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Speech Source Localization (SSL) (or Direction of Arrival estimation) is a powerful pre-

processing tool that helps identify the direction of the talker of interest in a noisy environment 

using multiple fixed microphones (known as a Microphone Array). This information is very 

helpful to the speech-processing pipeline and can be utilized to improve the performance of the 

overall system. With recent advancements, smartphones now possess the requisite hardware and 

computational power to perform real-time SSL for different applications. In this work, we propose 

application-specific SSL algorithms for three types of microphone arrays and show their 

effectiveness for smartphone implementation under realistic background noise conditions. We 

evaluate our proposed approaches in several realistic noisy conditions and present object 

evaluations to demonstrate the effectiveness of the proposed methods. We also propose the real-

time implementation of some of our methods on the latest smartphones and smartphone-assisted 

devices. 
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CHAPTER 1 

INTRODUCTION 

1.1 Motivation 

Far-field automatic speech recognition (ASR) [1, 2] is a growing area in research and consumer 

applications. With the introduction of voice-controlled devices for home-automation and personal 

assistant devices, far-field speech processing is a fast improving area. Speech commands are 

perhaps the most natural form of interactions among humans. To be able to communicate naturally 

and reliably with machines using only speech-input is a major break-through in recent years. In 

the simplest form, the goal of far-field speech recognition is to be able to recognize words spoken 

by a talker-of-interest reliably in the presence of background interferences. As opposed to far-field 

assumptions, close-talker assumptions restrict the talker to be close to the microphones of the 

device during interaction. However, in many situations it is not practically possible or convenient 

to be close to the device. Hence, exploring far-field voice capture solutions using efficient speech 

pre-processing algorithms is an interesting area of research that receives widespread attention.  

There have been significant efforts over past decades to bridge this gap between human-computer 

voice interactions by focusing on robust far-field ASR using an arsenal of speech pre-processing 

algorithms. These pre-processing algorithms are responsible for converting the raw ‘dirty’ audio 

data collected from the devices into a ‘cleaner’ and more meaningful form for the ASR system. 

One such meaningful information is the knowledge of the spatial location and direction of the 

talker-of-interest with respect to the device. Location data (i.e., distance or angle) can be used as 

a guide for discerning individual speakers in a multi-source scenario [3]. Under far-field 

assumption, the direction of the talker alone is enough to tailor the entire speech-processing 

pipeline to take benefit of the spatial information. This is known as speech source localization 

(SSL) via Direction of Arrival (DOA) estimation. Most speech processing algorithms take 

advantage of only the spectral-temporal (frequency-time) information of the talkers’ speech to 

suppress the background interferences to enhance the speech signal from talker-of-interest. 



 

2 

Augmenting this knowledge with the spatial information of the talker has proven to be very 

effective in improving the speech understanding for ASR [1, 2].  

A practical SSL system [3, 4] (i.e. a microphone array and its SSL algorithm, combined) must be 

robust and resilient to background interferences, noise and reverberations. It must be able to 

localize speech utterances from talker-of-interest and ignore speech-shaped noise disturbances. It 

must be able to detect and localize talkers under varying noise conditions and spatial noise 

distributions. It must estimate source directions with limited number of microphones with 

reasonable accuracy and repeatability. Finally, for robust operation, it must be able to operate in a 

frame-based real-time operation and be able to update the estimated speech source directions in a 

fast and efficient manner. In this work, we aim to propose several noise-robust SSL systems for 

localizing and tracking talker-of-interest in a far-field scenario using a limited number of 

microphones and within a frame-based real-time operation capability. 

1.2 Speech Source Localization (SSL) and Tracking 

As described in the previous section, SSL is a powerful speech pre-processing tool that can be 

used for improving the SNR, for de-reverberation, suppression of background noise, and 

enhancement of speech with high perceptual quality [1, 3-5]. The knowledge of the location of the 

speech source can help to cater specific signal processing algorithms for specific applications, such 

as adaptive beamforming and 3-dimensional audio capture and rendering. The performance of SSL 

algorithms depends on many factors such as the SNR, type of background noise, type and geometry 

of the microphone array, and number of microphones. In several noisy environments, such as in 

group conversations, sitting around a table in restaurants, business meetings, and in lecture halls, 

sound often is assumed to originate from only one dominant point source or speaker. Under this 

assumption, SSL algorithms can be greatly simplified, thus facilitating faster DOA estimation over 

smaller periods of data. Hence, in this work, we focus our attention only on finding the DOA of a 

single source (called the principal source) using short frames of current data (typically 20-200ms). 

This way we can track the speech direction with reasonable accuracy (‘source tracking’). 
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1.2.1 Direction of Arrival (DOA) Estimation using Microphone Arrays 

Humans can perceive and locate sound locations in three dimensions through their ears by 

exploiting multiple cues such as inter-aural time differences (ITD), inter-aural level differences 

(ILD) and head related transfer functions (HRTF), among others [4,5]. While these spatial cues 

are critical for robust SSL by humans, hearing-impaired individuals often find it difficult to 

localize sound sources, especially at higher frequencies [6, 7]. In the context of microphone arrays, 

subtle differences in the input data obtained from each microphone in the microphone array 

provide information about inter-microphone time differences (ITD) and inter-microphone level 

differences(ILD). The DOA estimation algorithms estimate the location (direction and distance) 

of the source signal efficiently by exploiting these cues. As a result, SSL using microphone arrays 

demands greater data handling capability and sophisticated signal processing algorithms.  

The aim of SSL via Direction of Arrival (DOA) estimation is to estimate the direction of the talker-

of-interest using a fixed pre-defined arrangement of microphone array, by exploiting the inter-

microphone spatial differences. Since a single omnidirectional microphone cannot capture the 

spatial information in a far-field scenario, we need to exploit the subtle spatial differences in the 

speech captured using multiple microphones (called ‘microphone array’). Each set of microphone 

array comes with its own set of advantages and limitations. For single channel systems, recent 

research has focused on appropriate modeling of the speech signal, while microphone array 

processing research has emphasized on improving spatial filtering of the speech signal. Hence, it 

is important to tie each microphone array with a particular algorithm and application [5]. 

1.2.2 Applications of DOA Estimation and Tracking 

As mentioned in previous sub-section, SSL and tracking have myriad number of applications in 

consumer electronics application and for hearing-assistive devices. Recent advances in sound 

capture technologies and far-field voice capture for assistive devices have improved the overall 

performance of ASR and automatic speaker recognition systems. Commercial home automation 

products such as [9-11] can detect and decipher commands far away from close-talker locations, 

even in the presence of background noise and reverberations. With the influx of hands-free 
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personal-assistant devices and voice-controlled smart homes devices, the recent advances in far-

field voice capture are only beginning to become popular.  

Fast and reliable SSL also becomes crucial for a person with hearing loss in understanding group 

conversations under noisy conditions. As reported in [6, 7], hearing-impaired people do experience 

certain degree of difficulty in localization that escalates with the increasing hearing loss (and 

aging). This leads to increased difficulty in understanding social conversations and leads to 

awkward social situation. However, it should be noted that for people with hearing loss, improving 

the SNR alone, while preserving the quality and intelligibility of desired speech, might not result 

in ‘spatially natural’ sounding speech. This is because hearing loss also hampers the ability to 

localize or identify the direction of the sound sources for many people. Moreover, the hearing-

impaired groups rate their localization as poorer than the normal hearing group and that the more 

severely impaired group rate their localization as poorer than the less severe group. A more detailed 

study on related topic is presented in [7]. 

To assist current HAD users in an efficient and cost-effective manner, it was proposed in [12-14] 

to use the available hardware (microphone array, processor and battery) on modern smartphones 

to implement the signal processing algorithms. Smartphones are widely available and used by 

many people including those with hearing problems. Thus, using a smartphone poses practically 

no additional cost to the HAD user. More details about the project is available on [14].  

 

1.2.3. Noise-Robustness and Noise-stability of DOA Estimation Algorithms 

Most SSL algorithms perform sub-optimally under low signal to noise ratios (SNRs) [3-5]. Under 

low SNRs, the DOA estimation is highly affected by random amplitude and phase difference 

between the microphones’ signals [15, 16]. This leads to inaccurate estimation of the time delay 

between the signals and hence, the DOA estimation is less accurate. Only under the strict 

assumption that the noise signals received at the microphones are uncorrelated, we can say that the 

time delay between the noisy signals would be a constant, and hence, can be easily estimated using 

the approaches presented in [15]. 
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Another most commonly encountered corner case by these TDOA estimation algorithms (and 

other DOA estimation algorithms, in general) is in presence of a high-energy non-diffuse noise 

sources (such as a vacuum cleaner) present in the room. The DOA estimation algorithm incorrectly 

estimates the direction of the noise source, instead of the speech source due to the absence of a 

speech/non-speech discriminator. Consequently, these problems pose challenge for reliable DOA 

estimation using smaller number of microphones and affect the performance of the entire speech-

processing pipeline.  

Therefore, to tackle the first problem, [5, 15, and 16] use pre-filtering approaches for TDOA 

estimation to tackle the first problem. Such pre-filters improve the SNR of the input noisy signal 

by appropriately suppressing the noise in the noisy spectra of the input signals. To tackle the 

second problem of high-energy non-diffuse noise sources, we propose the use of a spatial post-

filter to discriminate between speech and non-speech segments. The post-filter employs a voice 

activity detector (VAD) [17] in combination with DOA estimation. In the presence of non-diffuse 

and non-stationary background noise, the post-filter greatly improves the noise stability and 

reduces false-positives.  

1.3 Outline of Dissertation 

The organization of the dissertation is as follows: Chapter 2 provides a detailed literature review 

on speech source localization and tracking using microphone arrays. It also presents a general 

overview followed by an application-specific review of SSL methods. We also review the 

shortcomings and limitations of existing approaches. Chapter 3 lays down the research objective 

and general assumptions made in this thesis. Microphone array and performance metrics used in 

this work are also introduced in this chapter. Chapter 4 presents the idea of two microphone based 

SSL on smartphones. A detailed explanation of the existing approaches is revisited and compared. 

We present our proposed approach with some details on experimental results and hardware 

implementation. Chapter 5 introduces the non-uniform non-linear microphone array based SSL 

algorithms. A detailed explanation of the existing approaches is revisited and compared. We 

present our proposed approach and support their effectiveness by details on experimental results. 
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Chapter 6 presents the proposed circular microphone array based SSL algorithm. This is the last 

of the SSL algorithms which integrates all the techniques and tools discussed before, namely: pre-

filtering, post-filtering, DOA estimation and beamforming into one structure A detailed 

explanation of the existing approaches is revisited and compared. Detailed discussion on 

experimental results and hardware implementation are also presented. Chapter 7 draws some final 

conclusions on the proposed work and some useful hints on future work are also provided.  
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CHAPTER 2 

LITERATURE REVIEW 

2.1 General Overview of Speech Source Localization(SSL) algorithms  

Most popular DOA estimation algorithms are broadly classified into time difference of arrival 

(TDOA) based methods [8], [15], [17], steered beam formers[18,19], high-resolution DOA 

estimation[20-22] and sparse representation-based DOA estimation[23]. TDOA based methods 

estimate the inter-microphone time-delay(ITD) information using a pair of microphones and 

convert them into direction information using apriori information about the microphone 

arrangement and other physical parameters, such as speed of sound(𝑐) and sampling rate(𝐹𝑠) in 

medium. They are conceptually simple and computationally efficient with reasonable accuracy 

under high signal to noise ratio(SNR). The most popular one is generalized cross-

correlation(GCC)-based TDOA estimation, combined with several pre-filtering approaches as in 

[15, 16]. Steered-response based DOA estimation compute certain parameters, such as power from 

the incident signals and maximize it using a grid search over a set of candidate directions. One 

very popular method is steered response power(SRP) and its variant SRP with Phase Transform, 

known as SRP-PHAT. These methods can achieve very high accuracy at the cost of increased 

computation over candidate source directions.They also require a large number of microphones to 

achieve such high accuarcies. The next class of DOA estimation methods achieve very high DOA 

estimation resolution using a large number of microphones. These are known as high-reslolution 

DOA estimation methods and the most popular ones are Multiple Signal Classification(MUSIC) 

[20,21], Estimation of signal parameters via rotational invariance technique(ESPRIT) [22]. They 

are computationally very expensive and require a large of microphones to approach high resolution 

for DOA estimation of simultaneous multiple sources. The next class of DOA estimation 

algorithms exploit the sparsity of DOA estimates. Under the assumption that DOA estimates have 

few non-zero values (finite 𝑙0-norm), the DOA estimation signal model can be converted into a 

sparse-signal representation framework. Using an overcomplete basis, 𝑙1-norm minimization 

combined with a regularized penalty on the 𝑙2-norm can help these methods achieve super-

resolution limits. A classical work in this domain is presented in [23]. On the downside, these 



 

8 

methods are prone to inaccuracies due to poor initialization and high compuatation costs. The last 

class of algorithms worth mentioning use the data-driven approaches trained on a large dataset to 

compute the DOA for single/multiple sources. These methods treat the DOA estimation problem 

as a ‘regression’ or ‘classification’ problem and use extensive training data to obtain estimation 

from deep-learning models. Popular ones are [24-26]. The downside is that these methods require 

training and testing data to be hardware-matched for realiable real-time implementation. Although, 

there are many more varieties and variations of DOA estimation techniques, the above mentioned 

classification describes majority of the DOA estimation algorithms relevant to the current work.  

Similarly, there are myriad possible geometries and arrangements of microphone arrays, 

depending on requirements. Most commonly used microphone arrays can be classified broadly 

into the following three categories: 

A. Uniform Linear Arrays (ULA):  

In ULA, the inter-microphone spacing, 𝑑 is uniform and the microphones arrays are arranged in a 

straight line (linear) . The ITDs are equal and constant w.r.t. to the unknown angle 𝜃. Figure 2.1(a) 

shows a three element ULA with uniform spacing distance 𝑑. For such ULAs, the ITD τ is given 

by (1.1): 

τ=𝑑 cos𝜃/𝑐       (1.1) 

Where 𝜃 is the DOA (measured from the end-fire direction) and 𝑐 is the speed of sound in the 

medium. For air, 𝑐 = 330m/sec is a fair assumption. The uniform separation assumption simplifies 

the analytical development of the DOA estimation algorithms to a large extent. A majority of 

algorithms discussed in the previous section are developed under the assumption of uniform linear 

arrays, except a few, which are mentioned next. This microphone array suffers from the ‘front-

back’ ambiguity or the ‘Spatial ambiguity’ problem. The spacing 𝑑 must be small enough to 

prevent the problem of spatial aliasing, as discussed later. 
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B. Non-Uniform Linear Arrays (NULA): 

In NULA, the inter-microphone spacing, 𝑑 is non-uniform, but the microphones are arranged in a 

linear fashion. Figure 2.1(b) shows a three element NULA with spacing 𝑑 and 𝑣 (𝑑 ≠ 𝑣). Such 

arrangement has been rarely seen in literature and commercial products, except in [27]. 

 

C. Non-Uniform Non-Linear Microphone Array (NUNLA): 

For NUNLA, the ITD between the microphones are not the same and the positioning of 

microphones is not linear as in the previous cases. This arrrangement provides more than one 

sampling interval for the incident plane waves. As a result, NUNLA can handle a wider range of 

source frequencies than ULA depending on its orientation with lower spatial aliasing and no/little 

spatial ambiguity problem(as discussed later). Figure. 2.1 (c) shows a three element NUNLA 

arranged in an ‘L’ shaped geometry used in this paper. 

Figure 2.1. Microphone Arrays (a) Uniform Linear Arrays(ULA), (b)Non-uniform Linear 

Arrays(NULA), and (c) Non-uniform Non-linear Arrays(NUNLA). 𝑑 and 𝑣(≠ 𝑑) are the inter-

element spacing. 

 

2.2 Overview of Application-specific Speech Source Localization algorithms 

As mentioned earlier, among the myriad available DOA estimation algorithms available, it is 

imperative to pick and match the most suitable algorithms for a particular application. We look at 

microphone arrays with two and three microphones (as mentioned above) for smartphone 

aplications. We also later look at circular microphone arrays for the task of DOA estimation and 

beamforming. 

𝑑 𝑑 

𝑣 

𝑑 
𝑣 𝑑 

(a) (b) (c) 
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In this work, we first look at the task of DOA estimation for single (dominant) speech source using 

only two microphones available on a smartphone. The most popular TDOA based estimation 

algorithm is Generalized Cross-Correlation (GCC) [15] due to its implementation simplicity and 

satisfactory accuracy under high signal to noise ratio (SNR). Depending on the application and 

number of microphones used, more elaborate and computation-intensive algorithms [18-26] can 

outperform TDOA based methods (in terms of accuracy and noise robustness). However, TDOA 

based methods are still widely adopted primarily due to their elegance and low computation costs.  

Since, most smartphones carry at least two (stereo) microphones; it is a worthwhile attempt to 

improve TDOA based estimation algorithms using only a pair of microphones under realistic noisy 

conditions for real-time implementation. Although several data-driven approaches for two 

microphone TDOA [24-26] exist, this paper attempts to investigate instantaneous DOA estimation 

(i.e. using only the current frame of data) in a computationally efficient real-time manner (without 

the need of large training data sets). 

To improve the noise robustness of DOA estimation (which is a major focus of this work), several 

researchers have proposed frequency-dependent weighting functions (or pre-filters) for GCC [15] 

and analyzed under different scenarios in [16]. These weighting functions modify the cross power 

spectral density functions (CPSD) for each frame of noisy input data. In [15], the phase transform 

(PHAT) is proposed as an ad-hoc method to avoid spreading of the GCC peak. It is possibly the 

most popular pre-filtering technique for high SNR conditions. The Smoothed Coherence 

Transform (SCOT) [28] weighting is a pre-whitening process before GCC. The Eckart weighting 

function [29] maximizes the SNR in the frequency bands with high noise. The Maximum 

Likelihood (ML)/Hannan-Thompson (HT) weighting function [15,30] is the PHAT inversely 

weighted according to the variability of the phase estimates. Recently, in [31] (2016), a pre-

filtering strategy for the GCC-PHAT method was presented that adaptively controls relevant 

parameter (β) depending on environmental variations. Another aspect of improving noise 

robustness of existing DOA estimation systems is to improve the ability to discriminate between 

noise sources from speech sources. A simple voice activity detection scheme can help in this area. 

