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Abstract

This thesis describes the processing of speech data in multimedia context such as in

broadcast audio. The broadcast audio data contains speech present in a variety of scenarios

and these scenarios include the clean speech, speech with background music/noise and

pure music. The speech with background music and pure music segments correspond

to the voice-over cases and news headlines. The speech with background noise is due

to the reporter speech. The main goal of this work is phone recognition of broadcast

audio. However, some form of classification and enhancement is required considering the

complexity of the broadcast audio data. In this work, the data mostly related to the

anchor speakers’ segments is considered and hence the scenarios such as clean speech,

speech with background music and pure music has to be taken care in the classification

and enhancement stages. The speech with background noise regions are not considered,

since they are mostly present in the form of the reporter speech and recorded in outdoor

environments.

The speech/music classification task is the first classification task attempted in this

thesis. There have been several attempts in previous work on this task which uses the

general temporal and spectral features. In this thesis, the task is attempted by exploring

the speech-specific features. Defining features related to music is a difficult one consid-

ering the different kinds of music present. Alternatively, since the mechanism of speech

production is uniform (speech is produced by exciting a time-varying vocal tract system

by a time-varying excitation source), the features specific to speech can be explored. The

speech-specific features related to the source, vocal tract system and syllable rate of speech

are expected to behave differently in the music regions compared to speech. Since they

are features derived in the context of speech production, they are able to characterize

the speech regions better, thus achieving some form of discrimination between speech and

music.
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The speech regions thus obtained may be either clean speech or speech with background

music considering the speech-specific nature of the features. The second level of classifi-

cation involves classifying clean speech from the speech with background music segments.

The reason for this step is because the phone recognizer to be used in this thesis is a single

one trained on clean speech. As a result of this, the speech with background music may

need to be separated (from the clean speech) and enhanced, prior to passing it through the

phone recognizer to reduce the acoustic mismatch between the train and test speech data.

The task of classifying clean speech from the speech with background music is performed

by considering the average and relative spectral characteristics of the vocal tract system,

which is again in terms of the speech-specific nature. The resonance features of the vocal

tract system are exploited to achieve a discrimination between the mentioned regions. The

presence of music in the background of speech will introduce frequency components due

to the music in addition to speech, thus causing the relative spectral characteristics of the

vocal tract system to be different between the clean speech and speech with background

music regions.

The speech with background music is then passed through an enhancement module which

consists of the temporal, spectral and perceptual enhancement systems. The temporal

enhancement step involves emphasizing the high speech to music ratio (SMR) regions of

the source signal and the perceptual enhancement step involves having a clean source signal

representation as the excitation component. Based on the requirements of a robust source

representation for enhancing the speech with background music, this thesis proposes a

better representation of the source signal (a speech-specific information) which emphasizes

the high SMR regions while de-emphasizes the other signal components for the temporal

and perceptual enhancement steps.

The clean speech obtained from the clean speech/speech with background music classi-

fication step, and the enhanced speech obtained by enhancing the speech with background

music, are next passed through a phone recognition system to obtain the phone transcrip-

tion of the broadcast audio. The final goal of the task is to obtain an overall improved

phone recognition accuracy compared to the case when the broadcast audio is passed

directly through the phone recognizer.
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The major contributions of this thesis are as follows:

• Speech/Music classification using speech-specific features in terms of source, vocal

tract system, and syllable rate of speech production. The task was evaluated on the

Scheirer and Slaney (S&S) database, GTZAN database and the Broadcast news audio

database. The speech-specific features perform better than the existing temporal and

spectral features since they are able to localize the speech regions better and deviate

from their speech behavior in the music regions.

• Clean Speech/Speech with background music classification using average and relative

spectral characteristics of the vocal tract system. This task was evaluated on the S&S

and the Broadcast news audio database. The features derived in terms of the average

and relative spectral characteristics of the vocal tract system complement each other

in an effective way to provide good classification accuracy for the task.

• Enhancement of Speech with background music using temporal, spectral and percep-

tual processing exploiting the effect of source information. The database used for the

evaluation consisted of the TIMIT samples added with the background music sam-

ples taken from the S&S and the GTZAN database. The task was also evaluated on

the speech with background music samples from the Broadcast news audio database.

The enhanced speech samples are passed through a phone recognition system and it

is observed that the algorithm works well for the music degradations which are heavy

in nature.

• The samples which contain clean speech, music and speech with background music are

then passed through the various preprocessing steps. The output of the preprocessing

steps which is the clean and enhanced speech, are passed through the phone recog-

nition system to show the significance of the preprocessing stages. The samples were

taken from the TIMIT database added with the background music samples (taken

from the S&S and the GTZAN database) and the Broadcast audio database. It was

observed that the preprocessing stages help in improving the accuracy of the phone

recognition system.

Keywords: speech-specific, classification, speech enhancement, phone recognition
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1.1 Introduction to Broadcast Audio Processing

In this thesis, the significance of speech-specific knowledge for processing broadcast audio is demon-

strated. The main focus is on the anchor speakers’ segments present in broadcast audio. The scenarios

present in the anchor speakers’ segments include clean speech, speech with background music and pure

music. The main goal is to obtain the phone transcription of the anchor speakers’ segments. However,

due to the complexity of the nature of the data due to the scenarios present, some preprocessing is

necessary. Accordingly, the preprocessing task attempted in this work include the speech/music clas-

sification, clean speech/speech with background music classification and enhancement of speech with

background music. The final task is the phone recognition task. The speech/music classification task

involves the use of speech-specific features for segmenting the speech and music. Similarly, the clean

speech/speech with background classification task involves the use of the features based on speech pro-

duction in terms of the vocal tract system. The enhancement of speech with background music is

performed by emphasizing the speech components without considering the background present.

1.1 Introduction to Broadcast Audio Processing

Broadcast audio processing has been attempted in several ways in the past and is involved in

different applications. Some of these include the spoken document retrieval [2], [3], speech summariza-

tion [4] and story summarization [5]. The transcription of the data in terms of the word or phoneme

is obtained which is then used for further processing in most of these work. Hence the fundamental

task of broadcast audio processing is the transcription of the broadcast audio. This involves either the

signal to symbol transformation or the symbol-to-text transformation. In this thesis, the main focus

is on the signal-to-symbol transformation or the phone transcription of the broadcast audio.

The process of phone transcription of speech is a relatively easier task, if a large amount of data

is collected from a variety of speakers for training and the testing data consists of only clean speech.

However, the phone transcription of data collected from TV broadcast audio, in particular, the ones

from Indian news channels is a much more difficult task due to the presence of different types of

scenarios which are complex in nature. These include clean speech which is mostly uttered by the

anchor speaker, speech with background noise uttered by the reporter and pure music which may

be played in advertisements and news headlines. The speech with background music constitutes the

news headlines, advertisements, and voice over speech. An example audio of the scenarios can be

seen in Figure 1.1. In order to obtain a phone transcription of the broadcast audio, some form of

3
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1. Introduction

Figure 1.1: (a) Audio Signal where the first 1 s correspond to clean speech related to anchor speaker, followed
by 1 s of speech with background music related to news headlines, also followed by 1 s of music each related to
headlines and commercials and final last 1 s of speech with background noise related to reporter. (b) Spectrogram
of the audio signal

preprocessing may be required prior to the phone recognition.

1.1.1 Preprocessing for Phone Transcription of Broadcast Audio

In previous work, the automatic transcription of broadcast audio follows the steps as shown in

Figure 1.2, where initially the non-speech segments of the audio are filtered out. This is followed

by iterative segmentation and labeling into different models based on gender and bandwidth. The

final step is the speech recognition step. There are also works where the preprocessing stage includes

speaker change detection [6, 7] and speaker clustering [6, 8, 9]. In such cases, the audio file obtained

after preprocessing is passed either through the speaker adaptation module or the speech recognition

module to obtain the textual transcription. The speech with background music and speech with

background noises are processed in the speaker clustering stage.

In earlier work, the features for either the preprocessing or the recognition stage have been mel

frequency cepstral coefficients (MFCC) [7, 8, 10]. Some have also explored features based on Linear

Prediction Coding (LPC) [6,7]. The general time and frequency domain features have also been used

in some work for the classification stage [11–14]. In most of the earlier work, the focus has been on the

general audio features with the help of powerful classifiers. In this work, the focus will be given on the

nature of the audio signal and specific features will be defined based on the nature of the signal. The

4
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Figure 1.2: Overview of transcription scheme for audio stream

audio signal has speech components as well as other components like noise and music. The noise and

music may be present in the background as overlapping or non-overlapping signals depending on the

scenarios present. Defining features in terms of speech may be a better option, in particular, for the

preprocessing stages considering the complexity of the scenarios present in broadcast audio. Hence

the speech-specific knowledge will be used for processing broadcast audio in this work. The reason for

using the speech-specific knowledge will be discussed in the later sections.

Table 1.1: Statistics of human summaries averaged over 20 news shows [1]. An-% of anchor speaker sentences
(An), % of sentences picked which indicates overlap (Ov), % of anchor speaker sentences in the overlap (An-Ov)
in human summaries

type An Ov An-Ov

% 74% 63% 92%

The data which is useful for multimedia analysis purposes like audio summary may be contained in

mostly the anchor speakers’ audio segments. The significance of processing only the anchor speakers’

audio segments can be understood from [1], where it is mentioned that humans give preference to

anchor speakers’ audio segments while constructing an audio summary. The statistics can be seen in

Table 1.1, which shows the percentage of the anchor speaker sentences picked by the human during

the audio summary. Hence in our work, only the anchor speakers’ audio segments are processed,

which may be useful for multimedia applications like the audio summary. The use of only the anchor

5
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Figure 1.3: Speech/Music Classification

speakers’ audio segments reduces the complexity since, in Indian Broadcast news channels, the number

of anchor speakers is generally limited. Also, clean speech data constitutes the major part of the anchor

speakers’ audio data. However, the anchor speakers’ data may also contain the other segments like

pure music and speech with background music. These segments correspond to the news headlines

and voice over speech. Classifying the anchor speakers’ data into these segments is necessary. The

music segments may be discarded since they may not contain any information for multimedia analysis

purposes. However, the speech with background music segments may require transcription since they

may have come from news headlines and voice over which may or may not contain useful information.

If the speech with background music regions are required for recognition, their enhancement has to

be performed prior to recognition in order to reduce the acoustic mismatch between the training and

testing data. This has to be done because the models for the phone recognition stage in this work are

assumed to be built on the clean speech case. Hence the modules required for processing the anchor

speakers’ data include the speech/music classification shown in Figure 1.3, clean speech/speech with

background music classification shown in Figure 1.4, speech enhancement and phone recognition shown

in Figure 1.5. These modules are explored in this work and the features for these modules will be

proposed in terms of the speech-specific knowledge.

6
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Figure 1.4: Clean Speech/Speech with background Music Classification

Figure 1.5: Speech Enhancement and Phone Recognition

1.1.2 Significance of Speech-Specific Knowledge

The use of speech-specific knowledge can be understood in some of the tasks performed earlier

related to speech enhancement. In some speech enhancement task like spectral subtraction [15],

the modeling of the background noise which is present in the degraded speech is necessary and this

background noise is then subtracted from the degraded speech to obtain the enhanced speech. But

these methods fail when the type of noise is unknown. Also, the noise may be coming from different
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sources and hence it may be difficult to model the noise characteristics. In order to overcome these

problems, methods which exploit the speech characteristics without considering the nature of the

noise present are proposed. One such work can be found in [16] which uses the high signal to noise

ratio (SNR) regions to enhance the speech signal. The LP residual, which is an excitation source

based signal, is modified by enhancing the high SNR regions relative to the other regions present

thereby causing the interfering noise regions to be suppressed. This modified residual is then used

to excite the time-varying all pole filter in order to obtain the enhanced speech. In [16], only the

speech characteristics in terms of the high SNR regions of the LP residual is exploited to perform the

enhancement without considering the nature of the noise present. Similarly, the concept of exploiting

the LP residual without considering the nature of the noise present was explored in [17] for the temporal

based enhancement. In [18] the foreground speech enhancement was performed by also exploiting the

speech characteristics in terms of the high SNR regions of the LP residual without considering the

nature of the background noise present for the temporal based enhancement.

In order to illustrate the significance of speech-specific features for broadcast audio processing,

the task of foreground speech segmentation and enhancement [18] was performed. Foreground speech

segmentation is the use of features to classify between the desired foreground speech and background

interfering sources like noise and foreground speech enhancement is the use of features to enhance

the desired foreground speech. The speech signal of a speaker speaking closer to the microphone is

termed as foreground speech and rest of the interfering acoustic sources are categorized as background

noise. The foreground speech segmentation is initially performed on the noisy speech taken from the

broadcast audio. This process is performed by using the feature based on the production knowledge

of speech which is the zero band filtered signal (ZBFS). The ZBFS is a variant of the zero frequency

filtered signal (ZFFS) [19] and it also gives the epoch locations pertaining to the source nature of

speech production. The energy of ZBFS is used to perform the foreground speech segmentation. The

nature of the output localizes the foreground speech regions while discarding the background noise

regions as seen in Figure 1.6 (b). The output of the foreground speech segmentation process will

then be used as a gross weight function for the temporal enhancement of the foreground speech. The

temporal enhancement requires the use of both the gross weight function as well as the fine weight

function to derive a total weight function which will then be used to weight the LP residual of the

noisy speech [17, 18]. The fine weight function is derived by using the epoch locations obtained from
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Figure 1.6: Illustration of Foreground Speech Segmentation and Enhancement (a) Noisy Speech taken from
Broadcast Audio where the foreground speech consist of the region from (0.05-0.25)s and the remaining is the
background noise regions (b) Gross Weight Function obtained from foreground speech segmentation (c) Fine
weight function (d) Overall Weight Function (e) LP Residual of Noisy speech in (a), (f) Weighted LP Residual
(g) Temporally Enhanced Speech

the ZBFS and is shown in Figure 1.6 (c). Finally, the total weight function is derived which used for

weighting the noisy LP residual in Figure 1.6 (e). Figure 1.6 (f) shows the weighted LP residual and

it can be observed that this residual is enhanced compared to the residual of noisy speech. In other

words, the noise has been reduced in between the epoch locations of the foreground speech (0.05-0.25)s

and it has also been reduced in the background noise regions. The weighted LP residual is then used to

synthesize the temporally enhanced speech shown in Figure 1.6 (g). Note that in almost all the steps

of foreground speech segmentation and enhancement, the nature of speech production was exploited

in the form of the zero band filtered signal (ZBFS) by using its energy and its epoch locations. The

nature of the background noise need not be determined. In other words, the foreground speech was

segmented and enhanced based on the speech-specific features without worrying about the nature

of the noise present. This illustration shows the potential of speech-specific features for foreground

speech segmentation and enhancement.

Another illustration of the potential of speech-specific features can be shown for the classification

of speech and music which is an important step for broadcast audio processing. When segmenting
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speech and music regions, the production knowledge of speech may be used to define features which

characterize the speech regions well while behaving differently in music segments thereby achieving

a sort of discrimination between these two segments. To elaborate this statement, a plot is given in
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Figure 1.7: Significance of Speech-Specific Features for Classification (a) Audio Signal where the first 0.2 s
correspond to speech and the remaining 0.2 s correspond to music (b) Zero frequency filtered signal (c) Epoch
Strength (d) Short term energy (e) Zero crossing rate

Figure 1.7 which illustrates the use of a speech-specific feature. In Figure 1.7 (b), the zero frequency

filtered signal (ZFFS) of the audio is shown which gives information about the epoch locations. As can

be seen in the figure, the behavior of the ZFFS in music deviates from that of speech. The sinusoidal

nature observed for speech is less observed for the music region. This shows the potential of the

speech-specific feature, the ZFFS which is a feature explored for characterizing the speech production

mechanism. The robustness of this feature has been compared to the short term energy and the zero

crossing rate which are general audio features. The short term energy displays some discrimination

between speech and music but there are regions of uncertainty (between 0.15 s to 0.2 s) where it is

observed that the short term energy is low and has the same value as in the music region. Similarly,

the zero crossing rate shows very little discrimination between the two segments. The epoch strength

extracted from the ZFFS is also shown in Figure 1.7 (c) which shows the epoch locations and their

strengths. The mechanism of producing speech is different from that of music. In this case, the music

considered is guitar music and has a different mode of production compared to speech. Hence the

epoch locations which are periodic at the fundamental frequency are expected to be clearly observed
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for speech and different for music. This is exactly the case observed in the figure where it can be

seen that for the music region, the epoch locations are randomly placed and have a low strength.

This means that if the features which are developed for speech production are used for music will

behave differently for the music and have a behavior which is far from speech. This provides a sort of

discrimination between the two segments. This illustrates the significance of speech-specific features

for the classification task.

1.2 Motivation for Present Work

The significance of speech-specific knowledge has been explored in various signal processing tasks

like classification and enhancement as described in the previous section. The attempts infer that the

processing can be done in the context of anchor speakers’ segments of broadcast audio by exploiting the

speech characteristics. The anchor speakers’ segments contain scenarios such as clean speech, speech

with background music and music. For the phone transcription of anchor speakers’ segments, the

classification and enhancement have to be performed as indicated earlier in Section 1.1.1. The main

task would involve removing the music components and enhancing the speech with background music.

The main interfering source of anchor speakers’ segments of broadcast audio is music. However, for

performing classification and enhancement with music as an interfering source, may require the use of

speech-specific characteristics without worrying about the nature of the music present. The music may

be of different types and may be originating from different sources, hence exploiting characteristics of

music may be difficult. On the other hand, exploiting the speech-specific characteristics may be a better

option since the nature of speech production in terms of the source and the vocal tract system is uniform

across speakers. The speech characteristics have been extensively studied in terms of the source and

vocal tract system and the potential of speech-specific features for classification and enhancement has

also been demonstrated in the previous section for speech/music classification, and foreground speech

segmentation and enhancement. This indicates that the processing of anchor speakers’ segments in

broadcast audio may be done by focussing mainly on the speech-specific characteristics.

On this context, for the speech/music classification task, the features in terms of the speech-specific

knowledge can be used. These features will have a standard behavior in speech while deviating in

music. Since the features are defined in the context of speech production, any other class of speech, for

example, speech with background music will be classified as speech. Similarly, another set of speech-
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specific features can be defined for the clean speech/speech with background music classification.

These features will have a normal behavior in speech while deviating in the speech with background

music segments due to the presence of music in the latter. The speech-specific features can also be

proposed for enhancement of speech with background music segments, which will emphasize the high

signal to music ratio regions relative to other regions. This will cause the background music regions

to be suppressed so as to obtain the enhanced speech. Finally, the clean and enhanced speech can be

passed through the phone recognition system to obtain an improved phone recognition accuracy.

1.3 Organization of the Thesis

To address the issues mentioned, this thesis work is organized into six chapters. The content of

each chapter is summarized as follows:

• Chapter 2 reviews the literature related to the classification, enhancement and recognition meth-

ods. The review brings out the significance of speech-specific knowledge for the various tasks

performed to obtain a solution for the phone recognition of broadcast audio

• In Chapter 3, the speech/music classification system is discussed which employs the use of

speech-specific features. These features are defined in terms of the source, vocal tract system

and syllabic rate of speech. These features characterize speech regions well while deviating their

behavior in music regions thus achieving a sense of discrimination between speech and music.

• In Chapter 4, the clean speech/speech with background music classification system is presented

which exploits the vocal tract system feature. The spectral characteristics of the vocal tract

system in the average and relative sense is exploited to define features for this task.

• In Chapter 5, the speech enhancement of the speech with background music is explored expecting

that the enhanced speech will give a good phone recognition accuracy. The enhancement methods

are performed based on mostly the source characteristics which again exploits the speech-specific

nature of the audio segment.

• Chapter 6 discusses the combination of the speech/music classification, clean speech/speech with

background music classification and speech enhancement modules for effective phone recognition

in the context of broadcast audio. The features defined for the different modules are utilized in

this chapter to assess their overall performance on the task of phone recognition.
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• Chapter 7 discusses the summary and conclusion
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2.1 Introduction

A description of the literature for the processing of broadcast audio is presented in the form of

a review, where the specific focus will be on the phone transcription of broadcast audio. Broadcast

audio comprises of complex scenarios which make their phone transcription not so straightforward as

the phone transcription of clean speech. The preprocessing steps are required before the final phone

recognition step and the details of the preprocessing will also be reviewed. Finally, based on the various

advantages and disadvantages of the different methods in the literature, an alternative direction will

be proposed which may give a better phone transcription accuracy and with a lesser complexity of

preprocessing than the existing techniques. This framework will be particularly based on the speech-

specific knowledge of processing the broadcast audio, wherein the source, system and suprasegmental

information of speech will be exploited for processing.

2.1 Introduction

The processing of broadcast audio is essential for applications like spoken document retrieval

(SDR), story segmentation (SSEG) and story summarization (SSU). In most of these applications,

the phone transcription of broadcast audio is an important step. The automatic phone transcription

of broadcast audio is a complex task owing to the large variabilities present in the data which involves

a large number of preprocessing steps before the final phone recognition step. The variabilities in the

data are a result of the scenarios present in the broadcast audio which include indoor speech which

generally corresponds to the anchor speech, outdoor speech which may be either the anchor or reporter

speaking and advertisements and news headlines. The anchor speakers’ speech is mostly free from

interfering sources such as noise, but in cases where is a voice-over, which may be present in between

the anchor speakers’ speech, music may be present in the background of speech. Additionally, the

news headlines which are also part of the anchor speakers’ speech, contain music in the background

as an interfering source for speech. The presence of these interfering sources may cause the phone

transcription of speech to have low accuracy due to the presence of an acoustic mismatch between

the training and testing data. The transcribed speech from the indoor scenarios may contain a lot

of information for the multimedia applications. The outdoor speech, on the other hand, is mostly

noisy in nature and the information which may be obtained from outdoor speech may be redundant

and may already be available in the anchor speakers’ speech. The significance of anchor speakers’

speech has been shown in [1], where it is mentioned that humans give preference to anchor speakers’
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audio segments while constructing an audio summary. Hence the phone transcription of only the

anchor speakers’ speech may be sufficient in applications like multimedia analysis such as an audio

summary. The processing of only the anchor speakers’ speech will tend to reduce the complexity of

the preprocessing stage since the only interfering source which has to be taken care is the music which

may or may not overlap the speech signal.

Some of the preprocessing steps involved include the speech/non-speech detection, bandwidth

detection, and gender detection [8]. These preprocessing steps are required in order to partition the

incoming audio data stream into homogeneous segments so that they can be used for either speaker

adaptation or speech recognition. Since the focus is on the phone recognition of anchor speakers’

speech, the desired segments will be mostly clean in nature so as to obtain a good level of phone

transcription accuracy. In order to segment the clean speech segments from the anchor speakers’

speech, the clean speech first needs to be segmented from the other scenarios present like the pure

music and speech with background music. The speech obtained from the first level of classification may

contain music in the background as well. Hence the clean speech may again be needed to be segmented

from these types of segments. Finally, to obtain the clean speech from the speech with background

music, the enhancement will be required to be performed. Finally, the clean speech obtained will be

required to be converted into text using a phone recognizer.

The review for this work will be organized as follows. Initially, some broadcast audio applications

will be discussed where the common tasks of automatic transcription of broadcast audio appearing

in these applications will be identified. Next, the different types of preprocessing tasks which are the

significant steps for automatic transcription of broadcast audio will be reviewed. There is not much

literature present for the phone recognition of broadcast audio in general, but mostly it is mentioned as

speech recognition even though the task of speech recognition involves the phone recognition as a prior

step. In this work, the terms phone recognition and speech recognition may be used interchangeably,

but overall, the goal of the literature survey is to provide a direction for phone recognition.

The speech/music classification task which is part of the preprocessing step will be reviewed in

more detail since this task is essential for the direction to be proposed in this work. Similarly, some

methods for segmenting clean speech and speech with background music will be discussed. The

literature related to speech enhancement in the context of background noise will also be discussed

expecting that these methods may work for the case when there is music in the background as well.
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This review is necessary since the direction to be proposed in this work relies on the enhancement

module to overcome the problem of having a lesser amount of data for training. Finally, the literature

related to systems which employ speech recognition in the context of broadcast audio will also be

reviewed since this is the essential step for processing the broadcast audio.

2.2 Tasks Involving Broadcast Audio Processing

The majority of the tasks which involve the processing of broadcast audio include the transcription.

Some of these tasks consist of the spoken document retrieval (SDR), speech summarization (SSU) and

story segmentation (SSEG). This section will highlight some of these tasks (SDR, SSU, and SSEG)

followed by the review on some of the basic preprocessing steps which are the significant parts of the

automatic transcription of broadcast news.

2.2.1 Spoken Document Retrieval

Spoken document retrieval (SDR) of broadcast audio has been performed in [2] and it is a task

which involves the use of automatic transcription of the audio data. This task involves a phoneme based

[2], [3] approach where phonetic transcription of the audio data is generated by the recognizer. This

transcription is processed for producing subword unit representations which are useful for indexing and

retrieval. There is also a word based approach [20], [21] where a large vocabulary speech recognition

system is built for providing a word-level transcription. The information retrieval (IR) system treats

the transcribed audio segment as a text document.

Documents and queries are normally represented in the form of vectors. Every vector component

constitutes an indexing term. A term may consist of a word, a word fragment or a sub-word unit.

Each term consists of an associated weight which is normally based on the term’s occurrence statistics

both within and across documents [2]. In the vector for document j, the weight of term i is:

dj [i] = 1 + log(fj [i]) (2.1)

and in the vector for query k, the weight of term i is:

qk[i] = (1 + log(fk[i]))log(N/ni) (2.2)

where fj [i] is the frequency of term i in document or query j, ni is the number of documents having

term i, and N is the total number of documents present in the collection. The second term is called the
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inverse document frequency (idf) for term i. A normalised inner product similarity measure between

document dj and query qk can be used to score and rank the documents during the retrieval

S(dj , qk) =
dj .qk
||dj ||||qk||

(2.3)

A spoken document retrieval (SDR) system is described in [22], for British and North American

Broadcast News. This consist of a connectionist large vocabulary speech recognition system along

with a probabilistic information retrieval system. In [22] an approach which is word based is adopted

and hence the audio signal is represented in the form of text. Given a document d, a term-weighting

function is defined which gives a weight for a term t. The within-document term frequency and the

collection frequency weight are contained in this function. The number of occurences of term t in

document d is the term frequency, TF (t, d). The collection frequency weight of term t, CFW (t),

indicates a measure of the proportion of the collection in which the term appears:

CFW (t) = log

(
N

n(t)

)
(2.4)

for a total collection of N documents, where term t appears in n(t) documents.

The product of the collection frequency weight and the term frequency results in a combined weight

as follows,

CW (t, d) =
(K + 1).CFW (t).TF (t, d)

K((1− b) + b.NDL(d)) + TF (t, d)
(2.5)

where K is the discounting parameter on the term frequency, NDL(d) represents the length of

d which is normalized by the length of the mean document across the collection and b is a constant

defined empirically which controls the influence of the length of the document (0 ≤ b ≤ 1).

The overall weight for a document d corresponding to the query Q, W (Q, d) can be calculated as

W (Q, d) =
∑
t∈Q

CW (t, d) (2.6)

where CW (t, d) is the combined weights for each term present in the query and relevant to the

document.

A Mandarin Chinese broadcast news retrieval system which is syllable-based was explored in [23].

The retrieval process is as follows. Consider a database D and a query q, the retrieval problem is
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nothing but a searching process which is used for finding the document d∗ mostly related to the query.

The searching process is given as,

d∗ = argmaxd∈DSim(d, q) (2.7)

where Sim(d, q) indicates the measure of similarity between a document d and a query q. Each

spoken document d, which is based on the syllable lattice ld, can be represented by two feature vectors

V 1
d and V 2

d . The standard Cosine measure [24] is used for estimating the similarity.

Sim(d, q) = wcos(V 1
d , V

1
q ) + (1− w)cos(V 2

d , V
2
q ) (2.8)

= w
V 1
d .V

1
q

|V 1
d ||V 1

q |
+ (1− w)

V 2
d .V

2
q

|V 2
d ||V 2

q |
(2.9)

where w indicates the weight used for adjusting the contributions from the single part and the

syllable pair part in the overall similarity measure.

2.2.2 Speech Summarization

In [4] an automatic speech summarization system was proposed in which the set of words are

extracted from automatically transcribed speech based on a particular summarization score. Dynamic

Programming (DP) technique is used for extraction in accordance with the target compression ratio.

The set of words extracted is then fused to form a summarization sentence. The summarization score

is based on the word significance measure, a confidence measure, linguistic likelihood and a word

concatenation probability. The dependency structure in the original speech which is given by the

stochastic dependency context-free grammar (SDCFG) is used to determine the word concatenation

score. The Japanese broadcast news speech transcribed using an LVCSR system is summarized in [4].

In [5], the speech and language technologies were described and an effort which integrates these

technologies into a system is introduced. This system can be used for indexing speech data, creating

structural summarization and providing tools in order to browse the stored data. The technologies

explored in [5] consists of systems based on the speaker-independent speech recognition, segmentation,

and identification of speaker, spotting of a name, classification of topics, segmentation of stories and

retrieval of information. The continuous audio input stream by the speaker is first automatically

segmented by the system. Next, the system is used for clustering the audio segments which belong
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Figure 2.1: Audio Indexing and Retrieval System

to the same speaker. Identification of speakers which are known to the system is also done and

finally, the spoken words are transcribed (see Figure 2.1 obtained from [5]). The input stream is also

segmented into stories by the system, depending on the topic content. The names of persons, places,

and organizations are also located by the system. The integration of the technologies mainly allows

the system to produce a high-level structural summarization of the spoken language thereby allowing

easy browsing of data. The transcription for this system is created by the Byblos large-vocabulary

speaker-independent speech recognition system [25].

