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Speech Enhancement (SE) is a vital algorithmic component in the Hearing Aid pipeline. Over the 

years, several algorithms have been developed to work in real-time and to improve the quality and 

intelligibility of speech. However, noise suppression with minimal distortion to speech is still a 

prime challenge that needs to be addressed. In this work, a new single microphone SE is introduced 

that is implemented on a smartphone to work as an assistive device to Hearing Aids via wireless 

connectivity. The uniqueness of the developed method is in the introduction of varying parameters 

that allow the smartphone user to control the amount of noise suppression and speech distortion in 

real-time, which allows the user to customize the perceptual audio to their preference. A super-

Gaussian extension of this approach is explored and analyzed. With the recent accessibility of the 

two microphones on the smartphones, doors were opened to use beamformer as a pre-filtering 

stage to the proposed single microphone SE. Real-time blind speech separation technique is also 

proposed to yield superior quality for speech. Objective and subjective results show that the 

developed methods outperform traditional SE techniques. 
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CHAPTER 1 

INTRODUCTION 

1.1 Motivation 

Recent statistics obtained by the 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 kind of hearing loss. Across the globe, this number is a staggering 360 million 

individuals who suffer from hearing loss. About 2 to 3 out of every 1000 children in the United 

States are born with a detectable level of hearing problems. The number of people with hearing 

loss is increasing at an alarming rate not only because of the aging of the world’s population, but 

also because of the growing exposure to noise and loud sounds in day-to-day life, and with 

increased usage of headphones and earbuds. Fortunately, more than 90% of individuals with 

hearing loss can be helped with hearing instruments. In the past two decades, extensive research 

has been carried out in developing Hearing Aids (HAs), Cochlear Implants (CIs) and other hearing 

assistive devices, to provide serviceable solutions for hearing loss. The use of HAs that only 

amplify the incoming signals is not useful or effective in a noisy environment as it amplifies both 

speech and noise. Modern digital HAs come with digital signal processors running speech 

enhancement, echo cancellation and compression algorithms in its pipeline. Recent literature [1] 

shows that the performance of these algorithms degrades abruptly in the presence of different types 

of non-stationary background noises. In addition, the processors in the current hearing aids lack 

the computational capability to handle complex but indispensable signal processing algorithms [2, 

3]. HAs with powerful processors are quite expensive to afford.  
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1.2 Speech Enhancement in Hearing Aids with Smartphone as an Assistive Device 

Speech Enhancement (SE) is a key component in the HA pipeline. Modern SE techniques are very 

effective in suppressing noise in adverse noisy speech conditions, but they demand a great deal of 

computational power. We also know for the fact that the HAs are expensive. The main factor that 

dictates the price of HAs is the technology level with additional hardware and features that are 

included. Typically, HAs range from just shy of $1000 on up to more than $4000 for each device 

depending on the level of technology [4]. Majority of the hearing-impaired people need two 

devices, which increases the overall price of the HAs making them not easily affordable for even 

median income families. Recently, HA manufacturers are using an external microphone in the 

form of a pen or a necklace to capture speech with a higher signal-to-noise ratio (SNR) and 

wirelessly transmit the processed speech to HA [5]. The problem with these existing auxiliary 

devices is that they are too expensive and are not portable. One strong contending auxiliary device 

is our personal smartphone that has the capability to capture the noisy speech data using its 

microphone, perform complex computations, and wirelessly transmits the data to the HA device. 

Over 2 billion people carry smartphones anyways. Hence, there will be no additional price to get 

enhanced the perceptual experience. Recently, widely used smartphones, such as Apple iPhone 

and other Android smartphones, are coming up with new HA features such as Live Listen by Apple 

[6], and many third-party HA applications to enhance the overall quality and intelligibility of the 

speech perceived by hearing impaired. Most of these HA applications on the smartphone use single 

microphone, to avoid audio input/output latencies.  

The goal of any SE method is to suppress the background noise without distorting the clean speech. 

SE in the presence of non-stationary background noises at lower Signal to Noise Ratio (SNR) and 
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in the presence of reverberation is still a challenging problem to solve to date. Two decades ago, 

Boll [7] introduced the concept of noise attenuation in the spectral domain by estimating the noise 

spectral magnitude and subtracting it from noisy spectral magnitude. However, this method is 

prone to introduce musical tones in the residual noise due to the subtraction of average of noise 

spectral density terms with an instantaneous value. In [8, 9], Ephraim and Malah proposed a new 

SE technique that estimates the clean speech magnitude spectrum by minimizing a statistical error 

criterion. This method is known to be more robust to musical noise when operated at lower SNR 

levels. In most of the statistical model based methods, due to the assumption of uniform 

distribution for phase, the optimal estimate of phase is noisy speech phase itself. Hence, these SE 

methods consider phase to be perceptually unimportant [10]. Many state-of-the-art single 

microphone SE techniques are effective in reducing the background noise, while they tend to 

introduce speech distortion due to inaccuracies in the estimate of noise power during non-speech 

activity. This introduces masking of important speech components, which accounts for degradation 

in speech intelligibility, in spite of good noise suppression. Hearing impaired are more sensitive 

to these distortions than the normal hearing, which makes the understanding of the words very 

difficult. The ideal SE method is expected to suppress background noise without compromising 

on perceptual speech quality and intelligibility. 

A Statistical model based single microphone SE techniques are based on decomposing the noisy 

speech into orthogonal complex exponentials using Short-Time Fourier Transform (STFT) and 

multiplying the spectral magnitude with a nonlinear gain function. The gain function is derived to 

suppress the background noise with minimal distortion of speech by optimizing a cost function. 

Some well-known methods include minimizing the mean square error (MMSE) or log-MMSE [8, 
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9] based speech magnitude estimators, Maximum Likelihood (ML) [11] based SE, Joint Maximum 

a Posteriori (JMAP) based estimation [12]. In the majority of the statistical model based SE 

methods, the real-valued time-frequency gain function is tabulated as a function of a priori SNR 

and a posteriori SNR. In [13], authors have performed the subjective evaluation of speech quality 

for most commonly used SE algorithms to track the amount of signal distortion, noise reduction 

and overall quality of the enhanced speech. They show that the SE using statistical-model based 

methods show better performance. In [14], the authors studied the intelligibility of the enhanced 

speech by different single microphone SE methods. The reports show that, with the exception of 

certain signal noise conditions, the majority of the algorithms were able to maintain intelligibility 

at the same level as that of noisy speech. However, when the noise is highly non-stationary, the 

intelligibility level is less or at the most as that of noisy speech. In addition, the algorithms that 

were found to perform the best in terms of overall quality were not the same algorithms that 

performed the best in terms of speech intelligibility. Recent developments in SE using the deep 

neural network (DNN) [15-17] fetch superior noise suppression even in highly non-stationary 

noisy speech conditions. Though these methods result in high word recognition rate (WRR) for 

machines after rigorous training of incredibly large data set, the enhanced speech sounds more 

robotic, which makes it unsuitable for applications involving human listening, as we prefer to hear 

speech that sounds natural in order to identify the speaker. The problem of overfitting is also a 

primary challenge with this approach. Hence, computationally efficient implementation of these 

methods on smartphone devices is still a far-fetched idea. Widely used single microphone SE 

techniques [7-12], [14-17] give the enhanced speech of higher speech quality but tend to 

compromise on speech intelligibility. Majority of the SE methods are developed for the additive 
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noise that does not take into consideration the effects of reverberation, and changes in acoustic 

characteristics. The reason being, data collected using a single microphone carries only temporal 

and spectral information and no spatial information. Hence, it is difficult to consider the effects of 

reverberation and time delays using only one microphone. 

Recently, smartphones come with two or three microphones. Many smartphone manufacturers 

allow the developers to access at least two microphones for application development. This has led 

researchers to develop beamforming and Blind Source Separation (BSS) algorithms with only a 

two-microphone array. Extensive research is going on in the field of beamforming and BSS [18] 

for its use in wide range of far-field voice pick up applications. The goal of an optimal beamformer 

is to minimize the interference and noise while simultaneously ensuring the desired signal is 

received undistorted. Minimum Variance Distortionless Response (MVDR) beamformer, also 

known as Capon beamformer[19], minimizes the output power of the beamformer under a single 

linear constraint of unity response towards the desired signal. MVDR is a special case of other 

beamformers with additional linear constraints called linearly constrained minimum variance 

(LCMV) beamformers [20]. However, MVDR is effective only when the microphones and the 

speech source is in the end-fire setup for a two-microphone case.  

BSS for a convolutive mixture of speech and noise is gaining a lot of attention in the recent past. 

Independent Vector Analysis (IVA) is gaining a lot of attention in recent times for its ability to 

separate sources that are convolutedly mixed.  
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1.3 Overview of the Proposed Solutions 

A new single microphone SE technique is proposed by deriving a SE gain based on JMAP for a 

new signal model taking into account the impulse response between the speaker and the 

microphone. A new parameter is introduced in the developed SE method that provides the user the 

ability to control the amount of noise suppression and speech distortion in real-time. This method 

is implemented on a smartphone that works as an assistive device to HA. The user can adjust the 

introduced parameter and control the quality of the perceived speech in real-time and tune to their 

comfort level of hearing. Another SE gain is derived based on JMAP by considering the super-

Gaussian speech model. In this method, there are 3 parameters that the user can adjust in real-time 

to attain their preferred perceptual speech quality. The above-mentioned methods are evaluated 

using both objective and subjective measures and the results show significant improvements over 

widely used existing SE techniques. In addition, the usability of the developed smartphone 

application by the hearing impaired in real-world noisy conditions is evaluated.  

As some of the smartphone manufacturers allow application developers to use two microphones 

on their smartphone, a new two-microphone setup is proposed that uses beamforming as a 

distortion less SNR booster to the single microphone SE. The resulting estimate of speech is of 

high quality and intelligibility. The proposed method is implemented on an Android smartphone 

that seamlessly works with the HA. The drawback of this adaptive beamformer is that it depends 

on the direction of the speech source signal and works best only in End-Fire scenario. To overcome 

this problem, we propose a two-microphone BSS based on Independent Vector Analysis (IVA) 

that is computationally very efficient. The conventional IVA is computationally very expensive as 

it involves the iterative approach to compute the demixing matrix. A new Neural Network based 
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Direction of Arrival (DOA) estimation technique is proposed, which is used to greatly reduce the 

computational complexity of IVA to make it suitable for real-time implementation on the 

smartphone. The proposed BSS method yields speech with superior quality and intelligibility in 

comparison to other methods. 

1.4 Outline of Dissertation 

The outline of this dissertation is as follows:  

1) A brief overview of spectral domain SE techniques is given in Chapter 2.  

2) A new JMAP based single microphone SE technique for the convolutive mixture is proposed 

and analyzed in Chapter 3.  

3) In Chapter 4, a new SE derived by considering super-Gaussian speech model is proposed and 

analyzed, which is also an extension of the method discussed in Chapter 3.  

4) Chapter 5 introduces a two-microphone SE approach that uses beamforming as a distortionless 

SNR booster to the single microphone SE introduced in Chapter 3. The combination is highly 

effective in reducing the noise with minimal distortion to speech.   

5) In Chapter 6, a Neural Network based DOA estimation is proposed. This method is designed as 

a classifier to give the estimate of the source angle. Based on the DOA, a criterion is proposed to 

exponentially reduce the computation complexity of BSS. 

6) Chapter 7 concludes the dissertation. 
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CHAPTER 2 

CONVENTIONAL SPECTRAL DOMAIN SINGLE MICROPHONE SPEECH 

ENHANCEMENT 

2.1 Signal Model 

Most of the conventional single microphone SE techniques [21] are derived and developed for 

additive background noise signal model given by, 

𝑦(𝑛) = 𝑠(𝑛) + 𝑣(𝑛)                                                      (2.1) 

where 𝑦(𝑛) is a discrete time noisy speech composed of clean speech 𝑠(𝑛) and additive noise 

𝑣(𝑛). By windowing and taking Short Time Fourier Transform (STFT) of 𝑦(𝑛), the noisy speech 

in spectral domain for frame 𝜆 and at frequency bin 𝑘 is, 

𝑌𝑘(𝜆) = 𝑆𝑘(𝜆) + 𝑉𝑘(𝜆)                                                  (2.2) 

Rewriting (2.2) in terms of polar coordinates, the noisy Discrete Fourier Transform (DFT) 

coefficients can be written as, 

𝑅𝑘(𝜆)𝑒𝑗𝜃𝑌𝑘
(𝜆) = 𝐴𝑘(𝜆)𝑒𝑗𝜃𝑆𝑘

(𝜆) + 𝐵𝑘(𝜆)𝑒𝑗𝜃𝑉𝑘
(𝜆)

                          (2.3) 

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

respectively. Similarly, 𝜃𝑌𝑘
(𝜆), 𝜃𝑆𝑘

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

speech and noise respectively. For brevity, we omit the frame number 𝜆 in our further discussion. 

Figure 2.1 shows the overview of conventional single microphone SE technique. The enhanced 

speech spectrum is given by, 

�̂�𝑘 = 𝐺𝑘 𝑌𝑘                                                           (2.4) 
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The spectral gain function 𝐺𝑘 dictates the performance of the SE algorithm. The goal of any SE 

algorithm is to approximate the ideal spectral gain given by,  

𝐺𝑘,𝑜𝑝𝑡 = 1 −
𝑉𝑘

𝑌𝑘
                                                                  (2.5) 

However, the ideal spectral gain above cannot be directly obtained from 𝑌𝑘, we have to 

approximate the ideal spectral gain by introducing additional assumptions for the speech or the 

noise signals. In the next subsections, we will discuss some of the widely used spectral gains, 

which are derived using few assumptions for the speech and the noise signal components. 

2.2 Spectral Subtraction 

Spectral Subtraction is one of the oldest SE technique proposed by Boll [7]. In this method, a pre-

estimated noise spectral amplitude is subtracted from an observed one to obtain the estimated 

speech spectral amplitude with zero modification to the phase. The spectral subtraction gain is 

given by, 

𝐺𝑘,𝑆𝑆 = 1 −
|𝑉𝑘|

|𝑌𝑘|
                                                                   (2.6)  

where |�̂�𝑘| is the pre-estimated noise spectral amplitude. Usually, |�̂�𝑘| is chosen to be 𝐸[|𝑉𝑘|]. The 

drawback of spectral subtraction is, it does not take into account any property of the speech 

 

Figure 2.1.  Conventional single microphone Speech Enhancement 
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spectrum and results in erroneous estimation of |�̂�𝑘|, which results in the erroneous estimation of 

speech signal, introducing a noise called “musical noise” and it is perceived as an annoying sound 

for human listeners. 

