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Speech Enhancement (SE) is elemental in many real world applications. In the last two decades, 

extensive studies have been carried out on single and multi-channel SE techniques. In this thesis, 

three novel SE algorithms have been proposed that can be used for Hearing Aid Devices using a 

smartphone as their assistive device. The first SE method exploits the information of formant 

locations to improve the speech quality and intelligibility of the Super-Gaussian Joint Maximum 

aposterori (SGJMAP) SE method. The second method is the extension of this work on the Log 

Spectral Minimum Mean Square Error Amplitude Estimator (Log-MMSE) which is a well-known 

SE algorithm. The third method is a real time Blind Source Separation (BSS) method based on 

Independent Vector Analysis (IVA) for convolutive mixtures. Objective and subjective evaluation 

of the developed techniques show substantial improvements in speech quality and intelligibility. 
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CHAPTER 1 

 

INTRODUCTION 

 

 

Since time immemorial, speech is one of the most important communication forms of humanity. 

While in former times conversations were possible only face-to-face, speech communication 

environments have changed drastically over the past 2 decades with the advances in speech 

processing technologies and ubiquity in telecommunications. A new generation of speech 

acquisition applications are developed such as Hands-free audio communication, Mobile 

telephony, Hearing Aids, Automatic Information systems i.e., Voice Controlled Systems, Video 

Conferencing Systems and many of the multimedia applications. In all these applications, the 

received speech signal of interest should be of high perceptual quality and intelligibility. This 

places high demands on the robustness of these devices to operate well in acoustically challenging 

conditions. The performance of these devices deteriorates considerably in the presence of 

background noise and depending on the amount of speech contaminated by the noise, the effects 

can be terrible. The speech perception is greatly affected due to the addition of some frequency 

components, masking of desired speech spectral components and smearing of speech spectra near 

the occurrences of phonemes.  

Speech enhancement (SE) is used to process the noisy speech signal, reduce the impact of 

disturbances and improve the quality and intelligibility of the degraded speech signal at the 

receiving end.  SE or noise reduction is a key feature in many applications like hearing aid devices 

(HADs), wearable technology, and virtual reality (VR) & gaming industries. Though, over the 

decades extensive research has been conducted in the area of SE, the robustness of the SE 
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algorithm to the rapidly changing acoustical environmental noise has been a limiting factor. Thus 

an SE method that is robust to different environmental noisy conditions becomes critical. 

1.1 Problem Statement  

According to World Health Organization (WHO), 360 million people across the globe have 

disabling hearing loss. Statistics obtained by National Institute on Deafness and Other 

Communication Disorders (NIDCD) show that approximately 15% of American adults (37.5 

million) aged 18 and over report some concern in hearing. About 2 to 3 out of every 1,000 children 

in the United States are born with a detectable level of hearing loss. However, more than 90% of 

individuals with hearing impairment can be helped with HADs, cochlear implants and other 

hearing instruments [1, 2].  

SE is a vital block in HAD signal processing pipeline. In the real world, the environment is 

surrounded by different types of acoustic noise which appears in different shapes and forms. In 

many conditions, to understand the speech in a noisy environment becomes an extremely difficult 

task for the normal hearings and the condition gets worse for hearing impaired people. As a result, 

obtaining the enhanced speech signal with an improved quality and minimal speech distortion is 

the ultimate goal. Figure 1.1 shows the block diagram of the signal processing pipeline used in the 

HADs which typically has a Feedback suppression block, Direction of Arrival (DOA) Estimation 

 

Figure 1.1.  Block Diagram of HAD signal processing pipeline  
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block to find the directionality of the source, an SE system to reduce the background noise and the 

output gain control and Dynamic Audio compression block. 

1.2 Solution and Approaches  

The existing HADs have their own limitations like size, processor, and power consumption. 

Therefore, these limited computing powers make it highly impractical to implement complex yet 

useful signal processing algorithms on HADs to improve their performance [3]. One practical 

solution is to use a smartphone as an assistive tool for HADs as they have the superior processing 

power and large population anyways possess smartphones.  

1.3 Single and Dual Microphone Speech Enhancement 

In the HADs, as shown in figure 1.1, SE is the main block which concentrates on improving the 

speech quality and intelligibility and boost the Signal to Noise Ratio (SNR). The main objective 

of any SE technique must be concerned with improving the speech intelligibility and perceptual 

quality which has been corrupted due to different types of background noises.  Among all the 

methods used for SE, the single microphone SE is the most challenging task due to the lack of the 

spatial information. This makes it highly challenging to reduce the background noise without 

inducing speech distortion in single channel SE. Single channel SE can be generally divided into 

five main classes: spectral subtraction algorithms, Wiener filtering, subspace algorithms, binary 

mask algorithms and statistical-model based algorithms [4]. Among these SE techniques, the 

statistical model based methods are widely used and well known to reduce background noise. In 

this thesis, the statistical model based methods are used to improve the overall speech quality. In 

these methods, a statistical model is assumed for the speech spectral coefficients. Therefore, to the 
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estimate the true speech spectra in the noisy observation, Bayesian rule is usually used to compute 

the conditional mean of the estimator. The minimum mean square error (MMSE) estimator [5] 

which is one of the most popular statistical model-based methods for suppressing the background 

noise (especially which are non-stationary) and also improving the perceptual speech quality for 

single channel SE [6-7] was proposed by Ephraim and Malah. The estimate of a priori SNR which 

is the key parameter in statistical model-based methods for computing frequency spectral weights 

was also proposed by Ephraim and Malah known as the decision-directed approach (DDA) [5]. To 

improve the performance of the SE algorithms especially when the SNR is too low, there are 

numerous noise estimation algorithms that have been introduced. There are many computationally 

efficient alternatives for the MMSE method, in this new method, speech is estimated by applying 

the joint maximum a posteriori (JMAP) estimation rule [8]. In [9], super-Gaussian extension of 

the JMAP (SGJMAP) is proposed which is shown to outperform algorithms proposed in [5, 7]. 

Super-Gaussian statistical model of the clean speech and noise spectral components (especially 

Babble) attains a lower mean squared error compared to Gaussian model. Recent developments 

include SE based on deep neural networks (DNN) [10, 11], which requires rigorous training data. 

Although these methods yield supreme noise suppression, the preservation of Spectro-temporal 

characteristics of speech, the quality and natural attributes remains as a prime challenge. To 

enhance the speech using multiple microphones, adaptive algorithms like Least Mean Square 

(LMS), Normalized Least Mean Square (NLMS) have been used in the past [12]. As the spatial 

information of the speech and the noise can be exploited using multiple microphones, with a good 

estimate of the DOA, a null can be steered towards the noise source and a beam towards the signal 

source using beamforming techniques. Researchers have found interest in BSS techniques for 
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enhancing the speech [13]. BSS techniques use the information of the mixed signals observed at 

the input microphones. Independent Component Analysis (ICA) is a widely used BSS technique 

[14]. 

1.4 Thesis Objectives and Outline 

Improving the quality and the intelligibility of enhanced speech is the major concentration of this 

thesis. The conventional single channel SE algorithms have their own disadvantages based on 

particular noise environment, i.e. some of them create annoying musical tones in the highly non-

stationary noise environment. In certain conditions, some of the algorithms induce speech 

distortion in important frequency regions. This work will put the main efforts on the modification 

and development of alternative statistical-model based SE methods and their real-time 

implementation on smartphones. Out of the three SE methods are proposed in this thesis, the first 

two methods are based on single microphone:  

I. Formant frequency based Single Channel Super Gaussian Speech Enhancement 

The proposed SE method is based on new super Gaussian joint maximum a Posteriori 

(SGJMAP) estimator [15]. We use the formant trajectory information to improve the overall 

quality and intelligibility of the speech. ‘Tradeoff’ parameters are introduced to modify the 

gains over multiple frequency bands. The algorithm is implemented on smartphone for online 

playback applications and this arrangement can be used as an assistive device for hearing aids. 

II. Improved Log spectral amplitude estimator  

The developed SE method is an extension of first method to Log-MMSE SE technique i.e. an 

MMSE estimator based on the formant frequency is proposed. A scaled value of the MMSE 

gain function is applied over different bands which is estimated based on formant locations. 
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The proposed method does not induce any residual or musical noise so there is no requirement 

of any post filter after the enhancement.  

III. Real time Independent Vector Analysis  

Independent Vector Analysis (IVA) is a frequency domain BSS technique used to find an 

optimal demixing matrix for convolutive mixtures of source signals. In our approach, we use 

two microphones to separate speech and noise signals. The demixing matrix is calculated batch 

wise and updated based on the DOA information. Improved speech quality is observed 

especially for low SNR conditions (SNRs equal to and lesser than 0dB).  

Performance evaluation of all the proposed methods are presented using objective and subjective 

test results. 

The outline of the thesis is as follows: Chapter 2 provides a brief review of single channel and 

multi-channel SE algorithms. It also illustrates the pros and cons of existing standard SE 

algorithms. Chapter 3 introduces Smartphone based super Gaussian single microphone SE using 

formant information. Its real-time implementation is discussed. Performance evaluation is made 

by measuring the objective measures and subjective tests. Chapter 4 discusses about formant based 

Real time Log-Spectral Amplitude Estimator SE technique. Chapter 5 discusses IVA based real-

time source separation, analysis, and results. Chapter 6 draws the important conclusion on the 

proposed SE techniques.   
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CHAPTER 2 

LITERATURE REVIEW ON SPEECH ENHANCEMENT 

2.1 Overview of Single Channel SE Techniques 

In single channel SE, only one microphone is used to estimate the desired speech. Typically, the 

estimation of clean speech is obtained by passing the noisy speech signal through a filter. The 

prime challenge is to find the optimal filter which can suppress the noise as well as maintain the 

speech integrity. Due to high non-stationary nature of speech signal, most of the single channel SE 

techniques are operated on short time frames to obtain the optimal filter, as speech is stationary in 

short duration in the order of 10-40 milliseconds [5]. Spectral-Subtraction algorithm [16] is one of 

the first algorithms proposed for noise reduction. The principle of this algorithm is that an estimate 

of the clean signal spectrum can be accomplished by subtracting an estimate of the noise spectrum 

from the noisy speech spectrum. The challenge with the Spectral-Subtraction algorithm is that the 

estimation of the noise spectral components from the noisy speech spectra needs to be pretty 

accurate. Some of the speech components will be removed if excess noise is subtracted. The noise 

components remain if too little is subtracted. It is not facile to get a good estimate of the noise 

spectral components when SNR of the noisy speech is low.  Sometimes, subtraction of the noise 

spectrum does create the annoying effect called 'musical noise'. 