In most of the applications for processing broadcast news (for example the SDR, SSEG, and SSU),

the automatic transcription of speech is a necessary step. The information retrieval system treats the

transcribed audio as a text document. Similarly, the transcription is a crucial step for SSEG and SSU

system as seen in Figure 2.1. In the automatic transcription of speech, the speech recognition is a

general approach wherein phoneme models are created using the features extracted from the training

data. The complexity of the scenarios present in broadcast audio poses challenges in terms of obtaining

homogeneous segments which will improve the transcription accuracy. The preprocessing step is used

to obtain the homogeneous segments and is an important step for the automatic transcription of

broadcast news considering the complexities encountered in the broadcast audio. Accordingly, the

previous work for preprocessing the broadcast news will be provided in the following sections.
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2.2.3 Iterative Maximum Likelihood Segmentation/Clustering Procedure

In [8], the broadcast audio data is partitioned into segments which are homogeneous in nature.

Identification and removal of the non-speech segments are performed by using the GMMs trained

to detect speech, pure music and others (background). Labeling of the clustered speech segments

according to bandwidth and gender is then performed. The advantages of using the partitioning or

preprocessing before transcription are plenty. Firstly, speaker turn and speaker identity information

can be extracted in addition to transcription. Secondly, problems which are caused by the linguistic

discontinuity at speaker changes can be avoided. Thirdly, overall performance can be improved since

the acoustic models will be trained on popular acoustic conditions. Finally, removing non-speech

segments and using shorter segments for processing reduces the time required for computation and

the decoding is simplified. An iterative procedure of maximum likelihood segmentation/clustering

based data partitioning is performed in [8], where Gaussian mixture models are used along with

agglomerative clustering. The approach does not depend on the language. The result of this process

is a set of speech segments having speaker labels, gender labels, and telephone/wideband labels. In

this method, a cluster of segments generally represents a speaker in a particular acoustic environment.

Typically there are a slightly higher number of clusters than the true speakers for a particular show.

For example, two clusters may be used to represent a given speaker’s data, one which corresponds

to speech with background music and another which does not contain music. A 38-dimensional mel

frequency cepstral coefficient (MFCC) feature vector was used which is similar to the 39-dimensional

MFCC popularly used for speech recognition but excluding the energy

2.2.4 Phone Decoding Segmentation Procedure

In [6], an algorithm is proposed which comprises of bandwidth detection, gender detection, speaker

change detection and speaker turn clustering. In the bandwidth detection stage, a one-pass Viterbi

decoder was used to detect the bandwidth by hypothesizing a sequence of phoneme classes tagged with

bandwidth labels and their time offsets. Phonemes are grouped into 8 classes: voiced constituents,

fricatives, and sibilants, obstruents, breath, laughter, lip smack, music, and silence. The first 5

classes are further tagged with wide bandwidth and narrow bandwidth labels, resulting in a total of

13 distinct symbols for band detection. Each acoustic training sentence is automatically labeled as

wideband or narrowband based on the ratio of the average energy above and below 4 kHz. Its original
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phonetic transcription and time-aligned labels are then transformed into band-specific phoneme-class

symbols. A forwardbackward training procedure to train the model. The episode-length hypothesis

of bandwidth-tagged phoneme class symbols, after being smoothed to suppress spurious bandwidth

changes, is then separated into two sets of band-specific chunks. The result of this stage is two sets

of band-specific long segments ready to be gender-classified. The gender detection stage involves

phoneme symbols duplicated and tagged with male and female labels. The pronunciation of each

gender-specific word now consists of corresponding gender-specific phonemes. Words of each acoustic

training sentence are now tagged with appropriate gender and standard forward-backward training

procedure is followed to train the dual gender models. The output of the decoding stage for each

segment is a hypothesis of gender tagged words. The hypothesis is also smoothed to remove spurious

gender changes. In the speaker change detection (SCD) and speaker turn clustering stage, each set

of a band and gender-specific segments is first fed through the SCD component using the penalized

likelihood ratio test and speaker clustering is performed to pool similar data together for consistency

in cepstral normalization and for adaptation. Linear Prediction Coding (LPC) based mel warped

cepstral of 45 dimensions are used as features in this work.

2.2.5 Combined GMM and Phone Decoding Segmentation Procedure

In [10] an algorithm was proposed which involves using gaussian mixture models for classifying

audio stream into wideband speech, narrowband speech, and music. A model for speech with back-

ground music was also created and audio selected by this particular model is labeled as wideband

speech. The separate inclusion of this model reduces the misclassification of speech as music. The

music portion is rejected. Segmentation and gender labeling of the narrowband and wideband speech

data are performed by using a phoneme recognizer which has a certain number of context independent

phone models for a particular gender along with a silence/noise model. The output of the recognizer

is a sequence of short segments with each having either a male, female or silence tag. Silence segments

of duration greater than 3 seconds are usually classified as non-speech and discarded. A heuristic

smoothing is also applied to eliminate spurious gender changes. The 39-dimensional MFCCs have

been used as feature vectors.
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2.2.6 Segmentation Procedure using Distance based Methods

In [9] the Symmetric KL (Kullback Leibler) distance metric was used for segmentation and

clustering. KL (Kullback Leibler) distance between two random variables A and B represents an

information theoretic measure which is equal to the additional bit rate accrued by encoding random

variable B with a code that was originally designed for optimal encoding of A [26]. The larger this

value, the more the distance between the two PDFs of 2 random variables. It is hence formulated as

KL(A;B) = EA < log(PA)− log(PB) > (2.10)

where EA represents the expectation operation performed with respect to PDF of A.

However, this expression is not symmetric which means that it is not a distance metric strictly.

They defined the Symmetric KL (Kullback Leibler) distance metric designated KL2 metric as:

KL2(A;B) = KL(A;B) +KL(B;A) (2.11)

The KL2 distance metric was used to perform segmentation without acoustic classes since the

testing domain in the broadcast news may include different shows, both from television and radio.

Means and variances were computed for every two-second window of the audio stream. When the

KL2 distance between the adjacent windows reached a local maximum, a new segment boundary was

generated. Classification of the segments into either full or half bandwidth was performed using a

pair of gaussian mixture models. Given a segment of data, maximum likelihood selection of the class

was used to classify incoming speech. The clustering stage involves grouping the segments having the

same speaker identity and channel. Agglomerative clustering was chosen wherein the KL2 distance

was used over the Mahalanobis distance. Depending on a threshold distance, an utterance was either

clustered with an existing cluster or it was used as a seed for a new cluster.

2.2.7 Hypothesis Testing Segmentation Procedure

In [7] the use of Hotelling’s T 2-test was explored for creating homogeneous segments. This test

was used in the speaker change detection module of the segmentation process. This method considers

a sliding window across the speech stream. A speaker break-point was hypothesized by splitting the

frames into speaker A and speaker B within a particular window. For each hypothesized break-point,

the T 2-statistic is computed
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T 2 = (µA − µB)T [S(
1

nA
+

1

nB
)]−1(µA − µB) (2.12)

where µA and µB are the vectors of the parameter means for the two pieces,nA and nB are the frame

counts and S is a universal within speaker covariance matrix. The break points are decided based

on the peak value of T 2. The features used consisted of 36-dimensional cepstral features which are

(Perceptual Linear Prediction) PLP-based.

In most of the preprocessing task for the automatic transcription of broadcast news, MFCC or

LPC based features are used. In addition to that most of the approaches assume a large amount of

data is available for training the models. Some approaches can be explored which make use of the

robust features for the classification by analyzing the signal characteristics. The problem of unavail-

ability of large data can also be reduced by considering the enhancement of the segments containing

background music and background noise. Accordingly, some features for the classification task similar

to the classification task of the preprocessing stages of the broadcast audio will be discussed. Some

enhancement strategies will also be reviewed which may be useful for the preprocessing stages of the

broadcast audio transcription.

2.3 Features for Classification of Speech and Music

The classification of speech and music falls in the category of speech/non-speech detection in

broadcast audio processing. There have been several features which have been explored in the literature

along with some sophisticated classifiers. The description of some of the features is given below.

2.3.1 Temporal Based Features

The simplest time domain feature is the short term energy which has been employed for the

speech/music classification task in [11,12]. The short term energy in each frame is computed as

En =
1

N

N−1∑
n=0

s2[n] (2.13)

where s[n] is the discrete-time audio signal, n is the time index and N is the frame length. The

energy contour of a certain audio waveform is capable of separating speech and music. For music

signals, the energy contour shows a smaller number of dips and peaks than speech and also shows

a little change over several seconds. Speech has an alternation between voicing and frication which
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indicates a marked change in its energy contour [11]. The short term energy has also been used as a

feature in terms of the percentage of low energy frames measure in [12]. The energy distribution for

speech is more left-skewed than music since there are more silence frames and it is expected that this

measure will be higher for speech than music.

The zero crossing rate [11] feature has also shown promising ability to classify speech and music.

The speech shows a marked rise in the ZCR during the frication periods while music has no abrupt

increases due to its tonal nature. The ZCR variation of music does not have the same nature as that

of voiced and unvoiced speech. The nature of the ZCR distribution for speech tends to be skewed

towards the high end causing several points in the distribution to lie at values higher than the mean.

These events are due to the presence of unvoiced fricatives and affricates in speech. For discrete-time

signals, it is considered that a zero-crossing has occurred if successive samples show different signs.

The short-time average zero-crossing rate for each frame is defined as

Zn =
1

2

N−1∑
n=1

|sgn(s[n])− sgn(s[n− 1])| (2.14)

where

sgn(s[n]) =


1 s[n] ≥ 0

−1 s[n] < 0

where s[n] is the discrete-time audio signal, n is the time index of short time ZCR and N is the

frame length. The probability of null zero crossings has been explored in [13]. The silent intervals are

mostly present in the speech which causes the number of zero crossings to be null for speech in the

silent intervals whereas this probability will be low for music due to the absence of silent intervals in

music.

Speech has a characteristic energy modulation peak around the 4 Hz syllabic rate [12]. A portion

of the MFCC algorithm is used for converting the audio signal into 40 perceptual channels. The energy

in each band is extracted and each channel is bandpass filtered with a second order filter having a

center frequency of 4 Hz. The short-term energy is then calculated by squaring and smoothing the

result. Normalization of each channels 4 Hz energy by the overall channel energy in the frame is

performed, and the result from all channels are summed. The modulation energy at 4Hz tends to be

higher for speech than music.

27

TH-1627_126102033



2. Processing Broadcast Audio - A Review

2.3.2 Spectral Based Features

The spectrum centroid which represents a spectral based feature for classification of speech and

music, has been used in [14] and is defined as the center of gravity (COG) of the discrete fourier

transform (DFT) spectrum for a given frame of audio s[n]. It is computed as

Sc =
k
∑K−1

k=0 |X(k)|∑K−1
k=0 |X(k)|

(2.15)

where X(k) indicates the DFT of the frame of audio s[n].

This measure indicates whether low or high frequencies are dominated in a power spectrum and

can be regarded as an approximation of the perceptual sharpness of the signal.

The spectral flux is another spectral based feature which measures the fluctuations of the DFT

spectrum between two consecutive audio frames and is defined as

Sf =

K−1∑
k=0

(|Xm(k)| − |Xm−1(k)|)2 (2.16)

where X(k) indicates the DFT of the frame of audio s[n].

The spectrum roll-off point which is also another robust spectral based feature, is defined as the

boundary frequency fr, where a certain percent p of the DFT spectrum energy for a given frame of

audio is concentrated below fr :
fr∑
k=0

|X(k)| = p

K−1∑
k=0

|X(k)| (2.17)

where X(k) indicates the DFT of the frame of audio s[n].

The above three spectral based features are general based audio features and have been used even

in some general audio tasks as well like audio classification and music genre classification.

The spectrum spread is used as a feature in [14] and this measure computes how concentrated

the DFT spectrum is, around the perceptually adapted audio spectrum centroid. It is calculated as

follows.

Ssp =

√∑K−1
k=0 ([log2(f(k)/1000)−ASC]2.|X(k)|2)∑K−1

k=0 |X(k)|2
(2.18)

where f(k) represents the frequency in each frequency bin, and ASC is the perceptually adapted

audio spectral centroid, which is defined as

ASC =

∑K−1
k=0 log2(f(k)/1000).|X(k)|2∑K−1

k=0 |X(k)|2
(2.19)
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X(k) indicates the discrete fourier transform (DFT) of the frame of audio s[n].

In [27], the filter bank energy is explored for classification of speech and music. The energy variance

of the filter bank (EVFB) coefficients tends to be higher for speech than music. The difference is more

prominent in the lower frequency portions of the DFT spectrum. The reason is because speech has

its signal energy which is concentrated in the lower frequency portions of the DFT spectrum. The

presence of more number of silence segments in speech compared to music motivates the computation

of the EVFB coefficients. When a speaker is speaking short pauses are made constantly between

words and syllables and it is observed in [28] that more pauses are made within the pronounced words

than between words. During short pauses, the signal has low energy. This effect also occurs when

plosives are pronounced. Music has lesser silent moments than speech since there is always some

instrument playing. Another motivation is that the duration of vowels is shorter in speech than music.

High energy is present within the speech signal when a vowel is pronounced. Vowels are high energy

carriers in speech while in music the vowels have longer durations, especially during choruses. The

third motivation is the pitch variation. The pitch can vary by as much as 160 Hz when a speaker is

speaking. Rapid variations in the tempo of the syllabic rate are typical. The pitch variation in music

is less and the rate change is also usually slower than speech. The EVFB features are calculated by

first sampling the audio signal, followed by windowing and FFT calculation. Filtering of the signal’s

magnitude spectrum is then performed by using a set of triangular filters. The logarithmic energies

of each triangular filter are then calculated and the process in terms of mathematical equations is

described below.

ENg[i] = log

[
M∑
k=1

|S[k, i]fg[k]|2
]

(2.20)

in which i represents the frame number, g indicates the filter number, k represents the frequency bin

and M represents the total number of bins.

S[k, i] =
N−1∑
n=0

s[n+ iR]w[n]e
−j2πnk

N (2.21)

where s[n] is a frame of audio signal, w[n] indicates a rectangular window, R represents the frame

shift and N is the frame length. The term fg[k] defines the triangular filter having the central

frequency fcent[g] on the linear scale, which depends on the distribution of filter. For the mel scale
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filter distribution,

fcent[g] = 700(10
m

2595 − 1) (2.22)

similarly for the inverse mel scale filter distribution,

fcent[g] = 4031.25− 700(10
2195.28−m

2595 − 1) (2.23)

and for the linear scale filter distribution,

fcent[g] = m (2.24)

where m indicates the index number in mel filter, inverse mel filter or linear scale filter distribution

and g represents the filter number.

The variance of the log energies of each of the filter channels is calculated to form EVFB coefficients

over the filter channels.

2.3.3 Posterior Probability Based Features

The mean entropy for each frame which is defined as

1

N

N−1∑
n=0

∑
k

−p(qnk ).log(p(qnk )) (2.25)

where n represents the frame number (time index), N indicates the number of frames in a particular

segment, and p(qnk ) represents the posterior probability for label qk at particular time n which is as

calculated by the acoustic model, has been used as a feature for discriminating speech and music in [29]

The posterior probabilities for a particular time represent a true pdf because of the mutually exclusive

nature of the phone labels. The entropy of that pdf is used as a measure for the goodness-of-fit to the

acoustic model of the current observations: A distribution in which there is a large probability for a

particular single label tends to have an entropy near to zero, whereas the situation in which roughly

equal probabilities are assigned to a number of labels will have a larger entropy.

Another posterior probably based feature has been explored in [29] called the average probability

dynamism. This feature was developed based on the motivation that as normal speech transits between

phones for every few tens of milliseconds, the estimated probabilities for speech segments which have

been well-modeled, change abruptly and frequently. The signals which do not belong to speech rarely

and gradually cross the phone boundaries. This results in the reduction of this feature value. It is
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defined as follows

1

N

∑
n

∑
k

(p(qnk )− p(qn−1
k ))2 (2.26)

The background-label energy ratio represents another posterior probably based feature and has

been explored in [29]. Initially, a wide range of signals is used for training the background label.

This label can catch all non-speech intervals, and it is mostly active for signals which do not belong

to speech. For a clean speech segment, the segments with background labels should have much less

energy compared to the other present segments (where speech has been identified). This causes the

ratio of the expected energy of segments with background labels to the expected energy of segments

with speech labels to be very small. The segments which are dominated by non-speech or speech

segments which are noisy in nature will assign a background label to the high-energy frames, thus

making the ratio equal to one or larger. It is defined as

∑
n p(q

n
sil).e

n/
∑

n p(q
n
sil)∑

n(1− p(qnsil)).en/
∑

n(1− p(qnsil))
(2.27)

Here, qsil represents the specific classifier label associated with inter-speech gaps present in the

training corpus, and en represents the energy of the original speech signal present in a window around

time step n.

The Phone distribution match also represents the class of posterior probability based features

which is based on the motivation that music segments are observed to be classified as a single phone

label (such as /n/). This distribution measure should be able to highlight wildly skewed instances

defined. It is defined as

(Sr − S̄)TC−1(Sr − S̄) (2.28)

Where Sr represents a vector of statistics computed for a total set of probability values for the

segment r, in this case, the standard deviation along time of each label’s probability, weighted to

discount background/silence states, e.g.

Sr(k) =

√∑
n(p(qnk )− p(qk))2(1− p(qnsil))∑

n(1− p(qnsil))
(2.29)

where p(qk) signifies the mean probability for label qk over a segment. For the whole set of labels
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excluding background/silence, the values are arranged into Sr = {Sr(k)} . The expected value of

this vector is denoted by S̄ and is based on a training set of known clean speech samples, and C

represents the covariance matrix of the training vectors, assumed to be diagonal for avoiding over-

fitting. It should be possible to capture these underlying patterns in S̄ to the extent that observed

speech segments are long enough to be phonetically balanced, and to detect the arbitrarily-different

behavior of non-speech segments.

2.3.4 Chroma Based Features

A feature has been used for music tonality based tasks like the chord or key identification. This

feature is called the pitch class profiles or chroma vectors and has been represented as a feature in order

to discriminate speech and music in [30]. The speech signal lacks musical scale. Further, the specific

keys and tonal structures following strict patterns in the spectral domain dominate the music signal.

This causes the feature to have a good discriminating ability. Pitch class profiles are based on the

principle of octave invariance. This principle states that the musical notes which are separated by a

doubling of frequency have no functional difference. Same characteristics are observed between a chord

present in one octave and the same chord in another octave. This principle is utilized by the pitch

class profiles to reduce the spectrum X(f) by adding frequencies which are separated exponentially

into the same bin, thereby causing folding of octaves of the spectrogram into the same range.

c(k) =
R−1∑
r=0

|X(2
k+rK
K fmin)| (2.30)

where the kth chroma bin is calculated. K represents the total number of bins present in the

chroma vector, R denotes the number of octaves and fmin indicates the lowest frequency in the

summation process. The chroma feature captures chord and key information which varies between

music segments, and this feature alone may not be effective for speech/music classification. For this

purpose, the peakiness measure in the chroma vector was proposed in [30].

Musical tones are concentrated around certain frequencies more often than others. The music

theory of the particular culture or music style determines the commonality of these frequencies and

their relationships. However, most kinds of music have a specific set of rules regarding notes and note

relationships. Speech, however, is far less strictly regulated in terms of the use of the pitch. These

differences tend to allow music to have stronger and more separated peaks in their chroma vectors,
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while the chroma vectors of speech become smoother with energy mostly concentrated around the

bins which correspond to the fundamental frequencies and formant structure of speech. As a result,

musical chroma vectors are expected to be more peaked as a function of k as compared to speech

chroma vectors. Two metrics are used for this characteristic. First, the energy after differentiation of

a normalized chroma vector is computed as follows.

CD =
K−1∑
k=0

|c(k)− c(mod(k + 1,K))|2 (2.31)

where CD denotes the chroma difference. Note that c is the chroma vector and the differentiation

is calculated circularly since the musical tones represented by the chroma vector are related circularly.

Another feature which is the second one, is obtained by adding the high-frequency energy in the

normalized DFT spectrum.

CHF =

lmax∑
l=lmin

|F{c(k)}(l)|2 (2.32)

where CHF denotes the chroma high frequency, F{.} represents the discrete fourier transform

(DFT) and the feature is the total energy in the DFT spectral range [lmin, lmax].

2.4 Features for Clean Speech/Speech with Background Music Clas-
sification

The clean speech/speech with background music classification task appears in the context of some

audio classification task. The features used for this audio based classification may have similar charac-

teristics with the temporal and spectral based features defined for speech/music classification earlier.

Some of the other explored features for clean speech/speech with background music classification in

the context of audio classification are as follows.

2.4.1 Spectral Peak Track

The characteristics of the type of sound can be revealed by the peak tracks [31] which are present in

the audio signal spectrogram. For example, the spectral peak tracks stay at a same level of frequency

and remain for quite some time in the case of musical instrument sounds. The peak tracks for sounds

emerging from human voices are harmonic in nature and mostly align in the shape of a comb. The song

segments have spectral peak tracks which vary over a fundamental frequency range from 87 Hz to 784

Hz. Songs have relatively long and stable tracks because the voice remains at a particular note over a
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time period and often appears in the form of ripples due to the vocal chord vibration. Speech segments

have spectral peak tracks which lie around the lower frequency regions. The spectral tracks are also

much closer to each other in speech since the range of the fundamental frequency of speech is from 100

to 300 Hz. The length of spectral tracks for speech segments also tend to be shorter because of the

intermissions present between voiced syllables, and the fluctuation may be slow because of the pitch

change during the syllable pronunciation of various types. Separation of non-silence audio segments

into two categories is done first, which are with or without music components. This separation is done

by detecting frequency peaks from the power spectrum which have a continuous and stable nature.

AR model parameters of order 40 are used for generating the power spectrum. The calculation is done

once every 400 input samples. The signal frame for computing the spectrum has a size of 512 samples.

For a certain time period, if the peaks detected in consecutive power spectra stay at the same level

of frequency, this particular period of time is normally indexed as having music related components.

The speech harmonic peaks or the noise having low frequency is avoided by considering only the

spectral peaks above 500 Hz. Most of the music components lie in this range. Signal frames which fall

below a certain defined energy level are also discarded. For each segment of sound, an index sequence

is generated where the index value is given a value of 1 if the sound is detected as having components

related to music at that particular instant and to 0, otherwise. A measure called Zero Ratio is defined

which is the ratio between the number of zeros in an index sequence and the total number of indices in

the sequence. This is used as a measurement to indicate whether the sound segment has components

pertaining to music or not. If there are lesser music components present in the sound, the ratio goes

higher. The zero ratios of different types of audio are examined. It is observed in [31] that for the

speech with background music if the speech signal present is strong, the music in the background is

mostly hidden and cannot be detected. However, during the intermission periods of speech or if music

signal gets stronger, the music components can be detected.

2.5 Methods for Enhancement

Several enhancement methods have been applied in the context of the presence of background

noise as a degradation. Even though there are other kinds of degradation present, in most cases the

background noise is a major form of degradation. Also, the methods for enhancing the other kinds

of degradation other than background noise have almost a similar general approach. The methods of
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speech enhancement in the context of background noise will be reviewed here and the possibility of

their robustness for the presence of music in the background will be examined.

The methods generally assume the additive nature of the background noise. Consider a signal s(n)

degraded by background noise d(n) which is additive in nature. The speech which is degraded can be

represented by

x(n) = s(n) + d(n) (2.33)

and in the spectral domain we have,

X(k) = S(k) +D(k) (2.34)

where k represents the frequency index, X(k) denotes the average magnitude DFT spectrum of the

degraded speech and S(k) is the average magnitude DFT spectrum of the desired speech. D(k) is the

average magnitude spectrum of the degradation present. The speech enhancement method estimates

s(n) which approximates the desired speech s(n). In essence, the method of enhancement aims for

the minimization of the error represented by

e(n) = s(n)− s(n) (2.35)

where e(n) denotes the error introduced between the desired speech s(n) and the speech estimated,

s(n).

The speech enhancement gives advantages like smooth communication between humans [32] due

to the benefits obtained like better speech quality and intelligibility. In addition, these benefits may

help in speech application tasks like speech and speaker recognition [33]. The speech enhancement

methods are generally categorized into spectral and temporal enhancement methods.

2.5.1 Spectral Based Methods

The spectral based methods represent the simplest methods of enhancement and are also found

to be very effective. The spectral processing methods rely on the fact that the perception of human

speech is insensitive to short-time phase [34, 35]. These methods can be categorized into different

kinds. The first kind involves magnitude spectral estimation of the degradation and this is subtracted

from the magnitude spectrum of the degraded speech on a frame by frame basis to obtain the spectrum
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of desired speech. This is called the spectral subtraction. The second method is based on a wavelet

denoising method. The first two methods are also known as the non-parametric methods. The third

method is based on the minimum mean square estimator (MMSE) which is a statistically based method

and relies on the parametric model of the signal generation process.

2.5.1.1 Spectral Subtraction

The background noise reduction can be performed by spectral subtraction. This method has

been explored much earlier in the past and is still followed in recent works as a comparison due to

the simplicity of the method and also because of the relative ease at which the algorithm can be

implemented. Spectral subtraction can be done by first estimating the magnitude spectrum of the

degradation and then this is subtracted from the magnitude spectrum of the degraded speech on a

frame by frame basis, to obtain the spectrum of the enhanced speech [15]. The magnitude spectrum of

the degradation is normally computed during the speech pauses to improve the degradation modeling.

Mathematically, this is represented as follows [15]:

|S(k)| = |X(k)| − |D(k)| (2.36)

where S(k) is the average magnitude spectrum of the estimated clean speech, X(k) is the average

magnitude spectrum of speech which has been degraded and D(k) is the average magnitude spectrum

of the degradation.

Generally, the errors are introduced while estimating the spectrum of the degradation and these

errors may introduce negative values for the enhanced spectrum in Equation 2.36. To obtain a non-

negative magnitude spectrum, half wave rectification of the values can be performed and this process

introduces peaks in the spectrum which are small and isolated and which occur at random frequency

locations in each frame. On converting to the temporal domain, these peaks are perceived as tones

with frequencies that change randomly from frame to frame. The tones are referred to as musical

noise [35–37] and this can be annoying to the listeners. There have been several methods attempted

in the literature to reduce the musical noise [37–40].

In [15], the reduction of musical noise was attempted by methods such as magnitude averaging,

residual noise reduction and additional signal attenuation during non-speech activity. In [36], a method

for musical noise reduction was proposed in which the noise spectrum is overestimated and a preset

threshold value is used to avoid the resultant spectral components from going below that value.
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Mathematically this is presented as [36]:

|S(k)| =


|X(k)| − α|D(k)|, |X(k)| − α|D(k)| > β|D(k)|

β|D(k)|, otherwise

(2.37)

where α denotes the over-subtraction factor. This factor is a function of the noisy Signal to Noise

Ratio (SNR) and calculated as

α = α0 −
3

20
SNR, −5dB ≤ SNR ≤ 20

where α0 is the value of α at 0dB SNR. The value of α has to be chosen in such a way that the

musical noise and signal distortion are reduced and the β value indicates the spectral floor which floors

the values of the spectral components of the enhanced speech which fall below a preset lower value.

A method of spectral subtraction based on adapting the subtraction factor depending on the

frequency is proposed in [38, 41]. The speech signal may not be affected by noise uniformly over the

entire spectrum. Some frequency components may be affected more than the others. This motivated

the proposal of the non-linear spectral subtraction (NSS) method which is based on the linear spectral

subtraction method proposed in [36]. The NSS method comprises of varying the over-subtraction

factor depending on the frequency in every frame of speech. Larger values of the over-subtraction

factor are used to attenuate frequencies with low SNR and smaller values are used to attenuate the

frequencies with high SNR.

In [38], a multi-band spectral subtraction method was proposed which is based on the concept

of the non-linear spectral subtraction above. This multi-band approach involves dividing the signal

into a set of non-overlapping bands. An independent over-subtraction factor calculated from the

corresponding signal sub-band is then applied over each band. The above methods do not work well

when the SNR is low. The reason being that it is difficult to suppress the noise without degrading the

intelligibility and also without introducing other distortions and residual noises.

Perceptually based approaches were proposed in [42, 43], where the masking properties of the

auditory system [42,43] were exploited to mask the noise instead of eliminating the musical noise and

introducing distortion. The masking effect gives the stronger signal the ability to make the weaker

signal (which occurs at the same time) inaudible. If the noise is weaker compared to speech then

the noise is masked by the speech signal based on the masking properties [42]. Hence lesser noise
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subtraction can be performed which avoids distortion. The algorithms proposed in [42,43] attempt to

attenuate the noise below the audible threshold, instead of removing all the noise components from the

signal. In [43], the over-subtraction factor α and noise floor parameter β are controlled depending on

the audible threshold. The parameters α and β, are dependent on the frequency components, denoted

as α(ω) and β(ω) which is similar to the non-linear spectral subtraction method [41]. The parameters

are related to the audible threshold as follows

αm(ω) = Fα[αmin, αmax, T (ω)] (2.38)

βm(ω) = Fβ[βmin, βmax, T (ω)] (2.39)

where m represents the frame index, T (ω) is the threshold based on noise masking and is obtained

by modeling the human ear’s frequency selectivity and its masking property. αmin, βmin, and αmax,

βmax represent the minimum and maximum values of over subtraction and spectral flooring, Fα and

Fβ represent the functions leading to a maximum residual noise reduction

Although these methods are able to reduce the musical noise, the main disadvantage is the com-

plexity and heavy computational requirements associated with psychoacoustic modeling.