However, this has received limited attention[5]. We will discuss the details later during this work. 
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The next aspect of this work lies in the analysis of non-uniform non-linear microphone arrays 

(NUNLA), available on smartphones, for estimating the DOA of single speech sources on a 

smartphone as an assistive tool for HADs In the existing literature, uniform linear microphone 

arrays(ULAs) are most often studied, while the non-uniform linear microphone arrays (NULAs) 

and NUNLA have received limited attention. Although the analytical behavior of NUNLA are 

often complex to study (due to the myriad possible geometries possible), they have been reported 

[32-35] to offer significant benefits over ULA and NULA. In [32], the design and implementation 

of the NULA geometry using differential microphone arrays(DMA) has been studied. The NULA 

used in this work is derived from an ULA by adding an arithmetic sequence with a common 

difference σ (=0.1cm) to the inter-element spacing 𝑑 (= 1cm). A minimum-norm filter, obtained 

by maximizing the gain of the beamformer output, is utilized. The authors have shown that the use 

of NULA geometry can significantly improve the robustness of DMAs, particularly at low 

frequencies. A non-linear microphone array based on complementary beamforming for speech 

enhancement is presented in [33,34]. The authors claim that the proposed method improves the 

performance by lowering the word error rates. However, no detailed description of the microphone 

array itself is provided. An L-Shaped microphone array configuration has been presented in [35] 

for impulsive acoustic source localization in a reverberant environment. The localization technique 

relies on a time delay estimation technique based on the orthogonal clustering algorithm (TDE-

OC) which is designed to work under room reverberant conditions and at low sampling rates. 

Another three elements L-shaped geometry was proposed in [36] for sound localization based on 

the time delay of arrival (TDOA) estimates. The location of a sound source is determined from the 

intersection of hyperbolic curves produced from the TDOA estimates.  

Microphone array support for ULA, NULA, and NUNLA as part of a complete audio subsystem 

has also been provided for many PCs, laptops, and other computing devices as well. Microsoft 

published a support document in [27] which outlines different array geometries (uniform and non-

uniform) and compares their performance. The results have been presented for up to four element 

L- shaped microphone arrays, which shows a higher directivity index (DI) of 10.2dB as compared 

to 9.9dB for linear microphone array with the same number of elements. In [37], Widrow provides 

a very detailed overview of the use of a six-element V-shaped microphone array (another example 
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of an NUNLA) using a telecoil to communicate wirelessly with the hearing aid. Although wearing 

such a microphone array as a ‘necklace’ (as suggested in the paper) seems bulky, this paper draws 

three important conclusions about the performance of the NUNLA: (i) It enhances SNR by up to 

10dB relative to omnidirectional background noise; (ii) It reduces the effect of reverberation; and 

(iii) The NUNLA reduces the acoustic feedback between the hearing aid and the microphones (on 

the NUNLA) by up to 15dB.  

The last part of the work proposes the use of circular microphone arrays for unambiguous DOA 

estimation on a 360° azimuth in a noise robust framework for real-time implementation. The above 

mentioned DOA estimation approaches have been mostly extended and applied to circular 

microphone arrays. Among the methods using time difference of arrival (TDOA), [38] uses a cross 

correlation based approach for SSL of speech sources. A circular microphone array consisting of 

24 equally spaced microphones was used, with a radius of 27.5cm. The proposed implementation 

achieves decent performance as reported in [38]. However, since the focus of the work was on 

hardware implementation, rather than improving the DOA estimation and beamforming, the results 

are non-conclusive. Another work on circular microphone arrays where a new DOA estimation 

approach is presented in [39]. Using the circular integrated cross-spectrum (CICS), it is shown that 

the method achieves DOA estimation error lower than 1 degree at high SNRs. This work suggests 

the use of larger number of microphones with the proposed method to achieve better accuracy as 

compared with popular parametric estimation methods such as MUSIC [20, 21] and ESPRIT [22]. 

In [40], an interesting approach based on discrete Teager-Kaiser Energy operator is presented. By 

sampling circular arrays in a round robin fashion, non-linear modulations are purposefully induced 

by means of the doppler effect. In contrast to cross-correlation based localization techniques, the 

proposed method processes only two signals while maintaining a circular symmetric system with 

no preferred look direction. Experiments are reported for up to five simultaneously active speech 

sources. In [41], a multiple sound source localization and counting method is presented, that 

imposes relaxed sparsity constraints on the source signals. Using appropriately selected TF 

components in these ‘single-source’ zones, the proposed method (similar to [39]) jointly estimates 

the number of active sources and their corresponding directions of arrival (DOAs) by applying a 

matching pursuit-based approach to the histogram of DOA estimates. The proposed method was 
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tested using a circular microphone array (Eight microphones; radius =5cm) for Additive White 

Gaussian noise (AWGN). This method shows promising accuracy when compared against W-

disjoint orthogonality (WDO) assumption (meaning that there is only one active speech source in 

a time-frequency (TF) frame), MUSIC [20] and blind source separation based methods [42]. For 

real-time implementation, the method was tested on a 2.4GHz Intel processor and took 55% of 

available processing time, implying higher computation costs for smartphone application.  

2.3 Shortcomings and Limitations of existing approaches 

There are still a few bottlenecks that need to be addressed when designing systems for real-time 

implementation on small portable devices with battery and power constraints. In reality, a very-

high accuracy DOA estimation algorithm might be computationally impractical to implement on 

a smartphone. Alternately, a low-complexity DOA estimation algorithm might have very poor 

performance in real-world noisy environment. Although most general SSL algorithms could be 

employed independent of the microphone array geometry, it is not always advisable.  

Below are some of the current limitations of existing DOA estimation methods : 

i. Sub-optimal performance in presence of spectrally ‘non-white’ and spatially ‘non-diffuse’ 

background noises; 

ii. Sub-optimal performance under low SNRs; 

iii. Require large data lengths for satisfactory operation; 

iv. Very high computational complexity; 

v. Require a large number of microphones in the microphone array; 

vi. Do not consider the effect of spatial aliasing and spatial ambiguity. 

Hence, it is imperative to explore approaches to overcome these challenges and propose an 

integrated system capable of real-time deployment. Of course, if would be infeasible to solve all 

the existing limitiations at once, we would look at realistc boundaries to solve some of these 

problems jointly in the next chapter.  
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CHAPTER 3 

PRELIMINARIES 

3.1 General Overview of Speech Source Localization(SSL) algorithms  

In this chapter, we will discuss the research objective and the focus of this work. As there are 

countless possible combinations of real-world applications, microphone arrays and source 

localization (SSL) algorithms, we will restrict ourselves to few realistic assumptions in this work. 

Each portion on the subsequent chapter is aimed at understanding a particular real-world 

application using practical microphone arrays available on devices using specifically tailored SSL 

algorithms for each case. Then, we present the three different microphone array configurations 

considered in this proposal. Lastly, we introduce the performance metric used to validate our 

proposed methods in this work.  

 

3.2 Research Objective 

As mentioned before, the objective of this research proposal is to explore, propose and implement 

SSL algorithms for a few assorted microphone array configuration under realistic scenarios. In the 

subsequent chapters, we analyze each microphone array configuration and explore SSL algorithm. 

Then, we quickly re-visit the limitations of existing approach and propose possible improvements 

for real-world deployment.  

Below we highlight some of the requirements needed by the a real-time SSL algorithm: 

i. Decent DOA estimation accuracy (for example, approx. 25° at 1m separation); 

ii. Decent source tracking accuracy (for moving sources); 

iii. Robust to background noise characteristics ; 

iv. Robust to changing noise characteristics; 

v. Frame-based operation (20-200ms frames);  

vi. Limited number of microphones; 

vii. Low computational complexity and minimum computational delay; 

viii. Satisfactory DOA estimation accuracy for broadband speech signals; 
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ix. Less affected by spatial aliasing and spatial ambiguity at high frequencies. 

Therefore, we need to customize each microphone array geometry with appropriate algorithms and 

applications. For example, for smartphone applications for hearing aid users using only two on-

board microphones could be feasible. We could introduce certain pre-filtering and post-filtering 

algorithms to improve accuracy and robustness to noise characteistcs. In order to process 

broadband speech signals, narrowband DOA estimation approaches ( similar to [26], [41]) can be 

employed over dominant bands to reduce the overall computational complexity. For circular 

microphone arrays, due to their symmetry, a simple beam scanning approach would be preferable 

in a real-time setup, as shown in this work.  

3.3 General Assumptions  

In order to stay within the scope of realistic environments for this proposal, we need to make some 

assumptions. The assumptions are justified by their effectiveness against real-world practicality 

and usefulness for localizing human talkers in day-to-day situations. We make the following 

assumptions in this work: 

i. Single speech source as a point source with omnidirectional diffusivity; 

ii. Far-field assumpion i.e. Distance to source from microphone array is greater than the 

dimension of the microphone array; 

iii. Single speech source is assumed to be stationary (fixed in position) over each time frame; 

iv. The speech source is at a fixed elevation and in the same plane with the microphone array; 

v. Microphones are assumed to be both phase and amplitude matched and without self-noise; 

vi. Background is assumed to be additive and uncorrelated with speech source signal. 

However, it is not restricted to be white (spectrally flat); 

vii. The change in sound velocity (𝑐) due to change in pressure and temperature are neglected. 

The velocity of sound in air is taken as 330 m/sec. 
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3.4 Microphone Array Descriptions  

In this work, we focus on three types of popular microphone arrays that are commonly encountered 

in day to day scenarios. The first microphone array is a simple linear dual-microphone array, where 

the microphone pair is separated by 12-15cm (Figure 3.1(a)). Such a setup is most common in 

modern smartphones and other portable devices. The second setup is a three-microphone array, 

where the microphones are non-uniformly separated (by 1.2cm and 12cm) and are non-linearly 

arranged (Figure 3.1 (b)). Hence, the name non-uniiform non-linear microphone array (NUNLA). 

Such setup is also available on modern smartphones that support three microphone inputs. The last 

microphone array is inspired by its simplicity and symmetry: the uniform circular microphone 

array (Figure 3.1 (c)). We use an eight-microphone array, where each microphone is uniformly 

separated by 45° and the diameter is about 12cm. Similar microphone arrays are very popular on 

commercial voice-controlled home automation devices such as [10,11].  

 

Figure 3.1. Microphone Arrays considered in this work: (a) Two Microphone array , (b) Non-

uniform Non-linear Arrays(NUNLA) using three microphones 𝑑=12cm and 𝑣 = 1.2cm(≠ 𝑑) are 

the inter-element spacing and (c) Uniform circular microphone array.  

 

 

 

𝑑 

𝑑 𝑣 

𝑑 

(a) (b) (c) 
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3.5 Performance Metrics 

To quantify the performance of the DOA estimation methods, we compute average root mean 

square error (RMSE) and average mean absolute error (MAE) (in degrees) for each test case:  

    MAE = 
1

𝑁𝐹
 ∑ |𝜃𝑖 − 𝜃𝑖|

𝑁𝐹
𝑖=1          (3.1) 

          RMSE = √
1

𝑁𝐹
∑ (𝜃𝑖 − 𝜃𝑖)2𝑁𝐹

𝑖=1                     (3.2) 

where 𝑁𝐹 is the total number of frames per test case. 𝜃𝑖  is the true DOA angle and 𝜃𝑖  is the 

estimated DOA angle for the 𝑖𝑡ℎ frame. We calculate MAE and RMSE values only over speech 

segments and average over several speech files. Lower MAE and RMSE indicate better 

performance.  

To quantify the performance of Voice Activity Detection (VAD), we compute accuracy and miss 

rate (MR) [5]:  

Accuracy (ACC) = 
Σ(𝑇𝑃+𝑇𝑁)

Σ (𝑇𝑃+𝐹𝑃+𝑇𝑁+𝐹𝑁)
         (3.3) 

     Miss Rate (MR) = 
∑ 𝐹𝑁

∑(𝑇𝑁+𝐹𝑁)
         (3.4) 

 

where 𝑇𝑃, 𝐹𝑃, 𝑇𝑁 and 𝐹𝑁 stand for number of True Positive, False Positive, True Negative and 

False Negative, respectively, defined by following table. ‘0’ and ‘1’ indicated ‘absence’ and 

‘presence’ of speech, respectively for VAD decision. Higher ACC and lower MR indicate better 

performance. 

Table 3.1. Decision matrix for binary classifier (VAD) 

Ground Truth VAD Decision Inference 

0 0 True Negative (𝑇𝑁) 

0 1 False Positive (𝐹𝑃) 

1 0 False Negative (𝐹𝑁) 

1 1 True Positive (𝑇𝑃) 
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Ground truth for VAD was determined by a hard amplitude thresholding on clean speech and 

verified by manual labelling prior to experimentation. First, we normalize the entire clean speech 

utterance w.r.t its maximum amplitude. Then, if amplitude (in dB) of current sample is greater than 

the threshold, it is speech (‘1’) otherwise non-speech (‘0’). We tried different values of thresholds 

on clean speech and arrived at -42dB to be a suitable perceptual threshold value for VAD. Ground 

truth for DOA estimation was determined by manual labelling based on the start and end of each 

utterance and the knowledge of talker location prior to experimentation. 

 

3.6 Real-Time Implementation: Implications nd Constraints 

The SSL algorithms mentioned in this work for are aimed towards deployment on mobile device 

hardware such as smartphones or hearing-assistive devices. As such, these algorithms must operate 

on short frames of data. Using short frames of data allows ‘near’ real-time operation capability, 

but requires the target hardware to have very fast computation capability. The frame length (in ms) 

has to be less than the time required to process one particular frame of input (or ‘buffered’) data. 

Thus, real-time implementation requires optimizing each algorithm to be fast and efficient enough 

to input, process and output the frame of data, before the next data frame is buffered. On the other 

hand, shorter frames of data (10-20ms) is necessary for many speech-processing applications to 

satisfy the stationarity of speech signals for desirable operation. Another, important consideration 

is that the reduction in the frame length also leads to degradation of performance, especially in 

case of DOA estimation algorithms. Therefore, for efficient and reliable real-time implementation, 

a compromise has to be made in terms of fast operation as well as reasonable accuracy.  
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CHAPTER 4 

TWO MICROPHONE BASED REAL-TIME SPEECH SOURCE LOCALIZATION AND 

 

TRACKING 

4.1 Motivation 

In this chapter, we look at the task of DOA estimation for single (dominant) speech source using 

only two microphones available on a smartphone. Since, most smartphones carry at least two 

(stereo) microphones; it is a worthwhile attempt to improve TDOA based estimation algorithms 

using only a pair of microphones [15, 16] under realistic noisy conditions for real-time 

implementation. We attempt to improve DOA estimation using only two microphones under 

realistic noisy conditions in a real-time framework (i.e. using short data frames from 40ms to 

200ms in length) for efficient implementation on a smartphone.  

 

4.2 Existing DOA estimation methods 

The most popular DOA estimation algorithms using time-delay of arrival (TDOA) are the 

Generalized Cross-Correlation (GCC) [15] based methods due to implementation simplicity and 

satisfactory accuracy under high SNR. In the existing literature, there are several available DOA 

estimation algorithms (such as [18]-[26]) that can outperform TDOA based methods (in terms of 

accuracy and noise robustness). However, they are not suitable for real-time implementation on 

smartphones due to high computational requirements. Hence, their real-time implementation on 

smartphones as an HAD has rarely been analyzed and presented. Although, several learning-based 

DOA estimation approaches [24], [26] exist, we investigate instantaneous DOA estimation (i.e. 

using only the current frame of data) in a computationally efficient real-time framework (without 

the need of explicitly large training and testing data sets) under realistic conditions.  

Most instantaneous TDOA estimation algorithms using GCC [15] assume strict uncorrelatedness 

between the input noise signals received at the microphones. However, uncorrelatedness does not 

necessarily always hold true, especially for short data lengths. Consequently, at low SNRs in 

realistic noisy conditions, traditional GCC [15] suffers from the occurrence of spurious peaks in 
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the cross-power spectrum of the input signals, leading to less reliable DOA estimation. To reduce 

the effect of background noise, several pre-filtering schemes for GCC [15], [18-26] have been 

proposed and evaluated. Such pre-filters improve the SNR of the input noisy signal by 

appropriately suppressing the noise in the noisy input spectra at each microphone as shown in 

Figure 4.1. These pre-filtered signals are then used for the computation of GCC. In the absence of 

an apriori noise power estimation block to track the noise statistics, there is no subsequent update 

of the noise power in each data frame in most methods. Hence, these pre-filtering approaches 

suffer severe performance degradation when operated on short frames of data [15] due to finite 

data length, and hence are less reliable for instantaneous DOA estimation. Additionally, as shown 

in Figure 4.1, the use of one pre-filter per input microphone signal also increases the overall 

computation cost of DOA estimation algorithm during smartphone implementation. There are 

three major assumptions made in the derivation of weighting functions [15]: (i) Speech signal and 

the noise are uncorrelated; (ii) Noise signals at the microphones are uncorrelated; and (iii) There 

is no reverberation. Additionally, if the speech and noise signals are assumed non-Gaussian, these 

weighting functions are sub-optimal for time delay estimation. In addition, some weighting 

functions [19] modify the phase spectrum according to the coherence of the input signals, which 

leads to further performance degradation.  

Another commonly encountered corner case by TDOA estimation algorithms (and other DOA 

estimation algorithms, in general) is in presence of high-energy localized noise sources. The DOA 

 

Figure 4.1. Traditional GCC based DOA estimation with Pre-filtering method. 𝐻1(𝑓) and 𝐻2(𝑓) 

are the pre-filters. 𝜃 is the estimated DOA. 
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Table 4.1. Summary of Pre-filters used 

 

estimation algorithms are often tricked into incorrectly estimating the direction of the noise source, 

instead of the speech source [5]. The false detection of a noise source as a talker of interest heavily 

deteriorates the performance of the entire speech-processing pipeline. In this work, we try to 

resolve these issues in a computationally efficient manner for real-time smartphone 

implementation.  

 

4.3 Problem Statement   

We consider a two-microphone array, with a single active speech source located in the far field of 

the microphone array. The DOA estimation is based on generalized cross correlation (GCC) and 

employs three steps: (i) TDOA estimation using GCC, (ii) TDOA estimation using Frequency 

weighted GCC, and (iii) Conversion from TDOA to DOA based on knowledge of microphone 

array geometry and other physical constants. The mathematical notations are kept consistent with 

[15] (wherever possible) for better comparison. We present these steps briefly in this section.  