Wiener filtering approach derives the enhanced signal by optimizing the tractable error criterion, 

mean-square error [17]. The optimal filter is computed by minimizing the estimation error between 

the desired signal and the output signal. The optimum filter is derived based on the well-known 

orthogonality principle with the assumption that the noise and speech Discrete Fourier Transform 
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(DFT) coefficients are independent Gaussian random variables. The Wiener filter approach yields 

a linear estimate of the complex spectrum of the signal. Though Wiener filters are much less 

subject to signal corruption but were never really able to fully remove the background noise.  

Statistical model based methods mainly focus on the nonlinear estimators of the modulus of the 

DFT coefficients i.e. magnitude of the signal rather than the complex spectrum of the signal as 

done by the Wiener filter. Various methods exist for deriving nonlinear estimators, firstly, 

Maximum-Likelihood (ML) estimators assume that the parameter to be estimated is deterministic 

but unknown [18]. Bayesian estimators assume that the parameter to be estimated is a random 

variable and works on the fact that we have available a priori knowledge of the parameter to be 

estimated. Hence it performs better than the ML estimator as it makes use of distribution 

(probability density function) of the speech signal. A statistical model that utilizes the asymptotic 

statistical properties of the Fourier transform coefficients has been proposed by Ephraim and 

Malah [5] and the optimal estimator is found using this model which minimizes the mean-squared 

error between the estimated and the true spectral magnitudes. The estimator takes probability 

density function (pdf) of speech and noise DFT coefficients, into account and is combined with 

soft decision gain modifications that take speech presence probability into account.  A metric based 

on the squared error of the log-magnitude spectra is more suitable for speech processing [6, 19] as 

the metric based on just the squared error of the magnitude spectra may not be subjectively 

meaningful. In [6], the researchers concluded that the statistical-model based methods performed 

the best across in terms of quality enhancement across all conditions. These conclusions were 

made based on the subjective evaluation of speech quality which was performed for various SE 

algorithms to track the amount of speech distortion, noise reduction and overall speech quality of 
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the enhanced signal. However, in [20], the authors studied the intelligibility of enhanced speech 

across the numerous SE algorithms and concluded the intelligibility of the noisy speech was equal 

to that of the enhanced speech in most of the algorithms, with the exception of certain signal noise 

condition. Also, the algorithms that were found to perform the best in terms of overall quality of 

the enhanced signal and that performed the best in terms of speech intelligibility were different.  

In the subspace filtering approach, the noisy speech signal space is divided into a signal space 

containing both speech and noise and a noise space containing only noise [21]. An estimator which 

projects the noisy speech onto the signal subspace linearly by minimizing the speech signal 

distortion can be estimated. Numerous variations of this algorithm have been proposed for various 

noise types [22, 23]. 

2.2 Overview of Multi-Channel SE Techniques 

In the multi-channel SE techniques, the main advantage that it has at least 2 microphones and this 

will assist to exploit the spatial information of the speech source and the noise source to enhance 

the speech. Practically, the location of these sources in the space is different. Therefore, with a 

good estimate of the DOA of the sources, using beamforming approaches, a null can be steered 

towards the noise source and a beam towards the signal source [24]. Adaptive filters can be used 

to enhance the speech by using the input signals at multiple microphones and then subtract the 

estimated noise from the noisy speech. This can be achieved by well-known adaptive algorithms 

like LMS, NLMS [25] methods. Though these methods do not provide substantial elimination of 

noise, it acts as an SNR booster. Literature provides many instances where beamforming and 

adaptive filter methods are used as pre-filter for single channel SE techniques [12, 26]. The 

advantage of this technique is, these pre-filters increase the SNR without inducing any speech 



 

10 

distortion. The remaining residual noise is eliminated by single channel SE methods.  Multichannel 

noise reduction can be performed in frequency domain by applying a complex weight to the output 

of each microphone, at each frequency bin [27, 28]. Since speech signals are correlated at 

successive frames, beamforming can be improved by taking interframe correlation into account. 

In [29], researchers have proposed a dual-microphone SE technique, which is based on the 

magnitude of coherence between input signals to suppress the coherent noise, emanating from a 

single interfering source. In the recent times, researchers have found interest in enhancing the 

speech quality using BSS methods [13]. The mixing information observed at the input 

microphones is used in BSS techniques. ICA is one of the BSS technique [14] which is commonly 

used for linear mixtures. IVA is mostly used for signals having convolutive mixture model. 
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CHAPTER 3 

SMARTPHONE BASED SUPER GAUSSIAN SINGLE MICROPHONE SPEECH 

ENHANCEMENT USING FORMANT INFORMATION 

3.1 Introduction  

In the United States about 2 percent of adults aged 45 to 54 have disabling hearing loss. The rate 

increases to 8.5% for adults aged 55 to 64. Nearly 25% of those aged 65 to 74 and 50% of those 

who are 75 and older have disabling hearing loss. These Statistics obtained by National Institute 

on Deafness and Other Communication Disorders (NIDCD) show the importance of the personal 

hearing devices like HADs for the hearing impaired. Though SE is an elemental block in HAD 

signal processing pipeline due to the drawbacks in HADs it is impractical to implement important 

signal processing algorithms on them to further improve their performance. One viable solution is 

to use smartphone as an assistive tool for HADs as they have sophisticated processors and large 

population anyways possess smartphones. The microphone on the smartphone captures the noisy 

speech. The SE algorithm running on the processor of the smartphone reduces the background 

noise and the enhanced speech is wirelessly transmitted to the HADs. Recently, extensively used 

smartphones such as Apple iPhone have come up with new HA features such as Live Listen [30] 

to enhance the overall quality and intelligibility of the speech perceived by hearing impaired.                                                                                  

Literature offers extensive studies where SE algorithms are developed to improve the performance 

of HADs in the presence of background noises for the purpose of gaining better hearing capability 

by users of these devices. However, the prime challenge in single microphone SE is to suppress 

the background noise without inducing any sort of speech distortion. Traditional SE methods like 

spectral subtraction [16] and statistical model based methods proposed by Ephraim and Malah [5, 
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7] can be implemented on a smartphone in real-time. But, these algorithms induce musical noise 

and do not substantially improve speech intelligibility. There are some computationally efficient 

alternatives for [4-5] which are proposed in [8-9]. Recent developments include SE based on deep 

neural networks (DNN) [10], which is not suitable for real-time applications, as it requires rigorous 

training data and extensive training period also these methods fail to retain the natural attributes 

of speech. But, none of these methods provide a control to suppress the amount of noise reduction 

in real-time. Recent development in SE algorithms [15] gives provision to control the amount of 

noise reduction in real time. Studies on speech intelligibility [15] show that maintaining speech 

intelligibility and also reducing the background noise is inadequate in many widely used 

algorithms. Studies on speech intelligibility [31] show that speech intelligibility improvement is 

inadequate in many widely used algorithms. Researchers have shown that ideal binary mask in SE 

could improve intelligibility [32], but accurate estimation of the binary mask is challenging, 

especially in lower SNR conditions. In [33], Loizou explained two types of distortions that play a 

significant role in speech intelligibility. One of the major acoustical cues to identify the vowels 

[34], Diphthongs [36], vowel-consonant transitions [37, 38] and also nasal consonants [35] are the 

formant frequency trajectories which represent typical characteristics of a speech signal. Several 

studies have been carried out to increase the intelligibility in speech coders [39] using formant 

frequencies. Recently in [40], formant shaping method is used to improve speech intelligibility. In 

this chapter, an SE technique is presented to improve the quality and intelligibility of speech 

perceived by Hearing Aid users using smartphone as an assistive device. The formant frequency 

information is used to improve the overall quality and intelligibility of the speech. The proposed 

SE method is based on new super Gaussian joint maximum a Posteriori (SGJMAP) estimator [15] 
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in which there is a “tradeoff” factor introduced in the optimization of SGJMAP cost function to 

estimate the clean speech magnitude spectrum. Therefore, the derived gain function is a function 

of a priori, a posteriori and the tradeoff factor. However, the gain function used in this method is 

designed such that the tradeoff parameter is applied over the entire frequency range. To this method 

we use the priori information of formant frequency locations, in order to divide the entire frequency 

range of the signal to multiple bands i.e. the formant frequency bands and the non-formant 

frequency bands. Therefore, the derived gain function has two parameters based on the acoustically 

important bands.  This allows to suppress more noise in acoustically unimportant bands without 

inducing distortion in clean speech and residual noise. The formant frequency information helps 

the hearing aid user to control the gains over the non-formant frequency band and the formant 

frequency band, allowing the HA users to attain more noise suppression while maintaining the 

speech intelligibility using a smartphone application. The resulting enhanced signal is of good 

perceptual quality.  

3.2 Brief Overview of Formant Frequencies 

A formant is a concentration of acoustic energy around a specific frequency in the speech signal. 

Formants are vocal tract resonances, the frequency depends on length of the vocal tract which 

makes it speaker dependent. There are several formants, each at a different frequency, roughly one 

in each 1000Hz band. Or, to put it differently, formants occur at roughly 1000Hz intervals. Each 

formant corresponds to a resonance in the vocal tract. The first two formants are particularly 

important in speech recognition. Frequencies of formants change only within 15% between female 

and male speakers [41]. Formant frequencies are widely used in speaker recognition, speaker ID, 

and speech coders etc. Formant frequencies represent particular speech characteristics and it is 
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widely used to identify phonemes including vowels, nasal consonants, and consonants in 

consonants - vowel transitions.  Sound-induced hearing impairment can cause cochlear hair cell 

damage, leading to the degradation of the auditory nerve response to formant frequencies [42], 

[43]. It is likely that these degradations contribute to decreased speech intelligibility for people 

suffering from sound-induced hearing loss. Hence it becomes very important to determine the 

formant locations and make sure that there is minimal speech distortion in formant specific regions. 

