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ABSTRACT 
 

In audio source separation, cocktail party problem is a typical example that segregates a 

particular signal while filtering out the others from audio mixture. This problem has been 

investigated for decades. In our daily life, a plethora of sources add their acoustic pattern to 

the environment. In this scenario, segregating human speech acoustics from the audio mixture 

is challenging. This challenge becomes harder in case of monaural (single microphone) setup 

that essentially eliminates the spatiality of the target source. Human listeners possess an 

incredible capability to segregate a specific sound source from a complex mixture, even single 

ear is enough for complex auditory scene. This process of separating and target specific sound 

source is called auditory scene analysis (ASA). Recently, ASA has received profound interest 

from many audio researchers. However, Emulating the same functionality on computer is 

imperative and challenging. Number of applications need an effective system in place that has 

near human-like ability to segregate auditory signals. There are many challenges for existing 

Computer Auditory Scene Analysis (CASA) systems yet to be handled in case of monaural 

speech segregation.  

This research work proposes a systematic in-depth effort in evolving a CASA framework for 

monaural speech segregation. In the first stage, peripheral analysis is done to model ASA 

inspired time-frequency representation called cochleagram. In the second stage system extracts 

ASA cues are extracted such as fundamental frequency (F0), spectral peaks, onsets and 

offsets. The Cochleagram is further mapped to eight discrete clusters. Theses clusters will 

become the foundation to produce morphed cochleagram versions that are further processed 

one by one with rough estimated fundamental frequency (F0) and spectral peaks to iteratively 

stabilize and improve pitch estimation.  The system classifies speech and non-speech 

interference based on improved pitch estimation, spectral peaks and underlying ASA features 
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e.g. harmonicity, onset/offset, and generates an ideal binary mask for target speech 

segregation. Finally, the target speech source is resynthesized using masked time-frequency 

units of Cochleagram.   

Systematic evaluation shows that the proposed system for voiced speech segregation produces 

better results and it can able to identify majority of time frequency (T-F) units from 

cochleagram for target speech separation. The proposed system produces significantly better 

results when compared with existing standardized voiced speech segregation techniques. 
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INTRODUCTION 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
“This chapter starts with the motivation behind the present 

research work. Then it proceeds towards the detailed problem 

statement for speech segregation from multi-stream auditory 

environments in Section 1.2.  Section 1.3 describes the crisp 

research contributions of the research work. Chapter concludes 

with the thesis structure” 
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1.1 Motivation 

In audio source separation, cocktail party problem is the classical example that 

aims to transform complex audio mixture to perceptual individual streams. Our 

world is full of noises in every sense and this reality challenges the 

comprehension ability of a receiver for a specific signal and filter out the left ones. 

In case of audio signals, situation becomes too severe. Humans are blessed with 

remarkable understanding abilities of such signal. Humans can easily distinguish 

their signals of concerned source from a mixture of multiple acoustic sources. 

Usually in daily life, humans are not hearing target speaker but also accompany 

interfering sounds. This can be any sound, such rain noise, music or anther 

speech. In many cases, interfering sound sources don’t bother humans. They can 

easily extract the useful information out from the mixture of target speech and 

interfering sound.  

Computing machines play vital role in humans’ life. These machines are fast and 

done the given tasks with rapid speed.  Computing machines are used for many 

purposes by humans to bring ease humans e.g. many service providers deploy 

automatic speech recognition (ASR) systems instead of human operator to 

facilitate their customer better services using modern techniques and audio signal 

plays vital role execution of service. But machines cannot handle speech signal 

that accompany other noises, such as wind or music. So, such systems need prior 

speech segregation before further processed. In the same way, we improve the 

quality of telecommunication system by filtering out background environmental 

noises before sending it out to destination. The extortionate rise in multimedia 

data over internet has created a major shift towards online services. In most 

multimedia applications, audio information is an important part. The most 
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common and most popular example of online information is music.  Audio data 

includes content and audio indexing that identifies various levels of information, 

in order to expedite browsing or understanding. In addition, interfering sounds are 

major concern of hearing impaired people even with hearing assistance aid while 

focusing towards target. So, speech segregation is the serious problem of our era. 

This problem becomes more complex in case monaural audio mixture. As in 

telecommunication or online information retrieval systems we have only monaural 

audios are available. The focus of this dissertation is monaural speech segregation, 

i.e., separating speech from interferences in a single channel audio. Acoustic 

interference can be non-speech sounds or their voices. In this research work, 

CASA principles are exploited for voiced speech segregation. Almost all case 

voiced speech acts as information carrier. And the prominent feature of voiced 

speech is pitch. So, we focus on vigorous and accurate pitch estimation for speech 

segregation with CASA cues.  

1.2 Problem Statement 
 

The acoustic signal reaching our ears contains sound waves from multiple sources 

and their reflections from surfaces in the environment. One of the most 

outstanding accomplishments of human perception is the ability to differentiate 

this extremely complex combination and cluster sound components that originate 

from the same sound producing event. This perceptual exploitation of humans, 

often taken for granted since it is such a common experience, may not be truly 

appreciated until one undertakes the effort to construct a machine system that 

matches human performance. In 1990, Albert Bregman’s published his seminal 

book [1], Auditory Scene Analysis, which was the first to systematically explain 

the principles underlying the perception of complex acoustic mixtures. Decades of 
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psycho-physical research and Bregman's book in particular, have motivated an 

emerging field of study called computational auditory scene analysis (CASA). 

The aim of a CASA system is to achieve audio source separation like ASA by 

human using the same perceptual foundation. Research in CASA based solution 

for sound separation has advanced significantly in recent years. Automatic speech 

recognition systems are major contributor in advancement for CASA, which 

focuses on single-source signals, breaks down in real (i.e., noisy) acoustic 

environments. Music is everywhere so when someone speak, the speaker voice 

and music in background adds and machine perception for this mixture is as a 

whole not different sound streams based on sources of sound. The problem is how 

to streamline sources of sound i.e. speaker’s voice and music in background so 

that further analysis can be done on target speech. 

 

 

Figure 1.1: Sources overlap in the Time and Frequency domains 
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Following sub-sections briefly describes the selected problem domain for the 

evaluation of proposed framework:   

1.3 Research Contributions 

This research work aims at developing pitch estimation framework for speech 

segregation using cochleagram morphing that can be used in following potential 

applications  

 Automatic speech recognition (ASR). These systems need prior speech 

separation for further valid decision making. 

 Restoring and de-noising of audio mixtures. Good quality audio speech is 

independent of any acoustic interfering sound sources so need speech 

segregation is required for recording of diverse environments. 

 Audio Compression. Compression results can be enhanced by separating of 

target of interest. 

 Telecommunication. Audio is major player in telecommunication. Separating 

source of interest facilitate it for improved quality communication. 

The principal goal of this research work is to segregate speech in audio mixture. 

CASA cues are used to identify a binary Time-Frequency (T-F) mask called ideal 

binary mask. T-F units holding target source are assigned binary value 1 while 

binary value 0 represents T-F units of accompanied interferences.  This 

dissertation develops a robust monaural speech segregation algorithm in presence 

of background interferences. Following are crisp objectives of this research work 

 Exploring the way human perceive and understand sounds. 
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 To enhance the pitch estimation results obtained from standard summary 

correlogram method. 

 To develop a generic monaural speech segregation algorithm to work in diverse 

scenarios/environments having background interferences. 

 To confirm if the goal of finding ideal binary mask is sufficient to perform 

source separation in experimental setups containing speech and backdrop 

music arrangements. 

 Design an algorithm that is able to segregation speech without consideration of 

prior knowledge. 

1.4 Thesis Structure 

This research work presents a systematic and extensive effort in developing a 

CASA system for monaural voiced speech segregation. The work presented in this 

thesis is organized in five chapters, as briefly introduced below: 

Chapter 1 (Introduction) This chapter has introduced the background and the 

scope of the research work.  introduced the research problem and motives behind 

it. It also research contribution of the research work. Potential applications of 

research have also been discussed in this chapter.  

Chapter 2 (Related Work and Research Challenges): This chapter covered 

comprehensive background and solid theoretical fundamentals in relation to the 

focus of the research work. Chapter explains various algorithms and techniques 

used to solve the problem. 

Chapter 3 (Pitch Estimation Framework for Speech Segregation Using 

Cochleagram Morphing): covers the evaluation of proposed system. This chapter 

presented a speech segregation system mainly focusing on cochleagram for pitch 
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estimation for detecting spectral peak, and other methods for creating a clean 

human speech/voice. It explains gammatone filter bank response and correlogram 

with cochleagram representation. It discusses estimation of F0 and relevant 

harmonics. It also discusses morphed version of cochleagram and their role in 

stabilization of F0 and relevant harmonics by employing spectral peaks.  

Chapter 4 (Experimentation, Results and Performance Analysis): This chapter 

presented the performance evaluation of the pitch estimation and speech 

segregation system developed and discussed in Chapter 3. The proposed system 

has been evaluated in 2 parts that pitch estimation and speech segregation.  

Chapter 5 is about discussion on speech segregation framework from background 

music. Music tones are recognized by audio fingerprinting and filtering of music 

tones are filtered out by using echo cancellation principal. Chapter also discusses 

the subsequent results.  

Chapter 6 (Conclusion and Future work): concludes the dissertation with the 

outcomes and accomplishments of research work. Chapter discusses the utilization 

of research in various fields. Discussion upon future work is also given in the 

chapter. 
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Chapter 2 

RELATED WORK AND 
RESEARCH CHALLANGES 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

“This chapter starts with the brief introduction to cocktail party 
problem and the physics of sound afterwards. Chapter provides 
sufficient details about the previous research work for audio source 
separation. Chapter concludes with research challenges for each of 
problem domain”. 



 

 9 

2.1 Cocktail Party Problem  

Cocktail party problem is transforming complex mixture of acoustic signals to 

perceptual individual streams that can be processed for further processing to make 

intelligent decision. Many researchers have targeted cocktail party problem. This 

has been studied as hot research area for decades. Humans are blessed with 

incredible listening skills. They can easily segregate target speech from a multi-

stream auditory scene generally exist in cocktail party’s environment. But in the 

case of machine audition, developing a computational algorithm that can able to 

segregate target speech from a complex auditory environment like cocktail party 

is extremely challenging. This kind of programming for machines is called 

Computational Auditory Scene Analysis or simply CASA. 

Computational Auditory Scene Analysis is related to building machine 

capabilities to segregate the sources of acoustic mixtures. This literature review 

elaborates summarized discussions on relevant techniques recently developed to 

solve cocktail party problem. These techniques include computational auditory 

scene analysis systems based on perceptual cues, model-based approaches based 

on prior knowledge, non-negative matrix factorization (NMF) with single 

observer microphone and sparse coding, independent component analysis (ICA) 

methods for blind source separation. Discussion on hybrid techniques is also the 

part of literature review. The concept of the cocktail party problem (CPP) was first 

investigated by Cherry [2]. The problem was proposed to explore the principles 

related to human auditory perception. Human listeners can focus single sound 

source where multiple conversations, music and other noises exist at the same 

time. Numerous scientists and researchers from different research areas 

endeavored to handle cocktail party problem [1, 2]. Despite of all these works, the 
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search for a better solution of cocktail party problem is still required so it is 

considered as an open problem in audio signal processing and needs additional 

research efforts.  