Approach[Reference] 
Weighting function 𝝍𝒈(𝒇) =

𝑯𝟏(𝒇)𝑯𝟐
∗ (𝒇) 

Advantage Disadvantage 

GCC [15] 1 Simplicity No Frequency weighting 

Phase Transform 
(PHAT) [15] 

1

|Γ̂𝑥1𝑥2
(𝑓)|

 
Robust to 

reverberation 
Diverges when Γ̂𝑥1𝑥2

(𝑓) ≈ 0 

Smoothed Coherence 
Transform(SCOT) [28] 

1

√Γ̂𝑥1𝑥1
(𝑓)Γ̂𝑥2𝑥2

(𝑓)

 
Pre-whitening Sub-optimal under non-ideal conditions 

Eckart [29] 

Γ̂𝑠1𝑠2

Γ̂𝑛1𝑛1
Γ̂𝑛2𝑛2

 

≈ |Γ̂𝑥1𝑥2
(𝑓)| ⋅ 

{ [Γ̂𝑥1𝑥1
(𝑓) − |Γ̂𝑥1𝑥2

(𝑓)|]

⋅ [Γ̂𝑥2𝑥2
(𝑓)

− |Γ̂𝑥1𝑥2
(𝑓)|] } 

 

Suppresses 
frequency bands 

of high noise 

Requires estimates of noise and speech 
spectra 

Maximum 
Likelihood(ML) [30] 

|𝛽𝑓|2

|Γ̂𝑥1𝑥2
(𝑓)|[1−|𝛽𝑓|2]

; 

𝛽𝑓 =  
|Γ̂𝑥1𝑥2

(𝑓)|

√Γ̂𝑥1𝑥1
(𝑓)Γ̂𝑥2𝑥2

(𝑓)

 

Robust to ambient 
noise 

Sub-optimal under non-ideal conditions 

PHAT-𝛽 [31] 

1

|Γ̂𝑊
𝑥1𝑥2

(𝑓)|𝛽
 ; 𝛽 = 0.5 

Wiener weighting (𝑊) 

Adaptive to 
background 

environments 

No consistent relationship between β 
and input SNRs 

ML with Reverberation 
(MLR)[32] 

1

𝛾 |Γ̂𝑥1𝑥2
(𝜔)|+(1−𝛾)Γ̂𝑛1𝑛2

(𝜔)
;  

𝛾 = 0.25 

Robust to 
background noise 
and reverberation 

Difficult determine  𝛾 
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A. Time DOA estimation using traditional GCC : 

The original GCC framework [15] is based on single-path plane wave propagation of sound 

waves from a single sound source signal 𝑠(𝑛) and received at two sufficiently separated 

microphones, where the received signals 𝑥1 (𝑛) and 𝑥2(𝑛 ) are delayed and attenuated version of 

original signal 𝑠(𝑛). 𝑠(𝑛), 𝑛1 (𝑛) and 𝑛2 (𝑛) are jointly stationary random processes. Noise at 

each microphone 𝑛1 (𝑛) and 𝑛2 (𝑛) is assumed additive and uncorrelated with 𝑠(𝑛).  

Assuming 

𝑥1(𝑛) = 𝑠(𝑛 + 𝐷) +  𝑛1(𝑛)           (4.1 a) 

𝑥2(𝑛) = 𝛼𝑠(𝑛 + 𝐷 + 𝜂) + 𝑛2(𝑛)         (4.1 b) 

where 𝐷 denotes the acoustic delay between the source location and first microphone. 𝛼 is the 

attenuation factor and 𝜂 is the unknown TDOA which is to be estimated. To determine η and, 

hence the DOA 𝜃  relative to the end-fire direction (0°), we need to estimate the finite-duration 

discrete generalized cross-correlation (GCC) function between 𝑥1(𝑛) and 𝑥2(𝑛) denoted 

𝛾𝑥1𝑥2
(𝑚) given by: 

  𝛾𝑥1𝑥2
(𝑚) = 𝐸[𝑥1(𝑛)𝑥2(𝑛 − 𝑚)]        (4.2) 

where 𝐸 denotes expectation and (∙)̂ denotes the estimated value. 𝑚 is a dummy variable. 

To exploit the computational benefits of Fast Fourier transform, the estimation of 𝜂 is usually 

computed from the Cross power spectral density function Γ𝑥1𝑥2
(𝑓) in the frequency domain. 

Instead of (4.2), 𝛾𝑥1𝑥2
(𝑚) can be computed from Γ̂𝑥1𝑥2

(𝑓)using the Fourier transform relation:  

𝛾𝑥1𝑥2
(𝑚) =  ∫ Γ̂𝑥1𝑥2

(𝑓)
∞

−∞
𝑒𝑗2𝜋𝑓𝑚𝑑𝑓             (4.3) 

        Γ̂𝑥1𝑥2
(𝑓) = 𝑋1(𝑓)𝑋2

∗(𝑓)         (4.4) 

where 𝑋1(𝑓)and 𝑋2(𝑓) are the complex Fourier transform of input data from microphones and ∗ 

denotes complex conjugate. 

The argument η that maximizes (4.3) is the estimated TDOA given by: 

   �̂� = arg max
𝜂

𝛾𝑥1𝑥2
(𝜂)               (4.5) 

Assuming 𝑛1(𝑛)and 𝑛2(𝑛)are uncorrelated (i.e. 𝛾𝑛1𝑛2
(𝑚) = 0), 𝛾𝑥1𝑥2

(𝑚) can be re-written as: 

             𝛾𝑥1𝑥2
(𝑚) = 𝛼𝛾𝑠𝑠(𝑚 − 𝜂) ⊛ 𝛿(𝑚 − 𝜂)       (4.6) 
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Under ideal conditions, the 𝛿(𝑚 − 𝜂) ensures a sharp peak at the correct TDOA estimate i.e. at 

𝑚 = 𝜂. ⊛ denotes convolution operation. 

B. Time DOA estimation using Frequency weighted GCC 

Speech is a wideband signal with most useful information concentrated around the lower 

frequencies (up to 2-3 kHz). When the separation of the microphones is not large enough, the peak 

width of the GCC function depends on the frequency components and is wider for low frequency 

components. This leads to a flatter and smeared peak resulting in lower TDOA estimation 

resolution. As mentioned earlier (Figure 4.1), [15] proposes to pre-filter the signals 𝑋1(𝑓) and 

𝑋2(𝑓) prior to calculation of �̂�𝑥1𝑥2
(𝑓) in (4.4). The role of pre-filters is to emphasize the signal 

frequencies at which the SNR is the highest, such that the pre-filters are expected to be the function 

of signal and noise spectra (which must be known either a-priori or estimated).  

If the general weighting function is denoted by 𝜓𝑔(𝑓), then 

 

𝜓𝑔(𝑓) = 𝐻1(𝑓)𝐻2
∗(𝑓)         (4.7) 

 

where 𝐻1(𝑓) and 𝐻2(𝑓) are the pre-filters for each microphone. If outputs signals (after pre-

filtering) are denoted by 𝑦1(𝑛) and 𝑦2(𝑛), then output 𝛾𝑦1𝑦2
(𝑚) is computed from output Cross 

power spectral density function Γ𝑦1𝑦2
(𝑓) using 

 

     𝛾𝑦1𝑦2
(𝑚) =  ∫ 𝜓𝑔(𝑓)Γ̂𝑥1𝑥2

(𝑓)
∞

−∞
𝑒𝑗2𝜋𝑓𝑚𝑑𝑓        (4.8) 

 

The TDOA is estimated from 𝛾𝑦1𝑦2
(𝑚) similar to (4.5). For traditional GCC [15], 𝜓𝑔(𝑓) = 1 i.e. 

𝐻1(𝑓) = 𝐻2(𝑓) = 1 ∀𝑓. Under ideal conditions, from (4.6) and (4.8), 𝜓𝑔(𝑓) should be chosen to 

ensure a sharp peak in 𝛾𝑦1𝑦2
(𝑚) rather than a broad one to ensure reliable TDOA resolution. A 

summary of 𝜓𝑔(𝑓) used by other researchers and their relative benefits (under ideal conditions) is 

summarized in [5, 16]. The selection and evaluation of 𝜓𝑔(𝑓) to optimize certain performance 
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criterion has been studied and presented in [5]. In the discrete time domain, we can re-write (4.8) 

as: 

       𝛾𝑦1𝑦2
(𝑚) =  ∑ 𝜓𝑔(𝑘)Γ̂𝑥1𝑥2

(𝑘)𝑁−1
𝑘= 0  𝑒𝑗2𝜋𝑘𝑚/𝑁                                 (4.9) 

Where 𝑘 = discrete frequency bin and 𝑁 is the FFT length.  

C. Direction of Arrival (DOA) estimation on Smartphone 

The estimation of DOA angle 𝜃 from TDOA estimate �̂� assumes the following: (i) The microphone 

array geometry is known and fixed (in terms of dimensions and distances) and; (ii) Speed of sound  

 

Figure 4.2. Two Microphone DOA estimation Setup. 𝜃 is the unknown DOA to be estimated. 𝑑 is 

in meters and 𝜂 is in seconds. Speech is assumed point source under far-field assumption. 

 

in the medium, 𝑐. In this paper, we assume a two-microphone array geometry where inter-

microphone distance, 𝑑 = 0.135m (like popular 5.5-inch smartphone dimensions). 𝜃 is measured 

from end-fire direction closer to Mic1 as shown in Figure 4.2. 𝑐 = 343m/s. Therefore, under far-

field source assumption, the relation between 𝜃 (in radians) and �̂� (in seconds) is given by: 

     𝜃 = cos−1 �̂� 𝑐

𝑑
      (4.10) 

As evident from (4.10), the accuracy of DOA estimate depends largely on the accurate estimation 

of TDOA from finite samples of input data. Other factors affecting the performance of GCC are 

𝑐, 𝑑 and the sampling rate, 𝑓𝑠. Increasing 𝑑 might improve the accuracy by reducing the correlation 

between the signals, but might lead to spatial aliasing, which leads to more unwanted peaks in the 

directivity plots. Increasing 𝑓𝑠 improves TDOA accuracy by increasing the number of samples 

available for finite duration estimation of 𝛾𝑦1𝑦2
(𝑚). Since the purpose of this paper is to analyze 

 

Speech 

Source 

Mic 2 Mic 1 

𝑑 

𝜃 
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the effect of pre-filtering (using MMSE-LSA pre-filtering) and post-filtering (using VAD) on 

performance of GCC, we do not study the effect of 𝑑 and 𝑓𝑠. We also do not attempt to resolve the 

‘front-back’ ambiguity introduced by symmetry of the two microphones, which is easily resolved 

by using other sensors on the smartphone [12], [51]. 

 

4.4 Proposed DOA estimation Method  

In this section, we present the proposed method and explain the various components (Figure 4.3). 

The proposed method consists of three main components: (1) Pre-filtering using MMSE-LSA rule; 

(2) DOA estimation using GCC; and (3) Post-filtering for DOA correction using a simple VAD. 

We explain the effect of these components on improvement in DOA estimation in this section. We 

then present the smartphone implementation of the proposed method on Google Pixel smartphone. 

In this work, we adopt the Minimum mean square error log spectral estimator (MMSE-LSA) based 

noise suppression rule, where the a-priori SNR, 𝜉𝑘(𝑖) and the a-posteriori SNR, 𝛾𝑘(𝑖) for 

𝑘𝑡ℎ frequency bin and 𝑖𝑡ℎ frame are computed (and updated) using the Decision-Directed approach 

[43]. We use MMSE-LSA estimator as a pre-filter in this paper because it provides satisfactory 

noise suppression in the ‘log-magnitude’ spectrum without modifying the phase spectrum of the 

input data, at low computation cost. We modify the existing pre-filtering architecture (shown in 

Figure 4.1) by computing the gain function (𝐻(𝑘)) only once on the reference input channel to 

reduce the computational complexity. We then apply the same pre-filter (here, magnitude spectrum 

of the MMSE-LSA gain function) to both input channels, without modifying the input phase 

spectrum. Since traditional GCC performs satisfactorily well under high SNRs, we show that that 

combination of MMSE-LSA and GCC-based DOA estimation has much better performance than 

GCC alone at low SNRs. We compare proposed method- GCC + Pre-filter - with existing pre-

filtering approaches and demonstrate significant reduction in RMSE for simulated and recorded 

data. 

The MMSE log magnitude spectral estimator (MMSE-LSA) [44] is obtained by minimizing the 

mean square error between the true and estimated log magnitude spectra of clean speech. The 

MMSE-LSA estimator uses the log magnitude spectra of the input data frames, without modifying 
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the noisy phase spectra. Hence, the phase relationship between the input microphone signals is 

preserved (which is crucial for TDOA estimation). The estimated clean speech from previous 

frame is used to estimate the apriori SNR, 𝜉𝑘(𝑖) for 𝑘𝑡ℎ bin frequency bin (discrete frequency) and 

𝑖𝑡ℎ frame using Decision-Directed [44] approach and is given by: 

𝜉𝑘(𝑖) =
𝑎�̂�𝑘

2(𝑖−1)

𝜆𝑑(𝑖−1)
+ (1 − 𝑎)max (𝛾𝑘(𝑖) − 1,0)      (4.11) 

where 0 < 𝑎 < 1. �̂�𝑘
2(𝑖 − 1) and 𝜆𝑑(𝑖 − 1) are the estimated speech and noise magnitude spectra, 

respectively in the previous frame. 𝛾𝑘(𝑖) =
𝑋𝑘

2(𝑖)

𝜆𝑑(𝑖−1)
 is the a-posteriori SNR and 𝑋𝑘

2(𝑖) is the current 

frame of noisy speech magnitude spectrum. The MMSE-LSA pre-filter (given by (4.12)) is applied 

to the magnitude spectrum of each input data frame and is defined by:  

    𝐻(𝑘, 𝑖) =  𝛾𝑘(𝑖)
�̂�𝑘(𝑖)

�̂�𝑘(𝑖)+1
− log(1 + 𝜉𝑘(𝑖))       (4.12) 

Although, more sophisticated noise suppression rules could be used, we prefer MMSE-LSA in this 

paper for its satisfactory noise suppression at lower computation costs. As mentioned before, we 

compute 𝐻(𝑘, 𝑖) using only 𝑋𝑘
2(𝑖) from Mic1. Then we apply 𝐻(𝑘, 𝑖) to magnitude spectra of both 

Mic 1 and 2 to avoid computing the pre-filter twice. Since the microphone separation 𝑑 is small, 

we do not sacrifice much on noise suppression performance, as shown later. 

To improve the robustness of the proposed algorithm against background noise, we propose and 

use a simple single-feature based unsupervised voice activity detector (VAD) as a post-processing 

step on the estimated DOA estimates. This provides stability to �̂� estimates against background 

‘noise-only’ frames (which would otherwise vary very erratically). We present objective analysis 

after combining GCC with Post-filter- ‘GCC+Post-filter’ to illustrate the above notion. We 

quantify and compare the post-filter (or VAD) performance separately against other popular VADs  
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Figure 4.3. Block Diagram of Proposed method. 𝜃 and 𝜃 are the estimated and corrected DOA 

estimates, respectively. Here 𝐻(𝑘) is the pre-filter derived from MMSE-LSA suppression rule. 

as well. We compare our upgraded ‘Proposed method’- ‘MMSE-LSA+GCC+VAD’ with earlier 

methods and show further performance improvement and better DOA estimation stability under 

noisy conditions, which is critical for operation in presence of high-energy noise sources. Since 

the method estimates instantaneous DOA, we also demonstrate source-tracking capability of the 

proposed method under different noisy conditions.  

As mentioned before, in the presence of background noise (especially in the presence of 

localized noise sources), the DOA estimation algorithms produce incorrect estimates. The presence 

of background noise leads to false peaks in the autocorrelation estimate, leading to performance 

degradation for subsequent speech processing blocks. Thus, a VAD corrects the initial DOA 

estimates 𝜃 by discriminating noisy speech frames from noise-only frames. Thus, we propose: If 

the current data frame is detected as non-speech, we retain the DOA estimate from previous frame; 

else, we update the DOA estimate as follows:  

𝜃𝑖 = {
𝜃𝑖−1 , 𝑖𝑓 𝑉𝐴𝐷 = 0(𝑁𝑜𝑖𝑠𝑒)

𝜃𝑖 , 𝑖𝑓 𝑉𝐴𝐷 = 1(𝑆𝑝𝑒𝑒𝑐ℎ)
  (4.13) 

where 𝜃𝑖 denotes the corrected DOA estimate after VAD for 𝑖𝑡ℎ frame. Thus, the VAD attempts 

to smoothen the DOA estimates when noise-only frames are detected. A simple Spectral Flux (SF) 

feature based VAD is used in this paper. A simple thresholding technique is used, followed by a 

decision buffer, to arrive at a final VAD decision. The SF feature used in this paper is defined by: 

𝑆𝐹(𝑘, 𝑖) =  
1

𝑁
∑ (|𝑋𝑖(𝑘)| − |𝑋𝑖−1(𝑘)|)2

𝑘                                   (4.14) 

for 𝑘𝑡ℎ bin frequency bin and 𝑖𝑡ℎ frame. 𝑘 = 1,2, … , 𝑁. | ∙ | denotes the magnitude spectrum.  
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Thus, the VAD decisions are given by: 

𝑉𝐴𝐷(𝑖) =  {
0 (𝑁𝑜𝑖𝑠𝑒), 𝑖𝑓 𝑆𝐹(𝑘, 𝑖) < 𝝃

1 (𝑆𝑝𝑒𝑒𝑐ℎ), 𝑖𝑓 𝑆𝐹(𝑘, 𝑖) ≥ 𝝃
     (4.15) 

where 𝝃 is the calibration threshold (explained next).  

The SF feature is shown to be satisfactorily robust under stationary noise conditions [45], [46]. 

If the noise is not stationary (or has impulsive characteristics), we propose to use a 𝐷 frames 

decision buffer for the VAD. i.e. we wait for 𝐷 consecutive frames when the VAD outputs 1 

(Speech). Although, we introduce some latency in the output, but it greatly stabilizes the DOA 

estimation. We use the first 𝑇 frames (Calibration phase) to determine the threshold 𝝃 of the VAD 

by cumulatively averaging 𝑆𝐹(𝑘, 𝑖). Hence, the proposed VAD consists of SF-based feature 

defined in (4.14) with a 𝐷 frames decision buffer and 𝑇 frames thresholding. To estimate the 

apriori SNR, 𝜉𝑘(𝑖) for the pre-filter, we also use first 𝑇 frames. If the noise condition changes over 

time, the VAD will be re-calibrated, like previous VADs in [47], [50], [51]. Since the proposed 

DOA estimation method with a simple VAD outperforms other methods, we do not spend much 

resource on improving the VAD.  

As shown in Figure 4.3, following is the summary of the steps in the proposed DOA estimation 

method:  

(1) MMSE-LSA based pre-processing to improve the SNR of the input data;  

(2) GCC based TDOA (�̂�) estimation; 

(3) TDOA to DOA (𝜃) conversion for a two-microphone array; and  

(4) Post-filtering using VAD to correct DOA estimates in presence of noise to estimate 𝜃.  