Formants can be tracked for clean speech by estimating the resonance frequencies of the speaker’s 

vocal tract using linear prediction method at regular intervals of the signals and the formants are 

identified by picking the peaks. However, formant tracking becomes challenging with an intruding 

background noise and most of the formant tracking algorithms are neither robust to real world 

noise or nor suitable for real time implementations. In our method, we use a well-known technique 

for formant tracking [38] which obtains formant frequency estimates from voiced segments of 

continuous speech by using a linear predictive method to track individual formant frequencies. 

The formant tracker incorporates an adaptive voicing detector and a gender detector for formant 

extraction from continuous speech, for both male and female speakers. 

3.3 Conventional SGJMAP Method 

In the SGJMAP [9] method, a super Gaussian speech model is used by considering non-

Gaussianity property in spectral domain noise reduction framework [44, 45] and by knowing that 

Speech spectral coefficients have a super-Gaussian distribution. Spectral amplitude estimator 

using super Gaussian speech model allows the probability density function (PDF) of the speech 

spectral amplitude to be approximated by the function of two parameters 𝜇 and 𝑣. These two 

parameters can be adjusted to fit the underlying PDF to the real distribution of the speech 
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magnitude spectrum. Considering the additive mixture model for noisy speech 𝑦(𝑛), with clean 

speech 𝑠(𝑛) and noise 𝑤(𝑛), 

𝑦(𝑛) = 𝑠(𝑛) + 𝑤(𝑛)                                                    (3.1) 

 

The noisy 𝑘𝑡ℎ Discrete Fourier Transform (DFT) coefficient of 𝑦(𝑛) for frame 𝜆 is given by, 

𝑌𝑘(𝜆) = 𝑆𝑘(𝜆) + 𝑊𝑘(𝜆)                                                    (3.2) 

where 𝑆 and 𝑊 are the clean speech and noise DFT coefficients respectively. In polar coordinates, 

(2) can be written as, 

𝑅𝑘(𝜆)𝑒𝑗𝜃𝑌𝑘(𝜆) = 𝐴𝑘(𝜆)𝑒𝑗𝜃𝑆𝑘
(𝜆) + 𝐵𝑘(𝜆)𝑒𝑗𝜃𝑊𝑘(𝜆)                       (3.3) 

where 𝑅𝑘(𝜆), 𝐴𝑘(𝜆), 𝐵𝑘(𝜆) are magnitude spectrums of noisy speech, clean speech and noise 

respectively. 𝜃𝑌𝑘
(𝜆), 𝜃𝑆𝑘

(𝜆), 𝜃𝑊𝑘
(𝜆) are the phase spectrums of noisy speech, clean speech and 

noise respectively. The goal of any SE technique is to estimate clean speech magnitude spectrum 

𝐴𝑘(𝜆) and its phase spectrum 𝜃𝑆𝑘
(𝜆). We drop 𝜆 in further discussion for brevity. The JMAP 

estimator of the magnitude and phase jointly maximize the probability of magnitude and phase 

spectrum conditioned on the observed complex coefficient given by, 

�̂�𝑘 = argmax
𝐴𝑘

𝑝(𝑌𝑘|𝐴𝑘,𝜃𝑆𝑘
)𝑝(𝐴𝑘,𝜃𝑆𝑘

)

𝑝(𝑌𝑘)
                                           (3.4) 

𝜃𝑆𝑘
= argmax

𝜃𝑆𝑘

𝑝(𝑌𝑘|𝐴𝑘,𝜃𝑆𝑘
)𝑝(𝐴𝑘,𝜃𝑆𝑘

)

𝑝(𝑌𝑘)
                                          (3.5) 

Assuming uniform distribution for phase, the joint PDF 

𝑝(𝐴𝑘, 𝜃𝑆𝑘
) =

1

2𝜋
𝑝(𝐴𝑘)                                                      (3.6) 

The super-Gaussian PDF [44] of the amplitude spectral coefficient with variance 𝜎𝑆𝑘
 is given by, 
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𝑝(𝐴𝑘) =
𝜇𝑣+1

𝛤(𝑣+1)

𝐴𝑘
𝑣

𝜎𝑆𝑘
𝑣+1 exp { −

𝜇𝐴𝑘

𝜎𝑆𝑘

}                                                            (3.7) 

Assuming the Gaussian distribution for noise and super-Gaussian distribution (3.7) for speech, 

(3.4) is given by [9], 

�̂�𝑘 = (𝑢 + √𝑢2 +
𝑣

2�̂�𝑘
)𝑅𝑘, 𝑢 =

1

2
−

𝜇

4√�̂�𝑘�̂�𝑘

                             (3.8) 

where 𝜉𝑘 =
�̂�𝑆

2
𝑘

�̂�𝑊
2

𝑘

 is the a priori SNR and �̂�𝑘 =
𝑅𝑘

2

�̂�𝑊
2

𝑘

 is the a posteriori SNR. �̂�𝑊
2

𝑘
 is estimated using 

a voice activity detector (VAD). �̂�𝑆𝑘
  is the estimated instantaneous clean speech power spectral 

density. In [9], 𝑣 = 0.126 and 𝜇 = 1.74 is shown to give better results. The optimal phase 

spectrum is the noisy phase itself 𝜃𝑆𝑘
= 𝜃𝑌𝑘

.  

3.4 Proposed Formant Based SE Method. 

The model explained in [9] is less robust and inaccurate as it depends on parameters like  𝜇 , 𝑣 and 

accuracy of the voice activity detector (VAD), it is very difficult to estimate the magnitude 

spectrum of the clean speech in the real world rapidly fluctuating acoustical environment. In [15], 

these inaccuracies were compensated by introducing a tradeoff factor 𝛽 into the cost function for 

estimating the optimal clean speech magnitude spectrum.  Taking natural logarithm of (3.4), and 

differentiating with respect to 𝐴𝑘 gives, 

𝑑

𝑑𝐴𝑘
log(𝑝(𝑌𝑘|𝛽𝐴𝑘, 𝜃𝑆𝑘

)𝑝(𝛽𝐴𝑘, 𝜃𝑆𝑘
)) = 

−(𝑌𝑘
∗−𝐴𝑘𝛽𝑒

−𝑗𝜃𝑆𝑘)(−𝑗𝐴𝑘𝛽𝑒
𝑗𝜃𝑆𝑘)+(𝑌𝑘−𝐴𝑘𝛽𝑒

𝑗𝜃𝑆𝑘)(𝑗𝐴𝑘𝛽𝑒
−𝑗𝜃𝑆𝑘)

�̂�𝑊
2

𝑘

                                                                  (3.9) 

Setting (9) to zero and substituting 𝑌𝑘 = 𝑅𝑘𝑒
𝑗𝜃𝑌𝑘 simplifies to 
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2𝑅𝑘

�̂�𝑊
2

𝑘

−
2𝐴𝑘𝛽

�̂�𝑊
2

𝑘

+
𝑣

𝐴𝑘𝛽
−

𝜇𝛽

�̂�𝑆𝑘

= 0                                            (3.10) 

On simplifying (10), the following quadratic equation is obtained,        

   𝐴𝑘
2 +

𝐴𝑘

2𝛽�̂�𝑆𝑘

(�̂�𝑊
2

𝑘
𝜇𝛽 − 2𝑅𝑘�̂�𝑆𝑘

) −
𝑣�̂�𝑊

2
𝑘

2𝛽2 = 0                                                      (3.11) 

Solving the above quadratic equation and writing in terms of 𝜉𝑘 and �̂�𝑘 yields 

 𝐴𝑘 =

[
 
 
 

(
1

2𝛽
−

𝜇

4√�̂�𝑘�̂�𝑘

) + √(
𝜇

4√�̂�𝑘�̂�𝑘

−
1

2𝛽
)

2

+
𝑣

2�̂�𝑘𝛽2

]
 
 
 

 𝑅𝑘                                 (3.12)                                                                  

 

The speech magnitude spectrum estimate is                          

    �̂�𝑘 = 𝐺𝑘 𝑅𝑘                                                                  (3.13) 

Where,                 𝐺𝑘 =

[
 
 
 

 (
1

2𝛽
−

𝜇

4√�̂�𝑘�̂�𝑘

) + √(
𝜇

4√�̂�𝑘�̂�𝑘

−
1

2𝛽
)

2

+
𝑣

2�̂�𝑘𝛽2 

]
 
 
 

                                           (3.14) 

3.4.1 Formant frequency Band Estimation 

As an extension to the proposed method in [15] and in order to improve the performance, we 

make use of formant information. The formant frequency bands are approximated by calculating 

the exact formants to improve the intelligibility of speech. The pitch and the formant frequency 

trajectories (𝑓0 − 𝑓3) of the clean speech or speech degraded with noise at high SNR can be 

calculated by the method explained in [38]. We require a frequency range to approximate the 

presence of speech and apply considerably less noise suppression over that band and more noise 

suppression on the other bands. Therefore, the mean of pitch and the formants 𝑓0 − 𝑓3  are 
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calculated for large data sets and mean absolute error for each formant is determined over the data 

sets to find the frequency band of probable formant location. The frequency band is given by (3.15) 

𝐹𝑆 = [(𝑓𝑆 −
𝑓𝑎

2
 ) , (𝑓𝑆 +

𝑓𝑎

2
 )]                                                     (3.15) 

where, 𝐹𝑆 is the frequency band for a particular formant. 𝑓𝑆 represents mean formant frequency 

computed over entire database for 𝑆 = 0, 1, 2 and 3.  𝑓𝑎 is the mean absolute error determined for 

each formant. 𝑓𝑆 can be estimated in the real time for the noisy speech and 𝑓𝑎 which is calculated 

over the large datasets can be used to find frequency band  𝐹𝑆 in real time. Thus, we estimate four 

frequency bands (𝐹0 𝑡𝑜 𝐹3) from the respective mean formant locations. The FFT bins 

corresponding to the four frequency bands are thus calculated. 