2.5.1.2 MMSE Estimator

There is no statistical property assumption of either the noise or the speech spectral components

in the spectral subtraction method of speech enhancement. There are some methods which incorpo-

rate the use of the probability distributions and these have been explored in [44,45]. The speech and

noise spectral components are observed to be statistically independent zero mean Gaussian random

variables in [44]. From the noisy signal, the clean speech is estimated, and this is mapped perceptually

to the original clean speech by using the minimum mean square error (MMSE). The short-time spec-

tral amplitude (STSA) was used for enhancement. The MMSE-STSA estimator is mathematically

represented as,

M̂ = E{(Ak − Âk)2} (2.40)

where M̂ denotes the MMSE-STSA estimator, Ak represents the STSA of the clean speech signal,

and Âk denotes the STSA of speech signal estimated from the noisy signal.
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The mean square error between the short time magnitude of the clean and enhanced speech signal

is generally minimized in the method of MMSE-STSA estimator. A good level of enhancement with

reduced musical noise is obtained with a certain optimality criterion, which is based in terms of the

mean square sense and without considering the non-linear characteristics of human audible perception.

Another method called the MMSE log-spectral amplitude (MMSE-LSA) that considers the non-linear

nature of human perception is proposed in [45]. This method computes the logarithm of the short

time DFT spectral amplitude of clean and estimated speech and minimizes the mean square error

between the two. This MMSE-LSA method is given as,

L̂ = E{(logAk − logÂk)2} (2.41)

where L̂ denotes the MMSE-LSA estimator, logAk represents the logarithmic STSA of the clean

speech signal, and logÂk is the STSA of speech signal estimated from the noisy signal. MMSE-LSA

showed a better reduction of musical noise than MMSE-STSA. However, very little improvement is

achieved in the speech quality for the MMSE-LSA compared to the MMSE-STSA.

Generally, discrete cosine transform (DCT) is known to have a better energy compaction property

compared to the discrete Fourier transform (DFT). This property of DCT is utilized to get better

results for the MMSE estimator in [46]. In MMSE-STSA estimator both the real and imaginary parts

of the DFT coefficients are assumed to have Gaussian probability distribution function. However, this

assumption is valid mostly for the speech frame of longer duration. Since the frame size taken for the

analysis is around 20-30 ms, the assumption of Gaussian distribution may be valid only for the noise

components of the signal but not for the speech components. Hence different probability distributions

are used to model the real and imaginary parts of the DFT coefficients, and particularly Gamma and

Laplacian distributions have been used in [47,48].

Another method called the ideal binary masking (IDBM) technique was proposed, which utilizes

a priori SNR measurements to obtain clean speech from the noisy speech signal. A time-frequency

transformation is applied along with the binary masking which is based on a priori SNR and the

time-frequency analysis is performed by using DFT or gamma-tone filter bank analysis which is a

frame based approach [49]. The noise components and speech components are suppressed by different

gain values. This method seems to perform well. However, we know that in natural recording, a priori

SNR is not available and the binary masking will have to be calculated on the basis of a posteriori
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SNR. This error in estimating SNR causes the quality of the IDBM method to degrade and gives poor

enhancement quality. A continuous gain function was proposed in [49], which is found to be superior

compared to the binary masking function.

A DNN based method was employed in [50] which is a supervised approach for speech enhancement.

A mapping function is obtained between the clean speech and the estimated one using deep neural

networks (DNN). A simulated version of the database is created to incorporate all combinations of

speech and noise signal. This database can be created by adding noise of different types and of different

levels to speech. However, the problem is these methods degrade when the noise is of unseen type.

A global variance equalization has been used to overcome such problems. These supervised methods

show good performance compared to the MMSE approaches. The degradation in the performance can

be seen when there is large deviation of the noise characteristics. The supervised methods also have

a disadvantage that training data is required and they are computationally more intensive.

Although the performance of the MMSE and the MMSE-LSA methods are inferior compared to

several methods, these approaches are found to be the most popular methods. The MMSE method

has been used in hearing-aid applications [51]. These methods are also used as the state-of-the-art

techniques so that the newly proposed methods can be compared to these techniques in terms of the

performance.

2.5.1.3 Wavelet Denoising

Most of the speech enhancement algorithms which work in the spectral domain are analyzed using

the short-time Fourier transform (STFT). The STFT presents a compromise between the time and

frequency resolution, but the time resolution is fixed for all frequency components once the frame

length is chosen. There are enhancement algorithms based on the wavelet transform which gives

a flexible time-frequency representation of speech [52]. Wavelet shrinkage [53] is a simple denoising

method which uses thresholds to define a limit between the target signal and noise wavelet coefficients.

However, simple thresholding may not give a good separation of the components of the target signal

from the noise, which means that uniform thresholding to all wavelet coefficients will not only suppress

the additional noise but also some speech components, in particular, the unvoiced segments, since the

energies of the unvoiced segments are comparable to that of noise [52]. Hence the quality of the

filtered speech is affected. Other methods like combining wavelet transform with signal processing

tools consisting of Wiener filtering in the wavelet domain and wavelet filter bank have been proposed
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in [54]. Perceptually motivated wavelet decompositions have also been attempted in [55].

2.5.2 Subspace Approaches for Enhancement

The speech and noise for the case of noisy speech can be separated by using a method of subspace

filtering. The speech and noise components are divided into subspaces having a mutually orthogonal

nature and it is assumed that the speech and noise can be represented in terms of a low-rank linear

model. The correlation assumption is given for speech while the noise is assumed to be uncorrelated

[56]. The enhancement is performed by removing the subspace of the noise and reconstructing the

signal back into the subspace of speech. The decomposition of the noisy signal can be performed by

either Singular Value Decomposition (SVD) [57] or Karhuen-Loeve Transform (KLT) [58].

The signal and noise subspaces are represented in terms of the eigenvectors and the corresponding

eigenvalues in the SVD approach. They are assumed to be separable in the eigensubspaces and the

reconstructed signal using the dominant eigenvectors and the eigenvalues result in the clean speech

signal. There is also a quotient SVD method which has been proposed in [59]. In KLT method,

the noisy signal is separated into the speech and noise subspaces and a gain function derived aids

in differentiating the speech and noise components. The KLT is inversed using the modified KLT

coefficients by the gain function. This helps to enhance the speech signal. Since the noise is assumed

to be stationary in such approaches, the performance for the degradations which are non-stationary

is poor. Also, the computational requirements are high in these subspace based approaches.

2.5.3 Temporal Based Methods

The previous methods of speech enhancement which are also mentioned earlier, mostly involve

modeling the background noise present in the degraded speech signal and subsequently, the noise is

eliminated from the signal based on the model. These kind of approaches are simple and seem to be

very effective. However, there are certain drawbacks for these kinds of methods. For example, if the

type of noise is unknown then modeling such noise becomes a very tedious task. Also, there are many

kinds of noises which are produced by different types of sources and the sources are plenty which means

that modeling all these noise sources is also very difficult and cumbersome. The are also cases where

the noise present in the signal may be non-stationary and modeling non-stationary noises is also a very

difficult task. Some non-stationary noises include background speakers and the use of conventional

approaches may fail under these conditions. Hence an alternative approach is necessary to take care
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of these scenarios and the approach which is based on directly exploiting the desired speech signal

characteristics can be explored. Some evidence has been shown that humans generally perceive the

information from the noisy speech by focusing on the high SNR regions and then extrapolating to the

low SNR regions in order to fill the gaps which are created by the interfering noise [60]. This evidence

led to the exploration of some work like the one in [16], which effectively uses the high SNR regions to

enhance the speech signal. The high SNR regions in terms of the excitation source are mostly exploited

to enhance the degraded speech. The Linear Prediction (LP) residual represents the excitation source

information. The LP residual is modified and then used to excite the time-varying all pole filter in

order to obtain the enhanced speech. The reason for using the LP residual is due to the fact that

it has a random polarity and also exhibits noise-like characteristics. This nature of the LP residual

makes it possible to modify the residual by enhancing the instants of significant excitation relative to

the other regions present and thereby causing the interfering noise to be reduced. The advantage of

using this method is that it causes minimum distortion as compared to the earlier mentioned methods

like spectral subtraction and MMSE based approaches. The Frobenius norm of the Toeplitz matrix

computed from 2 ms frame size of LP residual is used in order to exaggerate instants of significant

excitation. There have also been similar approaches that use a different weighting scheme for the LP

residual based on a constrained optimization criteria [61].

The concept of LP residual modification has been extended to the case of noisy and reverberant

speech enhancement for multiple microphone recordings [62]. In this method, the time delay between

the recordings of two microphone is generally computed by the cross-correlation of two residual signals.

In order to enhance the significant excitation instants, the Hilbert Envelope (HE) of LP residual

is first computed and this is used as a weighting function for modifying the LP residual. All the

enhanced LP residual signals are added together synchronously to synthesize the enhanced speech

using multiple microphone recordings. The main idea is based on the fact that the noise and the

reverberant components of the recordings of the multiple microphones are added incoherently, while

the speech components are added coherently. The addition of the speech components coherently

by compensating for the delay helps to exaggerate the high SNR regions and thereby aiding in the

enhancement of the speech signal.

The combined temporal and spectral processing method for speech enhancement has been proposed

in [17]. This method also employs the idea of modifying the LP residual for the temporal case. The
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glottal closure instant (GCI) locations or the instants of significant excitation are obtained using the

Hilbert envelope of LP residual and these locations are further boosted in LP residual relative to

other present regions. The modified LP residual is then used to excite an all-pole filter to obtain

the enhanced speech. Next spectral subtraction is performed on the temporally enhanced speech in

order to obtain a better-enhanced speech. The combined temporal and spectral techniques present

advantages like better quality and absence of musical noise for the enhanced speech.

2.6 Speech Recognition for Broadcast Audio

Continuous Hidden Markov Models (HMMs) with gaussian mixture models (GMM) are generally

used for speech recognition of broadcast audio where 39 dimensional Mel Frequency Cepstral Coef-

ficients (MFCC) are used as the feature vectors [4, 8, 10]. In [8] the acoustic models for American

English were trained on 150 hours of broadcast news data which has been distributed by LDC. A

subset 10 hours from the 600 hours of unpartitioned, unrestricted American English broadcast data

was randomly selected and used for testing the models. Similarly in [6] a Continuous HMM is used

for modeling the phonemes with the GMM for acoustic modeling but a 45-dimensional feature vector

is used wherein the features are extracted from overlapping frames of audio data. A window of 29 ms

is used with a frame rate of 100 frames/sec. A Hamming window is used for framing the segments.

A 36-pole Linear Prediction Coding (LPC) smoothed power spectrum is computed for a particular

frequency band. The 14 mel-warped cepstral coefficients are computed from this. For each segment of

speech, the mean cepstrum and peak energy are removed non-causally from the appropriate sub-vector

thus removing any long term bias due to the channel. The feature vectors are scaled and translated so

that for each speaker turn, the data has zero mean and unit variance. The cepstral features are taken

along with the first and second derivatives and the energy to form the 45-dimensional feature vector.

Multilayer Perceptron (MLP) Based features have been explored in [63]. The features consisting of

Perceptual Linear Prediction (PLP) features are fed as input to the MLP. Temporal context infor-

mation is also incorporated for the PLP features which means a high dimensional feature is given as

input to the MLP. Next, the PCA transformation is performed on the MLP output and this is given

as input to the HMM for training and testing the speech recognizer.
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2.7 Discussion and Direction for the Work

Most of the speech/music classification task in the literature rely on the use of general temporal

and spectral based features. Some may describe these features as being general audio features. Speech

is produced by exciting a time varying vocal tract system by a time varying excitation source. The

mechanism of producing speech remains same across different speakers. Additionally, there have been

a lot of work which has studied the production and perception aspects of speech production. The

music especially the instrumental ones are produced in a different manner and the sources of music

can be of many types. Defining features in terms of music may be difficult although an attempt has

been made in terms of the chroma based features but then again in terms of production, the features

for music cannot be clearly defined. On the other hand defining features in terms of the source, vocal

tract system and suprasegmental characteristics of speech may be a better option since a lot of work for

speech has been studied in terms of these characteristics. These speech-specific features may perform

well for speech but their behavior for the music regions may deviate from their normal characteristics.

This deviation in the music regions may provide some sort of discrimination for speech and music

regions. The discussion about speech/music classification is further detailed in Chapter 3.

The clean speech/speech with background music classification task is also performed using the

general audio features in the previous literature. For the speech with background music regions, in

most cases, the music is added after the speech has been produced. The fact that it is possible

to perceive speech even in the presence of background music shows that the source and vocal tract

characteristics are intact. However, the overall signal characteristics of that speech with background

music segment may be affected and cause their nature to be different compared to their nature in clean

speech. The difference in nature is mostly due to the presence of music. By deriving features based

on the source and vocal tract characteristics, some kind of discriminative information for the clean

speech and speech with background music may be achieved. Even though the feature may capture the

source and vocal tract characteristics of the speech and speech with background music segments, the

presence of music in the latter may cause deviation in the value of these features and this deviation is

mostly due to the effect of the music in the signal. This deviation provides a sense of discrimination

for the clean speech and speech with background music segments, thereby allowing for an effective

classification of the two classes. Chapter 4 discusses the clean speech/speech with background music

classification in more detail.
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The speech enhancement in the previous literature relied on the use of background noise modeling.

Such methods are feasible when the type of noise is known and also if the noise is stationary. Similarly,

other approaches like temporal based approach are explored which exploit the speech characteristics

directly without considering the noise present. The combined temporal and spectral based approaches

showed good enhancement performances for the background noise cases. The combined temporal

and spectral processing based methods can also be attempted when the background present is music

since it was shown in the literature that the combined temporal and spectral based methods do not

take into account the background noise types. The speech-specific features in terms of the source,

system, and suprasegmental characteristics can be used for deriving the gross and the fine weight

functions to enhance the speech with background music segments. In most of the previous works on

speech recognition of broadcast audio, the GMM-HMM system has been used. Other explorations

such as the ANN-HMM or the DNN-HMM systems can be explored for the modeling purpose. Recent

methods consisting of the SGMM-HMM system can also be explored. The issues on enhancement and

recognition of speech with background music are discussed in Chapter 5.

Chapter 6 discusses the overall phone recognition of broadcast audio by combining the methods

developed in Chapter 3, 4 and 5. The given anchor speaker audio signal containing clean speech, speech

with background music and music is passed through the preprocessing steps and finally, the segmented

and enhanced portions are passed through a phone recognizer. The impact of the preprocessing

techniques will be discussed in detail in that Chapter.
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3.1 Introduction

Objective

This work proposes the use of speech-specific features for speech / music classification. Features

representing the excitation source, vocal tract system and syllabic rate of speech are explored. The

normalized autocorrelation peak strength of zero frequency filtered signal and the peak-to-sidelobe ratio

of the Hilbert envelope of linear prediction residual are the two source features. The log mel energy

feature represents the vocal tract information. The modulation spectrum represents the slowly-varying

temporal envelope corresponding to the speech syllabic rate. The novelty of the present work is in

analyzing the behavior of these features for the discrimination of speech and music regions. These

features are non-linearly mapped and combined to perform the classification task using a threshold-

based approach. Further, the performance of speech-specific features is evaluated using classifiers such

as Gaussian mixture models, and support vector machines. It is observed that the performance of

the speech-specific features is better compared to existing features. Additional improvement for speech

/ music classification is achieved when speech-specific features are combined with the existing ones,

indicating the different aspect of information exploited by the former.

3.1 Introduction

Audio data obtained from the broadcast news channels generally consists of complex scenarios.

Some of these include speech recorded in studio which is of good quality, speech recorded in the field

which is mostly in outdoor environments and may contain background noise, speech with background

music, vocal and non-vocal music. Hence processing audio data for different multimedia applications

is a challenging task. Among different issues, the fundamental one to pursue is speech / music

classification, needed for separation of speech and music regions for further processing. The current

work explores the task of speech versus music classification.

The speech / music classification task has been explored in several ways in literature using different

features and classifiers [11–14,27,29,64,65]. This work proposes to explore the speech-specific features

for speech / music classification motivated from the use of music-specific features explored in [30].

There are several reasons for looking at this task from the speech-specific point of view. The music

signal cannot be generalized so easily due to the presence of different types of music sources. Hence

selecting robust features relating to music is a difficult task. Speech is produced by humans and
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extensive work has been done to study the speech production and perception systems in terms of the

excitation source, vocal tract system, and the dynamics associated with them. The gross mechanism for

producing speech remains the same across the human race. In order to produce a particular sound unit,

the shape of the vocal tract (lowering jaw) and glottal vibration as excitation source remains mostly

the same for a particular speaker. Even though there are other factors like fundamental frequency,

pronunciation and speaker’s individual anatomy that influence the production of a particular sound

unit across different speakers, the major factors involved in the production are the shape of the vocal

tract and the nature of the excitation source. Hence, exploring the behavior of speech-specific features

which exploit the characteristics of the excitation source, vocal tract system, and syllabic rate of the

speech signal may be a better option for speech / music classification. The behavior of these speech

characteristics in music segments is expected to be different compared to the speech segments.

The quasi-periodic and impulsive nature of the glottal vibration (a major excitation source in

speech production) is unique to speech production. The normalized autocorrelation peak strength

(NAPS) [66,67] of the zero frequency filtered signal (ZFFS) represents the quasi-periodic nature of the

excitation source information of speech. The peak-to-sidelobe ratio (PSR) [68] of the Hilbert envelope

(HE) of linear prediction (LP) residual feature represents the impulsive nature of the excitation source

information. The majority of energy in case of speech is in the vowel-like sounds and concentrated in

the low frequency region of the audio spectrum. The log mel energy feature can be used to exploit

this property, and hence to represent the vocal tract information. Due to the physical limitation

of the speech production system, the number of sound units that can be generated per unit time is

also limited. The rate of speech production can be measured using the modulation spectrum. This

feature, which has already been exploited in [12], represents the changes in the slowly varying temporal

envelope corresponding to the speech syllabic rate [69]. These speech-specific features are different

and carry independent evidence for speech / music classification.

The main idea of the work is the use of speech-specific features for the speech / music classification

task. The NAPS of ZFFS has been explored for the task of foreground speech segmentation in [66],

where the periodicity of the ZFFS for foreground speech is higher compared to the background speech

and noise. The NAPS was used to measure the periodicity. The ZFFS was extracted based on the

average pitch period of speech [19]. The pitch period of speech is lower than the pitch period of music

and a study related to finding the pitch period of speech and music can be found in [70], which is an
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autocorrelation based method. This method has no upper frequency limit search range and hence it is

possible to use this algorithm to find the pitch period of music. Extracting ZFFS of music according

to the method in [19] will be interesting considering the higher pitch of music and the nature of the

ZFFS of music may be different compared to speech as seen in the case of background speech and

noise in [66]. This difference may be exploited for classifying speech from music signals.

The PSR of HE of LP residual has been explored in the case of processing degraded speech [71],

where the spurious instants of significant excitation detected from small random peaks in the Hilbert

envelope are eliminated using this measure. It is also used as a quantity to compare the cross-

correlation function of different methods in [68]. There is impulse-like excitation for speech signals,

but such an excitation is completely different for the music signal. The HE of LP residual of speech

has been used to find the impulse-like excitation in the speech in earlier works. However, since the

nature of excitation in music may be different, it will be interesting to study the behavior of this

feature in music. Hence this feature is explored for the speech / music classification task. The best

way to measure the differences of the HE of LP residual in speech and music is in terms of the PSR

which is found to act as an effective measure for different tasks explored in [68,71].

There is an alternating nature of vowel and non-vowel regions in speech and this kind of nature

may not be present in the music. In [72], the gross vocal tract information was represented in terms

of the sum of ten largest peaks of the DFT spectrum for the task of vowel onset point detection. The

log mel energy can be considered to be an extension of this feature. However, for the log mel energy

feature, the source information is smoothed out by passing the DFT spectrum through the mel filter

banks. The difference of the vowel nature in speech and music regions can be captured in terms of the

log mel spectrum energy, which represents the vocal tract system information for the speech / music

classification task.

Except for modulation spectrum, to the best of our knowledge, the other features have not been

explored in speech / music classification task. In particular, their behavior in music needs to be

studied. Since these features are speech-specific, their behavior in the music regions may deviate from

speech regions. This gives a kind of discrimination between the speech and music regions. Accordingly,

the novelty of the work may be summarized as follows:

• The overall concept of using the speech-specific features for speech / music classification. These

features may have been explored in earlier literature in the context of speech. The behavior of
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these features in music is analyzed in this work. Their ability to discriminate speech from music

is examined, so as to achieve an effective speech / music classification system.

The significance of the proposed speech-specific features may be explained as follows: For instance,

the NAPS feature is estimated (to be described later) using a priori knowledge of human pitch range.

As a result, the NAPS will be able to localize speech regions better compared to music regions. This

may result in a distinct behavior of NAPS for speech and music regions. Alternatively, existing features

for speech / music classification like zero crossing rate banks on the generic characteristics of the audio

signal in the time domain, and not on any specific properties of speech production and perception.

Thus NAPS may be more effective compared to zero crossing rate. These reasons motivate us to

explore the speech-specific features for speech / music classification.

Considering the complexity of the audio data in broadcast news, and since the task involves only a

two-class classification, certain regions in the audio signal are defined as to be either speech or music.

This task involves obtaining the speech regions as much as possible and hence speech in all kinds of

scenarios (indoor, outdoor and with music background) belongs to the speech class. The music class

contains either vocal or non-vocal music, where a majority of the broadcast news music segments

considered consists of non-vocal or instrumental music. The speech with background music refers to

news headlines and advertisements, and the vocal music category includes songs and advertisements

having the singing voice. Although, there are different scenarios within the speech or music class,

the focus of this work is mainly on classifying audio1 into speech and non-vocal music segments. The

music segments which contain singing mixed in with musical instruments are also considered. The

music segments which do not involve musical instruments but contain only singing are not considered

in this work.

Initially, the classification task is performed using a threshold based approach and non-linear

mapping on the proposed speech-specific features. The classifiers such as Gaussian mixture models

(GMMs) and support vector machines (SVMs) are then considered with the speech-specific features

given as the input. Existing features like zero crossing rate (ZCR), spectral roll-off, spectral flux,

spectral centroid and percentage of low energy frames which are popularly used in the literature have

also been considered for the classification. The speech-specific features are then concatenated along

with the existing features and the effect of this combination on the classification task is studied. The

1http://www.iitg.ernet.in/cseweb/tts/tts/Assamese/speech_music.php
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rest of the work is organized as follows: The description of the speech-specific features and their

significance are given in Section 3.2. Speech / music classification using the speech-specific features is

described in Section 3.3. Section 3.4 describes the results and discussions. Finally the conclusion of

the work is given in Section 3.5.

3.2 Speech-Specific Features for Speech/Music Classification

This work focuses on the use of speech-specific features which will be described in a detailed manner.

The other existing features consisting of spectral flux, spectral centroid, spectral roll-off [14], zero

crossing rate (ZCR) [13], and percentage of low energy frames [12] have been used extensively for

the speech / music classification task. Therefore they will not be described in detail here due to their

availability in the literature.

3.2.1 Speech-Specific Excitation Source Features

The quasi-periodic and the impulsive nature of the excitation source of speech are exploited for

deriving features which are described below.

3.2.1.1 Normalized Autocorrelation Peak Strength

The ZFFS gives information about the epoch locations in the speech signal [19]. The speech signal

is passed through a resonator located at the zero frequency which preserves signal energy around zero

frequency and significantly attenuates all other information, mainly due to the vocal tract resonances.

The trend in the output of zero frequency resonator is removed further by considering a window of

length one or two pitch periods. The trend removed signal is termed as the ZFFS [19]. The positive

zero crossings of ZFFS are demonstrated to give the location of epochs. The ZFFS is obtained as

follows [19]:

• Difference the speech signal s[n]

x[n] = s[n]− s[n− 1] (3.1)

• The differenced speech signal x[n] is passed through a cascade of two ideal zero frequency (digital)

resonators, i.e,

y[n] = −
4∑

k=1

aky[n− k] + x[n] (3.2)

where a1 = -4, a2 = 6, a3 = -4, a4= 1
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Figure 3.1: (a) Speech signal, (b) ZFFS of speech, (c) Music signal, and (d) ZFFS of music.

• Remove the trend i.e.,

y1[n] = y[n]− 1

2N + 1

N∑
k=−N

y[n− k] (3.3)

ŷ[n] = y1[n]− 1

2N + 1

N∑
k=−N

y1[n− k] (3.4)

where 2N + 1 corresponds to the average pitch period over a longer segment of speech

• The trend removed signal ŷ(n) is termed as ZFFS.

In this work, the above method is applied to obtain the ZFFS of the audio signal. Figure 3.1

displays the ZFFS plots for speech and music. It may be noted that the nature of the ZFFS for

speech and music is different. The periodic nature of the ZFFS is more evident in speech compared to

music and is unique for speech. The short term autocorrelation analysis is performed to exploit the

differences in the periodic nature of the ZFFS of speech and music. The ZFFS is processed in blocks of

30 ms with 1 ms frame shift. The value of the first peak (after the central peak) in the autocorrelation

sequence is an indication of the level of correlation in the frame. The central peak is the peak of the

autocorrelation sequence at the origin and is indicated by the arrows in Figure 3.2. The value of the

first peak is normalized with the central peak resulting in normalized autocorrelation peak strength

(NAPS) feature. The marked rectangles in Figure 3.1 represent the region over which the NAPS is

computed. It may be noted from Figure 3.2 (a) and (b) that the NAPS of ZFFS of speech and music
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Figure 3.2: Normalized autocorrelation plot for a selected portion of ZFFS of (a) speech and (b) music,
respectively. The selected regions are shown in Figure 3.1.

is 0.74 and 0.49, respectively.

The NAPS is higher for speech compared to music reflecting better the periodic nature of the ZFFS

of speech compared to music. The presence of glottal activity in the speech regions gives a nearly

periodic nature of the ZFFS and this type of periodic nature may not be present in music regions due

to the different glottal activity like action in music compared to speech. This feature was developed as

a speech-specific feature, not taking into account the other signals like music. Hence the behavior of

this feature in music may be different compared to its behavior in speech as is evident in Figure 3.1.

The reason for the difference is due to the pitch. The extraction of ZFFS may be viewed as a

low pass filtering process (DC resonator) followed by a high pass filtering process (trend removal) to

form a band pass filter. The center of the band pass filter depends on the average pitch period. The

average pitch period considered is around the typical range for speech. Since the bandpass filter is a

function of the pitch period of speech, it will result in an extraction of a periodic signal corresponding

to the pitch period of speech. In the case of music, the band pass filter will emphasize a portion of

the spectral energy around the pitch of speech. This spectral portion does not carry any information

relating to the pitch of music since the pitch of music is higher than that of speech in most cases.

There may be cases of down-tuned instruments used in modern rock music, where the pitch of music

may be lower than that of speech, but such cases are very few in our considered database. The spectral
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energy of music emphasized by the band pass filter has a different nature from the spectral energy of

speech emphasized by that same filter. This results in a lesser periodic nature of the ZFFS for music

compared to speech. Figure 3.6 (b) shows the NAPS of ZFFS of the audio signal sample, Figure 3.6

(a), taken from the Indian broadcast news where the first 5 s of the audio signal corresponds to

speech while the next 5 s corresponds to music. It can be seen that the NAPS of ZFFS gives larger

values in the speech regions compared to the music regions. Thus NAPS may be used as a feature to

discriminate between speech and music regions.

3.2.1.2 Peak-to-Sidelobe Ratio

The LP analysis is a method of extracting the vocal tract and excitation source information in

speech [73]. The effect of this analysis on the audio signal is studied in this work, where each frame

size of 30 ms is processed with a frame shift of 1 ms. For each block of 30 ms, 10th order LP analysis

(audio is sampled at Fs = 8 kHz) is performed to estimate the LP coefficients. The audio signal is

passed through the inverse filter to extract the LP residual signal. In speech, the time-varying changes

in the excitation source characteristics are smeared in the LP residual due to its bipolar nature [74].

These changes are further enhanced by computing the HE of LP residual [74].

The HE (he[n]) of LP residual (e[n]) is defined as [75]

he[n] =
√
e2[n] + e2

h[n] (3.5)

where eh[n] is the Hilbert transform of e[n],and is given by

eh[n] = IDFT(Eh[k]) (3.6)

where

Eh[k] =


−jE[k], k = 0, 1, ..., (N2 )− 1

jE[k], k = N
2 , (

N
2 ) + 1, ...., (N − 1)

(3.7)

and IDFT denotes the inverse discrete Fourier transform with E[k] computed as the DFT of e[n], and

N is the number of points used for computing DFT.