2.3 Wiener Filter 

Wiener filter utilizes both of the speech and the noise spectral probabilistic properties. It is well 

known that the Wiener filter provides an estimated speech signal with lesser musical noise in 

comparison to the spectral subtraction method. The Wiener filter is obtained by minimizing the 

cost function given by, 

𝐽 = 𝐸[|𝑆𝑘 − �̂�𝑘|
2
]                                                        (2.7) 

The above equation can be rewritten as, 

𝐽 = 𝐸[|𝑆𝑘|
2] + |𝐺𝑘|

2𝐸[|𝑌𝑘|
2] − 𝐺𝑘 𝐸[𝑆𝑘𝑌𝑘

∗] − 𝐺𝑘
∗ 𝐸[𝑋𝑘

∗𝑌𝑘] 

= 𝜎𝑆𝑘

2 + |𝐺𝑘|
2 𝐸[|𝑌𝑘|

2] − 𝐺𝑘 𝐸[𝑆𝑘𝑌𝑘
∗] − 𝐺∗ 𝐸[𝑆𝑘

∗𝑌𝑘]                            (2.8) 

Differentiating 𝐽 with respect to 𝐺∗ and equating to zero gives the Wiener filter gain at frequency 

bin 𝑘 as, 

𝐺𝑊𝑖𝑒𝑛𝑒𝑟
𝑘 =

𝜎𝑆𝑘

2

𝜎𝑆𝑘

2 + 𝜎𝑉𝑘

2  =
𝜉𝑘

𝜉𝑘 + 1
                                            (2.9) 

where 𝜉𝑘 =
𝜎𝑆𝑘

2

𝜎𝑉𝑘
2  is the a priori SNR. 

2.4 MMSE Method 

Ephraim and Malah proposed not only an efficient spectral gain but also an efficient estimation 

technique to obtain a priori SNR [8, 9]. The MMSE method is derived by minimizing a conditional 
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mean square value of the short-time spectral amplitude. The cost function to be minimized is given 

by,  

𝐽𝑀𝑀𝑆𝐸 = 𝐸 [|𝑆𝑘 − �̂�𝑘|
2
| 𝑌𝑘] 

= ∫ |𝑆𝑘|
2𝑝(𝑆𝑘|𝑌𝑘)𝑑𝑠𝑘 + |�̂�𝑘|

2
− �̂�𝑘 ∫ 𝑆𝑘

∗𝑝(𝑆𝑘|𝑌𝑘)𝑑𝑠𝑘 − �̂�𝑘
∗
∫ 𝑆𝑘 𝑝(𝑆𝑘|𝑌𝑘)𝑑𝑠𝑘

∞

−∞

∞

−∞

∞

−∞
        (2.10)  

where 𝑝(𝑆𝑘|𝑌𝑘) denotes the conditional Probability Density Function (PDF) of 𝑆𝑘. The estimated 

speech spectrum which minimizes 𝐽𝑀𝑀𝑆𝐸  is given as 

�̂�𝑘,𝑀𝑀𝑆𝐸 = ∫ 𝑆𝑘 𝑝(𝑆𝑘 |𝑌𝑘) 𝑑𝑠𝑘

∞

−∞

= 𝐸[𝑆𝑘|𝑌𝑘]                                    (2.11) 

If 𝑝(𝑆𝑘) and 𝑝(𝑉𝑘) assume the Gaussian distribution, (2.11) yields a Wiener filter gain. But in [8, 

9], Ephraim and Malah considered the Rayleigh and Uniform PDFs of the speech spectral 

amplitude and phase respectively. After some tedious optimization, the final MMSE gain function 

is given by  

𝐺𝑀𝑀𝑆𝐸
𝑘 =

(𝜋𝑣𝑘)
1
2

2𝛾𝑘
exp (−

𝑣𝑘

2
) [(1 + 𝑣𝑘)𝐼0 (

𝑣𝑘

2
) + 𝑣𝑘𝐼1 (

𝑣𝑘

2
)]                        (2.12) 

where 𝐼𝑖(. ) is the modified Bessel function of order 𝑖 and 

𝑣𝑘 =
𝜉𝑘

𝜉𝑘+1
𝛾𝑘,  𝛾𝑘 =

|𝑌𝑘|2

𝜎𝑉𝑘
2                                                (2.13) 

 While calculating a priori and a posteriori SNR, the noise power 𝜎𝑉
2
𝑘
 is estimated during non-

speech activity frames using suitable voice activity detector (VAD) [22] assuming that noise will 

be stationary. However, the performance of VAD degrades when operated at lower SNRs leading 

to incorrect estimation of noise power resulting in clipping of speech. Alternate methods like 
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minimum statistics [23] help in the smooth transition of periodogram. There are few other methods 

to estimate the a priori SNR 𝜉𝑘 [24-26]. 

Ephraim and Malah also derived a SE gain function by minimizing the mean square error of the 

log magnitude spectrum (LogMMSE) [9], as it is subjectively more meaningful. The resulting gain 

function is given as 

𝐺𝐿𝑜𝑔𝑀𝑀𝑆𝐸
𝑘 =

𝜉𝑘

𝜉𝑘 + 1
exp {

1

2
∫

𝑒−𝑡

𝑡

∞

𝑣𝑘

𝑑𝑡}                                   (2.14) 

The SE gain functions obtained using MMSE and LogMMSE is known to yield enhanced speech 

with lower distortion and a lesser introduction of musical noise compared to Spectral Subtraction 

and Wiener filtering approach. 

2.5 Maximum A Posteriori Probability (MAP) Estimation Method 

Although the gains derived in the previous section are superior compared to Spectral Subtraction, 

the computational complexity to implement these gains functions is a little higher. A more 

theoretically relevant and reasonable spectral gain from the same cost function can be derived by 

choosing a symmetric function for the PDF. Rayleigh distribution in MMSE and LogMMSE is an 

asymmetric distribution, which yields inappropriate estimate of speech. The MAP estimation 

method denotes that the best choice for minimizing the cost function in (2.10) is to employ the 

speech spectrum maximizing  𝑝(𝑆𝑘|𝑌𝑘). Therefore, the MAP estimator finds the argument 𝑆𝑘 

which maximize 𝑝(𝑆𝑘|𝑌𝑘), 

�̂�𝑘 = 𝑎𝑟𝑔𝑚𝑎𝑥𝑠𝑘
 𝑝(𝑆𝑘 |𝑌𝑘) 

∝ 𝑎𝑟𝑔𝑚𝑎𝑥𝑠   𝑝(𝑌𝑘 |𝑆𝑘)𝑝(𝑆𝑘)                                            (2.15)  
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Taking ln( ) of (2.15) and differentiating it with respect to |𝑆| and ∠𝑆 and setting it to zero gives 

the gain function, 

𝐺𝑀𝐴𝑃
𝑘 =

𝜉𝑘 + √(𝜉𝑘
2 + 2(1 + 𝜉𝑘)

𝜉𝑘

𝛾𝑘
)

2(1 + 𝜉𝑘)
                                        (2.16) 

In [27], Lotter and Vary proposed an original speech spectral amplitude PDF derived from a real 

speech histogram made from a large amount of real speech data. They modeled the PDF of the 

speech spectral amplitude as a super-Gaussian function represented by, 

𝑝(|𝑆𝑘|) =
𝜇𝑣+1

𝛤(𝑣 + 1)

|𝑆𝑘|
𝑣

𝜎𝑆𝑘

𝑣+1 exp (−
𝜇|𝑆𝑘|

𝜎𝑆𝑘

)                               (2.17) 

where 𝛤(. ) is a Gamma function and 𝜇 and 𝑣 are the shape parameters which determine the shape 

of the above PDF. Using the same procedure as in (2.15), the MAP solution for the Super-Gaussian 

function is given by,  

𝐺𝑆𝐺𝑀𝐴𝑃
𝑘 = 𝑢 + √𝑢2 +

𝑣

2𝛾𝑘
,   𝑢 =

1

2
−

𝜇

4√𝛾𝑘𝜉𝑘

                          (2.18) 

2.6 Drawbacks of the Conventional Single Microphone SE 

In the multi-microphones scenario, in addition to temporal and spectral information of the noisy 

speech, we have access to the spatial information of the mixing process as well. This will 

immensely help in enhancing the speech with minimal or no speech distortion. Multi-microphones 

SE techniques are more robust to the changes in the type of noise and the characteristics of the 

noisy speech. However, in the case of a single microphone noisy speech, we only have access to 

its temporal and spectral characteristics. From section 2.2 to section 2.5, we showed gradual 

improvement in the SE gain function which operates in the short-time spectral domain. The main 
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drawback of using short-time spectral domain gain functions is that they are highly dependent on 

the noise characteristics. The accuracy of the gain function is directly dependent on the accuracy 

in the estimation of 𝜉𝑘 and 𝛾𝑘. It is also shown in the literature that the quality and intelligibility 

of the enhanced speech is highly dependent on the estimate of 𝜉𝑘 than on the estimate of 𝛾𝑘 [21]. 

The estimation of 𝜉𝑘 depends on how accurately we are able to estimate the noise power 𝜎𝑉
2
𝑘
 over 

the short-time. The estimation of the noise power, in turn, depends on the accuracy of the Voice 

Activity Detector (VAD). However, in the presence of non-stationary background noise at lower 

SNR levels, the VAD decision per frame will not be accurate. Misclassification of speech and 

noise frames will result in the overestimate or underestimate of 𝜉𝑘 resulting in the suppression of 

some speech components, hence introducing speech distortion in spite of good noise suppression. 

Hence, single microphone SE techniques are highly dependent on the type of noise and the acoustic 

characteristics. These methods fail miserably in the presence of reverberation and dynamically 

changing acoustic characteristics. 

2.7 Drawbacks of the Conventional Single Microphone SE in HA Applications 

Most of the current HAs come with one or at the most two microphones. Many two-microphone 

algorithms such as BSS and Beamforming techniques are very effective in separating out speech 

from noise. However, most of these algorithms are computationally expensive for the processor 

on the HAs to handle. The statistical model based single microphone SE methods discussed in the 

previous sections are computationally efficient to run on HA devices. Therefore, most of the HA 

manufacturers use these algorithms as they are reasonably effective in noise suppression and they 

are computationally efficient.  
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Now let us look at this problem of noise suppression from a hearing-impaired perspective. The 

ultimate goal of any hearing aid is to give the hearing impaired a normal hearing experience and 

to help them perceive and understand the important sound sources accurately. For example, when 

the hearing-impaired wearing the HA is walking down the street, he/she is exposed to a variety of 

sound sources. In this scenario, speech is not the only source of interest. It is very important for 

the hearing impaired to perceive the sounds of a car or other vehicular sounds so that he/she is 

proactive and careful while crossing the road or even while driving. A typical SE working on an 

HA is designed to suppress everything except speech. However, the SE is effective in helping the 

hearing impaired to understand the words better; it is not a practically viable solution during non-

speech activities. There are other scenarios such as the hearing impaired watching a television or 

listening to a radio in the car etc., where the SE algorithm running on the HA tries to suppress the 

noise (non-speech components) while distorting the desired audio sources such as music. Another 

problem with most of the SE algorithms is that they do not have control over the amount of noise 

suppression. More the noise suppression, greater will be the probability of distorting the speech. 

Hence, in many cases, the hearing impaired will prefer unsuppressed noisy speech over suppressed 

noise but distorted speech. 

In this dissertation, I will discuss the developed SE techniques with the core idea of giving the user 

(hearing impaired) the ability to customize and control their perceived audio based on their 

listening preference in real-time and in real noisy environments. The developed methods are 

running on a smartphone device that works seamlessly with the HA device through a Bluetooth 

protocol. The next few sections will give the detailed explanation and analysis of the developed 

methods and compare with some of the state of the art techniques to show its effectiveness. 
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CHAPTER 3 

SINGLE MICROPHONE SPEECH ENHANCEMENT FOR CONVOLUTIVE 

MIXTURES USING JOINT MAXIMUM A POSTERIORI ESTIMATE 

3.1 Overview 

A new single microphone SE technique based on JMAP for convolutive mixtures, which 

inherently accounts for the effects of changes in acoustic path and reverberation without the need 

of pre or post filtering to counteract these effects as in [28, 29]. The reason for basing our algorithm 

on JMAP is because of its effectiveness in suppressing the noise and is mathematically tractable 

to improvise the algorithm for convolutive mixtures. A new real-valued gain is derived that is a 

function of not only a priori SNR and a posteriori SNR but includes a new parameter, which we 

call ‘tradeoff parameter’ that depends on the room impulse response. The derived gain is multiplied 

with the noisy speech magnitude spectrum to estimate clean speech magnitude spectrum. It is 

shown through analysis that the introduction of the tradeoff parameter into the gain function gives 

us the flexibility to choose and control the amount of tradeoff between noise suppression and 

speech distortion in real-time. An optimal estimate of the phase spectrum is derived using the new 

signal model by considering the effects of room impulse response, and by assuming uniform 

probability distribution of phase. This gives a theoretical estimate of phase that can be used when 

the knowledge of room impulse response is accurately estimated in practice. Through analysis, we 

found that the tradeoff parameter depends on the type of noise and the SNR levels. The effect of 

gain function is analyzed by varying the tradeoff values. The robustness of the derived gain 

function due to inaccuracies in the estimation of speech and noise power will be discussed.  
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To illustrate the practical application of the developed method, it is implemented on a smartphone 

that captures the noisy speech, processes the signal using the proposed SE method and wirelessly 

transmits the enhanced speech to the HA. A slider is provided in the smartphone user interface 

using which the user can vary the tradeoff parameter to control the amount of noise suppression 

and speech distortion in real-time. We received a commendable response from the users during 

our subjective tests conducted using the smartphone-HA setup in real-world noisy environment, 

which is discussed in the subjective results. Objective and subjective tests were conducted for 

noise types of machinery, traffic and multi-talker babble mixed with the clean speech at SNR levels 

of -5 dB, 0 dB, and 5 dB. The proposed method was compared with the benchmark single 

microphone statistical model based SE techniques. The ratings show significant improvements in 

both quality and intelligibility using the proposed method. 

3.2 JMAP Estimator 

Wolfe and Godsill proposed a JMAP estimator in [12] as an alternative to Ephraim and Malah’s 

SE [8], by assuming a complex Gaussian distribution for speech and noise signal magnitude 

spectra and uniform distribution for phase spectra. The marginal, joint and conditional 

distributions assumed in [12] are: 

𝑝(𝑎𝑘) = {
2𝑎𝑘

𝜆𝑠𝑘

exp (−
𝑎𝑘

2

𝜆𝑠𝑘

)         𝑖𝑓 𝑎𝑘 ∈ [0,∞) 

0                                𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

                                    (3.1) 

𝑝(𝜃𝑠𝑘
) = {

1

2𝜋
                   𝑖𝑓  𝜃𝑠𝑘

∈ [−𝜋, 𝜋),

0                                    𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
                                        (3.2) 

𝑝(𝑎𝑘, 𝜃𝑠𝑘
) =

𝑎𝑘

𝜋𝜆𝑠𝑘

exp (−
𝑎𝑘

2

𝜆𝑠𝑘

)                                                (3.3) 
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𝑝(𝑌𝑘|𝑎𝑘, 𝜃𝑠𝑘
) =

1

𝜋𝜆𝑣𝑘

exp (−
|𝑌𝑘−𝑎𝑘𝑒

𝑗𝜃𝑠𝑘 |
2

𝜆𝑣𝑘

)                                     (3.4) 

𝜆𝑠𝑘
= 𝐸[|𝑆𝑘|

2] and 𝜆𝑣𝑘
= 𝐸[|𝑉𝑘|

2] are the respective variances of the 𝑘𝑡ℎ short-time spectral 

component of the signal and the noise.  

