficial. Fourth, training

networks with highly related auxiliary tasks and sufficient noise levels inherent in the data can im-

prove generalization capabilities [284]. Thus, the MTL framework may be regarded as a promising

avenue of experimentation in the current task. In addition to the traditional MTL framework, this

chapter also explores cascaded information in the MTL framework that is found to be beneficial in

literature [285–287]. This chapter has four principal contributions.

(i) Exploration of HPSS based features for speech+music detection. In this context, various feature

fusion strategies, viz. Early-Fusion (EF), Intermediate-Fusion (IF), and Late-Fusion (LF) are

also investigated to identify the best feature combinations for the underlying task (see subsec-

tion 5.3.7).

(ii) Explorations of traditional and cascaded-information MTL frameworks for enhancement of clas-

sification performances.

(iii) Experimental analysis of challenging mixing SMRs (say −5dB and 20dB) [124,133,153,264] on

speech+music detection performance.

(iv) Experimental study of the proposed system on real signals containing isolated or overlapped

speech and music.

The rest of the chapter is organized in the following manner. section 5.2 discusses the proposed

approach for the detection of speech+music. A brief description of the procedure for HPSS is provided

in subsection 5.2.1. An analysis of class separability provided by the proposed features is provided

in subsection 5.2.2. The proposed MTL design is explained in subsection 5.2.3. The experiments

performed and results obtained are discussed in section 5.3. Finally, the chapter is summarized in

section 5.4.

5.2 Proposed feature and network architectures

This chapter explores representations obtained from HPSS as features to detect speech+music sig-

nals. Moreover, a classifier designed in the MTL framework to leverage additional implicit information

associated with the underlying task is proposed. The following subsections describe the methodology

for HPSS decomposition and the design of the proposed models in the MTL framework.
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5.2.1 Harmonic-percussive source separation

This chapter uses the HPSS decomposition method proposed by Fitzgerald et al. [288]. Let, X be

a complex-valued Discrete Fourier Transform (DFT) based spectrogram, and |X| be the magnitude

spectrogram derived from X. The spectrogram |X| can be further decomposed into separate harmonic

and percussive components. A harmonic enhanced spectrogram (XH) is computed by median filtering

the rows of |X| with a window size of lharm. Similarly, a percussion enhanced spectrogram (XP )

is computed by median filtering the columns of |X| with a window size of lperc. The respective

equations 5.1 and 5.2 are used for computing XH and XP .

XH [k, 0 : (L− 1)] = median ( |X| [k, 0 : (L− 1)], lharm ) (5.1)

XP [0 : (Nf − 1), l] = median ( |X| [0 : (Nf − 1), l], lperc ) (5.2)

where, k = 0, . . . (Nf − 1) are the indices of Nf frequency bins in X, l = 0, . . . (L − 1) are the

indices of L frames in X, and median (•) signifies the median filter. Masks are generated using these

enhanced spectrograms that are multiplied with the original spectrogram X to obtain the respective

decompositions. Two variants of these masks can be computed, hard masks and soft masks. This

chapter uses soft masks for decomposition. The computation of soft masks MH and MP are based

on Wiener filtering using equations 5.3 and 5.4, respectively.

MH [k, l] =
X2
H [k, l](

X2
H [k, l] + X2

P [k, l]
) (5.3)

MP [k, l] =
X2
P [k, l](

X2
H [k, l] + X2

P [k, l]
) (5.4)

This chapter considers power spectrograms. These masks can also be computed using the magnitude

spectrograms. These masks are element-wise multiplied (
⊗

) with the original complex spectrogram

(X) to generate the harmonic (eqn. 5.5) and percussive (eqn. 5.6) decompositions.

X̂H = MH

⊗
X (5.5)

X̂P = MP

⊗
X (5.6)
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5. Harmonic-Percussive Features for Speech Music Overlap Detection

For a detailed treatment of the method, the reader is encouraged to refer to [288]. The Fig. 5.1(d)-

(f) illustrate the harmonic decomposition (X̂H) and Fig. 5.1(g)-(i) show the percussive decomposition

(X̂P ) of the spectrograms in Fig. 5.1(a)-(c). It can be observed from the figures that X̂H can clearly

capture the harmonic striations of the signal, while X̂P contains the signal’s percussion patterns.

5.2.2 Class-separability provided by HPSS

This subsection describes a method employed to gauge the enhancement in class separability

induced by HPSS. The linear harmonics in music might span only a few adjacent rows (along the

frequency dimension) in the spectrogram. In contrast, harmonics in speech may span over many

rows in the spectrogram because of their wavy nature. Therefore, the harmonic rows might have

a localized energy distribution over successive audio frames in music but not in speech. It may

be noted that the rows without any harmonics in either signal’s spectrogram would mainly contain

background information and not provide much separability. Alternatively, in the case of spectrogram

columns containing percussive striations, the frame’s energy is almost evenly distributed across all

frequency bins. For non-percussive frames, the frame energy is contained only in a few frequency

bins. Thus, energy distribution might be localized in spectrogram columns containing percussion and

widely distributed otherwise. Music is believed to have a lot of percussive components [219], unlike

speech. Hence, it may be expected that the respective row-energy and column-energy distributions of

speech and music signals would be different.

The nature of row-energy and column-energy distributions is studied in this chapter by computing

their skewness measures. Such distributions may be expected to have varying degrees of asymmetries.

Skewness is chosen as it measures the asymmetry of a distribution. An increased class separability

displayed by the skewness values of row and column-energy distributions might prove the effectiveness

of HPSS decomposition in the current task.

This chapter uses spectrogram patches of nt = 68 consecutive frames (695ms) for classification.

Since the harmonics tend to span across multiple rows for both speech and music, the row-energy

distributions of raw spectrograms might be noisy. Hence, the spectrograms are smoothed along the

frequency axis using 21 Mel-scale filters. The choice of 21 Mel-filters is inspired by the work of Doukhan

et al. [2] who obtained excellent performances with this setup. Thus, patches of Mel Spectrogram

(MS), Mel Harmonic Spectrogram (MHS), and Mel Percussive Spectrogram (MPS) of size 21 × 68

are used to generate the class-separability visualizations. In this chapter, skewness is computed using

112

TH-2976_156102026



5.2 Proposed feature and network architectures

Music Speech

Music Speech

(a) (b)

Figure 5.2: The t-SNE plots illustrate the distribution of skewness vectors. The subfigures are generated by
concatenating rskew and cskew vectors computed from |S| (shown in (a)), and X̂H and X̂P (shown in (b)). It
can be observed that harmonic and percussive decompositions can improve the class separability of speech and
music. For more details, refer subsection 5.2.2.

the SciPy [289] Python library. The skewness value s
(i)
R (i = 0 . . . 20) of each row in MS (or MHS) is

computed to capture the class-specific harmonic information. These skewness values are concatenated

to form the 21-dimensional vector rskew = [s
(0)
R , . . . s

(20)
R ]. The vector rskew is used as a representation

of the harmonic information in spectrograms of speech and music signals. Similarly, the skewness

s
(j)
C values computed from the columns of MS (or MPS) are concatenated to form the 68-dimensional

vector cskew = [s
(0)
C , . . . s

(67)
C ]. The percussive information in spectrograms of speech and music are

represented by their corresponding cskew vectors.

The distributions of row and column energies using skewness measure are visualized in Fig. 5.2

using 2-dimensional embeddings generated using the t-SNE [290] algorithm. Fig. 5.2(a) shows t-

SNE visualizations generated with the concatenated row and column skewness vectors computed from

the MS. Similarly, Fig. 5.2(b) shows the visualization generated by concatenating the row and column

skewness vectors computed from MHS and MPS, respectively. The representation for Mel-spectrogram

has much overlap between the classes, even though it inherently contains both harmonic and percussive

information. However, separately computing row and column skewness vectors from the MHS and

MPS decompositions enhances the class separability, as can be observed in Fig. 5.2(b). The skewness

values of HPSS based decomposition are observed to enhance the class separability of speech and

music signals. Therefore, this decomposition might also be useful in detecting speech+music signals

mixed at various SMR levels.
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5.2.3 Multi-task learning framework

In a Single-Task Learning (STL) framework, separate models are trained for different problems.

The STL models with sufficient parameters can approximate the underlying distribution very well.

Moreover, these models perform reasonably well when learned from large enough datasets. For exam-

ple, STL architectures proposed in [2, 212, 262, 263] have been successfully used for speech and music

detection. However, in most practical cases, the performance of these models is constrained by the

complexity of the underlying task and the generalizability to unseen data. On the other hand, an MTL

framework attempts to overcome these problems by learning multiple closely related subproblems us-

ing a single model. Such a technique aids by learning the primary task through joint supervision

of related auxiliary targets. This chapter explores the MTL framework for improving the detection

performance of speech overlapped with music.

This chapter’s main task is the 3-category classification of isolated speech, music, and overlapped

speech+music. The traditional MTL framework and a cascaded-information variant of MTL are

explored here. The proposed models designed in the traditional MTL framework involve simultaneous

training of three auxiliary tasks (AT ) that help learn the main task. First, a speech vs. non-speech

classifier (ATS) learns to differentiate between speech and non-speech. Music and speech+music

are considered non-speech for ATS . Second, the music vs. non-music classifier (ATM ) learns to

discriminate between music and non-music. Here, speech and speech+music are considered non-music.

The ATS and ATM are learned using a binary cross-entropy loss function. Third, a regression-based

task (ATR) tries to estimate the SMR of a given audio signal. The ATR task is trained using a L2 loss-

based optimization scheme. The target output of the ATR task, φ = [φM , φS ], is a 2-dimensional vector

that indicates the scaling factor of music (φM ) with respect to speech (φS) in the input signal. Let

the respective sets of music, speech, and speech+music signals are denoted by ΓM , ΓS , and ΓSM . For

a given input signal x[n] and an SMR of v dB, the ATR task target φ is computed using equation 5.7.

φ =



[0, 1]T , if, x[n] ∈ ΓS

[1, 0]T , if, x[n] ∈ ΓM

[10−
v
10 , 1]T , if, {x[n] ∈ ΓSM} ∧ {v ≥ 0dB}

[1, 10
v
10 ]T , if, {x[n] ∈ ΓSM} ∧ {v < 0dB}

(5.7)

The proposed traditional MTL architecture is shown in Fig. 5.3(a). The hyper-parameters of each
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Figure 5.3: Illustrating the proposed design of (a) Traditional MTL and (b) Cascaded-information MTL
architectures.

auxiliary sub-network have been tuned over a subset of the training data. The number of hidden

layers are varied over [1, 2, 3], while the number of hidden neurons are varied over [16, 32, 64, 128]. For

the ATS and ATM tasks, both Hinge loss and Binary-Crossentropy loss were tested. The final tuned

sub-networks of all the auxiliary tasks consist of a single fully connected hidden layer of 16 nodes

with ReLU activation. For regularization, the hidden layer is equipped with Batch Normalization and

a Dropout fraction of 0.4. The output layer of the ATS and ATM tasks have a single neuron with

Sigmoid activation function. The corresponding sub-networks are trained using Binary-Crossentropy

loss function. The ATR task has two nodes in its output layer with Linear activation and l2 loss

function. The proposal for cascaded-information MTL variant is designed in a similar manner (shown

in Fig. 5.3(b)). The 2-dimensional output from ATR is concatenated with hidden layer outputs of the

ATS and ATM tasks. The cascading of predicted SMR values is expected to aid the auxiliary tasks of

speech vs. non-speech and music vs. non-music classification.

The proposed models use four separate loss functions. Let Ls be the loss function of ATS , while

ys and ŷs be its respective ground-truth and predicted outputs (equation 5.8). Let, Lm be the loss

function for the ATM task with respective true and predicted outputs as ym and ŷm (equation 5.9).

The ATR branch estimates the SMR proportion of speech and music in an input signal. The ATR

regression task is learned using a l2 loss Lsmr (equation 5.10).
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Equal wc ↑ ws ↑ wm ↑ wsmr ↑
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Figure 5.4: Illustrating the variations in classification performance obtained by using different loss weights
for the main task and auxiliary tasks in the proposed MTL frameworks. Results are shown for the B3-MTL
classifier with LMHPS-EF feature (see subsection 5.3.6).

Ls = -
1

NB

(NB−1)∑
i=0

(ys[i] log (ŷs[i]) +(1-ys[i]) log (1-ŷs[i])) (5.8)

Lm = -
1

NB

(NB−1)∑
i=0

(ym[i] log (ŷm[i]) +(1-ym[i]) log (1-ŷm[i])) (5.9)

Lsmr =
1

NB

(NB−1)∑
i=0

||ysmr[i]-ŷsmr[i]||22 (5.10)

Here, i = 0, . . . (NB − 1) are the samples in a training batch of size NB. Also, ysmr and ŷsmr are

the respective ground-truth and predicted values of the SMR proportion. The final 3-class classifi-

cation loss function Lc for the main task is learned using a Categorical-Crossentropy loss function

(equation 5.11).

Lc = − 1

NB

(NB−1)∑
i=0

2∑
j=0

(
y(j)c [i]log

(
ŷ(j)c [i]

))
(5.11)

Here, y
(j)
c are the one-hot encoded ground truth and ŷ

(j)
c are the predicted outputs of the jth output

neuron of the main task network. Here, j = 0 stands for music, j = 1 stands for speech, and j = 2

stands for speech+music. The total loss LTotal can be defined as the weighted sum of these four losses

mentioned above. The MTL-based model is learned by minimizing LTotal (equation 5.12).

LTotal = ws.Ls+wm.Lm+wsmr.Lsmr+wc.Lc (5.12)
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Table 5.1: Illustrating in detail the variations in classification performance obtained by using different loss
weights for the main task and auxiliary tasks in the proposed MTL frameworks. Results are shown for the
B3-MTL classifier with LMHPS-EF feature (see subsection 5.3.6).

Music Speech Speech+Music Avg.