The HE of LP residual for the audio signal is computed in this work. The HE of LP residual

contains peaks corresponding to the excitation source information along with side-lobes around the

peak. These peaks are higher in the case of speech compared to music as shown in Figure 3.3 (b) and

(d). The side-lobe variation of the speech and music regions is almost the same although in most cases
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Figure 3.3: (a) Speech signal, (b) HE of LP residual of speech, (c) Music signal and (d) HE of LP residual
of music. The marked circles indicate the peaks while the marked rectangles indicate the region over which the
side lobe variance is computed.

this variation is higher in music as compared to speech. This motivated the idea of computing the

peak-to-sidelobe ratio (PSR) [68] of the HE of LP residual. The PSR is computed by first obtaining

the peaks of HE of LP residual marked as circles in Figure 3.3 (b) and (d). These peaks can be located

by searching around the epoch locations obtained from the ZFFS [19]. A frame size of 3 ms around

the epoch is considered for searching the peaks and the maximum value of the peaks in that frame

is considered as the peak of the HE of LP residual. The side-lobe variance is computed over a frame

size of one pitch period, which consists of half pitch period before 4 samples to the left and half pitch

period after 4 samples to the right of the peak marked as rectangles approximately in Figure 3.3 (b)

and (d). Dividing the peak of HE of LP residual of the speech signal by the side-lobe variance gives the

ratio of peak-to-sidelobe. For the marked segments in the Figure 3.3 (b) and (d), the PSR for speech

and music, respectively, is 53.34 and 11.76. Thus the speech regions have a higher PSR compared to

the music regions as shown in Figure 3.6 (c), where the PSR in the figure has been normalized over

the entire duration of the 10 s audio clip.

The HE of LP residual has higher peaks in the speech regions which represent the impulse-like

excitation of the glottal source. This impulse-like excitation may not be present in the music signals

and is evident from the nature of the HE of LP residual wherein the peaks in the music region are

much lower or even absent (Figure 3.3). The main reason for this is attributed to the estimation of
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the LP residual signal. In LP analysis, each sample is predicted as a linear weighted sum of past p

samples, where p is the order of prediction. The residual which is the difference between the predicted

sample and the actual sample gives a high value for the speech signals at the instant of significant

excitation. In music, the error is nearly the same throughout the signal since the excitation source for

music is different compared to speech. The side-lobe variance of the speech regions also tend to be

lower than the music regions due to the noise-like nature of some of the music signals like the one in

Figure 3.3. The PSR of HE of LP residual hence has a higher value in the speech regions compared

to the music regions and this feature can be used for discriminating speech from music regions.

3.2.2 Speech-Specific Vocal Tract System Features

The presence of a majority of high energy vowel-like sounds in speech is exploited to define a

feature in terms of the vocal tract system which is described below.

3.2.2.1 Log Mel Spectrum Energy

Speech is produced as a sequence of sound units. These sound units are produced as a result of

changes in the vocal tract shape. At a gross level, the sound units can be grouped into vowel and non-

vowel-like sounds. Thus there will be continuous change in the vocal tract shape from the production

of vowel to non-vowel-like sounds and vice versa. Distinct vocal tract shapes are associated with the

production of vowels in speech. The vowel sound units are high energy regions and have most of their

energy concentrated in low frequency range (≤ 2.5 kHz). The dominance of vowel-like sound units in

speech having energy concentrated in the low frequency range makes it different compared to music

components. The energy in the low-frequency range can be represented in terms of the mel filterbank

energies. Due to the multiplication of the magnitude spectrum by the mel filterbank and summing

the values obtained in each filter, most of the source information is smoothed out while computing

mel filterbank energies. Hence the resulting evidence may be treated as a representation of vocal tract

shape information. The vocal tract shape is manifested in the log mel spectrum energy values of the

speech signal.

In this work, the audio signal is processed in blocks of 30 ms with a shift of 1 ms. For each block

of 30 ms, a 512 point DFT is computed to obtain the spectrum of each block. The spectrum is then

passed through 22 triangular filters (audio is sampled at Fs = 8 kHz) having central frequencies on

the linear scale converted from the evenly distributed central frequencies on the mel scale to obtain
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Figure 3.4: (a) Speech signal (b) Fourier transform spectrum of 30 ms (marked as dotted rectangle) of speech
(c) Log mel filter energy values of speech (d) Music signal (e) Fourier transform spectrum of 30 ms (marked as
dotted rectangle) of music (f) Log mel filter energy values of music. The marked rectangles indicate the regions
over which the log mel filter energy values are computed. The marked triangles indicate the distribution of the
mel filter banks. The first 18 filters cover the 0 to 2.5 kHz range of frequencies.

the mel filter energy values. The logarithm of mel-filter energy values is then calculated. The sum of

the first 18 log mel filter energy values are computed which covers about 2.5 kHz, the range of first

2 to 3 formant frequencies of the vowel sound units of speech, and this sum represents the log mel

spectrum energy. Mathematically this is expressed as:

E[i] =
18∑
g=1

log

[
M∑
k=1

|S[k, i]fg[k]|2
]

(3.8)

where i is the frame number, g is the filter number, k is the frequency bin and M is the total number

of bins.

S[k, i] =
N−1∑
n=0

s[n+ iR]w[n]e
−j2πnk

N (3.9)

where s[n] is the speech signal, w[n] is a rectangular window, R is the frame shift, and N is the total

number of points for computing the Fourier transform. fg[k] is the triangular filter which has the

central frequency fcent[g] on the linear scale converted from the mel scale as,

fcent[g] = 700(e
m

1125 − 1) (3.10)

where m is the index number in the mel scale and g is the filter number.
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Figure 3.4 (c) and (f) represents the log mel spectrum energy values obtained from the 22 triangular

filters, which are marked as triangles in the figure for speech and music, respectively. These values

have been computed for a frame of speech as well as music which is indicated as rectangles in the

figure. It can be seen that for speech, the marked rectangle represents a vowel-like region, which is

also evident from the magnitude spectrum. The log mel energy values are high for the lower order

mel filters indicating the high energy concentration in the low frequency range for speech segments

containing vowel-like regions. There is a continuous change in shapes from vowel to non-vowel-like

units production while moving from one frame to the next. The vowel-like regions exhibit higher

energy and the non-vowel-like units exhibit lower energy. Thus there is a high variation of the log

mel spectrum energy as seen in Figure 3.6 (d). The log mel spectrum energy in the figure has been

normalized over the entire duration of the audio clip. Alternatively, for music, the energy distribution

is random for a particular frame. The nature of the energy distribution which is evident in vowel-like

regions in speech, may not be present in the music regions (Figure 3.4 (f)). There is also a lower

variation in the log mel spectrum energy of music as seen in Figure 3.6 (d).

The high variation of the log mel spectrum energy in the speech regions compared to the music

regions may be attributed to the fact that the speech regions contain an alternative nature of the high

energy vowel-like regions and other types of non-vowel-like regions. This kind of nature may not be

present in the music regions. It may be observed that the log mel spectrum energy is related to the

first mel frequency cepstral coefficient (MFCC) c0. The first MFCC, c0 is computed by summing the

log mel filter energy values of all the filters covering the entire frequency range. However, for the log

mel spectrum energy in our work, the sum of the first 18 log mel filter energy values is taken and these

filters cover about 2.5 kHz, the range of first 2 to 3 formant frequencies of the vowel sound units of

speech. The variation of the log mel spectrum energy is higher for speech compared to music and this

variation is unique in the case of speech. The variance in the log mel spectrum energy feature may,

therefore, act as a good discriminator for the speech / music classification task.

3.2.3 Speech-Specific Modulation Spectrum Features

The syllable rate of speech is exploited to define a feature in terms of the modulation spectrum as

described below.
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Figure 3.5: (a) Speech signal (b) 4 Hz Modulation spectrum energy from the critical band filters for speech
(c) Music signal (d) 4 Hz Modulation spectrum energy from the critical band filters for music. The marked
rectangles indicate the regions over which the 4 Hz modulation spectrum energy is computed.

3.2.3.1 Modulation Spectrum Energy

The slowly varying temporal envelope components in the speech signal generally represent the

modulation spectrum [76]. Low frequency components of several Hz mostly constitute the temporal

envelope of speech signal. This kind of representation has compelling parallels to the speech production

dynamics, where the articulators move at the rates of 2 to 12 Hz [77], and to the sensitivity of auditory

cortical neurons to amplitude modulations at the rates below 20 Hz. Several studies have been explored

earlier to show the importance of modulation spectrum in speech related tasks [78, 79]. The use of

modulation spectrum in speech / music classification has also been explored in [12] which exploits

the idea that speech has a characteristic energy peak around the 4 Hz syllabic rate and music does

not have this kind of nature. A detailed focus on the modulation spectrum including the development

of the modulation spectrogram has been demonstrated in [76,80].

Given the audio signal, the modulation spectrum energy is computed as follows [76,80]: The audio

signal is first analyzed into 18 critical band filters between 0 and 4 kHz frequency band. The filters

are generally trapezoidal in shape, and the overlap between adjacent bands is minimum. Half-wave

rectification and filtering with a low pass filter having cutoff frequency of 28 Hz are performed in each

band to obtain an amplitude envelope signal. Down-sampling of each amplitude envelope signal to

80 samples/s is performed. Each down-sampled amplitude envelope signal is then normalized by the
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average envelope level in that channel, measured over the entire audio signal clip. In order to capture

the dynamic properties of the signal, the modulations of the normalized envelope signals are analyzed

by computing DFT over a Hamming window of length 250 ms with a window shift of 12.5 ms. Finally,

the 4 Hz components are summed together, across all critical bands. Mathematically the modulation

transfer function energies are expressed as

MTF[m] =

18∑
c=1

[∣∣∣X̂c[k1,m]
∣∣∣2] (3.11)

where m is the frame index, c represents the critical band number, and k1 represents a frequency

index of 4 Hz. X̂c[k,m] is computed as

X̂c[k,m] =

N−1∑
n=0

x̂c[n+mR]w[n]e−
j2πnk
N ; c = 1, 2, ..18. (3.12)

where x̂c[n] represents the normalized envelope of cth filter output, w[n]is a Hamming window, R is

the frame shift and N is the number of points used for computing the DFT. The modulation energy

components computed are up-sampled to 8000 samples/s.

The distribution of the 4 Hz modulation energy is shown in Figure 3.5 (b) and (d) for speech and

music, respectively, computed for a frame of speech and music, shown as rectangles in the figure. It

can be clearly observed that there is higher energy at the 4 Hz frequency in speech compared to music.

Figure 3.6 (e) shows the plot of the 4 Hz modulation spectrum energy, where its values have been

normalized over the entire duration of the audio clip. The 4 Hz modulation spectrum energy feature

represents the slowly varying temporal envelope corresponding to the speech syllabic rate. Speech is

more characterized by the 4 Hz syllable rate compared to music and hence this feature is higher in

speech regions compared to the music regions. The 4 Hz modulation spectrum energy has been used

for the speech / music classification task in earlier work. It has been used in the current work, since

it represents the long term aspect of speech which is different from the source and the system.

So far, the behavior of the features for a single frame and for a single audio file has been described.

Their behavior over a larger number of frames computed over all the audio files from the Scheirer and

Slaney database [12] is seen by the histogram plot in Figure 3.8, where the thick line indicates speech

and the dashed line indicates music. It can be seen that there is higher separability in the speech and

music distribution for the log mel energy variance feature with minimum overlap than the rest of the

speech-specific features, although there is visible separation for the other speech-specific features as

62

TH-1627_126102033



3.3 Overall Speech/Music Classification System

1 2 3 4 5 6 7 8 9 10
−1

0

1

1 2 3 4 5 6 7 8 9 10
0

0.5

1

1 2 3 4 5 6 7 8 9 10
0

0.5

1

A
m

p
lit

u
d
e

1 2 3 4 5 6 7 8 9 10
0

0.5

1

1 2 3 4 5 6 7 8 9 10
0

0.5

1

Time (sec)

(a)

(b)

(c)

(d)

(e)

Figure 3.6: (a) Audio signal, where the first 5 s correspond to speech and the next 5 s correspond to music (b)
NAPS of ZFFS (c) PSR of HE of LP residual (d) Log mel energy (e) 4 Hz Modulation spectrum energy

well. The nature of the histogram for the log mel spectrum energy variance and the PSR of HE of

LP residual is similar to the existing features. The nature of the histogram for the NAPS mean and

modulation spectrum mean is different compared to the other features.

3.3 Overall Speech/Music Classification System

The previous section described the different speech-specific features that are considered for speech

/ music classification. The illustrations indicated that each of the features indeed shows discrimination

between speech and music regions. The evidence from each of these features needs to be effectively

combined for speech / music classification. The explorations for the same are presented in this section.

3.3.1 Speech/Music Classification by Non-linear Mapping and Combining

The speech / music classification task involves assigning a particular label to speech and music.

In this work, speech is given a label as one and music as zero. With this objective in mind, smoothing

and non-linear mapping of the features is performed. Ideally, the value of the feature is mapped to one

for speech and zero for music, hence performing the classification task. It can be seen in Figure 3.6,

the NAPS of ZFFS, PSR of HE of LP residual, and modulation spectrum have mostly high values

in the speech regions compared to music regions. However, there are some speech regions in which

the feature values may be lower than the music regions which are categorized to be spurious. This
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Figure 3.7: (a) Audio signal, Smoothed (b) NAPS of ZFFS (c) PSR of HE of LP residual (d) Log mel energy
and (e) 4 Hz Modulation spectrum energy. The smoothed contours have been computed from the features in
Figure 3.6

spurious can be reduced by smoothing the features. It may be noted that the above features have been

computed for a window size of 30 ms with a shift of 1 ms. Before the smoothing process, interpolation

of the missing samples is required. The interpolation process is performed by duplicating the single

value obtained for every frame to the missing samples caused by the frame shift to the next frame. A

small shift has been chosen to reduce the number of samples required for interpolation. If a larger shift

is chosen, more samples need to be interpolated and may affect the accuracy of the smoothing process

and thereby reduce the overall accuracy. The mean over 1 s frame is computed with every sample shift

for the NAPS, PSR, and modulation spectrum and the smoothed values are shown in Figure 3.7. The

variation of the interpolation method does not significantly change the final smoothed value of the

features. Even the standard linear interpolation method results in a very similar smoothing effect on

the features as the interpolation method mentioned earlier. However, the linear interpolation method

is not done here since it is computationally more intensive than the interpolation method followed in

this work.

For the log mel spectrum energy, the variance over 1 s frame for every sample shift is computed for

smoothing. It can be observed from Figure 3.6(d), the variation of the feature in the speech regions is

very high compared to the music regions. The window size is experimentally chosen for the best values

for computing smoothed mean and variance contour. It was observed that there is not much difference
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Figure 3.8: Histogram plot for (a) ZCR variance (b) Spectral centroid variance (c) Spectral flux variance (d)
Spectral roll-off variance (e) Percentage of low energy frames (f) NAPS of ZFFS Mean (g) PSR of HE of LP
residual mean (h) Log mel energy variance (i) 4 Hz Modulation spectrum energy mean. Note that the continuous
line represents speech and the dashed line represents music.

in the mean and variance contours while smoothing with window sizes in the range of 500 ms to 1200

ms. If the window size is chosen beyond this range, severe degradation in the smoothed contours is

observed. It can be seen that the features having values lower in the speech regions compared to the

music regions shown in Figure 3.6, are now having their values smoothed to their nearest higher values

as shown in Figure 3.7, thus reducing spurious.

The smoothed evidence is then mapped using the non-linear mapping function given by

Pm =
1

1 + e−(Ps−Θ)/τ
+ α (3.13)

where, Pm is non-linearly mapped value, Ps is the smoothed evidence value, Θ, τ are the slope

parameters and α is the offset which is the minimum value of the function. The values of τ and α are

set to 0.001 and 0, respectively, since the binary mapping of either 0 or 1 is required. The main tunable

parameter is Θ which is set experimentally, and this value is kept in the range of 0.3 to 0.6 based on

the experiments performed on the databases. The overall performance does not change significantly if

the value of Θ is varied in this range. The non-linearly mapped plots are shown in Figure 3.9 (b)-(e),

where it is seen that nearly all the speech regions have a value of one and the music regions have a

value of zero.

A classification framework is presented, wherein these non-linear mapped values are combined
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Figure 3.9: (a) Audio signal, non-linear mapped value of smoothed (b) NAPS of ZFFS (c) PSR of HE of
LP residual (d) Log mel energy (e) 4 Hz Modulation spectrum energy. The non-linear mapped values have
been computed from the smoothed contours in Figure 3.7. Classification result using (f) non-linear mapping (g)
Gaussian Mixture Models (GMM) (h) Support Vector Machines (SVM)

by summing them together to produce an evidence for the speech / music classification task. The

summed evidence is next non-linearly mapped using the same mapping function and a fixed threshold

of 0.4. After that, a 1 s window with a non-overlapping 1 s shift of the audio segment is considered

and the mean is computed. This window size is chosen in most of the segment-based speech / music

classification task [12,30]. If the value of the mean is greater than a threshold which is 0.08 (this value

is not crucial for the task), the segment is classified as speech, otherwise, it is classified as music. The

final result of the classification is shown in Figure 3.9(f) where all the 5 speech segments are classified

correctly whereas only 4 out of 5 music segments are classified correctly. Misclassification of 1 music

segment is observed in the figure.

It can be seen that the non-linear mapping technique requires thresholds to be defined. However,

the advantage of this method is that there is no requirement of training data as required by the

classifiers. This method can also be described as the signal processing approach for classification,

where the accuracy will be decided by the linear separability of the speech-specific features. This kind

of signal processing approach has been followed in other tasks like voiced / unvoiced detection [81].

Since those tasks are similar to the speech / music classification task, we have employed this kind of

approach for classification in this work.
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The non-linear mapping technique gives an overall improved accuracy. To illustrate this, the

classification is directly performed on the smoothed values. The smoothed log mel spectrum energy

value of Figure 3.7(d) is taken as an example and its mean is computed for 1 s window with a non-

overlapping 1 s shift. If the mean is greater than a threshold of 0.5, the segment is classified as speech,

otherwise, it is classified as music. Similarly, the classification on the non-linear mapped value of this

feature is performed by computing the mean of the non-linear mapped value (Θ=0.5) of the log mel

spectrum energy shown in Figure 3.9(d), compared the mean to a threshold of 0.08 as earlier, and

the same kind of segment classification is performed. Overall accuracies of 68.46 % and 74.34 %,

respectively, are obtained for the two cases, on the Broadcast News database (to be described later),

indicating the significance of using the non-linear mapping technique.

3.3.2 Speech/Music Classification using Gaussian Mixture Models and Support
Vector Machines

Gaussian mixture models (GMMs) have been explored earlier for the speech / music classification

task [12]. The models are trained for the speech and music signals by using the expectation max-

imization algorithm. A new feature is assigned to a particular model which has a higher likelihood

estimate. Diagonal covariances for the GMM have been used in this work.

Support vector machines (SVMs) are well suited for binary classification tasks and have shown

considerable success in a variety of domains. The use of SVMs for speech / music classification has

been explored in [82, 83]. All the experiments using SVM in this work, were carried out using the

libSVM [84] with a radial-basis function (RBF) kernel of the form,

K(x, y) = exp(−Y ||x− y||2) (3.14)

The classification result using GMM and SVM for the audio file in Figure 3.9 (a) is shown in Fig-

ure 3.9 (g) and (h), respectively. The statistics of the raw speech-specific features shown in Figure 3.6

are computed for a window size of 1 s with a non-overlapping shift of 1 s [12, 30]. These statistics of

the features are concatenated to form a feature vector. This feature vector is given as input to the

classifiers. It can be seen that using GMM, the first segment of speech has been misclassified and

all the other remaining segments are classified correctly whereas using SVM all the speech and music

segments have been classified correctly. The classifiers have been trained with a particular database

and the details of the training process will be given in the next section.
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3. Speech/Music Classification using Speech-Specific Features

3.4 Results and Discussion

The proposed method for speech / music classification is first evaluated on a database which has

been recorded at random from the radio during the summer of 1996 by Scheirer and Slaney [12]

which will be referred to as Scheirer and Slaney (S&S) database. The training examples taken from

this database include 80 files of speech and 80 files of music without vocals which are of 15 seconds

each. Another database evaluated in this work is the GTZAN database which has been explored in

[30, 85]. This database contains 64 files of speech and 64 files of non-vocal music each of length 30

seconds. The audio data in both of the databases has a sampling frequency of 22050 Hz and has been

down-sampled to 8000 Hz for the task. The evaluation is also done on the database containing audio

data recorded from the Indian broadcast news channels having a total of 104 files of speech and 104

files of non-vocal music each length of 5 seconds with 8000 Hz sampling frequency.

3.4.1 Non-linear Mapping and Combining

First, the results using non-linear mapping of the speech-specific features are shown in Table 3.1.

For the GTZAN database, the performance in music is higher, however, for the case of S&S and Broad-

cast news database, the performance in speech is higher. This depends on the threshold. However,

varying the threshold does not change the overall performance for the three databases to larger extent.

The results shown in the table are evaluated for a threshold (θ of the non-linear mapping function) of

0.5 for all the speech-specific features.

Table 3.1: Results using non-linear mapping in terms of classification accuracy (%).

Features → Speech-Specific Features

Database ↓ Speech Music Overall

S&S 84.33 64.58 74.45

GTZAN 70.26 78.80 74.53

Broadcast News 96.34 60.96 78.65

68

TH-1627_126102033
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Table 3.2: Performance in terms of classification accuracy (%) using the different individual features on the
Scheirer and Slaney (S&S) database and the GTZAN database. In the table, the abbreviations, GMM indicates
the Gaussian mixture model classifier and SVM indicates support vector machines. For the different features,
the statistics are computed on the raw features and not on the smoothed features.

Database → S&S database GTZAN database

Classifier → GMM SVM GMM SVM

Features ↓ Speech Music Overall Speech Music Overall Speech Music Overall Speech Music Overall

ZCR Var. 74.25 90.25 82.25 70.00 93.91 81.95 75.78 72.81 74.29 58.12 85.62 71.87

Spec. Centroid Var. 89.91 87.25 88.58 86.00 91.50 88.75 84.94 80.15 82.55 72.03 89.68 80.85

Spec. Flux Var. 80.91 80.66 80.79 55.91 92.00 73.95 68.33 70.36 69.34 48.59 85.00 66.79

Spec. Roll-off Var. 85.75 85.58 85.66 85.50 85.91 85.70 78.38 79.53 78.95 74.16 83.75 78.95

Percent. of Low Energy Frames 83.75 77.75 80.75 88.58 72.25 80.41 78.17 77.08 77.63 83.54 72.23 77.89

NAPS Mean 69.08 56.00 62.54 73.75 52.83 63.29 61.77 56.09 58.93 62.39 58.07 60.23

PSR Mean 82.50 72.16 77.33 74.66 80.00 77.33 74.37 67.55 70.96 57.39 80.05 68.72

Log Mel Spec. Energy Var. 94.75 94.58 94.66 94.08 94.91 94.50 85.62 85.46 85.54 82.96 88.33 85.65

Modulation Spec. Energy Mean 71.58 53.66 62.62 69.25 56.58 62.91 45.78 63.33 54.55 29.94 83.33 56.64

3.4.2 Classifiers

The use of thresholds for the task may not give optimal performance. Hence classifiers like GMM

and SVM are used for the classification task on the speech-specific features. The width parameter Y

and the cost parameter c of the SVM as well as the mixture k of GMM is varied to achieve optimal

performances. The cost parameter c is set to 1 and the width parameter Y is set to 3 in this work.

The number of mixtures for the GMM has been set to k = 8. The SVM parameters (c = 1, Y = 3)

and the number of mixtures of the GMM (k = 8) have been fixed at their optimal values based on

the results for the test data across the different databases. These parameters have been fixed for all

the features and across different databases to show the impact of the speech-specific features for the

classification task. The existing features like the ZCR, spectral centroid, spectral flux and spectral

roll-off as well as the percentage of low energy frames are also considered for evaluation in order to

compare the performances of the speech-specific features. The statistics of speech-specific features, as

well as the existing features, are computed using a window size of 1 s with a non-overlapping shift

of 1 s. As mentioned in Section 3.3.2, the statistics are computed on the raw features and not on

the smoothed features. The individual features are evaluated and their performances are shown in

Table 3.2 and Table 3.3. A 4-fold cross-validated scheme was used for evaluation with separate files in
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3. Speech/Music Classification using Speech-Specific Features

Table 3.3: Performance in terms of classification accuracy (%) using the different individual features on the
Broadcast News (BN) database. In the table, the abbreviations, GMM indicates the Gaussian mixture model
classifier and SVM indicates support vector machines. For the different features, the statistics are computed on
the raw features and not on the smoothed features.

Database → BN database

Classifier → GMM SVM

Features ↓ Speech Music Overall Speech Music Overall

ZCR Var. 51.15 84.42 67.78 60.00 79.80 69.90

Spec. Centroid Var. 89.03 76.53 82.78 77.30 84.42 80.86

Spec. Flux Var. 67.30 69.61 68.46 57.50 81.53 69.51

Spec. Roll-off Var. 89.03 85.76 87.40 87.11 88.26 87.69

Percent. of Low Energy Frames 90.38 80.57 85.48 90.38 80.00 85.19

NAPS Mean 69.23 73.07 71.15 72.69 71.15 71.92

PSR Mean 81.53 78.07 79.80 75.76 85.38 80.57

Log Mel Spec. Energy Var. 92.50 82.69 87.59 88.65 85.19 86.92

Modulation Spec. Energy Mean 77.69 59.42 68.55 65.00 70.57 67.78

training and testing datasets. It can be observed that the variance of log mel spectrum energy feature,

which is the speech-specific feature representing the vocal tract system shows superior performance

on all the three databases. The existing features like the variance of spectral centroid, variance of

spectral roll-off and percentage of low energy frames also show good performances.

It is interesting to see that individually, most of the existing features show better performances than

the source and modulation spectrum features which belong to the category of speech-specific features.

However, on combining the speech-specific features, we get a better performance than combining the

existing features. This is reflected in the 4th and 5th row of Table 3.4, where the feature combination

is performed by concatenating the features together to form a feature vector and fed as input to the

classifiers. The reason for the better performance of the combined speech-specific features could be

due to the capturing of complementary information by each of the speech-specific features since these

features represent the different aspects of speech production. The existing features, being general audio

features may not be able to characterize the speech regions as much as the speech-specific features.

It can also be seen from Table 3.1 and 3.4, that the overall performance of speech-specific features

increased gradually from 74.45 % when using threshold based approach to 95.12 % using GMM and

finally 95.87 % using SVM on the S&S database. Similar trends are observed for the GTZAN and
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Table 3.4: Performance in terms of classification accuracy (%) using the existing, speech-specific and combined
set of features on the Scheirer and Slaney (S&S) database, the GTZAN database and the Broadcast News (BN)
database. In the table, the abbreviations, GMM indicates the Gaussian mixture model classifier and SVM
indicates support vector machines.

Database → S&S database GTZAN database BN database

Classifier → GMM SVM GMM SVM GMM SVM

Features ↓ Speech Music Overall Speech Music Overall Speech Music Overall Speech Music Overall Speech Music Overall Speech Music Overall

Existing 91.58 87.16 89.37 90.50 89.83 90.16 87.70 81.66 84.68 87.29 88.43 87.86 90.76 81.53 86.15 92.11 89.42 90.76

Speech-Specific 95.08 95.16 95.12 95.08 96.66 95.87 89.68 84.01 86.84 88.64 87.55 88.09 89.61 85.38 87.50 92.88 88.07 90.48

Combined 96.91 94.66 95.79 96.91 96.58 96.75 91.77 87.08 89.42 93.48 90.57 92.03 91.02 90.00 90.51 93.26 91.34 92.30

Indian broadcast news database. On combining the existing features with the speech-specific features,

the best performances are obtained and are shown in the last row of Table 3.4. The best overall

performance obtained is for the S&S database, which is 96.75 % using SVM. The earlier work [12] on

this database showed the best overall performance of 94.2 %. Similarly, for the GTZAN database, the

best performance obtained is 92.03 % which is comparable to the best performance reported in [30]

which is 93.5 %.

From Table 3.4 it can be observed that the difference of the performances in speech and music

is higher, for the existing features compared to the speech-specific features when using GMM. This

reflects the inability of the existing features to reduce the confusion between speech and music. The

speech signal is more controlled in terms of its production and hence the signal characteristic of speech

is similar. The music signal has a complex nature which may be produced by different instruments

and some characteristics of the music signal may be similar to speech. The existing features are able to

characterize the speech segments to a certain extent due to the similar signal characteristics of speech.

However, since the existing features are not derived from the speech-specific knowledge, they are not

able to discriminate the speech like music segments and tend to describe these segments as speech.

On the other hand, the speech-specific features which represent the source, vocal tract system and

syllabic rate aspects of speech are able to capture the speech segments of the audio signal successfully.

For those music segments which have a nature similar to speech, the speech-specific features deviate

significantly from their normal behavior since those speech-like music segments may not be completely

described by the speech-specific features, thereby reducing the confusion between speech and music.
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3. Speech/Music Classification using Speech-Specific Features

Table 3.5: Level of Canonical Correlation

NAPS of ZFFS PSR of HE of LP

Speech-specific All Speech-specific All

Existing excluding excluding Existing excluding excluding

NAPS of ZFFS NAPS of ZFFS PSR of HE of LP PSR of HE of LP

0.1318 0.1331 0.2040 0.5508 0.5090 0.5895

Log Mel Modulation Spectrum energy

Speech-specific All Speech-specific excluding All excluding

Existing excluding excluding Existing Modulation Spectrum Modulation Spectrum

Log Mel Log Mel energy energy

0.7773 0.5165 0.7952 0.2797 0.3267 0.4003

3.4.3 Canonical Correlation Analysis (CCA)

Canonical-correlation analysis finds vectors a and b in such a way that the random variables

a′X and b′Y maximize the correlation ρ = corr(a′X, b′Y ). The random variables U = a′X and

V = b′Y represent the first pair of canonical variables. Then one finds vectors which maximize the

same correlation subject to the constraint that they are to be uncorrelated with the first pair of

canonical variables; this gives the second pair of canonical variables. This procedure is continued up

to min{m,n} times.