The JMAP estimate of spectral amplitude 𝐴𝑘 and phase 𝜃𝑠𝑘
 is obtained by maximizing the 

posterior distribution  𝑝(𝑎𝑘, 𝜃𝑠𝑘
|𝑌𝑘), which is approximated using Bayes theorem. For the 

assumed signal model in (2.1) and probability distributions in equations (3.1)-(3.4), the optimal 

JMAP phase estimate obtained in [12] is the noisy phase itself: 

𝜃𝑠𝑘
= 𝜃𝑌𝑘

                                                                   (3.5) 

The optimal JMAP amplitude estimate [12] is given by, 

�̂�𝑘 =
𝜉𝑘+√(𝜉𝑘

2+2(1+𝜉𝑘)
𝜉𝑘
𝛾𝑘

)

2(1+𝜉𝑘)
𝑅𝑘                                                (3.6) 

𝜉𝑘 and 𝛾𝑘 are obtained as discussed in the previous chapter. The above gain function in (3.6) is 

computationally fast and is a good approximation for MMSE spectral amplitude estimator. In [27], 

spectral amplitude estimators with super-Gaussian speech modeling is derived, which is an 

extension of the MAP estimators introduced by Wolfe and Godsill [12]. Recently, an iterative 

JMAP amplitude and phase estimator assuming a non-uniform phase prior were proposed in [30]. 

3.3 Proposed Convolutive JMAP 

In this work, we derive a new JMAP amplitude and phase estimators by considering the new signal 

model of the noisy speech given by, 

𝑦(𝑛) = 𝑠(𝑛) ∗ ℎ1(𝑛) + 𝑣(𝑛) ∗ ℎ2(𝑛)                                              (3.7) 
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where ℎ1(𝑛), is the time domain impulse response between the speech source and the observation 

microphone and ℎ2(𝑛) is the impulse response between the noise source and the observation 

microphone respectively. (*) is convolution operation. Taking STFT of (3.7), the DFT coefficient 

at frequency bin 𝑘 is given by, 

𝑌𝑘 = 𝑆𝑘𝐻1𝑘
+ 𝑉𝑘𝐻2𝑘

                                                             (3.8)   

𝑅𝑘𝑒
𝑗𝜃𝑌𝑘 = 𝐴𝑘𝛽𝑘𝑒

𝑗(𝜃𝑆𝑘+𝜙𝑆𝑘) + 𝐵𝑘𝜁𝑘𝑒𝑗(𝜃𝑉𝑘+𝜙𝑉𝑘)                                       (3.9) 

where 𝐻1𝑘
= 𝛽𝑘𝑒

𝑗𝜙𝑆𝑘 and 𝐻2𝑘
= 𝜁𝑘𝑒𝑗𝜙𝑉𝑘 . 𝛽𝑘, 𝜁𝑘  are the magnitude spectrums of the impulse 

responses ℎ1(𝑛) and ℎ2(𝑛) respectively. 𝜙𝑆𝑘
,  𝜙𝑉𝑘

 are the phase spectrums of the impulse 

responses ℎ1(𝑛) and ℎ2(𝑛) respectively. We obtain the spectral amplitude 𝐴𝑘 and phase 𝜃𝑆𝑘
 by 

maximizing the posterior distribution   𝑝(𝑎𝑘𝛽𝑘, (𝜃𝑆𝑘
+ 𝜙𝑆𝑘

)| 𝑌𝑘):  

𝑝(𝑎𝑘𝛽𝑘, (𝜃𝑆𝑘
+ 𝜙𝑆𝑘

)| 𝑌𝑘)  𝛼  𝑝(𝑌𝑘 | 𝑎𝑘𝛽𝑘, (𝜃𝑆𝑘
+ 𝜙𝑆𝑘

)) 𝑝(𝑎𝑘𝛽𝑘, (𝜃𝑆𝑘
+ 𝜙𝑆𝑘

))       (3.10) 

𝛼
𝑎𝑘𝛽𝑘

𝜋2𝜆𝑆𝑘𝜆𝑉𝑘

exp(−
|𝑌𝑘−𝑎𝑘𝛽𝑘𝑒

𝑗(𝜃𝑆𝑘+𝜙𝑆𝑘)
|
2

𝜆𝑉𝑘

−
(𝑎𝑘𝛽𝑘)2

𝜆𝑆𝑘

)                              (3.11) 

𝑎𝑘 is one realization of the random variable 𝐴𝑘. Now we maximize the natural logarithm of 

𝑝(𝑎𝑘𝛽𝑘, (𝜃𝑆𝑘
+ 𝜙𝑆𝑘

)| 𝑌𝑘) as ln( ) is a monotonically increasing function. Let 𝐽1 be the cost 

function to be optimized, which is defined by 

𝐽1 = −
|𝑌𝑘−𝑎𝑘𝛽𝑘𝑒

𝑗(𝜃𝑆𝑘+𝜙𝑆𝑘)
|
2

𝜆𝑉𝑘

−
(𝑎𝑘𝛽𝑘)2

𝜆𝑆𝑘

+ ln(𝑎𝑘𝛽𝑘) + 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡                     (3.12) 

Differentiating 𝐽1 w.r.t 𝜃𝑆𝑘
 yields the optimal phase estimate as 
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𝜕𝐽1

𝜕𝜃𝑆𝑘

= −
1

𝜆𝑉𝑘

[(𝑌𝑘
∗ − 𝑎𝑘𝛽𝑘𝑒

−𝑗(𝜃𝑆𝑘+𝜙𝑆𝑘))(−𝑗𝑎𝑘𝛽𝑘𝑒
𝑗(𝜃𝑆𝑘+𝜙𝑆𝑘)) + (𝑌𝑘 −

 𝑎𝑘𝛽𝑘𝑒
𝑗(𝜃𝑆𝑘+𝜙𝑆𝑘))(𝑗𝑎𝑘𝛽𝑘𝑒

−𝑗(𝜃𝑆𝑘+𝜙𝑆𝑘))                               (3.13) 

Setting the above equation to zero and substituting 𝑌𝑘 = 𝑅𝑘𝑒
𝑗𝜃𝑌𝑘  gives 

𝑗𝑎𝑘𝛽𝑘𝑅𝑘𝑒
𝑗(𝜃𝑌𝑘−𝜃𝑆𝑘−𝜙𝑆𝑘) − 𝑗𝑎𝑘𝛽𝑘𝑅𝑘𝑒

−𝑗(𝜃𝑌𝑘−𝜃𝑆𝑘−𝜙𝑆𝑘) = 0                    (3.14) 

2𝑗𝑎𝑘𝛽𝑘 sin(𝜃𝑌𝑘
− 𝜃𝑆𝑘

− 𝜙𝑆𝑘
) = 0                                             (3.15) 

Since   �̂�𝑘 ≠ 0, if phase estimate is to be meaningful. Hence 

𝜃𝑆𝑘
= 𝜃𝑌𝑘

− 𝜙𝑆𝑘
                                                           (3.16) 

Differentiating 𝐽1 w.r.t 𝑎𝑘 yields the optimal amplitude estimate as 

𝜕𝐽1

𝜕𝑎𝑘
=

1

𝜆𝑉𝑘

[(𝑅𝑘𝑒
−𝑗𝜃𝑌𝑘 − 𝑎𝑘𝛽𝑘𝑒

−𝑗(𝜃𝑆𝑘+𝜙𝑆𝑘))(−𝑒𝑗(𝜃𝑆𝑘+𝜙𝑆𝑘)) + (𝑅𝑘𝑒
𝑗𝜃𝑌𝑘 −

𝑎𝑘𝛽𝑘𝑒
𝑗(𝜃𝑆𝑘+𝜙𝑆𝑘))(−𝑒−𝑗(𝜃𝑆𝑘+𝜙𝑆𝑘))] −

2𝑎𝑘

𝜆𝑆𝑘

+
1

𝑎𝑘
                 (3.17) 

Simplifying (3.17) and equating it to zero yields 

2𝜆𝑆𝑘
𝑅𝑘𝑎𝑘 − 2𝑎𝑘

2𝛽𝑘𝜆𝑆𝑘
+ 𝜆𝑉𝑘

𝜆𝑆𝑘
− 2𝑎𝑘

2𝛽𝑘
2𝜆𝑉𝑘

= 0                       (3.18) 

We know that 𝜉𝑘 =
𝜆𝑆𝑘

𝜆𝑉𝑘

  and  𝜆𝑆𝑘
=

𝜉𝑘

𝛾𝑘
𝑅𝑘

2. Substituting these in (3.18) yields 

2𝑎𝑘
2𝛽𝑘(𝜉𝑘 + 𝛽𝑘) − 2𝜉𝑘𝑅𝑘𝑎𝑘 −

𝜉𝑘

𝛾𝑘
𝑅𝑘

2 = 0                                   (3.19) 

Solving the quadratic equation in (3.19) givess 

�̂�𝑘 =
𝜉𝑘 + √(𝜉𝑘

2 + 2𝛽𝑘(𝛽𝑘 + 𝜉𝑘)
𝜉𝑘

𝛾𝑘
)

2𝛽𝑘(𝛽𝑘 + 𝜉𝑘)
𝑅𝑘                                        (3.20) 

�̂�𝑘 = 𝐺𝑘
𝑐𝐽𝑀𝐴𝑃𝑅𝑘                                                             (3.21) 
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where                               𝐺𝑘
𝑐𝐽𝑀𝐴𝑃

=
𝜉𝑘+√(𝜉𝑘

2+2𝛽𝑘(𝛽𝑘+𝜉𝑘)
𝜉𝑘
𝛾𝑘

)

2𝛽𝑘(𝛽𝑘+𝜉𝑘)
                                           (3.22) 

3.4 Optimal Choice of   𝜷𝒌 

The optimal phase and amplitude estimators in (3.16) and (3.20), derived using cJMAP depends 

on a posteriori SNR 𝛾𝑘, a priori SNR 𝜉𝑘 and the ‘trade-off’ factor 𝛽𝑘. In this section, we will 

discuss the effects of varying 𝛽𝑘 on speech quality and intelligibility and explain why we call it 

the “trade-off” factor. Speech quality and intelligibility is analyzed by fixing 𝛽𝑘 across 𝑘 =

1, … . , 𝐾, where 𝐾 is the number of DFT coefficients. We assume �̂�𝑆𝑘
= 0, as it is practically 

challenging to get an accurate estimate of 𝜙𝑆𝑘
 using data from only one microphone. We also 

know that phase is perceptually unimportant [10, 31] and does not account for statistically 

significant improvements in quality and intelligibility [30, 31]. At higher SNRs, the estimator 

proposed in [30] converges to JMAP estimators proposed in [12, 27]. Hence, we consider the 

estimate of clean speech phase 𝜃𝑆𝑘
 as the noisy speech phase 𝜃𝑌𝑘

. We analyze the effect of varying 

𝛽𝑘 by measuring perceptual evaluation of speech quality (PESQ) and coherence speech 

intelligibility index (CSII), that are objective measures for quality and intelligibility that have a 

higher correlation with subjective scores [21]. PESQ and CSII are measured for recorded 

machinery, babble and traffic noise types convolutedly mixed with the clean speech at SNR levels 

starting from −10 dB to 10 dB with a dB increment. The image method [32] was used to generate 

the room impulse responses. The size of the room was 5x5x3 m3. The DFT length was 1024 and 

reverberation time (RT60) = 200 ms. Figure 3.1 shows the 3-dimensional plot of PESQ and CSII 

vs SNR and 𝛽𝑘. 𝛽𝑘 was varied from 0.5 to 8 in steps of 0.1. PESQ and CSII values are calculated 
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Figure 3.1. Choice of trade-off factor 𝛽𝑘 for optimal quality and intelligibility for machinery, 

babble, and traffic noise types at SNR levels of -5 dB, 0 dB and 5 dB. 

 

 

 

 



 

23 

by averaging over 50 different speech files from TIMIT database and 10 different noise files that 

we recorded for each of the noise types. All the files are sampled at 16 kHz. From Figure 3.1, it is 

evident that the performance of the proposed cJMAP in terms of improving quality and 

intelligibility varies with varying values of  𝛽𝑘. The white elliptical curves on each of the plots in 

Figure 3.1 roughly shows the regions with better PESQ and CSII for each SNR. 𝛽𝑘 values can be 

chosen to correspond to the points around these curves of desired PESQ and CSII. For machinery 

type of noise, 𝛽𝑘 value around 2 gives better quality and 𝛽𝑘 value of 1.5 gives better intelligibility. 

Intuitively, smarter choice of 𝛽𝑘 that is optimal trade-off point will be between 1.5 and 2 for 

machinery noise based on individual’s perceptual preference. For traffic noise, the optimal trade-

off point for both quality and intelligibility is around 3.5. However, for highly non-stationary 

babble noise, higher values of 𝛽𝑘 (≈ 6) suppresses the noise well and hence yields higher quality, 

but makes the speech unintelligible. Lower values of 𝛽𝑘 (≈ 2.2) give higher speech intelligibility 

but does not deliver good noise suppression. The choice of 𝛽𝑘 also depends on SNR levels of the 

input noisy speech. The PESQ values improve exponentially with increase in SNR. At lower SNR 

levels, the appropriate value of 𝛽𝑘 is between 2.5 and 3, as the intelligibility is higher around this 

area. The point of this analysis is to emphasize on the fact that by varying  𝛽𝑘, we can control the 

amount of noise suppression and speech distortion. 

3.5 Behavior Analysis of Gain Function Obtained Using cJMAP with Changing 𝜷𝒌 

The cJMAP gain curves in Figure 3.2. (a), (b), (c) shows the effects of varying  𝛽𝑘 for fixed values 

of 𝜉𝑘 = −10 𝑑𝐵, 0 𝑑𝐵 and 10 𝑑𝐵 respectively. We analyze the effect of gain as the 

𝑎 𝑝𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟𝑖 SNR 𝛾𝑘 decreases, while the 𝑎 𝑝𝑟𝑖𝑜𝑟𝑖 SNR 𝜉𝑘 is kept constant. cJMAP 
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compromises between what it knows from the 𝑎 𝑝𝑟𝑖𝑜𝑟𝑖 information and what it learns from the 

noisy data. When 𝛽𝑘 is close to 1, the cJMAP gain function 𝐺𝑘
𝑐𝐽𝑀𝐴𝑃

 will converge to the JMAP 

gain function in (3.6) [12]. However, varying 𝛽𝑘 in (3.20) increases or decreases 𝐺𝑘
𝑐𝐽𝑀𝐴𝑃

 for fixed 

values of 𝛾𝑘 and 𝜉𝑘. This has a direct impact on the perceived speech quality and intelligibility. 