Loss Weights Acc Prec Rec F1 Prec Rec F1 Prec Rec F1 F1

Equal 89.12
±1.67

78.31
±1.42

87.8
±3.35

82.74
±0.95

90.08
±4.63

97.91
±1.61

93.76
±1.92

93.26
±0.72

82.81
±3.03

87.71
±1.92

88.07
±1.59

wc ↑ 88.93
±0.81

71.59
±2.53

90.77
±0.71

80.03
±1.7

92.56
±1.66

96.63
±1.42

94.54
±0.58

93.45
±0.29

79.46
±2.33

85.88
±1.34

86.82
±0.78

ws ↑ 88.11
±1.32

73.1
±2.33

88.09
±2.19

79.89
±2

91.59
±3.13

97.63
±1.76

94.48
±0.89

92.7
±0.52

80.08
±4.67

85.88
±2.76

86.75
±1.86

wm ↑ 89.40
±2.46

75.99
±5.12

90.29
±1.64

82.48
±3.56

91.6
±2.48

96.79
±0.59

94.1
±1.11

93.44
±1.15

81.91
±5.99

87.24
±3.89

87.94
±2.83

wsmr ↑ 87.78
±0.42

73.37
±1.42

87.34
±0.93

79.75
±1.13

88.56
±1.64

98.25
±0.6

93.15
±0.82

92.83
±0.72

78.21
±1.34

84.89
±0.69

85.93
±0.19

The loss weights ws, wm, wsmr and wc can be varied to obtain optimal loss minimization for a given

task. The impact of each auxiliary task in the overall training of the classifier may also be understood

by this process. Fig. 5.4 presents the performances obtained by assigning one task a higher weight

while lower weights are assigned to the remaining tasks. In Fig. 5.4, “wc ↑” indicates wc=1, while the

remaining weights are set to 0.5. Similar convention is followed for ws ↑, wm ↑, and wsmr ↑. The bars

with x-label as “Equal” in Fig. 5.4 indicates that all loss weights are set to 1. It can be observed that

the best performance is obtained when all losses are equally weighed. Even though the mean accuracy

of wm ↑ is slightly better than Equal, its standard deviation is more. Also, the average F1-score of

Equal is better than wm ↑. Therefore, all losses are equally weighed in this chapter. It can be concluded

that every task in the proposed MTL framework is equally important and contributes toward better

classifier training. Detailed performance measures are listed in Table 5.1. The results are shown for

the best feature and classifier combination of LMHPS-EF and B3-MTL (see subsection 5.3.6).

5.3 Experiments and results

The proposed approach is validated using various experiments as described in this section. The mu-

sic and speech data from the MUSAN - A Music, Speech, and Noise corpus [203] (≈ 102 hours) are used

as experimental data. The MUSAN dataset is popularly used in a variety of speech and audio process-

ing tasks, like speech music detection [267], general-purpose audio representation learning [291], music
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relative loudness estimation [155], sound source separation works [292], speech enhancement [293]

voice activity detection in the wild [294], and many others. For the initial experiments, data for the

speech+music class is generated synthetically. However, in a later subsection (see subsection 5.3.10),

results on real mixed speech and music signals from DAFx-12 [206] and Muspeak [205] datasets are

also reported to establish the efficacy of the proposed approach. This chapter uses three-fold cross-

validation. Each experiment is run for three iterations, considering one of the folds as a test set and the

remaining two folds as the training set. Results are reported using the mean and standard deviation

computed over the three test runs.

The performance metrics used in this chapter are accuracy (Acc), precision (Prec), recall (Rec),

and F1-score (F1). Let CM3×3 be the confusion matrix for a three-category classification evaluation,

where rows indicate the true labels and columns indicate the predicted label. Accuracy measures the

fraction of correct samples detected among all test data according to equation 5.13.

Acc =

3∑
a=1

CM [a][a]

3∑
a=1

3∑
b=1

CM [a][b]

(5.13)

Precision of a class determines how many predictions of that class truly belong to that class. The

precision of the ath class (a = 0, 1, 2) is computed using equation 5.14.

Prec[a] =
CM [a][a]
3∑
b=1

CM [b][a]

(5.14)

Recall of a class determines the fraction of true samples of that class correctly predicted. Recall of

the ath class (a = 0, 1, 2) is computed using equation 5.15.

Rec[a] =
CM [a][a]
3∑
b=1

CM [a][b]

(5.15)

F1-score for each class is computed as the harmonic mean of the precision and recall of that class.

Thus, the F1-score of the ath class (a = 0, 1, 2) is computed using equation 5.16.

F1[a] =
2 · Prec[a] ·Rec[a]

Prec[a] +Rec[a]
(5.16)

Finally, the average of class-wise F1-score (equation 5.17) is also reported.
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Avg. F1 =
1

3

3∑
a=1

F1[a] (5.17)

All metrics are reported in percentage. The performance values are rounded to two decimal places.

Hence, slight variations may be observed if the above equations are directly applied to the reported

results. The process of generating the mixed signals is described next.

5.3.1 Synthetic speech+music signal generation

The MUSAN dataset contains ≈ 42 hours of music and ≈ 60 hours of speech. The available music

and speech files are divided into three (almost equal) folds. Music files in the MUSAN dataset have

genre annotations, while many speech files have gender information. Such available information was

considered while grouping the files so that similar distribution of music and speech could be maintained

across the folds. The speech+music data for each fold was created by mixing random pairs of music

and speech files from the same fold. Files for mixing were chosen so that files from speech class (more

in number) were sampled without replacement, while some files from the music class (less in number)

were sampled at most twice. All integer SMR levels in the range −5dB to 20dB with a step of 1dB

were considered for simulating real mixed signals. Here, SMR is defined by considering speech as the

reference signal. It was ensured that for the speech+music data in each fold, an almost equal number

of file pairs were mixed at each SMR level. The division of files from the MUSAN dataset into folds

and speech+music file pairs with SMR annotations used in this chapter have been shared publicly

(along with the codes2).

5.3.2 Baseline methods for comparison

The proposed approach is validated using four state-of-the-art speech music detection methods

from the literature. First, the method proposed by Doukhan et al. [2] (B1) uses 21-Mel spectrogram

input (MS) with a CNN to classify speech and music signals. The B1 classifier has four convolu-

tional layers followed by four fully-connected layers (512 neurons each), leading to approximately 1.4

million parameters. Second, the proposal of Papakostas et al. [212] (B2) uses a CNN classifier with

grayscale spectrogram input (S) to classify speech and music. The B2 classifier consists of three

convolutional layers and two fully-connected layers (4096 neurons each), leading to approximately 44

million parameters. Third, Lemaire et al. [262] (B3) proposed a non-causal Temporal Convolution

2https://github.com/mrinmoy-iitg/SM_HPSS_MTL
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Table 5.2: Illustrating the binary SMC performances of all the baseline systems B1, B2, B3, and B4 with
their respective features.

Music Speech Avg.

Feature Baseline Context Acc Prec Rec F1 Prec Rec F1 F1

MS B1 Original 94.86
±2.04

94.41
±3.81

94.08
±1.09

94.22
±2.09

95.90
±0.87

95.95
±3.01

95.92
±1.77

95
±1.73

S B2 Original 93.99
±1.25

93.19
±2.47

92.25
±0.42

92.71
±1.43

94.69
±0.59

95.31
±1.89

95
±1.21

93.67
±1.53

LMS B3 Original NOT COMPUTED

LS B4 Original 92.28
±5.91

89.05
±9.61

92.86
±4.54

90.84
±6.95

94.75
±3.64

91.8
±7.74

93.21
±5.61

92
±6.08

MS B1 695ms 94.86
±2.04

94.41
±3.81

94.08
±1.09

94.22
±2.09

95.90
±0.87

95.95
±3.01

95.92
±1.77

95
±1.73

S B2 695ms 91.73
±1.02

88.24
±3.09

92.24
±2.57

90.15
±1.27

94.46
±1.84

91.54
±2.1

92.96
±0.7

91.67
±1.15

LMS B3 695ms 96.5
±0.42

96.77
±0.92

95.38
±1.1

96.06
±0.47

96.87
±0.5

97.78
±0.71

97.32
±0.21

96.69
±0.32

LS B4 695ms 90.12
±7.88

83.57
±14.43

94.86
±1.27

88.45
±9

95.95
±1.36

86.12
±13.57

90.44
±8.41

89.33
±8.96

Network (TCN) architecture with log-scaled 80-Mel spectrogram input (LMS) to detect speech and

music in radio broadcasts. The B3 classifier consists of one TCN unit of three residual block stacks

that add up to approximately 0.11 million parameters. The optimal B3 classifier was obtained by

tuning the hyperparameters mentioned by the authors [262] on a subset of the training data used in

this chapter (see subsection 5.3.1). Fourth, a CNN with 64 trainable Mel-scale convolutional filters

with log-spectrogram input (LS) was proposed by Jang et al. [263] (B4) for music detection. With

three convolution layers in addition to the Mel-scale one and two fully connected layers (2048 and 1024

neurons, respectively), the B4 classifier has approximately 21 million parameters to train. Among all

the baselines considered, B1 uses the smallest and most challenging context window size of 695ms.

Hence, all results reported in this work are computed for 695ms windows. However, the effect of

varying context window size is also analyzed (see subsection 5.3.8). Binary SMC performance of the

baseline methods is described next.

All the baselines were proposed as binary classification tasks. Table 5.2 presents the binary SMC

performances of the baseline methods B1, B2, B3 and B4. The baseline results are computed with
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Table 5.3: Optimization of the number of Mel filters (nmels) for HPSS decomposition.

Music Speech Speech+Music Avg.

nmels Acc Prec Rec F1 Prec Rec F1 Prec Rec F1 F1

20 73.4
±2.42

51.5
±1.17

82.94
±2.49

63.54
±1.48

76.99
±4.27

90.08
±6.95

82.81
±2.18

79.2
±4.73

48.25
±7.89

59.62
±6.18

68.67
±3.06

40 80.23
±0.49

61.91
±2.51

87.09
±1.86

72.33
±1.26

80.56
±1

90.6
±0.29

85.28
±0.52

85.59
±0.71

62.89
±2.46

72.48
±1.4

76.67
±0.58

60 80.05
±2.45

62.98
±6.12

86.52
±0.77

72.77
±4.08

76.83
±1.69

92.98
±1.47

84.12
±0.68

86.77
±0.79

60.11
±6.16

70.91
±4.58

75.67
±3.21

80 79.23
±1.37

62.66
±2.72

84.4
±0.85

71.91
±2

80.41
±2.81

88.86
±3.07

84.35
±0.12

83.57
±0.7

64.65
±5.86

72.8
±3.78

76.33
±2.08

100 80.22
±1.23

63.96
±3.64

86.61
±2.54

73.49
±1.49

77.73
±3.62

91.04
±2.24

83.8
±1.3

86.34
±0.82

62.62
±5.59

72.5
±3.83

76.33
±2.08

120 81.75
±1.01

63.92
±3.26

87.86
±0.54

73.97
±2.14

80.91
±4.65

90.95
±1.84

85.54
±1.87

86.88
±0.57

64.83
±8.06

74.04
±5.3

77.67
±3.21

the respective features used in the original proposal. The B1 method used the MS feature with a

context size of 695ms. The approach B2 used the S feature (see subsection 5.3.2) with a context

size of 2400ms. The baseline B3 used the LMS feature with a context size of 90s. The method B4

used a 1010ms context of the LS feature. Apart from the original context sizes for different baselines,

their performance at the smallest and most challenging 695ms context is also computed. Since the

original context size of B3 is very long, its performance is only computed for 695ms. Short-term

window size was fixed to 25ms, and frame size was kept at 10ms to maintain uniformity among all

baselines. The speech and music data from the MUSAN dataset was used for this experiment. The

mean and standard deviation of the performances of three-fold cross-validation are reported here. The

previously described fold division is used here (see subsection 5.3.1). The training and test datasets

used in the original work of the baselines and various experimental setups are different from this

chapter. Nevertheless, comparable performances are obtained for all the baselines (Table 5.2). These

baseline classifiers are extended to perform the three-category classification. This chapter aims to

solve a three-category classification task. Here, the speech+music category has significant similarities

with either the speech or music class based on the SMR. This increases the overall complexity of the

classification task. Therefore, the three-category classification performance reported for the baselines

might be lesser than their original binary classification performances.
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Table 5.4: Optimization of the lharm parameter for harmonic decomposition.

Music Speech Speech+Music Avg.

lharm Acc Prec Rec F1 Prec Rec F1 Prec Rec F1 F1

11 57.18
±1.25

42.19
±4.07

61.22
±3.73

49.93
±3.96

73.19
±3.75

50.15
±14.52

58.45
±8.18

56.7
±1.57

58.84
±10.79

57.31
±4.92

55.33
±0.58

21 57.99
±0.98

44.68
±3.67

60.19
±5.83

51.28
±4.53

71.05
±3.02

55.53
±7.66

62.09
±4.87

58.3
±2.7

59.47
±5.36

58.82
±3.49

57.4
±2.02

31 56.07
±2.09

40.43
±3.23

56.82
±1.31

47.22
±2.64

67.58
±6.77

58.76
±3.14

62.77
±4.03

56.35
±1.29

52.34
±0.81

54.26
±0.48

54.67
±0.58

41 53.69
±1.22

36.9
±2.45

56.13
±6

44.34
±1.48

63.85
±4.64

60.32
±11.42

61.31
±4.47

54.37
±1.45

44.96
±3.7

49.13
±1.89

51.67
±1.53

51 55.4
±2.34

39.1
±5.97

57.84
±8.46

46.6
±6.65

69.67
±5.27

53.14
±9.37

59.75
±4.3

55.5
±2.91

54.15
±10.83

54.63
±6.84

53.67
±3.79

5.3.3 Experimental setup

The spectrograms in this chapter are computed using a short-term window size of 25ms and a frame

size of 10ms. A heuristic-based energy threshold is used to remove silences in audio signals. The HPSS

decomposition of spectrograms is performed using the Librosa [252] Python library. Classifiers are

designed using the Keras [295] and Tensorflow [254] libraries. The following three hyperparameters

are used in this chapter – the number of Mel filters (nmels), the median filter size for harmonic

decomposition (lharm) and the median filter size for percussive decomposition (lperc). The optimal

values of hyperparameters were obtained experimentally. The experiments were performed over a

subset of the training set. The B3 classifier was used for this experiment. The values of nmels, lharm

and lperc were respectively varied over [20, 40, 60, 80, 100, 120], [11, 21, 31, 41, 51] and [11, 21, 31, 41, 51].