 Figure 2.1 shows simplified scenario of cocktail party problem with two 

concurrent discussions in the room environment. Solution to the Cocktail Party 

Problem can be used in many useful application that is why scientists and 

engineers have spent their efforts to discover underneath principles of the human 

auditory system. The result of all these research efforts is to design a 

computational model that can able to perform like human auditory system.  

 

 

 

Machine hearing just like human as humans can perform in Cocktail Party 

situation is not achieved yet. Focus of Cocktail Party Problem is human listening 

power so research on human auditory system or model developed on human 

auditory system. Cocktail party problem provides means to  think about machines 

that can able understand like human listener. Kocinski [3] discussed issues related 

to people with perceptive hearing problems. Kocinski observed that perceptive 

hearing problem cause inability to concentrate on speech source in the presence of 

Figure 2.1: Simplest scenario for CPP 

Listener 1 Speaker 1 

Listener 2 
Speaker 2 
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noises. The perceptual hearings deficiency can be overcome by increasing volume 

of hearing aids. This simple modification amplifies target speech as well 

accompany noises. So, hearing impaired people need a device that can only 

amplify speech and attenuate other accompanied sounds. Many researchers tried 

to simplify the complexities related to cocktail party problem [4]. A variety of 

methods  [5, 6] have been proposed for this problem. For example, computational 

auditory scene analyses (CASA) approach uses psycho-acoustic and physio-

logical based speech segregation. Blind source separation (BSS) is a statistical 

technique. Numerous people used to address cocktail party problem.   [2, 7]. BSS 

approaches consider the independent component analysis (ICA) technique based 

on theory that sound produced by any sound producing event is statistically 

different to other sound producing event. Non-negative tensor factorization (NTF) 

is the extension of Non-negative matrix factorization (NMF). NTF have also been 

used to solve the problem of music and speech separation [8]. NMF is suitable for 

mono-channel audio file.  Sparse representation technique is interesting 

techniques. This technique is based on theory that if there are multiple sounds in a 

mixture then in any instant one of them is active at sparsely and other remained 

insignificant for that particular time [9, 10]. Some researcher used model based 

approaches to solve cocktail party problem [11]. The subsequent sections give a 

comprehensive review of all techniques used to handle cocktail party problem. 

Figure 2.2 illustrate the typical scenario faced by human listen in daily life. 
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2.2 Sound Types 

Generally acoustic sound sources are divided into three categories that are speech, 

music and natural or environmental sounds. Each of the categories has its own 

specific characteristics which can be exploited during its processing. Figure 2.3 

illustrates general hierarchy of sound. 

2.2.1 Speech 

Speech sounds are basically composed of discrete phonetic units called phonemes 

[12]. Due to the co-articulation of successive phonemes, each signal that 

corresponds to a specific phoneme exhibits time varying properties. The resultant 

signal is composed of periodic harmonic pulses which are produced due to the 

periodic vibration of the vocal folds and unwanted source contribution which is 

added because of the air passing via lips and teeth, or a transient part due to the 

release of pressure behind lips or teeth. Harmonics within the generated signal has 

periodic frequency components which are the multiples of a fundamental 

Listener 

∑ 

Figure 2.2: Typical scenario face by human 
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Figure 2.3: Hierarchy of sound 

frequency component. In real speech signals the fundamental frequency 

component of the periodic phonemes varies due to the articulation, but typically 

for male speech is 140 Hz and 200 Hz for female speech with variation of 40 Hz 

for each.  
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2.2.2 Music 

The second major group sound is Music. Music sources [13] generally constitute 

of sequences of notes or tones produced by musical instruments, singers and 

synthetic instruments. Each note is composed of a signal which further can be 

made of a periodic part containing harmonic sinusoids produced by blowing into 

pipe or bowing a string, or a transient part generated due to hitting a drum or 

plucking a string, or a wideband noise produced by blowing the wind instruments.  

2.2.3 Natural sounds 

The third source comes from the environment; called natural sounds [14]. Their 

characteristic varies depending on the origin of the natural sound. Similar to the 

speech and music signals it can also be classified as periodic, transient and noise. 

For example, a car horn produces the natural periodic sound signal; a hammer 

thrashing the hardwood generates the transient signal and raining results in a 

wideband noise signal.  

2.2.4 Complex acoustics 

Based on above sound types, acoustics of an audio signal can be classified into 

many classes. For example, some audio acoustics is composed of single talker 

speech. Some only contain completely music signal without any speech 

component. In the same way speech of a talker or multiple talk and background 

music can coexist as mixture. In songs, singer voice and music melody are mixed. 

Singing voice acoustics also available some time. Some acoustics considered as 

abnormal music e.g. a beat sound or a single word cadence or opposite 

reverberation or addition of some non-music acoustic sound to standard tone of 
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music melody. Added non-music components cannot be produced by simple 

music instruments rather need modern instrument in which computers play vital 

role [1, 2, 15-17]. Some speech acoustics are composed of two or more speakers 

talking in parallel during specific period of time. A Cepstrum analysis technique 

presented by Subbs and Summerfield [18] provides good algorithmic detail for 

separating multi-talkers. Some acoustic events observed in our daily routine life 

are neither speech and nor considered as music acoustics e.g. sound of car passing 

nearby or room fan sound or electric motor etc. These types of acoustics consider 

as non-speech and non-music sounds. In the same perspective, multiple singers 

with multiple musical instruments can belong to separate class as in the case of 

multi-talkers.  

2.3 Auditory Scene Analysis 

The auditory scene analysis (ASA) is the organization of sounds in a cocktail 

party environment by human auditory system. Sounds of multiple conversations, 

music and other noise producing events are present simultaneously in cocktail 

party environment. Humans are blessed with remarkable ability to concentrate on 

single sound source and ignore all other sounds that co-exist simultaneously with 

target sound. The auditory scene analysis by a human listener is represented in 

figure 2.4. It is an easy job for human listener to perceptually separate the 

different source events and make decision according to comprehension. 
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Figure 2.4: Auditory scene analysis by human beings  

 

The human ear can be divided into three part upon acoustic signal reception. 

These parts are the outer ear, the middle ear and the inner ear. The outer ear 

composed of a flap of tissue which is visible and called pinna, and the auditory 

canal [19]. The sound sources are localized with the help of pinna and auditory 

canal. Sound acoustics passing through auditory canal reach eardrum exist in the 

middle ear. Eardrum vibrates as result of coming sound acoustic through auditory 

canal to it. Figure 2.5 shows the anatomy of middle ear. The middle ear, which is 

composed of three small bones i.e., the malleus, incus, and stapes, have an 

imperative role in the transmission of vibrations reaching at. Through middle ear, 

acoustic vibrations conduct to inner ear. The middle ear taken as an impedance 

matching device from where fluid filled inner ear induced through outer air.  
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Inside the inner ear there is an organ called cochlea containing fluid. The 

vibrations transferred into the inner part of the ear press the cochlear fluid and 

hence as a result hair cells are excited in the cochlea. Stimulated hair cells act as a 

converter which translate the vibrations received in cochlea and produce 

corresponding set of nerve responses also called electric or brain signals. Hair 

cells stimulations are frequency selective means nerve responses are different at 

different areas of the cochlea, or more precisely different part of basilar 

membrane. Sensitivity of hair cells stimulations are limited by 20 kHz. That is 

why we can say that cochlea in inner ear executes spectral analysis procedure and 

can be simulated by bank of band-pass filters [1] . 

made  It is shown in figure 2.6 about the human ear perception of an audio mixture

against the set of nerve responses produced by cochlea. This by cochlea 

perception is passed as neural impluses along the auditory nerve towards the 

brain. It is difficult to understand the working of central parts of human auditory 

n of auditory peripheryin comparison with final perceptio.  

Figure 2.5: Anatomy of middle ear 
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In real world acoustics received by human ear are usually composed of interleaved 

and overlapped versions of many sound producing events. Overlapping and 

interleaving of sound sources are occurred in both frequency and time. Human 

auditory system can easily identify individual sound source based on perceptual 

cues. The process of converting a complex auditory scene, in which sources are 

interleaved and overlapped in time and frequency domains, to target oriented 

separation of individual sound sources by human ear is call auditory scene 

analysis (ASA). ASA performed by human ear is challenging because cochlea 

stimulate upon single dimension pressure wave that is accumulative effect of 

pressure waves from multi-individual sound sources. The individual sources may 

be of any kind such human voices, sound of musical instrument or natural 

environmental sounds. ASA describe an individual source by exploratory 

processes. Every sound source has a specific pattern that is mapped by ASA.  

Auditory Nerve 

Mixture 

fr
eq

u
e

n
cy

 

Time 

          Outer ear             Middle ear    Inner ear 

Figure 2.6: Human ear perception of an audio mixture 
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These patterns are described by regularities cues in the arriving sounds. As every 

incoming sound made by an acoustic event is composed of set of frequencies and 

all the frequencies in a set belong to one sound producing event start and end 

together. For example, if there are two sound producing event with set of 

frequencies A and B. all frequencies in set A begin together and same is true for 

set B. So if a set of frequencies begins together, then all of them considered to be 

part one sound producing event. Same start and end time is called onset synchrony 

of a sound event. A set of frequencies that are harmonical relevant to each other 

can also be grouped together. This feature is called harmonicity. In the same way, 

one of the ASA regularity cue is about to see neighboring frequencies. This 

feature is called frequency proximity. Timbre is another regularity that is used to 

differentiate one sound source from other. The graphical description frequency 

proximity, harmonicity, onset synchrony and timbre is shown in figure 2.7. Above 

mentioned regularities with pitch, loudness and spatial position are used by human 

auditory system to differentiate sound sources in audio mixture. 

 

Figure 2.7: Auditory scene analysis regularities 
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2.4 Computation Auditory Scene Analysis 

(CASA) 

CASA is the study of auditory scene analysis (ASA) by computational means [6]. 

ASA is the process by which the human auditory system organizes sound into 

perceptually meaningful elements. The theory of ASA is invented by Bregman 

[1]. The human auditory system is complicated and constitutes of two ears and 

auditory routes [4]. Specifically, it is a refined system which has the ability to 

distinguish the frequency components coming from different sources and also can 

find the exact location for the source signals. This capability of the auditory 

system in human is very unique because it is the fact that the frequency 

component arrangement inside the signal and the combination of signals is very 

mystifying. Generally speaking, the human auditory system performs sound 

localization and recognition in order to pick up the target signal from the cocktail 

party environment. In literatures, we can find different approaches for the 

localization of sound signal, for example paper of Yost [20] .Time difference, 

level difference and spectral difference are the important acoustic cues used for 

the localization of sound sources. The work presented by Bregman [1], the 

recognition of sound sources can be used to deal with them. According to his 

analysis recognition of sound sources can be done in two major steps called sound 

segregation and sound determination. Segregation of sound sources can be 

achieved using feature selection and feature grouping. Feature selection consists 

of some very important features like pitch. Feature grouping basically combines 

the incoming sound components in such a way that a stream of similar 

components corresponding to a single sound source is grouped together. Sound 
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determination is then performed to identify the elements within the sound stream 

rather than just segregation. Hence CASA systems work in the same pattern for 

machine audition to separate sound sources in an audio mixture as human auditory 

system does. The fundamental steps required in order to segregate the speech 

signal by CASA systems are: First, to analyze the signals in such a way that the 

interfering speech signals can be neglected. In the second step, a recognition 

process is involved where the speech signals mixed in a stream are analyzed 

according to their statistical property that is important for recognizing the target 

signal. The last step called synthesis involves reorganizing the target signals from 

the separated sound stream. CASA approaches [6] have been employed to 

investigate the cocktail party problem. The architecture of a typical CASA system 

is shown in Figure 2.8. In general, there are two types of approaches for the 

separation of the target signal in the cocktail party environment in the context of 

CASA. 