In order to measure the correlation of each speech-specific feature to the combined cases, canonical

correlation analysis (CCA) is performed, initially between each speech-specific feature with the existing

features consisting of spectral flux, spectral centroid, spectral roll-off, zero crossing rate and percentage

of low energy frames. Next, CCA is performed with the other speech-specific features. Finally, CCA

is performed with the overall set of features consisting of the existing and the speech-specific features.

The result of this analysis is shown in Table 3.5. This analysis was performed for the features computed

on the S&S database. In the Table 3.2 and 3.3, it shows that the performance of the log mel energy

variance feature is best individually than the other speech-specific features. However, CCA analysis

shows that its value is greater than the other speech-specific features. This means that it is more

correlated to the overall combined set of features than the other speech-specific features. CCA analysis

also shows that the NAPS of ZFFS mean feature is the most uncorrelated feature to the combined
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set of features, followed by the PSR of HE of LP residual mean and the modulation spectrum mean

features. This shows that the speech-specific features are mostly uncorrelated and combine effectively

for the speech / music classification task.

Table 3.6: Performance in terms of classification accuracy (%) of first three features on the three databases
using SVM classifier

Database → S&S database

Features ↓ Speech Music Overall

Log Mel+NAPS Mean 95.33 96.75 96.04

Log Mel+NAPS Mean+Spec. Roll-off Var. 96.25 97.25 96.75

Database → GTZAN database

Features ↓ Speech Music Overall

Log Mel+Spec. Centroid Var. 85.93 90.10 88.02

Log Mel+Spec. Centroid Var.+ PSR Mean 91.04 87.44 89.24

Database → BN database

Features ↓ Speech Music Overall

Log Mel+Spec. Roll-off Var. 93.46 88.46 90.96

Log Mel+Spec. Roll-off Var.+ NAPS Mean 92.69 90.19 91.44

3.4.4 Feature Selection

An experiment is performed to find the minimum subset of features having performances close

to the combined case in Table 3.4. Table 3.6 shows the result of the subset of those features. Since

the log mel energy variance feature performs the best, this is used as the base feature. For the S&S

database, the addition of NAPS mean provides the best additive improvement compared to the other

features followed by the addition of the spectral roll-off variance feature. The performance saturates

after the addition of the third feature. Similarly, for the other databases, the subset of features giving

good performances are shown in Table 3.6.

3.4.5 Mismatched Training and Testing data

In order to study the performances of the mismatched training and testing data cases, an exper-

iment is performed which involves one database as the training set and the other database as the
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Table 3.7: Performance in terms of classification accuracy (%) on the Broadcast News database using the
models trained on the GTZAN database and S&S database.

Broadcast News Test Classifier → GMM SVM

Models Trained on Features ↓ Speech Music Overall Speech Music Overall

GTZAN database Existing 94.23 70.19 82.21 85.76 75.57 80.67

GTZAN database Speech-Specific 93.65 79.03 86.34 95.00 80.57 87.78

GTZAN database Combined 97.30 77.11 87.21 87.11 82.30 84.71

S&S database Existing 93.65 75.00 84.32 92.11 83.07 87.59

S&S database Speech-Specific 94.03 81.73 87.88 93.46 84.23 88.84

S&S database Combined 95.96 80.19 88.07 94.42 84.23 89.32

testing set. Table 3.7 shows the results of testing the broadcast news data on models trained on the

GTZAN as well as the S&S database. The performances of the combined speech-specific features are

better than the combined existing features. When the speech-specific and the existing features are

combined, the best performance is obtained. Hence similar trends in the results are obtained even for

the mismatched training and testing data.

3.4.6 Analysis on Vocal Music

An analysis of the behavior of the speech-specific features for the vocal music is briefly discussed

here. The vocal music considered here involves singing mixed in with musical instruments. Figure 3.10

shows the behavior of the speech-specific features for an audio signal which consists of speech for the

first 5 s and vocal music for the next 5 s. It can be seen that there is some kind of discrimination

between speech and vocal music especially for the NAPS of ZFFS, PSR of HE of LP residual, and

log mel spectrum energy. The present work mostly focuses on the discrimination between speech and

non-vocal music to understand the behavior of the speech-specific features and their discrimination

for speech and non-vocal music regions. The work can be extended to the task of discriminating

speech against vocal music. In particular, the behavior of the features for the vocal music segments

which contain singing (with or without the mixing of musical instruments) can be explored in detail.

Figure 3.10 shows that there is potential for exploration of this case in the future.
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Figure 3.10: (a) Audio signal, where the first 5 s correspond to speech and the next 5 s correspond to vocal
music (b) NAPS of ZFFS (c) PSR of HE of LP residual (d) Log mel energy (e) 4 Hz Modulation spectrum
energy

3.5 Summary

The use of the speech-specific features for the task of speech / music classification is explored. The

NAPS of ZFFS, PSR of HE of LP residual, log mel spectrum energy, and modulation spectrum energy

are considered as speech-specific features. The behavior of each feature is studied independently to

demonstrate its potential for speech / music classification. Non-linear mapping of the features is done

initially for the speech / music classification task. The speech-specific features are then classified

using GMM and SVM. Their performances on the S&S database, GTZAN database, and the Indian

broadcast news database are tabulated. The performance of the combined speech-specific features

has been compared to the combined existing features where it is observed that the performance of

combined speech-specific features is better. The existing features are then combined with the speech-

specific features for the speech / music classification task and the best performance is achieved with

this feature combination. Similar trends in the performances were obtained when testing the broadcast

news database on the models trained with either the S&S or the GTZAN database.
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4.1 Introduction

Objective

This work explores the characteristics of speech in terms of the spectral characteristics of vocal tract

system for deriving features effective for clean speech and speech with background music classification.

A representation of the spectral characteristics of the vocal tract system in the form of Hilbert envelope

of the Numerator of Group Delay (HNGD) spectrum is explored for the task. This representation

complements the existing methods of computing the spectral characteristics in terms of the temporal

resolution. This spectrum has an additive and high resolution property which gives a better representa-

tion of the formants especially the higher ones. A feature is extracted from the HNGD spectrum which

is known as the spectral contrast across the sub-bands and this feature essentially represents the relative

spectral characteristics of the vocal tract system. The vocal tract system is also represented approxi-

mately in terms of the mel frequency cepstral coefficients (MFCCs) which represent the average spectral

characteristics. The MFCCs and the sum of the spectral contrast on HNGD can be used as features to

represent the average and relative spectral characteristics of the vocal tract system, respectively. These

features complement each other and can be combined in a multidimensional framework to provide good

discrimination between clean speech and speech with background music segments. The spectral contrast

on HNGD spectrum is compared to the spectral contrast on Discrete Fourier Transform (DFT) spec-

trum, which also represents the relative spectral characteristics of the vocal tract system. It is observed

that better performances are achieved on the HNGD spectrum than the DFT spectrum. The features

are classified using classifiers like Gaussian Mixture Models (GMM) and Support Vector Machines

(SVM).

4.1 Introduction

There are several tasks which involve the processing of broadcast news. Some of the literature which

mentions about the tasks involving the broadcast news processing can be found in [6–10, 22, 86, 87].

The common task in some of these works is the automatic transcription of broadcast news. Generally,

there is an involvement of certain steps of preprocessing before the final speech recognition step owing

to the complex scenarios present in broadcast news. The preprocessing task is required to account

for the different variabilities present in the broadcast audio data. The task of classifying clean speech

from speech with background music is one such preprocessing step. This task has not been explored
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much in previous literature. However, there are some tasks in which these classes have appeared like

in the audio classification tasks in [31, 88, 89]. The reason for choosing these two classes explicitly in

our work is described as follows.
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Figure 4.1: Figure showing the degradation in the performance of the phone recognizer when rock music is
added to speech TIMIT database samples. The rock music has been taken from the GTZAN database.

Assuming that there are models for the phone recognition trained on the clean speech data, such

models will work well only for the clean speech case. For the speech with background music case (news

headlines and voice over in broadcast news), such models may not produce a required level of phone

recognition accuracy and this can be seen in Figure 4.1, where it is observed that the addition of

music to clean speech causes degradation in the overall phone recognition accuracy. The Phone Error

Rate (PER) increases with the decrease of the speech to music (SMR) ratio. In order to properly

transcribe the speech with background music data, either models for this case need to be trained or

some form of enhancement may be required before passing the speech with background music through

the phone recognition system having models built on the clean speech case. Either way, the speech

with background music portions need to be segmented so that models may be created using them or

enhancement of these portions may be performed. There may also be cases where the majority of the

broadcast news data consists of clean speech along with a small percentage of speech with background

music data. This small percentage of the data may not be required for further transcription and can

be discarded. Based on the above, there may be a requirement to separate the clean speech from
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the speech with background music. This motivated to explore the clean speech versus speech with

background music classification technique.

As mentioned earlier, this task has been rarely explored, as a result, the features that will be defined

in this work will be mostly looked at in terms of the speech characteristics. Speech is produced by

exciting a time varying vocal tract system by a time varying source. If the music had been produced

simultaneously along with the speech, some characteristics of the vocal tract system may have been

affected. However, most of the time the music is added to speech at particular dB level after the

speech is produced, and the resultant speech segment present in the signal can still be perceived. This

indicates that the source and the vocal tract characteristics of speech remain intact. Any processing

of the resultant signal can be looked at in terms of the source and vocal tract characteristics.

In this work, it is assumed that background music in speech is mostly additive and hence the

vocal tract characteristics remain intact. But the overall signal characteristics of that speech with

background music segment may be affected and cause their nature to be different compared to their

nature in clean speech. The difference in nature is mostly due to the presence of music. By deriving

features based on the vocal tract characteristics, some kind of discriminative information for the

clean speech and speech with background music may be achieved. Even though the feature may

capture the vocal tract characteristics of the speech and speech with background music segments, the

presence of music in the latter may cause deviation in the value of this feature and this deviation is

mostly due to the effect of the music in the signal. The deviation provides a sense of discrimination

for the clean speech and speech with background music segments, thereby allowing for an effective

classification between the two classes. The basic feature which represents the vocal tract characteristics

is the mel frequency cepstral coefficients (MFCCs). MFCCs have been chosen as a base features for

this task since they have been used in different types of speech related tasks and showed promising

performances. The MFCCs are expected to deviate from the clean speech behavior when music is

present in the background of speech which may provide discriminative information in terms of the

vocal tract system. The classification system using MFCC features will be treated as a baseline system

in this work.

The MFCCs represent the average spectral characteristics of a signal [90] since the energy in each

band is summed during the MFCC computation. The average spectral characteristics may not be

able to completely characterize the signal for the clean speech and speech with background music
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Figure 4.2: Figure showing the difference between DFT and HNGD spectrum for a segment of 5ms (marked
as black rectangle) of speech and speech with background music (a) Clean Speech (b) its DFT spectrum (dotted
black) and (c) HNGD spectrum (continuous red) (d) Speech with background music (e) its DFT spectrum (dotted
black) and (f) HNGD spectrum (continuous red)

classification. Some fine fluctuations in the spectrum may be required to be captured for this task,

since the presence of music for the speech with background music segments may be reflected in the

fine spectral characteristics. To illustrate this point consider Figure 4.2. It can be seen in the figure

that there is deviation of the overall signal characteristics, where it is observed that on adding music

to the clean speech, the magnitude spectrum (marked as dotted black in Figure 4.2(b)& (e)) of a small

segment (5 ms) of clean speech and speech with background music is different and this difference can

be observed mostly in the fine spectral fluctuations. The specific changes are that some of the peaks

get slightly shifted, the magnitude at 0 Hz is higher for the speech with background music and the

introduction of additional peaks in the higher frequency regions for the speech with background music

segment. Overall, it can be observed that there is a different nature for the peaks and valleys in clean

speech and speech with background music segments. The difference of the fine spectral fluctuations

in terms of the peaks and valleys indicates that there is discriminative information present between

the two classes and if proper features are derived, a good level of classification may be achieved.

The characteristics of the peaks and valleys can be captured by the spectral contrast which has been

explored in [90]. The spectral contrast finds the difference between the spectral peaks and spectral
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valleys in each sub-band. This feature has already been used in music classification task [90] and has

been shown to perform well. This feature represents the relative spectral characteristics as opposed

to MFCCs which represent the average spectral characteristics. The use of this feature may be

complementary to the MFCC features for the classification task in this work.

The spectral contrast is computed on the DFT spectrum of a short (5 ms) segment of speech

in order to capture the relative spectral differences of the clean speech and speech with background

music observed in Figure 4.2. This DFT spectrum represents the spectral characteristics of the vocal

tract system [91]. It was observed in [91], that the peaks due to the formants generally appear to

be less prominent for the DFT spectrum since the spectral characteristics of the vocal tract system

are averaged over the analysis window. In [91], Hilbert Envelope of the Numerator of Group Delay

(HNGD) spectrum [91] was proposed which provides the instantaneous spectral characteristics of the

vocal tract system and this method complements the existing DFT method in terms of the temporal

resolution. It was chosen in [91] to take advantage of the additive and high resolution property of the

group delay function [92–94]. The HNGD spectrum is based on zero time liftering which is analogous

to the zero frequency filtering [19, 95]. This spectrum has been shown to give prominent peaks and

valleys and computing the spectral contrast on the HNGD may provide better discrimination for the

classification task than on the DFT. The features may need to be analyzed in terms of the frame level,

utterance level, and the histogram level in order to properly understand their characteristics and to

assess their contribution to the clean speech/speech with background music classification. The overall

novelty can be described as follows:

• The spectral contrast has been shown to perform well for the music classification task. Its

effectiveness for the classification between clean speech and speech with background music is

explored

• In addition to computing the spectral contrast on DFT, the spectral contrast on HNGD is also

computed and its ability to capture the relative spectral characteristics is investigated

• The combination of the average spectral characteristics represented by MFCCs and the rela-

tive spectral characteristics represented by the spectral contrast on DFT or HNGD, for the

classification task are explored

• The analysis of the features at the frame level, utterance level, and histogram level is performed.
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The features in this work hence consist of the spectral contrast of the HNGD spectrum which

represents the relative spectral characteristics, the MFCCs which is considered as the baseline system

and represents the average spectral characteristics and the spectral contrast of the DFT spectrum for

comparison. The parameters for computing the spectral contrast which are the spectral peaks and

spectral valleys are also considered as additional features since it was mentioned in [90] that these

features, especially the spectral valleys give an additional spectral information. These features are

evaluated individually to show their contribution to the task and are also combined by concatenating

them to show their complementary nature with respect to each other. All the features (individual and

combined) are passed through the classifiers consisting of the Support Vector Machines (SVM) and

Gaussian Mixture Models (GMM).

The rest of the paper is organized as follows. The feature description and feature analysis are

given in Section 4.2 and 4.3. Section 4.4 describes the classification framework. The results are given

in Section 4.5. Finally, the conclusion is given in Section 4.6.

4.2 Spectral Contrast on DFT and HNGD spectrum representing
Vocal Tract System Characteristics

This section provides the description of the various features used for the classification task in

this work. The MFCC features which are considered as the baseline in this work are widely used in

different speech and speaker application tasks. The description of their extraction can be found in

a wide variety of literature related to speech related applications like speech recognition and speaker

recognition. In this work, the 13-dimensional MFCCs are computed over a window size of 20 ms with

a shift of 10 ms.

The spectral contrast feature will be described in detail here and note that this feature is computed

on both the DFT and the HNGD spectrum. Hence the description of these two kinds of spectrums

will be done first.

The DFT spectrum is defined as follows:

S[k, i] =
N−1∑
n=0

s[n+ iR]w[n]e
−j2πnk

N (4.1)

where s[n] is the speech signal, w[n] is a rectangular window, R is the frame shift, and N is the

total number of points for computing the Fourier transform. The DFT spectrum is computed on a 5
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ms window with every sample shift and the number of points for computing it is 2048.

The HNGD spectrum [91], on the other hand is obtained as follows:

(a) Consider M samples of the differenced audio signal s[n]. That is s[n] is defined for n =

0, 1, ...,M − 1.

(b) Choose the DFT length N >> M so that there is sufficient sampling in the frequency domain.

The signal s[n] is appended with the appropriate number of zeros to make its length equal to N .

(c) The windowed signal x[n] is obtained as x[n] = s[n]w1[n], for n = 0, 1, ..., N − 1, where

w1[n] =


0, n = 0

1/(4sin2(πn/(2N))), n = 1, 2, ..., N − 1,

(4.2)

where N is the window length.

Since the window function is highly decaying in nature, masking of the formant peaks may occur

due to over-smoothing. This effect can be reduced by using the Fourier transform phase spectrum

called the Group-Delay spectrum in place of the magnitude spectrum.

(d) The Numerator of Group Delay (NGD) function of x[n] is then computed as,

g[k] = XR[k]YR[k] +XI [k]YI [k], k = 0, 1, ..., N − 1 (4.3)

where X[k] = XR[k] + jXI [k] is the N-point DFT of the sequence x[n], and Y [k] = YR[k] + jYI [k]

is the N-point DFT of the sequence y[n] = nx[n].

(e) The NGD function is double-differenced and sign reversed to obtain a function referred to as

the DNGD function. This is done to enhance the spectral resolution and sharp peaks will be obtained

at the formant locations.

(f) Finally, the Hilbert envelope (HE) [75] of the DNGD function is computed to obtain the HNGD

spectrum which highlights the peaks obtained above.

The Hilbert envelope a[n] of a sequence e[n] is obtained as

a[n] =
√
e2[n] + e2

h[n] (4.4)

where eh[n] is the Hilbert transform of e[n],and is given by

eh[n] = IDFT(Eh[ω]) (4.5)
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4. Clean Speech/Speech with Background Music Classification using HNGD spectrum

where

Eh[ω] =


−jE[ω], 0 < ω < π

jE[ω],−π < ω < 0

(4.6)

and E[ω] is the DTFT of e[n].

The HNGD spectrum is computed on a 5 ms window with every sample shift, and the number of

points for computing the DFT is 2048 [91].

Finally, the spectral contrast feature [90] which estimates the strength of the spectral peaks, valleys

and their differences in each sub-band is computed on the DFT and HNGD spectrum as follows.

Suppose the DFT or HNGD vector of the kth sub-band is xk,1, xk,2, L, xk,N . Sorting in descending

order we obtain x′k,1, x
′
k,2, L, x

′
k,N where x′k,1 > x′k,2 > L > x′k,N .

The strength of the DFT or HNGD spectral peaks and valleys are estimated as:

Peakk = log{ 1

αN

αN∑
i=1

x′k,i} (4.7)

V alleyk = log{ 1

αN

αN∑
i=1

x′k,N−i+1} (4.8)

and their difference is:

SCk = Peakk − V alleyk (4.9)

where N is the total number of bins in the kth sub-band.

The value of α for the spectral peak and valley computation was set to 0.3. This value is set

according to the best performance achieved in the experiments while varying α in the range of 0.1

to 0.5. The triangular overlapping filters are used, placed uniformly over the frequency band with

a total number of six sub-bands. The spectral contrast over each sub-band is summed to obtain a

single dimensional feature. The spectral peaks and valleys over the sub-bands are also summed. The

summing process is done to reduce the dimension of the feature resulting in lesser computational

requirements. This is also done so as to obtain a better representation of the feature since the feature

can now be expressed as a single dimension and the behavior of this feature can be better displayed

and analyzed. The behavior of the single dimensional feature, for example, the spectral contrast can

be seen in Figure 4.3(b). A better analysis of the features will be provided in the next section. A
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discussion on the effect of with and without summing the spectral contrast feature will be discussed

in the results and discussion section.

4.3 Frame-wise, Utterance-wise and Histogram-wise Characteriza-
tion of Vocal Tract System Features

The MFCCs represent the average spectral characteristics of the vocal tract system. The presence

of music in the background will tend to change the average spectral characteristics and this difference

can be captured by the MFCCs for performing the classification. However, some of the fine level

changes in the spectrum may not be captured by the MFCCs since the spectral magnitudes in each

band are averaged out. The MFCCs give an approximate spectral envelope characterizing the formants

of the vocal tract system. The other frequency components which may also consist of components of

the music may be averaged out while computing MFCCs thus giving a lower level of discrimination

between the clean speech and speech with background music.

The spectral contrast represents the relative spectral characteristics and captures the fine level

changes of the spectrum pertaining to the vocal tract system. In addition to capturing the formant

peaks, the relation of the peaks to the valleys of the spectrum is captured thus, in essence, giving a

better measure of the frequency components present in addition to speech, since the presence of the

music in the background of speech may affect both the formant peaks and valleys of the spectrum

compared to the formants and peaks when only speech is present.

The analysis of the features in this section will be described in three ways. The first is in terms

of the frame wise characteristics of the DFT and HNGD spectrum and how it may affect the spectral

contrast. The second is the utterance wise characteristics. The behavior of the spectral contrast on

both the DFT and the HNGD spectrum will be studied over an utterance. The third analysis will

consist of the behavior of the spectral contrast feature over a larger number of utterances. This study

will be in terms of the histogram analysis, to explore the amount of separability of the features and

their comparison.

4.3.0.1 Frame-wise Characteristics

Figure 4.2 shows the frame wise behavior of the DFT and the HNGD spectrum for the clean speech

and speech with background music. Note that the DFT and HNGD spectrum has been normalized

in the range from 0 to 1 in the figure to visualize the difference between the two kinds of spectrums.
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4. Clean Speech/Speech with Background Music Classification using HNGD spectrum

The speech with background music consists of the same clean speech segment but with the addition of

music (guitar music taken from the GTZAN database which has been explored in [30,85,96]) at a signal

to music ratio of 0dB. It is mentioned earlier that the addition of music to speech tends to change the

overall signal characteristics of clean speech and it can be clearly seen in the figure (marked as dotted

black for DFT) that the peaks and even valleys are affected due to the addition of music. This causes

a deviation of the signal characteristics from their original clean speech behavior. This difference is

captured for discriminating clean speech and speech with background music. It can also be observed

in Figure 4.2(c)&(f) (marked as continuous red) that the signal characteristics obtained from HNGD

spectrum are also affected by adding music which shows that computing the spectral contrast on this

spectrum may also be feasible for discriminating clean speech and speech with background music.

An interesting observation can be seen by comparing the continuous red and dotted black plots for

the HNGD and the DFT spectrum, respectively, in Figure 4.2. It is to be noted that the same audio

segments are used for computing the DFT (dotted black) and the HNGD (continuous red) so as to

easily compare their characteristics. The HNGD displays better spectral resolution compared to the

DFT spectrum as observed. For the clean speech case (Figure 4.2(b) and (c)) the peaks around 700

Hz, 1700 Hz, and 2700 Hz are sharper for the HNGD (continuous red) compared to the DFT (dotted

black) spectrum. This sharpness causes the spectral contrast which is the difference between the peaks

and valleys, to have a higher value when computing on HNGD as compared to when computing on

DFT. On the other hand, for the speech with background music regions (Figure 4.2(e) and (f)) it is

seen that the peaks around the 1700 Hz, 2700 Hz, and 3400 Hz are only slightly sharper for the HNGD

compared to the DFT. This may cause the spectral contrast to having almost the same values when

computed on the HNGD and the DFT. In addition, the peaks around the 700 Hz are sharper for the

HNGD compared to DFT, but for the region around (0-500 Hz), the amplitude of the HNGD has been

drastically increased and a peak has been introduced around the 300 Hz region. The reason for the

introduction of the peak around 300 Hz is because of the higher resolution of the numerator of group

delay (NGD) function. This property of NGD causes the resonance features of the spectrum to be

highlighted [91]. For the speech with background music segments, the music component, in particular,

the instrumental ones may have a resonance like nature and this will cause the NGD function to

highlight the resonance features of music as well. If we consider computing the spectral contrast (say

for a band from 0 to 1000 Hz), its value will be lower for the HNGD compared to the DFT case.
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Figure 4.3: Figure to demonstrate the behavior of the raw features for a single utterance for DFT and HNGD
spectrum (a) Audio signal, where the first 5 s correspond to clean speech and the next 5 s correspond to the
speech with background music taken from the Scheirer & Slaney database (b) Sum of Spectral Contrast (c) Sum
of Spectral Peaks (d) Sum of the Spectral Valleys, of DFT (e) Sum of Spectral Contrast (f) Sum of Spectral
Peaks (g) Sum of the Spectral Valleys, of HNGD

The region around (0-500 Hz), in Figure 4.2(e) and (f), which was a sharp valley for the DFT has

become flatter for the HNGD, thus in essence giving a smaller peak to valley difference for the HNGD

particularly if it is computed in a band say around (0-1000 Hz). Overall, for the clean speech, it is

expected that the spectral contrast value will be higher on the HNGD compared to the DFT, and

for the speech with background music, its value may be equal or lower on the HNGD compared to

the DFT. This implies that the spectral contrast computed on HNGD spectrum may provide a better

discrimination for clean speech and speech with background music regions.

4.3.0.2 Utterance-wise Characteristics

The frame wise characteristics showed that both the DFT and HNGD spectrums are capable of

discriminating clean speech and speech with background music and it is expected that the spectral

contrast on the HNGD will provide a better discrimination. In this section, an utterance is considered

and this utterance consists of first 5 s of clean speech followed by next 5 s of the speech with background

music taken from the Scheirer & Slaney database (the details of the database will be described in the

results section). The spectral contrast sum is computed on this utterance for both the DFT and the
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Figure 4.4: Figure to demonstrate the behavior of the smoothed features for a single utterance for DFT and
HNGD spectrum (a) Audio signal, where the first 5 s correspond to clean speech and the next 5 s correspond
to the speech with background music taken from the Scheirer & Slaney database (b) Smoothed Sum of Spectral
Contrast of DFT (dotted black) and HNGD (continuous red) (c) Smoothed Sum of Spectral Peaks of DFT (dotted
black) and HNGD (continuous red) (d) Smoothed Sum of the Spectral Valleys of DFT (dotted black) and HNGD
(continuous red)

HNGD case and it is plotted in Figure 4.3. The spectral contrast sum on DFT is clearly seen to

be higher for the clean speech segments and lower for the speech with background music segments

(Figure 4.3 (b). The sum of the spectral peaks and valleys on DFT are also plotted and shown in (c)

and (d) of Figure 4.3. The sum of the spectral peaks and valleys also show discrimination between

the two classes. The sum of the spectral contrast on DFT in Figure 4.3(b) is smoothed by computing

the mean over a 1 s frame with a shift of 1 s and plotted in Figure 4.4 (b) marked as dotted black.

The smoothed version is computed to clearly show the discrimination between the two classes. The

sum of the spectral peaks and valleys on DFT are also smoothed by computing the variance over a 1

s frame with a shift of 1 s and shown in Figure 4.4 (c) and (d) marked as dotted black. The variation

of the sum of the spectral peaks and valleys are higher for the clean speech segments compared to the

speech with background music segments which is why the smoothing is performed by computing the

variance. Similarly the sum of the spectral contrast, peaks and valleys are computed for the HNGD

case and plotted in Figure 4.3 (e),(f) and (g). The smoothed versions for the HNGD are plotted as

continuous red lines in Figure 4.4 (b),(c) and (d).
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On comparing the plot of Figure 4.4(b) in which the dotted black line shows the sum of the spectral

contrast computed on the DFT and the continuous red line shows the sum of the spectral contrast

computed on the HNGD, it can be seen that the smoothed sum of the spectral contrast is higher for

the HNGD case compared to the DFT spectrum for the clean speech and this can be observed clearly

around the (2-4.5) s segments of the clean speech. The value of the smoothed sum of the spectral

contrast for the speech with background music segment is almost the same for both the HNGD and

the DFT spectrum (6.5-8)s. For the region from (8-9.5)s, the value is lower for the HNGD compared to

the DFT. The reason for this is attributed to the occurrence of amplitude increase around the (0-500

Hz), which has been observed earlier for the HNGD on speech with background music segments while

performing the frame-wise characteristics (Figure 4.2(d)). The increase in amplitude may have caused

the spectrum to be flatter which gives a lower peak to valley difference for the HNGD compared to

the DFT. There are also cases where the value for DFT is lower than for the HNGD (around 6 s). For

the case around 6 s of Figure 4.4(b), the HNGD for the particular frame around that region may have

caused the amplitude to increase. However, this increase may have caused the peak to be sharper

in some other frequency band different from the (0-500 Hz) band observed earlier, considering the

non-stationarity of music. It may also happen that the resonant frequency of a certain kind of music

may be same as that of the resonant frequency of the vocal tract system of speech, thus it may further

sharpen the existing peaks corresponding to speech. This sharpness of the peak may cause the peak

to valley difference to be higher for the HNGD compared to the DFT.

Overall, it is expected that there should be a larger discrimination between the feature values of

the two classes for the HNGD compared to the DFT. This shows that the evidence observed for the

frame-wise characteristics is reflected for a single utterance as well which means that computing the

spectral contrast on the HNGD may give better discrimination than the DFT spectrum for the two

classes. The frame-wise and utterance-wise characteristics display some evidence for the discrimination

of clean speech and speech with background music segments. However, some statistical analysis is

required to obtain the actual feature distribution and to gain more insight of the overlap between the

features. For this purpose, the histogram of the features is computed and is discussed in the following

section.