The optimal values obtained after the tuning experiments are nmels = 120, lharm = 21, and lperc = 11.

The detailed results obtained for these experiments are listed in Tables 5.3, 5.4, and 5.5. The classifiers

are trained using feature patches with nt = 68 frames (695ms) as the temporal context. Patches are

extracted with a shift of 68 frames. The models are trained with a minibatch size of 48 and a

maximum of 50 epochs. An early-stopping criterion has been used while training to avoid overfitting.

Early-stopping is a regularization approach that monitors the validation loss and terminates the model

training if there is no improvement for consecutive 5 epochs. The best model with the lowest validation

loss obtained in the process is retained. All codes used for performing experiments in this chapter have
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Table 5.5: Optimization of the lperc parameter for percussive decomposition.

Music Speech Speech+Music Avg.

lperc Acc Prec Rec F1 Prec Rec F1 Prec Rec F1 F1

11 58.75
±2.72

43.44
±4.05

62.02
±2.19

51.01
±2.75

69.79
±6.03

58.2
±10.1

62.92
±4.69

58.63
±2.35

55.56
±12.7

56.71
±7.58

57
±2.65

21 58.25
±3.21

42.97
±5.97

60.92
±3.6

50.08
±2.62

69.35
±2.46

55.14
±8.23

61.29
±6.17

58.28
±2.43

56.74
±7.26

57.38
±4.53

56.33
±3.51

31 56.47
±1.47

42.09
±4.59

54.83
±6.66

47.61
±5.36

71.53
±1.41

56
±5.65

62.7
±3.32

57.12
±1

59.11
±2.36

58.09
±1.48

56
±1.73

41 55.91
±2.1

43.4
±3.38

54.51
±2.29

48.29
±2.59

75.81
±5.29

50.7
±2.93

60.66
±2.25

56.14
±1.61

63.44
±4.58

59.54
±2.82

56.33
±2.52

51 57.23
±3.19

42.56
±8.28

60.8
±3.59

49.69
±5.86

74.27
±4.59

49.88
±8.31

59.4
±6.6

56.6
±4.86

59.75
±12.73

57.84
±8.26

55.67
±5.69

been shared publicly (see subsection 5.3.1). The results are discussed in the following subsections.

5.3.4 Performance of Harmonic-Percussive features

The 3-class classification performance of B1, B2, B3 and B4 are tabulated in Table 5.6. The

best average F1-score of 76.33 ±2.08 is obtained for the baseline B3 with the LMS feature. The B4

baseline with LS input seems to perform the poorest. However, it was observed that the B4 model

overfits the training data. This might be attributed to the large model size of B4. Reducing the

number of parameters by removing the fully-connected (FC) layers in the B4 architecture greatly

improved its performance (see B4 (NoFC) in Table 5.6). The best performing B3 model is used

in further experiments for developing the best feature and classifier combination. Later, performance

improvements obtained with all baselines using the proposed methods are described in subsection 5.3.6.

Performance of the proposed HPSS decomposed features in the current 3-class classification task

with the best baseline B3 is tabulated in Table 5.7. The performance of B3 was further improved by

setting nmels=120 (first row in Table 5.7). The performance of B3 with log-scaled 120-Mel harmonic

spectrogram input (LMHS) computed with tuned parameter lharm=21 is listed in the second row. In

the third row, the performance of B3 with log-scaled 120-Mel percussive spectrogram input (LMPS)

computed with tuned lperc=11 is provided. In the last row, the performance of B3 with the early-

fusion (EF) of the LMHS and LMPS features concatenated along the feature dimension (LMHPS-EF)

is listed. The EF might be the best among all fusion strategies explored in this chapter (see subsec-
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Table 5.6: Illustrating the performances of baseline methods used for comparisons in this chapter.

Music Speech Speech+Music Avg.

Fe
at

ur
e

C
la
ss

ifi
er

Acc Prec Rec F1 Prec Rec F1 Prec Rec F1 F1

MS B1 71.68
±2.28

49.5
±3.37

77.64
±11.28

60.19
±4.29

81.03
±1.35

87.83
±6.03

84.19
±2.21

75.18
±4.66

51.86
±4.18

61.32
±3.9

68.67
±3.06

S B2 67.39
±2.02

40.26
±3.08

61.4
±8.82

48.59
±5.04

78.31
±4.4

93.99
±4.3

85.38
±3.52

74.85
±1.18

47.36
±5.25

57.88
±3.86

64
±2.65

LMS B3 79.23
±1.37

62.66
±2.72

84.4
±0.85

71.91
±2

80.41
±2.81

88.86
±3.07

84.35
±0.12

83.57
±0.7

64.65
±5.86

72.8
±3.78

76.33
±2.08

LS B4 56.86
±10.41

67.45
±12.02

46.22
±29.72

49.16
±18.32

90.92
±11.82

40.98
±33.76

48.58
±36.4

59.19
±7.47

84.29
±9.61

69.04
±4.81

55.67
±13.32

LS B4
(NoFC)

69.95
±16.97

48.59
±13.58

88.06
±11

61.09
±9.6

89.02
±8.22

63.05
±46.68

63.93
±39.83

81.08
±18.57

59.67
±15.59

68.01
±14.05

64.35
±20.52

tion 5.3.7). It can be observed that the LMHS feature does not perform better than LMS. A possible

reason might be that Mel-scaling reduces the resolution of high-frequency harmonics that hampers

discrimination. The LMPS provides almost similar results to LMS, although with a lower standard

deviation. However, the LMHPS-EF significantly improves the baseline LMS performance (average

F1-score) by around 7%. The LMHPS-EF feature also performs better for each of the individual

classes. Such performances support the proposal of this chapter that the features generated from the

HPSS decomposition of the spectrogram are efficient in detecting speech, music, and speech+music

signals.

5.3.5 Performance of MTL framework

The second contribution of this chapter is an exploration of the popular MTL framework in the

current task. This chapter explores the traditional MTL architecture [277] and a cascaded-information

MTL variant [287] (see subsection 5.2.3). Table 5.8 lists the performances of the best baseline clas-

sifier B3 whose architecture is modified according to traditional MTL framework (B3-MTL) and the

cascaded-information MTL framework (B3-C-MTL), as shown in Fig. 5.3. With the B3-MTL architec-

ture, the performance of the baseline LMS feature improves by around 2%. Similarly, the performances

of proposed features LMHS, LMPS, and LMHPS-EF improve by around 6%, 5%, and 3%, respectively.

The B3-C-MTL architecture also improves the performances of LMS, LMHS, LMPS, and LMHPS-EF
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Table 5.7: Illustrating the effect of using the optimized number of Mel-filters along with Harmonic and
Percussive features with the best performing baseline (B3). Here, nmels=120, lharm=21, and lperc=11 are used
as the tuned parameters.

Music Speech Speech+Music Avg.

Fe
at

ur
e

C
la
ss

ifi
er

Acc Prec Rec F1 Prec Rec F1 Prec Rec F1 F1

LMS B3 81.75
±1.01

63.92
±3.26

87.86
±0.54

73.97
±2.14

80.91
±4.65

90.95
±1.84

85.54
±1.87

86.88
±0.57

64.83
±8.06

74.04
±5.30

77.67
±3.21

LMHS B3 79.02
±5.02

52.61
±8.02

87.14
±1.77

65.43
±6.63

83.59
±4.59

97.11
±1.25

89.78
±2.10

88.91
±2.74

52.24
±15.48

65.12
±12.55

73.33
±6.81

LMPS B3 81.77
±1.31

56.48
±3.49

86.29
±3.20

68.17
±1.66

89.95
±5.88

95.26
±4.03

92.36
±1.87

89.06
±1.26

64.16
±4.11

74.52
±2.67

78.33
±1.53

LMHPS-
EF

B3 86.87
±1.38

70.67
±5.06

86.85
±4.38

77.74
±1.18

90.47
±3.10

97.10
±1.13

93.64
±1.41

92.06
±2.13

77.82
±6.06

84.20
±2.67

85.19
±1.75

features by around 2%, 9%, 4%, and 2%, respectively. However, the overall best average F1-score

of 88.07 ±1.59 for the 3-class classification task is obtained with the B3-MTL architecture with the

LMHPS-EF feature. Performances of all three classes also improve significantly with the LMHPS-EF

feature and B3-MTL classifier. Hence, it can be inferred that the use of the MTL framework in the

current task helps in learning more generalizable representations for distinguishing the different audio

classes, thereby significantly improving the overall performance.

5.3.6 HPSS features and MTL framework with baselines

The improvements obtained for B3 with the usage of harmonic-percussive features and MTL-based

classifier modification motivate the application of these changes to other baselines. Each baseline

is fed with the EF of harmonic and percussive features with the respective preprocessing of each

baseline. Moreover, all the baselines are equipped with the best-performing MTL modification. Thus,

B1 is modified to B1-MTL and provided the EF of 120-Mel harmonic and percussive spectrograms

(MHPS-EF) as input. The B2 is modified to B2-MTL and given the EF of harmonic and percussive

spectrograms (HPS-EF) as input. Finally, B4 is converted to B4-MTL and trained with EF of log-

scaled harmonic and percussive spectrograms (LHPS-EF) as input. Table 5.9 shows the improved

performances of all the baselines used in this chapter. It can be observed that there are significant

improvements to the performances of all the baselines. The B3-MTL classifier with the LMHPS-
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Table 5.8: Illustrating the effect of modifying the best performing baseline (B3) with traditional MTL-based
and cascaded-information MTL-based (C-MTL) frameworks, as shown in Fig. 5.3. The C-MTL modification
helped improve the performance of LMS and LMHS features. However, the best result with the LMHPS-EF
feature was obtained with the traditional MTL modification.

Music Speech Speech+Music Avg.

Fe
at

ur
e

C
la
ss

ifi
er

Acc Prec Rec F1 Prec Rec F1 Prec Rec F1 F1

LMS B3-
MTL

81.79
±2.59

68.05
±4.06

85.18
±2.72

75.63
±3.28

82.33
±3.52

89.99
±2.23

85.98
±2.82

85.43
±2.59

70.48
±3.15

77.22
±2.74

79.33
±2.52

LMHS B3-
MTL

83.27
±1.08

62.52
±7.52

83.51
±1.9

71.28
±4.39

85.86
±1.16

96.65
±1.02

90.93
±0.77

88.87
±0.76

67.77
±5.78

76.82
±3.86

79.67
±2.52

LMPS B3-
MTL

85.44
±0.08

64.76
±2.78

84.87
±1.43

73.42
±1.29

91.65
±2.95

97.35
±0.6

94.39
±1.38

90.8
±0.62

74.41
±0.33

81.79
±0.37

83.2
±0.24

LMHPS-
EF

B3-
MTL

89.12
±1.67

78.31
±1.42

87.8
±3.35

82.74
±0.95

90.08
±4.63

97.91
±1.61

93.76
±1.92

93.26
±0.72

82.81
±3.03

87.71
±1.92

88.07
±1.59

LMS B3-
C-

MTL

82.72
±1.72

67.32
±7.23

87.23
±1.6

75.8
±4.01

84.1
±0.99

88.57
±2.79

86.25
±0.94

85.45
±1.82

70.87
±4.63

77.46
±3.48

79.67
±2.52

LMHS B3-
C-

MTL

84.62
±1.97

66.66
±5.64

84.56
±2.27

74.45
±3.68

87.65
±3.98

96.08
±1.54

91.61
±1.55

89.92
±0.35

73.16
±6.15

80.59
±3.94

82.33
±3.06

LMPS B3-
C-

MTL

85.11
±1.99

64.84
±5.07

83.12
±1.46

72.74
±2.64

90.51
±3.31

97.62
±0.8

93.91
±1.84

90.06
±0.4

73.83
±5.94

81.06
±3.65

82.67
±2.52

LMHPS-
EF

B3-
C-

MTL

90.09
±0.66

74.05
±2.49

90.8
±1.99

81.54
±0.75

91.66
±2.11

97.54
±0.74

94.49
±0.79

94.28
±1.28

80.71
±1.64

86.95
±0.51

87.33
±0.58

EF feature performs the best, while the B2-MTL provides a minor improvement. Nevertheless, the

observed results validate the current proposal that HPSS based features and MTL-framework can be

an efficient combination for detecting music, speech, and speech+music.

Table 5.10 illustrates the performance of all the four baseline methods on the speech, music and

speech+music classes in the Movie-MUSNOMIX dataset (see section 3.2). It may be observed that the

performance of all the baseline methods improves upon adding the harmonic and percussive features

and the MTL-based modifications to their classifiers. The B1-MTL and B3-MTL systems provide

significant performance gains. Such results also validate the proposal of this chapter on challenging

movie audio signals as well.
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Table 5.9: Illustrating the improvement in performances of all four baselines with the Harmonic-Percussive
feature and MTL modification of their respective classifier architectures.

Music Speech Speech+Music Avg.