 

(a)                                                                                                      (b) 

 

                                      (c) 

Figure 3.2. cJMAP Gain curves for different 𝛽𝑘 for a priori SNR (a) 𝜉𝑘 = 10 𝑑𝐵, (b) 𝜉𝑘 =
0 𝑑𝐵 and (c) 𝜉𝑘 = −10 𝑑𝐵  
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Assume that 𝛽𝑘 is fixed and 𝜉𝑘 is obtained by some fixed values of 𝜆𝑆𝑘
 and 𝜆𝑣𝑘

. The fixed value 

of 𝜆𝑆𝑘
 determines the most probable realization of 𝐴𝑘, as 𝜆𝑆𝑘

 is the only parameter of 𝑝(𝑎𝑘) in 

(3.1). On the other hand, the fixed value of 𝜆𝑣𝑘
 makes 𝛾𝑘 to be proportional to 𝑅𝑘, since 

𝛾𝑘 = 𝑅𝑘
2/𝜆𝑣𝑘

. As 𝛾𝑘 varies for a fixed 𝜉𝑘 and 𝛽𝑘, the estimator should compromise between the 

most probable realizations of 𝐴𝑘 and the decreasing values of 𝑅𝑘. Since  �̂�𝑘 = 𝐺𝑘
𝑐𝐽𝑀𝐴𝑃𝑅𝑘, this can 

be done by increasing 𝐺𝑘
𝑐𝐽𝑀𝐴𝑃

.  

Unlike most of the conventional single microphone SE methods, whose magnitude estimation 

gains are a function of only 𝛾𝑘 and 𝜉𝑘. The proposed 𝐺𝑘
𝑐𝐽𝑀𝐴𝑃

 is a function of three variables 𝛾𝑘, 𝜉𝑘 

and 𝛽𝑘. For fixed values of 𝛾𝑘 and 𝜉𝑘, 𝛽𝑘 can be varied to adjust 𝐺𝑘
𝑐𝐽𝑀𝐴𝑃

 and compensate for 

inaccuracies in the estimation of 𝜆𝑆𝑘
, especially in unfavorable noisy conditions. Next section 

discusses the effects of inaccuracies in the estimation of a priori SNR 𝜉𝑘. 

3.6 Robustness of cJMAP to Erroneous Estimation of 𝝃𝒌 

Statistical model based single microphone SE methods [8-12, 21] are derived based on the 

assumption that 𝜆𝑣𝑘
 and 𝜉𝑘 are known. However, only noisy speech is available in reality and 𝜆𝑣𝑘

 

can be estimated using a VAD during non-speech activity. Estimation of 𝜉𝑘 is a challenging task, 

which results in inaccuracies that deteriorate the overall performance of noise suppression, 

introducing musical noise. We know from literature [12, 21] that, magnitude spectrum estimators 

using statistical model-based methods are more sensitive to underestimates of the 𝜉𝑘 than to its 

overestimates. Let 𝜉𝑘 = 𝜉𝑘 − 𝛿𝜉𝑘
 be the perturbed a priori SNR due to underestimates. The 

cJMAP gain function in (3.22) for the perturbed a priori SNR 𝜉𝑘 is simplified to give, 
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�̃�𝑘
𝑐𝐽𝑀𝐴𝑃

=
𝜉𝑘− 𝛿𝜉𝑘

 

2𝛽𝑘(𝛽𝑘+𝜉𝑘−𝛿𝜉𝑘
)
+

√((𝜉𝑘−𝛿𝜉𝑘
)
2
+2𝛽𝑘(𝛽𝑘+𝜉𝑘−𝛿𝜉𝑘

)
(𝜉𝑘−𝛿𝜉𝑘

)

𝛾𝑘
)

2𝛽𝑘(𝛽𝑘+𝜉𝑘−𝛿𝜉𝑘
)

                   (3.23) 

In (3.23), the effects of perturbations 𝛿𝜉𝑘
 can be negated with appropriate choice of 𝛽𝑘. From 

Figure 3.2, we know that the gain curves can be adjusted by varying 𝛽𝑘 for a fixed value of 𝜉𝑘. For 

𝜉𝑘, the gain curve can be adjusted to negate the effect of 𝛿𝜉𝑘
. For smaller 𝛿𝜉𝑘

, when 𝛽𝑘 is set to 

lower value in the range of (0.1 − 0.5), �̃�𝑘
𝑐𝐽𝑀𝐴𝑃

 will be less dependent on the perturbations in the 

first term and the second term largely controls �̃�𝑘
𝑐𝐽𝑀𝐴𝑃

. For very high values of 𝛽𝑘, the overall gain 

curves drop down, which suppresses the noise to a large extent, but introduces speech distortion. 

Also, setting appropriate 𝛽𝑘 will avoid an abrupt change in the values of 𝐺𝑘
𝑐𝐽𝑀𝐴𝑃

 within consecutive 

frames due to incorrect estimation of the nominal 𝜉𝑘. This reduces the possibility of the 

introduction of musical tones, which is a prevailing problem in most of the single microphone SE 

techniques. In contrary, decreasing 𝛽𝑘 below a certain threshold for each noise type results in 

insufficient noise suppression. 

3.7 Real-Time Implementation of cJMAP on Smartphone for HA Application 

Figure 3.3 shows the block diagram of the smartphone-HA setup. The noisy speech 𝑦(𝑛) is 

captured using the microphone of the smartphone. The SE operation on 𝑦(𝑛) is performed on the 

smartphone’s processor. The output �̂�(𝑛) is then wirelessly transmitted to the HA via Bluetooth 

protocol. iPhone 7 running iOS 10.3 operating system is used as an assistive device to Starkey HA 
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for our experiments. We use the default microphone on iPhone 7 to capture the audio data, process 

the signal and wirelessly transmit the enhanced signal to the HA device. The snapshot of our 

application is shown in Figure 3.4. The developed code can also run on other iOS versions. Xcode  

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

of 48 kHz. Core Audio [34], an open source library from Apple was used to carry out input/output 

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

is used for the input buffer. When the switch button present is in ‘OFF’ mode, the application 

 

Figure 3.3. Block diagram of smartphone-HA setup  

 

Figure 3.4. Snapshot of the developed smartphone application 
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merely plays back the audio through the smartphone without any processing. Switching ‘ON’ the 

button enables SE module to process the incoming audio stream by storing it in an input buffer 

and then applying the cJMAP noise suppression algorithm, on the magnitude spectrum of noisy 

speech. The enhanced speech is then played back through the HA device. Initially, when the switch 

is turned on, the algorithm uses a couple of seconds (1-2 sec) to estimate the noise power. 

Therefore, we assume that there is no speech activity at least for 2 seconds when the switch is 

turned on. Once the noise suppression is on, the tradeoff factor 𝛽𝑘 is adjusted by the user to their 

comfort level of hearing. A typical HA user does not have control over the noisy environment they 

are exposed. In the developed smartphone application, the user can control 𝛽𝑘 and adjust the 

perceived audio to their comfort level of hearing. Through our experiments, we determined that 

the amount of noise suppression and speech distortion can be largely controlled by varying 𝛽𝑘. 

The range of 𝛽𝑘 is set to (0.1, 5] empirically. At 𝛽𝑘 close to 0.5 yields speech with minimal 

distortion, but the noise suppression is not protruding. As we increase the value of 𝛽𝑘, the amount 

of noise suppression also increases. However, at higher 𝛽𝑘 values the perceptibility of speech 

distortion becomes prominent. Therefore, the user can choose optimal 𝛽𝑘 to strike a balance in 

achieving satisfactory noise suppression with tolerable speech distortion. The processing time for 

a frame of 10 ms (48 samples) is 1.2 ms. Hence, the developed cJMAP method is extremely 

suitable for real-time applications. With a fully charged battery of iPhone 7 with 1960 mAh, our 

application lasts for about 7 hrs when used continuously. 
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3.8 Experimental Results 

3.8.1 Objective Test Setup and Results 

We evaluate the performance of the proposed cJMAP algorithm by comparing with benchmark 

methods in single microphone statistical model based SE. For our experiments, we chose JMAP 

method proposed by Wolfe and Godsill [7] as our direct benchmark, since we improvised their 

approach by deriving the gain function for convolutive mixtures. We also include super-Gaussian 

JMAP estimator by Lotter and Vary [22], which is devised to perform better than JMAP in [7]. 

Log-MMSE proposed by Ephraim and Malah [9], is another method we like to compare with, as 

it is known to perform well across noise types as shown in [8, 9].  

The experimental evaluations are performed for 3 different noise types: machinery, multi-talker 

babble and traffic noises. The reason for choosing only these 3 noise types is that hearing impaired 

are more often exposed to these types of noises than any other. More importantly, these noise types 

cover a wide range of temporal and spectral characteristics. Machinery noise is more quasi-

periodic in nature due to the rotating elements in machines. Babble noise spectral coefficients span 

from being Gaussian to super-Gaussian depending on the number of speakers. Traffic noise 

includes Doppler effect because of approaching vehicles mixed with wind noise. These noises 

were recorded in real-world conditions in several different scenarios. The presented results are 

average of them all. 50 sentences were taken from TIMIT database [35] and 20 sentences were 

chosen from IEEE corpus. The noisy speech database was obtained by simulating impulse 

responses of a rectangular room of size 7m x 5m x 3m, based on the source image model technique 

[32] with reverberation time (RT60) of 300 ms. The microphone signal is generated by convolving 

the source signals (speech and noise) with corresponding room impulse responses and then added 
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together at SNR of -5, 0 and 5 dB. All the files are sampled at 16 kHz and 20 ms frames with 50% 

overlap were considered for processing. The first 6 frames are assumed as noise only frames and 

are used to estimate the noise power and it is updated during non-speech activity using a voice 

activity detector (VAD). Figure 3.5 shows the spectrogram comparison of cJMAP with 

conventional methods. It can be clearly seen that the amount of noise suppression is better using 

cJMAP, especially at lower frequency regions.   

As objective evaluation criteria, we choose the perceptual evaluation of speech quality (PESQ) 

[36] for speech quality measurement and short time objective intelligibility (STOI) [37] to measure 

speech intelligibility. PESQ ranges between 0.5 and 4, with 4 being high perceptual quality. Higher 

the score of STOI better is the speech intelligibility. Though CSII is a good measure for speech 

intelligibility, which we used in the earlier section to determine optimal values of 𝛽𝑘 for each noise 

type, STOI is more recent and widely used because of its accuracy in many speech distortion types. 

Moreover, it is good to quantify a method using multiple measures to check for consistency.    

We can visualize the improvement brought by the proposed method in Figure 3.6. We have plotted 

spectrograms for the clean speech sentence “The dog played with the stick” concatenated with 

“The bananas were too ripe”, rendered in multi-talker babble at 0 dB SNR, to compare noisy 

speech with the enhanced speech using the benchmark methods we have considered. The 

spectrogram of enhanced speech using cJMAP in Figure 3.6 shows the effectiveness of 

suppressing the background noise without distorting the speech, especially in the higher frequency 

regions in comparison to other methods. The noise suppression during speech pauses and silence 

periods are very pronounced. The value of 𝛽𝑘 was set to 2.2 as per the discussion in section 4.  
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Figure 3.7 shows the plots of PESQ and STOI comparison between the proposed method and the 

benchmark SE techniques considered. The comparisons are done for 3 noise types at SNR levels 

varying from -5 dB to 10 dB with a step size of 1 dB. The value of 𝛽𝑘 was adjusted empirically 

using the information from Figure 3.1. For machinery noise, the PESQ and STOI scores are better 

for enhanced speech using cJMAP in comparison to other methods. At higher SNR levels, the 

STOI scores for cJMAP are similar to SGJMAP. Similarly, for multi talker babble and traffic noise 

 

Figure 3.5.  Comparison of spectrograms for a speech corrupted by babble noise at 0 dB SNR 
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Figure 3.6: Speech Enhancement results from comparison using PESQ and STOI at different SNRs 

for (a) Machinery noise, (b) Multi talker babble and (c) Traffic noise types. We have compared 

proposed cJMAP with benchmark methods considered in this paper.     
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types, the PESQ and STOI scores are significantly better than the competing methods. Especially 

at lower SNRs, our method outperforms the benchmark techniques in terms of both quality and 

intelligibility. 

3.8.2 Subjective Comparison of cJMAP with Apple’s Live Listen Technology 

We performed subjective tests with 15 expert normal hearing and 15 hearing impaired participants 

to illustrate the usefulness of the developed application in the real-world noisy environmental 

conditions. We emulated the noisy restaurant condition in our lab. The intent is to show the 

effectiveness of using our developed smartphone application with real-time variable tradeoff 

parameter 𝛽𝑘. A hearing-impaired person finds it extremely challenging to have a conversation 

with others in a crowded restaurant in spite of wearing their hearing aids, because of their inability 

to recognize words in loud non-stationary background noise, which is typically the case in a 

restaurant or any social gathering. This problem can be solved by placing their smartphone running 

our application across the table. The smartphone picks up the noisy speech, processes the signal 

and wirelessly transmits the output to the HA device in real-time. The emulated setup is shown in 

Figure 3.7. One loudspeaker plays the clean speech in the foreground and restaurant noise is played 

through the other loudspeaker in the background. Word recognition rate (WRR) was measured by 

playing clean speech from 3 lists of 10 sentences each from TIMIT database in the presence of 

restaurant noise at 0 dB SNR. By using only HA without using a smartphone as an assistive device 

yielded average WRR of 39% and 63% for hearing impaired and normal hearing respectively. By 

using smartphone application and adjusting 𝛽𝑘 as shown in Figure 3.4, the average WRR went up 

to 91% and 99% for hearing impaired and normal hearing respectively. These scores are the 
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average of 15 hearing impaired and 15 normal hearing subjects. Live Listen is a technology 

developed by Apple that runs some sophisticated proprietary algorithms to give high quality 

speech at the output.  

We measure the word recognition rate (WRR) to quantify the performance of the compared hearing 

assistive technology. Live Listen is compared with cJMAP as both of them run as an application 

on iPhone and both these applications stream the output to Starkey Hearing Aids in real-time with 

minimal latency. The results are tabulated in Figure 3.8. cJMAP performs as good as Live Listen 

at SNR levels of 0 dB and -5 dB and performs better at SNR levels of -10 dB. We also performed 

Mean Opinion Score (MOS) [38] tests by presenting noisy speech and enhanced speech using the 

benchmark methods considered at SNR levels of -5 dB, 0 dB and 5 dB. For each audio file, the 

subjects were instructed to score in the range 1 to 5 based on the MOS factors discussed in [38]. 

Basically, 5 being excellent and 1 being poor. Figure 3.9 reflects the average scores of 15 expert 

normal hearing subjects. We conducted a preliminary test round to determine the 𝛽𝑘 value that 

each subject preferred for each noise type and SNR level considered. Interestingly, every subject 

picked different values of 𝛽𝑘 for a given noise type and SNR. This reflects the fact that the optimal 

value of 𝛽𝑘 not only depends on the noise type and SNR but also depends on the subject’s 

perceptual preference. Therefore, the merit of the proposed method is providing the end user with 

the ability to control their perceptually preferred real-world audio signals. Results in Figure 3.9 

show that the subjects preferred cJMAP over other methods in different SNRs and noise 

conditions. 
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Figure 3.7. Subjective test setup emulating restaurant scenario for 15 hearing impaired 

participants 

 

Figure 3.8. Word Recognition Rate (WRR) estimation of cJMAP and Live Listen 
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3.9 Summary 

In this work, a single microphone SE method called cJMAP was developed, which is derived from 

convolutive mixtures by maximizing the Joint Maximum a Posteriori probability. The new gain 

function derived depends on three parameters 𝜉𝑘, 𝛾𝑘 and 𝛽𝑘, unlike most of the benchmark 

statistical model based SE algorithms which depend only on 𝜉𝑘 and 𝛾𝑘. The newly introduced 

tunable 𝛽𝑘 parameter allows the user to control noise suppression and speech distortion in real-

time. The proposed cJMAP finds applications in hearing aid devices, speech recognition systems 

etc., as 𝛽𝑘 can be set to a value which is application and user specific. Through analysis, it is shown 

 

(a)                                                                                            (b) 

 

(c)  

Figure 3.9. Mean Opinion Score (MOS) test scores for 15 normal hearing subjects for (a) Machinery 

noise, (b) Traffic noise and (c) Babble noise 
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how to appropriately choose the value of 𝛽𝑘 based on quality and intelligibility. The proposed 

cJMAP gain function is more robust to underestimation of a priori SNR. The objective and 

subjective results show the effectiveness of cJMAP in terms of quality and intelligibility in 

comparison with the benchmark single microphone SE methods considered. 
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CHAPTER 4 

SUPER GAUSSIAN SPEECH MODEL FOR SPEECH ENHANCEMENT USING 

CONVOLUTIVE JOINT MAXIMUM A POSTERIORI1 

4.1 Introduction 

In the 1previous section, a new single microphone SE called cJMAP was discussed, which is 

derived from convolutive mixtures by maximizing the joint maximum a posteriori probability. We 

assumed that the PDF of the speech spectral amplitude can be modeled as the Rayleigh distribution. 