Since the entire operation takes place on a frame-based implementation, we obtain instantaneous 

DOA estimates. Under the assumption that each frame contains only one dominant speech source 

of interest, the proposed method is capable of source tracking under noisy conditions. 
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4.5 Experimental Evaluation 

Noisy dataset for two-microphone smartphone recording is prepared for the simulation 

experiments by adding clean speech files from HINT database [48] to noise files (recorded using 

Google Pixel smartphone) at desired SNR. For simulation experiments, we calculate SNRs based 

on active speech level (ASL). We have not used any reverberation in these simulations. Each clean 

speech file is stereo channel (dual microphone) and the room impulse responses (RIRs) are 

generated using DOA angle 𝜃 for each file are simulated using the Image-Source model in [49]. 

The room size is 5m × 5m × 5m and the microphone array is fixed at the center of the room. Five 

different DOA angles {0°, 45°, 90°, 135° and 180°} are considered w.r.t end-fire direction for each 

of the ten clean speech files. That is, the speech segment changes its direction every few seconds 

sequentially over five different angles. We consider four different types of noise viz. White(W), 

Machinery(M), Traffic(T), Babble(B) at five different SNRs. These conditions cover more realistic 

scenarios (0-10dB) and harsh condition (-5dB). We analyze about 10,000 different noisy test cases 

(about 10 hours of noisy data files) and average the RMSE values 

We also collect real data using the latest Google Pixel 2 smartphone for our experimentation. For 

the experiments using real data, five speakers were sitting around an office table at approximately 

45° separation from each other (Figure. 4.4). We use the Google Pixel smartphone for collecting 

data using its two microphones and place it on a table in front of the talkers. As shown in Figure 

4.4, we place an interfering noise source behind speaker 1 and 2 (approx. 30° from speaker 1 at ). 

We again consider four different types of noise at approx. SNR = 5 dB (based on dB SPL-A) 

measured at the smartphone microphone 1. The room dimensions were 4m × 6m × 8m with 

reverberation (𝑅𝑇60≈200 ms). The noisy files used for testing on real data are available at [14] 

upon request. 

The first VAD used for comparison is ITU G729 B [50] which uses four features namely viz. 

spectral distortion, energy difference, low-band energy difference and zero-crossing difference. 

The VAD decision is made in two steps: First, an initial decision is made based on the 

instantaneous frame parameters. Second, the initial decision is smoothed, considering past 

neighboring frames. The second method, known as Sohn VAD [47] is a widely used statistical 

decision- directed estimation method using likelihood ratio test. The third method is a statistical  
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Figure 4.4. (a) Image Source Model (ISM) setup for free-field simulation experiments. The two-

microphone array is in the center of the room, surrounded by five speech sources (at 45° separation 

from each other, starting at 0°; active one at a time) on the xy plane; (b) Experimental setup for 

real data experiments. 
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Figure 4.5. (Top to Bottom) (a) Average Accuracy (ACC) and (b) Average Miss rate(MR)for 

White noise, Machinery noise, Traffic noise and Babble noise. Higher ACC is preferred.  

 

VAD known as VQVAD [51] which uses a spectral subtraction (SS) based pre-processing followed 

by an energy based VAD. Since, VQVAD operates on pre-filtered signals; we believe it would be 

a fair comparison with the proposed VAD and hence we have used it for comparison. Figure 4.5 

(a) and (b) show the comparison of accuracy (ACC) and miss rate (MR) for the proposed VAD, 

respectively. With increase in SNR, it can be observed that the performance improves (as indicated 

by the increase in ACC and decrease in MR), across similar noise types. The proposed SF-based 

VAD always maintains higher ACC and lower MR, irrespective of SNR. With change in noise 

types, the performance of all three VADs shows similar trend: Highest ACC and lowest MR for 

White noise and gradually decreases for Machinery, Traffic and Babble respectively, across 

similar SNR conditions. We will also show that the proposed VAD is computationally very 

efficient in real-time. 
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Figure 4.6 shows the performance of the proposed VAD on real data with babble noise (SNR ≈ 5 

dB, reverberation time ≈ 200ms). The SF feature (from (4.14)) is shown for both mics. By 

comparing against the ground truth, the SF based VAD (proposed in (4.15)) performs satisfactorily 

well for realistic babble noise.  

Figure 4.6. (From Top to Bottom) Noisy input signals (5dB SNR, Babble noise, Real recorded 

data), Enhanced signals after MMSE-LSA, Spectral Flux(SF) feature for enhanced signals, Inter-

microphone SF difference, Ground Truth and VAD decisions. 

 

Figure. 4.7 compares the source tracking capability of the proposed DOA estimation method 

against the traditional GCC method for above data. The DOA of the noisy signal changes 

approximately every 2-3 seconds by 45° from end-fire direction. The point noise source is fixed at 

30° as shown in Figure. 4.4. Due to the use of the post-filter, proposed method has better source 

tracking, as demonstrated by its more stable DOA estimates over traditional GCC (Figure. 4.6). 

Notice that the proposed DOA estimation method is not affected by the noise source location. 
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Figure 4.7. (From Top to Bottom) DOA estimation and Source Tracking for above noisy data from 

Figure 4.6 (top) for Traditional GCC (middle) and the Proposed method (bottom). Solid blue and 

dashed red lines represents the estimated DOA and DOA based on Ground Truth, respectively. 

 

To study the effect of Pre-filter and Post-filter, we first compare the performance of GCC, GCC + 

Post-filter (VAD), GCC + Pre-filter (MMSE-LSA) and Proposed method for different noise 

conditions (Figure. 4.8). The RMSE reduces systematically and significantly for GCC + Post-filter 

(VAD), GCC + Pre-filter (MMSE-LSA) and the Proposed method. 𝐷 = 2, 𝐿 = 100ms for this 

section. We can observe two things: (i) The average RMSE decreases with increase in SNR (as 

expected) for all methods. (ii) GCC has the highest average RMSE followed by GCC + Pre-filter 

(MMSE-LSA). 

Proposed method has least average RMSE. The average RMSE follows the same trend across all 

noise types. For intermediate SNRs (0-5dB), the proposed method always outperforms GCC across 

all noise types. However, for lower SNRs (-5dB), there is subtle performance improvement. We 

also observe that the inclusion of the pre-filter has far more effect on lowering the RMSE than 

inclusion of the post-filter. We observe very similar trend for MAE values for the above 

experiment (Hence not reported here). 
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Figure 4.8. Average RMSE (°) for GCC, GCC+Post-filter (VAD), GCC+Pre-filter (MMSE-LSA) 

and Proposed method for different noisy conditions. 

 

Figure 4.9 shows the comparison between the GCC, GCC-PHAT-𝛽, GCC-ML, and Proposed 

DOA estimation method using both average RMSE and average MAE, respectively for similar 

noise conditions as above. We select these three pre-filter for comparison as they performed better 

than the rest of the pre-filter mentioned in Table 4.1 on our dataset. Proposed method has 

significantly lower RMSE  when compared with other variants of GCC as well as traditional GCC. 

Performance of GCC and the proposed method also improves as SNR increases. Although the 

PHAT pre-filter is reported to be sufficiently robust to reverberation conditions, in our 

experiments, GCC-PHAT rarely performed well. There are two plausible explanations: First, these 

methods were rarely tested on a frame-based operation (for 100ms durations) and changing DOA. 

Due to finite sample estimation of these pre-filters, they are prone to higher inaccuracies. 
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Figure 4.9. (Top to Bottom) Average RMSE(°) for DOA estimation using different pre-filtering 

techniques for simulated noisy data at different SNR. Proposed Post-filter is included for all, for 

fairness. 

 

This could be resolved by increasing the frame lengths, but this defeats the purpose of real-time 

implementation. Secondly, the dataset conditions (SNR) might be too difficult for some pre-filters. 

Similar observations were reported in [16]. However, for two-microphone applications, the 

magnitude of error using proposed method is within acceptable limits (< 20° at 1m separation) at 

moderate SNRs. MAE values showed very similar trend (hence not reported in this work). 
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In this section, we present the results using data recorded using Google Pixel 2 smartphone and 

compare the performance for the different methods, which is more meaningful in real-life 

applications. Figure. 4.10 and 4.11 show the average RMSE values for clean reverb speech and 

noisy recorded speech. For real data, 𝐷 = 1, 𝑇 = 5, 𝐿 = 200ms gives best results based on our 

analysis in Figure. 4.10. We urge the readers to focus on the relative improvement compared to 

earlier methods. However, for far-field DOA applications, the magnitude of error is within 

acceptable limits, as mentioned earlier. 

 

Figure 4.10. Average RMSE (°) for Real Recorded speech. (SNR ≈ 15dB, Reverb time≈200ms). 

𝑇 = 5, 𝐿 = 200ms. 
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Figure 4.11. (Top to Bottom) Average RMSE(°) for DOA estimation using different pre-filtering 

techniques for Real data for different values of 𝐷 and 𝑇. Proposed VAD is included for all, for 

fairness. 

 

4.6 Performance Upgrades 

In this section, we propose two additional improvements to previous proposed DOA estimation 

method in order to reduce the DOA estimation errors in the presence of dynamically varying 

background noise conditions. First, we propose the use of a new pre-filter (proposed in [53]) (based 

on Super-Gaussian speech model) (‘SGJMAP’) for GCC-based DOA estimation improves the 

SNR of the raw noisy signals prior to DOA estimation. The SGJMAP based pre-filter is shown to 

have superior noise suppression than MMSE-LSA at lower computation costs. In earlier methods 

[47], [50], [51], it was assumed that initial few seconds of each utterance be silence/ background 

noise for reliable apriori SNR estimation, which is an unrealistic assumption in real-life. Thus, we 

propose an upgrade to the post-filter in [17] that dynamically adapts to varying background noise 

conditions, without any previous initial assumptions. 
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The SGJMAP based Spectral amplitude estimator (SAE) was presented in [53]. We use the 

Decision directed approach [44] for estimating the apriori SNR, 𝜉𝑘(𝑖)   for 𝑘𝑡ℎ bin frequency bin 

(discrete frequency) and 𝑖𝑡ℎ frame. The SGJMAP SAE is given by  

𝐻(𝑘, 𝑖) = [(
1

2𝛽
−

𝜇

4√ 𝛾𝑘(𝑖)�̂�𝑘(𝑖)

)]+√(
1

2𝛽
−

𝜇

4√ 𝛾𝑘(𝑖)�̂�𝑘(𝑖)

)

2

+
𝑣

2𝛾𝑘(𝑖)𝛽2  (4.16) 

𝛾𝑘(𝑖)(=
𝑌𝑘

2(𝑖)

𝜆𝑑(𝑖−1)
) is the a-posteriori SNR, and 𝑌𝑘

2(𝑖) is the current frame noisy speech magnitude 

spectrum. �̂�𝑘
2(𝑖 − 1) and 𝜆𝑑(𝑖 − 1) are the estimated speech and noise magnitude spectra, 

respectively in the previous frame. By controlling the parameters 𝛽 (default= 1), 𝜇 (default=1.5), 𝑣 

(default = 0.1), it is shown [53] that the SGJMAP based gain function has superior SNR 

improvement over MMSE-LSA at lower computation cost. Hence, we exploit it as pre-filter without 

much modification. 

The second upgrade is that we propose a noise-adaptive thresholding based post-filter as shown in 

Figure 4.12. The VAD corrects the initial DOA estimates 𝜃 by discriminating ‘noisy speech’ 

frames from ‘noise-only’ frames as follows 

𝜃𝑖 = {
𝜃𝑖−1 , 𝑖𝑓 𝑉𝐴𝐷 = 0(𝑁𝑜𝑖𝑠𝑒)

𝜃𝑖 , 𝑖𝑓 𝑉𝐴𝐷 = 1(𝑆𝑝𝑒𝑒𝑐ℎ)
              (4.17) 

where 𝜃𝑖 denotes the corrected DOA estimate after VAD for 𝑖𝑡ℎ frame In the existing thresholding 

method proposed in [17], we calculate and fix the threshold 𝝃 during first 𝑇 frames. Therefore, if 

the noise condition (i.e. SNR) changes over time, we would need to recalibrate the threshold.  

However, recalibrating the threshold does not only cause disruption in service, it is also difficult 

to reliably detect such changes in noisy conditions. Thus, we propose a combination of feature 

smoothening and adaptive thresholding to handle varying background noise conditions.  

We apply feature smoothening and decompose each 𝑆𝐹 based feature into a Speech-SF feature 

𝑆𝐹𝑠(𝑘, 𝑖) and a Noise-SF feature 𝑆𝐹𝑛(𝑘, 𝑖) per mic per frame (Figure 4.12 and 4.13), based on a 

recursive averaging technique. For 𝑖𝑡ℎ frame (dropping the bin index 𝑘), 

𝑆𝐹𝑠(𝑖) = 𝛼𝑠𝑆𝐹𝑠(𝑖 − 1) + (1 − 𝛼𝑠)𝑆𝐹(𝑖)   (4.18) 

𝑆𝐹𝑛(𝑖) = 𝛼𝑛𝑆𝐹𝑛(𝑖 − 1) + (1 − 𝛼𝑛)𝑆𝐹(𝑖)    (4.19) 
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where       

 𝛼𝑠 =  {
𝛼𝐴𝑠 , if 𝑆𝐹(𝑖) ≥ 𝑆𝐹𝑠(𝑖 − 1)

𝛼𝐷𝑠 , if 𝑆𝐹(𝑖) < 𝑆𝐹𝑠(𝑖 − 1)
 

 𝛼𝑛 =  {
𝛼𝐴𝑛 , if 𝑆𝐹(𝑖) ≥ 𝑆𝐹𝑛(𝑖 − 1)

𝛼𝐷𝑛 , if 𝑆𝐹(𝑖) < 𝑆𝐹𝑛(𝑖 − 1)
               (4.20) 

In the above equations, 𝛼𝑠 and 𝛼𝑛 control the smoothing rate based on two parameters for each. 

𝛼𝐴𝑠 and 𝛼𝐷𝑠 denote the attack and decay constant for 𝑆𝐹𝑠(𝑖), respectively. 𝛼𝐴𝑛 and 𝛼𝐷𝑛 denote the 

attack and decay constant for 𝑆𝐹𝑛(𝑖), respectively. 𝛼𝐴𝑠 ≠ 𝛼𝐴𝑛 and 𝛼𝐷𝑠 ≠ 𝛼𝐷𝑛. The suggested value 

are : 𝛼𝐴𝑠 =  10−6 (Fast attack), 𝛼𝐷𝑠= 0.5 (Slow decay); 𝛼𝐴𝑛= 0.99995 (Slow attack), 𝛼𝐷𝑛 = 10−6 

(Fast decay). We apply adaptive thresholding by comparing 𝑆𝐹𝑠 and 𝑆𝐹𝑛 per frame to arrive at a 

VAD decision: 

VAD (𝑖) = {
1 (Speech), if  𝑆𝐹𝑠(𝑖) ≥ 𝜅 𝑆𝐹𝑛(𝑖)

 0 (Non − Speech), if  𝑆𝐹𝑠(𝑖) < 𝜅 𝑆𝐹𝑛(𝑖)
          (4.21) 

where 𝜅 is a tunable scaling factor depending on the background noise conditions. 

 

Figure 4.12. Block Diagram of Proposed Adaptive thresholding (AT) based VAD 
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Figure 4.13. Noisy signal and SF features for Mic1 under changing noise types.  

Thus, as is evident from previous equations, the absence of an apriori noise calibration in the AT 

VAD leads to a lower Accuracy over VAD without AT at lower SNRs. However, we gain the 

capability to operate in dynamically varying noise conditions (such as changing SNR and noise 

types), which is a more realistic operating condition. 

Next, we show the DOA estimation performance of the upgraded methods in Figure 4.14. In the 

previous section, we have shown that the Proposed method i.e. using MMSE-LSA based Pre-filter 

combined with GCC-based DOA estimation, followed by a simple VAD as a Post-filter has 

superior performance over existing methods. To recapitulate, we proposed two upgrades: First 

upgrade uses an adaptive thresholding (AT)-based VAD to adapt to dynamically changing 

background noise conditions. Second upgrade uses a SGJMAP-based Pre-filter that has better 

noise suppression performance at lower computation cost over MMSE-LSA-based pre-filter. 

Hence, in Figure 4.14, we compare the average RMSE performance of these three methods: 

Proposed method (MMSE-LSA+GCC+VAD), Upgrade 1 (SGJMAP+GCC+VAD), Upgrade 2 

(MMSE-LSA+GCC+AT VAD) and Upgrade 3 (SGJMAP+GCC+AT VAD).  
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Figure 4.14. (Top to Bottom) Average RMSE (°) for DOA estimation using Upgraded methods. 

Proposed VAD is included for all, for fairness. 

 

Lastly, we provide justification for the estimation of ‘One Pre-filter per input channel’ (Different 

pre-filter) (Figure 4.1) versus the ‘One Pre-filter per two input channels’ (Same pre-filter) (Figure 

4.3) in this work using average RMSE values. The pre-filter used in this comparison is MMSE-

LSA and the post-filter is SF-based VAD (no adaptive thresholding). As seen from the Figure 4.15, 

as proposed in this work, the use of one pre-filter per two channels introduces very little sacrifice 

on the DOA estimation accuracy, but reduces the computational complexity (by almost two-fold) 

by computing the pre-filter only once. Similar trends are observed with other combinations of pre-

filters and VADs.  
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Figure 4.15. (Top to Bottom) Average RMSE (°) for DOA estimation using Same pre-filter 

versus Different pre-filter per input channel. Proposed VAD is included for all, for fairness. 
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4.7 Real-time Smartphone Implementation  

We dedicate the last sub-section for detailed discussion on real-time implementation of the 

proposed method for hearing aid users. We feel that this, to the best of our knowledge, is the most 

notable contribution of this work as there is no other similar smartphone application for DOA 

estimation that works reliably using only internal microphones (without external attachments). The 

closest work to the proposed implementation was presented in [52], wherein GCC-PHAT 

algorithm was used with was no option for tuning the parameters in noisy environments. In 

addition, experimental evaluation of the algorithm was not sufficient. 

The proposed method has been implemented on latest Google Pixel (Android) smartphone for real-

time operation. Figure 4.16 shows a screenshot of the Android application. When the application 

starts, we assume that first few frames are silence/noises only. This duration is specified by 

‘Threshold Time (𝑇) (default = 10)’ parameter. There is ‘Duration (𝐷) (default = 2)’ parameter for 

non-stationary noise. This parameter makes the DOA estimation more stable. Users as per noise 

characteristics can update both ‘𝑇’ and ‘𝐷’ parameters. The direction of the speech source is shown 

via numbers as well as graphical marker. There is one more informative text view, named as 

‘Threshold’, for displaying threshold after the ‘Threshold Time’. After the application starts, the 

blue marker shows position of the speaker or speech source under noisy conditions. If there is no 

speech, the marker points to the last estimated speaker location. Other features can be updated 

from GUI shown in Figure 4.16. A video demonstration in a noisy cafeteria (babble noise) is also 

available at [14]. 