Fe
at

ur
e

C
la
ss

ifi
er

Acc Prec Rec F1 Prec Rec F1 Prec Rec F1 F1

MHPS-
EF

B1-
MTL

89.67
±2.92

67.03
±6.92

96.27
±2.43

78.84
±4.5

94.36
±2.76

99.25
±0.98

96.72
±1.28

97.4
±2.06

74.54
±8.05

84.23
±4.81

86.6
±3.51

HPS-
EF

B2-
MTL

69.60
±1.89

45.79
±0.39

63.77
±9.23

53.14
±3.24

79.47
±5.7

90.27
±3.98

84.35
±1.65

74.71
±2.05

54.87
±0.48

63.27
±1.04

66.92
±1.71

LMHPS-
EF

B3-
MTL

89.12
±1.67

78.31
±1.42

87.8
±3.35

82.74
±0.95

90.08
±4.63

97.91
±1.61

93.76
±1.92

93.26
±0.72

82.81
±3.03

87.71
±1.92

88.07
±1.59

LHPS-
EF

B4-
MTL
(NoFC)

73.8
±6.93

59.03
±7.29

63.3
±22.54

58.89
±6.18

83.88
±4.45

87.57
±12.61

85.31
±6.24

77.27
±10.43

69.68
±10.35

72.3
±2.18

72.17
±4.04

5.3.7 Feature fusion strategies

Three feature fusion strategies for combining the harmonic and percussive features are compared

in this chapter. The B3-MTL classifier is used in this experiment as it has performed the best so

far. First, the Early-Fusion (EF) strategy involves concatenating LMHS and LMPS features along

the feature dimension. With this strategy, the number of trainable parameters for the B3-MTL

classifier increases by approximately 3K. Second is the Intermediate-Fusion (IF) strategy, where the

initial convolution layers of B3-MTL are kept separate for both the features. Flattened embeddings

obtained from each convolutional sub-networks are concatenated and passed on for classification. The

intermediate fusion (IF) of LMHS and LMPS features requires training of about additional 0.22 million

parameters. The third is the Late-Fusion (LF) strategy, where two separate models are trained for

LMHS and LMPS. Predictions for the same test signal from both models are combined linearly for

the final decision during testing. Let, pharm and pperc be the predictions from both the models. The

LF decision score is obtained using Eqn 5.18.

αLF · pharm + (1− αLF ) · pperc (5.18)

The trainable parameters become twice that of a single B3-MTL classifier with the LF strategy.

Table 5.11 lists the performances obtained for each of the fusion strategies discussed above. The best
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Table 5.10: Illustrating the performance of the HPSS based features and MTL-based classifiers on the speech,
music and speech+music classes of the Movie-MUSNOMIX dataset.

Music Speech Speech+Music Avg.

Fe
at

ur
e

C
la
ss

ifi
er

Acc Prec Rec F1 Prec Rec F1 Prec Rec F1 F1

MS B1 84.21
±0.48

93.99
±0.54

91.76
±1.62

92.86
±0.94

71.61
±4.12

86.31
±2.06

78.16
±1.8

85.46
±3.39

75.37
±2.94

80.0
±1.28

83.67
±1.34

S B2 71.93
±1.55

73.31
±3.6

90.79
±3.1

81.09
±3.21

63.74
±4.15

73.65
±1.66

68.2
±1.76

72.06
±4.89

53.39
±3.71

61.22
±3.14

70.17
±2.70

LMS B3 77.75
±3.7

81.88
±0.9

87.46
±3.07

84.56
±1.64

68.41
±6.45

80.86
±3.12

73.99
±4.44

76.29
±6.16

63.74
±7.38

69.42
±6.84

75.99
±4.31

LS B4 80.69
±1.22

75.36
±5.23

86.63
±5.68

80.23
±0.77

76.87
±8.51

86.65
±7.21

80.75
±3.04

82.53
±5.78

65.61
±8.11

72.6
±4.38

77.86
±2.73

MHPS-
EF

B1-
MTL

90.87
±0.31

90.9
±3.61

97.7
±0.77

94.15
±2.14

82.18
±5.58

94.17
±3.04

87.59
±2.69

94.78
±1.9

80.87
±1.52

87.25
±0.51

89.66
±1.78

HPS-
EF

B2-
MTL

74.64
±1.06

77.49
±4.1

89.99
±2.64

83.23
±3.15

60.99
±3.89

78.78
±2.98

68.58
±1.43

76.47
±4.59

53.62
±3.94

62.85
±2.4

71.55
±2.33

LMHPS-
EF

B3-
MTL

81.93
±3.01

82.53
±2.66

88.4
±1.38

85.36
±2.05

73.93
±3.43

89.6
±0.4

80.98
±2.12

83.33
±2.85

67.84
±5.99

74.74
±4.78

80.36
±2.98

LHPS-
EF

B4-
MTL
(NoFC)

78.54
±0.07

82.22
±7.01

79.25
±11.63

79.64
±2.86

78.24
±5.17

83.36
±7.0

80.27
±0.95

76.61
±2.42

72.92
±7.06

74.41
±2.37

78.11
±2.06

performance for the LF strategy is obtained with αLF = 0.5. The LF strategy does improve upon

the individual performances of LMHS and LMPS with the B3-MTL classifier (listed in Table 5.8),

indicating that the two features carry some complementary information. However, the best average

F1-score is obtained with the EF strategy. A possible reason for the poor performance observed with

the IF strategy might be the confusion created between music and speech+music signals. With the

IF strategy, the precision of the music class and the recall of the speech+music class are significantly

reduced (see Table 5.11), indicating that speech+music is frequently detected as music.

5.3.8 Effect of context window size

The size of the context window is supposed to affect the performance of classifiers. Hence, the

best feature and classifier combination of LMHPS-EF with B3-MTL is trained with different context

window sizes, 250ms, 500ms, 750ms, 1000ms and 2500ms. Fig. 5.5 shows these results. The perfor-

128

TH-2976_156102026



5.3 Experiments and results

Table 5.11: Illustrating the results of employing various feature fusion strategies, viz., Early-Fusion (EF),
Intermediate-Fusion (IF) and Late-Fusion (LF) with the best classifier B3-MTL. The best LF performance was
obtained for αLF = 0.5.

Music Speech Speech+Music Avg.

Feature Acc Prec Rec F1 Prec Rec F1 Prec Rec F1 F1

LMHPS-EF 89.12
±1.67

78.31
±1.42

87.8
±3.35

82.74
±0.95

90.08
±4.63

97.91
±1.61

93.76
±1.92

93.26
±0.72

82.81
±3.03

87.71
±1.92

88.07
±1.59

LMHPS-IF 90.86
±2.27

65.23
±7.1

90.02
±2

75.52
±4.99

89.97
±6.85

94.78
±2.92

92.13
±2.37

91.47
±0.7

71.91
±10.67

80.19
±6.54

82.62
±4.51

LMHPS-LF 88.23
±1.37

70.21
±6.05

89.14
±0.76

78.44
±3.55

91.36
±2.6

97.94
±0.8

94.52
±1.3

93.53
±0.32

77.61
±2.54

84.82
±1.63

85.92
±1.41

250ms 500ms 695ms 750ms 1000ms 2500ms
70

75

80

85

90

95

100
Accuracy Avg. F1-score

Figure 5.5: Figure depicting the effect of different context window sizes used for making the classification
decision with the LMHPS-EF feature and B3-MTL classifier. It can be observed that performance improves
with a larger context but tends to stabilize with sizes greater than 695ms.

mance improves with increasing the context window size to 1000ms. The improvement in F1-score

is significant from 250ms to 500ms and 750ms. However, the F1-score does not improve significantly

from 750ms to 1000ms and drops from 1000ms to 2500ms. Performance for the 695ms context window

(used for experiments in the manuscript) is slightly better than that at 750ms. In general, the perfor-

mance improves with increasing context window sizes. However, beyond 695ms the performances tend

to oscillate around 89.54 accuracy (or 87.39 Avg. F1-score). Thus, it may be inferred that increasing

the context window size beyond a limit may not add any extra benefit to the underlying task. Detailed

performance measures are presented in Table 5.12
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Table 5.12: Illustrating the effect of different context window sizes used for making the classification decision
with the LMHPS-EF feature and B3-MTL classifier. It can be observed that the performance improves with
increasing context window till 695ms but tends to oscillate around 89.54 accuracy (or 87.39 Avg. F1-score)
beyond 695ms.

Context Music Speech Speech+Music Avg.

(in ms) Acc Prec Rec F1 Prec Rec F1 Prec Rec F1 F1

250 85.82
±0.99

67.42
±2.87

85.41
±1.93

75.31
±1.04

90.7
±1.36

97.05
±0.32

93.76
±0.6

91.03
±0.37

75.71
±4.68

82.61
±2.67

83.89
±1.41

500 87.48
±0.42

71.42
±2.05

86.18
±1.59

78.08
±0.61

90.12
±3.21

97.38
±1.62

93.57
±1.48

91.64
±0.35

78.24
±3.44

84.38
±1.88

85.35
±1.28

695 89.12
±1.67

78.31
±1.42

87.8
±3.35

82.74
±0.95

90.08
±4.63

97.91
±1.61

93.76
±1.92

93.26
±0.72

82.81
±3.03

87.71
±1.92

88.07
±1.59

750 89.17
±0.81

74.95
±2.83

88.5
±1.16

81.13
±1.19

92.19
±1.3

97.47
±1.17

94.75
±0.59

93.14
±0.58

82.05
±1.84

87.23
±0.82

87.7
±0.44

1000 90.54
±0.34

76.47
±0.75

90.66
±0.57

82.96
±0.23

91.39
±3.04

97.73
±1.74

94.41
±0.97

94.25
±0.5

82.06
±2.43

87.72
±1.17

88.36
±0.61

2500 88.91
±2.05

69.72
±2.61

90.68
±2.66

78.83
±2.66

92.26
±1.47

97.22
±1.37

94.67
±1.32

93.49
±2.42

77.61
±2.14

84.81
±2.22

86.11
±1.99

5.3.9 Performance at challenging SMR levels

An important goal of this chapter is the detection of speech+music signals in challenging SMR

scenarios. All performances reported till now are computed for speech+music signals mixed at different

SMR levels in the aforementioned range [−5, . . . 20] dB. It has been encouraging to observe that the

current proposal performs quite well in the presence of mixed signals at various SMR levels. However,

it is also important to assess the capability of the proposed approach in detecting speech+music

signals at specific challenging SMR levels. In this context, results are computed at −5dB, 0dB,

5dB, 10dB, 15dB, and 20dB. Here, −5dB and 20dB are the most challenging cases since the music

component is 5dB louder than the speech component in the former, while speech is 20dB louder in the

latter. In such cases, the speech+music signal is expected to be confused with the louder component.

The performance in such cases will highlight the robustness of the proposed approach. Just for this

experiment, the SMR annotations that were fixed for every speech+music signals (see subsection 5.3.1)

were substituted with the particular SMR level being tested (among [−5, 0, 5, 10, 15, 20] dB). The mean

recall of over 3-folds for detecting speech+music signals is reported.

Fig. 5.6 compares the performances of all the baseline classifiers with their proposed modifications.
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(a) (b)

Figure 5.6: This figure illustrates the performance of (a) baseline models and (b) their modified versions at
varying SMR levels. Accuracy values are reported in percentage.

The obtained results indicate that the performances of all baselines improve with the proposed modi-

fications at all six chosen SMR levels. The most significant improvements for the B1 and B3 baselines

can be observed. The performances of all systems peak around 10dB and expectedly drop towards the

challenging SMR cases. The B3 model with the proposed modifications performs much better than

the others at challenging SMRs. Also, the performance with louder music (at −5dB) is poorer than

with louder speech (at 20dB) for all baseline systems. Such a result indicates that the trained models

are confused more in the presence of loud music than speech. This observation might be attributed

to the fact that speech is a relatively low-frequency signal [296] when compared to music. Thus, only

a limited range of frequencies might be dominated by loud speech in a speech+music signal, enabling

better detection. In comparison, loud music might be dominating a more extensive spectral range,

thereby creating more confusion. Nonetheless, the overall performances obtained at challenging SMR

levels establish that the current proposal is effective.

5.3.10 Performance with real mixed signals

The performances reported so far are computed over synthetically generated speech+music signals.

However, the efficacy of the proposed approach can be ascertained when tested with real speech and

music signals present as isolated and overlapping mixtures. Schlüter et al. [206] created a dataset

(DAFx-12 dataset) of recorded Swiss and Austrian radio broadcasts. The authors manually annotated

the recordings into speech/non-speech and music/non-music segments. The DAFx-12 dataset consists

of around 28 hours of music, 8 hours of speech, and 5 hours of speech+music segments. The dataset

is divided into a training set of around 15 hours, a validation set of 6 hours, two test sets of 9 hours

(Swiss recordings), and 12 hours (Austrian recordings). The reader is encouraged to refer [206] for
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Table 5.13: Performance of the proposed approach on real signals from the DAFx-12 dataset [206] are tabulated
here. Baseline results are quoted directly from the reference. Here, Mu/Non-Mu indicates Music vs. Non-Music
detection performance, Sp/Non-Sp indicates Speech vs. Non-Speech detection performance, and SpMu/Non-
SpMu indicates Speech+Music vs. Non-Speech+Music detection performance.

Mu/Non-Mu Sp/Non-Sp SpMu/Non-SpMu

M
e
th

o
d

T
e
st

se
t

Acc Prec Rec F1 Acc Prec Rec F1 Acc Prec Rec F1

S
ch

lü
te

r

et
a
l.

[2
06

]

S
w

is
s

97.30 98.80 98.00 98.40 98.40 96.40 96.50 96.40 – – – –

A
u

st
ri

an

95.60 95.30 97.40 97.30 97.00 95.90 95.10 95.50 – – – –

P
ro

p
os

ed S
w

is
s

96.37 97.53 98.20 97.86 97.58 95.08 94.37 94.72 95.04 71.39 64.86 67.97

A
u

st
ri

an

93.68 94.96 97.48 96.21 95.91 94.55 93.36 93.95 91.19 74.12 73.03 73.57

Table 5.14: Event-level performance on Muspeak dataset [205]. The onset-offset F1-score at different tolerance
durations is reported.

Dataset F1-score (500ms) F1-score (1000ms)

M
u

si
c Doukhan et al. [2] MIREX Evaluation

Dataset 1
0.0930 0.1142

Doukhan et al. [2] MIREX Evaluation
Dataset 2

0.2235 0.2480

LMHPS-EF +
B3-MTL

Muspeak [205] 0.2870 ±0.0210 0.3069 ±0.0224

S
p

e
e
ch

Doukhan et al. [2] MIREX Evaluation
Dataset 1

0.1603 0.2122

Doukhan et al. [2] MIREX Evaluation
Dataset 2

0.4139 0.4350

LMHPS-EF +
B3-MTL

Muspeak [205] 0.4017 ±0.1626 0.4604 ±0.1908

more details about the DAFx-12 dataset.