3.4.2 Gain function customization based on Frequency Bands 

The block diagram of developed SE method is shown in Fig. 3.1.  In traditional SE methods, the 

gain function shown in (3.7) is applied over the entire frequency range inducing speech distortion 

due to inaccuracies in gain function estimation. The proposed method allows more noise 

suppression on acoustically unimportant bands and far lowering noise suppression on significant 

formant frequency bands to retain clean speech intelligibility. Thus, we obtain two different gain 

functions based on the frequency bands. The gain function for the formant frequency bands is 

given by,  

𝐺𝑘𝐹
=

[
 
 
 

(
1

2𝛽𝐹
−

𝜇

4√�̂�𝑘�̂�𝑘

) + √(
𝜇

4√�̂�𝑘�̂�𝑘

−
1

2𝛽𝐹
)

2

+
𝑣

2�̂�𝑘𝛽𝐹
2

]
 
 
 

                                 (3.16) 

�̂�𝑘 ={ 
   𝐺𝑘𝐹

,                𝑖𝑓 𝑘 ∈  𝐹𝑆  𝑓𝑜𝑟 𝑆 = 0, 1, 2, 3

𝐺𝑘,                                      𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒      
                                 (3.17)   
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Where k represents the kth frequency bin, 𝐹𝑆 represents the bins associated with formant frequency 

bands. 𝛽  and  𝛽𝐹 allow the hearing-impaired smartphone user to obtain more noise suppression 

without speech distortion. The  𝛽𝐹 can be kept constant or can be adjusted along with 𝛽 by HAD 

user in real time based on his/her listening preference under continuously varying acoustical 

environment. 𝛽𝐹 < 𝛽 and 𝛽 can be varied from 0.5 to 5.  

We reconstruct the signal by considering the phase of the noisy speech signal. The final clean 

speech estimate is, 

�̂�𝑘 = �̂�𝑘 𝑌𝑘                                                                     (3.18) 

The time domain reconstruction signal �̂�(𝑛) is obtained by taking Inverse Fast Fourier Transform 

(IFFT) of �̂�𝑘. As we consider band approximations, the inaccuracy in calculating the exact formant 

frequency does not affect the proposed method to a great extent. Near estimation of the formant 

frequency bands can improve the speech intelligibility substantially. Another advantage of the 

proposed method is it does not induce any musical noise, eliminating the need of any post filter 

after the enhancement. This reduces computational complexity and latency in real time. 

 

Figure 3.1. Block Diagram of Proposed SE Method 
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3.5 Smartphone Implementation to Function as an Assistive Device to HA 

Present work considers iPhone 7 as an assistive device to HA. The data is captured using the default 

mic on the smartphone at a sampling rate of 48 kHz. After acquiring the input, the data is converted 

to float, and a frame size of 256 is used for the input buffer. Fig. 3.2 shows a snapshot of the 

configuration screen of the algorithm implemented on iPhone 7. Switching the ‘ON’ button 

enables SE module to process the incoming audio stream by applying the proposed SE algorithm 

on the magnitude spectrum of noisy speech. The enhanced signal is then played back through the 

HAD. Once the noise suppression is on, we have provided parameters, which allow more noise 

suppression without inducing speech distortion and musical noise. Varying  𝛽  will change the 

gains over non-formant regions and varying 𝛽𝐹 will change the gains over formant regions. From 

our experiments, we have seen that by setting 𝛽 high and  𝛽𝐹 low, can achieve more noise 

suppression and maintain the speech integrity, as we do not distort the significant bands. The user 

can control these parameters by adjusting its values on the touch screen panel of the smartphone 

to attain more noise suppression based on their level of hearing comfort. For user’s ease, we have 

also provided a button where he/she can keep 𝛽𝐹 set automatically based on the value of 𝛽. 

However, 𝛽  has to be adjusted manually as keeping the 𝛽 constant is not feasible in real world 

noisy acoustic conditions. The processing time for the frame size of 10 ms (480 samples) is 1.4ms. 

The smartphone application consumes very less power because of the computational efficiency of 

the developed algorithm. Through our experiments, we found that a fully charged smartphone can 

run the application for 6.2 hours on iPhone 7 which has 1960 mAh battery. We use Starkey live 

listen [46] to stream the data from iPhone to the HAD. The audio streaming is encoded for 

Bluetooth Low Energy consumption.  
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3.6 Experimental Results and Discussion  

3.6.1 Objective Evaluations 

To objectively measure the performance of the proposed SE method, we use Perceptual Evaluation 

of Speech Quality (PESQ) [47] as it has high correlation with subjective tests than any other 

objective measures. The amount of noise reduction and the residual noise reduction is generally 

measures using segmental SNR (SegSNR), so we also use this measure to evaluate the 

performance of our proposed method [48 ch. 11.1]. The proposed method is compared to Log-

MMSE [7] and traditional SGJMAP [9] method to evaluate the performance. The formant 

frequency bands were calculated by determining the mean of the formants and mean absolute error 

for over 300 clean speech files from TIMIT database. The experimental evaluations are performed 

for 3 different noise types: machinery, multi-talker babble, and traffic noise. The reported results 

are the average over 20 sentences from TIMIT database. For objective evaluation, noisy speech 

files sampled at 16 kHz, and 20ms frames with 50% overlap were considered. The 𝛽 and 𝛽𝐹  were 

 

Figure 3.2. Snapshot of the developed SE application 
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adjusted empirically to give the best values for both PESQ and SegSNR and for each noise type. 

PESQ and SegSNR values show significant improvements over Log-MMSE and SGJMAP 

methods for all three noise types considered. Objective measures shown in Fig. 3.3 and 3.4 

reemphasize the fact that the proposed method achieves comparatively more noise suppression 

without distorting speech by using formants and varying user adjustable parameters in real time. 

3.6.2 Subjective Evaluations 

Objective tests provide useful evaluation during the development phase of the proposed method. 

However, the practical usability of the application can be assessed by subjective tests. We 

performed mean opinion scores (MOS) [49] tests on 10 normal hearing adults including both male 

and female subjects. The subjects were presented with the noisy speech and enhanced speech using 

the Log-MMSE, SGJMAP and the proposed SE methods at the SNR levels of +5 dB, 0 dB and -5 

dB for 3 different noise types. Subjects were asked to rate between 1 to 5 for each speech file based 

on how pleasant it was and how many words they could recognize. They were also allowed to go 

back and change the scores after listening to other speech files. Before starting the test the subjects 

were instructed regarding the parameters 𝛽 and  𝛽𝐹 and were asked to set these parameters 

according to their listening preference. Different subjects chose to vary 𝛽 and  𝛽𝐹 for different 

types of noise. This test supported our claim that proposed SE method and its application is user 

adaptive and noise dependent. We also did field testing of our application where the acoustic 

environment changed dynamically. Subjective evaluation in Fig. 3.5 illustrates the usefulness of 

the proposed method in reducing the background noise and without inducing unpleasant musical 

noise or speech distortion.  
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         a) 

 
       b) 

 
c) 

 

Figure 3.4 

 

Figure 3.3. Comparison of PESQ scores a) Babble Noise b) machinery Noise c) Traffic Noise 
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a) 

 
b) 

 
c) 

 Figure 3.4. Comparison of Segmental SNR scores a) Babble Noise b) machinery Noise c) Traffic 

Noise 
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Figure 3.5. Comparison of Subjective Test scores   



 

26 

3.6.3 Analysis and Discussion 

Spectrogram: A spectrogram is a visual representation of the spectrum of frequencies in a sound 

or other signals which vary with time or some other variable. Spectrograms are also called as voice 

prints or voice` grams and extensively used in the field of speech processing. Spectrograms are 

used to identify spoken words phonetically.   The sample outputs on the right show select block of 

frequencies going up the vertical axis and time horizontal axis. The third dimension indicates the 

amplitude of a particular frequency at a particular time which is represented by the intensity or the 

color of each point. Clearly, we can see that the proposed method effectively eliminates the 

background noise and residual musical noise. The results are shown graphically in Fig. 3.6 using 

spectrograms. Actual recorded machinery noise is mixed synthetically with clean speech obtained 

from TIMIT database sampled at 16 KHz at an SNR of 0 dB.  Periodic components of machinery 

noise are suppressed well in the enhanced speech. This is due to the improved noise tracking 

capability of the developed method.  

Surface Plot Analysis with Different values of   𝜷  and  𝜷𝑭 

In this part, we see the detailed analysis of the proposed method which considers considerably less 

noise suppression on Formant frequency bands and more on Non-formant regions. In this 

evaluation, we vary the  𝛽  and  𝛽𝐹 such that, 𝛽𝐹 < 𝛽. We consider 3 different Noise types 

(Machinery, Babble and Traffic) which is mixed with the 10 clean speech file obtained from the 

TIMIT database at 0 dB SNR. We calculate the PESQ values by varying 𝛽 from 0.1 to 3.5 in terms 

of 0.05 and varying 𝛽𝐹  from 0.1 to 𝛽. For all the three noise type, we have seen that by setting 

𝛽 high and  𝛽𝐹 low, can achieve maximum PESQ values. For the Machinery noise file,   𝛽 = 1.25 

and 𝛽𝐹 = 0.85, for the babble noise file  𝛽 = 2.11 and 𝛽𝐹 = 1.21 and for the traffic noise file  𝛽 = 
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1.41 and 𝛽𝐹 = 0.995 yielded maximum PESQ value. Similar results were obtained for all 10 files, 

i.e. different values of the tradeoff factor on different bands attained higher PESQ scores than 

keeping it the same over the entire frequency range.  These tests and results supported our claim 

that proposed SE method and its application is user adaptive and can achieve more noise. Figure  

3.7 shows the surface plots for different noises for attaining optimal PESQ value. The elliptical 

curves on the graphs show the regions which showed highest PESQ values. 