The computational complexity of the proposed method is within the limits of real-time deployment 

on smartphones, as shown in Table 4.3, 4.4 and 4.5. Frame length (𝐿) is set 40ms and 

recommended sampling frequency (𝐹𝑠) is 48 kHz. To reduce the computation times for Proposed 

method, we carefully optimized all the blocks in the processing pipeline from end-to-end for 

Google Pixel. As seen earlier in Figure 4.3, we compute the MMSE-LSA pre-filter only for one 

input channel and apply the same ‘log-magnitude’ gains to both channels. We do not make any 

changes to the phase spectra of the input channels to avoid increasing computation complexity. 

We have also used manufacturer recommended Sampling rates (𝐹𝑠) and Frame length (𝐿) for 

minimum I/O latency. 
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Figure 4.16. Screenshots of Smartphone Application on Google Pixel 2 Smartphone (Android 8.1). 

Blue marker shows the estimated DOA. 

Table 4.2. Comparison of Processing times for Post-filters  

 

 

 

 

Table 4. 3. Comparison of Processing times for Pre-filters 

 

 

 

 

 

 

Post-filter 
Time(ms) per 

100ms frame 

G729B 6.5 

Sohn VAD 7.6 

VQVAD 9.7 

Proposed VAD 0.016 

Proposed AT VAD 0.007 

GCC + Pre-filter 
Time(ms) per 

100ms frame 

GCC only 7.4 

GCC-PHAT-𝛽 10.2 

GCC-ML 9.1 

MMSE-LSA 63.3 

SGJMAP 0.317 

Tuning Parameters 

Blue Markers 

Start 
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DOA (𝜃) 
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Table 4. 4. Processing times for Proposed method on Google Pixel 2 XL 

 

 

 

 

 

 

4.8 Summary 

We presented an improved instantaneous DOA estimation method for speech source localization 

on the latest Google Pixel 2 smartphone using Android operating system. The proposed method 

used a combination of MMSE-LSA and SGJMAP based gain functions and GCC based DOA 

estimation to improve the performance of the DOA estimation. We also proposed the use of a post-

filter block to smooth out the DOA estimated values in the presence of low SNRs. Proposed 

method showed significant reduction in RMSE over GCC and its previous variants. The work 

presented in this dissertation provides a framework for real-time TDOA based speech source 

localization using only the two built-in microphones of a smartphone. It was demonstrated how 

the proposed method could accomplish real-time speech source localization on a smartphone under 

realistic noisy environments. The Android-based smartphone application presented here offers a 

cost-effective stand-alone portable platform for hearing study and an assistive tool for hearing aid 

users. 

𝐹𝑠, 𝐿 GCC + Post-filter 
Proposed Method 

(Optimized) 

1. Proposed method (MMSE-LSA+GCC+VAD) 

16 kHz, 100ms 27.6 42.3 

48 kHz, 40ms* 20.1 24.3 

2. Upgraded method (SGJMAP+GCC+AT VAD) 

16 kHz, 100ms - 30 

48 kHz, 40ms* - 20.07 

*Recommended for minimum I/O latency. 
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CHAPTER 5 

NON-UNIFORM NON-LINEAR MICROPHONE ARRAY BASED SPEECH SOURCE 

 

 LOCALIZATION1 

5.1 Motivation 

The focus of this chapter lies in the analysis of non-uniform non-linear microphone arrays 

(NUNLA) for estimating the DOA of single speech sources on smartphone as an assistive tool for 

HADs. In this work, we select an L-shaped geometry of three microphones available on popular 

smartphones. We present a Singular Value Decomposition (SVD)-based SSL algorithm for very 

accurate DOA estimation of Speech sources. The proposed method is presented in a frame-based 

implementation that is capable of real-time deployment on smartphone.  

5.2 Curse of Spatial Aliasing and ‘Front-Back’ Ambiguity 

For a given frequency of source signal, spatial aliasing occurs when the inter-element spacing 𝑑 is 

not small enough to ‘spatially’ sample the impinging sound waves (assumed plane waves for the 

far-field case). This leads to ‘unwanted’ peaks in the directivity pattern, which leads to errors in 

DOA estimation. Mathematically, for ULA with uniform inter-element spacing, 𝑑, it can be 

explained as (5.2): 

       𝑑 ≤
𝜆𝑚𝑖𝑛

2
                                 (5.1) 

       or, 𝑑 ≤
𝑐

2𝑓𝑚𝑎𝑥
                                                           (5.2) 

where 𝜆𝑚𝑖𝑛 is the smallest wavelength of the plane wave at source frequency 𝑓𝑚𝑎𝑥. 𝑐 is the speed 

of sound in air. For example, if 𝑑 is fixed at 1 cm, the usable bandwidth of the source signal can 

extend up to 𝑓𝑚𝑎𝑥  = 16.5 kHz at 𝑐 = 330m/sec. For most practical applications, the geometry and 

                                                 

1 Reprinted by permission from, A. Ganguly, I. Panahi, ‘Non-Uniform Microphone Arrays for Robust Speech Source Localization 

for Smartphone-Assisted Hearing Aid Devices’, Springer Nature: Journal of Signal Processing Systems, 2017. 

https://doi.org/10.1007/s11265-017-1297-8 
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dimensions microphone arrays are fixed. Hence, it is imperative to identify the usable frequency 

bandwidth before they can be used for reliable DOA estimation algorithms. For ULA, the spatial 

condition is well defined using the mathematical relation in (5.2). Let 𝑑 = 𝛼𝑑𝑚𝑎𝑥 = 𝛼 𝜆𝑚𝑖𝑛/2, 

then for 𝛼 = 1, there is no spatial aliasing (‘Critical Sampling’). However, if 𝛼 ≥ 1 (‘Under-

Sampling'), there is the occurrence of spatially aliased peaks in the directivity pattern. Lastly, if 𝛼 

≤ 1, there is no spatial aliasing (‘Over Sampling’). These processes are analogous to those of the 

Nyquist sampling theorem and the aliasing phenomenon in frequency domain (𝑓 ≤ 𝐹𝑠/2). 𝐹𝑠  is 

sampling rate. As the SNR of signal arriving at the microphone array deteriorates, spatial aliasing 

becomes worse, leading to detection of ‘inaccurate’ peaks in the directivity pattern. 

We would like to make a few additional comments need here:  

1. Spatial aliasing (which occurs due to under sampling of incident plane waves) should not 

be confused with spatial ambiguity or ‘Front-Back’ ambiguity (Figure 5.1) which occurs 

due to the symmetry in microphone array w.r.t the look direction. 

2. Spatial aliasing is independent of DOA of the source signal, but depends only on the 

relation between 𝑑 (or 𝑣) and the source frequency, 𝑓𝑚𝑎𝑥.  

3. Spatial ambiguity, on the other hand, depends on the spatial arrangement of microphone 

array and source location. For example, in a ULA and NULA case, the true DOA at + 25° 

may be inaccurately estimated for a single source located either at +25° or at -25° using 

linear arrangement microphones. 
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Figure 5.1. Spatial Aliasing and Spatial Ambiguity for ULA. True θ = 25°, fmax = 1 kHz. 

5.3 Proposed DOA estimation Method 

In this work, we use a three-element NUNLA (in L-shaped geometry) with closely spaced 

microphones (separated by unequal inter-microphone distances) to illustrate the advantages of the 

proposed method. We propose a singular value decomposition (SVD) based DOA SSL algorithm 

to localize single speech sources under very low SNR from a single frame of audio data. Unlike 

most methods using ULA and NULA, the proposed method has lower spatial aliasing as well as 

lower spatial ambiguity (explained later) while providing a robust low-error DOA estimate with 

360° scanning capability. We present detailed analysis and experimental results to show the 

performance of proposed method under the effects of low SNRs, different data lengths, and 

different inter-element spacing. We also provide a useful characterization of the performance of 

proposed method using root mean square errors (RMSE) encountered in DOA estimation through 

color maps for ULA, NULA and NUNLA. Finally, we compare the performance of proposed 

method with those of other popular DOA estimation algorithm using ULA and NULA. 

As mentioned before (and discussed later too), the algorithm used is ‘Dictionary-based Singular 

Value Decomposition (SVD) for Principal SSL’. This algorithm is a computationally simpler 

version of [23] under the assumption of localizing only the principal source and is similar to 

MUSIC [20, 21], ESPRIT [22] used widely for SSL of narrowband signals. 
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Figure 5.2. Microphone array geometry and Block Diagram of Proposed SSL method. 𝑑=0.02 m 

and 𝑣 = 0.13 m. 

 

This algorithm is also more robust than [20] against noise and it does not assume linear microphone 

array as assumed in [20-23]. We present a performance comparison later. The proposed algorithm 

is detailed in next section and block diagram is given in Figure. 5.2. The signal model here is given 

by: 

    𝑋𝑖(𝑛) = 𝑠(𝑛 − ∆𝑛𝑖) + 𝑤(𝑛)                          (5.3) 

where 𝑋𝑖(𝑛) is the microphone data, 𝑛 = 1,2, … , 𝐿 for each 𝑖𝑡ℎmicrophone. 𝑠(𝑛 − ∆𝑛𝑖) is the 

received ‘source’ signal at each 𝑖𝑡ℎmicrophone. ∆𝑛𝑖 denotes the time delay at each microphone. 

𝑤(𝑛) is assumed to be Additive White Gaussian Noise (AWGN) and has a uniform spatial 

distribution and is diffuse sensor noise. We point out that our main objective here is to present a 

special NUNLA architecture shown in Figure. 5.2 and its associated SSL method for 

implementation on a smartphone possessing three microphones as an assistive tool for the HAD 

users. As such, we skip the effect of room reverberation on the proposed method in this work.  

Now let 𝑑 and 𝑣 denote the inter-microphone spacing as shown in Figure. 5.2, the ITDs ∆𝑡𝑖𝑗 for 

an unknown direction 𝜃 (to be estimated) are given by: 

     ∆𝑡12 = 𝑑 cosθ/c                       (5.4) 

∆𝑡23 =  𝑣 sinθ/c                              (5.5) 

                         ∆𝑡31 = 𝑙 cos (α − θ)/c                                                                    (5.6) 
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Where 𝜙 = atan (
𝑣

𝑑
) and 𝑙 = (𝑣2 + 𝑑2)0.5. For Nexus 6 smartphone, 𝑑 = 1.2cm and 𝑣 = 13cm ⇒ 

𝑙 = 13.055cm, 𝜙 = 84.72°. 

Let 𝜃 be the estimated direction of the source. For each frame of data, the steps in the SSL algorithm 

are as follows:  

i. Obtain input microphone data, 𝑋𝑖(𝑛), 𝑛 = 1,2, … , 𝐿 for each microphone 𝑖 and form data matrix 

over time 𝑋3𝑥𝐿; 

ii. Perform SVD to obtain the estimated signal sub space, 𝑋𝑠3𝑥𝐿
at each microphone; 

iii. Using frequency scanning vector 𝑓𝑠𝑐𝑎𝑛, compute the reference signal 𝑠𝑖(𝑛) = exp (𝑗2𝜋𝑓𝑠𝑐𝑎𝑛𝑛) 

and its subspace, 𝑆𝑠3𝑥𝐿
 using SVD (𝑗 = √−1); 

iv. For each frequency 𝑓𝑠𝑐𝑎𝑛, generate/retrieve the over-complete dictionary 

matrix, 𝐴(𝑖, 𝜃𝑠𝑐𝑎𝑛)3𝑥360 Dictionary matrix, 𝐴 is a matrix of all possible signal vectors 

corresponding to each value of 𝑓𝑠𝑐𝑎𝑛 and 𝜃𝑠𝑐𝑎𝑛 for each microphone 𝑖. 

v. Scanning: For each 𝑓𝑠𝑐𝑎𝑛 and 𝜃𝑠𝑐𝑎𝑛, compute:  

S𝑉𝐷(𝑓𝑠𝑐𝑎𝑛, 𝜃𝑠𝑐𝑎𝑛 ) = 
1

|| 𝑋𝑠−(𝐴 𝑆𝑠)||2                           (5.7) 

In (5.7), size of  𝑋𝑠is 3x1, 𝐴 is 3x1 and  𝑆𝑠 is 1 x 1 for each iteration. 

vi. Find the location of maxima in (8) to estimate 𝜃 . 

𝑁𝑜𝑟𝑚𝑆𝑉𝐷(𝑓𝑠𝑐𝑎𝑛, 𝜃𝑠𝑐𝑎𝑛 ) =
𝑆𝑉𝐷(𝑓𝑠𝑐𝑎𝑛,𝜃𝑠𝑐𝑎𝑛 )

max (𝑆𝑉𝐷(𝑓𝑠𝑐𝑎𝑛,𝜃𝑠𝑐𝑎𝑛 ))
                 (5.8) 

 

For far field scenario (i.e. the distance between source and microphone array is larger than the 

dimension of the microphone array), whenever 𝜃𝑠𝑐𝑎𝑛 approaches 𝜃, the value of 𝑁𝑜𝑟𝑚𝑆𝑉𝐷 

approaches unity (unique maxima). 𝜃𝑠𝑐𝑎𝑛= 𝜃𝑠𝑡𝑎𝑟𝑡  to 𝜃𝑒𝑛𝑑  in increments of ∆𝜃. 

Our source signal is primarily a single speech source, which is a non-stationary wideband signal. 

Hence, we have modified (and simplified) [23] to handle single speech sources by converting the 

broadband speech into a ‘dominant’ narrowband single sinusoid at each microphone. Speech source 

under low SNR by using Auto-regressive (AR) modeling using time-frequency (T-F) analysis. For 

handling for 𝐿 samples (= equal to Frame length) of speech source data, following procedure is 

used : 
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i.  Framing and windowing of input microphone data 𝑋𝑖(𝑛), 𝑛 = 1,2, … , 𝐿  for every 

microphone, 𝑖 = 1,2,3. 

ii.  Band-pass filtering of input data between 400-1200 Hz (to reduce bandwidth and avoid 

spatial aliasing; explained later in Section IV) ; 

iii.  Perform AR modeling to predict the sinusoidal peaks in each 𝑘𝑡ℎ  frame of noisy speech 

from T-F analysis; Using AR modeling for speech data, we can partially model the dominant 

components using exponentials (to be used later for DOA estimation) even under very low 

SNRs. 

iv. Location of the peak of the AR model frequency spectrum is an estimate of the dominant 

frequency, 𝑓0 in each frame, 𝑘. This frequency 𝑓0 will be used to generate scanning frequency 

vector 𝑓𝑠𝑐𝑎𝑛. 

To reduce the scanning complexity of the algorithm: (i) we vary 𝑓𝑠𝑐𝑎𝑛 = 𝑓0 ± ∆𝑓 Hz, ∆𝑓 = 100 Hz; 

and (ii) we reduce (and fix) the dimension of  𝑋𝑠3𝑥𝐿
 and 𝑆𝑠3𝑥𝐿

, under the assumption of localizing 

only the principal source However, these can also be changed depending upon available 

computation capability of the underlying platform. If shorter 𝐿 is used, the steps i.-vi. can be 

repeated to track the source over time. For more than one sources, sparsity constraints can be 

imposed on 𝑁𝑜𝑟𝑚𝑆𝑉𝐷 to improve performance at the cost of increased computations as in [23]. 

5.4 Data Description 

Noisy dataset for three-microphone smartphone recording is prepared for the simulation 

experiments by adding ten clean speech files from HINT speech database [47] to noise files at 

desired SNR. Noise is assumed to be AWGN and SNR is varied between -5 dB to +5 dB. For 

simulation experiments, we calculate SNRs based on active speech level (ASL). We have not used 

any reverberation in these simulations. 𝐹𝑠 fixed at 16 kHz. This is consistent with the bandwidth 

(i.e. 8 kHz) available on current HADs. Higher sampling rates can also be used with the proposed 

method depending on the intended application. Four values of 𝜃 taken, arbitrarily, one in each 

direction viz. 48°, 127°, 267° and 308°. For the sake of completeness, SNR is calculated using (10) 

and is the ratio between signal power, ||𝑠(𝑛)||2 to noise power, ||𝑣(𝑛)||2 measured in dB: 
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SNR (dB) = 10 log10
||𝑠(𝑛)||2

||𝑣(𝑛)||2
                                  (5.9) 

where 𝑠(𝑛) is a signal sample and 𝑣(𝑛) is noise sample. 𝑛 = 1,2, … , 𝐿.  A negative value of SNR 

indicates the most hostile case where the speech is completely buried in noise. 

5.5 Experimental Evaluation 

In this section, we present several experiments to highlight the advantages of the proposed SSL 

method for NUNLA. Simulation experiments are first presented for two parameters: (a) Under 

different SNRs; and (b) Different data lengths, 𝐿. These two parameters are the most critical ones 

for future real-time deployment of the smartphone in a noisy environment. Lower SNR translates 

to difficulty in listening to the desired speech signal in presence of background noise. Data length 

affects the cost of deployment; larger data length leads to better performance at the cost of higher 

computational delay. Then, we analyze the effect of inter-microphone spacing (𝑑 and 𝑣) on spatial 

aliasing and spatial ambiguity for the NUNLA considered in this paper. The NUNLA is this work 

(and most previous works) are considered to be fixed in position and orientation. However, we 

expect that the change in orientation on the NUNLA itself can have some effect on the spatial 

aliasing. This is analogous to moving the smartphone orientation in the user’s hands. Lastly, we 

compare the proposed DOA estimation algorithm against a popular sub-space based method, 

MUSIC [20, 21] and demonstrate the advantages of proposed method. 

  

A. Effect of change in Signal to background Noise (SNR) ratio 

Under very high background noise with uniform spatial distribution, it is very difficult for HAD 

users to understand speech coming from particular direction. To demonstrate this condition, we 

vary the SNR between the source signal and noise signal, and then estimate the direction of sound 

source under different SNRs. For this sub-section, 𝑓0 = 570 Hz (estimated using AR modelling 

described in previous section) and 𝐿 = 1600 samples i.e. 100ms of input microphone data. Results 

have been presented for four values of 𝜃 taken arbitrarily one in each direction viz. 48°, 127°, 267° 

and 308°. 
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As shown in Figure. 5.3 (a-d), decrease in SNR leads to a broader PDP, independent of the value 

of 𝜃. While the proposed method is able to scan complete 360° (unlike 180° in many previous 

works [30-32]), there is no spatial aliasing even at 0 dB SNR. Also, while most methods 

breakdown below 0 dB SNR, the proposed method has a low average RMSE of 2.292° at -5dB 

SNR (from Table 5.1). This advantage is due to the combined use of the SVD algorithm and the 

NUNLA used in this paper. Table 5.1 also shows that by increasing the SNR, lower RMSE values 

can be achieved. Therefore, pre-processing on the microphone data (such as noise suppression 

using apriori SNR estimation [44]) can result in lower RMSE in DOA estimation and increase 

accuracy. 