Schlüter et al. [206] trained two separate classifiers to detect speech and music separately. Following

their approach for a fair comparison, two separate classifiers are trained in this chapter to evaluate

the proposed approach on the DAFx-12 dataset. For generalization purposes, silence removal is
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not performed for the DAFx-12 dataset. The B3-MTL model trained on the LMHPS-EF feature

over 695ms context is used in this experiment in a transfer learning mode. For the music detection

classifier (B3-MTL-Mu), except for the music/non-music output, others are stripped off from the B3-

MTL model. The remaining weights in the B3-MTL-Mu model are initialized with those from the

trained B3-MTL model. The weights are subsequently tuned over the training set of the DAFx-12

dataset. Similarly, all but the speech/non-speech output are stripped off from the B3-MTL model to

create the speech detection classifier (B3-MTL-Sp). The weights of B3-MTL-Sp are initialized and

tuned in a similar manner as B3-MTL-Mu. Both the models are tuned with the Nadam optimizer [297]

with an initial learning rate of 2 × 10−3. The previously mentioned early-stopping criterion is also

used here (see subsection 5.3.3).

Table 5.13 lists the results of the proposed method on the DAFx-12 dataset. The baseline re-

sults [206] are directly quoted from the paper. It can be observed that the proposed approach provides

performances comparable with the baseline for both the test sets. For the music/non-music detection,

the proposed method provides a slightly better recall as well. The results for speech+music detection

in Table 5.13 are generated by combining the predictions from both the B3-MTL-Mu and B3-MTL-Sp

classifiers. The proposed approach provides a reasonable F1-score for detecting speech+music as well.

However, small differences in the music and speech detection performances are observed that can be

reasoned as follows.

First, the baseline result was computed using approximately 46ms frames with a shift of around

23ms and a context window of ≈923ms. The proposed approach uses a frame-size, frame-shift, and

context window of 25ms, 10ms, and 695ms, respectively. Second, the model trained on the MUSAN

dataset is transfer-learned on the DAFx-12 dataset in this work. Whereas, the model of Schlüter et

al. [206] is trained from scratch on the DAFx-12 dataset. Despite the slight differences, the results

obtained are encouraging. It can be concluded that the proposed method of using harmonic-percussive

spectrogram decomposition with the MTL framework can be an effective method of detecting not only

isolated speech and music signals but also their mixtures.

Another dataset consisting of continuous sequences of speech and music signals is the Muspeak

dataset. This dataset was used as a training dataset in the MIREX challenges. The performance of

the proposed approach is also validated on the Muspeak dataset. The B3-MTL-Mu and B3-MTL-

Sp models tuned on the DAFx-12 dataset are used in this experiment. The trained classifiers are
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used to predict the speech and music sequences for the audio files in the Muspeak dataset without

any additional training. The obtained results are listed in Table 5.14. The baseline performances

of the best performing system of Doukhan et al. [2] in Table 5.14 are provided just as a reference.

The baseline results are computed on unreleased evaluation data of the MIREX challenge and can

only indicate the scale of state-of-the-art performance. In this context, the obtained performances for

music and speech detection are promising. The proposed system performs better in detecting speech

than music. Such a performance also endorses the generalizability of classifiers trained in the MTL

framework. This validates the current proposal of using HPSS features and MTL framework-based

classifiers on real-world speech and music signals as well.

5.4 Summary

This chapter proposes the use of harmonic-percussive source separation (HPSS) to generate features

that are found to be better suited for detecting speech+music signals mixed at varying SMR levels.

The baseline classifiers were modified in the traditional and cascaded-information multi-task learning

(MTL) framework to improve classification performance. The HPSS features are found to perform

better than baseline features. Results reported for different feature fusion strategies indicate that

early fusion performs best in the current scenario. The use of the MTL framework also aids in

further improvement of the performances. Results are reported over both synthetic speech+music data

generated using the MUSAN dataset and real mixed data from the DAFx-12 [206] and Muspeak [205]

datasets.

Chapters 3, 4 and 5 have focused on detecting speech and music signals either in isolated or

in overlapped conditions. Speech and music signals constitute a significant portion of the audio of

movies. Automatic genre classification of movies is an important task from the content analysis aspect.

However, processing whole movie audio might not be computationally feasible. Movie creators provide

trailer videos that are a concise compilation of the important events in a movie [36]. Trailers help

the audiences to build an idea about what can be expected from the movie. It is observed that the

amount and distribution of speech and music in movie trailers vary according to their respective genres.

It is believed in this thesis that the genre labels of movies may be predicted using the information

about speech and music presence in their trailers. With this motivation, the next chapter provides a

study about the usefulness of speech music information in predicting the genre of movie trailers. The
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feature-classifier proposals developed in this thesis for speech and music detection are further utilized

for the movie genre identification task.
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6. Movie Genre Classification Using Speech-Music Information

Objective

The previous chapters have primarily focused on the efficient detection of speech and music sig-

nals. These signals were present either in isolation or as challenging overlapped mixtures. Encouraging

detection performances were observed for audio signals with seamless transition between the categories

(speech, music, and speech+music). These experimental results and observations have motivated the

application of the proposed techniques to movie audio signals which are predominantly composed of

speech and music. Recent approaches have used movie trailers for the task of genre prediction. The

movie trailers are designed to concisely represent the whole movie and allude to its key events. Movie

editors frequently use specific background music to highlight the mood of different scenes. The speech

and music content vary according to movie genres. The information about speech and music signals in

a movie trailer audio might relate to its genre label(s). Hence, this chapter performs movie genre clas-

sification using the features proposed in the preceding chapters and speech-music prediction probabilities

obtained using the models developed in this thesis. An Attention-based Convolutional Neural Network

classifier is proposed for the task. The proposal of this chapter is validated on the Moviescope dataset,

and two baseline methods are employed to benchmark the results. The proposed features are observed

to perform better than the baselines. Moreover, the current proposal provides acceptable generalization

performance over data from a different domain ( EmoGDB).

6.1 Task overview

The rise of Over-The-Top (OTT) media platforms has proliferated the creation and consumption

of movies and other similar content. Automatic methods for analyzing such rapidly growing content

are gradually becoming inexorable. Among various movie analysis use-cases, automatic identification

of movie genres may be helpful in underage censorship, targetted publicity, efficient archival, and

retrieval. Genre classification of short movie trailers (≈ 3 minutes) has attracted many researchers

in the past. Movie trailers are designed in a particular manner so that different emotional responses

may be evoked among the viewers [36]. Trailers usually contain rich and varied content representing

the theme of the actual movie. Existing approaches have mainly focused on either audio-visual or

only visual features for automatic movie genre classification. In comparison, only audio modality is

relatively less explored. Accordingly, this chapter proposes approaches to determine probable genres in

a movie from its trailer audio. Hence, the task is termed Movie Trailer Genre Classification (MTGC)
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(a)

(b)

Figure 6.1: Illustrating the genre-wise distribution of music (a) and speech (b) prediction sequences obtained
for the trailer audio from the Moviscope dataset.

in this chapter.

Existing works have used either the visual modality in isolation [19, 47, 48, 66, 68, 80, 83], or in

combination with the audio modality [15,23,27,28,38,41–43,46,65,67,69,70,72,73,75,76,79,83–85,93]

for the MTGC task. A few works have used the Bag-of-Visual-Words features [15,47,68]. Encouraging

results were also obtained with only the audio modality [24, 45, 49, 92]. The Mel-Frequency Cepstral

Coefficients (MFCC) are the most popular audio features. In addition to the audio-visual features,

many authors have used additional information from sources like plot summaries, dialogues, posters

and movie meta-data in the genre classification task [28,73,75,84,85,93]. The popularly used classifiers

in this task are Convolutional Neural Networks (CNN) [72], Support Vector Machines [73, 76, 79],

ensemble of Multi-Layer Perceptrons [74], Convolutions Through Time-based residual CNN [20, 75],

Recurrent Neural Networks [28,36], Multi-Label K-Nearest Neighbors [84], and unsupervised clustering

based methods [85,92,201].

Despite the popularity of visual modality in the task of Movie Trailer Genre Classification (MTGC),

the audio component has also been found to be useful [75]. The auditory stream is a rich medium

for provoking various emotions [38]. Some specific sounds and music are frequently used by movie

editors to elicit specific emotional responses and to promote dramatic effects [23]. Audio information

has also been found to aid in the better detection of violent scenes [45, 46, 65]. Music used in movies

of high-intensity genres like action and horror has very distinct characteristics from those with softer

emotional expressions, like drama and romance [24].

Speech, music, and sound effects are the audio types that are frequently found in almost all
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movie scenes [97]. Genre-wise distribution of music and speech signals in the Moviescope dataset is

shown in Fig. 6.1. To the best of our knowledge, previous works in MTGC have performed sound

detection using only standard audio features, which might be susceptible to degraded performance

in a generic setting. We believe that an improved speech-music detection system might be beneficial

for the MTGC task. More confident signal-type predictions will aid in developing better features

and classifiers. This work employs the speech-music detection methods proposed in the previous

chapters for the current task. Wang et al. [37] noted that there is a semantic gap between human-level

interpretations like movie genre and standard audio features. It may not be easy to learn genre-

specific information directly from the raw features. Thus, these raw features may be processed further

to derive intermediate representations that inherently capture the audio signal-type information. Such

latent information might be more beneficial than raw features in mapping the relationship between

movie trailer audio and their corresponding genre labels. This chapter proposes the usage of feature

representations derived from Gaussian Mixture Models (GMM) proposed in chapter 3 that capture

the information of speech and music in the trailer audio. Other hand-crafted features (in chapter 4)

and raw representations for automatic-feature learning (in chapter 5) proposed in this thesis are also

explored in the MTGC task. Finally, this chapter combines all the various feature representations

used in this thesis to obtain an integrated MTGC system. The main contributions of this chapter are

summarized next.

(i) The GMM-based CBoW features (see chapter 3), statistical features of spectral peak traces,

and speech-music prediction sequences are employed for genre classification of movie trailers.

These features encapsulate the information of speech and music present in a movie trailer audio

(section 6.2.1).

(ii) The hand-crafted phase-based features described in section 4.2 are employed in the MTGC task.

(iii) Harmonic-percussive decompositions used to automatically learn features discussed in subsec-

tion 5.2.1 are also employed in the MTGC task.

(iv) Use of automatic feature learning with harmonic-percussive decompositions in the MTGC task

(subsection 5.2.1)

(v) Exploration of attention-based sequence modeling of audio features for the MTGC task (sec-

tion 6.2.6).
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Rest of the chapter is organized as follows. Brief descriptions of the features are provided in sub-

sections 6.2.1, 6.2.2, 6.2.3 and 6.2.5. The proposed classifier is described in subsection 6.2.6. The

experimental design and the obtained results are discussed in section 6.3. Finally, the chapter is

summarized in section 6.4.

6.2 Proposed approach

This work attempts to segment movie trailer audio into speech and music and use that information

for MTGC. Since speech and music are frequently found audio types in movies [97], information about

their presence in movie trailers might be related to the movie genre. Chapter 3 of the thesis has

proposed a spectral peak tracking-based speech-music classification method. The CBoW features

proposed in subsection 3.3.3 encode the information of speech and music present in a given audio

signal. Such secondary representations extracted from trained machine-learning models are expected

to provide a better mapping between human-level interpretation-based genre labels and audio features.

Moreover, various statistical features computed from the peak traces are also used as features. This

thesis also explored various hand-crafted features for detecting speech and music. The phase-based

features described in chapter 4 are shown to provide improved speech-music detection performance

in combination with magnitude-based features. Hence, the phase-based features are also adopted

for the MTGC task in this chapter. Furthermore, the harmonic-percussive decompositions used to

automatically learn discriminating features in chapter 5 are also explored in the MTGC task. Last

but not the least, the speech-music prediction probability sequences of movie trailer audio obtained

from the proposals of chapters 3, 4 and 5 are also used as additional features for genre classification.

In the upcoming subsections, the feature extraction procedures are briefly described.

6.2.1 Features derived from GMM

Let, x[n] (n = 0, . . . (N − 1)) be a movie trailer audio of N samples. Also, let X[k, t] (k =

0, . . . (Nf − 1), t = 0, . . . (nt − 1)) be its DFT magnitude spectrogram with Nf frequency-bins and

nt short-term frames of size tw ms with a shift of ts ms. For each frame spectra in X, p prominent

spectral peaks are identified. The amplitude and frequency information of the selected spectral peaks

are retained in two p×T sized matrices A and L, respectively. The sequence of rth (r = 0, . . . (p− 1))

spectral peak amplitude or location across the audio signals is termed as peak traces. The peak

traces capture the distinct striation patterns in the time-frequency representation of speech and music
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signals. The distributions of these peak traces are modeled using univariate Gaussian Mixture Models

(GMM), trained separately for speech and music signals.

A K-mixture GMM is trained for each rth peak-trace (r = 0, . . . (p − 1)) across the training set.

Thus, a total of p GMMs are trained separately for peak-amplitude of music (say mGr=0,...(p−1)
A ), peak-

location of music (say mGr=0,...(p−1)
L ), peak-amplitude of speech (say sGr=0,...(p−1)

A ) and peak-location

of speech (say sGr=0,...(p−1)
L ). Subsequently, for every p prominent peak in an audio frame, K posterior

probabilities are obtained separately from the speech and music GMMs. Thus, a 2pK-dimensional

feature vector VA is obtained for each short-term frame by concatenating the posterior probabilities

from music and speech peak-amplitude GMMs. Similarly, a 2pm-dimensional feature vector VL is

obtained by concatenating the posterior probabilities from music and speech peak-location GMMs.

The feature vectors VA and VL are averaged over 1 s segments to smooth the fluctuations introduced

by the possible presence of non-speech and non-music signals in movie trailers. A more detailed

description of the feature computation process is provided in subsection 3.3.3.