However, some researchers found that other appropriate speech PDF would be more effective. In 

2005, Lotter and Vary proposed an original speech spectral amplitude PDF [27]. This PDF was 

derived from a real speech histogram obtained from a large amount of real speech data. In [27], 

super-Gaussian extension of the JMAP (SGJMAP) is proposed which is shown to outperform 

algorithms proposed in [8, 9, 12]. Super-Gaussian statistical model of the clean speech and noise 

spectral components (especially Babble) attains a lower mean squared error compared to Gaussian 

model. The challenge with existing single microphone SE techniques for HA applications is that 

the amount of noise suppression cannot be controlled in real-time. 

In this work, a parameter called ‘tradeoff’ factor is introduced in the optimization of SGJMAP cost 

function to estimate the clean speech magnitude spectrum. The proposed gain is a function of 

tradeoff parameter that is designed to vary in real time allowing the smartphone user to control the 

amount of noise suppression and speech distortion. The developed method is computationally 

                                                 

1 ©2017 IEEE. Portions Adapted, with permission, from C. Karadagur Ananda Reddy, N. Shankar, G. Shreedhar Bhat, R. Charan 

and I. Panahi, "An Individualized Super-Gaussian Single Microphone Speech Enhancement for Hearing Aid Users with 

Smartphone as an Assistive Device," in IEEE Signal Processing Letters, vol. 24, no. 11, pp. 1601-1605, Nov. 2017. 
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inexpensive, and requires no training. The difference between the cJMAP SE discussed in the 

previous chapter and the SE proposed in this chapter is the PDF of the speech spectral amplitude. 

There are three parameters that can be controlled by the user using the smartphone application in 

real-time that dictates the speech quality and intelligibility. Two of those parameters control the 

characteristics of the PDF, which in turn control the speech quality and intelligibility. Objective 

and subjective evaluations of the proposed method are carried out to assess the effectiveness of 

the method against the benchmark techniques considered, and discuss the overall usability of the 

developed algorithm. 

4.2 SGJMAP Based Speech Enhancement 

In the SGJMAP [27] method, a super-Gaussian speech model is used by considering non-

Gaussianity property in spectral domain noise reduction framework [39] 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 magnitude. 

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

(4.2) 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 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 the 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)
                                        (4.4) 

𝜃𝑆𝑘
= argmax

𝜃𝑆𝑘

𝑝(𝑌𝑘|𝐴𝑘,𝜃𝑆𝑘
)𝑝(𝐴𝑘,𝜃𝑆𝑘

)

𝑝(𝑌𝑘)
                                       (4.5) 

Assuming uniform distribution for phase, the joint PDF 

𝑝(𝐴𝑘, 𝜃𝑆𝑘
) =

1

2𝜋
𝑝(𝐴𝑘)                                              (4.6) 

The super-Gaussian PDF [27] of the amplitude spectral coefficient with variance 𝜎𝑆𝑘
 is given by, 

𝑝(𝐴𝑘) =
𝜇𝑣+1

𝛤(𝑣+1)

𝐴𝑘
𝑣

𝜎𝑆𝑘
𝑣+1 exp { −

𝜇𝐴𝑘

𝜎𝑆𝑘

}                                                      (4.7) 

Assuming the Gaussian distribution for noise and super-Gaussian distribution (4.7) for speech, 

(4.4) is given by [27], 

�̂�𝑘 = (𝑢 + √𝑢2 +
𝑣

2�̂�𝑘
)𝑅𝑘, 𝑢 =

1

2
−

𝜇

4√�̂�𝑘�̂�𝑘

                                  (4.8) 
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where 𝜉𝑘 =
�̂�𝑆

2
𝑘

�̂�𝑊
2

𝑘

 is the a priori SNR and 𝛾𝑘 =
𝑅𝑘

2

�̂�𝑊
2

𝑘

 is the a posteriori SNR. �̂�𝑊
2

𝑘
 is estimated using 

a voice activity detector (VAD) [43]. �̂�𝑆𝑘
  is the estimated instantaneous clean speech power 

spectral density. In [27], 𝑣 = 0.126 and 𝜇 = 1.74 is shown to give better results. The optimal 

phase spectrum is the noisy phase itself 𝜃𝑆𝑘
= 𝜃𝑌𝑘

. 

4.3 Proposed Real-Time Customizable SE Gain 

In (4.8), the gain of SGJMAP is a function of four parameters  (𝑣, 𝜇, 𝜉𝑘, 𝛾𝑘). The accuracy of 𝜉𝑘, 𝛾𝑘 

depends on the VAD and the SE gain function of the previous frames. The values of 𝑣 and 𝜇 can 

be set empirically to achieve good noise reduction without distorting the speech, as discussed in 

[27]. However, the optimal values of these parameters in the real-world rapidly fluctuate with 

changing acoustical and environmental conditions, owing to the fact that the gain is designed by 

assuming super-Gaussian PDF for speech only in ideal acoustic conditions. In the presence of 

reverberation and noise (especially babble), the real PDF of speech received at the microphone 

changes. Therefore, having fixed 𝜇 and 𝑣 is not feasible to give robust noise reduction in dynamic 

conditions. 

In order to compensate for these inaccuracies in the model, we introduce a “trade-off” parameter 

𝛽 into the cost function optimization for optimal clean speech magnitude estimation. Taking 

natural logarithm of (4.4), 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

        (4.9) 

Setting (4.9) to zero and substituting 𝑌𝑘 = 𝑅𝑘𝑒
𝑗𝜃𝑌𝑘  simplifies to 

2𝑅𝑘

�̂�𝑊
2

𝑘

−
2𝐴𝑘𝛽

�̂�𝑊
2

𝑘

+
𝑣

𝐴𝑘𝛽
−

𝜇𝛽

�̂�𝑆𝑘

= 0                                          (4.10) 
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On simplifying (4.10), the following quadratic equation is obtained,        

   𝐴𝑘
2 +

𝐴𝑘

2𝛽�̂�𝑆𝑘

(�̂�𝑊

2

𝑘
𝜇𝛽 − 2𝑅𝑘�̂�𝑆𝑘

) −
𝑣�̂�𝑊

2

𝑘

2𝛽2
= 0                                          (4.11) 

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

�̂�𝑘 =

[
 
 
 

(
1

2𝛽
−

𝜇

4√�̂�𝑘�̂�𝑘

) + √(
𝜇

4√�̂�𝑘�̂�𝑘

−
1

2𝛽
)

2

+
𝑣

2�̂�𝑘𝛽2

]
 
 
 

 𝑅𝑘                                  (4.12) 

The speech magnitude spectrum estimate is  

�̂�𝑘 = 𝐺𝑘 𝑅𝑘                                                           (4.13) 

Where                     𝐺𝑘 =

[
 
 
 

(
1

2𝛽
−

𝜇

4√�̂�𝑘�̂�𝑘

) + √(
𝜇

4√�̂�𝑘�̂�𝑘

−
1

2𝛽
)

2

+
𝑣

2�̂�𝑘𝛽2

]
 
 
 

                                               (4.14) 

We know from the literature that the phase is perceptually unimportant [10]. Hence, we consider 

the noisy phase for reconstructing the time-domain signal. The final clean speech spectrum 

estimate is 

�̂�𝑘 = 𝐺𝑘 𝑌𝑘                                                             (4.15) 

The time domain sequence �̂�(𝑛) is obtained by taking Inverse Fast Fourier Transform (IFFT) of 

�̂�𝑘. At very low values of 𝛽 and 𝑣, the gain 𝐺𝑘 becomes less dependent on 𝜉𝑘, which minimizes 

speech distortion while compromising on noise suppression. This makes the algorithm robust to 

inaccuracies in the estimation of 𝜉𝑘. In most of the statistical model based SE algorithms, the 

accuracy of clean speech magnitude spectrum directly depends on how accurately  𝜉𝑘 is estimated. 

However, inaccurate 𝜉𝑘 results in distortion of speech and introduce musical noise in the 

background. The proposed method circumvents this problem by allowing the user to select lower 
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𝛽. At higher values of 𝛽, the overall gain 𝐺𝑘 decreases yielding good noise suppression but ends 

up attenuating speech as well. Although, higher values of 𝛽 is not useful when there is a speech of 

interest, but it is useful in conditions when the user is exposed to loud noisy environment with no 

speech of interest. At  𝛽 ≈ 1, the proposed method reduces to SGJMAP. Setting appropriate 

intermediate values for 𝛽 yields noise suppression with considerable speech distortion. 

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

The proposed method is implemented on a smartphone, similar to the way it was discussed in the 

previous chapter. iPhone 7 running iOS 10.3 operating system is considered as an assistive device 

to the HA. Though smartphones come with 2 or 3 mics, manufacturers only allow default 

microphone (Figure 4.1) on iPhone 7 to capture the audio data, process the signal and wirelessly 

transmit the enhanced signal to the HA device. The developed code can also run faultlessly in other 

iOS versions. The data is acquired at a sampling rate of 48 kHz. Core Audio [34], an open source 

library from Apple 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. Figure 4.1 shows a 

snapshot of the configuration screen of the algorithm implemented on iPhone 7. When the switch 

button present 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 HA device. Initially 

when the switch is turned on, the algorithm uses couple of seconds (1-2 sec) to estimate the noise 

power. Therefore, we assume that there is no speech activity at least for 2 seconds when the switch 
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is turned on. Once the noise suppression is on, we have provided other parameters, which can be 

varied in real-time. In (4.14), the gain function depends on 5 different parameters among which

 

𝜇, 𝑣 and 𝛽 need to be empirically determined. It is known that the optimal values of these 

parameters depend on  the noisy signal and acoustic characteristics [27]. A typical HA user does 

not have control over the noisy environment they are exposed to, and the conditions change 

continuously with time. Hence, it is nonviable to fix the values of μ,v and β irrespective of changing 

conditions. In our smartphone application, the user can control all three parameters and adjust to 

their comfort level of hearing. Through our experiments, we determined that the amount of noise 

suppression and speech distortion can be largely controlled by varying β, than varying μ and v. 

The range of μ and v are from 0.5 to 3 and 0.01 to 1 respectively. The range of β is from 0.1 to 5. 

 

Figure 4.1. Snapshot of the developed smartphone application 
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At β close to 0.5 yields speech with minimal distortion, but the noise suppression is not protruding. 

As we increase the value of β, the amount of noise suppression also increases. However, at higher 

β values the perceptibility of speech distortion becomes prominent. Therefore, it is critical to 

choose optimal β to strike a balance in achieving satisfactory noise suppression with tolerable 

speech distortion. The processing time for a frame of 10 ms (480 samples) is 1.4 ms. The 

computational efficiency of the proposed algorithm allows the smartphone app to consume very 

low power. We use Starkey live listen [44] to stream the data from iPhone to the HA. The audio 

streaming is encoded for Bluetooth Low Energy consumption. 

4.5 Experimental Results 

4.5.1 Objective Evaluation 

There are no algorithms that are developed to our knowledge that provide similar functionality of 

achieving the balance between noise suppression and speech distortion in real time without any 

pre or post filtering. We therefore fix the values of few parameters and evaluate the performance 

of the proposed method by comparing with JMAP [12] and SGJMAP [27] method, as our two-

benchmark single microphone SE techniques that have shown promising results. Also, the 

developed method is an improved extension of these two methods. The experimental evaluations 

are performed for 3 different noise types: machinery, multitalker babble and traffic noise. The 

reported results are the average over 20 sentences from HINT database. For objective evaluation, 

all the files are sampled at 16 kHz and 20 ms frames with 50% overlap are considered for 

processing. As objective evaluation criterion, we choose the perceptual evaluation of speech 

quality (PESQ) [36] for speech quality measurement and short time objective intelligibility (STOI) 
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[37] to measure speech intelligibility. PESQ ranges between 0.5 and 4.5, with 4.5 being high 

perceptual quality. Higher the score of STOI better is the speech intelligibility. Figure 4.2 shows 

the plots of PESQ and STOI versus SNR for the 3 noise types. The best values of 𝜇 and 𝑣 were 

empirically determined over large dataset as they largely control the statistical properties of the 

noisy signal. Hence, they are noise dependent. The value of 𝜇 was set to 2.5, 2 and 1.75 and 𝑣 was 

set to 1, 0.9 and 0.75 for multi talker babble, machinery and traffic noise types respectively. The 

𝛽 was adjusted empirically to simultaneously give the best values for both PESQ and STOI and 

for each noise type. PESQ values show statistically significant improvements over JMAP and 

SGJMAP SE methods for all three noise types considered. The STOI is close to that of noisy 

speech for machinery and babble, but significantly improves for traffic noise. Supporting files for 

these results can be found at www.utdallas.edu/ssprl/hearing-aid-project. Objective measures 

reemphasize the fact that the proposed method archives considerable noise suppression without 

distorting speech. 

4.5.2 Subjective test setup and results 

Although objective measures give useful evaluation results during the development phase of our 

method, they give very little information about the usability of our application by the end user. We 

performed MOS tests [38] on 15 expert normal hearing subjects who were presented with noisy 

speech and enhanced speech using the proposed, JMAP and SGJMAP methods at SNR levels of -

5 dB, 0 dB and 5 dB. The key contribution of this paper is in providing the user the ability to 

customize the parameters for their listening preference. Before starting the actual tests, the subjects 

were instructed to set β, μ  and v for each noise type as per their preference. One key observation 
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Figure 4.2. Objective evaluation of speech quality and intelligibility 
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was, the preferred values of β, μ and v varied across subjects. This supports our claim that the 

developed application is user customizable. Therefore, for each audio file the subjects were 

instructed to score in the range 1 to 5 with 5 being excellent speech quality and 1 being bad speech 

quality. The detailed description of scoring procedure is in [38]. Subjective test results in Figure 

 

 

 

Figure 4.3. Subjective test results 
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4.3 illustrate the effectiveness of the proposed method in reducing the background musical noise, 

simultaneously preserving the quality and intelligibility of the speech. We also conducted a field 

test of our application in real world noisy conditions, which change dynamically. Varying the β, μ 

and v in real-time provides tremendous flexibility for the end user to control the perceived speech. 