 

Figure 2.8: The generic system architecture of CASA 

 

The first one is called “signal driven” or “feature based” approach which is used 

for the segregation of the auditory scene into the different components having the 

different sound sources [1]. Other approaches are called “knowledge-driven” or 
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“Model based” approach uses the prior knowledge of the unknown speech 

sources, so that the target signal can be separated from the interference. In 1994, 

Brown and Cooke [16] investigated some of the key issues related to the early 

CASA methods. Specifically, they avoid the assumptions made regarding sound 

source types and their number in audio mixture. They proposed to model the 

human auditory system into separate parts. The key parts are ear filtering, cochlear 

filtering and central processing (combination of different auditory maps which 

shows onset, offset, periodicities and frequency transitions). Wang and Brown [6] 

proposed system that is extension of the work proposed by Brown and Cooke. 

They replaced the central processing with a double layer oscillator network and 

applied simple computational means for auditory feature extraction. Ideal binary 

masking (IBM) labelling has adopted in many CASA systems to segregate the 

target signal from the interference. Consider a record of acoustic waves reaching 

at microphone in a cocktail party problem:  

 

)()()( 21 tststx                                      (2.1) 

 

Where )(1 ts the target speech is signal and )(2 ts  is the interference speech 

signal and t is the discrete time instant. Denote X, S1 and S2 as the time-

frequency (T-F) representation of )()(,)( 21 tsandtstx   obtained from 

some T-F transformation respectively. Then the ideal binary mask (IBM) for 

)(1 ts  with respect to )(2 ts , is defined as follows, 
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The target speech )(1 ts  can then be extracted by applying the IBM to X, 

followed by an inverse T-F transform. The decision is binary, and hence the 

intelligibility of the segregated speech signal is high. But on the other hand, the 

resultant mask 1M  entirely depends on the availability of the target and 

interference speech signals. In practice, the target and interference signals are 

usually unknown, and the mask has to be estimated from the mixtures. Figure 2.9 

shows ideal binary mask for target. 

 

Figure 2.9: Ideal binary masking 

2.5 Blind Source Separation 

Blind source separation (BSS) is statistical based technique to address the cocktail 

party problem. The mixing procedure is usually considered as a linear convolutive 

model. The convolutive ICA algorithms [7, 21] can then be applied to segregate 

the source signals from their mixtures assuming the sources are statistically 
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independent. Figure 2.10 shows typical scenario for a blind source separation 

system. Blind Source Separation have observations only without any prior 

knowledge about source and mixing channels. Based on observations BSS assesses 

the individual sound sources. 

  

Figure 2.10: Blind source separation observation vs sources 

  

Its potential applications include speech segregation in cocktail party 

environment, teleconferences and hearing aids. In such applications, the mixture 

signals are reverberant, due to the surface reflections of the rooms. Independent 

Component Analysis is a major statistical tool for the BSS problem, for which the 

statistical independence between the sources is assume [22]. The mathematical 

model used to describe the ICA is given as, 

 

𝑥1(𝑡) = 𝑎11𝑠1(𝑡) + 𝑎12𝑠2 + ⋯ … … … + 𝑎1𝑁𝑠𝑁  

⋮              ⋮                ⋮              ⋮ 

⋮              ⋮                ⋮              ⋮ 

𝑥𝑀(𝑡) = 𝑎𝑀1𝑠1(𝑡) + 𝑎𝑀2𝑠2 + ⋯ … … … … + 𝑎𝑀𝑁𝑠𝑁 

(2.3) 
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Where 𝑠1, 𝑠2, … … … , 𝑠𝑁(𝑡) representing unknown source signals in the cocktail 

party environment, 𝑥1(𝑡), 𝑥2(𝑡), … … … 𝑥𝑁(𝑡)  denote the mixture signals (e.g. 

microphone recordings). If the coefficients  𝑎𝑖𝑗(𝑖 = 1, … … , 𝑀   ,   𝑗 = 1, … … 𝑁) =

𝑎11𝑠1 + 𝑎12𝑠2 + ⋯ … … … + 𝑎1𝑁𝑠𝑁 are scalars, the resultant mixtures are referred 

to as instantaneous mixtures, and if they are filters, the mixtures are referred to as 

convolutive mixtures. If N = M, i.e., the number of sources equals to the number of 

mixtures, it is called exactly determined Blind Source Separation problem. If N > 

M, it is the under-determined case, and N < M the over-determined BSS problem. 

These three typical cases in BSS are represented in figure 2.11. 

 

Figure 2.11: Sources vs mixtures 

 

The BSS approach using ICA can be used by exploiting temporal observations [23] 

or by using their respective frequency components [24]. The ICA techniques can 

also be applied by combination [25]. The ICA considered that the sources in 

 



 

 26 

mixture are statistical independent. The temporal techniques usually try to spread 

the instantaneous ICA model to the convolutive case. Performance of ICA based 

methods are dependent on convergence of the algorithm used as in such cases 

independence of sources in mixture are measured accurately. However, in 

convolutive case, filter coefficients estimation is challenging in terms of 

computational cost. The estimation cost become too high in case of reverberant 

mixture with long time delay [26]. To improve the computational efficiency, the 

frequency domain BSS approaches are proposed. These approaches transform the 

mixtures into relevant frequency spectrum. After this, it is possible to apply 

instantaneous but complex ICA algorithm to each frequency [26]. Thus, many 

complex valued and instantaneous ICA algorithms that have already been 

developed to use frequency components directly in BSS.  

However, permutation problem is an important issue associated with instantaneous 

ICA.  It is not possible to ensure the mutual consistency of frequency bins. As a 

result, signal transform back to time domain may include the spectral content from 

other signals of mixtures. Many techniques have been incorporate to tackle 

permutation problem. It is proposed to reduce the time duration of filter in time 

domain [26] can overcome the permutation problem to some extent. Source 

localization approach has also been employed to mitigate the permutation 

inconsistency [27]. Correlation between separated source components by using 

envelope resemblance between the adjacent frequencies. This technique used to 

align the permutation across frequency bands. The third approach is the 

combination of both time and frequency domain approaches. In some methods 

reported in text [28], independence of the source signals is checked by using 

temporal non-linear functions and in frequency domain FIR filter coefficients are 
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rationalized. No overlapping of frequency components exists anymore because 

independence of sources in mixture are ensured at temporal basis. Changing 

between the time and frequency domain at each iteration limit the use of hybrid 

techniques and as a result consume extra time in transformation operations.   

There are many cases in which the performance of ICA based methods is limited as 

per supposition of statistical independence of sources. Situation become worse in 

the case of reverberant and noisy environments, show worse performance.  This 

leaves huge possibility for enhancement. For example, independence of sources 

cannot be justified in the frequency-domain of a BSS framework, if it considers a 

long length DFT frame causing small frequency bin. Vice versa, reverberation 

cannot be covered with small length DFT frames as they consist of large frequency 

bins. Apart from the above discussed methods, some authors consider the 

assumption of W-disjoint orthogonality for speech signals for separation of source 

signals from the observe data. For example, in paper [23], Authors take windowing 

function W(t) for two sources, )(tsi  and )(ts j . Sources )(tsi  and )(ts j  are W-

disjoint orthogonal if are called if their backing short-time Fourier Transform are 

disjoint. The windowed Fourier Transform of )(tsi  is defined as, 
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w )()(),(                                        (2.4) 

Which can be denoted as ),( wsw

i  , The mathematical expression for W-disjoint 

orthogonality assumption is given in following equation  
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This equation 2.5 denotes that each of the sound sources can be zero value for any 

w and τ as long depending upon the independence of sources. If w(t) = 1, then 

),( wsw

i   can be taken as the Fourier Transform of )(tsi which can be specified 

to as )(wsi . As a result, W-disjoint orthogonality can be expressed as, 

 

wjiwsws ji  ,,0)(*)(                                      (2.6) 

This represents the property of disjoint orthogonality. Another challenging 

problem faced by ICA algorithms is moving sources. Moving sources in cocktail 

party environment instead of stationary are also difficult to separate as compared 

to stationary ones. A recent work [29] is devoted to tackle the moving source 

problem by blind source separation. Here a multimodal approach is proposed for 

the segregation of moving speech sources. The key issue in blind estimation of 

moving sources is the time varying nature of the mixing and un-mixing filters, 

which is hard to track in real world. In this work the authors applied the visual 

modality for the separation of moving sources as well as stationary sources. The 

3-D tracker based on particle filtering is used to detect the movement of the 

sources. This method performs well for the blind separation of moving sources in 

a low reverberant environment. So far, two important techniques for the Cocktail 

Party Problem were discussed in detail. It is interesting to make a comparison 

between these two techniques. In the case of BSS, the unknown sources are 

assumed to be statistically independent. However, no such assumption is required 

for CASA. On the other hand, the IBM technique used in the CASA domain needs 

to estimate the binary mask from the target and interference signals which should 
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be obtained from the mixture in practice. Another difference is in the way how the 

echoes within the mixture are dealt with by these two techniques. In BSS such a 

situation is modeled as a convolutive process. On the other hand, CASA 

approaches deal with echoes. based on some intrinsic properties of audio signals, 

such as, pitch, which are usually preserved (with distortions) under reverberant 

conditions. However, the human auditory system has a remarkable ability of 

concentrating on one speaker by ignoring others in a cocktail party environment. 

Some of the CASA approaches work in a similar manner i.e. extracting a target 

signal by treating other signals as a background sound. In contrast, BSS 

approaches attempt to separate every source signal instantaneously from the 

mixture. 

2.6 Model based Source Separation 

Cocktail party problem is also addressed by using statistical models of signals and 

the constraints of the model are evaluated from the training data. Some model 

based approaches have been used for the blind separation of speech signals e.g. 

[11, 30, 31]. In [32] Gaussian mixture model (GMM) which is widely used for the 

modeling of the highly complex probability density functions (PDF), is employed 

for the modeling of the joint PDF of the sources by exploiting the non-gaussianity 

and/or non-stationarity of the sources and hence the statistical properties of the 

sources can vary from sample to sample. In [11] presented model based approach 

using the Gaussian mixture model (GMM) that is widely used model for the 

remedy of reverberation effects and segregate the speech acoustics from mixture. 

In [30] presents the framework to handling of the prior information for audio 
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source separation. Ozerov [33] proposed a generalized scheme to use existing 

algorithms as shown in figure 2.13. 

 

Figure 2.12: Existing approaches  

 

 

Figure 2.13: Framework proposed by 

In Heittola et al. [34] used the rough shape of the power spectrum of sound 

sources, is represented by Mel-frequency cepstral coefficients and model 

instrument-conditional densities of the extracted features using Gaussian mixture 

models. This technique used polyphonic signals for evaluation. Polyphonic signals 

are produced by randomly chosen 19 instrument classes. They achieve recognition 

rate for signals having six note polyphony 59%. 

In another study [11] the model based approach is used for monaural speech 

separation. The authors considered the problem as speech enhancement problem in 

which both the target and interference signals are non-stationary sources with same 

characteristics in terms of probability density function (PDF). Firstly, in the 

training phase, the patterns of the sources are obtained using the Gaussian 

composite source modeling. Then the patterns representing the same sources are 

selected. Finally, the estimation of the sources can be achieved using these selected 
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patterns. Alternatively, a filter can be built based on these patterns and then applied 

to the observed signals in order to estimate the sources. 