The proposal in chapter 3 used the MUSAN dataset [203] for feature computation. The movie

trailer datasets (Moviscope and EmoGDB) do not provide annotations for speech and music present in

the trailer audio. Hence, this work uses GMMs trained using the MUSAN dataset to compute the VA

and VL features for the MTGC task. These features will be collectively referred to as GMM-Posterior

Features (GPF) unless mentioned otherwise.

6.2.2 Statistical features

In addition to modeling the peak information distribution using GMMs, this chapter also employs

various statistical measures to capture the segment-level statistical information about speech and music

in trailer audio. In this context, twelve different statistical measures are computed over the amplitude

and location information of peak traces. The various measures computed over the 1 s segments are

maximum, minimum, median, mode, mean, standard deviation, geometric mean, geometric standard

deviation, harmonic mean, entropy, skewness, and kurtosis. These 12 measures computed from the

p peak amplitude traces are concatenated to obtain a 12p-dimensional feature vector UA. Similarly,

a 12p-dimensional feature vector UL is obtained from the p peak location traces. Unless mentioned

otherwise, these features will be collectively referred to as Statistical-measure Features (SF).
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6.2.3 Hand-crafted features

Chapter 4 describes three phase-based features, viz. HNGDCC (see subsection 4.2.1), MGDCC

(see subsection 4.2.2) and IFCC (see subsection 4.2.3). These features capture the phase characteristics

of the underlying signal. It has been shown in chapter 4 that the phase-based features, in combination

with the magnitude-based features, improve speech-music classification performance. Therefore, it may

be inferred that the phase component of speech and music signals carries complementary information

to the magnitude component. Since speech and music are the dominant audio types in movie trailers,

the phase component might capture some genre-specific additional information that might complement

the magnitude-based features. Hence, the three 39-dimensional phase-based features are explored in

this chapter for the MTGC task. These features will be referred to as Phase-Based Features (PBF)

unless mentioned otherwise.

6.2.4 Raw representations

The harmonic percussive source separation (HPSS) based features (see subsection 5.2.1) used

in chapter 5 provided significant improvement to speech+music detection compared to the baseline

methods. It is known that a considerable portion of movie trailer audio is composed of speech+music

signals. Features that can detect speech+music signals efficiently might also aid in the MTGC task.

Hence, this chapter adopts the HPSS-based Log-Mel Harmonic Spectrogram (LMHS) and Log-Mel

Percussive Spectrogram (LMPS) based features for the MTGC task. The LMHS and LMPS are

computed with lharm = 21, lperc = 11 and nmel = 128 (see subsection 5.2.1). These features will be

referred to as Harmonic Percussive Features (HPF) unless mentioned otherwise.

6.2.5 Speech-music prediction feature

In addition to the GMM-Posterior features (GPF), statistical features (SF), hand-crafted, and raw

features, this chapter also utilizes the speech-music prediction sequences for movie trailer audio as

a feature. The Speech vs. Music Prediction probabilities (SMP) sequence for a movie trailer audio

is computed for consecutive 1 s segments of the audio. The classifiers trained on MUSAN dataset

in chapters 3, 4 and 5 are used to obtain the SMP. It may be noted that separate MTGC systems

are developed by using the features proposed in each previous chapter. The SMP obtained using the

trained models from each previous chapter is used with their respective MTGC systems. A median

filter of kernel width 5 (samples) is used to suppress the prediction noise in SMP. The sequence
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Figure 6.2: Proposed Attention-based deep CNN classifier for MTGC.

of smoothed SMP is directly passed through attention layers (see subsection 6.2.6) to model their

relationship with the genre of a movie trailer. The classifier architecture proposed in this chapter is

described in the following subsection.

6.2.6 Classifier architecture

This chapter proposes an Attention-based Convolutional Neural Network (ACNN) classifier for the

MTGC task. To the best of our knowledge, the Attention mechanism has not been previously explored

for aggregating audio features in the MTGC task. A block diagram of the proposed architecture is

shown in Fig. 6.2. The ACNN consists of three distinct blocks added in sequence, viz., Convolutional

Layer Block (CLB), Attention Layer Block (ALB), and Fully-connected Layer Block (FLB). The

ACNN can be used with single feature input (F0) or q multiple feature inputs (F0, . . .F(q−1)). Separate

CLB-ALB units can be added as parallel branches when using ACNN as a multiple-input system.

The CLB is equipped with Maxpooling layers to reduce the feature dimension gradually to unity.

The time axis of the input features is not pooled in the CLB. The convolutional layers learn to

encode the required discriminating information along the filter (or channel) axis. The number of

convolutional filters in the CLB is experimentally optimized. The outputs of all convolutional layers
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Figure 6.3: Block diagram of the attention module for computing ĉ.

are passed through Linear activation and Batch Normalization. Except for the SMP features (see

subsection 6.2.5), all other features (described in subsection 6.2.1, 6.2.2 and 6.2.3) are fed to the CLB

units. The 2-dimensional SMP features are directly fed to an ALB unit (see Fig.6.2). The attention

mechanism used in the ALB units is described next.

The attention mechanism used in this work is motivated by the one proposed in [298]. This

chapter employs attention to collate representations learned by the convolution layers along the time

and channel axes (see Fig.6.3). The time-axis attention emphasizes time steps that are important for

the underlying task. On the other hand, channel-axis attention aims to capture the most informative

filters in the last convolutional layer. Let C[l, s] be a nt × nc representation obtained from the last

convolutional layer, where l = 0, . . . (nt − 1) and s = 0, . . . (nc − 1) represent the time and channel

axes, respectively. To perform time-axis attention, C[l, s] is fed through a multi-layer perceptron with

a nt × nt weight matrix Ŵ and a nt × 1 bias vector b̂ to obtain a nt × nc hidden representation ĥ

(equation 6.1).

ĥ = tanh
(
ŴC + b̂

)
(6.1)

Next, a trainable nt × 1 weight vector û is used to obtain context-weights α̂ for every time step

(equation 6.2).

α̂nt×1 = softmax
(
ĥT û

)
(6.2)
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Finally, a nc-dimensional time-axis attention-weighted context-vector ĉ is obtained (equation 6.3).

ĉ =

(nt−1)∑
l=0

α̂[l] ·C[l, :] (6.3)

Proceeding in a similar fashion, a nc-dimensional channel-axis attention-weighted context-vector c̃ is

obtained using another attention layer represented by
{
W̃ , b̃, ũ

}
. At last, the context vectors are

concatenated to form a (nt + nc)-dimensional vector c = [ĉ, c̃] and fed forward for classification.

Basically, the ALB units perform a weighted sum along the time and channel axes to project the

three-dimensional CLB output to one-dimensional vectors. The outputs obtained from the ALB of

each feature branch are concatenated and passed to the FLB. This feature combination strategy is

known as Intermediate Fusion (IF). The FLB unit is described next.

The ACNN has only one FLB. The time and channel attention output from the ALB of each feature

branch are concatenated and fed through a series of three 300-neuron fully-connected layers in the

FLB. The outputs obtained from the FLB are passed to a Sigmoid activated output layer that predicts

the probability of each genre. The number of nodes in the prediction layer equals the number of unique

genre labels in the data. For the Moviescope dataset, 13 output nodes are added to the prediction

layer. The output nodes have a Sigmoid activation and are trained with a Binary Crossentropy loss

function. Network optimization is performed using the Adam optimizer [231] with an initial learning

rate of 0.001. Each of the fully-connected layers are followed by Batch Normalization, ReLU activation

and a Dropout factor of 0.1. The hyperparameters of ACNN have been finalized after performing a

grid search over various possible values. The next section discusses the experiments performed and

their results.

6.3 Experiment and results

Recently, Cascante et al. [28] published a multi-modal movie trailers dataset called Moviescope that

consists of approximately 5000 trailer videos, plot summaries, posters, and various other metadata.

Movies in the dataset are labeled with one or more genre labels from a list of 13 possible genres.

Since the Moviescope dataset is one of the most extensive datasets available, the proposed MTGC

method has been benchmarked on this dataset. Only the audio component from the trailer videos is

extracted and used in this work. The features developed in the previous chapters of this thesis are

explored in this chapter to perform the MTGC task. The audio signals are processed with a sampling
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rate fs = 16000Hz. The GPF and SF (see subsection 6.2.1 and 6.2.2) are computed with short-term

window size of tw = 10 ms with a frame size of ts = 5 ms. The PBF and HPF (see subsection 6.2.3) are

computed with short-term window size of tw = 25 ms with a frame size of ts = 10 ms. The Hamming

window is applied to the short-term frames to suppress windowing effects. The spectrograms have

been computed with Nf = 10−3 × tw × fs frequency bins. Spectral peak tracking is performed with

p = 10 prominent peaks, and peak-trace GMMs are trained with m = 5 mixtures. The codes used in

this work are shared publicly 1.

A 30 s segment is used as input to the system, following the proposal of Cascante et al. [28]. The

features VA and VL represent a 1 s segment. Thus, both the VA and VL features are 2-dimensional

matrices of size 30 × 100. Mini-batches of these feature vectors are provided as input to ACNN

classifier (see Fig. 6.2). The statistical features UA and UL are presented to the classifier with an

input size of 30 × 120 each. The PBF features are provided as input to the ACNN classifiers in the

form of 39× 3000 feature matrices. The HPF features are input as 128× 3000 sized feature matrices

to the ACNN classifier. The speech-music probabilities for the movie trailer audio are predicted for

1 s segments with a shift of 1 s. Thus, the SMP feature is fed as a 2× 30 feature matrix to represent

a 30 s interval. The pooling design in the CLB units for each feature is modified accordingly to fulfill

the minimum structural requirements of the ACNN classifier, as described in subsection 6.2.6.

The proposed approach involves the use of multiple features for the classification task. In this

regard, two different feature fusion strategies have been used in this chapter. First, the intermediate

fusion (IF) strategy is described in subsection 6.2.6. Second, a Late Fusion (LF) strategy is also

explored to combine individually trained models. A weighted sum of the genre-wise logits predicted by

separate models is used as the final prediction score in an LF strategy. The optimal weights for different

models are determined experimentally. It may be noted that the results of feature combinations are

reported as “SX := F1 + . . . + FN (LF/IF)”. This signifies that a system “SX” is formed with a

combination of features “F1 . . . FN” combined either through late-fusion (LF) or intermediate-fusion

(IF). Performances in this work are reported as the area under precision-recall curves (AU(PRC)) for

each genre separately and also their macro, micro, and sample averages [28].

1Available online at: https://github.com/mrinmoy-iitg/MTGC_Speech_Music_Segmentation
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Figure 6.4: Illustrating the performance variation of MTGC systems based on the GPF+SF+SMP (IF)
feature combination across different segment durations.

6.3.1 Baseline methods

The performances of the proposed genre classification methods are compared with two recent

audio-based approaches from the literature. The first baseline B1 uses the proposal of Sharma et

al. [92]. This method (B1) involves a set of 68 standard tempo-spectral audio features and K-Means

clustering-based audio segmentation information. Second, the creators of Moviescope dataset [28]

provided a baseline performance. The authors proposed the use of Log-Mel Spectrograms (LMS) of

30 s segments as input to a Convolutional Recurrent Neural Network classifier for the MTGC task.

Performance comparisons in this work are made with only the audio-based results (B2) of Cascante

et al. [28]. The baseline performance is directly quoted from the paper. The proposed features are

combined with the LMS feature in later experiments to obtain improved performances. The LMS

feature is computed with the same settings as the baseline B2. Cascante et al. [28] computed 2048-

point DFT spectrograms with a short-term frameshift of 256 samples for audio signals sampled at

12000kHz. They computed the LMS feature with 128 Mel filters. Thus, the LMS feature is provided

as a 128× 1407 matrix (see [28] for details) to a CLB-ALB unit of the ACNN classifier.

6.3.2 Performance analysis

The effect of different segment durations on the classification performance of the combination of

GPF+SF+SMP is shown in Fig. 6.4. With the increase in segment size, there is a general trend of

performance improvement. A significant improvement is observed when segment size is increased to

30 s. After that, a saturation of the performance is observed. Thus, 30 s segment durations appear

to be optimal for training a classifier on the Moviescope dataset.

Performance of the proposed features in MTGC with ACNN classifier are presented in Tables 6.1,

6.2, 6.3, and 6.4. Table 6.1 lists the performance of the spectral peak tracking based features proposed

in chapter 3. It can be observed that the intermediate-fusion of GPF, SF, and SMP features (P4 in
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Table 6.1: Performances of baseline and proposed spectral peak tracking based features in the
MTGC task. Here, P1:=GPF, P2:=GPF+SF (IF), P3:=GPF+SMP (IF), P4:=GPF+SF+SMP (IF),
P5:=GPF+SF+SMP+LMS (IF), and P6:=GPF+SF+SMP+LMS (LF). Performances better than the baselines
are highlighted in bold-face, while the best performance among the proposed features is underlined.
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B1 43.77 20.83 8.53 76.79 27.91 72.07 26.71 14.86 24.18 20.39 38.55 24.85 46.80 34.74 53.17 68.47

B2 56.70 48.00 11.20 86.20 40.00 79.00 49.60 44.70 37.60 22.70 43.00 27.00 56.30 46.30 61.40 72.30

P1 61.31 42.34 10.19 85.85 38.58 78.34 43.50 22.19 42.11 29.74 41.19 25.18 57.96 44.83 59.81 71.23

P2 58.62 42.76 10.70 86.19 37.25 79.95 41.94 26.61 41.18 29.37 38.88 25.92 60.16 44.92 62.00 73.35

P3 61.68 43.26 9.70 85.67 38.84 78.49 42.99 23.94 42.25 31.39 42.21 25.27 58.49 45.26 59.77 71.06

P4 58.85 51.14 11.74 85.90 37.52 79.87 46.55 27.35 40.99 32.92 41.53 27.37 60.65 46.62 62.03 73.15

P5 63.53 54.62 11.70 87.43 38.89 81.53 53.98 35.13 48.75 29.30 42.97 27.14 62.39 49.34 64.90 75.53

P6 37.05 67.40 9.86 86.65 40.79 78.83 61.74 37.05 50.28 24.55 42.17 22.87 60.14 51.48 65.57 75.78

Table 6.1) with the ACNN classifier performs better than both the baselines B1 and B2. The proposed

system performs poorly for the comedy, crime, family, fantasy, and romance genres but performs better

for others. However, the system performance improves significantly when GPF, SF, and SMP features

are combined with a raw feature like LMS. In an intermediate fusion with the LMS feature (P5 in

Table 6.1), the system provides lower performance only for the crime, fantasy, and romance genres.