 

 

 

Figure 3.6. Spectrogram plot of Noisy Speech (SNR = 0 dB) and Enhanced Speech using the 

Log-MMSE, SGJMAP and Proposed method 
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a) Machinery Noise  

  

b) Babble Noise  
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3.7 Chapter Outcomes 

In this chapter, The SE method makes use of formant information in the given speech to define 

acoustically significant frequency bands and  the gain function of the new  super Gaussian Joint 

Maximum a Posteriori (SGJMAP) based SE method explained in [15] is applied to suppress more 

noise in acoustically unimportant bands without inducing distortion in clean speech and residual 

noise. The ‘tradeoff’ factors that are introduced in the proposed method allows us to control the 

gains over formant and non-formant locations in real time allowing the hearing-impaired 

smartphone user to attain more noise suppression without speech distortion and thereby 

 

 

c) Traffic Noise  

Figure 3.7. Choice of tradeoff Factors for attaining optimal value of 

PESQ a) Machinery Noise b) Babble Noise c) Traffic Noise 
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maintaining the speech intelligibility. Detailed analysis of choosing the two tradeoff factors to 

attain the optimal intelligibility score was illustrated. The proposed method was implemented on 

a smartphone, which works as an assistive device for HA. The proposed method is inexpensive 

and computationally efficient. Objective evaluations show good improvements in quality and 

intelligibility showing the effectiveness of the developed method. Subjective evaluations show the 

usefulness of the developed smartphone application in real-world noisy conditions. 
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CHAPTER 4 

LOG SPECTRAL AMPLITUDE ESTIMATOR BASED SINGLE MICROPHONE 

SPEECH ENHANCEMENT USING FORMANT INFORMATION1 

4.1 Introduction 

In this chapter, we discuss about the developed SE method based on Log spectral amplitude 

estimator which is an extension of the first chapter. The formant frequency analysis is applied to 

Log-MMSE speech enhancement technique i.e. an MMSE estimator based on the formant 

frequency is proposed. We apply scaled value of the MMSE gain function over different bands 

which is estimated based on formant locations. The formant frequency based SE method presented 

in this work makes use of the priori information of formants to apply scaled value of the Minimum 

mean square error Log spectral amplitude estimator (Log-MMSE) gain function on the 

acoustically unimportant bands which in turn suppresses the background noise without inducing 

speech distortion and any residual musical noise so there is no requirement of any post filter after 

the enhancement. The ‘scaling’ factor for the gain in the non-formant locations can be varied in 

real time allowing the hearing impaired smartphone user to control the amount of noise 

suppression and speech distortion. The proposed SE method is computationally efficient, and 

inexpensive.  Objective and subjective evaluations of the proposed method show good 

improvement in quality and intelligibility reveals the overall usability of the developed algorithm.  

                                                 

1 © [2017] IEEE. Reprinted, with permission, from [G. S. Bhat, N. Shankar, C. K. A. Reddy and I. M. S. Panahi, "Formant 

frequency-based speech enhancement technique to improve intelligibility for hearing aid users with smartphone as an assistive 

device," 2017 IEEE Healthcare Innovations and Point of Care Technologies (HI-POCT)] 
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4.2 Conventional Log-Spectral Amplitude Estimator 

In the Log-MMSE method, speech and noise models are considered to be statistically 

independent Gaussian Random Variables. The goal is to minimize the mean squared error of log 

magnitude spectra between estimated and true speech signals. Considering the additive mixture 

model for noisy speech 𝑦(𝑛), with clean speech 𝑠(𝑛) and noise 𝑤(𝑛), as  

𝑦(𝑛) = 𝑠(𝑛) + 𝑤(𝑛)                                                   (4.1) 

The noisy 𝑘𝑡ℎ Discrete Fourier Transform (DFT) coefficient of 𝑦(𝑛) for frame 𝜆 is given by, 

𝑌𝑘(𝜆) = 𝑆𝑘(𝜆) + 𝑊𝑘(𝜆)                                                        (4.2) 

Where 𝑆 and 𝑊 are the clean speech, and noise DFT coefficients respectively. In polar coordinates, 

(2) can be written as, 

𝑅𝑘(𝜆)𝑒𝑗𝜃𝑌𝑘(𝜆) = 𝐴𝑘(𝜆)𝑒𝑗𝜃𝑆𝑘
(𝜆) + 𝐵𝑘(𝜆)𝑒𝑗𝜃𝑊𝑘(𝜆)                                  (4.3) 

Where 𝑅𝑘(𝜆), 𝐴𝑘(𝜆), 𝐵𝑘(𝜆) are magnitude spectra of noisy speech, clean speech, and noise 

respectively. 𝜃𝑌𝑘
(𝜆), 𝜃𝑆𝑘

(𝜆), 𝜃𝑊𝑘
(𝜆) are the phase spectra of noisy speech, clean speech and noise 

respectively. Looking at the estimator �̂�𝑘, which minimizes the distortion measure as explained in 

[6], the mean-square error of the log-magnitude spectra is given by, 

𝐸 {(𝑙𝑜𝑔 𝐴𝑘  −  𝑙𝑜𝑔 �̂�𝑘)
2
}                                                 (4.4) 

Where, 𝐴𝑘 is the 𝑘𝑡ℎ bin of magnitude spectrum, and �̂�𝑘 is the 𝑘𝑡ℎ bin of estimated clean speech 

magnitude spectrum. The optimal log-MMSE estimator can be obtained by evaluating the 

conditional mean of the 𝑙𝑜𝑔 𝐴𝑘, that is, 

𝑙𝑜𝑔 �̂�𝑘 = 𝐸{𝑙𝑜𝑔 𝐴𝑘 |𝑌𝑘(𝜆)}                                               (4.5) 

Hence, the estimate of the speech magnitude is given by, 
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�̂�𝑘 = 𝑒𝑥𝑝 (𝐸{𝑙𝑜𝑔 𝐴𝑘| 𝑌𝑘(𝜆)})                                            (4.6) 

Solving the above expectation, the final estimate of speech magnitude spectrum according to [7] 

is given by, 

�̂�𝑘  =
ξk

ξk+1
 exp { 

1

2
 ∫

𝑒−𝑡

𝑡

∞

𝑣𝑘
dt} 𝑅𝑘                                                  (4.7) 

≜ 𝑮𝑳𝑺𝑨(𝝃𝒌, 𝒗𝒌)𝑹𝒌 

Where  𝑣𝑘 =
ξk

1+ξ
γ𝑘  here  ξk =

𝜎𝑆
2
𝑘

𝜎𝑊
2

𝑘

 is the a priori SNR and γ𝑘 =
𝑅𝑘

2

𝜎𝑊
2

𝑘

 is the a posteriori SNR. 

𝜎𝑊
2

𝑘
 is estimated using a voice activity detector (VAD) [50]. 𝜎𝑆𝑘

 is the estimated instantaneous 

clean speech power spectral density. The optimal phase spectrum is the noisy phase itself 𝜃𝑆𝑘
=

𝜃𝑌𝑘
. 

4.3 Proposed SE Method  

In this section we describe the developed speech processing method implemented on Smartphone. 

Fig. 4.1 shows the block diagram of the proposed method that runs on the smartphone in real time 

(Timing is discussed in section 4.4). 

4.3.1 Formant Frequency Band Estimation 

In this method, we approximate the formant frequency bands by using the method shown in 

chapter 1 i.e. by calculating the exact formant locations and the first four formant frequency 

trajectories (𝑓0 − 𝑓3) of the clean speech or speech degraded with noise at high SNR can be 

calculated by the method explained in [38] which employs adaptive voice detector, and gender 

detector for formant extraction from the voice segments of continuous speech. We require a 

frequency range to approximate the presence of speech and apply considerably less noise 
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suppression over that band. Therefore, the mean of formants 𝑓0 − 𝑓3  are calculated for large data 

sets and mean absolute error for each formant is determined over the data sets to find the frequency 

band of probable formant location. The frequency band is given by (4.8) 

𝐹𝑆 = [(𝑓𝑆 −
𝑓𝑎

2
 ) , (𝑓𝑆 +

𝑓𝑎

2
 )]                                                      (4.8) 

Where 𝐹𝑆 is the frequency band for a particular formant. 𝑓𝑆 represents mean formant frequency 

computed over entire database for 𝑆 = 0, 1, 2 and 3.  𝑓𝑎 is the mean absolute error determined for 

each formant. Thus, we estimate four frequency bands (𝐹0 𝑡𝑜 𝐹3) from the respective mean formant 

locations. The FFT bins corresponding to the four frequency bands are thus calculated. 

4.3.2 Gain function Customization based on Frequency Bands   

In conventional methods, the gain function shown in (4.7) is usually applied over the entire 

frequency range. This induces speech distortion if the estimate of gain function is inaccurate. The 

proposed method allows suppressing more noise on acoustically unimportant bands and far 

lowering noise suppression on formant frequency bands to retain the integrity of clean speech. 

Thus, we obtain two different gain functions based on the frequency bands.   

�̂�𝑘 ={
𝐺𝐿𝑆𝐴 (ξk, 𝑣𝑘),                𝑖𝑓 𝑘 ∈  𝐹𝑆  𝑓𝑜𝑟 𝑆 = 0, 1, 2, 3

𝛿 𝐺𝐿𝑆𝐴 (ξk, 𝑣𝑘),                                      𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒      
                         (4.9) 

Where k represents the kth frequency bin, 𝐹𝑆 represents the bins associated with formant frequency 

bands. 𝛿 represents the scaling factor which allows the smartphone user to obtain more noise 

suppression without speech distortion. The  𝛿 ranges from 0 to 1 which the HAD user can adjust 

in real time based on his/her listening preference under continuously varying acoustical 

environment. We know from the literature that the phase is perceptually unimportant. Therefore, 
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we consider the phase of the noisy speech signal for reconstruction. The final clean speech estimate 

is,                                                                   �̂�𝑘 = �̂�𝑘 𝑌𝑘                                                           (4.10) 

 

 

The time domain reconstruction signal �̂�(𝑛) is obtained by taking Inverse Fast Fourier Transform 

(IFFT) of �̂�𝑘. At lower values of 𝛿 there is more noise suppression. When 𝛿 = 1 the algorithm acts 

as basic Log-MMSE method. The inaccuracies in calculating the exact formants does not affect 

the proposed method to a greater extent as it considers the band approximation. Near 

approximation of the formant frequency bands can improve the speech intelligibility substantially. 