Source separation in the wavelet domain by model-based approaches has been 

considered in [30]. This method consists of a Bayesian estimation framework for 

the BSS problem where different models for the wavelet coefficients have been 

presented. However, there are some limitations with the model based approach. 

The trained model can only be used for the segregation process of the speech 

signals with the same probability distribution, i.e., the probability density function 

of the trained model must be similar to that of the observation data. In addition, the 

model based algorithms can perform well only for a limited number of speech 

signals. 

2.7 Monaural Speech Segregation  

A monaural (one microphone) solution is generally practice in applications such 

as telecommunication and audio information retrieval for speech segregation. For 

this kind of solutions, it is essential to incorporate the fundamental properties of 

target or intrusive source in order to differentiate sources from monaural audio 

mixture.  To segregate a target speech in a monaural audio mixture researcher 

usually adopt following approaches 

 CASA Based Methods 

 Spectrogram Factorization 

 Model Based Methods 

 Speech Enhancement Methods 
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2.7.1 Monaural CASA based Methods 

In the past decades, many CASA systems have been developed for monaural 

speech separation. A generic system of CASA is shown in figure 2.14. An early 

system in [18] employs fundamental frequencies to separate the voices of two 

speakers. Various auditory features are extracted for grouping in [10] and top-

down methods are employed in [23]. In [17], an oscillator network is used to 

perform speech separation based on oscillatory correlation. 

 

 

Figure 2.14 Schematic diagram of typical CASA system 

  

 

More recently, Hu and Wang develop a pitch-based system to segregate voiced 

speech [35,36]. This system utilizes pitch for simultaneous grouping and 

significantly improves the SNR of segregated speech under various noisy 

conditions. This system is further developed to perform pitch detection and voiced 

speech segregation in tandem [33,39].  Cross channel correlation is used in the 

tandem algorithm for selecting T-F units of interest and then detects pitch based 

on harmonicity and temporal continuity. Then, the algorithm spreads expected 

pitch contours and re-estimates the accompanying binary masks. Updated binary 
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mask recycled in turn to improve the pitch contour. The above two steps iterate 

until convergence. Supervised learning is employed in monaural speech separation 

and produces good performance in both anechoic and reverberant situations [49]. 

Research in [49] further shows that pitch plays a key role in monaural speech 

separation and an HMM-based pitch tracker is proposed in [48] for robust pitch 

tracking in reverberant situations. In addition to pitch, other features such as 

onsets and offsets are employed to segment speech [37]. Acoustic events start 

with onset synchrony with all of respective frequency components and cause 

sudden change in signal energy. Following the same pattern, acoustic events end 

with sudden end of all relevant frequency and cause sudden decrease in energy of 

audio mixture. The method reported in study [37] estimates onset points and offset 

points. These initial and terminal points are paired to produce onset/offset maps. 

Subsequent maps are used to segregate multiple sources. Onset/offset synchrony 

play important role in segregating voiced and unvoiced speech both. Based on 

segmentation results, a multilayer perceptron (MLP) is utilized to classify each 

segment into unvoiced speech or non-speech interference [38]. Other features 

such as the instantaneous frequency are also used in monaural speech separation 

[29]. From another perspective, the system in [56] utilizes auditory features for 

segmentation and then groups sources by maximizing a speech quality evaluation 

criterion. 

2.7.2 Monaural Spectrogram Factorization 

Non-negative Matrix Tensor Factorization (NMF) technique has been discussed by 

Lee & Seung in their research work [22]. Using the constraint of non-negativity, 

target of NMF technique is to decompose a non-negative matrix V into two non-
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negative matrices W and H so that the product of matrices W and H is equal to 

matrix V, mathematically it is written as given in equation 2.7. 

 

rxnmxrmxn HWV                                             (2.7) 

In NMF dimension of matrices W and H are restricted according to dimension of 

matrix V that value of r must be less than product of m and n. Secondly it considers 

only additive operation that involve no subtractions [22, 35]. NMF has a potential 

to separate correlated sources so statistical impartiality of sources in given audio 

mixture is not necessary. It can be used on any data regardless of nature of signal 

i.e. it can be applied for sources discrimination in image, speech or music audio. 

NMF has been applied to a variety of signals including image, speech or music 

audio. Figure 2.15 shows NMF effect on audio spectrogram. 

 

 

Figure 2.15: NMF effect on audio spectrogram 

In [36], the authors attempted to separate the general form of signals from the 

observe data i.e. both positive and negative signals using the constraints of 

sparsity and smoothness. There are many applications that has been using NMF 
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technique for different purposes. It has been used in music transcription [6] For 

machine audition of audio scenes and it has been also employed in audio source 

separation [37]. In machine audition, usually audio mixture is first transform into 

auditory spectrogram, which are then used as the input to the algorithms. The 

application of the NMF technique to the Cocktail Party Problem is still an 

emerging area which attracts increasing interests in the research community.  

2.7.3 Monaural Model based Approach 

Model based approaches rely on statistical models of individual sources of given 

audio mixture. These statistical models are built upon sample data of relevant 

source. Machine learning techniques are used for such training. In statistical 

models, approximations are made by finding components and code vectors that 

satisfy minimum distortion criterion based on original spectra. As a result, model 

replaces original source with statistical properties. Commonly used approaches for 

speech modeling such as Gaussian Mixture Models(GMM) [38], Gaussian Scaled 

Mixture Model (GSMM) [39], Hidden Markov Models (HMM) [40]. GMM based 

modeling can be auspicious choice for applications in speech music segregation. 

However, perceptual quality is limiting factor in GMM model because of some 

over estimation error due to interference signals. GMM based methods works 

good until phase information is avoided in separated output signals otherwise 

shows not good results [41]. Figure 2.16 shows channel wise analysis of audio 

signal for target speech source followed speech synthesis by adding all the 

channels. 
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Figure 2.16: Channel wise analysis of audio signal for target segregation 

 

2.7.4 Monaural Speech Enhancement 

Speech enhancement methods have been proposed to enhance noisy speech based 

on a single recording [42]. Representative algorithms include spectral subtraction 

[43], Wiener filtering [44], MMSE based estimation [45], and subspace analysis 

[46]. Spectral subtraction enhances noisy speech by subtracting estimated noise 

from the mixture. Subtraction can be performed either in the magnitude domain or 

power spectral domain. The phase of noisy speech is often used to synthesize the 

time-domain enhanced signal. The generic system for spectral subtraction in 

figure 2.14.  

Multiple noise estimation methods are proposed, such as minimum statistics based 
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Figure 2.17: Spectral subtraction generic framework 
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algorithm [47] and time-recursive averaging [48]. Wiener filtering algorithms 

assume that speech and noise Fourier transform coefficients are independent 

Gaussian random variables and estimate complex speech spectrum by minimizing 

the square error between the estimated and underlying true speech. For example, 

Lim and Oppenheim use an autoregressive model to estimate the Wiener filter 

[49]. Various Wiener-type algorithms are investigated in [50]. MMSE-based 

algorithms minimize the squared error between estimated and true speech 

magnitudes.  

Lastly, subspace analysis methods assume that speech lies in a different subspace 

from noise and enhance speech by removing the noise space. Singular value 

decomposition is often used in this type of algorithms [42]. Speech enhancement 

techniques can be applied for both voiced and unvoiced speech as these 

techniques board all unwanted signals. Limiting factor in speech enhancement 

methods is statistical modeling. It cannot be possible to assume statistical model 

of any interference.  

2.8 Chapter Summary 

We have reviewed several recent methods for audio source separation, which are 

enabling techniques for addressing the cocktail party problem, including blind 

source separation, computational auditory scene analysis, non-negative matrix 

factorization, model based techniques and hybrid techniques. Each method has its 

own advantages and disadvantage. Table 1 show the brief summary of the 

methods used by researcher for solving cocktail party problem. 
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TABLE 1 COMPARISON OF DIFFERENT TECHNIQUES FOR SPEECH 

SEGREGATION 

SNo Method Category Advantages Discrepancies 

1 

Computational 

Auditory Scene 

Analysis based 

Approaches 

 Monaural Speech segregation is 

possible 

 Interpretation of speech and 

other sources is easy 

 Complexity increase 

as per audio sources 

 Re-synthesize 

relatively difficult to 

approach. 

2 

Blind Source 

Separation Based 

(BSS) Techniques 

 High Accuracy when sources are 

limited to no. of observations 

 Depends on number 

of observations. 

 Computational cost 

is high 

3 

Non-negative 

Matrix 

Factorization based 

Methods 

 NMF is relatively efficient in the 

category of BSS 

 Monaural segregation is possible  

 Depends on pre-

knowledge of 

auditory scene 

4 

Model Based 

Approaches 

 Less Computational cost 

 Accurate segregation of sources 

 Fails to handle 

unseen auditory 

environments. 

5 
Hybrid 

Approaches 

 High Accuracy as compared to 

other methods 

 High computational 

cost 

 

 As table 1 represents different approaches to solve cocktail party problem. 

CASA approaches easily handle speech source but complexity increase with 

number of sources. Blind source separation gives good result if observer 

microphones are greater in number than sound sources. NMF is efficient way to 

separate sources in mixture but accuracy of method is dependent on prior 

knowledge. Hybrid approaches leads towards greater accuracy at the expense of 

computational cost that is ultimate goal of speech segregation system. In same 

way, model based approaches, rate of accurate segregation is high but these 

approaches cannot handle unseen auditory scene. So here we need research efforts 

to settle down the computational cost with innovative techniques. 
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Chapter 3 

PITCH ESTIMATION 
FRAMEWORK FOR SPEECH 

SEGREGATION USING 
COCHLEAGRAM MORPHING 

 

 

 
 
 
 
 
 
 
 
 
 
 

“This chapter describes the implementation of the proposed pitch 
estimation framework for speech segregation using cochleagram 
morphing. Chapter initially describes the proposed system then it 
elaborates the complete algorithmic architecture for the separation of 
speech from background music.” 
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3.1 Overview of Proposed System 
 

This research work proposed pitch estimation framework for speech segregation 

by confining fundamental frequency (F0) using morphed versions of cochleagram. 

The building blocks of this proposed framework are shown in figure 1. 

Correlogram

Cochleagram
Cochleagram 

Mapping

F0

-Onset/offset

-Hamonicity

-Peaks

F0 Stabilizing 
by Morphed 
Cochleagram

Segmentation
Audio 
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Segregated 
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Figure 3.1: Proposed System Diagram 

3.2 Gammatone Filter bank  

Audio mixture is down sampled to 16 kHz sampling frequency in the first step. 

This down sampled audio mixture passed through gammatone filter bank of 256 

frequency channels. This gammatone filter bank is standard linear approximation 

of cochlea in human ear and derived on the basis of psycho-physic and physio-

logical observations of human auditory system. The mathematical formulation of 

gammatone filter bank is equivalent to product of a gamma distribution and 

sinusoidal tone when described by an impulse response of auditory nerve fibers 

[51] and is given in equation 3.1.  

𝑔(𝑡) = 𝑎𝑡𝑛−1 exp(−2𝜋𝑏 𝐸𝑅𝐵(𝑓𝑐)𝑡) cos(2𝜋𝑓𝑐𝑡 + 𝜑)                (3.1) 

The order of the filter bank is taken as 4 and in equation 3.1 it is described by 

parameter n. the center frequency of filter bank is denoted by  𝑓𝑐. The parameters 
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a and b are constant of the filter bank and 𝜑 is the starting phase, equivalent 

rectangular bandwidth of an auditory filter. In [6], human data on the equivalent 

rectangular bandwidth (ERB) of the auditory filter has been summarized and This 

approximation can be calculated by the expression given in equation 3.2.  