However, the macro, micro, and sample average values improve significantly. In a LF setting (P6 in

Table 6.1), the average performances improve even further. The P6 system significantly improves the

detection of animation, family, horror, and thriller genres. It may be noted that GMMs trained on

the MUSAN dataset are used in this work. The performance of the proposed features might improve

if actual speech-music annotation for the movie trailer audio is available.

Table 6.2 lists the performance of PBF in the MTGC task. The individual performances of the three

PBFs are not satisfactory enough. The HNGDCC is the only PBF that provides slightly comparable

performance to B1 (P1 in Table 6.2). The IF of HNGDCC, MGDCC and SMP (P4 in Table 6.2)

happens to be the best PBF combination. Such results are a reiteration of the observation of chapter 4

where the individual performance of phase-based features was lower than magnitude-based features.

The principles of movie editing involve synthetic stylistic mixing of various non-similar sounds. Such

processes might also corrupt the phase relationships of the component signals. Nevertheless, the phase-

based features were found to improve the speech-music classification performance in combination with

the magnitude-based features in chapter 4. A similar effect is observed for the MTGC experiment as
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Table 6.2: Performances of baseline and phase-based features in the MTGC task. Here, P1:=HNGDCC+SMP
(IF), P2:=MGDCC+SMP (IF), P3:=IFCC+SMP (IF), P4:=HNGDCC+MGDCC+SMP (IF),
P5:=HNGDCC+IFCC+SMP (IF), P6:=MGDCC+IFCC+SMP (IF), P7:=HNGDCC+MGDCC+IFCC+SMP
(IF), P8:=HNGDCC+MGDCC+IFCC+SMP+LMS (IF). The performances better than the baselines are
highlighted in bold-face, while the best performance among the proposed features is underlined.
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B1 43.77 20.83 8.53 76.79 27.91 72.07 26.71 14.86 24.18 20.39 38.55 24.85 46.80 34.74 53.17 68.47

B2 56.70 48.00 11.20 86.20 40.00 79.00 49.60 44.70 37.60 22.70 43.00 27.00 56.30 46.30 61.40 72.30

P1 49.44 29.90 10.92 74.81 21.51 70.39 31.88 18.93 20.43 20.15 34.62 24.22 46.32 35.45 51.64 66.43

P2 38.72 8.30 7.63 68.15 24.00 61.27 16.10 12.65 17.87 14.48 32.80 19.78 38.26 28.02 45.86 63.82

P3 40.81 15.71 7.86 71.14 24.33 67.69 23.26 14.06 16.80 19.12 30.22 22.36 44.28 31.01 49.03 64.88

P4 49.58 16.18 10.65 76.74 21.44 68.86 28.57 19.33 24.67 19.33 36.30 24.12 45.67 34.42 52.20 67.36

P5 42.20 14.67 8.11 69.13 23.52 67.67 24.20 13.13 16.95 19.58 29.89 22.75 45.28 30.95 48.56 64.74

P6 40.70 12.72 7.07 69.37 24.74 67.92 22.20 13.15 16.87 18.52 30.16 22.58 42.79 30.28 48.74 64.69

P7 42.90 10.61 6.72 71.36 26.44 67.04 21.88 12.93 16.99 20.85 30.45 21.24 46.33 30.79 48.62 64.68

P8 64.60 45.72 10.56 87.72 37.54 81.45 50.80 27.94 36.59 24.42 42.16 26.95 57.52 46.02 63.31 73.94

well. The combination of PBF, SMP, and LMS (P8 in Table 6.2) provides the best micro and sample

averaged performance. This combination improves the performance of action, comedy, drama, family,

mystery, and thriller genres. Apart from the comedy genre, the remaining genres are music-intensive

(see Fig. 6.1). Also, these genres are known to consist of many sound effects. From experimental

observations, it may be concluded that the phase information helps in the genre identification of

movie trailers with high amounts of music and sound effects.

The performance of HPF in MTGC is presented in Table 6.3. The combination of LMHS and

LMPS features (P3 in Table 6.3) provides better performance than B1. The addition of SMP feature

further improves the performance (see P4 in Table 6.3). The SMP features in this experiment also

include speech+music probabilities, which might explain the improvement obtained by adding it. The

intermediate fusion of LMHS, SMP, and LMS provides the best sample average performance and the

best AUC for action, animation, comedy, and drama genres. However, the HPFs are unable to out-

perform the baseline throughout. A possible reason for such a performance might be the smoothing

step involved in the harmonic-percussive decomposition algorithm. Such smoothing might not have

affected the relatively easier 3-class single-label classification task of chapter 5. However, the infor-

mation smoothing might have been detrimental to the 13-class multi-label classification problem in

the case of MTGC. Nonetheless, the HPF provides comparable performance and may be explored in

detail in the future.
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Table 6.3: Performances of baseline and harmonic-percussive features in the MTGC task. Here,
P1:=LMHS, P2:=LMPS, P3:=LMHS+LMPS (IF), P4:=LMHS+LMPS+SMP (IF), P5:=LMHS+LMPS+LMS
(IF), P6:=LMHS+LMPS+SMP+LMS (IF), P7:=LMHS+SMP+LMS (IF). The performances better than the
baselines are highlighted in bold-face, while the best performance among the proposed features is underlined.
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B1 43.77 20.83 8.53 76.79 27.91 72.07 26.71 14.86 24.18 20.39 38.55 24.85 46.80 34.74 53.17 68.47

B2 56.70 48.00 11.20 86.20 40.00 79.00 49.60 44.70 37.60 22.70 43.00 27.00 56.30 46.30 61.40 72.30

P1 49.70 20.55 10.13 83.06 28.73 73.27 24.80 13.31 26.26 22.62 38.04 21.75 54.04 36.34 53.53 67.72

P2 40.34 10.14 7.42 81.26 24.30 59.07 19.56 11.76 22.73 21.24 34.90 20.48 47.11 31.19 49.27 65.74

P3 56.12 15.31 7.88 85.05 25.44 75.65 28.12 15.21 26.83 21.03 38.20 22.86 51.62 36.48 56.34 69.57

P4 52.08 33.84 8.37 84.12 31.13 76.39 37.40 18.47 34.31 26.20 37.86 25.11 52.57 40.19 57.87 71.03

P5 57.28 47.50 8.70 85.64 30.50 77.93 44.14 23.44 34.89 24.49 38.87 24.19 52.77 42.68 59.99 72.45

P6 57.91 45.97 8.60 85.68 30.94 78.80 44.95 26.19 34.82 24.93 38.57 24.34 52.64 42.97 60.19 72.52

P7 58.04 52.75 9.11 86.33 29.79 79.51 48.51 28.55 36.27 23.92 38.96 25.40 54.64 44.35 61.12 73.19

Table 6.4: The combined performances of the three proposals from chapters 3, 4 and 5 in the MTGC
task. Here, S1:=GPF+SF+SMP (IF), S2:=HNGDCC+MGDCC+SMP (IF), S3:=LMHS+LMPS+SMP (IF),
S4:=S1+S2+S3 (LF). The Performances better than the baselines are highlighted in bold-face, while the best
performance among the proposed features is underlined.
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B1 43.77 20.83 8.53 76.79 27.91 72.07 26.71 14.86 24.18 20.39 38.55 24.85 46.80 34.74 53.17 68.47

B2 56.70 48.00 11.20 86.20 40.00 79.00 49.60 44.70 37.60 22.70 43.00 27.00 56.30 46.30 61.40 72.30

S1 58.85 51.14 11.74 85.90 37.52 79.87 46.55 27.35 40.99 32.92 41.53 27.37 60.65 46.62 62.03 73.15

S2 49.58 16.18 10.65 76.74 21.44 68.86 28.57 19.33 24.67 19.33 36.30 24.12 45.67 34.42 52.20 67.36

S3 52.08 33.84 8.37 84.12 31.13 76.39 37.40 18.47 34.31 26.20 37.86 25.11 52.57 40.19 57.87 71.03

S4 27.83 53.29 11.51 86.49 38.48 80.37 48.13 27.83 42.18 32.74 41.35 27.64 60.70 47.01 62.40 73.29

Finally, all the proposed systems developed for MTGC in the previous subsections are combined

through late fusion (LF). This combination helps in determining if these systems capture any com-

plementary information to benefit the underlying task. Table 6.4 lists the performances of combining

all the previous systems. The combination of GPF, SF and SMP is referred to as S1 in Table 6.4.

The combination of HNGDCC, MGDCC, and SMP is indicated by S2. The system S3 indicates

the combination of LMHS, LMPS, and SMP. All the systems considered in this experiment consist

of only the features developed in this thesis. The combined system (S4 in Table 6.4) provides the

best performance for animation, comedy, drama, horror, sci-fi, and thriller genres. The combined

system also provides the best macro, micro, and sample averaged performance. Thus, it may be in-

ferred that the features proposed in this thesis are also efficient in the MTGC task. The system S1

151

TH-2976_156102026



6. Movie Genre Classification Using Speech-Music Information

Table 6.5: Generalization performance on EmoGDB dataset. Here, P1:=GPF+SF+SMP (IF) and
P2:=P1+LMS (LF).

B2 P1 P2

mAP µAP sAP mAP µAP sAP mAP µAP sAP

48.33 39.04 64.08 45.47 39.85 56.37 50.21 44.21 65.17

individually outperforms the baselines. Such a result indicates that secondary information obtained

from the trained GMMs is helpful in a challenging task like MTGC. Moreover, the improvement in

performance obtained by the fusion of GMM-based (GPF), statistical (SF), hand-crafted (PBF), and

raw representations (HPF) based systems indicate that such a combination can be useful in building

an effective MTGC system.

6.3.3 Generalization performance

The generalization performance of the trained MTGC model on a different dataset is also evaluated

to establish the viability of the proposed method in MTGC. The best MTGC system obtained so

far (GPF+SF+SMP) is utilized in this experiment. For this task, the EmoGDB [36] dataset is

utilized. The EmoGDB dataset consists of 100 Indian movie trailers with a single genre label for

each movie. The Moviescope dataset predominantly consists of Hollywood movies. Hence, EmoGDB

can be considered an ideal choice for evaluating the generalization performance of models trained on

the Moviescope dataset. For this experiment, the model predictions for only the six possible labels

from the EmoGDB dataset are considered. The genre-wise predictions of both baseline and proposed

methods for EmoGDB dataset are scaled to [0, 1] over all samples before computing the performance

metrics to account for the differences in train and test data. The cross-dataset results of the baseline

B2 [28] and the proposed methods are presented in Table 6.5. It can be observed that the proposed

features alone (see P1 in Table 6.5) do not perform better than the baseline in this case. However,

the late fusion of proposed features with LMS (see P2 in Table 6.5) provides significant improvement.

The obtained results suggest that the proposed model can generalize well over an unseen dataset from

a different domain.
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6.4 Summary

6.4 Summary

This chapter proposes the use of speech-music prediction probability sequences for the task of movie

trailer genre classification. The audio-type cues are encoded in a GMM-based feature computed using

spectral peak tracking of audio spectrograms. The GMM-based feature, peak trace statistical mea-

sures, and sequence of speech-music probability for trailer audio are explored as features. Moreover,

hand-crafted phase-based and raw representations of harmonic-percussive decompositions developed

in previous chapters of the thesis are also explored. An Attention-based CNN classifier is used to

perform the genre prediction. The results obtained with the proposed approach justify the utilization

of speech-music segmentation in movie genre classification. Moreover, the generalization performance

of the proposed approach is also found to be satisfactory.
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7. Conclusions

Objective

This chapter summarizes the thesis by highlighting the significant contributions and acknowledging

the primary outcomes of the work. In addition, a discussion is provided on possible directions of

extension of this work in the future.

7.1 Summary

This thesis attempts to predict the genre of movies using information from its audio. Previous

works in movie genre prediction have mainly focussed on the visual modality for the task. The audio

was mainly used as an additional informational channel. However, the richness of the movie audio

component motivates a detailed study. Therefore, this thesis analyzes the movie audio in considerable

detail and proposes novel methods for genre prediction. Rather than using whole movies, recent works

have used short trailers for the genre prediction task. Trailers concisely represent the main events of

a movie. Movie trailer audio is mainly composed of speech and music signals. Speech in the form

of dialogues carries forward the narrative of the movie. Music is used to dramatize the scenes. The

significance of these audio types in the movie inspired a detailed study of speech and music signals

in this thesis. This thesis proposes novel features and classification schemes for detecting speech and

music signals in isolated and overlapping scenarios. The proposed speech and music detection methods

are subsequently applied to the task of movie trailer genre prediction. The results obtained validate

the hypothesis that speech and music signals in movie audio carry genre-specific information. The

main contributions of this thesis are briefly summarized next.

• There are multiple speech-music datasets previously used in the literature. However, the speech

and music signals in the available datasets were collected from various sources which were mostly

not related to movies. The current thesis aimed to perform SMC in movie audio. Thus, the

developed systems must be tested on speech and music signals from movie audio. The lack of

such a dataset required that the authors create one. Therefore, a (Movie-MUSNOMIX ) dataset

of 8 hours and 20 minutes consisting of manually annotated audio signals into seven audio classes

was created. The audio data was obtained from four Indian movies. Two speech-domain expert

annotators labeled the signals. The dataset is shared publicly to foster research using the Indian

movie audio signals.