 

Figure 5.3. Polar Directivity Patterns (PDP) for Proposed method using NUNLA at (a) 𝜃 = 48°, 

(b) 𝜃 = 127°, (c) 𝜃 = 267°, and (d) 𝜃 = 308° at different SNRs (𝐿 = 100ms). 
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Table 5.1. Average RMSE Values under different SNR 

 

 

 

 

 

 

Table 5.2. Average RMSE Values under different data lengths 

 

 

 

 

 

 

B. Effect of change in data frame length  

Longer data length i.e. more information about the data yields better estimation of signal subspace 

and lowers RMSE, at the cost of increased computations. Table 5.2 shows the RMSE values at 

four angles at different data lengths. For this sub-section, 𝑓0= 570 Hz (estimated using AR 

modelling) and SNR = 0dB of input microphone data. We present the results for four values of 𝜃 

taken arbitrarily one in each direction viz. 48°, 127°, 267° and 308°.   

From Table 5.2, we can see that using 𝐿 = 500ms has much lower RMSE than that for 𝐿 = 20ms. 

However, it is also interesting to note that using the proposed method, the average RMSE for 𝐿 = 

20ms at 0 dB SNR is only 2.77°, which is well below acceptable limits for audio source localization 

(usually about 25°). There is usually a trade-off between choice of 𝐿 and RMSE values obtained 

for real-time deployment. Smaller values of 𝐿 indicates faster tracking of moving sound sources, 

SNR↓ 

Angle→ 

RMSE* (°) Average  

RMSE* 

 (°) 
48° 125° 267° 308° 

-5 dB 1.41 3.21 1.69 2.84 2.29 

0 dB 0.78 1.35 0.99 1.47 1.15 

5 dB 0.38 0.78 0.56 0.7071 0.61 

*Over 100 Simulation trials. 𝐿 = 1600 samples = 100ms 

𝑳 ↓ 

Angle→ 

RMSE* (°) Average  

RMSE* 

 (°) 
48° 125° 267° 308° 

500 ms 0.28 
0.75 0.48 0.75 0.57 

100 ms 0.81 
1.46 0.88 1.47 1.16 

20 ms 1.68 
3.63 2.18 3.57 2.77 

*Over 100 Simulation trials. SNR = 0 dB 
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but leads to higher RMSE values and vice versa. However, the proposed method can be tailored 

for intended DOA estimation application without much loss in accuracy.   

 

C. Effect of change in inter-element spacing (𝒅 and 𝒗) on Spatial Aliasing and Spatial 

Ambiguity for NUNLA 

In this section, we will present several experiments to illustrate the effect of 𝑑 and 𝑣 on the DOA 

estimation by using the directivity patterns. Recall that, if 𝑑𝑚𝑎𝑥 = 𝜆𝑚𝑖𝑛/2 =   𝑐/2𝑓𝑚𝑎𝑥  then, 𝑑 ≤

𝑑𝑚𝑎𝑥 implies there is no spatial aliasing at certain frequency 𝑓0 ≤ 𝑓𝑚𝑎𝑥. In this section, we fix 

𝑓𝑚𝑎𝑥 = 1 kHz ⇒ 𝑑𝑚𝑎𝑥 = 0.165m from (5.2). Also, 𝜃 = 25° is the true DOA angle and SNR = 20dB. 

In Figure 5.4, for ULA, we plot the directivity pattern by varying 𝑑 in terms of 𝑑𝑚𝑎𝑥, given by the 

relation 𝑑 = 𝛼𝑑𝑚𝑎𝑥, where 𝛼={0.1,1,10} for sake of illustration. We observe that when 𝑑 ≤ 𝑑𝑚𝑎𝑥 

(for α = {0.1, 1}) and 0 ≤ 𝜃 ≤ 179°, there is no spatial aliasing. Also, notice that there is no spatial 

ambiguity in this range. However, for 𝑑 ≤ 𝑑𝑚𝑎𝑥 (for 𝛼 = {0.1,1}) and 0 ≤ 𝜃 ≤ 179°, we can 

observe the occurrence of unwanted ‘spatially aliased’ peaks in the directivity pattern. Next, if we 

observe the directivity pattern in range 0 ≤ 𝜃 ≤ 359°, spatial ambiguity can be witnessed as 

aliased peaks in the directivity pattern. Thus, ULA suffers from both spatial aliasing (when  ≥

𝑑𝑚𝑎𝑥) and spatial ambiguity (when 0 ≤ 𝜃 ≤ 359°) for fixed value of 𝑓𝑚𝑎𝑥, 𝜃 and SNR. 

For NULA (Figure 5.5) and NUNLA (Figure 5.6), we vary the spacing 𝑣 = 𝛼𝑑𝑚𝑎𝑥, where 𝛼 =

{0.1,1,10} to illustrate the effect of spatial aliasing and spatial ambiguity. For NULA (in Figure 

5.5), spatial aliasing is not as worse as in ULA, but spatial ambiguity still exists when 0 ≤ 𝜃 ≤

359°. Interestingly, for NUNLA (in Figure. 5.6), both spatial aliasing and spatial ambiguity are 

alleviated irrespective of 𝛼 and 𝜃. Thus, Figure 5.6 illustrates one of the main reasons to prefer a 

NUNLA for DOA estimation to other ULA and NULA. 
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Figure 5.4.Linear Directivity pattern (LDP) for ULA illustrating the effect of spatial aliasing for 

𝑑 = 𝛼𝑑𝑚𝑎𝑥 , 𝛼 = {0.1,1,10}, 𝑓𝑚𝑎𝑥 = 1kHz. 

 

 

Figure 5.5.Linear Directivity pattern (LDP) for NULA illustrating the effect of spatial aliasing 

for 𝑣 = 𝛼𝑑𝑚𝑎𝑥 , 𝛼 = {0.1,1,10}, 𝑓𝑚𝑎𝑥 = 1kHz 
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Figure 5.6. Linear Directivity Pattern (LDP) for NUNLA illustrating the effect of spatial aliasing 

for 𝑣 = 𝛼𝑑𝑚𝑎𝑥 , 𝛼 = {0.1,1,10}, 𝑓𝑚𝑎𝑥 = 1kHz 

 

In the rest of this section, we will examine the effect of 𝑣 on spatial aliasing and spatial ambiguity, 

when 𝑣 = 𝛼𝑑, but 𝑑 ≠  𝑑𝑚𝑎𝑥. Here, we fix 𝑑 = 1.2 cm and 𝑓0 = 1000Hz. This is inspired from the 

typical inter-element spacing on hearing aids and between a pair of the Nexus 6 microphones. Other 

 

parameters have previously assumed values. Notice from Figure 5.7 that for both NULA and 

NUNLA where 𝑣 =10𝑑, there is spatial ambiguity, but no spatial aliasing. In addition, for NUNLA, 

there is neither spatial aliasing nor spatial ambiguity at 𝑣 = 10𝑑. So, in conclusion for NUNLA with 

𝑑 = 1.2cm and 𝑣 = 10𝑑 = 12cm, the effect of spatial aliasing and spatial ambiguity are largely 

mitigated for a fixed 𝑓𝑚𝑎𝑥 and 𝜃. Similar observations are made for other frequencies as well. We 

can also notice that the main beam width becomes sharper with increase in frequency.    

 

D. Comparison with MUSIC [21] 

In this section, we have compared the performance of the proposed method with a popular Eigen 

value based method proposed in [20, 21]. Proposed SSL method using NUNLA shows lower spatial 

aliasing over MUSIC using ULA and MUSIC with NULA as illustrated in Figure 5.8. We also 

observe that the PDP is much sharper for proposed method using NUNLA over the other two 
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methods. These advantages show that the NUNLA on the smartphone using proposed SSL 

algorithm is superior over previously used ULA/NULA. 

 

 

 

 

 

Figure 5.7. Linear Directivity Pattern (LDP) for (a) NULA and (b) NUNLA illustrating the effect 

of spatial ambiguity for 𝑣 = 𝛼𝑑, 𝛼 = {0.1,1,10}, 𝑑 = 1.2 cm, 𝑓0 = 1 kHz. 
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Figure 5.8. Polar Directivity plot (PDP) for comparison of Spatial aliasing for NULA +MUSIC 

(blue dash), NUNLA+MUSIC (green dot) & Proposed method (NUNLA+SVD) (red solid) for 𝜃 

= 75°, 𝑓0 = 1000 Hz. SNR = 0 dB, 𝐿 = 100 ms. 
 

5.6 Effect of Smartphone orientation on Spatial Aliasing 

In this section, we present our analysis by changing the orientation of NUNLA with respect to the 

DOA angle of the source signal. Although NUNLA have been shown to be more robust to spatial 

aliasing and spatial ambiguity than ULA and NULA, we would like to evaluate the performance 

when the array orientation is changed. So we, analyze the directivity pattern of our NUNLA under 

four different orientations (as shown in Figure 5.9). 
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Figure 5.9. Different orientations of NUNLA analyzed: (a) NUNLA 1, (b) NUNLA 2, (c) 

NUNLA 3, and (d) NUNLA 4. 
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The first orientation ‘NUNLA 1’ (Figure 5.9 (a)) is the default NUNLA and has and will been 

studied extensively in this paper. Now, NUNLA 2 (Figure 5.9 (b)) is NUNLA 1 rotated 90° about 

its vertical axis. NUNLA 3 (Figure 5.9 (c)) is NUNLA 1 rotated about its horizontal axis by 90°. 

Finally, NUNLA 4 (Figure 5.9 (d)) is NUNLA 3 rotated about its vertical axis by 90°. These four 

orientations are motivated by the most common orientations of the smartphone. The following 

parameters are kept constant for this section: 𝑑 = 1.2cm, 𝑣 = 12cm and 𝜃 = 38°. Following 

parameters are varied for this section: 𝑓𝑚𝑎𝑥 = {500Hz, 1kHz, 2kHz} and SNR = {0dB, 10dB}. The 

DOA angle 𝜃 varies as the elevation angle.  

Two important inferences can be drawn from above results (Figure 5.10-5.15): Firstly, as long as 

𝑓0  is less than ~2kHz, NUNLA 1 and NUNLA 2 (Figure 5.10 (a) & (b), Figure 5.11 (a) & (b), 

Figure 5.12 (a) & (b) and Figure 5.13 (a) & (b)) have no or little spatial aliasing. At 2kHz, NUNLA 

1 and NUNLA 2 (Figure 5.14 a & b and Figure 5.15 a & b) show severe spatial aliasing. 

Interestingly, NUNLA 3 and NUNLA 4 have lower spatial aliasing under same conditions. The 

NUNLA here comprises of three ‘two-microphone’ arrays conditions (3-choose-2). Changing the 

orientation of the microphone array pair changes the microphone pair that would sample the 

incident plane wave. This leads to reduced spatial aliasing as the new orientation satisfies the 

condition given in (2). This shows that by changing the orientation of microphone array, the effect 

of spatial aliasing can be reduced at higher frequencies. The second inference is that when the SNR 

is increased, the spatially aliased peaks are much lower in amplitude. Hence, the DOA estimation 

errors due to spatial aliasing can also be reduced by increasing SNR via right orientation of the 

array (e.g. orientation of smartphone/Nexus 6 w.r.t to source/speaker location) and performing 

appropriate pre-filtering on the signal received at microphones. Finally, at higher SNRs, NUNLA 

3 has least spatial aliasing, whereas at low SNRs, NUNLA 1 and 2 have lower spatial aliasing. 

Hence, to use NUNAL 1 and 2 reliable without any spatial aliasing, we must use a band pass filter 

at the input whose cut-off frequency is dominated by the larger dimension of the array.  
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Figure 5.10. Linear Directivity pattern(LDP) for different orientations of NUNLA analyzed: (a) 

NUNLA1, (b) NUNLA 2, (c) NUNLA 3, and (d) NUNLA 4 for 𝑓𝑚𝑎𝑥 = 500 Hz and SNR = 0dB. 

 

 
Figure 5.11. Linear Directivity pattern(LDP) for different orientations of NUNLA analyzed: (a) 

NUNLA1, (b) NUNLA 2, (c) NUNLA 3, and (d) NUNLA 4 for 𝑓𝑚𝑎𝑥 = 500 Hz and SNR = 10dB. 
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Figure 5.12. Linear Directivity pattern(LDP) for different orientations of NUNLA analyzed: (a) 

NUNLA 1, (b) NUNLA 2, (c) NUNLA 3, and (d) NUNLA 4 for 𝑓𝑚𝑎𝑥 = 1000 Hz and SNR =0dB. 

 

 

Figure 5.13. Linear Directivity pattern(LDP) for different orientations of NUNLA analyzed: (a) 

NUNLA 1, (b) NUNLA 2, (c) NUNLA 3, and (4) NUNLA 4 for 𝑓𝑚𝑎𝑥 = 1000 Hz and SNR = 10dB. 
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Figure 5.14. Linear Directivity pattern(LDP) for different orientations of NUNLA analyzed: (a) 

NUNLA1, (b) NUNLA 2, (c) NUNLA 3, and (d) NUNLA 4 for 𝑓𝑚𝑎𝑥 = 2000 Hz and SNR = 0dB. 
 

 

Figure 5.15. Linear Directivity pattern(LDP) for different orientations of NUNLA analyzed: (a) 

NUNLA1, (b) NUNLA 2, (c) NUNLA 3, and (d) NUNLA 4 for 𝑓𝑚𝑎𝑥 = 2000 Hz and SNR = 10dB. 
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Figure 5.16 presents RMSE encountered in NUNLA (NUNLA 1, three element, 𝑑 = 1.2cm, 𝑣 = 

12cm) used in this paper, respectively. Figure 5.16 can be interpreted as a map of all possible 

combinations of frequency,𝑓0 and DOA angle 𝜃 of source that could result in DOA estimation 

errors. RMSE values (shown by color legend) is plotted versus frequency, 𝑓0 (x-axis) versus DOA 

angle, 𝜃 (y-axis) of the source and is calculated over 10 iterations for 𝐿 = 100ms at SNR = 0dB for 

all possible frequency values and all possible directions. Frequency,𝑓0 is varied from 500 Hz to 4 

kHz in increments of 100Hz and DOA, 𝜃 is varied from 1° to 360° in increments of 1°. As such, 

the heat map is a plot of RMSE values for about 126,000 iterations of the proposed algorithm for 

different possible combinations of 𝑓0 and 𝜃. These errors (indicated by strong yellow color) can 

be attributed to incorrect estimation of maxima in (5.8) due to spatial aliasing and inaccuracies due 

to presence of noise. To avoid this situation, we must first apply a bandpass filter to our input 

microphone data, 𝑋𝑖(𝑛) between 500-1200 Hz as in Section 5.3. This serves two purposes: (i) 

Small frequency bandwidth reduces the scanning complexity for matrix 𝐴; and (ii) Eliminates any 

chance of spatial aliasing as shown in Figure 5.16.  

 

 

Figure 5.16. Color map of NUNLA for RMSE versus Frequency, 𝑓0 versus correct DOA angle 

𝜃 = 0° to 360° of source at SNR = 0dB, 𝐿 =100ms and 10 iterations for each combination of 𝑓0 

and 𝜃. Color legend indicates the RMSE values. 
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To better understand Figure 5.16, we present the PDP for certain combinations of frequency 𝑓0 

and DOA angle 𝜃 for six cases: In first three cases (Figure 5.17 (a), (b), (c)) we have minimum 

RMSE. In the last three cases (Figure 5.17 (d), (e), (f)), we observe severe spatial aliasing which 

results in maximum values of RMSE (as seen in Figure 5.16). 

 

Figure 5.17. Polar Directivity Plots (PDP) for NUNLA (Figure 5.16) for particular combinations 

of frequency 𝑓0 and DOA angle 𝜃 for six cases: (a) Min. RMSE at 𝑓0 = 1kHz and 𝜃 = 90°, 𝜃= 88°; 

(b) Min. RMSE at 𝑓0 = 2kHz and 𝜃 = 90°,𝜃= 89°; (c) Min. RMSE at 𝑓0 = 3kHz and 𝜃 = 90°,𝜃= 

89°; (d) Max. RMSE at 𝑓0 = 2.6 kHz and 𝜃 = 90°, 𝜃 = 271°; (e) Max. RMSE at 𝑓0 = 1.3 kHz and 

𝜃 = 90°, 𝜃= 272°; (f) Max. RMSE at 𝑓0 = 1.3 kHz and 𝜃 = 270°, 𝜃  = 90°. 
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5.7 Computation Complexity  

Assuming 𝑓0 and 𝐴 are known, the computational complexity for proposed SVD approach is 

approximated by: {Ο(𝐿3) +  Ο(3𝐿) + 𝐿𝜃𝑠𝑐𝑎𝑛
𝐿𝑓𝑠𝑐𝑎𝑛

Ο(𝐿)}≈ Ο(𝐿3), where 𝐿𝜃𝑠𝑐𝑎𝑛
 = length of vector 

𝜃𝑠𝑐𝑎𝑛 and 𝐿𝑓𝑠𝑐𝑎𝑛
 = length of vector 𝑓𝑠𝑐𝑎𝑛. On a 2 GHz Intel processor, the average processing time 

required by the proposed algorithm for a 20ms frame of data (𝐿=320 samples) was 9.4ms (with 

RMSE = 0.9487°) and for a 50ms frame of data (𝐿=800 samples) was 11.2ms (with RMSE = 

0.8660°). This shows that the processing time is much less than the frame length of data (without 

any significant loss in accuracy), which allows fast operation of the proposed algorithm.  

5.8 Summary 

In this chapter, we presented a SSL algorithm which can accurately localize single speech source 

using the NUNLA architecture under very low SNR conditions. The performance of the proposed 

method was tested for different SNRs and data length for speech sources to understand the 

implication of the method for real-time, i.e. frame-based, deployment and especially for using a 

smartphone platform. The proposed method is easily extendable to multiple sources for frame-based 

processing. The proposed algorithm using NUNLA is shown to have better performance than the 

traditionally used ULA and NULA architectures for a complete 360° scan. This would enhance the 

overall SSL performance for hearing aid devices (HADs) in noisy environments, thereby providing 

greater comfort to the HAD users.      
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CHAPTER 6 

CIRCULAR MICROPHONE ARRAY BASED SPEECH SOURCE LOCALIZATION 

AND TRACKING 

6.1 Motivation  

So far, we have limited ourselves to two- and three-microphone arrays for speech source 

localization and tracking, primarily for the reasons of smartphone implementation. Although the 

use of lesser number of microphones is often preferred due to the target device hardware and 

computation concerns, we need to explore microphone arrays with larger number of microphones 

to take benefit of the realm of microphone array signal processing algorithms [3-5]. The theory of 

microphone array signal processing revolves around our ability to exploit and explore the subtle 

differences in the microphones’ response to the impinging sound waves. Deriving from these 

spatial differences, we can come up with more powerful speech processing techniques, such as 

adaptive beamforming for noise reduction that can assist in the robust localization of speech 

sources. The previous microphone array configurations (two or three) could not take advantage of 

these techniques to the fullest because of the limited number of microphones.  