𝐸𝑅𝐵(𝑓𝑐) = 24.7 + 0.108 𝑓𝑐                                          (3.2) 

 In relation to ERB, the gammatone filter can also be described by the rounded 

exponential function used in representing the magnitude response of the human 

auditory filters [5]. In comparison with Mel filter bank, the gammatone filter bank 

exhibits smoother shapes as shown in figure 3.2. As the gammatone filter bank is 

modeled according to psycho-acoustic and physio-logical based observations of 

human auditory system so its behaviors are determined by its center frequency so 

overlapping depends on the number of filters in the banks. Overlapping area 

shrinks and expands by increasing and decreasing number of filters in filter bank 

respectively. In mel-filter bank overlapping remained constant over all the time so 

result in decrease in bandwidth upon increment in number of filters in filter bank. 

Thus, gammatone filter bank structure molds itself similar to human auditory 

model.  The smoothness in gammatone filter bank is shown in figure 3.2. 

 

Figure 3.2: Smooth forms of filters in Gammatone Filter bank 
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3.3 Cochleagram  

The gammatone filter bank gives channel wise distribution for frequency 

components of the given audio mixture. The channel wise response of gammatone 

filter bank is further divided into small frames of 20-ms each.  Overlapping 

between consecutive frames are set at 50%. This organization of the audio mixture 

into short time frequency components is called auditory spectrogram or simply 

cochleagram [6] . Cochleagram facilitates to manipulate frequency components at 

short time basis. Figure 3.3 shows cochleagram representation of an audio 

mixture. This audio mixture is chosen from MIR-1k dataset randomly.    

 

Figure 3.3: Time-frequency representation of an audio mixture in cochleagram 

3.4 Spectral Peaks Detection 

Spectral peaks in cochleagram are time-frequency (T-F) units where varying 

intensities achieve local maxima. It is preferred to calculate spectral peaks in short 

time frame across the frequency channel. These peaks can further be used in 

endorsing harmonicity, onset, offset and temporal continuity. Algorithmic 

description of spectral peaks is provided in this section. Spectral peaks can be 

calculated by considering forward and backward differences for a T-F unit. These 
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differences are combined through logical ‘AND’ operation for each frame in 

cochleagram. The mathematical evaluation of spectral peaks is given equation 3.3.  

𝑐𝑔𝑝𝑒𝑎𝑘𝑠(𝑡, 𝑓) = {
1 𝑐𝑔(𝑡, 𝑓 − 1) > 𝑐𝑔(𝑡, 𝑓) < 𝑐𝑔(𝑡, 𝑓 + 1)
0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

                          (3.3) 

In above equation, 𝑐𝑔𝑝𝑒𝑎𝑘𝑠(𝑡, 𝑓) are T-F units that correspond to spectral peaks in 

true or false at time index t and frequency index f in respective cochleagram T-F 

unit. Spectral peaks calculation with respect to cochleagram is shown in the figure 

3.4.   

 

Figure 3.4: Spectral Peaks 

Equation 3.3 calculates all the local maxima’s that correspond spectral peaks in 

cochleagram. But due to background acoustic interferences, there are many 

spurious spectral peaks in figure 3.3. Some threshold value considered to avoid 

from spurious spectral peaks. This can be done by considering height of peaks 

with correspond to neighboring valleys. So to eliminate spurious spectral peaks, 

an objective threshold cgthreshold is introduced to filter out enormous amount of 

ignorable spectral peaks. This cgthreshold   is an amplitude threshold that 

contemplates selection of correct prevailing spectral peaks to be used in decisive 
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purposes. In equation 3.4 gives the mathematical formulation for the application 

objective threshold.  

𝑐𝑔𝑝𝑒𝑎𝑘𝑠(𝑡, 𝑓) = {
1 𝑐𝑔𝑝𝑒𝑎𝑘𝑠(𝑡, 𝑓) > 𝑐𝑔𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑(𝑡, 𝑓)

0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
                               (3.4) 

Where cgpeaks(t, f) represents detected peaks that were above threshold energy value 

cgthreshold. After applying threshold, remained spectral peaks are shown in the figure 

3.5. 

 

Figure 3.5: Spectral Peaks after threshold 

3.5 Fundament Frequency Estimation  

The fundamental frequency, F0, is very important feature of voiced speech signal. 

F0 is must for identification of voiced frequency components in a given frame. 

Different techniques can be considered to estimate F0. This research work 

considered summary correlogram of gammatone filter bank response. A 

correlogram can be calculated by cross correlation of gammatone filter bank 

channel wise responses. The mathematics of correlogram calculation is given in 

equation 3.5.  
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𝑎𝑐𝑓(𝑛, 𝑐, 𝜏) = ∑ 𝑎(𝑛 − 𝑘, 𝑐)𝑎(𝑛 − 𝑘 − 𝜏, 𝑐)ℎ(𝑘)

𝐾−1

𝑘=1

                       (3.5) 

In equation 3.5, characterization of the simulated auditory nerve response is 

described 𝑎 ( 𝑛 , 𝑐 ) for frequency channel c, at discrete time n, and τ is the time 

lag. Adding the information in the correlogram across frequency channels evolved 

for value Fundamental frequency F0 in specific time. The mathematical 

expression for resultant summary correlogram is given in equation 3.6. 

𝑠𝑎𝑐𝑓(𝑛, 𝜏) = ∑ 𝑎𝑐𝑓(𝑛, 𝑐, 𝜏)                                                 (3.6)

𝑐

 

Equation 3.6 give unidirectional auto-correlation summary of gammatone filter 

bank response.  Calculation of time lag τ is calculated by considering the first 

highest peak in summary correlogram as compared to neighboring valleys. This 

time lag τ  is directly proportional to F0 for the given frame. Figure 3.6 

demonstrates calculation of F0 by considering first highest peak in summary peak. 

 

Figure 3.6: Time lag calculation for F0 from correlogram frames 

𝝉 
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 As per research [52] it is observed that the auditory range of human listener for 

fundamental frequency, F0, is generally exist between 80 Hz to 500 Hz overall. 

Based on gender classification, male listener can easily able to detect vocals 

having range of F0 between 80 Hz to 300 Hz and contrast to male listener, female 

range of audition is 140 Hz to 400. In case of children, this range spread over from 

180 Hz to 500 Hz. So, logical range for spectral component of speech acoustics is 

generally from 80 Hz to 500. It is must for a speech segregation system to care 

about the logical range while calculating F0 for speech source.   

Fundamental frequency, F0, is part and parcel of any speech music separation 

system as reported in study [53]. knowing only this single feature, a speech music 

separation can extract 88% vocals from the audio mixture. Various techniques 

have been used to calculate single F0 one sound source or multiple F0s for 

multiple sound sources from an audio mixture. This research work used the 

summary correlogram approach for the rough estimation of F0 provided by 

equation 3.6. Along with logical range, it is also considered F0 responses are not 

remained constant over a course of time as speech acoustics do not stay constant. 

Generally, harmonical instruments remain constant over a course of time. 

Contrary to this, percussive instruments produce no effective result for 

fundamental frequency as percussive instruments range cover the whole spectrum. 

F0 of speech sound source is neither constant nor zero rather it changes over the 

time. 

Based on above observations relevant to F0, in an audio mixture containing 

speech and tonal music instruments, it is possible to mark initial and terminal 

points for vocal components. But it can only be accomplished if calculated F0 

values are without false postulants.  
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3.6 Cochleagram Mapping  

T-F units in cochleagram are the representation of one-dimension audio mixture 

consist of only audio amplitude on time axis to two-dimensional time and 

frequency image. T-F units’ intensities consist of infinite number of values. In this 

step, spectral components of cochleagram are mapped to discrete levels. These 

discrete mapping of cochleagram is used for morphing cochleagram. Morphed 

versions of cochleagram are used iteratively to stabilize rough pitch contour 

obtained in summary correlogram. Based on subjective analysis, eight discrete 

intensity levels for T-F units in cochleagram are introduced to map cochleagram. 

T-F units of cochleagram are converted eight clusters by using k-mean clustering 

technique. K-means is an unsupervised learning technique. This technique is 

widely utilized in many scientific and industrial applications. It can classify data 

into any given discrete number. This research work mapped T-F units of 

cochleagram to eight clusters based on nearby intensity values. The mathematic 

formulation of k-means clustering techniques is given in equation 3.7. 

arg min
𝐿

∑ ∑‖ 𝑐𝑔 −  𝜇𝑖 ‖                                                         (3.7)

𝐿𝑖

8

𝑖=1

 

Where cg is the time-frequency (T-F) intensity value in auditory spectrogram, Li 

was set of T-F units within specific range depending on mean of T-F units’μi. The 

cochleagram of figure 3.3 is divided into eight discrete clusters based on nearby 

intensity values of T-F units by unsupervised learning technique, k-mean. The 

resultant mapped cochleagram is shown in the figure 3.7. K-means clustering 

produce a set of T-F units classified into eight clusters. The T-F units of cluster 

belong to small intensity values in mapped cochleagram are assigned zero values. 
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These assignments are made to avoid small fluctuations. These small fluctuations 

are generally taken as noise which disturbs statistical evaluation of T-F units for 

separating sources. After threshing T-F units of small intensity values, number of 

clusters in mapped cochleagram for further analysis are reduced to seven. Because 

harmonic nature in speech spectral components, most probable location of F0  

occurrence is the cluster holding T-F units with highest energy values [54]. So, 

this work considers all clusters of cochleagram one by one from inner most cluster 

holding most intense intensities towards out shells where intensity of T-F units are 

less than from inner most cluster.  

 

Figure 3.7: Mapped cochleagram of audio mixture shown in figure 3.3 

3.7 Stabilizing by Cochleagram Morphing  

Estimated rough pitch using summary correlogram is stabilized by binarized 

morphed versions of mapped cochleagram in this module. The key idea of this 

step is to choose a binarized morphed cochleagram and overlay the estimated 

rough pitch values on selected binarized morphed mapped cochleagram. Rough 

estimated pitch valued get validated if overlaid upon T-F unit holding value 1. 

This process starts by morphing mapped cochleagram according to cluster of T-F 
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units that correspond to most intensive spectral intensities as it contemplates more 

towards true as to weaker spectral intensities. Validated F0 values expanded 

horizontally in both directions in whole blob. After first iteration of validating 

rough estimated pitch values by binarized morphed cochleagram, in second 

iteration binarized morphed cochleagram morphed again by including the cluster 

from mapped cochleagram among the remaining clusters. The chosen cluster in 

second iteration provides cover to cluster chosen in first iteration. System 

heuristically expand the stabilized F0 results generated in first iteration to second 

iteration. In second iteration, morphed cochleagram version is consist of two 

clusters from mapped cochleagram. These two clusters are holding T-F units with 

most intense spectral intensity values. Clusters with lower spectral are added one 

by one in the same way as done in second iteration and stabilized F0 values with 

required expansion. Figure 3.8 is an illustration of binarized morphed versions of 

cochleagram and their corresponding F0 stabilization. Figure 3.8(a) illustrate 

morphed version of cochleagram produced in first iteration and figure 3.8(e) 

stabilized F0 values after first iteration. Similarly, Figure 3.8(c), 3.8(c) and 3.8(d) 

are morphed cochleagram representations produced in third, fifth and seventh 

iteration. In the same way, figure 3.8(f), 3.8(g) and 3.8(h) are illustrations F0 

values produced by stabilization and expansion after third, fifth and seventh 

iteration. F0 values are stabilized in first iteration remain valid for following 

iteration. Equally in the same fashion, stabilized F0 values in second iteration are 

remained valid for following ones. Same rule is tailed till the last iteration. 
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(a)  

(e) 

 
(b)  

(f) 

 
(c)  

(g) 

 
(d)  

(h) 

Figure 3.8: Illustration of iterative F0 stabilization by morphed cochleagram in (a) one cluster  
holding  highest intensity values (b) three clusters holding  highest intensity values (c) five 
clusters holding  highest intensity values (d) seven clusters holding  highest intensity values and 
in (e)-(h) their corresponding stabilized F0 
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3.8 Harmonic Filtering of Spectral Peaks 

T-F units holding spectral peaks are most important units in cochleagram. 