• Chapter 3 proposes two sets of magnitude spectrum based tempo-spectral features for Speech vs.
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Music Classification (SMC). The proposed features are computed using this thesis’s proposed

Spectral Peak Tracking (SPT) method. The spectral peak trajectories obtained using the SPT

method are further processed to compute two sets of novel features. The proposed features

capture information about distinct striation patterns of speech and music spectrograms. The

SPT-based features perform better than many standard feature sets previously used in SMC

under various challenging scenarios. The proposed features also provided decent performance in

segmenting continuous audio sequences consisting of speech and music signals.

• Chapter 4 analyzes the phase information of speech and music signals. This was previously

under-explored in the SMC task. Three existing phase-based audio features originally proposed

for tasks like phoneme recognition and speaker recognition are explored in this thesis for the SMC

task. It is observed that the phase-based and magnitude-based features have complementary

information. The phase-based features have exhibited decent performance in the SMC task. The

phase features combined with magnitude features performed better than the baselines considered.

Phase-based features combined with magnitude-based ones also provided decent segmentation

performance.

• Chapter 5 explores the comparatively challenging case of detecting speech overlapped with music

against clean speech or music signals. This thesis proposes the use of Harmonic Percussive Source

Separation (HPSS) to generate better features suited for the task. Also, the Multi-Task Learning

(MTL) framework is explored to design better classifiers. The HPSS-based features are shown

to perform better than the baseline features. Moreover, the MTL-framework based classifiers

performed better than the Single-Task Learning-based classifiers. Also, HPSS-based features

and MTL-based classifiers are found to be better at segmenting continuous audio sequences of

speech and music.

• Chapter 6 proposes the use of speech and music presence information for Movie Trailer Genre

Classification (MTGC). The speech and music detection methods developed in this thesis are

employed for the MTGC task. The proposals of chapters 3 (S1), 4 (S2) and 5 (S3) are used to

develop separate MTGC systems. An Attention-based Convolutional Neural Network (ACNN)

is also proposed for the MTGC task. The S1 system developed using the proposal of chapter 3

is the best performer and improves upon the results of the baselines. This system also displays
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decent generalization performance when tested on a different dataset. The performance is found

to improve further when the three proposed systems are combined through a late-fusion strategy.

Hence, each of the three systems (S1, S2, and S3) capture some non-overlapping aspects of the

underlying task that can be constructively combined for efficient MTGC performance.

7.2 Conclusions of the work

This thesis primarily aimed at using only the audio modality to propose an efficient movie genre

prediction system. Thus, the most prominent components of movie audio signals (speech and music)

were studied with considerable attention. The results obtained during the thesis work mostly concur

with the hypothesis of the research. The different takeaways from this thesis are discussed here.

• Establishing the importance of hand-crafted features – The current trend in signal pro-

cessing research indicates that there is a significant thrust toward large data-driven deep net-

works. These networks are generally exceedingly successful in solving a vast range of research

problems, subject to optimal network architectures and the availability of enough data. Such

a trend has inadvertently shifted the focus of the researchers from using hand-crafted features

to automatic feature learning-based methods. However, we believe that a healthy combination

of domain knowledge and data-driven learning must be the way forward. This belief is also en-

dorsed by the results obtained in chapter 3. The proposed hand-crafted features (chapter 3) are

domain knowledge based enhancements over basic features like spectrograms. The proposed fea-

tures performed very well with DL methods. However, some automatic feature learning based

deep-learning methods outperformed the hand-crafted features. Nevertheless, the best result

was obtained when the proposed features were combined with the deep-learning-based methods.

It is observed that deep-learning based methods are very effective in learning discriminative

features. However, such methods are constrained by the amount of discriminative information

in the training data. Also, out-of-domain data pose difficulties to such data-driven methods.

Therefore, combining automatic feature learning and hand-crafted features might help develop

more robust systems.

• Establishing the importance of phase information – The application of phase information

in the SMC task remains under-explored in the existing literature. Phase is a vital component of

audio signals like speech and music. Chapter 4 provides a detailed study of the phase component
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of speech and music signals for their classification. The results obtained validate the importance

of phase information. Phase alone cannot provide the best discrimination of speech and music

signals. The popularity of magnitude-based features is evident in their superior performance

individually. Nevertheless, phase-based and magnitude-based features in combination provide

better performance than the baselines. This observation implies that the phase captures com-

plementary information that can be utilized with magnitude information to build robust SMC

systems.

• Effectiveness of separating harmonic and percussive components – Previous works in

speech overlapped with music detection have relied on standard audio features for the task.

Speech and music can be discriminated by their distinct harmonic and percussive properties.

Feature representations that are derived from standard DFT spectrograms include the combined

information of harmonic and percussive components. Such representations might not be optimal

for the task. This thesis shows that separating the harmonic and percussive components helps

in computing more discriminative features. The harmonic-percussive features are shown to

improve the detection of speech and music signals in isolated or overlapped conditions. Such

features enable the classifier models to focus on one type of striation information at a time and

learn better discrimination between the audio categories. In other words, the decomposition of

harmonic and percussive components effectively generates two different representations of the

same spectrogram. In each representation, one type of pattern is retained while the other is

suppressed. This separation of information aids in the classification task.

• Relation of speech and music signals to the movie genre – This thesis hypothesized

that the information of speech and music in movie trailer audio might relate to its genre. For

this purpose, efficient features for speech and music detection were proposed in this thesis. The

proposed features and Speech Music Prediction (SMP) confidences were used to predict the

movie trailer genres. The proposed approach provided improved performance compared to the

baselines. Also, the proposed approach provided decent generalization performance on a different

dataset. Such results validate the hypothesis of this thesis. Therefore, it may be reasoned that

this thesis establishes the importance of the speech and music signals in movie genre prediction.
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7.3 Future extensions

This section discusses possible directions for future extensions of the work presented in this thesis.

• Extension of the Movie-MUSNOMIX dataset: The Movie-MUSNOMIX dataset is cre-

ated using the audio of just four Indian movies. Even though the movie release dates span a wide

range (1966-2011), this dataset cannot represent all the diversities of Indian movie audio. The

Movie-MUSNOMIX dataset in its current form can only provide limited exposure to the Indian

movie soundscape. There is a need to substantially extend the Movie-MUSNOMIX dataset so

that a detailed study of Indian movies might be possible. Therefore, additional audio annotation

of many more Indian movies needs to be added to the Movie-MUSNOMIX dataset in the future.

• Refinement of speech, music and speech+music segments: The speech, music, and

speech+music segments detected using the proposed methods include a lot of other sounds and

acoustic effects generally encountered in movies. Such sounds are sparsely distributed across

movies and are thus difficult to detect as separate homogenous segments. A possible future

extension of the current proposal would be to refine the audio categorization into finer cate-

gories. For example, the speech segments may be further categorized as clean speech or speech

with Environmental Sounds (EnvS). Similarly, the music segments may be categorized as clean

music or music with EnvS. The speech+music segments may also be further refined as only

speech+music or speech+music with EnvS. This finer categorization may reveal more intricate

relationships between audio types and movie genres. Such additional information may help in

further improving the performance of movie genre prediction.

• Detection of musical instruments for movie genre prediction: Various musical instru-

ments are used for different types of music used in movies. For example, sentimental scenes in

Indian movies might have a soft sitar track playing in the background. On the other hand, a

fast-paced scene like car chases or action scenes might be accompanied by a high-tempo drum-set

playing in the background. It is not necessary that only a single instrument will be used in all

background scores. The distribution of possible musical instruments playing in a particular mu-

sic segment of a movie might carry information about its genres. Therefore, we plan to explore

this direction of feature extraction for movie genre prediction in the future.

• Classification of environmental sounds for movie genre prediction: This thesis only
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focuses on the speech and music components of movie audio. Such a choice is made as speech

and music are the most significant components of movie audio. However, there are other crucial

audio components present in movie audio. Various environment sounds and sound effects are

frequently found in movies. These types of sounds are used to create the soundscape of a

particular scene. For example, a scene showing actors walking might include the sounds of their

footsteps. Another scene in a park might have bird-chirping sounds in the background. These

kinds of sounds are not directly related to the movie’s plot. However, they help in improving the

credibility of a visual scene. In other words, environmental sounds may represent the location

or time associated with a particular scene. Such information might also have some association

with the movie genre. In the future, such aspects of the movie audio can also be explored for

their genre prediction.

• Development of a cultural domain invariant genre prediction system: The general-

ization performance reported in chapter 6 indicates that the performance of the movie genre

prediction system trained on one domain (Hollywood movies) drops when tested with movie

trailers from another domain (Bollywood movies). This issue might be because of the cultural

differences between the different movie industries. However, some objective properties of vari-

ous genres may be consistent across industries. Further research may be done to identify such

domain invariant characteristics to develop robust genre prediction systems.
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[51] M. Sjöberg, B. Ionescu, Y.-G. Jiang, V. L. Quang, M. Schedl, C.-H. Demarty et al., “The MediaEval
2014 Affect Task: Violent Scenes Detection,” in Proc. MediaEval Benchmarking Initiative for Multimedia
Evaluation, 2014.

[52] C.-H. Demarty, C. Penet, M. Schedl, I. Bogdan, V. L. Quang, and Y.-G. Jiang, “The MediaEval 2013
Affect Task: Violent Scenes Detection,” in Proc. MediaEval Benchmarking Initiative for Multimedia
Evaluation, 2013.

[53] C.-H. Demarty, C. Penet, G. Gravier, and M. Soleymani, “The MediaEval 2012 Affect Task: Violent
Scenes Detection,” in Proc. MediaEval Benchmarking Initiative for Multimedia Evaluation, 2012.

[54] ——, “The MediaEval 2011 Affect Task: Violent Scenes Detection,” in Proc. MediaEval Benchmarking
Initiative for Multimedia Evaluation, 2011.

[55] M. G. Constantin, L. D. Stefan, B. Ionescu, C.-H. Demarty, M. Sjöberg, M. Schedl, and G. Gravier,
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[63] B. Safadi and G. Quénot, “LIG at MediaEval 2011 affect task: use of a generic method,” in Proc.
MediaEval Workshop, 2011.

[64] H. Glotin, J. Razik, S. Paris, and J.-M. Prevot, “Real-time entropic unsupervised violent scenes detection
in Hollywood movies-DYNI@ MediaEval Affect Task 2011.” in Proc. MediaEval Workshop, 2011.

[65] Z. Rasheed and M. Shah, “Movie genre classification by exploiting audio-visual features of previews,” in
Proc. Object Recognition Supported by User Interaction for Service Robots, vol. 2, 2002, pp. 1086–1089.

[66] Z. Rasheed, Y. Sheikh, and M. Shah, “On the use of computable features for film classification,” IEEE
Trans. on Circuits and Syst. for Video Technology, vol. 15, no. 1, pp. 52–64, 2005.

[67] S. K. Jain and R. Jadon, “Movies genres classifier using neural network,” in Proc. 24th Int. Symp. on
Computer and Information Sciences, 2009, pp. 575–580.

[68] H. Zhou, T. Hermans, A. V. Karandikar, and J. M. Rehg, “Movie genre classification via scene catego-
rization,” in Proc. 18th ACM Int. Conf. on Multimedia, 2010, pp. 747–750.

[69] J. Wang, B. Li, W. Hu, and O. Wu, “Horror movie scene recognition based on emotional perception,” in
Proc. IEEE Int. Conf. on Image Process., 2010, pp. 1489–1492.

[70] Y.-F. Huang and S.-H. Wang, “Movie genre classification using SVM with audio and video features,” in
Proc. Int. Conf. on Active Media Technology, 2012, pp. 1–10.

[71] C.-M. Wang and Y.-F. Huang, “Self-adaptive harmony search algorithm for optimization,” Expert Systems
with Applications, vol. 37, no. 4, pp. 2826–2837, 2010.

[72] G. S. Simões, J. Wehrmann, R. C. Barros, and D. D. Ruiz, “Movie genre classification with convolutional
neural networks,” in Proc. Int. Joint Conf. on Neural Networks (IJCNN), 2016, pp. 259–266.

[73] A. Tadimari, N. Kumar, T. Guha, and S. S. Narayanan, “Opening big in box office? trailer content can
help,” in Proc. IEEE Int. Conf. on Acoust., Speech, and Signal Process. (ICASSP), 2016, pp. 2777–2781.

[74] J. Wehrmann, R. C. Barros, G. S. Simões, T. S. Paula, and D. D. Ruiz, “(Deep) learning from frames,”
in Proc. 5th Brazilian Conf. on Intelligent Syst. (BRACIS), 2016, pp. 1–6.

[75] J. Wehrmann and R. C. Barros, “Convolutions through time for multi-label movie genre classification,”
in Proc. Symp. on Applied Computing, 2017, pp. 114–119.

[76] O. Ben-Ahmed and B. Huet, “Deep multimodal features for movie genre and interestingness prediction,”
in Proc. Int. Conf. on Content-based Multimedia Indexing (CBMI), 2018, pp. 1–6.

[77] K. He, X. Zhang, S. Ren, and J. Sun, “Deep Residual Learning for Image Recognition,” in Proc. IEEE
Conf. on Computer Vision and Pattern Recognition (CVPR), Jun 2016.

[78] Y. Aytar, C. Vondrick, and A. Torralba, “Soundnet: Learning sound representations from unlabeled
video,” vol. 29, 2016, pp. 892–900.
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Appendix

Appendix
The codes used for performing the various experiments in this thesis have been publicly shared. The

links to access the different codes for each of the chapters are listed below:

Chapter 3 : https://github.com/mrinmoy-iitg/Speech-Music-Classification-Using-SPT

Chapter 4 : https://github.com/mrinmoy-iitg/SMC_Phase_Features

Chapter 5 : https://github.com/mrinmoy-iitg/SM_HPSS_MTL

Chapter 6 : https://github.com/mrinmoy-iitg/MTGC_Speech_Music_Segmentation

Moreover, the Movie-MUSNOMIX dataset created as part of the contribution of this thesis can

be accessed at https://github.com/mrinmoy-iitg/Movie-MUSNOMIX.
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