4.6 Summary 

In this chapter, a super Gaussian based single microphone SE technique was developed by 

introducing a tradeoff factor in the cost function. The resulting gain allows us to strike a balance 

between amount of noise suppression and speech distortion in real-time. The proposed algorithm 

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

were allowed to tune the three parameters to their comfort level of perceptual speech quality. 

Varying the tradeoff also enables the smartphone user to control the amount of noise suppression 

and speech distortion. The objective and subjective results exemplify the usability of the method 

in real world noisy conditions. 
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CHAPTER 5 

CJMAP AS A POST-FILTER TO A TWO-MICROPHONE DISTORTIONLESS 

BEAMFORMER 

5.1 Introduction 

In the previous sections, a new single microphone SE method was introduced that provided the 

user the ability to control the amount of noise suppression and speech distortion in real-time. The 

user using the smartphone application adjusts the ‘trade-off’ parameter. The ‘tradeoff’ parameter 

was fixed across all the frequency bins as it is practically difficult to estimate the room impulse 

response accurately by using only one microphone. The observed microphone signal is modeled 

as a superposition of the clean speech and noise. An estimate of the clean speech is obtained by 

passing the noisy speech through the cJMAP gain function. We assume that the speech and the 

noise have different characteristics, and hence the noise can be suppressed well. However, in 

reality the noise model will not be accurate. Hence, the speech distortion is unavoidable and the 

amount of speech distortion is in general proportional to the amount of noise reduction [41]. 

In order to keep the amount of speech distortion below the tolerable level, multi-microphone noise 

reduction techniques have been given tremendous attention in the recent times. In the case of multi-

microphone observations, each microphone output can be modeled as the source speech signal 

convolved with the corresponding acoustic channel impulse response and then corrupted by the 

background noise. The noise reduction problem is formulated as estimating the source signal from 

the multiple microphone observations.  

Delay and sum beamformer [42] is one of the first approaches that is simple and straightforward. 

In this method, the signal components across all sensors can be synchronized by delaying each 
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microphone output by a proper amount of time. When these aligned signals are weighted and 

summed, the desired signal components are combined coherently and noise signals are combined 

incoherently. Delay and sum is only suitable for narrowband signals as its directivity pattern will 

not be the same across a broad frequency band.  Frost introduced the broadband version of the 

delay and sum beamformer called the filter and sum beamformer [43], where he performs 

narrowband decomposition and design narrowband beamformers independently at each frequency. 

This method performs well only in anechoic and zero reverberation conditions as the filter 

coefficients are fixed, but fails in realistic noisy environmental conditions. To improve the noise 

reduction in continuously changing reverberant environments, the filter coefficients has to be 

adaptively computed based on the room conditions.   

Two microphone SE approaches are of key interest in smartphone-HA setup as most of the 

smartphones released in the recent times come with at least two microphones. Many dual 

microphone systems are exploited when the signal source is close to the microphones and the 

speech signals at the two microphones are correlated. They also assume that the distance between 

adjacent microphones is long, hence noise components are assumed to be uncorrelated. Coherence 

function based SE approach [41] is known to perform very well in terms of noise suppression. 

However, they are prone to introduce speech distortion affecting the intelligibility of the speech 

[42]. For the HA application, maintaining the integrity of the speech is of at most importance. 

Hence, our choice of two microphone SE or noise suppression should provide enhanced speech 

with no distortion, while the algorithm is computationally efficient.  

One approach to improve noise reduction performance in realistic reverberant acoustic conditions 

is to optimize the filter coefficients and steer the beamformer’s look direction in the direction of 
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the desired signal and pass the source signal without attenuation and suppress all the other signals. 

The Minimum Variance Distortionless Response (MVDR) beamforming method [43-45], when 

applied in the frequency domain, can provide a good solution for such systems. MVDR works 

under the principle of reducing the overall power of the received signal subject to the constraint of 

achieving unity gain in the desired source direction. Hence, the desired signal is not distorted at 

the output due to the unity gain constraint. Some of its variations also give fruitful results [46, 47]. 

In this work, MVDR beamformer is used as a prefiltering stage to cJMAP. The idea is to send 

higher SNR signal with minimal distortion to speech as the input to cJMAP, instead of using the 

original noisy speech as the input. In chapter 3, cJMAP is shown to perform exponentially well at 

higher SNRs. MVDR beamformer acts as a distortion less SNR booster, which acts as a perfect 

pre-filter to cJMAP. In addition, the speech noise mixing model for both cJMAP and MVDR takes 

into account the effect of the impulse response between the source and the microphones. Hence, 

the estimation of the parameters and the gain values of these 2 methods are interdependent. 

5.2 Two microphone Minimum Variance Distortionless Respose (MVDR) beamformer 

We assume that each sample of the observed discrete time signal 𝒙(𝑛) at the microphones of the 

smartphone is given by, 

𝒙(𝑛) = 𝒂𝒔(𝑛 − ) + 𝒗(𝑛)                                                   (5.1) 

where  𝒙(𝑛) = [𝑥1(𝑛)  𝑥2(𝑛)]𝑇,  𝒂 = [𝑎1  𝑎2]
𝑇 ,  𝒔(𝑛) = [𝑠1(𝑛)  𝑠2(𝑛)]𝑇 ,  and 𝒗(𝑛) =

[𝑣1(𝑛)   𝑣2(𝑛)]𝑇 

Taking short time Fourier transform (STFT) of (5.1) yields the complex spectrum at frequency bin 

𝑘 given by, 
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𝑿(𝑘) = 𝑺(𝑘) 𝒅 + 𝑽(𝑘)                                                     (5.2) 

where 𝒅 is the representation of the delays and the attenuation in the frequency domain which 

depends on the actual geometry of the array and the direction of the source signal. 

𝒅𝑇 = [𝑎1 exp(−𝑗𝑘 1)    𝑎2exp (−𝑗𝑘2)]                                    (5.3) 

The output of the beamformer is given by, 

𝑌(𝑘) = ∑ 𝑊𝑛
∗(𝑘)

2

𝑛=1

𝑋𝑛(𝑘) = 𝑾𝑯𝑿                                            (5.4) 

where 𝑊𝑛(𝑘) denotes the frequency-domain coefficients of the beamformer of microphone 𝑛 at 

frequency bin 𝑘. 

The power spectral density (PSD)  of the output signal is given by, 

𝜙YY = 𝑾𝐻𝝓𝑋𝑋𝑾                                                   (5.5) 

where                                          

                                                    𝝓𝑋𝑋 = (
𝜙𝑋0𝑋0
𝜙𝑋1𝑋0

𝜙𝑋0𝑋1
𝜙𝑋1𝑋1

 )                                                        (5.6) 

The optimal beamformer is obtained by minimizing the output signal power (5.5), with a constraint 

of undistorted signal response in the desired look direction, i.e., 

𝑾𝑯𝒅 = 1                                                           (5.7) 

Therefore, the following constrained minimization problem has to be solved: 

min𝑾𝐻𝝓𝑋𝑋𝑾  subject to 𝑾𝑯𝒅 = 1                                      (5.8) 

By using Lagrange-multiplier for optimization, we get the well-known solution called MVDR 

beamformer [48], given by 



 

54 

𝑾 =
𝝓𝑉𝑉

−𝟏𝒅

𝒅𝐻𝝓𝑉𝑉
−𝟏𝒅

                                                               (5.9) 

5.3 MVDR as a pre-filtering stage to cJMAP 

Figure 5.1 shows the block diagram of the pre-filtering based two microphone SE technique. The 

MVDR beamformer block includes the computation of beamformer coefficients in the frequency 

domain 𝑾, which is given by (5.9). The computation and accuracy of 𝑾 depends on the estimation 

of   𝒅 and 𝝓𝑉𝑉
−𝟏. 𝒅 is computed using some Direction of Arrival (DOA) algorithm. Simple cross 

correlation based approach will suffice to get an estimate of 𝒅. 𝝓𝑉𝑉
−𝟏 is obtained during the noise 

only frames by using a voice activity detector (VAD). Since only two microphones are used in our 

case, only End-fire and broadside beams are more accurate. We assume that the speech source is 

along the axis of the microphones (End-fire case) resulting in a main lobe being formed in the 

direction of the speech source and side lobes formed in the direction of the noise. Therefore, the 

resulting noisy speech will be of higher SNR level. 

Let 𝐺𝑘
𝑐𝑜𝑚𝑏 be the resulting overall gain of combined beamformer and cJMAP that is given by 

𝐺𝑘
𝑐𝑜𝑚𝑏 = 𝑾.𝐺𝑘

𝑐𝐽𝑀𝐴𝑃
                                                 (5.10) 

where 𝐺𝑘
𝑐𝐽𝑀𝐴𝑃

 is given by (3.22).  

 

Figure 5.1. Two microphones MVDR-cJMAP setup 
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5.4 Influence of adding MVDR as an SNR booster on 𝜷𝒌 of cJMAP 

In Chapter 3, we found that increasing 𝛽𝑘 will increase the amount of noise suppression, but 

distorts the speech at lower SNR levels. We also found that the quality of the speech improves 

exponentially with increase in the SNR of the noisy speech. MVDR beamformer acts as an SNR 

booster that gives us the freedom to vary the value of  𝛽𝑘. Theoretically, the optimal value of 𝛽𝑘 

that yields higher PESQ and CSII values will change, as the SNR of noisy speech after MVDR is 

higher than the original noisy speech. It holds true even for the real-time implementation on the 

smartphone. The perceptual preference of the user will change with the introduction of MVDR as 

a pre-filter. The user can choose higher 𝛽𝑘 to achieve higher noise suppression with minimal 

compromise on the speech quality, as the SNR is higher than the original noisy speech. Figure 5.2 

shows the dependency of PESQ on the SNR levels of noisy speech. The plot in Figure 5.2 is an 

average of PESQ values of 50 noisy speech files with increasing SNR. From the plot, we can see 

 

Figure 5.2. Dependency of PESQ on SNR 
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that the quality of the speech is exponentially related to the SNR values. Hence, the preferred 

choice of 𝛽𝑘 in cJMAP with MVDR is higher than that of just using noisy speech as an input to 

cJMAP. 

5.5 Influence of source incidence angle on MVDR 

The location of the speech source dictates the performance of the MVDR Beamformer. In [49], a 

detailed analysis is given on the influence of the source incidence angle on the SNR gain obtained 

using the MVDR beamformer for a linear microphone array. They conclude that the MVDR 

beamformer’s performance strongly depends on the incidence angle of the desired source. It 

achieves the optimal SNR gain in the end-fire directions in the case of the diffuse noise. However, 

in the case of a point-source noise, the SNR gain depends on the angular separation of the point-

noise and desired sources as well as the point-noise level. If the point noise source is not in the 

end-fire direction, the optimal SNR gain is again obtained in the end-fire direction. In [49], they 

conclude that in the case of a linear microphone array, and especially in the case of 2 mics, we 

 

Figure 5.3. End-Fire configuration for the 2 microphone case on the smartphone  
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should consider configuring the array in the end-fire direction to the desired source direction. In 

the case of a smartphone, the best configuration is shown in Figure 5.3. If the DOA information is 

available to the user in real-time, the user can move the smartphone and reconfigure to receive 

maximum SNR gain.  

5.6 Experimental results 

The proposed and developed MVDR+cJMAP is evaluated using the actual recorded noisy speech 

by the two microphones on the smartphone that are separated by 13 cms. Figure 5.4 shows the 

time-domain comparison of the results. Noisy speech is composed of Babble noise mixed with 

clean speech from TIMIT database at SNR = 0 dB. The speech source was placed in the end-fire 

configuration as shown in Figure 5.3. The 𝛽𝑘 of cJMAP was fixed at 1.7. We can see from the 

time domain plots that the MVDR improves the SNR, and the effect of which is seen in the output 

of MVDR+cJMAP. The output of MVDR+cJMAP has minimal speech distortion, which is it’s 

prime advantage. In fact, the distortion in speech can be better-visualized using spectrograms 

shown in the Figure 5.5. We can see that the enhanced speech using MVDR + cJMAP has lower 

distortion in the lower frequency regions where speech has majority of its components. In the other 

frequencies, the power is greatly reduced in comparison to the noisy speech spectrogram in Figure 

5.5 (a). Hence, it serves the purpose of reducing the noise power without distorting the speech 

components. We also evaluate the developed method using objective speech quality and 

intelligibility measures PESQ and STOI respectively. Figures 5.6 and 5.7 shows the comparison 
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of the PESQ and STOI scores respectively, between noisy speech, output of the cJMAP and the 

output of MVDR+cJMAP. The proposed setup (MVDR+cJMAP) outperforms in terms of both 

quality and intelligibillity. Results also indicate that the performance improves exponentially with 

increase in SNR levels. The proposed method is computationally very inexpensive making it viable 

for smartphone implementation.  

 

Figure 5.4. Time domain comparison of the results  
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(a)                                                                              (b) 

 

                               (c)                                                                       (d) 

Figure 5.5. Comparison of the results using spectrograms. (a) Babble noise mixed with clean 

speech at SNR=0 dB, (b) Output of the MVDR beamformer alone, (c) Output of cJMAP 

alone, (d) Output of MVDR + cJMAP  
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(a) 

 
(b) 

 
(c) 

 

Figure 5.6. Comparison of PESQ scores for (a) Machinery noise, (b) Babble noise 

and (c) Traffic noise 
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(a) 

 
(b) 

 
(c) 

 

Figure 5.7. Comparison of STOI scores for (a) Machinery noise, (b) Babble noise and (c) 

Traffic noise 



 

62 

5.7 Summary 

In this chapter, a two-microphone beamformer is used to enhance the performance of single 

microphone SE cJMAP that was proposed in Chapter 3. MVDR beamforming technique is used 

as an SNR booster to give enhanced speech with minimal distortion. With the assumption that the 

speech source and the microphone array are in the End-fire configuration, we get maximum SNR 

gain from a two-microphone array that will exponentially improve the performance of cJMAP in 

terms of speech quality and intelligibility. The obtained results show improvements over using 

cJMAP alone. 
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CHAPTER 6 

NEURAL NETWORK BASED DOA ESTIMATION AS AN APPLICATION TO TWO-

MICROPHONE BLIND SPEECH SEPARATION 

6.1 Motivation 

In the previous chapter, a two-microphone distortion less beamformer was used to achieve SNR 

gain before the noisy speech is processed by a single microphone cJMAP SE technique. The 

challenge with the two-microphone beamformer is, we constrain the microphone array and the 

speech source to take the end-fire configuration. We expect the hearing-impaired user to move the 

smartphone and align it based on the direction of the speech source. However, the hearing-impaired 

finds it challenging to locate the speech source, especially in the presence of noise. Alternate 

approach is to have a DOA estimation running on the smartphone to indicate the direction of the 

speech source to the hearing-impaired in real-time. This increases the complexity of using the 

developed technology by the end user, as they should continuously monitor the change in the 

direction of the speech source. 