Majority of acoustic energies concentrated around spectral peaks. As a result, due 

to imperative role of spectral peaks for source separation, it is necessary to 

classify spectral peaks of interest for target source. At this point, spectral peaks 

are pruned against stabilized fundamental frequency and its multiples. Filtering 

spectral peaks are two step tandem process, in first step, peaks are segregating 

according to stabilized F0 and its marginally integer multiples. Following 

equation 3.8 express the filtering scheme for spectral peaks. 

cgpeaks(t, f) = {
1 cgpeaks(t, f) ≈ F0 multiple

0 otherwise
                      (3.8) 

After filtering spectral peaks, in second step, stabilized F0 is further enhanced by 

aligning to filtered spectral peaks. System traverse F0 and filtered peaks if the F0 

does not correspond to T-F unit that hold spectral peak on in a frame then F0 

value is changed according to T-F unit hold spectral peaks. In this way, F0 values 

are smooth agreeing to nearby spectral peaks on time axis. Figure 3.9 represents 

F0 contour after smoothing.  
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Figure 3.9: Stabilized F0 vs Ground truth after smoothing with filtered spectral peaks 

 

3.9 Onset/Offset Detection 

Onset and offset are related to sudden increase and decrease in intensity of audio 

mixture and this kind of sudden changes in intensity is called common fate. 

Common fate is considered to be the second most prominent feature after pitch [1] 

for evaluation of CASA goal. In this framework, we employed three steps 

procedure [55] of    getting onsets and offsets . In first step, we smoothed the audio 

signal. As there are infinite number of acoustic events at any in the real world. So 

it is desired to limit an acoustic event, we have put some limits. In this regard, we 

threshold the time frequency values to confirm whether it is audible or not. But in 

the same time acoustic events have many fluctuations. It is required signal must be 

smooth. In the second phase, channel wise frequency derivation is applied on 

temporal basis on signal to identify peaks and valleys.   In the last step, applied 
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threshold to filter ignorable peaks and valleys. Figure 3.10 illustrates the peaks 

selection after smoothing and applying threshold. 

 

Figure 3.10:  Result of Smoothing and Thresholding for Peaks Detection 

3.10    Labeling Time-Frequency Units 

Computation goal of a CASA system is to segregate T-F units in cochleagram 

which are relevant to the target source to be focus and filtered out other sources. 

After processing for stabilized pitch contour and onset/offset mapping, it is 

desired to label T-F units. This research work used segmentation algorithm 

discussed in study [55] and this algorithm is label T-F units based on information 

of onset/offset mapping with other parameter such as harmoncity and temporal 

continuity. Resultant labelled cochleagram is further authenticated by mapped 

cochleagram discussed in section 3.6 for temporal and timbral authentication. 

Authenticated T-F units are used for sound synthesis . Figure 3.11(a) shows the 

cochleagram representation of the cleaned voiced speech target and figure 3.11(b) 
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represents its waveform. Figure 3.11(c)  is representation of cochleagram upon 

mixing clean voiced speech with crowd noise and figure 3.11(d) embodies its 

waveform in time domain. Figure 3.11(e) is the representation of cochleagram 

after labelling target voiced speech and filtering out interfering T-F units while 

figure figure 3.11(f) depicts synthesized audio waveform of target source.  

(a)

 

(b)

 

(c) 

 

(d)

 

(e)

 

(f) 

 

Figure 3.11 Speech segregation illustration (a) cochleagram of clean speech and (b) corresponding waveform. 
(c) cochleagram of speech and crowd noise and corresponding audio waveform. (e) IBM and (f) segregated 
speech waveform 



 

 55 

3.11    Chapter Summary 

Overview of proposed framework has been discussed in this chapter. This 

involves construction of cochleagram and correlogram based on gammatone filter 

bank response for input audio mixture for extraction of psycho-acoustic features 

and rough estimation of fundamental frequency F0. Morphed versions of mapped 

cochleagram are used stabilized and refine values of F0. Time frequency labeling 

is done by employing improved F0 and improved psycho-acoustic features. 

Segregated speech is produced by considering time frequency mapping. 
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Chapter 4 

EXPERIMENTATION, RESULTS 
AND PERFORMANCE ANALYSIS 

 

 

 

 

 

 

 

 

 

 

 
“This chapter describes the experimentation results and performance 
analysis of the proposed music-speech segregation algorithm as well as 
audio classification and segmentation algorithm for low quality 
signals. Results shows the considerable improvement as compared to 
the previously worked algorithm in literature” 
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4.1. Experimentation Results for Proposed Pitch 

Estimation Framework and Discussion 

This research work is based on pitch estimation framework for speech 

segregation. Rough pitch estimated by summary correlogram is stabilized using 

morphed versions of mapped cochleagram. The stabilized and smooth pitch 

contour is used for labeling T-F units in cochleagram for voiced speech 

segregation. This section starts with brief discussion of dataset upon which pitch 

estimation experiments are performed. And following sections are about 

experimental observations and discussion on result.  

4.1.1. Dataset 

This section provides a brief introduction of dataset used for evaluation of 

proposed framework for pitch estimation and speech segregation.  This research 

work experimented with MIR-1K dataset publicly available [54]. This dataset 

contained 1000 karaoke version Chinese songs. Voices of immature singers’ voices 

are mixed with karaoke version Chinese songs. Theses audio mixtures are of 

different time duration that range from 4 to 13 seconds, and if all audio mixtures in 

dataset combined sequentially then the total length is 133 minutes featuring.  

Gender diversity is considered while collecting voice samples. The dataset includes 

19 singers including 8 female and 11 male participants. The music and voice are 

mixed together by adding them to single channel. This summation is performed at 

different SNR levels for voiced to music. 
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4.1.2. Experimentation 

This research work considered pitch estimation framework for speech segregation 

using cochleagram morphing. Audio mixtures are passed through gammatone filter 

bank. Gammatone filter bank response is arranged as short time frames consist of 

256 frequency channel spread over 80 Hz to 5000 Hz and this short time framing 

of gammatone filter bank response is called cochleagram. 256 channels 

gammatone filter bank response is recycled for correlogram by auto-correlating its 

channels. Summary correlogram is calculated from correlogram frames. The 

summary correlogram gives fundamental frequency F0 estimation. We considered 

as rough pitch estimation. Cochleagram further intensity wise mapped to eight 

discrete clusters. The mapped cochleagram is morphed iteratively from with only 

most intense T-F units to addition of clusters with weaker T-F units. Subsequent 

seven versions of binarized morphed versions of mapped cochleagram are used to 

authenticate rough pitch values from morphed version with only most intense T-F 

unit to one by one adding of clusters with T-F units holding weaker intensity 

values. This process stabilized the F0 values by interpolating mismatched value 

and missing value by confining them to morphed cochleagram versions. For further 

enhancement, harmonicity and onset/offset information is also considered to avoid 

false outcome.   Pitch estimation and stabilization experiments are performed 

without considering any investigation about musical instrument used in karaoke 

version of song.  

4.1.3. Results 

The pitch estimation framework is tested at different SNR levels for checking its 

soundness for correct rate of singing voiced pitch detection. Stabilized pitch 
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considered to be true if it is within 5% margin of ground truth. The performance 

of proposed framework had been compared with well-known existing approaches 

such as listed in table 2. Proposed framework for pitch estimation gives promising 

result at different SNR levels. It achieved 83.13% accuracy on average and 

outperformed against existing state of the art approaches on high SNRs.  

 

TABLE 2: PERCENTAGE OF CORRECT DETECTION OF PITCH VALUES AT 

DIFFERENT SNRS, COMPARE AGAINST WELL-KNOWN EXISTING METHODS FOR 

PITCH EXTRACTION 

Input 

SNR 

Proposed 

Hu and 

Wang 

(2010) 

Li and 

Wang 

(2007) 

Boersma and 

Weenink 

(2013) 

Wu et al. 

(2003) 

-5 dB 67% 69% 44% 33% 51% 

0 dB 79% 76% 58% 48% 62% 

5 dB 87% 78% 70% 69% 69% 

10 dB 90% 82% 80% 82% 70% 

15 dB 91% 83% 88% 83% 71% 

 

4.1.4. Discussion 

As per experiments, proposed framework for pitch estimation not only achieves 

comparable result rather its computational efficient. This research work 

considered pitch values that are placed inside morphed structures of cochleagram 

and show harmonic nature. The accuracy of estimated pitch values is checked by 

comparing it with pitch values received as ground truth. The pitch values consider 
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accurate if there exist less 5% difference in Hz. CASA system presented in this 

work need no prior information about type of instruments for music generation or 

number of instrument used to produce the music. Estimated pitch values are tested 

upon different SNR levels. A comparative performance analysis of proposed 

system is illustrated in table 2. The proposed framework achieved 67% accuracy 

at -5 dB SNR which was better than the methods of Li and Wang (2007), Boersma 

and Weenink (2013), and 0 dB and higher dB SNR levels. The framework has 

been tested to different levels of dBs to compare the performance with the 

methods. Significant results have been achieved by the proposed framework. The 

reason for better results is due to confinement of high intensity units in 

cochleagram. The performance of system calculating pitch values using morphed 

cochleagram versions is very well. The proposed system achieved 83.13% 

accuracy on average against different SNR levels. It outperformed on higher SNR 

levels.  

4.2. Experimentation and Results of Proposed 

Framework for Speech Segregation 

In addition to pitch estimation, we evaluated improved stabilized F0 with CASA 

cues for voiced speech segregation  

4.2.1. Dataset 

The proposed framework for voiced speech segregation is tested on a corpus of 

100 mixtures of voices speech segments and intrusions. This dataset is 

conventionally used for CASA system investigations [54]. Table 3 shows the 

number of interference samples used with voiced speech segments. 
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The interferences used in corpus are significantly diverse structure. For example, 

N1 is white noise, it corrupts the whole range of frequency spectrum and N0 is a 

pure tone that disturbs specific frequency range. In same way, N3 is cocktail party 

noise, this type of intrusion consists the frequency components similar to voiced 

and unvoiced speech.  

4.2.2. Experimentation 

Performance of proposed CASA system for speech separation is calculated by 

measuring waveforms of clean voiced speech and segregated speech. 

Mathematical formulation for waveform comparison is given in equation 4.1 

discussed in study [54]. The equation 4.1 calculates the waveforms of clean 

voiced speech and segregated voiced speech in dB units. 