The sum of the spectral peaks in Figure 4.3(c) of the HNGD (continuous red) are higher than DFT

(dotted black) for both the clean speech and speech with background music regions. The reason is due
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Figure 4.5: Histogram plot for S&S database to display the degree of overlap for computing the features on
DFT and HNGD. The distribution for clean speech is represented by the continuous red line while for the speech
with background music it is represented by the dotted black line. (a) Sum of Spectral Peaks (b) Sum of Spectral
Valleys (c) Sum of Spectral Contrast, of DFT (d) Sum of Spectral Peaks (e) Sum of Spectral Valleys (f) Sum
of Spectral Contrast, of HNGD

to the sharpness of the peaks which is caused by the HNGD, due to the high resolution properties of the

NGD function used for computing HNGD. Similarly, the sum of the spectral valleys in Figure 4.3(d) is

also higher for the HNGD than the DFT for both the clean speech and speech with background music

regions due to the sharpness of the valleys caused by the additive and high resolution properties of the

NGD function. Although the values are higher for the sum of spectral peaks and sum of the spectral

valleys for the HNGD in the clean speech, their values in the speech with background music are also

high which shows that there may not be advantages of using HNGD for the spectral peaks and valleys.

In contrast, for the spectral contrast, the values in the clean speech for the HNGD are higher than the

DFT, while the values are lower for the HNGD compared to the DFT for the speech with background

music regions which may give more discrimination for reasons mentioned earlier. However, the sum

of the spectral peaks and valleys will be included since they may give additional spectral information.

4.3.0.3 Histogram-wise Characteristics

The analysis over a larger number of utterances is performed by computing the histogram for the

sum of the spectral contrast on both the HNGD and the DFT spectrum. A total of 60 utterances
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which consists of 5 s of clean speech followed by 5 s of speech with background music are taken from the

Scheirer and Slaney database to compute the histogram and shown in Figure 4.5. The distribution

for the clean speech and speech with background music is displayed as continuous red and dotted

black, respectively. The histogram of the sum of the spectral peaks and valleys are also shown in the

figure. It can be observed that all the features show a good discrimination between the two classes

with a small degree of overlap between the classes. It can be observed in Figure 4.5 (c) and (f),

that there is a higher degree of overlap for the sum of the spectral contrast computed on the DFT

spectrum compared to the HNGD spectrum which supports the observations of the frame wise and

utterance wise behaviors of the feature. This shows that the sum of the spectral contrast computed

on the HNGD spectrum has a higher level of discrimination between the clean speech and speech with

background music regions.

Table 4.1: Bhattacharyya coefficients computed on the histograms given in Figure 4.5

Feature → Sum of Spectral Peaks Sum of Spectral Valleys Sum of Spectral Contrast

DFT 0.4841 0.4985 0.6142

HNGD 0.5031 0.4877 0.5528

In order to quantify the separability between the two distributions, Bhattacharyya coefficient

was computed on the histograms and displayed in Table4.1. The coefficient values display a higher

separability for the HNGD case compared to the DFT case for the sum of the spectral contrast which

validates the observations earlier.

4.4 Description of Feature Extraction and Classification of Clean
Speech vs Speech with Background Music

The overall clean speech versus speech with background music classification system can be seen in

Figure 4.6. Given an audio signal, the different features as shown in the figure are extracted. First, the

MFCCs are extracted for a window size of 20 ms with a shift of 10 ms. The spectral contrast, spectral

peak, and spectral valley are computed for a window size of 5 ms with every sample shift. Next,

the spectral contrast, spectral peak, and the spectral valley are each summed over all their respective

bands. The next step involves taking a longer and fixed window size to compute the statistics of

the features so that they may be combined uniformly. The variance of MFCCs over 1 s is taken.
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Similarly, the sum of the spectral contrast shows good discrimination after mean smoothing which

Figure 4.6: Representation of how features are obtained from an Audio input and fed to the classifiers for
training and testing. The MFCC features are computed for a frame size of 20 ms with a shift of 10 ms while
the spectral based features are computed for a frame size of 5 ms with a shift of every sample. 6 sub-bands are
considered so the summing is done over these 6 sub-bands. The statistics, mean and variance are computed over
a window of 1 s with a shift of 1 s.

tells that taking the mean of the spectral contrast sum is a good option to obtain the feature. The

same 1 s window size is taken for computing the mean. The sum of the spectral peak and valley shows

good discrimination after variance smoothing and hence the variance of the spectral peak and valley

over 1 s is computed to obtain the statistic of this feature. The features obtained are hence either

passed individually or combined by concatenation through the classifiers for training and testing. The

classifiers used in this work consists of the GMM and the SVM. The parameters of the classifiers are

decided by training with different parameter values varied by a grid search. The parameters which

perform the best on the testing set are selected. All the experiments using SVM were carried out

using the libSVM [84] with a radial-basis function (RBF) kernel.

4.5 Results and Discussion

4.5.1 Database

The clean speech versus speech with background music classification task is tested on data which

consists of the Scheirer & Slaney (S&S) database [12] (having 60 files of speech and 60 files of speech
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Table 4.2: Classification accuracy (%) using different features on S&S database

Spectrum → DFT HNGD

Feat (classification) ↓ Speech Music Overall Speech Music Overall

MFCC (GMM) 84.77 84.33 84.55 - - -

SP (GMM) 79.44 91.00 85.22 80.33 93.22 86.77

SV (GMM) 79.66 90.00 84.83 80.77 93.33 87.05

SC (GMM) 81.66 83.44 82.55 84.22 86.66 85.44

SP+MFCC(GMM) 87.22 86.33 86.77 89.22 87.22 88.22

SV+MFCC(GMM) 86.88 86.22 86.55 88.44 87.33 87.88

SC+MFCC(GMM) 88.55 85.44 87.00 90.33 85.88 88.11

MFCC+SP+SV+SC(GMM) 89.77 87.88 88.83 91.55 89.55 90.55

MFCC (SVM) 85.33 86.33 85.83 - - -

SP (SVM) 87.22 87.22 87.22 85.22 89.11 87.16

SV (SVM) 87.55 85.11 86.33 85.22 89.00 87.11

SC (SVM) 84.44 80.22 82.33 87.44 83.55 85.50

SP+MFCC(SVM) 89.11 87.33 88.22 90.44 88.44 89.44

SV+MFCC(SVM) 88.22 86.66 87.44 90.33 88.00 89.16

SC+MFCC(SVM) 89.44 87.11 88.27 90.33 87.33 88.83

MFCC+SP+SV+SC(SVM) 91.33 87.77 89.55 91.66 88.77 90.22

with background music, each of length 15 s). The audio data in this database has a sampling frequency

of 22050 Hz and has been down-sampled to 8000 Hz. The broadcast news (BN) database recorded from

Indian broadcast news channels (having 500 files of speech and 500 files of speech with background

music, each of length 5 s) is also considered for the task. The sampling frequency of this data is 8000

Hz. The speech with background music segments in the broadcast news case are the ones taken from

voice-over speech and news headlines.

4.5.2 Results using GMM and SVM

The evaluated results for the S&S database are shown in Table 4.2. The results using MFCCs

are quite promising considering the complexity of the two classes. First, the results using the GMM
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4. Clean Speech/Speech with Background Music Classification using HNGD spectrum

Table 4.3: Classification accuracy (%) using different features on BN database

Spectrum → DFT HNGD

Feat (classification) ↓ Speech Music Overall Speech Music Overall

MFCC (GMM) 78.28 86.52 82.40 - - -

SP (GMM) 83.36 91.20 87.28 84.60 92.76 88.68

SV (GMM) 83.24 90.88 87.06 84.44 92.84 88.64

SC (GMM) 76.96 80.32 78.64 83.28 81.48 82.38

SP+MFCC(GMM) 87.56 88.00 87.78 87.00 88.48 87.74

SV+MFCC(GMM) 87.08 87.88 87.48 86.56 88.40 87.48

SC+MFCC(GMM) 84.60 87.60 86.10 84.72 88.08 86.40

MFCC+SP+SV+SC(GMM) 89.80 88.52 89.16 89.28 89.96 89.62

MFCC (SVM) 91.40 89.00 90.20 - - -

SP (SVM) 87.56 88.16 87.86 89.20 89.96 89.58

SV (SVM) 88.04 87.80 87.92 89.20 89.44 89.32

SC (SVM) 79.40 77.48 78.44 84.80 79.72 82.26

SP+MFCC(SVM) 91.80 91.24 91.52 92.08 92.00 92.04

SV+MFCC(SVM) 91.68 90.76 91.22 91.88 91.76 91.82

SC+MFCC(SVM) 92.92 90.56 91.74 93.60 90.84 92.22

MFCC+SP+SV+SC(SVM) 93.32 91.32 92.32 93.88 92.36 93.12

classifier will be discussed. The results on the individual features are shown initially where it is

observed that the sum of the spectral peaks gives the best performance followed by the sum of the

spectral valley and then the sum of the spectral contrast on the DFT spectrum. However on combining

each of these features with MFCCs, the sum of the spectral contrast feature performs better which

shows that this feature even though it may not perform well individually has a better complementary

nature with MFCCs thereby improving the performance compared to the sum of the spectral peaks

and the sum of the spectral valleys when using GMM. The results on the HNGD spectrum are better

than the case of DFT as expected due to the additive and high resolution property of the HNGD

spectrum which gives a better discrimination between the two classes. On combining the features in

the HNGD case, the sum of the spectral contrast with MFCCs gives almost a comparable performance
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4.5 Results and Discussion

with the case when the sum of the spectral peaks are combined with MFCCs. The best performances

are achieved when all the features are combined together which are the results shown in bold for the

GMM case. A similar trend is observed when using SVM as a classifier.

Next, the evaluation is done on the BN database and shown in Table 4.3. The similar trends

are observed for this database also. The only difference being that the sum of spectral contrast

combination with MFCCs on both DFT and HNGD, performs lesser compared to the combination

of the sum of spectral peaks and valleys when using GMM as a classifier. However, the difference

is minimum. When using SVM the sum of the spectral contrast combination with MFCCs on both

DFT and HNGD has almost the same performance compared to the other two combinations. The

combination of all the features in this case also gave the best results and can be seen in bold both

using GMM and SVM in the table.

An interesting trend which has been mentioned earlier is observed in the results of Table 4.2 and

4.3. The sum of the spectral contrast feature performs lesser compared to the sum of the spectral peaks

and valleys. However, by combining each of these features, their performances are almost comparable

and in some cases, the sum of the spectral contrast combination is better than the sum of the spectral

peaks or valleys combination with MFCCs. The reason for this may be because the spectral peaks

which are captured for computing the sum of the spectral peak feature may have already been captured

by the MFCCs since the MFCCs represent approximately the spectral envelope which includes peaks

of the spectrum as well. As a result, there is common information captured by both of them hence

resulting in the combination to not be complementary enough. The spectral valley information may

also have been captured by the MFCCs since the spectral envelope represented by the MFCCs may

have some information of the valleys of the spectrum. A certain band for computing MFCCs may also

cover a valley of the spectrum. On the other hand, the MFCCs do not capture the difference between

the peaks and valleys in each sub-band. In the sense, the MFCCs sum up the values in each band

thereby averaging out the spectral characteristics of that band. The spectral contrast gives a relative

difference of the peaks and valleys in each band. These two features hence complement each other in

a better way and it is reflected in the results of the Table 4.2 and 4.3.

4.5.3 Mismatched Training and Testing Data

An experiment was also conducted to see how training on one database and testing with the other

affects the results. The training was done on the S & S database and tested on the Broadcast News
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4. Clean Speech/Speech with Background Music Classification using HNGD spectrum

Table 4.4: Classification accuracy (%) on the BN database using the models trained on the S & S database.

Spectrum → DFT HNGD

Feat (classification) ↓ Speech Music Overall Speech Music Overall

MFCC (GMM) 69.64 93.20 81.42 - - -

SP (GMM) 91.00 85.48 88.24 94.28 82.88 88.58

SV (GMM) 90.20 86.24 88.22 94.24 82.44 88.34

SC (GMM) 82.24 73.60 77.92 91.24 71.20 81.22

SP+MFCC(GMM) 88.24 91.44 89.84 91.04 90.96 91.00

SV+MFCC(GMM) 87.12 91.64 89.38 90.96 91.00 90.98

SC+MFCC(GMM) 84.20 92.60 88.40 86.08 91.68 88.88

MFCC+SP+SV+SC(GMM) 91.84 89.96 90.90 94.52 88.52 91.52

MFCC (SVM) 72.60 93.24 82.92 - - -

SP (SVM) 94.56 80.64 87.60 95.88 76.92 86.40

SV (SVM) 93.84 80.80 87.32 95.64 76.76 86.20

SC (SVM) 84.60 69.48 77.04 92.72 67.76 80.24

SP+MFCC(SVM) 91.08 89.48 90.28 93.60 88.40 91.00

SV+MFCC(SVM) 89.68 90.44 90.06 93.24 88.24 90.74

SC+MFCC(SVM) 88.12 92.56 90.34 89.52 90.80 90.16

MFCC+SP+SV+SC(SVM) 92.08 90.12 91.10 95.04 88.08 91.56

database. The results of this are shown in Table 4.4.The similar trends as Table 4.2 and 4.3 is

observed where the sum of the spectral contrast feature performs poorly compared to the sum of the

spectral peaks and the spectral valleys. The combination of the sum of spectral contrast with MFCCs

is almost comparable to the case of combining the sum of the spectral peaks or valleys with MFCCs.

The HNGD case performs better compared to the DFT case. The combination of all the features gave

the best performance using both GMM and SVM.

4.5.4 Results without Summing the Features

It was mentioned earlier that the spectral contrast was summed to reduce the dimensional of

the feature hence requiring lesser computations. An experiment was conducted to see the effect of
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Table 4.5: Performance in terms of classification accuracy (%) using the different individual features on the
S&S database and the BN database. In the table, the abbreviations, MFCC indicates the mel frequency cepstral
coefficients, SC indicates spectral contrast, SV indicates spectral valley and SP indicates spectral peak. The
classifier used is GMM.

Database → S&S database BN database

Spectrum → DFT HNGD DFT HNGD

Features ↓ Speech SBM Overall Speech SBM Overall Speech SBM Overall Speech SBM Overall

MFCC 84.77 84.33 84.55 - - - 78.28 86.52 82.40 - - -

SP 84.33 91.88 88.11 78.33 94.55 86.44 79.37 89.28 84.32 77.05 89.88 83.47

SV 79.66 90.66 85.16 78.44 94.55 86.50 77.94 89.34 83.64 75.97 89.65 82.81

SC 65.77 78.44 72.11 69.00 79.33 74.16 46.85 81.08 63.97 59.05 81.82 70.44

MFCC+SC+SV+SP 85.11 90.11 87.61 83.77 92.88 88.33 81.62 87.05 84.34 80.97 87.65 84.39

not summing the spectral contrast on both the DFT and HNGD spectrum. The spectral peaks and

valleys are also evaluated. The results of using the spectral contrast as a 6-dimensional feature (from

the 6 sub-bands) are given in the second last row of Table 4.5. The experiments for this case have

been conducted using GMM on both the DFT and HNGD. By comparing the spectral contrast result

in Table 4.5 with the sum of the spectral contrast result in the sixth row of Table 4.2 for the S&S

database, it is observed that the sum of the spectral contrast performs better on both the DFT and

HNGD cases. For the BN database also the sum of the spectral contrast performs better than the

6-dimensional spectral contrast. The result of the sum of the spectral contrast on the BN database

can be found in the sixth row of Table 4.3. The spectral peaks and valleys have almost comparable

performances for the sum of the spectral contrast and the 6-dimensional spectral contrast. The results

when combining all the features is also better on both the DFT and the HNGD, after summing the

features compared to the case when directly the large dimensional features are used. These summed

results are shown bold in Table 4.5 as well as in Table 4.2 and 4.3. This shows that in addition to

the lower computational cost for the added features, the results are also better when using the sum

of the spectral contrast as a single dimensional feature.

4.5.5 Results on Speech with Background Noise of BN database

The features have shown to perform well for the classification of clean speech and speech with

background music segments. In the broadcast news, there may also be a presence of speech with
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4. Clean Speech/Speech with Background Music Classification using HNGD spectrum

Table 4.6: Classification accuracy (%) using different features on BN database for the clean speech vs speech
with background noise classification

Spectrum → DFT HNGD

Feat (classification) ↓ Speech Music Overall Speech Music Overall

MFCC (GMM) 78.45 87.48 82.97 - - -

SP (GMM) 82.00 88.57 85.28 81.60 89.02 85.31

SV (GMM) 80.68 87.54 84.11 80.40 88.97 84.68

SC (GMM) 73.82 74.22 74.02 78.40 76.80 77.60

SP+MFCC(GMM) 84.80 88.57 86.68 84.74 88.68 86.71

SV+MFCC(GMM) 84.45 88.57 86.51 84.22 88.34 86.28

SC+MFCC(GMM) 81.71 89.25 85.48 82.62 89.48 86.05

MFCC+SP+SV+SC(GMM) 88.22 89.25 88.74 87.60 89.77 88.68

MFCC (SVM) 86.05 86.80 86.42 - - -

SP (SVM) 78.91 89.20 84.05 86.28 85.82 86.05

SV (SVM) 81.94 86.28 84.11 85.88 85.02 85.45

SC (SVM) 79.20 69.94 74.57 75.71 78.11 76.91

SP+MFCC(SVM) 89.82 88.97 89.40 89.71 89.48 89.60

SV+MFCC(SVM) 89.14 88.74 88.94 89.31 89.20 89.25

SC+MFCC(SVM) 91.25 89.82 90.54 91.37 89.88 90.62

MFCC+SP+SV+SC(SVM) 91.48 90.22 90.85 91.25 90.00 90.62

background noise in cases where the coverage is in outdoors. An example can be for the case of

a reporter’s speech. Such outdoor scenarios may be under the influence of different types of noise.

It will be interesting to see if the features work for the classification of clean speech and speech

with background noise cases. 500 files of clean speech and 500 files of speech with background noise

have been taken and the algorithm using the defined features is evaluated for the classification of

clean speech versus speech with background noise segments. The results are evaluated and shown in
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Table 4.6. It can be observed from the table that good performances are achieved for this case also

and the trend of the results are similar to the classification task of clean speech versus speech with

background music. This shows that the features are robust against any kind of information present in

the background, be it music or noise. The combination of all the features gave the best performance

and are shown as bold fonts in Table 4.6. The HNGD and the DFT seem to be giving comparable

performances for this type of classification.

4.6 Summary

This work explores the vocal tract features of speech in the form of the sum of the spectral contrast

on DFT and HNGD spectrum for clean speech versus speech with background music segments. These

features have been compared with MFCCs and have found to be better. The MFCCs represent the

average characteristics while the sum of the spectral contrast represents the relative characteristics

of the spectrum related to the vocal tract system of speech. The relative and average characteristics

have also been combined by concatenating the MFCCs with the spectral contrast. The combination

case gave the best performances across the two databases (S&S and BN database). Among the DFT

and HNGD spectrum, the HNGD performs better due to its additive and high resolution property.
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5.1 Introduction

Objective

This work explores the significance of source information for speech enhancement resulting in better

phone recognition of speech with background music segments. Standard procedure for speech enhance-

ment in noisy conditions involves sequential processing in terms of the temporal, spectral and perceptual

methods. This work follows the same sequential processing but with the additional modification of study-

ing the effect of the source, particularly in the temporal and perceptual based enhancement techniques

for enhancing speech with background music segments. The source information is studied in terms

of the epoch locations and epoch strength obtained after passing the sum of the mean and standard

deviation of the component envelopes computed across frequencies obtained using the single frequency

filter (SFF) through a zero frequency filter (ZFF). This method of obtaining epoch locations and epoch

strength will be termed as SFF-ZFF in this work. The enhanced segments are passed through a phone

recognizer built using Gaussian Mixture Model-Hidden Markov Model (GMM-HMM), Subspace Gaus-

sian Mixture Model-Hidden Markov Model (SGMM-HMM) and Deep Neural Network-Hidden Markov

Model (DNN-HMM) system, where the models are trained on clean speech. The enhanced audio files

show a better phone error rate (PER) than the speech with background music audio files, which means

that performing enhancement in terms of the source information is significant for the speech with

background music regions.

5.1 Introduction

The problem of automatic transcription of broadcast audio when there is a mismatch between the

training and testing samples is a challenging one. Assuming that there are models trained on clean

speech when tested with the speech which has been added with background music (for example, the

news headlines and voice over speech in Indian broadcast news), the accuracy drops drastically due

to the acoustic mismatch between the training and testing data. The separate models for the speech

with background music can be trained, however, there may be insufficient data for training since the

speech with background music segments in broadcast audio occur less frequently when compared to the

clean speech case. Even though their occurrence may be lesser than the clean case, their transcription

may be necessary for multimedia related tasks since the news headlines and voice over speech contain

sufficient information in terms of the transcripts about certain events.
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5. Speech Enhancement and Phone Recognition of Speech with Background Music

In this work, an alternate approach is followed wherein the speech with background music is

enhanced prior to testing on the models which have been trained on the clean speech. There have

been a lot of attempts for speech enhancement of speech degraded by noise. There are spectral based

approaches which rely on the fact that the perception of human speech is not sensitive to short-time

phase [34, 35] and some of the spectral based methods have been explored in [15, 35–40]. There are

also subspace based approaches proposed in [57–59] where the components of speech and noise are

decomposed into mutually orthogonal subspaces and it is assumed that the speech and noise can be

represented in terms of a low-rank linear model. Methods which incorporate the use of the probability

distributions have been explored in [44, 45]. All these approaches are based on either modeling the

background noise present or are dependent on the nature of the noise. These approaches seem to be

simple and effective, however, there are certain drawbacks. For example, if the noise is from unknown

sources, then modeling it will be difficult. There are also non-stationary noises and modeling such

noises becomes cumbersome.

There have been approaches which are based on directly exploiting the speech signal characteristics

particularly the high signal to noise ratio (SNR) regions without taking into account the background

noise present. These approaches have also been explored in [16–18, 71] which exploits the high SNR

regions to enhance the speech signal. Since these methods do not depend on the degradation present,

they will be explored for the case when music is present as a degradation. The enhancement strategy

incorporated in this work involves the sequential method of processing, consisting of the temporal

[17,71], spectral [17,71] and perceptual [18] enhancement on the noisy speech [17], reverberant speech

[71] and the foreground speech [18]. These sequential steps of processing have been followed in this

work for the enhancement of speech with background music segments, where each of the steps (mostly

temporal and perceptual enhancement) have been modified based on the presence of a different kind

of degradation, which is music in the background.

The use of speech-specific features for speech/music classification has been explored in [96]. The

features in that work were developed based on the fact that speech is modeled in terms of the source,

vocal tract system, and suprasegmental information. The music (instrumental) modeling is different

from that of speech and based on the kind of music, the model may be different. Hence, defining

features in terms of music may be difficult. However, defining features in terms of speech which is

characterized in terms of source, vocal tract system, and suprasegmental information, may cause these
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Figure 5.1: Illustration of the significance of source information (a) Clean Speech (b) Speech added with rock
music (SMR=0dB) (c) Enhanced Speech with source from clean speech and vocal tract system from speech with
background music (not considering strength of excitation (SoE)) (d) Enhanced Speech with source from clean
speech and vocal tract system from speech with background music (considering strength of excitation (SoE))
(e)-(h) Spectrogram of (a)-(d), respectively.

features to deviate significantly in music thus achieving some sort of discrimination between the two

segments. These features have been exploited for obtaining the gross weight function for temporal

enhancement of speech with background music. The gross weight function plays the same role as the

speech/non-speech detection in temporal enhancement [17].

The main contribution of the work is using the epoch locations obtained from single frequency

filter-zero frequency filter (SFF-ZFF) combination, for generating the fine weight function which is

part of temporal enhancement [17]. These epoch locations will also be used for generating the impulse

train in the perceptual based enhancement [18]. The SFF-ZFF combination is proposed in this work

to locate the instants of significant excitation (epoch locations) in speech with background music. The

epoch locations are obtained by passing the sum of the mean and standard deviation of the component

envelopes computed across frequencies obtained using the single frequency filter (SFF) [97,98], through

a zero frequency filter (ZFF) [19]. The reason for using this method is that if the speech with
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background music segment was passed directly through the ZFF (which is similar to the zero band

filtering (ZBF) used for temporal enhancement in [18]), spurious epochs will be introduced. On the

other hand, the music components get de-weighted after summing the values of the mean and standard

deviation of the component envelopes computed across frequencies obtained using the single frequency

filter (SFF). The summed output, when passed through the ZFF, gives epoch locations which are better

compared to using ZFF alone, as will be illustrated in the later sections. This method of obtaining the

epoch locations will be termed as SFF-ZFF in this work. As mentioned, the epoch locations derived

from this method is used for generating the fine weight function. The gross weight function and the fine

weight function are multiplied to get the total weight function. The total weight function is then used

to weight the LP residual. The modifications made over the earlier temporal enhancement [17, 71],

is basically in terms of the source information, where the fine weight function is derived based on

the epoch locations obtained from SFF-ZFF. The perceptual based enhancement [18] has also been

modified based on the source wherein the excitation source input has been replaced with the impulse

train derived from the SFF-ZFF. The approximate vocal tract response is estimated from the Mel

Cepstral Coefficients (MCCs) by using the Mel Log Spectral Approximation (MLSA) filter as in [18].

The reason why the excitation is replaced with the SFF-ZFF is due to the fact that the excitation

source plays a major role in enhancement.

The significance of the source information can be understood by considering Figure 5.1. Figure 5.1

(a) shows a clean speech signal taken from the TIMIT database and Figure 5.1 (b) shows the same

TIMIT utterance and with the addition of rock music at a signal to music ratio (SMR) of 0 dB.

The source information from the clean speech is extracted in terms of the epoch locations from

zero frequency filtered signal (ZFFS) and the vocal tract system information is extracted from the

speech with background music, in terms of the MCCs obtained using MLSA filter. The speech signal

is synthesized by using the excitation source signal in the form of an impulse train (consisting of

impulses at obtained epoch locations from ZFFS of clean speech and uniform epoch strength which

means the strength of excitation (SoE) is not considered) and the vocal tract system consisting of the

MCCs obtained using MLSA filter from the speech with background music. The synthesized speech

is plotted in Figure 5.1 (c). It can be seen that the music components are still present in the signal

and the music in the background is still audible perceptually. Next, the speech is synthesized by using

the excitation source signal in the form of an impulse train (consisting of impulses at obtained epoch
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5.2 Speech Enhancement

Figure 5.2: Overall block diagram of the enhancement of speech with background music, where, s(n) is the
input speech with background music, wg(n) is the gross weight function derived using speech-specific features,
w(n) is the final temporal weight function, r(n) is the LP residual signal, rw(n) is the temporally weighted LP
residual, st(n) is the temporally enhanced speech, ss(n) is the temporally and spectrally enhanced speech and
sp(n) is the temporally, spectrally and perceptually enhanced output.

locations from ZFFS of clean speech, and epoch strength also from the ZFFS, which means that the

strength of excitation (SoE) is considered) and the same MCCs from the speech with background

music for the vocal tract system. The synthesized signal is shown in Figure 5.1 (d). It can be observed

that the music component has been reduced drastically. Perceptually, the effect of the music has also

been reduced. This shows that the source information in terms of both the epoch locations and epoch

strength is significant for enhancement and ideally, obtaining a source information which has epoch

locations and epoch strength, similar to the one extracted from clean speech, would provide good

quality enhancement of the speech with background music signal.

The rest of the work is organized as follows. The speech enhancement details is given in Section 5.2.

The experimental details related to phone recognition are given in Section 5.3. Finally the conclusion

is given in Section 5.4.

5.2 Speech Enhancement

The enhancement of speech with background music will be carried out in a number of sequential

stages and the different stages can be observed in Figure 5.2.
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5.2.1 Temporal Enhancement

The temporal enhancement involves deriving total weight function based on the analysis at the

gross and fine levels [17] which in turn is used to modify the LP residual of the speech with background

music. At the gross level, features such as the sum of first ten largest peaks, hilbert envelope of LP

residual and the modulation spectrum which represent some aspects of speech production have been

explored for the noisy speech in [17]. These features are used to derive the gross weight function which

is similar to the VAD technique. In this work, since the speech with background music enhancement

is carried out, the speech-specific features which have been shown to perform well for speech/music

classification [96] have been used for deriving the gross weight function. These features include the

normalized autocorrelation peak strength (NAPS) of zero frequency filtered signal (ZFFS), the hilbert

envelope of LP residual the log mel spectrum energy and the modulation spectrum. The hilbert

envelope of LP residual and the modulation spectrum which have been shown to perform well for

speech/music classification, have also been used for deriving the gross weight function for the noisy

speech enhancement in [17]. The overall behavior over a speech with background music of the features

for deriving the gross weight function is shown in Figure 5.3. It can be observed that the feature

values are high in the speech regions and lower in the music regions. Some errors also occur around

the 0.1 s region due to the failure of some of the features to differentiate between speech and music

which could be due to the similar nature of the music as that of speech. The log mel spectrum energy

has almost the same nature as the sum of the first ten largest peaks of the DFT spectrum although

the log mel spectrum energy has a higher value (Figure 5.3(d)). The four features in Figure 5.3 are

summed up together, normalized and non-linear mapped using the mapping function [17]

wg(n) =
1

1 + e−λ(si(n)−T )
(5.1)

where λ is the slope parameter set to 20 [17], and wg(n) is the non-linearly mapped values of the

normalized sum si(n) and T is the average value of si(n). The wg(n) is termed as the gross weight

function.