Another advantage of the proposed is it does not induce any residual or musical noise so there is 

no requirement of any post filter after the enhancement. This reduces computational complexity 

and latency in real time.  

 

4.4 Real Time Implementation on Smartphone to Function as an Assistive Device to HA 

As considered in Chapter 1, in this work, iPhone 7 running iOS 10.3 operating system is considered 

as a HA assistive device. The default microphone (Figure 4.2) on iPhone 7 is used to capture the 

 

Figure 4.1. Block Diagram of the Proposed SE Method 
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audio signal, process the data and wirelessly transmit the enhanced signal to the HAD. Xcode [51] 

is used for coding and debugging of the SE algorithm. The data is acquired at a sampling rate of 

48 kHz. Core Audio [52], an open source library from Apple Inc. was used to carry out input/output 

handling. After input callback, the short data is converted to float, and a frame size of 256 is used 

for the input buffer. Fig. 4.2 shows a snapshot of the configuration screen of the algorithm 

implemented on iPhone 7. When the switch button shown is in ‘OFF’ mode, the application merely 

plays back the audio through the smartphone without processing it. Switching ‘ON’ the button 

enables SE module to process the incoming audio stream by applying the proposed noise 

suppression algorithm on the magnitude spectrum of noisy speech. The enhanced signal is then 

played back through the HAD. Once the noise suppression is on, we have provided a parameter, 

which allows more noise suppression without inducing any speech distortion and musical noise. 

Unlike in this chapter 1, here we have only one parameter to control the gains over the non-formant 

regions of the frequency range. In (4.10), the gain function depends on 𝛿 which needs to be 

determined empirically. Through our experiments, it is known that the optimal value of 𝛿 depend 

on the type of noisy signal, background noise and acoustic environment. Hence, it is not advisable 

to fix the values of 𝛿 irrespective of changing conditions. In our smartphone application, the user 

can control this parameter by adjusting its value on the touch screen panel of smartphone to attain 

more noise suppression based on their level of hearing comfort. The processing time for a frame 

of 10ms (480 samples) is 1.4ms. Computation efficiency of the developed algorithm allows the 

smartphone application to consume very less power. Through our experiments, we found that a 

fully charged smartphone can run the application seamlessly for 6.3 hours on iPhone 7 with 1960 
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mAh battery. We use Starkey live listen [46] to stream the data from iPhone to the HAD. The 

audio streaming is encoded for Bluetooth Low Energy consumption.  

 

 

 

 

 

 

 

 

4.5 Experimental Results 

4.5.1 Objective Evaluation 

To the best of our knowledge, there are no SE algorithms published that use formant frequencies 

and a user adjustable parameter to attain more noise suppression in particular bands and thereby 

personalizing and retaining the speech quality and intelligibility simultaneously in real time 

varying noisy conditions. We therefore fix the values of few parameters and evaluate the 

performance of the proposed method by comparing with Log-MMSE [7] method which has been 

known to show promising results. We note that the proposed SE method is an improved extension 

of the Log-MMSE method. In our experiment, the formant frequency bands were calculated by 

determining the mean of the formant locations and mean absolute error for over 300 clean speech 

 

Figure 4.2.  Snapshot of developed SE method 
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files from TIMIT database. The experimental evaluations are performed for 3 different noise types: 

machinery, multi-talker babble and traffic noise. The reported results are the average over 30 

sentences from TIMIT database. For objective evaluation, all the files are sampled at 16 kHz, and 

20ms frames with 50% overlap are considered. As objective evaluation criteria, we choose the 

perceptual evaluation of speech quality (PESQ) [47] as it had better correlation with subjective 

tests than the other objective measure. Another objective measure is Segmental SNR (SegSNR) as 

the amount of noise reduction, residual noise and speech distortion is generally measured by 

SegSNR [48]. Fig. 4.3 and 4.4 show the plots of SegSNR  and PESQ versus SNR for the 3 noise 

types. The 𝛿 was adjusted empirically to give the best values for both PESQ and SegSNR and for 

each noise type. PESQ and SegSNR values show statistically significant improvements over Log-

MMSE method for all three noise types considered. Objective measures reemphasize the fact that 

the proposed method achieves comparatively more noise suppression without distorting speech.      

4.5.2 Subjective Test setup and Evaluation 

The objective measures are extremely useful evaluation results during the development phase of 

our method, they give very little information about the practical usability of our application. We 

performed Mean Opinion Score (MOS) tests [49] on 11 normal hearing subjects including male 

and female adults. Subjects were presented with noisy speech and enhanced speech using the 

proposed, and Log-MMSE methods at SNR levels of -5 dB, 0 dB and 5 dB. Subjects were asked 

to rate between 1 and 5 for each audio file based on how pleasant it is and how many words they 

can identify. They were also given the flexibility to go back change the score after listening to all 

the other audio files. This test provided a good comparison between proposed method and Log-
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MMSE method.  The key contribution of this paper is in providing the user the ability to customize 

the parameter to suppress more noise without compromising much on intelligibility. Before  
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a) 

 
b) 

 
c) 

 

 
Figure 4.3. Comparison of Segmental SNR scores for (a) Machinery noise, (b) Babble 

noise and (c) Traffic noise 
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a) 

 
b) 

 
c) 

   Figure 4.4. Comparison of PESQ scores for (a) Machinery noise, (b) Babble noise and (c) 

Traffic noise 
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starting the actual tests, the subjects were instructed to set 𝛿 for each noise type as per their 

preference. One key observation was, the preferred value of 𝛿 varied across subjects. This supports 

our claim that the proposed SE method and its developed application is user adaptive. We also 

conducted field test of our application in real world noisy conditions, which change dynamically. 

Subjective test results in Fig. 4.5 illustrate the effectiveness of the proposed method in reducing 

the background noise and musical noise, simultaneously preserving the quality and intelligibility 

of the speech.  

 

 

4.6 Chapter Outcomes 

We developed a formant frequency based single microphone SE technique by introducing two gain 

functions depending on acoustical importance. The resulting gain allows smartphone user to 

suppress more noise on non-formant bands by retaining speech intelligibility and strike a balance 

between the amount of noise suppression and speech distortion. The proposed algorithm was 

implemented on a smartphone device, which works as an assistive device for HA. The objective 

and subjective results demonstrate the usability of the method in real world noisy conditions. 

 

Figure 4.5. Comparison of Subjective results  
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CHAPTER 5 

COMPUTATIONALLY EFFICIENT TWO MICROPHONE SPEECH ENHANCEMENT 

FOR CONVOLUTIVE MIXTURES 

5.1 Introduction 

In the previous chapters, the single microphone SE techniques were discussed. In this chapter we 

discuss about real-time dual channel BSS technique.  Recently, microphone array-based SE 

techniques have been widely accepted as a viable solution for noise suppression. Generally, by 

increasing the number of microphones in a speech enhancement system, further noise reduction is 

expected [29]. However, the design of a microphone array for hearing aids faces serious difficulties 

in terms of size, power consumption and computational efficiency. Therefore, dual microphone 

speech enhancement systems can be considered as a tradeoff. Blind Source separation has gained 

a lot of limelight in the past decade and researchers are using BSS techniques for enhancing speech. 

BSS techniques use the information of the mixed signals at the input and they have shown 

promising results in source separation by using dual microphones [13]. ICA is one of the most 

commonly used BSS technique [14]. Generally, in the real-world signals, often the mixing 

procedure is convolutive in nature. ICA fails to separate the sources when tested with actual 

recorded data because ICA is designed to find an optimal demixing matrix for instantaneous 

mixtures of source signals in time domain and not for acoustical signals having convolutive 

mixtures. Hence a BSS method that can separate the two convolutedly mixed sources is essential. 

Frequency Domain Blind Source Separation (FDBSS) approach [53-55] can be used to extend ICA 

to convolutive mixtures. The time domain convolutive mixture can be transformed into frequency 

domain instantaneous mixtures at individual frequency bins by using Short Time Fourier 
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Transform (STFT). Now ICA can be used for source separation at individual frequency bin [56, 

57]. But calculation of demixing matrices may permute the sources at each frequency bin causing 

permutation problem. In order to solve the permutation problem, an extension to ICA [58], 

Independent Vector Analysis (IVA) was developed. The sources in the IVA model are not scalars 

but are considered as vectors. The optimization of IVA not only considers the independency 

between sources, but also takes the inter dependency in each source vector into account. Hence the 

permutation problem is inherently solved and there is no post processing stage required to align 

the components compared to ICA. The conventional IVA uses Kullback-Leibler (KL) divergence 

as an objective function and the demixing matrices at each frequency bin is optimized using natural 

gradient-based updating rule. 

5.2 IVA Formulation 

5.2.1 Frequency domain Source Separation model 

The real-world noisy acoustic environment mixing process include delays, losses and 

reverberations, i.e., signals are time delayed and convolved. Consider there are P sources and Q 

sensors,  

                                       𝑦𝑞(𝑡) = ∑ ∑ ℎ𝑞𝑝(𝑡) ∗ 𝑥𝑝(𝑡 − 𝜏)

𝑇−1

𝜏

𝑃

𝑝=1

                                                   (5.1) 

where (Q>=P), (*) is the convolution. ℎ𝑞𝑝(𝑡) is the time domain finite impulse response mixing 

filter from source p to sensor q which has T length in time. 𝑥𝑝(𝑡) is the pth source signal at time 𝑡. 

In our application, the number of sensors and the number of sources are equal and limited to two. 