The better approach is to use a two-microphone Blind Speech Separation (BSS) to extract the 

speech signal from a convolutedly mixed noisy speech signal. In the real-world data collection of 

noisy speech (or multiple sources) using multiple microphones, often the mixing procedure is 

convolutive in nature. Hence, traditional BSS methods such as Independent Component Analysis 

(ICA) [50] fails to separate the sources when tested with actual recorded data. ICA can be extended 

to convolutive mixtures by using Frequency Domain Blind Source Separation (FDBSS) approach 

[51-53]. By using Short Time Fourier Transform (STFT), the convolutive mixture in the time 

domain can be transformed into frequency domain, which becomes instantaneous mixture in 
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individual frequency bins. Now complex valued ICA can be used to separate the sources in the 

individual frequency bins [54, 55]. However, due to the permutation problem, it is essential to 

make sure that the separated components belong to the same source [56, 57].  Once all the spectral 

components are correctly aligned, we can use inverse STFT to reconstruct the sources. For most 

of the real world signals (Speech and background noise for example), the frequency bins from the 

same source are strongly correlated with their neighboring frequency components [58].  

In order to solve the permutation problem, Independent Vector Analysis (IVA) was developed as 

an extension to ICA [59]. The sources in the IVA model are considered as vectors instead of 

scalars. Compared to ICA, the optimization procedure in IVA not only uses the independency 

between sources, but also uses the inter dependency in each source vector. Hence, the permutation 

problem is solved by itself and there is no post processing stage to align the components. The basic 

IVA uses Kullback-Leibler (KL) divergence as an objective function with a natural gradient-based 

updating rule to optimize the demixing matrices at each frequency bin.  

In order to use IVA in our smartphone-HA setup, which are real-time systems, the computational 

complexity of the algorithm should be very low. Auxiliary-function based IVA (AuxIVA) [60] is 

a new BSS method for convolutive mixtures with fast convergence and low computational 

complexity. Several variations on IVA are proposed for online operations [61, 62]. 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 [63]. This delay depends on the 

computational complexity of the algorithm and the processing power of the platform on which the 

algorithm is running. For example, if a 100 ms frame is processed, the processing time of that 

frame should be less than 100 ms. IVA involves iterative approach to find the de-mixing matrix 
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[61]. The number of iterations required to converge and achieve good source separation depends 

on the 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 difficulty in speaking due to the 

delayed auditory feedback effect and incurs a sense of discomfort due to the loss of lip 

synchronization. This delay also induces distortion in the separated speech decreasing the quality 

and intelligibility of the speech. 

In this chapter, we propose a criterion to reduce the computational complexity of the IVA. The 

idea is to avoid the computation of the demixing matrix for every frame of the incoming data. 

Ideally, the demixing matrix is the inverse of the mixing matrix. The maxing matrix consists of 

impulse responses between the speech source and the microphones and the impulse responses 

between the noise source and the microphones. We continuously track the location of the speech 

source using a novel computationally efficient DOA estimation technique. To be precise, we are 

tracking to see if there is a significant change in the impulse response between the speech source 

and the microphones. The noise is assumed to be diffused. Whenever, a significant change in the 

location of the speech source is detected, the demixing matrix is updated only at that frame, but 

uses the knowledge of the past frames as well to get a better estimate of the demixing matrix. The 

updated demixing matrix is used till the next significant change in the source location occurs, 

which is the criterion to be satisfied. This criterion saves lot of computations required to obtain the 

demixing matrix.  

Over the past few decades, there are many signal processing algorithms that are developed to 

estimate the DOA in noisy and reverberant conditions [64, 65]. Most of the algorithms face one or 

more problems such as, high computational cost, unrealistic assumptions and lack of robustness in 
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the real-world noisy environments. Among the broad categories of DOA estimation techniques, 

algorithms based on time delay of arrival (TDOA) using the generalized cross correlation (GCC) 

methods [66] are known to be computationally efficient. However, these methods are more 

susceptible to different kinds of environmental noises and yields erroneous estimate of DOA. Also, 

these methods alone are not stable when operated over shorter frames. The DOA estimate keeps 

changing more frequently, making them unsuitable to track the source location changes in order 

to reduce the computations in IVA. 

In this Chapter, a new Neural Network based approach is proposed to estimate the DOA of speech 

source in noisy environment. A non-linearly transformed GCC is used to get the estimate of the 

DOA. In the traditional GCC approach, the lag with maximum correlation gives the delay in 

samples, which is then used to calculate the DOA estimate. This approach is ineffective in the 

presence of noise as the peaks will be incorrectly picked. The lag with maximum peak can most 

probably be due to noise. This is the reason, GCC is highly ineffective in the presence of noise 

[67]. The non-linear transformation of GCC coefficients is performed using a single hidden layer 

Neural Network. The proposed DOA estimation is a computationally efficient approach, which 

makes it viable to use in real-time implementation on the smartphone. The high accuracy of the 

proposed method in comparison to GCC makes it very useful to use in IVA to reduce its 

computational complexity. 

6.2 Proposed Neural Network based DOA Estimation 

The proposed method is developed to estimate the DOA of a speech source in a two-microphone 

array scenario. TDOA is nonlinearly related to the estimate of DOA. In the conventional GCC 

approach, the TDOA is estimated between the microphone pair by picking the lag with maximum 
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correlation using the GCC pair. If the lag number is picked correctly, TDOA can be estimated 

accurately resulting in the accurate estimate of DOA. However, TDOA is unreliable when 

operating at lower SNR levels and in reverberant conditions. Therefore, using TDOA alone as a 

feature to estimate DOA will be incorrect. On the other hand, GCC vectors contain required 

patterns to estimate the DOA. Hence, GCC vector is chosen as the feature representation to train 

the Feedforward Neural Network model. As an example, let us assume that the microphone pair is 

separated by a distance of 13 cm, which is usually the separation in most of the smartphones. The 

maximum possible delay between the 2 microphones is 𝜏 =
0.13

343
= 0.38 𝑚𝑠. The speed of sound 

is assumed to be 343 m/s. If we assume the sampling rate to be 16 kHz, the maximum delay in 

samples is 16000𝜏 ≈ 6. Hence, for the microphone pair on the smartphone, only the 6 correlation 

coefficients on the left and the right to the center (lag 0) contains useful information for DOA 

estimation. Hence, the feature vector contains 13 cross correlation coefficients from lag -6 to +6. 

 

Figure 6.1. Block diagram of the Neural Network based DOA Estimation 
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These cross-correlation coefficients are computed for a frame length of 100 ms. For every 100 ms, 

we get a 1x13 feature vector, which contains normalized magnitude of the cross-correlation vector. 

So, the 1x13 cross-correlation vector will have values between 0 and +1. Therefore, the DOA 

estimation of every incoming frame of 100 ms is considered to be independent of the past or the 

future data.  

Figure 6.1 shows the block diagram of the proposed Neural Network based DOA estimation. The 

Neural Network classifier is trained using the synthetically prepared audio database whose class 

labels are known. We obtain 3 different Neural Network models for 3 different noise types: 

Machinery, Babble and Traffic noises. Based on the information from the noise classifier, the 

corresponding Neural Network model is chosen to estimate the DOA during the testing phase. A 

detailed description of the training and testing database is given in the later section. 

6.3 Formulation of Neural Network based DOA estimation 

Let 𝒙1(𝑛) and 𝒙2(𝑛) be the input vectors of frame length 𝐿 from the 2 microphones at time index 

𝑛. Let 𝒓(𝑛) = [|𝑟𝒙𝟏𝒙𝟐
(−𝑚)|,… . , |𝑟𝒙𝟏𝒙𝟐

(0)|,… . , |𝑟𝒙𝟏𝒙𝟐
(𝑚)|] be a vector of absolute values 

of the cross-correlation coefficients between the input frames from the two microphones at time 

index 𝑛. We drop 𝑛 for brevity. The input feature vector consisting of the normalized cross-

correlation coefficients  of 𝒓 at the valid lags –𝑚 to 𝑚 is given by, 

𝑼 =
[|𝑟𝒙𝟏𝒙𝟐

(−𝑚)|,… . , |𝑟𝒙𝟏𝒙𝟐
(0)|,… . , |𝑟𝒙𝟏𝒙𝟐

(𝑚)|]

max(𝒓)
                                 (6.1) 

 In the case of 16 kHz sampling rate and 13 cm separation between the microphones, the value of 

𝑚 is 6.  
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In this work, the Feedforward Neural Network is considered to have only one hidden layer with 8 

nodes, which is empirically decided. We consider “Rectified Linear Unit (ReLU)” as the activation 

function at the nodes of the hidden layer. Let 𝒁𝟏 denote the output of the hidden layer, which is 

given by, 

𝒁1 = max (0,𝑾1𝑼)                                                        (6.2)   

𝑾1 is the linear transformation weights from the input layer to the hidden layer. Max function is 

used to introduce non-linearity in the hidden layer. This helps in learning non-linear relationship 

between the input and the output. Let 𝒁2 = 𝑾2𝒁1 be the linear transformation of 𝒁1 to the output. 

𝑾2 is the weights of the connections from the hidden layer to the output nodes. The weight vectors 

𝑾1 and 𝑾2 is obtained using the first-order gradient-based optimization of stochastic objective 

function, which is called as ‘Adam’ [68]. 

The output layer of the Neural Network consists of the output classes, which are the angles of the 

DOA. In our work, 7 different angles between 00 and 1800are considered with a separation of 

300. The reason for choosing only these 7 angles will be explained in the later section. Softmax 

function is used at the output nodes to give the probabilities of each class, which is given by, 

𝑝(𝜃𝑛 = 𝑐|𝑼(𝑛)) =
exp (𝒁2(𝑛))

∑ exp(𝒁2(𝑛))𝐶
𝑘=1

 , 𝑐 ∈ (0, 𝐶 − 1)                          (6.3) 

Each of the output class 𝑐 will have a probability associated to it and the one with the highest 

probability will be the most probable class. 

6.4 Dataset for training and testing of the Neural Network  

The database for training and testing the Neural Network was synthetically generated using the 

ISM approach [32]. 100 clean speech files were chosen from the TIMIT and HINT database. For 
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each clean speech file of 3 secs, a concatenated version of 21 seconds was generated in which for 

every 3 secs of the clean speech, the speech source was placed at the following 7 angles with 

respect to the two-microphone array: [00, 300, 600, 900, 1200, 1500, 1800].  3 different noise types 

were used: Machinery, Babble and Traffic noises. Both clean speech and noise files were sampled 

at 16 kHz. The noise was added to the clean speech at SNR levels of -5 dB, 0 dB, 5 dB and 10 dB. 

30 hrs of data was generated in total. The room size was set to be 7x5 m2. The distance from the 

source to the microphone pair is 3m. Reverberation with RT60 of 200 ms was introduced. A larger 

dataset can be created to accommodate different room sizes and reverberant conditions. Variety in 

the dataset to train the Neural Network model helps to fit the model to wider range of test dataset. 

The dataset for training and testing is created such that there is no non-speech activity for more 

than 100 ms. This is based on the assumption that there is a reliable VAD and DOA estimation is 

performed only during speech activity. 

6.5 Experimental Results of DOA estimation 

The database is divided into 2 parts: 80% of the randomly selected data is used for training the 

Neural Network model and the remaining 20% is used for testing the accuracy of the model. The 

proposed method is compared with the traditional GCC based DOA estimation approach. Since 

we are dealing with a multi-class classification problem, the accuracy of the classifier is evaluated 

using a confusion matrix for different types of noises at different SNR conditions. We also cross 

validate the proposed method using K-Fold cross validation approach to check for robustness of 

the method with change in data. In the case of K-Fold cross validation, each unit in the database 

goes through both training and testing phase at least once. 
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The confusion matrix in the Figure 6.2 (a), (b) shows the overall classification performance of the 

proposed method and the GCC respectively for machinery type of noise. The 10-Fold Cross 

Validation accuracy of proposed method is 86.2% with a Standard Deviation of 0.93%. The 

accuracy of GCC is around 44.1%. The confusion matrix for Babble noise is shown in Figure 6.3 

(a), (b) for both the proposed method and the GCC. The 10-Fold cross validation of the proposed 

method is 79.32% with a standard deviation of 0.86%. The accuracy of GCC is 40.32%. Similarly, 

the confusion matrix for Traffic noise is  shown in Figure 6.4 (a), (b). The 10-fold cross validation 

accuracy is 80.43% with a standard deviation of 1.12%. The accuracy of GCC is 43.21%. The 

higher accuracy shows that the model doesn’t underfit and the lower standard deviation indicates 

 
(a) 

 
(b) 

 

Figure 6.2. Confusion matrix for the (a) Proposed method, and (b) GCC for Machinery noise 
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that the model doesn’t overfit only for the training data. The lower standard deviation in the results 

also shows that the performance of the proposed method is robust to changes in the environmental 

conditions. It can be observed from the confusion matrix that the accuracy in classifying 900 is 

higher as the peak at lag 0 is well distinguished. Even GCC alone performs well in classifying 

900.The proposed method is also evaluated for individual SNR levels and individual noise types. 

The results are shown in Table 6.1 below. The results improve with increase in SNR, as expected. 

Another experiment was conducted by training the Neural network model for the audio database 

comprising of all the noise types and SNR levels. In this case, there will no need of the noise 

 
(a) 

 
(b) 

 

Figure 6.3. Confusion matrix for the (a) Proposed method, and (b) GCC for Babble noise 
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classifier. The results are shown in Figure 6.5. The 10-Fold cross validation accuracy is 79.88% 

and Standard deviation is 1.02%. Hence, we can conclude that, with little compromise in the 

accuracy, the combined trained model yields results with acceptable accuracy without the need of 

noise classifier. 

The proposed method is computationally efficient. The cross correlation is computed only for 13 

lags (-6 to 6) for every 100 ms frame sampled at 16 kHz, which is computationally very fast. The 

total number of weights in the Neural Network is 160 (13 input nodes x 8 hidden nodes + 8 hidden. 

 
(a) 

 
(b) 

 

Figure 6.4. Confusion matrix for the (a) Proposed method, and (b) GCC for Traffic noise 
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Nodes x 7 output nodes). The activation function involves finding the maximum value and the 

Softmax function at the output involves fixed number of computations. Hence, the processing time 

for data going into the Neural Network is also computationally very fast. 