The fine weight function involves emphasizing the instants of significant excitation regions which

are mostly the high signal to music ratio regions. These instants are also known as the glottal closure

instants (GCI). A robust method is necessary to obtain these GCI locations so that they can act

as anchor points for the enhancement of speech with background music regions. The existing zero
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Figure 5.3: Illustration of Gross Weight Function Derivation (a) Speech added with rock music (SNR=0 dB)
(b) NAPS of ZFF (c) HE of LP Residual (d) Log Mel Spectrum Energy (continuous black) and sum of first ten
largest peaks of DFT (dotted red) (e) Modulation Spectrum Energy (f) Gross Weight Function

0.1 0.2 0.3 0.4 0.5 0.6
−0.5

0
0.5

(a)

0.1 0.2 0.3 0.4 0.5 0.6
−20

0
20

(b)

0.1 0.2 0.3 0.4 0.5 0.6
0

0.5
1

(c)

0.1 0.2 0.3 0.4 0.5 0.6
0.20.40.60.8

(d)

A
m

p
li

tu
d

e

0.1 0.2 0.3 0.4 0.5 0.6
−200

0
200

(e)

0.1 0.2 0.3 0.4 0.5 0.6
0

0.5
(f)

0.1 0.2 0.3 0.4 0.5 0.6
0

0.5
1

(g)

Time (s)

Figure 5.4: Illustration of SFF-ZFF combination (a) Speech added with rock music (SNR=0 dB) (b) ZFF of
speech with background music (c) Strength of Excitation (SoE) from ZFFS (d) Sum of the mean and variance of
the amplitude envelopes from all frequencies obtained from SFF (e) SFF-ZFF of speech with background music
(f) Strength of Excitation using SFF-ZFF (g) ZFF of clean speech
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Figure 5.5: Illustration of Sum of the mean and variance of the amplitude envelopes from all frequencies
obtained from SFF (a) Speech added with rock music (SNR=0 dB) (b) Sum of the mean and variance of the
amplitude envelopes from all frequencies obtained from SFF (c) differential electroglottograph (DEGG) of speech
in (a), but without the addition of rock music.
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Figure 5.6: Illustration of Fine Weight Function Derivation (a) Speech added with rock music (SNR=0 dB) (b)
Gross Weight Function (c) Fine weight function using the Epoch locations obtained from SFF-ZFF (d) Overall
Weight Function (e) LP Residual from speech with background music (f) Weighted LP Residual (g) Temporally
Enhanced Speech
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frequency filtering (ZFF) [19] technique can be used to obtain the epoch locations. But the robustness

of this method for speech with background music is lower considering the fact that some of the music

signals have their frequencies around the fundamental frequency of speech resulting in spurious epoch

locations as shown in Figure 5.4(c) which are the negative to positive zero crossings of the ZFF signal

in Figure 5.4(b). Alternatively, to reduce the spurious epochs, a single frequency filtering (SFF)

method proposed in [97] for speech/non-speech detection has been explored. This method derives

the envelopes at a certain frequency range. The mean and standard deviation of the envelopes is

computed over the frequency range and then summed. Speech has a specific source nature where the

spectral energy is concentrated around the fundamental frequency and its harmonics. Additionally,

the formant nature is also specific for speech. Music, on the other hand, may not have such spectral

energy concentration and formant structure which means that if the mean and standard deviation

is computed over a frequency range, the value of the mean and the standard deviation may be high

for speech and lower for music. Also, the computation of the mean and the standard deviation will

preserve the characteristics of speech such that the fundamental frequency and the formant structure

information may still be present while the characteristics of the music will be de-weighted.

The resulting summed value of the mean and the standard deviation can be observed in Figure 5.5

(b) for a segment of speech added with rock music at a speech to music ratio (SMR) of 0 dB. It

can be seen that the summed value contains peaks which correspond to the epoch locations and

this can be verified by comparing with the differential electroglottograph (DEGG) signal of the same

segment of speech but without the addition of rock music, shown in Figure 5.5 (c). These peaks are

approximately aligned with the DEGG peaks within a glottal cycle. The presence of these peaks means

that some information corresponding to the epoch locations is present in the summed signal and the

epoch locations can be obtained by passing the summed signal through the zero frequency filter. The

summed mean and standard deviation of the amplitude envelopes across frequencies obtained from the

SFF shown in Figure 5.4(d) is passed through the ZFF to obtain the signal shown in Figure 5.4(e).

Finally, the epoch locations which are obtained from the negative to positive zero crossings of the

signal in Figure 5.4(e) is shown in Figure 5.4(f). Note that the spurious epochs have been reduced in

Figure 5.4(f) compared to Figure 5.4(c) which shows the significance of using the SFF-ZFF.

The envelope of the signal at each frequency is obtained as follows [97]:

• Difference the speech signal s(n) having sampling frequency fs, x(n) = s(n)− s(n− 1)
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Figure 5.7: Illustration of different stages of Enhancement (a) Speech added with rock music (SNR=0 dB)
(b) Temporally Enhanced Speech (c) Temporally and Spectrally Enhanced Speech (d) Temporally, Spectrally
and Perceptually Enhanced Speech (e) Spectrogram of (a) (f) Spectrogram of (b) (g) Spectrogram of (c) (h)
Spectrogram of (d)

• Multiply x(n) by a complex sinusoid ejωkn, xk(n) = x(n)ejωkn

• Multiplying the signal x(n) by a complex sinusoid results in Xk(ω) = X(ω − ωk), where Xk(ω)

and X(ω) are spectra of xk(n) and x(n), respectively.

• Pass the signal xk(n) through a single pole filter having a pole on the real axis at a distance of

r from the origin. The transfer function of the filter is given as

H(z) =
1

1 + rz−1
(5.2)

• The output of the filter is represented as,

yk(n) = −ryk(n− 1) + xk(n) (5.3)

• The envelope of yk(n) is given as, ek(n) =
√
y2
kr(n) + y2

ki(n), where y2
kr(n) and y2

ki(n) are the

real and imaginary components of yk(n).
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Note that the location of the pole is at z = −r which corresponds to half of the sampling frequency

(fs/2). The filtering is done at fs/2 and the envelope corresponds to the envelope of the signal at a

frequency of

fm =
fs

2
− fk, wherefk =

ωkfs
2π

(5.4)

This is the single frequency filtering approach of obtaining the envelope of the component at a

frequency fm.

The mean (µ(n)) and standard deviation (σ(n)) of ek(n) is computed over a certain frequency

range and the sum of the mean and standard deviation is computed (µ(n) + σ(n)) to obtain the plot

shown in Figure 5.4(d). This signal has a high value in the speech regions and lower value in the music

regions. This signal is then passed through the ZFF to obtain the signal in Figure 5.4(e). The epoch

locations can be obtained from the SFF-ZFF by considering the negative to positive zero crossings of

the SFF-ZFF output. These epoch locations are used for deriving the fine weight function as in [17],

where the epoch locations are convolved with a Hamming window which has a temporal duration

of 3 ms, corresponding to the closed phase interval of the glottal cycle. Let the epoch locations be

considered as a shifted train of impulses. The fine weight function wf (n) can be written as

wf (n) =

(
Nk∑
k=1

δ(n− ik)

)
∗ hw(n) (5.5)

where Nk is the total number of epochs located, ik is estimated location of epoch. wf (n) is given

a threshold value of T to keep the distortion low because of overemphasized epoch locations in LP

residual and is expressed as,

wf (n) =


T, if wf (n) < T

wf (n), otherwise

(5.6)

where T is set as 0.5 in this work. It is to be noted that the temporal processing is not sensitive

to T [17].

The final weight function w(n) in Figure 5.6(d) is obtained by multiplying the gross weight function

shown in Figure 5.6(b) with the fine weight function wf (n) in Figure 5.6(c) and is expressed as

w(n) = wg(n)× wf (n) (5.7)
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The total weight function is multiplied by the LP residual signal shown in Figure 5.6(e) to obtain

the weighted LP residual shown in Figure 5.6(f). The temporally enhanced speech signal can be

obtained by synthesizing as follows:

St(z) =
Rw(z)

1 +
∑p

k=1 akz
−k (5.8)

where, St(z) is the temporally enhanced speech and Rw(z) is the weighted LP residual and ak

are the LP filter coefficients. The plot of the speech which has been temporally enhanced for a short

segment is shown in Figure 5.6(g). Similarly, the temporally enhanced speech on a single utterance

is shown in Figure 5.7(b). It can be seen that the degradation has been reduced in the temporally

enhanced speech as seen in the spectrogram of Figure 5.7(f).

5.2.2 Spectral Enhancement

The temporally enhanced speech is passed through a spectral enhancement module. In conventional

spectral processing methods, the estimation of the short-term magnitude of the degradation and the

degraded speech are performed first. The magnitude spectrum of the degraded speech is applied using

a spectral gain function, to obtain the enhanced speech spectrum. The enhanced speech magnitude

spectrum and the degraded speech phase spectrum are then combined to give an estimate of clean

speech. Overlap-add (OLA) method is used for the time domain re-synthesis. In this work, the

minimum mean square error of log-spectral amplitude estimator (MMSE-LSA) estimator is used which

has a spectral gain function given by [99], as follows.

H(k) =
ζk

1 + ζk
exp(

1

2

∫ ∞
vk

e−x

x
dx) (5.9)

where,

vk =
ζk

1 + ζk
γk

ζk and γk are a priori Speech to music ratio (SMR) and a posteriori SMR, respectively.

The plot of the temporally and spectrally enhanced speech for a single utterance is shown in Fig-

ure 5.7(c) where the degradation has been further reduced as seen in the spectrogram of Figure 5.7(g).
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5.2.3 Perceptual Enhancement

The spectrally subtracted speech obtained above is passed through another enhancement module

which is the perceptual based enhancement [18]. This type of enhancement is based on the cepstral

analysis and synthesis on the mel frequency scale. This type of enhancement was motivated by the

fact that the spectrum obtained from the Mel Cepstral Coefficients (MCCs) resembles the human

auditory spectral resolution which gives higher resolution at lower frequencies and lower resolution at

higher frequencies [100]. The MCCs are the Fourier cosine coefficients of the spectral envelope derived

from the mel log spectrum. The approximate vocal tract response is obtained from the MCCs by

using the MLSA filter [101] which adopts the adaptive algorithm. The MLSA filter’s true spectrum

for mth order MCCs c(m) is given as,

Hα(z) =
z−1 − α
1− αz−1

(5.10)

represents an all-pass function, which represents the mel-warped frequency characteristics and α

is a coefficient corresponding to the mel-scale (α = 0.35 for 10 kHz sampling rate)

βα(Ω) = tan−1 1− α2sin(Ω)

(1 + α2)cos(Ω)− 2α
(5.11)

where, α depends on the sampling frequency and βα(Ω) is the phase of all-pass function, the

smooth spectral envelope Gα(Ω̂) of mel log spectrum is expressed as a polynomial function of order

M given by

Gα(Ω̂) =
M∑
m=0

Cα(m)cos(mΩ̂) (5.12)

where, Ω̂ is mel frequency scale given by βα(Ω) and Cα(m) are the cepstral coefficients of order

M .

Initially, the 34-dimensional MCCs are computed on a frame which is windowed with a Hamming

window of size 20 ms with a frame shift of 10 ms. The MLSA filter is used to compute the smooth

spectral envelope from the MCCs by giving the best mean square approximation of the log spectrum

envelope on the linear frequency scale. The smooth spectral envelope along with the excitation signal

are then used to synthesize the speech signal. Normally the excitation signal consists of F0 information

along with the voiced/unvoiced decision. In this work, the excitation signal consists of the impulse
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train derived from the SFF-ZFF. The SFF-ZFF gives the epoch locations which are high SMR regions.

The strengths of the epochs are also obtained. These epoch locations along with their strengths have

been used as an impulse train to represent the excitation signal. The impulse train is used directly as

the source in order to suppress the other components of the signal which may, in particular, contain

music. The temporally, spectrally and perceptually enhanced speech for a single utterance is shown

in Figure 5.7 (d) along with its spectrogram in Figure 5.7 (h). It is to be noted that the degradation

has been reduced to a minimum in this case as seen in the figure.

Table 5.1: Phone Error Rate (PER) for synthesized speech tested on models trained with clean speech. In
the table, ’SBM’ indicates speech added with rock music in the background, ’CS’ indicates clean speech, ’VTS’
indicates vocal tract system, ’SoE’ indicates strength of excitation, ’Source(CS with SoE), VTS (SBM)’ indicates
the speech synthesized by using the source from CS (along with SoE) and the VTS from SBM, ’Source(CS without
SoE), VTS (SBM)’ is the same as ’Source(CS with SoE), VTS (SBM)’ but without considering the SoE for the
source. ’Source (SBM with SoE), VTS (CS)’ indicates the speech synthesized by using the source from SBM
(along with SoE) and the VTS from CS.

PER (%)

Model↓ CS SBM Source (CS with SoE), VTS (SBM) Source (CS without SoE), VTS (SBM) Source (SBM with SoE), VTS (CS)

GMM 21.1 84.6 70.0 81.4 31.3

SGMM 19.4 82.1 69.1 79.2 28.9

DNN 22.6 81.1 69.0 79.5 30.3

5.3 Experimental Evaluation

The temporally, spectrally and perceptually enhanced speech is tested based on the phone recog-

nition accuracy. A phone recognizer system is built using KALDI toolkit [102]. The acoustic modeling

is based on Gaussian Mixture Model (GMM), Subspace GMM (SGMM) and Deep Neural Network

(DNN) models to from a GMM-HMM, SGMM-HMM, and DNN-HMM hybrid models respectively.

The GMM based system is a widely used system and can be found in most of the previous literature on

phone recognition. The details of the SGMM and DNN based acoustic models can be found in [103].

The models are trained on clean speech and tested on either the speech with background music or the

enhanced speech. TIMIT database, as well as the broadcast news database, are used for training and

testing the systems. Music is added to the TIMIT test samples at a speech to music ratio (SMR) of 0

dB. A total of 14 hours of data was used for the broadcast news in which 80% was used for training

and the remaining 20% was used for testing. The 14 hours of data has been collected from Indian

news channels which is recorded over Tata Sky. The data has been manually transcribed by a human
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transcriber at word level and the dictionary has been obtained from the CMU sphinx website. The

sampling rate was set to 16 kHz for all the audio samples.

5.3.1 GMM-HMM

The GMM-HMM system was implemented using KALDI toolkit. Training of cross-word tri-phone

acoustic model is done. The state tying which is based on the decision tree is used. Each tri-phone is

modeled by using a 3-state HMM with 16 diagonal-covariance Gaussian components per state. Silence

and short pause are modeled using a 3-state HMM with 32 Gaussian components per state. Mel

frequency Cepstral coefficients (MFCCs) are used as features each of 13 dimensions computed on a

20 ms Hamming windowed segment. The first and second order temporal derivatives are also used to

form a total feature dimension of 39. The phone error rate (PER) is used as a measure of recognition

performance.

5.3.2 SGMM-HMM

The SGMM-HMM system was also implemented in Kaldi and the number of gaussians used for

training the universal background model (UBM) is 400. The number of leaves and Gaussians in the

SGMM is chosen to be 9000 and 7000, respectively. Also, S=D=39 has been chosen.

5.3.3 DNN-HMM

The HMM-DNN system was implemented in Kaldi. The MFCC features are spliced over 4 frames

with LDA+MLLT+fMLLR (40-dimensional features) are used as the input. This means that the input

is spliced over 4 frames to the left and right of the central frame or 9 frames in total. The number of

hidden layers is varied between 2 to 5. However, there is not much change in the PER as the amount

of training data is moderate. It is given in Kaldi documentation that the 4 hidden layers are effective

when 100 hours of speech data is available. The learning rate is initially selected to be 0.015 and

then reduced to 0.002 in 20 epochs. Additional 10 epochs are employed after reducing the learning

rate. Kaldi employs a preconditioned form of stochastic gradient descent (SGD). In this approach,

instead of using a scalar learning rate, a matrix-valued learning rate is employed. This is motivated

by the basic idea to reduce the learning rate in dimensions where the derivatives have a high variance.

This approach, in turn, is to control instability and stop the parameters moving too fast in any one

direction. The minibatch size for neural net training was selected as 128. The number of senones

in CD-GMM-HMM system training is fixed to 2000 with 16 Gaussian mixture per state. The total
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number of parameters trained happens to be 1.5 million. The same wordnet and the dictionary are

employed in the decoding using the SGMM and the DNN based systems.

5.3.4 Results

Table 5.1 shows the results using the GMM-HMM, SGMM-HMM and DNN-HMM systems on

clean speech as well as the speech with background music. The results when using the SGMM-HMM

showed the best performance. The results when the clean speech is added with background music

(in this case rock music) at a signal to music ratio of 0 dB is showed in the third column of the

table and it can be observed that the phone error rate (PER) rises drastically when there is music

addition. It was showed earlier the significance of the source information for the speech enhancement

when the degradation is music. For a single file, the source was extracted from clean speech and the

vocal tract system was extracted from the speech with background music. These two were used to

synthesize the speech and the synthesized speech had most of the music components suppressed which

showed the significance of the source information and it shows that if the source information obtained

from the speech with background music is modified to the extent of having its behavior as the source

information of the clean speech, the enhancement can be achieved and the music may be suppressed.

The recognition result for all the files synthesized as just mentioned is given in the fourth column

of Table 5.1. Note that there is a significant improvement in the PER when the source is extracted

from the clean speech. This result serves as the baseline and indicates the best performance that can

be achieved when modifying the source. This result is obtained for the case when the strength of

excitation (SoE) is taken into account. As mentioned earlier, considering SoE means the strength of

excitation is considered for generating the impulse train for the source signal and no SoE means the

impulse train for the source signal is generated with a uniform strength of excitation. The result when

the SoE is not taken into account is also displayed in the table. Note that not so good improvements

are obtained when the SoE is not considered justifying the observations earlier in the introduction

section regarding the SoE for a single speech file. The results when the source is extracted from speech

with background music and the vocal tract system from the clean speech is shown in the last column

of Table 5.1.

The results of the enhancement performed on the speech added with different music types are

shown in the form of bar plots in Figure 5.8, 5.9 and 5.10 using GMM-HMM, SGMM-HMM, and

DNN-HMM, respectively. The results on the enhanced files are marked as ’Enh’ as shown in the
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Figure 5.8: Bar Plot showing the Phone Error Rate (PER) for synthesized speech tested on models trained with
clean speech using GMM-HMM. In the figure, ’CS’ indicates clean speech, ’VTS’ indicates vocal tract system,
’SBM’ indicates speech added with respective background music shown as labels on the x-axis, ’Enh’ indicates
the temporally, spectrally and perceptually enhanced speech and ’Source (CS with SoE), VTS (SBM)’ indicates
the speech synthesized by using the source (impulse train having impulses located at epoch locations extracted
from the ZFFS of clean speech) and the vocal tract system (MCCs extracted from the speech with background
music) along with consideration of the strength of excitation (SoE) for generating the impulse train for the
source signal.

bar plot. For comparison, the results where the source is extracted from clean speech and the vocal

tract system extracted from the speech with background music is also shown in the barplot denoted

as ’Source (CS with SoE), VTS (SBM)’. It is to be noted in the Figure 5.8, 5.9 and 5.10, that

the performance of the combined temporally, spectrally and perceptually enhanced speech segments

is good for the case of rock, electric guitar, beat music, heavy metal, and bagpipe music. This

performance can be understood from the bar plot by noting the difference of the bar representing

’enh’ and the bar representing ’Source (CS with SoE), VTS (SBM)’. The smaller the difference, the

better is the performance, which means that the enhanced speech performance is close to the ideal

case of having the source extracted from clean speech for synthesizing the speech signal. The fact that

rock, electric guitar, beat music, heavy metal and bagpipe music gave good performances, means that

the algorithm works well for the music degradation which is heavy in nature as in heavy metal or rock

while it performs poorer for the case of soft music degradation as in piano or jazz.

Table 5.2 shows the results of the experiment performed to prove whether the PER improvements
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Figure 5.9: Bar Plot showing the Phone Error Rate (PER) for synthesized speech tested on models trained with
clean speech using SGMM-HMM. In the figure, ’CS’ indicates clean speech, ’VTS’ indicates vocal tract system,
’SBM’ indicates speech added with respective background music shown as labels on the x-axis, ’Enh’ indicates
the temporally, spectrally and perceptually enhanced speech and ’Source (CS with SoE), VTS (SBM)’ indicates
the speech synthesized by using the source (impulse train having impulses located at epoch locations extracted
from the ZFFS of clean speech) and the vocal tract system (MCCs extracted from the speech with background
music) along with consideration of the strength of excitation (SoE) for generating the impulse train for the
source signal.

are obtained from the enhancement algorithms or whether it is only due to the silence model since

the unvoiced portions of the speech with background music become silent frames after enhancement.

The silence model is removed and the recognition experiments are conducted. The results show that

even without the silence models, the improvements are obtained which indicates that the enhancement

strategies do help in improving the recognition accuracy and the improvements are not only due to

the introduction of silent frames in the unvoiced portions of the enhanced speech.

The experiments on broadcast audio are also performed and are shown in Table 5.3. Note that

the improvements in the PER are obtained for this case as well. The improvements for the broadcast

audio are not as much as the case when music is added (Figure 5.8, 5.9 and 5.10). This is because

the speech to music ratio (SMR) in broadcast audio may have several varying levels depending on the

scenario, as opposed to the case when music is added to speech, which is at a fixed SMR of 0 dB level.

In addition, the music in broadcast audio may be of different types and may vary from time to time

as opposed to the case in Figure 5.8, 5.9 and 5.10, when only a single fixed kind of music is added to
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Figure 5.10: Bar Plot showing the Phone Error Rate (PER) for synthesized speech tested on models trained
with clean speech using DNN-HMM. In the figure, ’CS’ indicates clean speech, ’VTS’ indicates vocal tract system,
’SBM’ indicates speech added with respective background music shown as labels on the x-axis, ’Enh’ indicates
the temporally, spectrally and perceptually enhanced speech and ’Source (CS with SoE), VTS (SBM)’ indicates
the speech synthesized by using the source (impulse train having impulses located at epoch locations extracted
from the ZFFS of clean speech) and the vocal tract system (MCCs extracted from the speech with background
music) along with consideration of the strength of excitation (SoE) for generating the impulse train for the
source signal.

Table 5.2: Phone Error Rate (PER) for synthesized speech tested on models trained with clean speech (no
silence model).In the table, ’CS’ indicates clean speech, ’SBM’ indicates speech added with rock music in the
background, ’Enh’ indicates the temporally, spectrally and perceptually enhanced speech and ’Source (CS with
SoE), VTS (SBM)’ indicates the speech synthesized by using the source (impulse train having impulses located
at epoch locations extracted from the ZFFS of clean speech) and the vocal tract system (MCCs extracted from
the speech with background music) along with consideration of the strength of excitation (SoE) for generating
the impulse train for the source signal.

PER (%)

Music ↓ Model ↓ SBM Enh ’Source (CS with SoE), VTS (SBM)’ Clean Speech

Rock GMM 82.1 77.5 73.4 26.2

SGMM 78.7 72.5 71.1 21.7

DNN 79.0 77.3 71.8 24.9

speech.
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Table 5.3: Phone Error Rate (PER) for speech with background music, enhanced speech and clean speech,
tested on models trained with clean speech taken from Broadcast Audio (BA). In the table, ’SBM’ indicates
speech added with background music, ’Enh’ indicates the temporally, spectrally and perceptually enhanced speech

PER (%)

Model ↓ SBM Enh Clean Speech

GMM 81.92 75.13 31.17

SGMM 80.66 74.39 30.41

DNN 82.28 76.62 29.25

5.4 Summary

This work studied the impact of source information for speech enhancement resulting in improved

phone recognition of speech with background music regions. The SFF-ZFF representing the source

information was used in the temporal and perceptual enhancement steps. This method gave improved

performance in terms of the PER for the phone recognition of speech with background music particu-

larly when the degradation consisted of heavy music types while the performance reduces for the soft

music types. The algorithm was also tested on the broadcast news and improved PER was observed

in this case too.
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6.1 Introduction

Objective

This work explores the phone transcription of broadcast audio, in particular, the anchor speakers’

speech segments, which is done in two steps. The first step is the preprocessing step which involves

the different stages of classification and enhancement to obtain clean speech segments. This step is

necessary considering the complex nature of the broadcast audio even for anchor speakers’ speech,

which may contain voice-over, as well as new headlines and these segments, in turn, may contain

background music. The second step is the phone recognition step which basically expects clean speech

as input to do the speech to phone transcription. The experiments in this work are performed in a

sequential manner wherein the audio to the different modules are passed and the output of one module

acts as the input to another. The final phone recognition accuracy is determined based on both the

ideal and practical performances of the preprocessing steps. It is observed that the preprocessing steps

contribute to the improvements of the overall phone recognition performance.

6.1 Introduction

The automatic transcription of broadcast audio has been attempted in several ways in the litera-

ture [4, 6, 8, 10, 63]. Due to the complexity of the broadcast audio, preprocessing steps are necessary.

The preprocessing steps aim at obtaining homogeneous segments. These homogeneous segments then

provide for a better performance of the speech recognition or the speaker adaptation system. The

complexity of the preprocessing steps is higher as the number of broadcast audio scenarios considered

for the transcription is higher. In this work, the complexity of the preprocessing steps is reduced by

considering the phone transcription of certain scenarios in the broadcast audio. These scenarios corre-

spond mostly to the anchor speakers’ speech. By transcribing the anchor speakers’ speech segments,

already a lot of information to a particular event would have been captured with respect to speech for

multimedia related applications like audio summary [1]. The anchor speaker is mostly present in the

studio and consists mostly of clean speech. However, there may also be voice-over speech in between

the anchor speakers’ speech as well as the news headlines in the beginning and end of the news show.

These segments generally contain speech with background music. Hence by considering only the an-

chor speakers’ speech, these different scenarios have to still be considered and some preprocessing step

is necessary. The preprocessing steps employed for the anchor speakers’ speech segments are simpler.
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This simpler level of complexity allows for the exploration of other robust features for the preprocess-

ing stage as opposed to the mel frequency cepstral coefficients (MFCCs) which are the general features

used for the preprocessing stages of the general broadcast audio transcription in previous work.

The preprocessing stages considered consists of the speech/music classification [11–14] to remove

any unwanted music segments. The features employed for this step consists of speech-specific features

[96] which are more robust for this task compared to the general time and frequency domain features.

These features localize the speech regions better and deviate significantly in the music regions thus

providing a sense of discrimination between speech and music. The clean speech, as well as the speech

with background music segments, will be classified in the class of speech due to the speech-specific

nature of the features. Passing the segments containing both clean speech and speech with background

music segments through the phone recognizer trained on clean speech may result in a lot of errors as

will be demonstrated in the experiments later in this work. Hence another form of classification is

necessary to classify between clean speech and speech with background music segments. The concept

of speech-specific feature is exploited in this module as well. The feature for this task is defined in

such a way that it behaves differently in clean speech and speech with background music considering

the presence of music in the latter. Even though the production of speech is similar in the two

classes, the addition of music after the speech has been produced in the speech with background music

regions causes the deviation in the value of the speech-specific features in this case. The speech with

background music regions are passed through an enhancement module to obtain the clean speech

segments so that the acoustic mismatch between the training and testing speech is reduced. The clean

speech, as well as the enhanced speech, are passed through the phone recognizer to obtain the phone

transcription. Note that the models of the phone recognizer are trained on the clean speech since these

segments are abundant in the broadcast audio and also to have a simpler speech recognition system.

Based on the motivation of the use of the different modules required for the transcription of

broadcast audio described above, the next few sections will focus on the detailed description of each

of these modules and how they impact the overall phone recognition accuracy. The rest of the work is

described as follows. The preprocessing modules are described in Section 6.2. The phone recognition

module is described in Section 6.3. Finally, the results are given in Section 6.4.
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6.2 Modules necessary for Preprocessing

Figure 6.1: Overall block diagram for the transcription of broadcast audio

6.2 Modules necessary for Preprocessing

The transcription of broadcast audio in this work is done in a sequential manner and the method

is proposed as shown in the Figure 6.1. The incoming audio stream is passed through the different

blocks of preprocessing consisting of the speech/music classification module, the clean speech/speech

with background music module and the speech enhancement module. The final module is the phone

recognition module. The details of all these modules are given in the following sections.

6.2.1 Speech/Music Classification

This is the first preprocessing module for the automatic transcription proposed in this work. The

incoming audio stream is given as input to this module. The speech/music classification is employed

here in order to remove any unwanted music components in the broadcast audio which may introduce

errors in the phone recognition system. The speech/music classification is a popular task and has

been used in plenty of applications. This task generally involves the use of two stages which are

the feature extraction stage and the classification stage. The features are generally defined based on

the time domain [11–13] and frequency domain characteristics [14] while the standard classifiers like

K-Nearest Neighbor (KNN) [12], Gaussian Mixture Model (GMM) [12], and Support Vector Machine

(SVM) [82, 83] are utilized for the classification. In this work, the SVM classifier will be used for
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Figure 6.2: Speech-Specific Features (a) Audio signal with first 5 s of speech and next 5 s of instrumental music
(b) Normalized autocorrelation peak strength of zero frequency filtered signal (ZFFS) (c) Peak to side lobe ratio
of hilbert envelope of linear prediction residual (d) Log mel spectrum energy (e) Modulation spectrum energy.

the classification since it has been shown to perform well in previous work and also because SVM

is suitable for binary classification. The features which are explored in this work are based on the

speech-specific nature and they will be called as speech-specific features [96]. These features were

developed based on the following idea. The speech production system has been studied extensively in

terms of the source, vocal tract system and the suprasegmental characteristics since the mechanism

of speech production is similar among humans. The music signal, on the other hand, can be produced

from different sources and a specific model for music is difficult to define. Hence defining the features

in terms of speech which has been understood well in terms of the production characteristics is a

better idea hoping that the speech-specific features deviate significantly in the music segments thus

achieving some sort of discrimination between speech and music.