One such widely popular microphone array configuration is the circular microphone array, because 

of its simplicity and symmetry. These microphone arrays are increasingly becoming popular in 

teleconferencing systems and voice-controlled devices for home and office environments [10], 

[11]. While, two-microphone array suffers from ‘front-back’ ambiguity problems, the three-

microphone array could not take advantage of beamforming due to a lack of symmetry. A circular 

microphone array can resolve these problems.  

In this chapter, we look at the circular microphone array for source localization and tracking of 

single speech sources. We adopt a Minimum Variance Distortionless Response based-

beamforming [55] approach, combined with a voice-activity detector (VAD) [17] for DOA 

estimation of single speech sources in noisy and reverberant conditions. Since the uniform circular 

geometry does not suffer from front-back ambiguity problem, we can detect and localize speech 

sources on a 360° azimuth. The MVDR beamforming-based approach is inherently robust to noise 

and reverberation due to its underlying assumptions. We, then exploit the VAD to make correct 
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decisions in terms of direction of arrival (DOA) of speech source. We call this approach using 

VAD as a ‘Beam-selector’ approach. Since, this approach also sorts (and ranks) the beams 

according to their feature values; we can extend this approach to localize multiple speech sources 

without any modification. We call this ‘Beam ranking’ for localizing multiple speech sources. 

Consequently, the beam selection process to determine the DOA also allows us to output the 

enhanced (or beamformed) speech to the user, with/without any further post-processing. Hence, 

this method is fast, reliable and is very robust to noise and reverberation in the environment. Since, 

we designed the VAD specifically for this application, it does not require any initial estimate of 

the noise statistics, and rather it computes them on the go. This way, the proposed approach can 

easily adapt to changing noise conditions without any need to re-calibrate the noise estimator.  

To reduce computation time, we pre-compute the MVDR beamforming coefficients based on the 

knowledge of the microphone array geometry and noise-field assumptions. Although a separate 

noise estimation block could be utilized to compute and update the beamforming coefficients, the 

proposed method shows great performance, at low real-time computation costs. We limit ourselves 

to eight microphones, with a diameter of about 12cm (fits in the palm of a hand). While proposed 

hardware [53] is capable to perform DOA estimation stand-alone, the estimated DOA and the 

enhanced speech can be communicated to the smartphone of the hearing aid user over a wireless 

channel using Bluetooth or Wi-Fi.  

6.2 Existing DOA estimation methods 

Although, a detailed review of existing methods was presented in Chapter 2, we would like to 

recapitulate the major highlights of the previous works. Figure 6.1 shows a typical beamforming 

based method that uses the DOA information to provide enhanced speech from noisy speech. In 

[39], a cross correlation based approach for SSL of speech sources was used. A circular 

microphone array consisting of 24 equally spaced microphones with a radius of 27.5cm was used. 

The DOA estimation was presented using the generalized cross-correlation (GCC) method and the 

beamforming algorithm used was simple Delay-and-Sum filtering. The proposed implementation 

(as shown in Figure 6.1) achieves decent performance as reported in [39]. However, since the focus 

of the work was on hardware implementation, rather than improving the DOA estimation and 
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Figure 6.1. Block diagram of Traditional DOA estimation based Adaptive beamforming 

 

beamforming, the results are non-conclusive. We implement this method on a frame-based 

architecture and use it for comparison in this work. We also implement the DOA estimation in 

[39] on a real-time hardware, shown later. In [40], the circular integrated cross-spectrum (CICS) 

method achieves DOA estimation error lower than 1 degree at high SNRs. However, it was not 

possible to implement it on a frame-based architecture. In [41], an interesting approach based on 

discrete Teager-Kaiser Energy operator is presented. In contrast to cross-correlation based 

localization techniques, the proposed method processes only two signals while maintaining a 

circular symmetric system with no preferred look direction. In [43], a multiple sound source 

localization and counting method is presented, that imposes relaxed sparsity constraints on the 

source signals. Using appropriately selected TF components in these ‘single-source’ zones, the 

proposed method (similar to [40]) jointly estimates the number of active sources and their 

corresponding directions of arrival (DOAs) by applying a matching pursuit-based approach to the 

histogram of DOA estimates. For real-time implementation, the method was tested on a 2.4GHz 

Intel processor and took 55% of available processing time, implying very high computation costs 

for implementation on hardware with limited resources. 
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6.3 Proposed DOA estimation Method 

In this section, we present the proposed Eight-microphone DOA estimation algorithm for a circular 

microphone array. The block diagram is shown in Figure 6.2.  

The proposed method consists of following operations on the 8-channel noisy input data: 

i. 16-channel Super-directive Minimum Variance Distortionless Response (MVDR) [55]-

based Fixed Beamforming; 

ii. 16-channel MMSE-LSA based Post-filtering (optional); 

iii. 16-channel Feature extraction and Single-feature based Unsupervised VAD; 

iv. 16-channel Feature Smoothening and Adaptive Thresholding; 

v. Beam-Ranking for Speech Source localization to estimate 𝜃; 

vi. Beam-selection for Speech Enhancement to obtain �̂�(𝑛).  

We now discuss each component in some detail and mention their importance in the proposed 

method.  

MVDR [55] is probably the most popular beamforming algorithm for maintaining a directionless 

response in the look direction (i.e. in the desired direction or the direction of the estimated DOA 𝜃) 

to improve the SNR of the input noisy data. If we assume that the signal model for the given 

problem as: 

𝑥𝑖(𝑛) = 𝑠𝑖(𝑛) + 𝑣𝑖(𝑛) = 𝑠1(𝑛 − 𝜂𝑖) + 𝑣𝑖(𝑛) ,      (6.1) 

where 𝑥𝑖(𝑛), 𝑠𝑖(𝑛) and 𝑣𝑖(𝑛) denote the received signal, the speech signal and the noise signal at 

the 𝑖𝑡ℎ microphone, respectively. Here, 𝑖 =1, 2, …, 8 and 𝜂𝑖 denotes the inter-microphone time 

difference for 𝑖𝑡ℎ microphone w.r.t reference microphone 1. 𝑠𝑖(𝑛) and 𝑣𝑖(𝑛) are assumed to be 

zero mean, real and uncorrelated. For efficient processing, (6.1) is often represented in frequency-

domain given by 

𝑋𝑖(𝑘) = 𝑆𝑖(𝑘) + 𝑉𝑖(𝑘) = 𝑑𝜃𝑙
(𝑘)𝑆1(𝑘) + 𝑉𝑖(𝑘) ,      (6.2) 

where  𝑋𝑖(𝑘), 𝑆𝑖(𝑘) and 𝑉𝑖(𝑘) denote the FFT representation of the received signal, the speech 

signal and the noise signal received at the 𝑖𝑡ℎ microphone, respectively. 𝑘 is the FFT index. 𝑑𝜃𝑙
(𝑘) 

denote the steering vector in the desired look direction 𝜃𝑙, given by  

𝑑𝜃𝑙
(𝑘) ≜ [1 … 𝑒−𝑗𝑘(𝑛−1)𝑐𝑜𝑠(𝜃𝑙)] 𝐻      (6.3) 
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where 𝐻 denoted the Hermitian transpose.  

The goal of beamforming is to extract the desired speech signal 𝑆1(𝑘), by applying a linear filter 

𝐻(𝑘) to 𝑋(𝑘) given by 

     𝑌(𝑘) = 𝐻𝐻(𝑘)𝑑𝜃𝑙
(𝑘)𝑆1(𝑘) + 𝐻𝐻(𝑘)𝑉(𝑘)            (6.4) 

where 𝑌(𝑘) is the output of the MVDR beamformer, 𝐻𝐻(𝑘)𝑆1(𝑘) is the filtered speech signal, and 

𝐻𝐻(𝑘)𝑊(𝑘) is the residual noise. The MVDR beamformer filter 𝐻(𝑘) can be obtained by 

minimizing the variance of residual noise term 𝐻𝐻(𝑘)𝑉(𝑘) under the constraint of distortionless 

response in the look direction. Mathematically, it can be represented as 

   min
ℎ(𝑘)

𝐸[|𝐻𝐻(𝑘)𝑉(𝑘)|2] s.t. 𝐻𝐻(𝑘)𝑑𝜃𝑙
(𝑘) = 1                    (6.5) 

where 𝐸[∙ ]denoted the expectation operator. The solution to (6.5) is given by the well-known 

MVDR solution, given by 

     𝐻(𝑘) =
Γ𝑉𝑉

−1 (𝑘)𝑑𝜃𝑙
(𝑘)

𝑑𝜃𝑑
𝐻 (𝑘)Γ𝑉𝑉

−1 (𝑘)𝑑𝜃𝑙
(𝑘)

                              (6.6) 

where Γ𝑉𝑉(𝑘) = 𝑉(𝑘)𝑉𝐻(𝑘) is the cross power spectral density(CPSD) matrix of the noise 

spectrum. The equation (6.6) allows us to obtain optimal beamformer coefficients given the 

knowledge of only 𝜃𝑙  and Γ𝑉𝑉(𝑘). However, even minor inaccuracies in the estimation of 𝜃𝑙  and 

Γ𝑉𝑉(𝑘) may lead to severe degradation in the noise suppression performance of the beamformer. 

Hence, it is often encouraged to adopt a time-invariant beamformer design for practical purposes.  

Time-invariant beamformers operate on a set of pre-computed beamformer filters 𝐻(𝑘) in the 

desired listening (look) directions. In real-time operation, we use these pre-computed filters and 

switch the beam directions by selecting the appropriate filters in the desired look directions. Since, 

we do not compute 𝐻(𝑘) using (6.6) in real-time, we can perform very fast beamforming. In this 

work, we refer to this approach as ‘Fixed’ MVDR beamforming. However, since we would like to 

pre-compute the filters 𝐻(𝑘), we cannot use the input noisy signals to estimate the CPSD. Hence, 

we have to make two assumptions on the noise field: (i) Isotropic noise field (i.e. same noise 

spectrum in every point of space) and (ii) Spherical noise field (i.e. uncorrelated noise sources 
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from all directions). Hence, it is called ‘Super-directive’ MVDR beamforming. If 𝑙1𝑖 represents 

the inter-microphone separation between the reference microphone and the 𝑖𝑡ℎ microphone, then 

the CPSD for an isotropic noise filed is the average CPSD for all spherical directions and is given 

by  

Γ𝑉𝑉(𝑘) = 𝑉𝑜(𝑘)𝑠𝑖𝑛𝑐(
2𝜋𝑘𝑙1𝑖

𝑐
)     (6.7) 

where 𝑉𝑜(𝑘) is the noise spectrum captures by an omnidirectional microphone and 𝑐 is the speed 

of sound in the medium. Under the assumption of isotropic noise field, Γ𝑉𝑉(𝑘) is same at each 

location. Although Γ𝑉𝑉(𝑘) can be estimated using noise estimation(tracking) algorithms, a ‘Super-

directive’ MVDR beamforming is often shown to be reliable and consistent performance under 

most realistic conditions.  

In this work, we would like to rely heavily on two other concepts of beamforming: Directivity 

pattern and Directivity Index (DI). The directivity pattern of a microphone array is a complex 

function showing the spatial selectivity of the microphone array and is a function of the frequency, 

distance and angle of the sound source w.r.t the microphone array. Under far-filed assumption, the 

distance is often ignored. Figure 6.2 (a), (b) show the directivity pattern of a two-microphone array 

(the one used in Chapter 4) for 𝜃𝑙 = 0° (‘Broadside’) for 𝜃𝑙 = 90° (‘End fire’), respectively and 

(c) a circular eight microphone array (used in this chapter) for 𝜃𝑙 = 0°. Since the circular 

microphone array is symmetrical over 360° azimuth angles, the beam patterns are symmetrical as 

well. A narrow beampattern with higher intensity along 𝜃𝑙 indicates higher directivity for a 

microphone array and is usually preferred.  

Figure 6.3 (a), (b) and (c) show the 2-dimensional polar directivity pattern(PDP) for two-

microphone for 𝜃𝑙 = 0° (‘Broadside’), two-microphone array for 𝜃𝑙 = 90° (‘End fire’), and Eight-

microphone array, respectively for different frequencies. 𝜃𝑙 is measured counter-clockwise from 

the perpendicular to the microphone axis. Two trends are often witnessed: The PDP becomes 

narrower as the frequency increases. This is because at higher frequencies for a fixed inter-

microphone spacing, we can have more sampling intervals of incident plane waves. The second 

trend observed with increasing frequency is the occurrence of more side lobes in the PDP which 
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deteriorates the performance of the beamformer. The occurrence of side lobes is inevitable for 

microphone arrays with fixed dimensions or off-the-shelf microphone arrays.  

The directivity index (DI) for a given direction 𝜃𝑙 is the ratio of the received power from direction 

𝜃𝑙 to the average power received from all directions. It is usually represented as a constant for each 

frequency bin in decibels. A higher value of DI (in dB) is preferred. Figure 6.4 (a) and (b) compare 

the DI (in dB) for two-microphone array for broadside and end fire case, respectively against the 

eight-microphone array considered in this work. 

 

 

 

(a) Two Mic, Broadside 
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Figure 6.2.Directivity Patterns for (a)Two-microphone, Broadside, (b) Two-microphone, End fire 

and (c) Eight-microphone array. 

 

 

(c) Eight Mic  

(b) Two Mic, End fire 
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(a) Two Mic, Broadside 

 

(b) Two Mic, End fire 
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Figure 6.3. 2D Polar Beampatterns at different frequencies for (a)Two-microphone, Broadside, (b) 

Two-microphone, End fire and (c) Eight-microphone array. 

 

 

(c) Eight Microphone 

(a) Two Microphone, Broadside 
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Figure 6.4.Directivity Index for (a) Twomicrophone, Broadside, (b) Two-microphone, End fire 

against the Eight-microphone array. 

 

 

(b) Two microphone, End fire 

(a) 
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Figure 6.5. 2D Polar Directivity Pattern (PDP) at different look angles from 0° to 90° in resolution 

of 22.5° at (a) 1000Hz, (b) 2000Hz and (c) 4000Hz. A resolution of 22.5° provides unambiguous 

detection of beams.  

 

(b) 

(c) 
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Figure 6.6. Proposed Architecture for Speech source localization using Uniform circular 

microphone array with 8 microphones 

 

Following are the steps in the proposed method after collecting the incident speech signal from the 

microphone array (Figure 6.6): 

Step 1: Filter the incident 8-channel input using the pre-computed Super-directive MVDR-based 

beamforming coefficients. We decompose the 8-channel input into 16-beams after beamforming. 

Each fixed beam is designed to point at one direction, separated by 22.5° over a 360° azimuth 

plane. 

Step 2: Since the beams are now at higher SNR, we extract a single feature-Spectral Flux 𝑆𝐹(𝑏, 𝑖) 

for the unsupervised VAD (As in Chapter 4 Section 4.4). One feature vector is extracted per beam 

𝑏 per frame 𝑖. The SF feature used in this work is defined by: 

𝑆𝐹(𝑘, 𝑖) =  
1

𝑁
∑ (|𝑋𝑖(𝑘)| − |𝑋𝑖−1(𝑘)|)2

𝑘    (6.8) 

for 𝑘𝑡ℎ bin frequency bin and 𝑖𝑡ℎ frame. 𝑘 = 1,2, … , 𝑁. 

Step 3: We apply feature smoothening to each feature and decompose it into a Speech-SF feature 

𝑆𝐹𝑠(𝑏, 𝑖) and a Noise-SF feature 𝑆𝐹𝑛(𝑏, 𝑖) per beam per frame, based on a recursive averaging 

technique, discussed next. 

For 𝑖𝑡ℎ frame (dropping the beam index 𝑏 for brevity), 

𝑆𝐹𝑠(𝑖) = 𝛼𝑠𝑆𝐹𝑠(𝑖 − 1) + (1 − 𝛼𝑠)𝑆𝐹(𝑖) (6.9) 

𝑆𝐹𝑛(𝑖) = 𝛼𝑛𝑆𝐹𝑛(𝑖 − 1) + (1 − 𝛼𝑛)𝑆𝐹(𝑖)  (6.10) 

where 

Raw Noisy 

𝒙𝒊(𝒏) 
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Beamforming 
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Processing 
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DOA 
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DOA 𝜃 

Enhanced 

Speech 

�̂�(𝑛) 

8ch 

data 
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beams 
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beams 
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𝛼𝑠 =  {
𝛼𝐴𝑠 , if 𝑆𝐹(𝑖) ≥ 𝑆𝐹𝑠(𝑖 − 1)

𝛼𝐷𝑠 , if 𝑆𝐹(𝑖) < 𝑆𝐹𝑠(𝑖 − 1)
 

𝛼𝑛 =  {
𝛼𝐴𝑛 , if 𝑆𝐹(𝑖) ≥ 𝑆𝐹𝑛(𝑖 − 1)

𝛼𝐷𝑛 , if 𝑆𝐹(𝑖) < 𝑆𝐹𝑛(𝑖 − 1)
 

In the above equations, 𝛼𝑠 and 𝛼𝑛 control the smoothing rate based on two parameters for each. 

𝛼𝐴𝑠 and 𝛼𝐷𝑠 denote the attack and decay constant for Speech feature 𝑆𝐹𝑠(𝑖), respectively. 𝛼𝐴𝑛 and 

𝛼𝐷𝑛 denote the attack and decay constant for Noise feature 𝑆𝐹𝑛(𝑖), respectively. 𝛼𝐴𝑠 ≠ 𝛼𝐴𝑛 and 

𝛼𝐷𝑠 ≠ 𝛼𝐷𝑛. The suggested values for these constants are: 

𝛼𝐴𝑠 =  10−6(Fast attack), 𝛼𝐷𝑠 =  0.7(Slow decay); 

𝛼𝐴𝑛 =  0.99995(Slow attack), 𝛼𝐷𝑛 =  10−6(Fast decay). 

Step 4: Then, we apply Adaptive Thresholding by comparing each Speech-Noise feature to arrive 

at a VAD decision. The VAD decision (per frame per beam) is defined as follows: 

VAD (𝑖) = {
1 (Speech), if  𝑆𝐹𝑠(𝑖) ≥ 𝜅 𝑆𝐹𝑛(𝑖)

 0 (Non − Speech), if  𝑆𝐹𝑠(𝑖) < 𝜅 𝑆𝐹𝑛(𝑖)
 (6.11) 

where 𝜅 is a tunable scaling factor depending on the background noise conditions. 