SNR = 10log10 (
∑ s2(n)n

∑ [s(n)−x̌(n)]2
n

)                                  (4.1) 

TABLE 3: TYPES OF INTRUSIONS 
 

Intrusions Description 

N0 1 kHz pure tone 

N1 white noise 

N2 noise bursts 

N3 cocktail party noise 

N4 rock music 

N5 Siren 

N6 trill telephone 

N7 female speech 

N8 male speech 

N9 female speech 
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In equation 4.1, x̌ is considered as segregated synthesized signal and 𝑠(𝑛) is the 

clean target voiced speech prior to mixing of any interference. 

 

Figure 4.1: Illustration of performance comparison for segregated voiced speech in the 

presence of various intrusions with existing approaches. 

4.2.3. Results and Discussion 

The comparison of results obtained in current CASA system is made with a 

previous CASA based system [56] and spectral subtraction [57] ,standardized 

technique for speech enhancement  The proposed system  perform very well in case 

of intrusions N0-N4 and N6 as compared earlier methods. In the remain type of 

intrusions proposed system gives consistently better results when compared 

against a previous CASA system [56]  and spectral subtraction  [57]. Figure 4.1 

shows comparative SNR based results.  The proposed system obtained a 17.04 dB 

SNR gain based on improved features, which was about 2.11 dB better than Hu 

and Wang's system [56] and 8.61 dB better than the Spectral Subtraction [57].  
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4.3. Chapter Summary 

This chapter explains the results for pitch estimation framework and subsequent 

speech segregation using cochleagram morphing. The proposed system evaluated in 

two parts. In the pitch estimation is done. it shows significantly better performance as 

compared existing systems of pitch estimation in the presence of background noised. 

In second phase, speech is segregated and resynthesized using improved psycho-

acoustic cues. Overall performance of speech segregation is better than existing 

approaches.  
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Chapter 5 

SPEECH SEGREGATION USING 
AUDIO FINGERPRINTING AND 

ECHO CANCELATION 
PRINCIPLE  

 

 
 
 
 
 
 
 
 
 
 
 
 
 

“This chapter describes the implementation of the proposed novel 
framework for music-speech segregation. Chapter initially describes the 
proposed system then it elaborates the complete algorithmic architecture 
for the separation of speech from background music. Chapter also 
explains the experimentation and results in detail.” 
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5.1. Introduction to Proposed System 
 

Segregated speech is desire of every system that need to take decision on 

recognized speech. This chapter presents a novel approach for scenarios in which 

background music disturbs listener intelligibility that background music played as 

theme music for news broadcast or a TV commercial or background music of 

videos games. Due to technological advancement, every consumer electronic 

device coming into market is enriched by computational power for customize 

applications. These applications provide high level ease to get user satisfaction.  

Smart TVs with gaming equipment are top of the list in the world of consumer 

electronics. But these devices are not yet smart enough to satisfy every user. For 

example, while listening to a news broadcast on smart TV may be somehow 

beneficial but on the same time the background music playing accompanied with 

newscaster voice is annoying some time. So there arises a need of application that 

can segregation newscaster voice and filter out the background music. In the same 

context, a user playing a video game wanted remove background music and want 

to listen on voiced instruction only. To overcome above mention scenarios, we 

proposed a speech segregation frame in the presence of background music using 

audio fingerprinting and echo cancellation principle. The interference in the 

background may be due to anything like moving car, hammering etc. but presently 

we are considering musical background as an interference noise. Mathematically 

it can be given as shown in equation 5.1;  

𝑅𝑚𝑖𝑥𝑡𝑢𝑟𝑒 = 𝑆𝑠𝑝𝑒𝑒𝑐ℎ + 𝐼𝑚𝑢𝑠𝑖𝑐                                         (5.1) 

Where 𝑅𝑚𝑖𝑥𝑡𝑢𝑟𝑒 is the audio mixture at receiving device or human listener. 

𝑆𝑠𝑝𝑒𝑒𝑐ℎ  is the target speech that is to be processed further and 𝐼𝑚𝑢𝑠𝑖𝑐  is the 
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interfering background music which is designated as interference or noise in this 

case. This study used audio fingerprinting for robust music matching and echo 

cancellation principle for accurate music elimination in above mention scenarios. 

The validity of proposed framework is proved by subjective analysis user 

experience after filtering out music in audio mixtures contain speech and music. 

 

5.2 Proposed Framework 

A novel approach is proposed in this research work that efficiently eliminates 

background musical tones from an audio mixture of speech and background 

music. This helps in clean transmission of human speech or voiced commands. 

Consider a person interacting with smart TV and there is annoying background 

theme music with news caster voice or disturbing monophonic or polyphonic 

music, distracting game music. The speech or voice command accompanied 

background music drastically reduce the listener comprehension capability. The 

solution to remove background music from an audio mixture is presented this 

research work. The solution for removal of music tones is covered in three 

modules that 

 Music Identification Module 

 Sample Synchronization Module 

 Volume Stabilizer Module 

In first step, audio mixture is fed for identification of relevant music tones. In 

second step, identified music is synchronized given audio mixture. In third step, 

identified music volume is stabilized according to given input audio mixture. In 

the last, identified, synchronized and stabilized music is removed from given 
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audio mixture. The proposed framework for music removal from an audio mixture 

is shown in the figure 5.1. 

 

Figure 5.1 Proposed framework for speech segregation in the presence of 
background music 

 

5.2 Music Identification Module 

Acoustic music fingerprinting is used for music identification. Music 

identification is core of proposed framework that allows to located and identify 

background music. Intelligent music applications are available on internet, like 

SHAZAM, SoundHound, TrackID, mobion music global, musiXmatch Lyrics 

Player and Echoprint. The music identification application which is being used 

here is available off-the-shelf and completely open source named as Echoprint 

- 
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[58]. Figure 5.2 inside the dashed line rectangle illustrates the architecture of 

Echoprint. Echoprint listens to audio from any source like phone, computer or 

environment and finds out what song it is. Subjective analysis show that it works 

very fast and accurate. It is so robust that it can identify the noisy versions of the 

original or rerecorded versions using some low-quality recorders with strong 

outside interfering sources. 

 

Figure 5.2 Echoprint (music identification application) [58] 

The music identification application (Echoprint) is integrated with our system and 

the initial chunk of the audio mixture is fed to the application which immediately 

recognizes the music and it is downloaded on the smart TV and this music will be 

cancelled chunk by chunk from the audio mixture and as a result the system will 

be left with only human speech that the Listener can hear. 

5.2.1 Fingerprinting 

Audio fingerprint [58-61] is a condensed digital summary produced from an audio 

signal which can be used to identify/locate the music sample from a database. It is 

used quite frequently since last decade and became an important feature for a 

large-scale music identification services. Echo Nest Musical Fingerprint 



 

 69 

(ENMFP) [58] was presented earlier, it analyzes music audio in detail using 

Analyze service of Echo Nest [61], and mostly the successive segments of 

fingerprints were based on chroma vectors. Its effectiveness was proven by 

identifying the same track with different encodings, but was unable to handle 

severe spectral distortions like over the air recordings. Another drawback is its 

dependency on Analyze process output and if the Analyze process had not been 

carried out already, it becomes computationally very expensive. Later another 

music identification service, named as Echoprint, was presented which overcomes 

most of the drawback of ENMFP. Chroma features were not used in it as, it only 

relied on the timing of successive beat-like events. This feature is quite important 

and the best thing is that it is quite robust under wide channel range and noise. 

Another advantage of Echoprint, performing onset detection, is its own scheme 

which is quite simple as compared to the one in Analyze. 

5.2.2 Code Generation from Audio 

Echoprint uses beat-like onsets detection technique. Beat-like onsets detection 

techniques depends on relative timings among successive beat-like onsets for a 

given audio. Because of this technique, Echoprint response robustly in the 

presence of over the air (OTA) recordings and response equally good in case of 

any spectral distortions due environmental noises. Before proceeding towards the 

further analysis, the signal is whitened in order to improve the robustness against 

variable over-the-air channel characteristics. A 40-pole LPC filter is estimated 

from the autocorrelation of 1 sec blocks of the signal, smoothed with an 8 

seconds’ decay constant and inverse (FIR) filter is incorporated to the signal to 

consider whitening. This process results in reducing any stationary resonances by 
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matching zero that accompany the signal from speaker, microphone or room in 

OTA scenario [62]. Moderated signal stationary resonance is decomposed in to 8 

sub-bands. The 8-channels decomposition simplifies search process of onsets. 

Echoprint apply frequency channel decomposing to achieve an onset rate of 1 

onset/second per band. Hash codes are generated by linking pair of IOI (Inter-

onset-intervals) in each sub-band. Four successors to each onset are introduced to 

encounter any false or missing onset detection. By considering all possible 

successive onsets from the four, six different hashes (IOI pairs) are created. Hash 

rate will approximately be comparable 8 (bands) x 1 (onset/sec) x 6 (hashes per 

onset) ≈ 48 hashes/sec. As onsets are approximately 1 second a part so the order 

of quantized IOIs is 1/0.0232 = 43 or 5-6 bits, and a pair of onsets comprised of 

12 bits of information. After that 3 bits of band indexes are combined with it to 

generate raw hash that is stored with its occurrence time within the file [62]. 

5.2.3 Code Matching to find Songs 

Echoprint database currently contains more than 1 million music tracks. This 

collection of music tracks is still growing. Addition of sound tracks by users and 

administrator is increasing numbers in database. Locating a track in database 

works in a simple fashion. An unknown query Q generated by user is used to 

locate the required track in songs database. Each song in database is divided into 

60 seconds’ segments with 30 second overlapping in adjacent segments. Divided 

songs segments are used to generate bigger set of query hashes. This process helps 

to locate correct song track in database. A 60 seconds’ segment in database is 

termed as document. Document ID is produced from differentiable track ID and 

corresponding segment number. Echoprint uses the Apache Solr server as a data 
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store. As per query Echoprint server returned the document with maximum 

number of matches for each code term in the query. Echoprint use top 15 matches 

to find out the corresponding track as it is believed that if the track exists in the 

database, it will be in those top 15 matches. Histogram matching technique is used 

to pick top two documents with true score. Histogram matching techniques 

ensures correct order of document code. In this way, it produce good results even 

query Q is from different section of the song [62]. Matched documents are 

arranged according to their true score. Document with top score is chosen in case 

of multiple documents from the same music track.  Usually document at top of the 

list has much higher true score as compared to others in the list so it is returned to 

user as positive match. But if the difference in top two documents is negligible 

then return the message of no match. 

If multiple documents from the same track exists in the list, all the documents are 

removed except the one with the highest score. The document presents at the top 

of the list, with its true score significantly higher than all other documents in the 

list, returned as positive match. On the other hand, if the gap between true scores 

of the top two results in the list is insignificant, it means there is no match. 

5.3 Sample Synchronization Module 

Identified music in previous section via audio fingerprint is normally encounter 

two type of cases  

1. Ideal Case 

2. Misalignment 
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5.3.1 Ideal Case 

First scenario describes the ideal case in which both the audio streams which are 

being operated upon, i.e. the background music audio and the other one is the 

mixture of background music and human speech, are synchronized in terms of 

start time or we can say both the audios are aligned sample-to-sample. Figure 5.3 

shows the above-mentioned scenario in which both the audio streams are aligned 

to each other. In this case, the background music is separated from the human 

voice completely by simply subtracting the background music audio from the 

mixture and as a result only human voice is transmitted to the receiver side despite 

of the interfering background music. The function is given by as shown in 

equation 5.2; 

𝑂𝑎 =  𝑀𝑚+𝑣 − 𝐵𝑚                                    (5.2) 

Where Oa is output audio, Mm+v is mixture of music and human voice and Bm is 

background music audio. 