The speech-specific features are the features defined in terms of the source, vocal tract system,

and the suprasegmental information. The normalized autocorrelation peak strength (NAPS) of zero

frequency filtered signal (ZFFS) of speech and the peak-to-sidelobe ratio (PSR) of hilbert envelope

(HE) of linear prediction (LP) residual of speech are the two features which represent the source

of speech production. The NAPS of ZFFS represents the quasi-periodic nature of the source signal

while the PSR of HE of LP residual represents the impulsive nature of the source signal. These
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characteristics of the source signal may be different for music since the production aspect of music is

different from speech. A plot of the NAPS of ZFFS and the PSR of HE of LP residual for a segment

of audio which contains first 5 s of speech and next 5 s of music is shown in Figure 6.2 (c) and (d).

It can be observed that the nature of the feature for speech and music is different as expected and

thereby giving a sort of discrimination between speech and music. Another speech-specific feature

explored is the log mel spectrum energy which represents the vocal tract system of speech production.

This feature was developed based on the motivation that speech contains vowel-like sounds which have

most of their energy concentrated in the lower frequency region (≤ 2kHz) of the spectrum while the

music does not have this kind of nature. A plot of the log mel spectrum energy for the audio signal

is also given in Figure 6.2 (e). The discrimination between speech and music can also be observed

using this feature. The modulation spectrum energy feature is the feature explored and is based on

the suprasegmental characteristic of speech production. More specifically, this feature represents the

syllabic rate of speech. Speech has a characteristic energy peak around the 4 Hz syllabic rate while

music does not have this particular nature. This mechanism is exploited to define this feature and it

is plotted in Figure 6.2 (f) which shows that the modulation spectrum energy feature does have some

discrimination between speech and music. These features have been shown to perform well when used

together in concatenating form [96].

In this work, these features will also be concatenated together and given as input to the SVM

classifier. The labels representing speech or music will thus be obtained. These labels obtained will be

useful for the future stages of preprocessing. The labels containing speech regions from this module are

noted for use in the next level of preprocessing while the music is discarded. The speech-specific nature

of the features causes all kinds of speech segments to be classified as speech, as the features localize

around the speech regions while discarding the music regions. The anchor speakers’ speech may also

contain segments such as speech with background music, as in voice-over cases. These segments will

be classified as speech in the speech/music classification system and hence the segments obtained

from this system will be either clean speech or speech with background music. Passing these segments

directly through a phone recognizer may introduce errors. Hence another level of classification is

necessary to segment these two regions since the phone recognizer will be built using clean speech.

After classifying clean speech and speech with background music, the clean speech can directly be

passed through the phone recognizer. The speech with background music obtained can then be passed
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through an enhancement module before passing through the phone recognizer trained on clean speech.

6.2.2 Clean Speech/Speech with Background Music Classification

The clean speech/speech with background music classification module takes the input from the

speech output labels of the speech/music classification system. This exploration of this kind of system

in the previous literature is very limited although there are some audio classification tasks where these

classes appear [31,88]. This task is also similar to the one earlier and consists of the feature extraction

stage followed by the classification stage. For the classification scheme in this work, SVM has been

used to maintain uniformity of the classification of the preprocessing stages. The main thing is the

use of different kinds of speech-specific features and these features should have different characteristics

to the one defined earlier for speech/music classification. The speech-specific features defined for this

task is mostly in terms of the vocal tract system. The average and relative spectral characteristics of

the vocal tract system are explored for this work. The mel frequency cepstral coefficients (MFCCs)

represent the average spectral characteristics while the sum of the spectral contrast on the Hilbert

envelope of the Numerator of Group Delay (HNGD) spectrum ( a better representation of the vocal

tract system), represents the relative spectral characteristics. These two features complement each

other in their ability to classify speech and speech with background music thus expecting a good

classification accuracy between the two classes.

An example of the behavior of the spectral contrast based features is shown in Figure 6.3. The

sum of the spectral contrast has been computed on the HNGD spectrum. Other parameters are also

computed while computing the sum of the spectral contrast and these consists of the sum of the

spectral peaks and the sum of the spectral valleys. The plot of these features has also been shown

in the figure. It can be observed that the sum of the spectral contrast feature has the ability to

discriminate between the clean speech and speech with background music. The details of the spectral

contrast computation can be found in [90] and the details about the HNGD can be found in [91]. The

two labels obtained from this module will correspond to the one containing clean speech and the other

containing speech with background music. These labels are useful for the next level of preprocessing.

The clean speech labels identify the clean speech regions and these regions are passed directly through

the phone recognizer trained on clean speech. The labels which identify the speech with background

music are useful for the next preprocessing module which is the speech enhancement module. These

labels extract the speech with background music regions which are then processed so as to obtain the
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Figure 6.3: Speech-Specific Features (a) Audio signal with first 5 s of speech and next 5 s of speech with
background music (b) Smoothed Sum of Spectral Contrast of HNGD (c) Smoothed Sum of Spectral Peaks of
HNGD (d) Smoothed Sum of the Spectral Valleys of HNGD.

enhanced speech, in which the desirable output is obtaining the enhanced speech having the same

characteristics as that of clean speech. These enhanced files can then be passed through the phone

recognizer, to obtain a better transcription accuracy than passing the speech with background music

directly which introduces acoustic mismatch. The details of the enhancement module are given in the

next section.

6.2.3 Enhancement of Speech with Background Music Regions

The speech with background music regions are passed through the enhancement module which

is developed by taking into account the speech-specific feature which is the source feature. There

have been several attempts to perform enhancement on the speech with background noise regions.

These include the temporal based enhancement [17, 71], the spectral based enhancement [17, 71] and

the perceptual based enhancement [18]. These steps are generally performed in a combined sequential

manner and have shown to give significantly good results on the method of foreground speech enhance-

ment in [18]. The speech degraded with noise is passed sequentially through the temporal, spectral

and perceptual based modules for obtaining an enhanced speech. In this work, the same sequential

processing of the speech with background music segment is done, with the additional development
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of modifying the source information, particularly in the temporal and perceptual based enhancement

modules.

A characteristic of the source is exploited which is in terms of the epoch locations. These epoch

locations can be easily identified on the clean speech by using some of the standard methods like

zero frequency filtering (ZFF) [19]. However, the ZFF degrades significantly when the speech with

background music is passed through it giving epoch locations along with plenty of spurious epochs.

A single frequency filter-zero frequency filter (SFF-ZFF) is developed for this work in which the

epoch locations are obtained from this method. The sum of the mean and standard deviation of

the component envelopes computed across frequencies obtained using the SFF de-weights the music

components. The reason is that the spectral energy of speech is concentrated around the fundamental

frequency and its harmonics, which means that if the mean of the component envelopes is computed,

its value will be high for speech and low for music. Additionally, the speech also has a specific formant

nature which means that if the standard deviation is computed, the value will be high for speech and

low for music. The low values of mean and standard deviation for music are because this signal has

different characteristics in terms of the fundamental frequency and formant structure, compared to

speech. This SFF has been shown to contain epoch information in [98]. This epoch information can

be extracted by passing the SFF output through the ZFF which is why it is named as SFF-ZFF in

this work.

The temporal based enhancement involves obtaining the weight function for modifying the linear

prediction (LP) residual [17] of the speech with background music. This weight function is a combina-

tion of the gross weight function and the fine weight function. In this work, the gross weight function

has been obtained by using features developed in [96]. The fine weight function requires robust epoch

locations and the epoch locations obtained from the SFF-ZFF has been used. The gross and the

fine weight function are then multiplied and used to weight the LP residual. The weighted LP resid-

ual is then used to synthesize the enhanced speech signal. The temporally enhanced speech is given

in Figure 6.4(b). The temporally enhanced speech is passed through a spectral based enhancement

module which involves modifying the magnitude spectra of the degraded speech using a spectral gain

function. The minimum mean square error of log-spectral amplitude (MMSE-LSA) estimator is used

in this work having a spectral gain function given in [99]. The temporally and spectrally enhanced

speech is given in Figure 6.4(c).
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Figure 6.4: Illustration of different stages of Enhancement (a) Speech added with rock music (SNR=0 dB)
(b) Temporally Enhanced Speech (c) Temporally and Spectrally Enhanced Speech (d) Temporally, Spectrally
and Perceptually Enhanced Speech (e) Spectrogram of (a) (f) Spectrogram of (b) (g) Spectrogram of (c) (h)
Spectrogram of (d).

The temporally and spectrally enhanced speech is then passed through a perceptual based enhance-

ment module. The perceptual based enhancement module consists of a mel log spectral approximation

(MLSA) filter, wherein the smooth spectral envelope is computed using this filter from the mel cep-

stral coefficients (MCCs). The excitation is also required along with the smooth spectral envelope

to obtain the synthesized speech. This excitation is usually in terms of the F0 information with the

voiced/unvoiced decision. In this work, the SFF-ZFF is used for generating the epoch locations along

with their strengths, which are then used to generate the impulse train which acts as the excitation

signal for the perceptual based enhancement module. Note that the strengths of the epochs are con-

sidered for the impulse train generation. The temporally, spectrally and perceptually enhanced speech

is given in Figure 6.4(d).

135

TH-1627_126102033



6. Significance of Preprocessing Methods for Phone Recognition in Broadcast Audio

6.3 Phone Recognition

The phone recognition system in this work is built using the three systems which are the gaussian

mixture model-hidden markov model (GMM-HMM), the subspace gaussian mixture model-hidden

markov model (SGMM-HMM) and the deep neural network-hidden markov model (DNN-HMM) based

systems. The input to the systems is in terms of the mel frequency cepstral coefficients (MFCCs).

These systems have been implemented in Kaldi toolkit [102] and the parameters of the various systems

and the details of the systems can be found in [103]. The models of the systems are trained on clean

speech and the testing is done on the clean speech, speech with background music and the enhanced

speech.

6.4 Results and Discussion

The database used for the experiments include the TIMIT database as well as the broadcast news

database. For the TIMIT database, initially, the clean speech is added with rock music (taken from

the GTZAN database [96]) at a speech to music ratio (SMR) of 0 dB. Next, the clean speech, the

speech added with background music and music of same length are concatenated to form an audio

signal. The broadcast news consists of the audio samples recorded from the Indian broadcast news

channels where the samples which contain clean speech, speech with background music and music are

selected. A total of 14 hours of data was used for the broadcast news in which 80% was used for

training and the remaining 20% was used for testing. The sampling rate was taken at 16 kHz for

all the audio samples. The overall process of the phone recognition with or without the use of the

preprocessing stages for a single audio file can be seen in Figure 6.5 and Figure 6.6. It can be observed

from the two figures that using the preprocessing stages the overall accuracy of the phones transcribed

for the audio file is improved, especially in the enhanced speech with background music segments.

Initially, the phone recognition is performed separately on the different scenarios like clean speech,

speech with background music and enhanced speech for the TIMIT database and the broadcast audio

database. The results can be seen in Table 6.1 and Table 6.2. The experiments are then performed

based on the ideal and practical conditions. The ideal conditions are when some of the preprocessing

tasks like the classification task are assumed to be 100 % accurate and the overall performance of the

phone recognition is analyzed. On the other hand, the practical conditions are when the classification

tasks are performed using the given features and classifiers and the performance of the phone recog-
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Figure 6.5: Figure illustrating phone recognition of audio without any preprocessing. The word level and the
phone level ground truth is shown at the top.

Figure 6.6: Figure illustrating phone recognition of audio with preprocessing. The word level ground truth, the
phone level ground truth and the output of the phone recognizer without using preprocessing is shown at the top
(one after the other)

nition is recorded. This is done to understand the contribution of each of the steps for the overall

performance. Firstly the audio files which have been created using the TIMIT database are analyzed.
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Table 6.1: Phone Error Rate (PER) for clean speech, speech with background music (SBM) and enhanced
(Enh) speech segments of the TIMIT database. The speech with background music is the same clean speech but
added with rock music at a speech to music ratio of 0 dB.

PER (%)

Model ↓ Clean Speech SBM Enh

GMM 21.1 84.6 71.3

SGMM 19.4 82.1 71.1

DNN 22.6 81.1 71.7

Table 6.2: Phone Error Rate (PER) for clean speech, speech with background music (SBM) and enhanced
(Enh) speech segments of the broadcast audio database.

PER (%)

Model ↓ Clean Speech SBM Enh

GMM 31.17 81.92 75.13

SGMM 30.41 80.66 74.39

DNN 29.25 82.28 76.62

The audio sample which consists of clean speech, speech with background music and music is given

as input directly to the phone recognition system to obtain the performance of degraded speech. The

results can be found in Table 6.3 labeled as ’Audio’. It can be observed that the performance of the

phone recognizer falls drastically with a high phone error rate (PER) as compared to the clean speech

case shown in Table 6.1. This is because of the presence of the speech with background music and

music, which introduces acoustic mismatch between the training and testing data since the training

of the models has been done using clean speech.

In the next experiment, the audio constructed using the TIMIT database is assumed to be passed

through the speech/music classification system and it is also assumed that the system gives a 100 %

accuracy. This means that only the clean speech and speech with background music portions of the

audio are passed through the phone recognizer. The performance of the recognizer improves. This is

because the acoustic mismatch has been reduced slightly by the removal of the music components. The
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Table 6.3: PER for synthesized speech from TIMIT database tested on models trained with clean speech

TIMIT PER (%)

Model↓ Audio S/M Classification (Ideal) S/M Classification(Practical)

GMM 69.36 51.74 55.54

SGMM 68.16 49.88 56.62

DNN 67.50 50.11 57.33

Model↓ S/M Classification (Ideal) S/SBM Classification (Ideal) S/SBM Classification(Practical)

GMM 51.74 46.91 49.21

SGMM 49.88 45.73 48.73

DNN 50.11 45.88 48.97

Model↓ S/M Classification (Practical) S/SBM Classification (Ideal) S/SBM Classification(Practical)

GMM 55.54 52.33 53.12

SGMM 56.62 51.44 52.28

DNN 57.33 52.09 52.77

practical conditions are then considered wherein first the audio from TIMIT database is passed through

the speech/music classification system using the features and classifiers mentioned earlier. The labels

obtained from this system are then used to retain the speech regions and remove the music regions.

Since the practical performance of the speech/music classification is lesser than 100 % as opposed to

the ideal case, some music components will be present in the output of the speech/music classification

system. This results in slightly degrading the performance of the phone recognizer compared to the

case of using an ideal speech/music classification system. However, the overall performance of the

phone recognizer is better than the case of degraded speech as shown in Table 6.3.

Next, the labels of the speech/music classification system are used to retain the speech compo-

nents while removing the music components. The speech with background music portions will be

classified as speech due to the speech-specific nature of the features. The resultant audio output of the

speech/music classification is expected to contain clean speech and speech with background music, al-

though some music components are also present due to the accuracy of the speech/music classification

having a value practically less than the ideal case. The audio obtained from the speech/music classifi-

cation obtained in the ideal condition is then passed through a clean speech/speech with background

music system and it is assumed that this system also has 100 % accuracy ideally. The clean speech is
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passed through the phone recognition system and the speech with background music is passed through

the enhancement module before passing it through the phone recognizer. The overall performance is

given in Table 6.3 labeled as ’S/SBM Classification (Ideal)’. It can be seen that the performance has

improved which shows that the enhancement technique has contributed to improving the overall accu-

racy. The practical case of using the clean speech/speech with background music system involves using

speech-specific features and classifiers mentioned earlier. These features have different speech-specific

characteristics compared to the features used for speech/music classification system. The output of

this module is labeled containing clean speech and speech with background music. The speech with

background music portions are enhanced. The results of the phone recognition for the practical case

is labeled as ’S/SBM Classification(Practical)’ in the Table 6.3. It can be observed that the perfor-

mance slightly degrades compared to the ideal case of using the S/SBM classification. This is because

some of the speech with background music samples may be classified as speech and they may not be

enhanced. However, the overall performance of the phone recognition accuracy has improved after

S/SBM classification compared to the degraded case which shows the significance of the preprocessing

systems for the phone recognition of the audio files.

Table 6.4: PER for broadcast audio samples tested on models trained with clean speech

BN PER (%)

Model↓ Audio S/M Classification (Ideal) S/M Classification(Practical)

GMM 72.25 55.44 58.72

SGMM 70.35 54.36 57.64

DNN 70.51 54.93 56.99

Model↓ S/M Classification (Ideal) S/SBM Classification (Ideal) S/SBM Classification(Practical)

GMM 55.44 52.43 53.39

SGMM 54.36 51.33 52.15

DNN 54.93 51.16 52.37

Model↓ S/M Classification (Practical) S/SBM Classification (Ideal) S/SBM Classification(Practical)

GMM 58.72 54.11 56.64

SGMM 57.64 53.29 54.72

DNN 56.99 52.88 54.60

The practical speech/music classification output is passed as input to the clean speech/speech with
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background music classification for both ideal and practical cases. As expected the results degrade

slightly due to the presence of music components and these get propagated to the last stages thereby

reducing the accuracy of the phone recognition system. The overall phone recognition accuracy after

passing through the practical speech/music classification system, practical clean speech/speech with

background music classification and the enhancement system is given in the last row and the last

column of Table 6.3 marked as ’S/SBM Classification(Practical)’ in the table. The overall phone

accuracy is better than the degraded case which shows the significance of the preprocessing systems

for the phone recognition of audio containing clean speech, speech with background music and music.

The experiments are repeated on segments of broadcast audio. The broadcast audio segments are

chosen such that they contain clean speech, speech with background music and music of same length.

These segments are tested in the same way as above and shown in Table 6.4. Note that the trend in

the results are similar as for the TIMIT database although the performance is slightly lower than the

TIMIT case.

Note that the experiments in the previous cases were on the synthetically generated data, wherein

the same length was chosen for the clean speech, speech with background music, and music. However

in actual broadcast audio, in particular, the anchor speakers’ segments, the length of these segments

is different. The clean speech is generally of much longer durations compared to the speech with

background music and music. In order to illustrate this, a portion from the anchor speakers’ segment

is taken, which is of a duration of approximately 5 minutes. This portion of the anchor speakers’

segment contains 75 % of clean speech, 20 % of speech with background music and 5 % of music

approximately. The speech with background music and the music are mainly present in between the

anchor speakers’ speech as news headlines. The phone error rate (PER) with or without preprocessing

is shown in Table 6.5.

In the column of the results for the case where preprocessing is applied, the results are also shown

separately for the clean speech and the enhanced speech. The clean speech results are the results

obtained by passing the clean speech through the phone recognizer which is obtained by passing the

5 minutes of audio through the speech/music classification and clean speech/speech with background

music classification module. The other segments obtained through the classification stages like the

music and the speech with background music are neglected and only the PER of clean speech is

noted. The enhanced speech results are the results obtained by passing only the enhanced speech
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Table 6.5: Phone Error Rate (PER) for anchor speakers’ speech taken from Broadcast Audio (BA). Clean
speech-75%, Speech with background music-20 %, Music-5 %. Pre: Preprocessing through Speech/Music clas-
sification, Clean speech/Speech with Background Music Classification and Speech Enhancement of speech with
background music

BA PER (%)

w/o Pre with Pre

Model ↓ Clean Speech Enhanced Speech Overall

GMM 49.43 38.05 64.28 (71.42) 44.31

SGMM 47.15 35.82 61.90 (66.67) 42.04

DNN 47.72 36.56 63.09 (69.04) 42.89

with background music (SBM) segments through the phone recognizer. The enhanced SBM segments

are obtained by passing the SBM segments through the enhancement module. The other segments

obtained through the classification stages like the music and the clean speech are discarded and the

PER of only the enhanced SBM is noted. The results in the enhanced speech column of Table 6.5,

which are indicated in bracket are for the speech with background music segments before enhancement.

The overall results shown in the Table 6.5 are for the case when both the clean speech and the enhanced

speech with background music segments are passed through the phone recognizer. The music portion

is discarded. It can be observed that the results improve after using the preprocessing stages. However

the improvements have come mostly from the classification stages and the enhancement stage has not

really contributed to the overall task. If the speech with background music regions are not considered,

the PER drops drastically as seen in the Table 6.5, for the clean speech case which means that the

classification stages which remove music and SBM from the 5 minutes of audio, have contributed

to the improvement of the PER. If the enhanced SBM segments are considered the PER increases

and this can be seen from the overall results in the last column of the table. This increase of the

overall PER is attributed to the high PER of the enhanced SBM segments which means that the

enhancement module is not very effective in this work, even though it reduces the PER compared to

the SBM segments (shown in bracket of the enhanced speech column of the Table 6.5).

In most of the multimedia related task like audio summarization, the speech with background music

(SBM) segments can be neglected. However, in these applications, if the SBM segments are considered,
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then better approaches need to be developed to address the issues related to these segments. In this

thesis, the preprocessing issues are addressed and effective methods for the classification stages have

been developed which remove the music and speech with background music segments. This improves

the PER of the clean speech segment obtained after the classification stages compared to the anchor

speakers’ segment containing the music and speech with background music as well. However, the

enhancement stage is not that effective in this thesis and it may need to be further improved to get a

better overall PER of the anchor speakers’ segments. This may be done only if the SBM segments are

to be considered for further processing in task like audio summary. Otherwise, the SBM segments can

be neglected. One way of improvement could be having the separate acoustic models for the speech

with background music. Another way could be having a better enhancement method to enhance the

speech with background music segments. These methods for improving the PER of the SBM segments

can be attempted as part of the future work.

6.5 Summary

This work combined the different modules of the preprocessing stage for effective phone recognition

of the broadcast audio. The first module consists of the speech/music classification which uses speech-

specific features in terms of the source, vocal tract system and syllabic rate of speech. The clean

speech/speech with background music is the next module which uses speech-specific features having

characteristics different from the speech-specific features used for speech/music classification. These

features are defined in terms of the average and relative characteristics of the vocal tract system.

Another module for processing the speech with background music is the speech enhancement module

which employs the source feature for the temporal and perceptual based enhancement. The audio is

given as input through these modules sequentially. The obtained output of the preprocessing stages

consists of clean speech and enhanced speech. These are passed through the phone recognizer to obtain

the phonetic transcription. The accuracy of the overall system is compared with the accuracy obtained

by directly passing the audio files through the phone recognizer. It is observed that performing the

preprocessing steps before the final phone recognition improves PER of the phone transcription of the

anchor speakers’ segments of broadcast audio. This shows the significance of using the preprocessing

steps proposed in this work. It was observed from the results that the improvement comes mostly

from the classification stages, while the enhancement module only slightly contributes to improving
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the overall PER.
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7.1 Summary

In this chapter, contributions of this thesis towards the classification and phone recognition of

broadcast audio using features, defined based on the speech-specific knowledge are summarized. Future

research directions made possible by the present work are also outlined.

7.1 Summary

(i) Speech/Music Classification using Speech-Specific Features: The speech/music classi-

fication has been explored by using the speech-specific features in terms of the source, vocal tract

system and syllabic rate of speech production. The normalized autocorrelation peak strength

(NAPS) of the zero frequency filtered signal (ZFFS) and the peak-to-sidelobe ratio (PSR) of

the hilbert envelope (HE) of linear prediction (LP) residual represent the source. The log mel

spectrum energy represents the vocal tract system. The modulation spectrum energy feature

represents the syllabic rate of speech. These features were concatenated and passed through

the support vector machine (SVM) and gaussian mixture model (GMM) classifier. The speech-

specific features were compared with the existing temporal and spectral based features and found

to be better, where the testing has been done on the scheirer and slaney (S&S), GTZAN and

the broadcast news database. On combining the speech-specific features along with the existing

features the best performances are obtained on all the three databases.

(ii) Clean Speech/Speech with Background Music Classification using HNGD Spec-

trum: The clean speech/speech with background music classification system was developed

based on other kinds of speech-specific features mostly in terms of the vocal tract characteris-

tics. The average and relative spectral characteristics of the vocal tract system were explored.

The mel frequency cepstral coefficients (MFCCs) represent the average spectral characteristics

while the sum of the spectral contrast on the hilbert envelope of numerator of group delay

(HNGD) spectrum represents the relative spectral characteristics. The HNGD spectrum is a

better representation of the vocal tract system and has been shown to perform better that the

conventional discrete fourier transform (DFT) spectrum in this work. These features are concate-

nated to form a feature vector and passed through the SVM and GMM classifier. The features

gave the best performance on combining the average and relative spectral characteristics which

show their complementary nature for the task. The algorithm was tested on the S&S database

and the broadcast news database.
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(iii) Significance of Source Enhancement for Phone Recognition of Speech with Back-

ground Music Segments: The enhancement of speech with background music by using the

source information has been developed. The source information is exploited in terms of the epoch

locations and strengths. This source information has been incorporated in the temporal and per-

ceptual enhancement modules of the sequential temporal, spectral and perceptual enhancement

technique. The epoch locations and strengths are obtained from the single frequency filter-zero

frequency filter (SFF-ZFF) combination. These epoch locations are used for generating the fine

weight function in temporal enhancement along with the use of speech-specific features for the

gross weight function. The epoch locations and strengths are also used for the generation of

impulse train which acts as the excitation source for the perceptual based enhancement. The

smooth spectral envelope computed using the mel log spectral approximation (MLSA) filter

from the mel cepstral coefficients (MCCs) are used as the vocal tract system information for

the perceptual based enhancement. The overall enhanced files are tested on the speech with

background music segments which have been generated using TIMIT database as well as the

broadcast audio. The samples generated using TIMIT are synthesized by adding music obtained

from S&S database to the clean speech samples at a speech to music ratio (SMR) of 0 dB.

The results show that the enhancement technique contributes to the performance of the overall

phone recognition accuracy particularly when the music is heavy in nature as in rock and heavy

metal music. The results on the broadcast audio also show good improvements although the

performance is slightly lesser than the TIMIT case since the broadcast audio may not have the

background music at 0 dB.

(iv) Phone Recognition of Speech in the Context of Broadcast Audio: The prepro-

cessing systems are integrated for performing the phone recognition of broadcast audio. The

speech/music classification system, the clean speech/speech with background music classifica-

tion system and the speech enhancement system are combined as the preprocessing stages. The

output of the preprocessing stages is passed through the phone recognizer. The overall accuracy

of the phone recognizer is improved when the preprocessing stages are used compared to the

case of passing the audio containing clean speech, speech with background music and music, di-

rectly through the phone recognizer. The audio samples considered are generated using TIMIT

database and also taken from the audio data recorded from the Indian broadcast news.
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7.2 Contributions

The major contributions of the research work reported in this thesis includes,

(i) Speech / Music classification using speech-specific features.

(ii) Clean Speech / Speech with background music classification using average and relative spectral

characteristics of the vocal tract system.

(iii) Enhancement of Speech with background music using temporal, spectral and perceptual pro-

cessing exploiting the effect of the source.

(iv) Phone recognition of clean as well as enhanced speech using a GMM-HMM, SGMM-HMM and

DNN-HMM phone recognition system

7.3 Directions for future work

Based on the outcome of this thesis work, this section provides some of the possible future directions

for research.

(i) The speech/music classification has been defined based on the speech-specific features along with

some set of classifiers. Recently deep architectures have been explored for various speech related

task. The deep neural networks have been used as powerful classifiers in other tasks. DNN

classifiers can also be attempted for the speech/music classification. Another way the DNN can

be used is in terms of the feature extractors. The DNN can learn certain aspects of speech as well

as music thereby unfolding hidden information in these two classes thus providing an effective

classification between speech and music.

(ii) The clean speech/speech with background music classification system has been defined on the

basis of the vocal tract system of speech production where the average and relative spectral

characteristics are explored. The future work may also include the exploration of source features

for this task. It is shown in this thesis that the vocal tract system feature deviates due to the

presence of music in the speech with background music segments. The same may happen for

the source related feature as well and this may give additional improvement for the task. On

similar terms, the suprasegmental aspects of speech production can also be explored for the clean

speech/speech with background music classification task.
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(iii) The Enhancement of Speech with background music using temporal, spectral and perceptual

processing exploiting the effect of the source has been performed in this thesis. The spectral

processing can be explored further in future work by exploiting the techniques such as formant

enhancement in an efficient manner so that the peaks related to music can be suppressed. For

the case of noise, this kind of enhancement has been attempted. The perceptual enhancement

can also be looked at in terms of the vocal tract system. In this thesis, the Mel Cepstral

Coefficients are used. Other forms of representing the vocal tract system for the perceptual

based enhancement can be explored.

(iv) The classification tasks in this thesis have most of their features defined in terms speech and

are mostly based on 1 dimensional (1-D) processing. The results showed that combining the

speech-specific features with the other existing time and frequency domain features gave the

best performance. This shows that the complementary nature of the features contributes to

the task. The future work on the classification task may include the use of features based on

2-D signal processing. These features extracted using 2-D signal processing may capture some

information for the task which is complementary to the features extracted using 1-D signal

processing defined earlier, and may introduce additional improvement.

(v) The classification stages were shown to be effectively improving the overall PER of the anchor

speakers’ segment in this work, by removing the music and speech with background music

segments. The enhancement stage of the speech with background music segments, slightly

contributes to improving the overall PER, if the speech with background music segments are

considered. The speech with background music segments are to be analyzed properly, if they

are to be used for further processing in tasks like audio summarization. The acoustic models

for the speech with background music segments can be built separately and these models can be

specifically selected when the phone transcription of speech with background music segments are

required. This may improve the PER of the speech with background music segments and hence

improve the overall PER of the anchor speakers’ segment. Another method can be the further

improvement of the enhancement stage, by incorporating other aspects of speech production, so

that the phone transcription of the enhanced speech with background music can be improved

than the one developed in this thesis. These can be attempted as part of the future work.
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