The time domain equation will be as follows,  
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𝑦1(𝑡) = ℎ11(𝑡) ∗ 𝑥1(𝑡) + ℎ12(𝑡) ∗ 𝑥2(𝑡)                                       (5.2) 

𝑦2(𝑡) = ℎ21(𝑡) ∗ 𝑥1(𝑡) + ℎ22(𝑡) ∗ 𝑥2(𝑡)                                       (5.3) 

Continuing with the derivation and applying STFT, the time domain expression in (5.1) can be 

converted to frequency domain given by, 

                                                       𝑦𝑞
[𝑓] (𝑛) = ∑ ℎ𝑞𝑝

[𝑓] 𝑥𝑝
[𝑓](𝑛)

𝑃

𝑝=1

                                                    (5.4) 

                                                               𝒚[𝑓](𝑛) = 𝑯[𝑓]𝒙[𝑓](𝑛)                                                             (5.5) 

Here, 𝑥𝑝
[𝑓](𝑛), 𝑦𝑞

[𝑓] (𝑛) and ℎ𝑞𝑝
[𝑓]

 are frequency domain representation of 𝑥𝑝(𝑡), 𝑦𝑞(𝑡) and 

ℎ𝑞𝑝(𝑡) respectively. 𝒚[𝑓](𝑛) = [𝑦[𝑓] (𝑛), …… . . , 𝑦𝑞
[𝑓] (𝑛)], 𝒙[𝑓](𝑛) = [𝑥1

[𝑓](𝑛), ……… . , 𝑥𝑃
[𝑓](𝑛)] 

and 𝑯[𝑓] is the mixing matrix for each frequency bin index  f, with ℎ𝑞𝑝
[𝑓]

 as its entries for each 

frame n. 

The goal of IVA or any BSS method is to find a demixing matrix 𝑮[𝒇] at each individual frequency 

bin f such that, 

                                                             𝒔[𝑓](𝑛) = 𝑮[𝑓]𝒚[𝑓](𝑛)                                                             (5.4) 

where 𝒔[𝑓](𝑛) is the estimate of 𝒚[𝑓](𝑛).  

In (5.4), if algorithms like ICA are used, the permutation problem should be solved, otherwise, the 

source separation fails miserably. On the other hand, to solve the permutation problem, IVA makes 

use of inter-frequency bin information. The difference between ICA and IVA is that, signals are 

considered as vectors and not scalars, also the optimization of IVA uses multivariate variables 

instead of univariate scalars. 



 

46 

5.2.2 Objective function 

Mutual information is used as an objective function in most of the BSS algorithms. Kullback-

Leibler (KL) divergence method is used to calculate the mutual information and is given by, 

                           𝐼(𝒔) = 𝐾𝐿(𝑝𝒔||∏𝑝𝒔𝑝
) 

𝑝

= ∫𝑝𝒔(𝑧)log
𝑝𝒔(𝑧)

∏ 𝑝𝒚𝑠
(𝑧𝑠)𝑠

𝑑𝑧                                    (5.5) 

where 𝑝𝒔 is the probability density function (PDF) of a random vector 𝒔. 𝑝𝒔𝑝
 denotes the 𝑝𝑡ℎ 

marginal PDF of 𝒔 and 𝑧 is a dummy variable used for the integral. The objective function of IVA 

is that, each 𝒚𝑝  is a vector instead of a scalar. The objective function of BSS using IVA is given 

by, 

𝐽𝐼𝑉𝐴 = 𝐾𝐿(𝑝𝒔||∏𝑝𝒔𝑝
)

𝑝

 

= ∑ H(𝒔𝑝) − H(𝒔1; ……… ; 𝒔𝑃)

𝑃

𝑝=1

 

= ∑ H(𝒔𝑝) − H(𝒔[𝟏]; ……… ; 𝒔[𝑭])

𝑃

𝑝=1

 

                                              = ∑ H(𝒔𝑝) − H(𝑮[𝟏]𝒚[𝟏]; ……… ;𝑮[𝑭]𝒚[𝑭])

𝑃

𝑝=1

                                    (5.6) 

                                                               = ∑ H(𝒔𝑝) − H(𝑮𝒚)

𝑃

𝑝=1

                                                            (5.7) 

                                                   = ∑ H(𝒔𝑝) − ∑ log

𝐹

𝑓=1

𝑃

𝑝=1

|det(𝑮[𝒇])|  −  𝐶                                           (5.8) 
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In (5.8), for a linear invertible transformation 𝑮, H(𝑮𝒚) = log |det (𝑮)| + H(𝒚) and the 

determinant of diagonal matrix is given by,  det(𝑮) = ∏ det (𝐹
𝑓=1 𝑮[𝑓]).  Here we have to note that 

H represents the entropy of the signal and not the mixing matrix.  Since the observed signals will 

not change in the optimization procedure [59], the term 𝐶 = H(𝒚) is a constant. Assuming that the 

observed signals are zero mean and whitened at individual frequency bin, the term 

∑ log𝐹
𝑓=1 |det(𝑮[𝒇])| becomes zero. Also by noting that, H(𝒔𝒑) = ∑ H(𝑠𝑝

[𝑓]) − 𝐼(𝒔𝑝)
𝑭
𝒇=𝟏 ,  the 

objective function in (5.8) becomes, 

                                                        𝐽𝐼𝑉𝐴 = ∑ (∑ H(𝑠𝑝
[𝑓]) − 𝐼(𝒔𝑝))

𝐹

𝑓=1

𝑃

𝑝=1
                                          (5.9) 

Minimizing the H(𝑠𝑝
[𝑓]) and maximizing the 𝐼(𝒔𝑝)  term balances the minimization of (5.9). Here, 

non-Gaussianity property is used to measure the  independency, and in order to increase the non-

Gaussianity which is responsible for separating the sources at each frequency bin, H(𝑠𝑝
[𝑓])  is 

minimized. On the other hand, to increase the inter dependency of variables in  𝒔𝑝, 𝐼(𝒔𝑝)  is 

maximized and this in turn solves the permutation problem by itself. 

The objective function shown in (5.8) is minimized by considering the estimate of the entropy 

functions of the sources. The actual PDF of each 𝒔𝑝 is not available and a prior target PDF �̂�(𝒔𝒑) 

is used. Therefore the objective function becomes, 

                                                              𝐽𝐼𝑉𝐴 = −∑𝐸(log �̂�(𝒔𝒑))

𝑝

                                                     (5.10) 
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5.2.3 Optimization of Objective Function 

Learning Algorithm 

Using the natural gradient based approach [59, 60] we minimize the cost function by differentiating 

the objective function with respect to the demixing matrices,  

𝛥𝑮[𝑓] = (𝑰-E [Φ[𝑓](𝒔[𝑓])(𝒔[𝑓])
H
]) 𝑮[𝑓]                                          (5.12) 

The coefficients of separating matrices can be updated with the batch update rule. The batch update 

rule is given by [60],  

𝑮[𝑓] = 𝑮[𝑓] + 𝜂 𝛥𝑮[𝑓]                                                   (5.11) 

The final update equation is given by, 

                                             𝑮[𝑓] = 𝑮[𝑓] + 𝜂 (𝑰-E [Φ[𝑓](𝒔[𝑓])(𝒔[𝑓])
H
]) 𝑮[𝑓]                              (5.13) 

In (5.13), the learning rate is 𝜂, and the multivariate nonlinear function for frequency bin 𝑓 is 

Φ[𝑓](. ). This can be termed as Multivariate score function and the nonlinear function is related to 

the chosen source prior PDF: 

Φ[𝑓](𝒔𝒑) = −
𝜕 log �̂� (𝑠𝑝

[1]
, …… . . , 𝑠𝑝

[𝐹]
)

𝜕𝑠𝑝
[𝑓]

                                           (5.14) 

 Optimizing the Multivariate Score Function 

Among a number of functional forms for  Φ[𝑓](𝒔𝒑), one of the simplest but effective one is given 

as follows: 

Φ[𝑓](𝒔𝒑) =  
𝜕√∑ |𝑠𝑝

[𝑓]
|
2

𝐹
𝑓=1

𝜕𝑠𝑝
[𝑓]

 =
𝒔𝒑

[𝑓]

√∑ |𝒔𝒑
[𝑓]

|
2

𝐹
𝑓=1

                                                 (5.15) 
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Though we use the fixed form of the score function, the multivariate score function might vary 

with different types of dependencies [60]. The source pdf is defined as a dependent multivariate 

super-Gaussian distribution, which can be written as 

𝑝(𝒔𝒑) = 𝛼exp (−√(𝒔𝒑 − 𝜇𝑝)
𝑇
𝛴𝑝

−1(𝒔𝒑 − 𝜇𝑝)                         (5.17) 

where  𝜇𝑝 and 𝛴𝑝
−1 are the mean vector and inverse of covariance matrix of the 𝑝 − 𝑡ℎ source 

signal, respectively. By assuming zero mean and identity covariance matrix, we obtain (5.17). 

5.3 Drawbacks and Implementation Challenges of Conventional IVA 

Conventional IVA methods consider an entire length of a signal in order to find the demixing 

matrix at each frequency bin but in order to use IVA in real time, the algorithm should be operated 

frame wise as we receive the input signals at the microphone in frames. Also to use IVA in our 

smartphone-HA setup, which are also real-time systems, the computational complexity of the 

algorithm should be very low. A new BSS method for convolutive mixtures with fast convergence 

and low computational complexity is explained in [61] based on Auxiliary-function (AuxIVA). 

Several variations on IVA are proposed for real time operations [62, 63]. However, these methods 

cannot effectively counteract the processing delay of each frame. In the case of IVA, a delay of at 

least one frame length is necessary for frame analysis [64]. This delay depends on the incoming 

signal, computational complexity of the algorithm, and the processing power of the platform on 

which the algorithm is running which in our case is a smartphone. For example, if a 50ms frame 

is processed, the processing time of that frame should be less than 50ms so that by the time a new 

audio frame comes into the microphone, the previous frame should be processed and be an output 
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frame. IVA involves iterative approach to calculate the de-mixing matrix [62]. The number of 

iterations required to converge and achieve good source separation depends on the characteristics 

of signal. Hence, there is high possibility of the processing time exceeding the frame size. Such a 

large delay causes various problems to HA users such as discomfort due to the loss of lip 

synchronization and difficulty in speaking due to the delayed feedback. This delay also induces 

skipping of audio frames, causing distortion in the separated speech. This decreases the quality 

and speech intelligibility.  