Step 5: We then process the Speech SF feature 𝑆𝐹𝑠(𝑖) per beam per frame to rank them based on 

their values. The direction corresponding to the beam with the highest 𝑆𝐹𝑠(𝑖) value corresponds to 

the estimated DOA. The beam corresponding the selected DOA is the final enhanced speech to be 

transmitted to the hearing aid user (with or without any further post-processing). 

(Optional) Step 6: Since, we can also rank the Noise SF feature 𝑆𝐹𝑛(𝑖) per beam per frame, we 

can also get an estimate about the location of the noise source using the VAD decisions, assuming 

it is a point noise source. 

(Optional) Step 7: To handle non-stationary noise types, we can introduce a ‘𝐷’ frames decision 

buffer to control the final DOA estimation decisions. (As used in Chapter 4 Section 4.3 B). 

(Optional) Step 8: For multiple talker localization, if the number of speech sources of interest are 

known (= N), the beam ranking technique can select and output ‘top-N’ directions with the highest 

𝑆𝐹𝑠(𝑖) values. This way the proposed method can localize multiple active speech sources at the 

same time without any modification to the system. 
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6.4 Experimental Evaluation  

Noisy dataset for eight-microphone recording is prepared for the simulation experiments by adding 

clean speech files from HINT database [48] to noise files for different realistic environments at 

desired SNR. For simulation experiments, we calculate SNRs based on active speech level (ASL). 

We have not used any reverberation in these simulations. Each clean speech file is eight-channel 

and the room impulse responses (RIRs) are generated using DOA angle 𝜃 for each file are 

simulated using the Image-Source model in [49]. The room size is 5m × 5m × 5m and the 

microphone array is fixed at the center of the room. Five different DOA angles {0°, 45°, 90°, 135°, 

180°, 225°, 270° and 315°} are considered w.r.t end-fire direction for each of the ten clean speech 

files. That is, the speech segment changes its direction every few seconds sequentially over eight 

different angles. We consider four different types of noise viz. White (W), Machinery (M), Traffic 

(T), Babble (B) at five different SNRs. These conditions cover more realistic scenarios (0-10dB) 

and harsh condition (-5dB). We analyze about 40,000 different noisy test cases (about 40 hours of 

noisy data files) and average the RMSE values. The noisy files used for testing on simulation data 

are available at [14] upon request. 

We present the quantitative analysis of the DOA estimation results in Figure 6.7 for different noise 

types. We use the dataset discussed above and quantify the results using the performance metrics 

in Section 3.5. Apart from mean RMSE and mean MAE, we also present the standard deviation 

(Std. Dev.) of the RMSE and MAE results to analyze the variation in the results. We compare our 

proposed DOA estimation method with and without Post-filter (MMSE-LSA) with Cross-

correlation (CC) -based method presented in [39]. 
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Figure 6.7. Quantitative analysis of the Proposed DOA estimation method versus CC-based 

method in [38]. Lower values of RMSE and MAE (both mean and std. dev.) are preferred. 
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Next, we present the Source-tracking example for the proposed DOA estimation method (with and 

without Post-filter) at 0dB SNR for different noise types to provide a more insightful view into the 

previously presented quantitative results.  

 

 

 

(a) White noise; No Post-filter 

(b) White Noise; With Post-filter 
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(c) Machinery Noise; No Post-filter 

(d) Machinery Noise, With Post-filter 
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(e) Traffic Noise, No Post-filter 

(f) Traffic Noise; With Post-filter 
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Figure 6.8.Source tracking results for different noise types at 0dB SNR for (a)White noise,(c) 

Machinery noise, (e) Traffic noise, (g) Babble noise without Post filter and for (b)White noise,(d) 

Machinery noise, (f) Traffic noise, (h) Babble noise with Post-filter (MMSE-LSA).  

 

 

(g) Babble Noise; No post-filter 

(h) Babble Noise; With Post-filter 
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6.5 Real-time Implementation on Matrix Creator  

The proposed method will be implemented on a Matrix Creator (MC) [53] (Figure 6.9) evaluation 

board that is driven by a Raspberry Pi3(RPi3) model B. The MC board features an eight 

omnidirectional MEMS microphone array, controlled by an ARM Cortex M3 microcontroller with 

a Xilinx Spartan 6 FPGA board. It interfaces to an RPi3 board using the general Purpose Input-

Output (GPIO) and the Serial Peripheral Interface (SPI) protocol to transmit commands and audio 

data in real-time. The MC board collects the raw data from the eight-microphone circular array and 

streams it to the RPi3 for the signal processing part. The DOA estimate is communicated to the user 

by a ring of 35 LEDs on the periphery of the MC board (like the Amazon Echo [10]). The enhanced 

speech can be hard-wired through a 3.5mm stereo output. Alternately, since the RPi3 supports both 

Bluetooth and Wi-Fi wireless protocols, the DOA estimate and the enhanced speech could be 

transmitted to either a paired smartphone for additional processing or even a wireless headset. The 

DOA estimate would be displayed on the smartphone’s display, while the enhanced speech could 

be streamed directly to the user’s hearing aids/earphones. 

 

Figure 6.9. Hardware platform for real-time implementation of proposed DOA estimation 

algorithm 
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6.6 Summary 

In this chapter, we explored a uniform circular microphone array with eight microphones and fits 

in the palm of a hand. We proposed a MVDR beamforming based DOA estimation method that 

can achieve very accurate DOA estimation. We propose the use of a multi-beam feature extraction 

step that improves the robustness against background noise. We present the quantitative 

performance analysis of the proposed algorithm in a real-time implementation and demonstrate 

source-tracking capability under different background noise conditions. The DOA estimates as 

well as the enhanced speech can be streamed to a connected smartphone for easy interface.  
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CHAPTER 7  

CONCLUSION AND FUTURE WORK 

7.1 Conclusion 

In this dissertation, we have studied three different types of microphone arrays, namely- Linear 

Microphone Array (ULA) using two microphones, Non-Uniform Non-Linear Microphone Arrays 

(NUNLA) using three closely spaced microphones and Uniform Circular Microphone Array 

(UCA) using eight microphones. We also propose the use of three assorted speech source 

localization (SSL) algorithms for Direction of Arrival (DOA) estimation and Tracking - one for 

each microphone array configuration. We also proposes additional improvements to each of the 

SSL algorithm to improve its robustness to background noise conditions. We spend considerable 

time on the discussion of each microphone array configuration and the effect of spatial aliasing 

and spatial ambiguity, especially for the NUNLA case. Since, all these proposed algorithms must 

be able to operate in real-time on a smartphone; we have developed them on a frame-based 

implementation capable of accurate DOA estimation and tracking. The end applications of these 

presented approaches are geared towards improving speech perception for hearing aid users as 

well as improving speech recognition accuracy for voice-controlled devices.  

7.2 Future Work 

The present work provides several opportunities for improvements in the proposed methods for 

DOA estimation and tracking due to its modular design strategy. We have provided specific details 

about the future work for each method in the corresponding discussions. Here we present a more 

general discuss about future the improvements. In this work, we have focused on the DOA 

estimation of single speech sources. However, it is possible to extend these approaches to 

localizing multiple speech sources, by means of simple clustering approaches. In order to improve 

noise robustness, we have used a very simple VAD and simple pre-filtering/post-filtering blocks. 

However, more powerful VAD algorithms could be used to improve the performance of existing 

algorithms. Similarly, more efficient pre-filtering and post-filtering algorithms could be used to 
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lower the RMSE and thereby improve the DOA estimation accuracy. However, we must keep in 

mind to obtain a compromise between real-time operation and DOA estimation accuracy. Another 

possible avenue would be treat DOA estimation as a multi-class classification problem using data-

driven approaches such as neural networks (NN)/ multi-layer perceptron (MLP) models. However, 

this would require collecting a large database of labelled noisy audio data for large number of 

different angles, which is tedious and time-consuming. For best performance, this audio data for 

training these models has to be collected using the target hardware/device to avoid any 

performance degradation due device mismatch during real-time deployment.  
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Audio Engineering Intern at Bose Research in Summer 2016 and as a Research Scientist Intern at 

Amazon Lab 126 in Summer 2017. He will be joining Amazon Lab 126 in Cambridge, MA as a 

Research Scientist in the Fall of 2018.   

 

 

 

 

 

 

 



 

 

 

CURRICULUM VITAE 

ANSHUMAN GANGULY 

EDUCATION 

Doctor of Philosophy, Electrical Engineering          CGPA: 3.890 

The University of Texas at Dallas (UTD), TX, USA                             Summer 2018 

 

Master of Science (Thesis), Electrical Engineering         CGPA: 3.876 

The University of Texas at Dallas (UTD), TX, USA                            Fall 2014 

Thesis: ‘Parallel Feedback Active Noise Control Using Signal Decomposition Techniques’ 

 

Bachelor of Engineering, Electronics & Telecommunication                        84.05% 

Bhilai Institute of Technology, Durg (BIT-D), CG, INDIA            May 2012 

 

SKILLS  

Programming Languages: MATLAB, Simulink, C and LabVIEW. Familiar with Python and 

C++ 

Tools: Audacity, Sonic Visualizer, Max MSP, Pure Data (PD), Eclipse IDE. Familiar with 

Android Studio 

Courses: Signals & Systems, DSP-I, DSP-II, Applied DSP, Audio Signal Processing for Music 

Applications, Speech & Speaker Recognition, Machine Learning, Deep Learning, Detection & 

Estimation Theory, Compressed Sensing, Random Process 

 

WORK EXPERIENCE 

 

Research Scientist Intern - HW Technology at Amazon Lab126 [May 2017-August 2017] 

Developed Microphone Array Beamforming tools for visualization and analysis of different 

microphone array geometries and beamformers using MATLAB and Python. Explored different 

super-directive and data-dependent beamformers for Amazon devices using MATLAB and 

Python. Experience with masking-based approaches for data-dependent beamformers and 



 

 

visualization tools. Obtained Word Error Rates (WER) using Kaldi on AWS and performed several 

objective evaluations. 

 

Audio Engineering Intern at Bose Corporation [May 2016-August 2016] 

Explore and develop voice capture solutions for next generation of consumer electronics and 

wireless products. Propose, simulate and demonstrate improvement in algorithm performance 

under real-life noisy conditions using MATLAB. Implement proposed method on hardware using 

Simulink and demonstrate real-time operation on prototype design. Document all codes and results 

for future reference. 

 

RESEARCH EXPERIENCE 

Statistical Signal Processing Research Lab (SSPRL) at UTD [2013-Present] 

Developed, implemented & tested Real-time algorithms for Adaptive filtering, Independent 

Component Analysis, Spatial Signal Processing and Microphone Array Signal Processing. Coded 

in MATLAB and C and implemented on PC-based and ARM processors 

 

UTD-UTSW Acoustic Lab (UT-AL) at UTD [2013-Present] 

Proficient with electrical hardware and measurement equipment for Loudspeakers, Microphones, 

Analog/Digital filter design, A/D Converters, Oscilloscopes, Signal generators, Time-Frequency 

analysis, breadboards/printed circuit boards for Audio applications 

 

Sound Design & Research Lab at UTD [2014-2015] 

Designed and implemented robust multi-channel ANC using higher order Ambisonics (HOA), 

with application to museums and concert halls. Coded in MATLAB and C and successfully 

simulated on Max MSP on a Mac OSX 

 

PROJECTS  

A. Research Projects 

1. ‘Improving Sound Localization for Hearing Aid Devices Using Smartphone Assisted 

Technology’ [2015-] 



 

 

• Implemented several sound source localization (SSL) algorithms for microphone arrays using 

SVD, GCC, Beamforming 

• Explored several uniform linear, non-uniform non-linear and circular microphone array 

geometries for SSL    

• Used MATLAB, Simulink for simulation and testing; and C for implementation on Android 

smartphone 

• Demonstrated over lower spatial aliasing and better accuracy as well as Real-time operation 

on Nexus 6 

2. ‘Parallel Feedback Active Noise Control using Delayless Subband and Signal 

Decomposition techniques’ [2014- ongoing] 

• Proposed Parallel Feedback ANC (FANC) architecture for broadband acoustic noise, such as 

fMRI and Machinery 

• Incorporated Delayless Sub-band FANC to improve the overall noise cancellation at reduced 

computation cost 

• Developed and Coded on MATLAB. Tested for stationary, quasi-stationary and non-stationary 

noises 

 

B. Academic Projects 

1. ‘Implementation of Speech Processing pipeline on Android-based Smartphone’ [Spring 

2014] 

• Coded speech processing algorithms for Voice Activity Detection (VAD), Mel frequency 

Cepstral Coefficients (MFCC) Feature extraction, Gaussian Mixture Models (GMM) based-

Noise Classifier, and log Minimum Mean Square Spectral Estimator (log MMSE) based Noise 

suppression in MATLAB 

• Implemented and optimized the C code on Nexus 5 for real-time operation 

2. ‘MATLAB GUI Implementation of Classical Estimation Algorithms’ [Spring 2014] 

• Developed a Graphical User Interface (GUI) using MATLAB for analyzing the performance 

comparison of various classical Estimation algorithms. Estimated unknown parameters from 

five types of commonly encountered signal types 



 

 

• GUI accepted for supplementing coursework for EESC 6343 at UTD 

 

PUBLICATIONS  

[1] Anshuman Ganguly and I. Panahi, "Non-Uniform Non-Linear Microphone Arrays for Robust 

Speech Source Localization", Journal of Signal Processing Systems, Springer 2017.  

[2] Anshuman Ganguly, A. Kucuk, I. Panahi, "Real-time noise robust dual-microphone Speech 

Source Localization and Tracking on Smartphone", IEEE Transactions on Consumer Electronics, 

September 2017. (IF: 1.693) [Under first Review]. 

[3] Anshuman Ganguly, A. Kucuk, I. Panahi, "Real-time Smartphone implementation of noise-

robust Speech source localization algorithm for hearing aid users", Proceedings of Meetings on 

Acoustics, 2017 30:1, Boston, MA, 2017. 

[4] Anshuman Ganguly, Issa Panahi, “Improving Sound Localization for Hearing Aid Devices 

using Smartphone Assisted Technology”, IEEE International Workshop on Signal Processing 

Systems (IEEE SiPS), October 2016. 

[5] Anshuman Ganguly, A. Kucuk, I. Panahi, “Real-time Smartphone application for improving 

spatial awareness of Hearing Assistive Devices”, Engineering in Medicine and Biology Society 

(EMBC), 40th Annual International Conference of the IEEE, Aug. 2018. [Under review]. 

[6] Abdullah Kucuk, Anshuman Ganguly, Issa Panahi, “Improved pre-filtering stages for GCC-

based direction of arrival estimation using smartphone”, Proceedings of Meetings on Acoustics, 

Acoustic Society of America (ASA 2018), Minneapolis, MN, May 2018.[Accepted] 

[7] Abdullah Kucuk, Yiya Hao, Anshuman Ganguly, Issa Panahi, “Stereo I/O Framework for 

Audio Signal Processing on Android Platforms”, Proceedings of Meetings on Acoustics, Acoustic 

Society of America (ASA 2018), Minneapolis, MN, May 2018. [Accepted] 

[8] Yuzhou Liu, Anshuman Ganguly, Krishna Kamath, Trausti Kristjansson,, “Neural Network 

Based Time-Frequency Masking And Steering Vector Estimation For Two-Channel MVDR 

Beamforming”, Acoustics, Speech and Signal Processing, 2018 IEEE International Conference on 

(ICASSP), Calgary, Alberta, Canada, 15–20 April 2018. [Accepted] 

[9] C. K. A. Reddy, Anshuman Ganguly and I. Panahi, "ICA based single microphone Blind 

Speech Separation technique using non-linear estimation of speech," 2017 IEEE International 



 

 

Conference on Acoustics, Speech and Signal Processing (ICASSP), New Orleans, LA, 2017, pp. 

5570-5574. 

[10] Parth Mishra, Anshuman Ganguly, Abdullah Kucuk, Issa Panahi, “Unsupervised Noise-

aware Adaptive Feedback Cancellation for Hearing Aid Devices under noisy speech framework”, 

IEEE Signal Processing in Medicine and Biology Symposium(SPMB), 2017.   

[11] Anshuman Ganguly, Issa Panahi, “Parallel Feedback architecture for Ambisonics based 

Active Noise Control”, 5th Joint Meeting of Acoustical Society of America and Acoustical Society 

of Japan (ASA-AJA), 2016 [Accepted] 

[12] Anshuman Ganguly, Issa Panahi, Frank Dufour, “Exploring Feedback Active Noise Control 

using Ambisonics”, 11th IEEE Dallas Circuits and Systems Conference (DCAS), 2015  

[13] Anshuman Ganguly, Chandan K.A. Reddy, Issa Panahi, “Improved Parallel Feedback 

Active Noise Control using linear Prediction for Signal Decomposition”, Acoustics, Speech and 

Signal Processing, 40th IEEE International Conference on (ICASSP), 2015  

[14] Anshuman Ganguly, S.H.K Vemuri, Issa Panahi, “Parallel Feedback Active Noise control 

of MRI acoustic noise with Signal Decomposition using Hybrid RLS-NLMS adaptive algorithms”, 

Engineering in Medicine and Biology Society (EMBC),36th Annual International Conference of 

the IEEE, Aug. 2014, pp. 3220 - 3223 

[15] Anshuman Ganguly, Sri Hari Krishna Vemuri, Issa Panahi, “Real time Remote cancellation 

of Multi tones in an extended acoustic cavity using Directional Ultrasonic loudspeakers”, 40th 

Annual Conference of the IEEE Industrial Electronics Society, 2014  

[16] Anshuman Ganguly, Issa Panahi, “Parallel Feedback Active Noise Control Using 

Decomposition of Noise Signal”, 40th Annual Conference of the IEEE Industrial Electronics 

Society, 2014 

[17] Sri Hari Krishna Vemuri, Anshuman Ganguly, Issa Panahi, “Real-time Active Noise Control 

of Multi-tones and MRI Acoustic Noise in fMRI bore with Signal Decomposition and Parallel 

Hybrid RLS-NLMS Adaptive Algorithms”, 10th IEEE Dallas Circuits and Systems Conference 

(DCAS), 2014 

 

 



 

 

HONORS 

• Bob Owens Best Student Paper Award at IEEE SiPS 2016 and Springer US for “Improving 

Sound Localization for Hearing Aid Devices Using Smartphone Assisted Technology” 

• Johnsson School Industrial Advisory Board (IAB) Fellowship Recipient for Ph.D. Studies 

[2015-2016] 

• Johnsson School Graduate Fellowship Recipient for M.S. Thesis [2014-2015] 

• Member, Honor Society of Phi Kappa Phi, UTD, [2014-Present] 

• Student Member, IEEE-Signal Processing Society (SPS), [2013-Present]. 

 

VISA STATUS: F1/ Eligible to work in U.S.A. 

 

 

 

 

 

 

 

 

 

 