 

Figure 5.3 Ideal case (both audio streams are aligned sample wise) 
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5.3.2 Sample Misalignment 

This scenario is somewhat tricky and complex, as compared to the first one. Here 

both the audio streams are not aligned so it’s impossible to perform the 

subtraction operation between the audio streams as mentioned in first scenario. 

This problem is shown below in figure 5.4. This problem is addressed by time 

delay calculation between two signals, i.e. the background music signal and the 

signal in which music is mixed with human speech, by cross correlation between 

two signals which gives us the background music signal leading or lagging in time 

as compared to the mixed signal. 

 

Figure 5.4: Sample-to-sample misalignment between two audio streams 

Figure 5.5 shows the process of correlation, as we can see that in the upper half of 

the figure, the signal is lagging as compare to the reference signal and in the lower 

half the signal is leading. The peaks in the following figure show that the signal 
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that we are trying to find is present and starting from the sample where the peaks 

are maximum. 

 

Figure 5.5: Correlation between signals (finding lead/lag time of signal w.r.t 

reference signal) 

After the cross correlation between the signals, the signals are aligned in time 

sample-by-sample as shown in figure 5.6. Now the subtraction can be performed 

between two signals and thus only human voice is left which is being transmitted 

to the receiving end side.  

 

Figure 5.6: Sample-to-sample aligned signals after cross-correlation 
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5.4 Volume Stabilizer Module 

Volume stabilized module stabilize the identified music to music in given audio 

mixtures. As we can see in the ideal case scenario as well as the sample 

misalignment case, they are easily handled but the volume intensity of background 

music is very important to be handled in order to make this system robust and 

efficient. Partially the volume of background music is that is mixed with speech 

during telephonic communication is mostly lower as compared to the identified 

music that is downloaded on phone to be cancelled out of mix audio. This 

research also proposes a method to analyze the volume variation of music in to 

audio streams and equalize the volume of both before cancelling the background 

music audio, that is being identified through music identification application and 

downloaded on phone, from the mixture (speech and background music) audio. 

Figure 5.7 shows the process of volume variation control. 
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Figure 5.7 Automatic volume variation control 

5.5 Experiments and Results 

The proposed framework eliminates the known music from a given audio mixture. 

This section describes the evaluation process of the proposed framework. 

5.5.1 Dataset 

Evaluation of framework is tested upon customized dataset 200 audio files. We 

mixed each audio sample with various music categories such as thematic audio 

from news, video games background audio, advertisement polyphonic and 

Background Music
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monophonic music. For each category, a collection of 40 audio files were made to 

build the dataset with 15 sec duration. The human voices were captured for 

recording purposes from 30 volunteering people with equal participation form 

male and female persons. Gender diversity was further exploited by considering 

male and female speakers randomly for the recording of the complete dataset. 

Audio samples were randomly mixed with the background music stream, the 

sampling rate was carefully selected to match in each constituent audio stream. 

After equalizing the sampling rate of audio stream, there are two scenarios while 

providing the solution for the problem at hand. 

5.5.2 Subjective Analysis 

For subjective analysis, 30 Male and female listeners are randomly selected for 

the evaluation purpose because of which the quality of the proposed algorithm is 

deduced. Results which came out from subjective evaluation by performing 

multiple experiments are shown in figures 5.8-5.12 for individual experiments 

performed on each category in dataset. 

 

Figure 5.8: Experimental results for Theme music used in different news 
broadcasters 
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Figure 5.9: Experimental results for background music used in different video 
games 

  

 

Figure 5.10: Experimental results for background music used in advisements 

 

Figure 5.11: Experimental results for polyphonic music with speech 
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Figure 5.12: Experimental results for monophonic music with speech 

The overall result of all experiments performed in subjective analysis are shown in 

figure 5.13. The proposed framework resulted in a higher accuracy level (up to 

95%) in speech segregation from thematic music. 

 

 

Figure 5.13: Cumulative experimental result 
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5.5.3 Results with Volume Stabilizer Analysis 

The results of subjective analysis shown above are based on ideal conditions in 

which identified download music volume is same as the music contain in audio 

sample. In addition to the subjective analysis for ideal scenario, the proposed 

framework is also tested with respect to different SNRs. it has been observed that 

increase in distance is directly proportional SNR values. In real life situation, 

mostly the background music which is interfering with the person’s speech talking 

on the phone is at some distance. This results decrease in strength of interfering 

signal. And if it is in the close vicinity of the person talking on phone or in simple 

words it can be said as the music signal has a low volume. 

5.5.3.1 Automatic Volume Variation Stabilizer Results 

The proposed framework considered the problem related to diversities in volume 

intensities between the download music audio and the music that is mixed with 

speech in real-time scenario. This makes the proposed framework very efficient 

and robust for any kind of music and for any amount of difference in volume. 

Figure 5.14 below illustrates the process of analyzing and controlling the volume 

variation.   
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Figure 5.14: Automatic volume stabilizer 

 

Figure 5.15 below shows the results of speech music segregation after automatic 

volume variation technique is applied to the algorithm. It is evident from the 

figure that the proposed systems eliminate almost 100% of the background music 

that is interfering with the speech. If we analyze the figure below, it clearly shows 

that the first subplot and third subplot are same. The first subplot is of the human 

speech and the third subplot is the result of cancellation of background music, that 

is identified and downloaded through music identification application, from the 

mixed (speech and music) audio. Result shows that the speech is segregated from 

music almost completely. 
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Figure 5.15: Speech Music segregation result after volume intensity control 

The table 4 shows the statistical comparison of proposed speech-music segregation 

algorithm, with respect to the signal-to-noise (SNR) ration, with the existing 

speech-music segregation techniques in literature. The analysis shows that the 

proposed algorithm performed better as compared to the existing ones. 
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TABLE 4: STATISTICAL COMPARISON OF PROPOSED TECHNIQUE VS THE 

EXISTING SPEECH-MUSIC SEGREGATION ALGORITHMS 

Input SNR 

(dB)/Separated 

Speech signal 

Proposed 

method 

Kolossa and 

Orglmeister 

(2004) [63] 

Saruwatari 

et al. (2005) 

[64] 

Dubnov et 

al. (2006) 

[65] 

Mori et 

al. (2006) 

[66] 

-5 dB 22.8 21 21.2 20.9 21.5 

0 dB 18.9 19 18.3 16.5 17.6 

5 dB 13.2 12.8 13 12.3 13 

10 dB 8.6 8.1 7.6 7.2 9 

Average Output 

SNR (dB) 

15.875 15.225 15.025 14.225 15.275 

 

Figure 5.16 graphically shows the statistical comparison of these approaches. 
 

 

Figure 5.16: SNR comparison of Proposed Algorithm Vs Existing Techniques 

5.6 Chapter Summary 

A novel framework for separating speech from accompany backdrop music 

arrangements has been proposed. The framework considered audio fingerprinting 

for recognition of backdrop music. After recognition, the original music track is 

subtracted from given audio mixture based correlation principle. The framework 

gives promising results. 
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Chapter 6 

CONCLUSIONS AND FUTURE 
WORK 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

“This chapter sums up the dissertation with certain conclusions, 
achievements and future work with respect to speech segregation from 
multi-stream auditory environments.” 
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6.1 Conclusion  
 

The pitch estimation framework for speech segregation using cochleagram 

morphing is a novel framework to solve cocktail party problem. Proposed 

framework shows quite promising results for speech segregation from audio 

mixture where speech is accompanied with various sources. Unsupervised 

learning technique, k-means, is applied on auditory spectrogram that is short time 

arrangement of gammatone filter bank to map cochleagram. Mapped cochleagram 

is used to generate 7 discrete version of auditory spectrogram. First morphed 

cochleagram version is consist of cluster from mapped cochleagram with energy 

wise most intense spectral components. In second iteration, morphed cochleagram 

version is made by using morphed version obtained in first iteration and cluster 

with second to cluster of most intense spectral component. In the same all 7 

versions of morphed cochleagram are made. In the Subsequent set of morph 

cochleagram versions are further used iteratively from high intensity morphed 

cochleagram to weaker ones and stabilized pitch vales and heuristically expand 

the pitch contour. The resultant pitch contour accompanied with harmonicity and 

temporal continuity. Evaluation of framework is experimented on two publicly 

available datasets. The experimentations show that we have achieved better SNR 

ratios for the given audio mixtures. 

6.1.1 Challenges 

This research presents a human ear like model for speech segregation. This ear 

model had to be capable to work in time-frequency domain. In order to achieve 

this ear model, we needed a filter bank capable of a human ear response. In this 

regard a gammatone filter bank of order 4 was used. This gammatone filter bank 
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enabled our ear model to represent our audio mixture in time frequency domain. 

Since correlogram gives rough pitch estimation in order to make for this 

deficiency we used morphed versions of mapped cochleagram. Later spectral 

peaks are employed in order to refine the harmonics. The spectral peaks are used 

for alignment of harmonics. Morphed versions of mapped cochleagram have been 

used along with onset/offset, F0, harmonicity and spectral peaks are used to 

determine target source temporal continuity and timbre. 

 
 6.2 Utilization 

There are many potential applications that can benefit from proposed framework 

for speech segregation, such as teleconferencing, speech recognition, bio-inspired 

systems, hearing aid, and reverberant environments, see e.g., [67, 68]. 

6.2.1 Speech Recognition 

Speech recognition is another promising application area. Although the area of 

speech recognition has been developed for several decades and many successful 

systems have been implemented [69, 70], the performance of these systems for 

uncontrolled natural environments is still limited. Any major progress in the 

cocktail party problem will prove to be crucial for the development of robust 

speech recognition systems that can deal with general auditory scenes within an 

uncontrolled natural environment. 

6.2.2 Teleconferencing Systems 

In teleconferencing systems there might be multiple speakers talking at the same 

time, and echoes might also be a problem. To distinguish one speaker from 

another and the original speech from its echoes is necessary in this application. 
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Progress in the cocktail party problem can facilitate the development of high 

quality teleconferencing systems with fewer practical constraints. 

6.2.3 Hearing Aids 

As we have discussed, CASA is one of the most active areas of research for the 

cocktail party problem. In CASA, much effort has been devoted to the 

implementation (simulation) of the mechanism of the human auditory system. 

Similar ideas have evolved to the auditory scene analysis of non-human animals 

(Barker, 2006; Lippmann, 1997). Study of the cocktail party problem will 

facilitate our understanding of the designing techniques for the biologically 

inspired artificial scene analysis systems. 

Research progress in cocktail party problem can be beneficial for other related 

applications in, for example, interference cancellation, de-convolution, and 

inverse problems. The common feature with these applications is that the 

propagation channels that the signals are transmitted are in multi path, and not 

known a priori, and is similar to what we have seen in a cocktail party 

environment. From this sense, the methods developed for the cocktail party 

problem are applicable for a broader area of applications. 

6.3 Future Work 

There are still some points in this framework on which further work can be carried 

out in future, for example future research may include reducing the room effect on 

an auditory mixture such as computer fans, air conditioners, passing traffic, other 

people who may be talking. Work presented in current research may be extended 

in order to incorporate the unknown number of sound producing events. 

Incorporation of visual cues along with psycho-acoustic features may improve the 
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performance. Visual cues may include recognition of audio source and direction 

of audio source. Work may also be extending while dealing with unknown type of 

sources, handling dynamic listening environment for multiple moving speakers, 

and analyzing the multimodal auditory data.  
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