5.4 Proposed Real-time IVA 

This framework is based on the idea that the impulse response between the microphone and the 

speech source do not change significantly in short durations of time. In the proposed method we 

use the formulation discussed in section 5.2 to calculate the demixing matrix for first 100 frames 

of the signal, we use this demixing matrix for the rest of the signal until we detect the change in 

the impulse response. The change in the impulse response is detected by tracking the change in 

the location of the source, which is achieved using the Neural Network based DOA estimation 

proposed in [65]. Whenever the change in the DOA is detected, the demixing matrix for successive 

100 frames of the signal is calculated and used for the separating the two sources. Convolutedly 

mixed noisy speech from the two microphones 𝑥1(𝑡) and 𝑥2(𝑡) are processed to estimate the DOA 

using the proposed Neural Network approach only in the speech portions. A reliable VAD based 

on Spectral flux [66] is used to identify the voice only parts. Once the DOA is estimated, the 

algorithm checks for a change in the direction of arrival of the source, we use this as a criterion to 

update the demixing matrix. If the criterion is satisfied, the demixing matrix is updated using the 

new data that reflects the change in the angle of the source. If the criterion is not satisfied, the old 
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demixing matrix is used to separate the sources. 𝑦1(𝑡) and 𝑦2(𝑡) are the separated sources. This 

approach saves lot of computations. The separated sources can also be input to the VAD, this 

improves the performance of the VAD. Whenever there is change in the source direction, though 

the source separation is inaccurate, the SNR of the output signal will be much better than the SNR 

of noisy signal alone. Figure 5.1 shows the flowchart of the proposed Real-Time implementation 

framework of IVA.  

 

5.5  Experimental Results and Analysis 

5.5.1 Objective results 

The data for assessing the performance of the proposed method using objective measures was 

generated using the ISM toolbox [67]. The clean speech was used from the TIMIT and HINT 

database. The clean speech source was placed at different angles to the microphone pair. The 

angles considered for the speech source direction were [00, 450, 900, 1350 and 1790].  The noise 

is assumed to be diffused. The speech and the noise files were sampled at 16 kHz and the noisy 

 
Figure 5.1. Block Diagram of the proposed method 
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speech files were generated using ISM toolbox. The distance between the two microphones is 13 

cm. The distance between the speech source and the microphones is 2.5 m. The noisy speech files 

with a frame size of 64ms is used for processing the IVA with 75% overlap. 

The proposed method is evaluated using 4 different objective measures. For evaluating the source 

separation performance, Signal to Distortion Ratio (SDR), Signal to Interference Ratio (SIR) and 

Signal to Artifact Ratio (SAR) [67] are used. PESQ is also used to measure the quality of the 

speech as it has high correlation with the subjective measures. Figure 5.2 shows the performance 

evaluation plots using the above-mentioned objective measures for speech mixed in Babble noise 

at SNR levels of -5 dB, 0 dB and 5 dB. The proposed method is compared with Noisy speech, Log 

MMSE, and BSS using the traditional IVA which is in non-real time. Single microphone Log-

MMSE is included in only PESQ measures to give a perspective about the advantages of using 2 

mics over single microphone. The BSS using the proposed setup outperforms Noisy and Log-

MMSE in terms of all measures. As expected, the performance of the proposed method is on par 

with the traditional IVA in terms of PESQ. However, in terms of SIR, SDR and SAR, the 

traditional IVA gives better results than the proposed approach at the cost of high computational 

complexity, due to which it is impractical for real-time implementation. In Figures 5.3 and 5.4, the 

results for both Machinery and Traffic noise types are shown and they follow similar trends as 

Babble Noise. Objective measures reemphasize the fact that the IVA implemented using the 

proposed method achieves better speech quality and intelligibility without any speech distortion. 

However, there is a tradeoff in computational time and the accuracy of the proposed method in 

comparison to the traditional IVA approach.  
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(a) (b) 

 

 
                                     (c)                                                                       (d) 

Figure 5.2. Performance evaluation for speech mixed with Machinery Noise using (a) PESQ, 

(b) SDR (c) SAR and (d) SIR 
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(a) (b) 

 

 
                                     (c)                                                                       (d) 

Figure 5.3. Performance evaluation for speech mixed with Babble Noise using (a) PESQ, (b) 

SDR (c) SAR and (d) SIR 
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                                     (a)                                                                        (b) 

 
                                     (c)                                                                       (d) 

Figure 5.4. Performance evaluation for speech mixed with Traffic Noise using (a) PESQ, (b) 

SDR (c) SAR and (d) SIR 
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Figure 5.5. Comparison of the results using Time domain plots. 
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                             a)                                                                            b) 

 

 
 

c)                                                                            d) 

 

 

 
Figure 5.6. Comparison of the results using spectrograms. (a) Machinery noise mixed with clean 

speech at SNR=-5 dB, (b) Output of the Log MMSE, (c) Output of Non Real time IVA d) 

Output of the proposed IVA 
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5.5.2 Subjective Evaluation 

Although we had 4 objective measures which provided useful evaluation results during the 

development phase, we carried out subjective tests to check the preference of the end user. We 

performed MOS tests [38] on 10 expert normal hearing subjects who were presented with noisy 

speech and enhanced speech using the proposed IVA method at SNR levels of -5 dB, 0 dB and 5 

dB. For each audio file the subjects were instructed to score in the range of 1 to 5 with 5 being 

excellent speech quality and 1 being bad speech quality. They were given the flexibility to go back 

and change the score as well. The detailed description of scoring procedure is in [38]. Subjective 

test results in Figure 5.7 illustrate the effectiveness of the proposed method in reducing the 

separating the two sources, simultaneously preserving the quality and intelligibility of speech.  

5.5.3 Computational Complexity of the proposed IVA 

The computational complexity of the proposed method can be analyzed firstly by comparing it 

with the non-real time IVA. For instance, let us consider a noisy speech file of 30secs with a 

sampling rate of 16 kHz with a frame length of 65ms, so there will be approximately 462 frames 

if there is no overlap. The traditional IVA computes demixing matrix by waiting for 30secs to get 

the complete data and then compute the demixing matrix for the entire signal. On the other hand, 

the proposed method calculates the demixing matrix for first 100 frames and use this demixing 

matrix for the rest of the signal until the DOA of the source is changed. So, in the proposed method 

we have to wait for 6.5secs until the source separation is started.  The traditional IVA takes an 

average of 30.65secs to separate the two sources when tested on a PC with Intel i7 octa core 
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Figure 5.7. Subjective Test Results of IVA 
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processor with 3.6 GHz clock speed. So, if we have to use this algorithm in real time, we have to 

wait for 30secs to get the input data and an additional 30.65secs to separate the two sources and  

this is highly impractical. Whereas, the proposed method takes about 3.5secs to calculate the 

demixing matrix. The source separation process is then operated in frames. Each frame of 65ms 

takes about 22ms to process. As discussed in section 5.2, the processing time here does not exceed 

the frame size and thus can be implemented on the smartphone without inducing any delay or 

skipping of frames. 

Secondly, the computational complexity of the proposed method can be analyzed by checking the 

number of times the demixing matrix or the separating matrix is updated for a particular length of 

noisy speech. This is compared to traditional online IVA. For example, let us consider a noisy 

speech file of 15secs with a sampling rate of 16 kHz in which the direction of the source changes 

every 3secs. Therefore, according to the proposed method in Figure 5.1, the changes in the source 

direction should be tracked 4 times. Even if a larger frames (say 100ms) is processed without any 

overlap, a total of 150 frames should be processed. The traditional online-based IVA computes 

demixing matrix 150 times. And this complexity escalates as the number of frames increase. On 

the other hand, the proposed method tracks the change in the DOA of the source and updates the 

demixing matrix only 4 times in the entire 15secs of the data. Hence, for this scenario, the proposed 

method is 37 times computationally efficient than the traditional online approach.  
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5.6 Chapter Outcomes 

In this Chapter, a computationally efficient real-time dual channel IVA technique is developed 

which operates frame wise and uses few frames to separate the two sources. A neural network 

based DOA method [65] is used track a change in the source direction and update the demixing 

matrix, this provides stability to the proposed IVA and can be operated even when there is change 

in the impulse response between the microphone and speech source. With a little compromise in 

the accuracy of the results, the computational complexity of the traditional method can be greatly 

reduced and the proposed method can be implemented in real-time. 
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CHAPTER 6 

CONCLUSION 

In this thesis, single and dual microphone SE techniques are developed that are designed to run on 

a smartphone and this setup works as an assistive device to Hearing Aids.  

In Chapter 3, a single microphone SE was proposed that makes use of formant frequency 

information to attain more noise suppression on certain acoustical bands without inducing any 

speech distortion or residual noise. Two parameters are introduced to control the amount of noise 

reduction over different bands. The proposed SE method makes use of the gain function of the 

new super Gaussian Joint Maximum a Posteriori (SGJMAP). The objective and subjective results 

show substantial improvement over traditional methods.  

In Chapter 4, an MMSE extension of the formant frequency based SGJMAP SE is proposed. In 

this approach, a single parameter called scaling factor is provided on the smartphone Graphical 

User Interface (GUI) that can be controlled by user in real-time, which controls the gains over non 

formant regions. The objective and subjective results show significant improvements and proves 

the usability of the developed application in real-world noisy conditions.  

In Chapter 5, a computationally efficient Blind Source Separation framework is introduced and 

analyzed for convolutive mixtures. A DOA based criterion is used to update the separating matrix 

and reduce the overall computational complexity of the BSS. The developed method is 

computationally fast and operates in real-time. The experimental results showcase superior 

performance in terms of source separation capability and speech quality and intelligibility. 
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