Table 6.1 Comparison of the Classification Accuracy  

Noise Type SNR Proposed Method GCC 

 

 

Machinery 

-5 dB 78.77 % 37.97 % 

0 dB 84.4 % 40.23 % 

5 dB 89.12 % 44.85 % 

10 dB 93.28 % 52.5 % 

 

 

Babble 

-5 dB 76.45 % 35.84 % 

0 dB 81.47 % 39.58 % 

5 dB 87.87 % 42.74 % 

10 dB 91.21 % 49.27 % 

 

 

Traffic 

-5 dB 80.24 % 40.35 % 

0 dB 86.83 % 46.82% 

5 dB 89.94% 50.27% 

10 dB 93.53 % 54.92 % 

 

 

 



 

75 

6.6 Formulation of IVA 

6.6.1 Frequency domain BSS model 

The mixing process in the real-world acoustic environment includes delays, attenuations and 

reverberations, i.e., signals are convolutively mixed. For instance, if there are P sources and Q 

sensors, the signal captured by sensor q is given by (6.4), 

                                                                𝑥𝑞(𝑛) = ∑ 𝑎𝑞𝑝(𝑛)

𝑃

𝑝=1

∗ 𝑠𝑝(𝑛)                                                   (6.4) 

where (Q>=P), (*) is the convolution. 𝑎𝑞𝑝(𝑛) is the finite duration impulse response mixing filter 

from source p to sensor q. On applying STFT (with STFT frame length sufficiently longer than 

the mixing filter length), the time domain expression in (6.4) can be converted to multiplication in 

the frequency domain given by, 

                                                       𝑥𝑞
[𝑓] (𝑚) = ∑ 𝑎𝑞𝑝

[𝑓] 𝑠𝑝
[𝑓](𝑚)

𝑃

𝑝=1

                                                    (6.5) 

                                                               𝒙[𝑓](𝑚) = 𝑨[𝑓]𝒔[𝑓](𝑚)                                                             (6.6) 

where  𝑠𝑝
[𝑓](𝑚), 𝑥𝑞

[𝑓] (𝑚) and 𝑎𝑞𝑝
[𝑓] are frequency domain versions of 𝑠𝑝(𝑛), 𝑥𝑞(𝑛) and 𝑎𝑞𝑝(𝑛) 

respectively at frame index 𝑚. 𝒙[𝑓](𝑚) = [𝑥1
[𝑓] (𝑚),…… . . , 𝑥𝑄

[𝑓] (𝑚)], 𝒔[𝑓](𝑚) =

[𝑠1
[𝑓](𝑚),……… . , 𝑠𝑃

[𝑓](𝑚)] and 𝑨[𝑓] is the mixing matrix for frequency bin f, with 𝑎𝑞𝑝
[𝑓] as its 

entries for each frame m. 

The goal of IVA is to find a demixing matrix 𝑾[𝒇] at each frequency bin f such that, 

                                                             𝒚[𝑓](𝑚) = 𝑾[𝑓]𝒙[𝑓](𝑚)                                                             (6.7) 

where  𝒚[𝑓](𝑚) is the close estimate of 𝒔[𝑓](𝑚).  
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In (6.7), the problem can be viewed as estimating the demixing matrix using ICA at each frequency 

bin. When using algorithms like ICA, permutation problem should be carefully addressed, 

otherwise, the separation of the sources fails. IVA on the other hand makes use of inter-frequency 

bin information to solve the permutation problem. The only difference between ICA and IVA is 

that, signals are considered as vectors instead of scalars, and they will be optimized as multivariate 

variables instead of univariate scalars. 

6.6.2 Objective function 

In most of the ICA based algorithms, mutual information is used as an objective function. Mutual 

Information can be calculated using Kullback-Leibler (KL) divergence given by, 

                           𝐼(𝒚) = 𝐾𝐿(𝑝𝒚||∏𝑝𝒚𝑝
) 

𝑝

= ∫𝑝𝒚(𝑧)log
𝑝𝒚(𝑧)

∏ 𝑝𝒚𝑝
(𝑧𝑝)𝑝

𝑑𝑧                                    (6.8) 

where  𝑝𝒚 denotes the probability density function (PDF) of a random vector 𝒚. 𝑝𝒚𝑝
 is the 𝑝𝑡ℎ 

marginal PDF of 𝒚 and 𝑧 is a dummy variable for the integral. The difference in the objective 

function of IVA is that, each 𝒚𝑝  is a vector rather than a scalar. The objective function of IVA is 

given by, 

𝐽𝐼𝑉𝐴 = 𝐾𝐿(𝑝𝒚||∏𝑝𝒚𝑝
)

𝑝

 

= ∑ H(𝒚𝑝) − H(𝒚1; ……… ; 𝒚𝑃)

𝑃

𝑝=1

 

= ∑ H(𝒚𝑝) − H(𝒚[𝟏]; ……… ; 𝒚[𝑭])

𝑃

𝑝=1
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                                             = ∑ H(𝒚𝑝) − H(𝑾[𝟏]𝒙[𝟏]; ……… ;𝑾[𝑭]𝒙[𝑭])

𝑃

𝑝=1

                                    (6.9) 

                                                               = ∑ H(𝒚𝑝) − H(𝑾𝒙)

𝑃

𝑝=1

                                                         (6.10) 

                                                   = ∑ H(𝒚𝑝) − ∑ log

𝐹

𝑓=1

𝑃

𝑝=1

|det(𝑾[𝒇])| − 𝐶                                        (6.11) 

In (6.11), H(𝑾𝒙) = log |det (𝑾)| + H(𝒙) holds for a linear invertible transformation 𝑾, and the 

determinant of the block diagonal matrix  det(𝑾) = ∏ det (𝐹
𝑓=1 𝑾[𝑓]).  The term 𝐶 = H(𝒙) is a 

constant because the observed signals will not change in the optimization procedure [61]. 

Assuming that the observed signals are zero mean and whitened in each frequency bin, the term 

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

[𝑓]) − 𝐼(𝒚𝑝)𝑭
𝒇=𝟏 ,  the 

objective function in (6.8) becomes, 

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

𝐹

𝑓=1

𝑃

𝑝=1
                                       (6.12) 

Minimization of (6.12) balances the minimization of  H(𝑦𝑝
[𝑓]) and maximization of 𝐼(𝒚𝑝)  term. 

In the basic ICA theory, independency is measured using non-Gaussianity, and minimizing 

H(𝑦𝑝
[𝑓]) is equivalent to maximizing non-Gaussianity which is responsible for separating data in 

each frequency bin. On the other hand, maximizing 𝐼(𝒚𝑝) will increase the dependency of 

variables in  𝒚𝑝, which inherently solves the permutation problem. 
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6.6.3 Optimization of the objective function 

The objective function in (6.11) can be minimized by considering the estimate of the entropy 

functions of the source vectors. The actual PDF of each 𝒚𝑝 is not available, a prior target PDF 

�̂�(𝒚𝒑) is often used. Therefore, the objective function becomes, 

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

𝑝

                                                     (6.13) 

Using the natural gradient based approach [67, 69] and differentiating the objective function with 

respect to the demixing matrices, the updating formula is given by, 

                                             𝑾[𝑓] = 𝑾[𝑓] + 𝜂 {𝑰-E [Φ[𝑓](𝒚[𝑓])(𝒚[𝑓])
H
]} 𝑾[𝑓]                              (6.14) 

In (6.14), 𝜂 is the learning rate, and Φ[𝑓](. ) is a multivariate nonlinear function for frequency bin 

𝑓. This nonlinear function is related to the chosen source prior PDF: 

                                                Φ[𝑓](𝒚𝒑) = −
𝜕 log �̂�(𝑦𝑝

[1]
, …… . . , 𝑦𝑝

[𝐹]
)

𝜕𝑦𝑝
[𝑓]

                                           (6.15) 

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

as follows: 

Φ[𝑓](𝒚𝒑) =
𝑦𝑝

[𝑓]

√∑ |𝑦𝑝
[𝑓]

|
2

𝐹
𝑓=1

                                                  (6.16) 

The source pdf is defined as a dependent multivariate super-Gaussian distribution, which can be 

written as 

𝑝(𝒚𝒑) = 𝛼exp (−√(𝒚𝒑 − 𝜇𝑝)
𝑇
𝛴𝑝

−1(𝒚𝒑 − 𝜇𝑝)                         (6.17) 
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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 (6.17). 

6.6.4 Challenges in Real-Time implementation of IVA on smartphone 

Continuing our discussion from the section 6.1 on the real-time implementation, in order to 

implement this method on a smartphone, the algorithmic delay should be less than the frame size 

of the incoming audio frames. However, due to the iterative nature of computing the demixing 

matrix, the algorithmic delay is random. When the algorithmic delay exceeds the frame size, 

various problems occur when operated in Real-Time conditions, such as lip synchronization and 

delayed feedback, as it was discussed previously. Computing the demixing matrix per frame is 

highly redundant, as the environmental conditions do not change significantly in such short 

intervals.   

6.7 Proposed Solution for Real-Time Implementation of IVA 

Figure 6.5 shows the flowchart of the proposed Real-Time implementation framework of 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. 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 section 6.2. The convolutedly mixed noisy 

speech from the two microphones 𝑥1(𝑛) and 𝑥2(𝑛) are processed to estimate the DOA using the 

proposed Neural Network approach only at the speech portions. A reliable VAD [69] is used to 

identify the voice only parts. Once the DOA is estimated, the algorithm checks for a criterion to 

be satisfied, which increases the accuracy of detecting the significant change in the source 
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incidence angle. 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 demixing 

matrix is used to separate the sources. 𝑦1(𝑛) and 𝑦2(𝑛) are the separated sources. This approach 

saves lot of computations. 

In the proposed DOA estimation approach from section 6.2, there were only 7 classes used at the 

output layer of the Neural Network. The reason for choosing only 7 angles is, the performance of 

the demixing matrix in separating the sources degrades significantly for 300 or more change in the 

source angle of incidence. Anything less than around 300 yields insignificant changes in the source 

 

Figure 6.5. Proposed flowchart to reduce the computational complexity of the real-time IVA  
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separation performance. Therefore, the demixing matrix is updated only if a change of 300 or more 

is detected. 

The proposed criterion is designed to decrease the probability of false detection in the changes of 

the source location. For instance, if the frame length of 100 ms is used to estimate the DOA, one-

way to detect changes is to track every frame and update the demixing matrix whenever there is 

change in the angle in subsequent frames. This approach is prone to more erroneous detection, as 

the DOA estimate will not be 100% accurate in consequent frames and results in detecting too 

many changes, thereby increasing the overall computations of IVA. The proposed criterion is to 

track the persistence of the DOA estimate before and after the change is detected. Figure 6.6 

pictorially explains the way the detection criterion works. For example, let 𝑛 represent the current 

 
(a) 

 
(b) 

Figure 6.6. Proposed criterion (a) hard thresholding, (b) soft thresholding to detect changes in 

source location 

 

 

 



 

82 

frame. If the frames between index (𝑛 − 5) to (𝑛 − 1) have a DOA estimate of 𝜃2, and the frames 

in between the indices (𝑛 − 10) to (𝑛 − 6) have a different DOA estimate say 𝜃1, then we say that 

the criterion is satisfied. This approach is hard thresholding and it requires the DOA estimate to be 

less erroneous. Else, this approach will skip detecting changes, as there will be few incorrect DOA 

estimations. Another approach is to have soft thresholding where 1 or 2 erroneous DOA estimates 

are tolerated. The soft thresholding yields results with more accuracy in detecting the changes in 

source location. Once the criterion is satisfied, the demixing matrix is updated at frame  𝑛. 

6.8 Experimental Results 

6.8.1 Objective results 

The data for evaluating the proposed method using objective measures is prepared using the ISM 

toolbox [32].The clean speech was used from the TIMIT database. The clean speech source was 

placed at different incidence angles to the microphone pair. The angles considered for the speech 

source direction were [00, 450, 900, 1350 and 1800].  The noise is assumed to be diffused. The 

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

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

Signal to Artifact Ratio (SAR) [70] are used. PESQ is also used to measure the quality of the 

speech as it has high correlation with the subjective measures. Figure 6.7 shows the performance 

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

levels of -5 dB, 0 dB and 5 dB. All the noisy speech files were sampled at 16 kHz. A frame size 

of 64 ms is used for processing with 50% overlap. The distance between the two microphones is 

13 cm. The distance between the speech source and the microphones is 2 m. The results are an 



 

83 

average for speech coming from the above-mentioned angles. The proposed method is compared 

with Noisy speech, BSS using the traditional IVA and single microphone LogMMSE is included 

in only PESQ measures to give a perspective about the advantages of using 2 mics. The BSS using 

 
                                     (a)                                                                        (b) 

 
                                     (c)                                                                       (d) 

Figure 6.7. Performance evaluation for speech mixed with Babble Noise using (a) PESQ, (b) 

SDR (c) SAR and (d) SIR 
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the proposed setup outperforms Noisy and LogMMSE in terms of all measures. 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, which will be discussed in the next subsection. The results 

 
                                     (a)                                                                        (b) 

 
                                     (c)                                                                       (d) 

Figure 6.8. Performance evaluation for speech mixed with Machinery Noise using (a) 

PESQ, (b) SDR (c) SAR and (d) SIR 
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follow similar trends for both Machinery and Traffic noise types as shown in Figures 6.8 and 6.9. 

IVA implemented using the proposed method gives speech of high quality and intelligibility. 

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

comparison to the traditional IVA approach.     

 
                                     (a)                                                                        (b) 

 
                                     (c)                                                                       (d) 

Figure 6.9. Performance evaluation for speech mixed with Traffic Noise using (a) PESQ, (b) 

SDR (c) SAR and (d) SIR 
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6.8.2   Computational Complexity of the proposed IVA 

The computational complexity of the proposed method can be analyzed by checking the number 

of times the demixing matrix is updated for a fixed length of noisy speech. For instance, let us 

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

changes every 3 secs. Therefore, according to the proposed criterion in Figure 6.6, the changes in 

the source direction will be detected 4 times. Even if a larger frames of length (say 100 ms) is 

processed without any overlap, a total of 150 frames should be processed. The traditional online-

based IVA computes demixing matrix 150 times. On the other hand, the proposed method updates 

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

proposed method is 37 times computationally efficient than the traditional approach. The 

computational time of the proposed method depends on the number of times the change in the 

source location is detected. 

6.9 Summary 

In this Chapter, a Neural Network based DOA estimation algorithm was developed and analyzed. 

The performance of this method is superior in comparison to GCC for 2-microphone case. The 

developed DOA method is used to decrease the computational complexity of the online IVA. A 

criterion is proposed to increase the accuracy of correctly detecting the change in the location of 

the source. With a little compromise in the accuracy of the results, the computational complexity 

of the proposed method can be greatly reduced.  
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CHAPTER 7 

CONCLUSION 

In this dissertation, single and dual microphone Speech Enhancement and Blind Speech Separation 

techniques are developed that are designed to run on a smartphone that works as an assistive device 

to Hearing Aids. In Chapter 3, a single microphone SE was proposed by introducing a parameter 

in the optimization based on JMAP. This method was implemented on a smartphone. The 

introduced parameter can be controlled in real-time by the smartphone user to control the amount 

of noise suppression required based on their perceptual preference. This also helps to strike a 

balance between noise suppression and speech distortion. The objective and subjective results 

show significant improvements over traditional methods.  

In Chapter 4, a super-Gaussian extension of the cJMAP SE is proposed. In this approach, there are 

3 parameters provided on the smartphone GUI that can be controlled by user in real-time, which 

dictates the perceived speech quality. The objective and subjective results show great 

improvements and proves the usability of the developed app in real-world noisy conditions.  

In Chapter 5, the two microphone distortionless (MVDR) beamformer was used as an SNR booster 

to the cJMAP SE algorithm, as cJMAP performs exponentially well with the SNR gain. This setup 

is computationally efficient for real-time implementation on the smartphone. When the 

microphone array and the speech source take the end-fire setup, the results show great 

improvements over algorithms that use only single microphone. The drawback of this approach is, 

it works well only in the end-fire case.  

In Chapter 6, a computationally efficient DOA dependent BSS framework is introduced and 

analyzed for convolutive mixtures. A new stable and robust Neural Network based DOA 
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estimation of the speech source is proposed. A DOA based criterion is proposed to reduce the 

overall computational complexity of the BSS. The experimental results showcase superior 

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