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Abstract 

Popularity of speech communication is rapidly increasing in various contexts such as conferencing 
systems, mobile/fixed electronic devices and laptops thus leading to a heightened demand for new 
services and improved speech quality. Dictaphones used for dictations usually have one microphone. 
Single microphone does not give enough degree of freedom to allow estimation of location of the 
source. Microphone array makes use of multiple microphones for spatial filtering suppressing the 
background noise. 

This report aims for speech enhancement utilizing the benefits inherited with microphone arrays to find 
direction of desired speaker and focus the listening beam in that direction. A comparison is made 
between Generalized Cross Correlation (GCC) methods for locating the source in real office 
environment. Beamforming is implemented to make the microphone array listen in the desired direction 
thus reducing the interference from other sources. Minimum Variance Distortion-less Response (MVDR) 
approach is shown to give better results compared to more simplistic techniques. Perceptual based 
Eigen filter incorporating human hearing models in subspace incorporated in the suppressor eliminates 
the residual noise.  

Objective system performance is evaluated by estimating Signal-to-Noise-Ratio improvement (SNRI), 
segmental SNR, signal degradation and noise suppression. Perpetual Evaluation of Speech Quality 
(PESQ) gives Mean Opinion Score for subjective evaluation. 

  



4 
 

 

  



5 
 

Acknowledgment 

We are sincerely grateful to Kevin Yunai for providing us with an opportunity to write this thesis. We are 
very grateful to our supervisors Klaus Akselsen, Andreas Kirkedal for guiding us and keeping us 
motivated throughout this period. We are equally thankful to Maria Erman for making it possible for us 
to finish our degree in time. We are equally grateful to Mikael Swartling for his guidance and support 
through this thesis.  

We are thankful to Dr. Benny Sällberg and Dr. Sven Johansan for their support at crucial time and 
Blekinge Institute of Technology, Karlskrona for providing us the opportunity to study this program. We 
express our sincere gratitude to friends and colleagues at MIRSK Digital ApS and outside for their time, 
support, encouragement and activities outside work.  

A special thank you extends to our families for supporting us in every way throughout the years. 

 

 

 

 

 

 

 

 

Muhammad Asim 
Akbar Ali 

 

Karlskrona, October 2012 
  



6 
 

 

  



7 
 

Contents 

Abstract ............................................................................................................................................................................... 3 

Acknowledgment .............................................................................................................................................................. 5 

Contents .............................................................................................................................................................................. 7 

List of Figures ................................................................................................................................................................. 10 

List of Tables ................................................................................................................................................................... 11 

List of Abbreviations ..................................................................................................................................................... 12 

1 Introduction ........................................................................................................................................................... 15 

1.1 Motivation and Objective ........................................................................................................... 15 

1.2 Thesis Overview .......................................................................................................................... 16 

1.3 Notations ..................................................................................................................................... 16 

1.3.1 Typographical Notations ..................................................................................................... 16 

1.3.2 Operators and Constants .................................................................................................... 17 

1.3.3 Functions, Transforms and Names for Common Quantities .............................................. 18 

1.4 Organization of thesis ................................................................................................................. 19 

2 Sound Capture and Microphone Array Processing ..................................................................................... 20 

2.1 Signal propagation Model ........................................................................................................... 20 

2.1.1 The Convolutive Signal Propagation Model ........................................................................ 20 

2.1.2 The Anechoic Signal Propagation Model ............................................................................ 21 

2.2 Specifics of array processing for Audio Applications .................................................................. 22 

2.2.1 Spatial aliasing ..................................................................................................................... 22 

3 Sound Source Localization ................................................................................................................................. 23 

3.1 Source Localization Methods ...................................................................................................... 23 

3.1.1 High-Resolution Spatial Spectral-Based Estimators ............................................................ 23 

3.1.2 Beamformer-based estimators ........................................................................................... 23 

3.1.3 Time Difference of Arrival Estimators ................................................................................. 23 



8 
 

3.2 Time Difference of Arrival Estimation ......................................................................................... 24 

3.2.1 Generalized Cross-Correlation ............................................................................................ 24 

3.3 Steered Response Power (SRP) ................................................................................................... 25 

3.3.1 The Generalized Steered Beamformer ............................................................................... 26 

3.3.2 The uniform sensor array .................................................................................................... 26 

3.3.3 Microphone pair selection .................................................................................................. 27 

3.4 The GCC-PHAT and SRP-PHAT ..................................................................................................... 27 

4 Beamforming ......................................................................................................................................................... 28 

4.1 Classical Beamforming ................................................................................................................ 28 

4.1.1 Delay-sum Beamforming .................................................................................................... 28 

4.1.2 Filter and Sum Beamformer ................................................................................................ 30 

4.2 Time-invariant beamformers ...................................................................................................... 30 

4.3 Adaptive Beamforming ............................................................................................................... 31 

4.3.1 MVDR and MPDR Adaptive Beamformers .......................................................................... 31 

4.4 LMS Adaptive beamformers ....................................................................................................... 32 

4.4.1 Widrow Beamformer .......................................................................................................... 32 

4.4.2 Frost Beamformer ............................................................................................................... 32 

4.4.3 Generalized Side-lobe canceller .......................................................................................... 33 

5 Filter Banks and Subband Beamforming ....................................................................................................... 34 

5.1 Modulated Complex Lapped Transform (MCLT) ......................................................................... 35 

6 Noise Suppressor .................................................................................................................................................. 38 

6.1 Wiener suppression rule ............................................................................................................. 39 

6.2 Spectral Subtraction Rule ............................................................................................................ 39 

6.3 Maximum-likelihood Suppression Rule ...................................................................................... 39 

6.4 Ephraim and Malah Short-term MMSE Suppression Rule .......................................................... 40 

6.5 Subspace Singular Value Decomposition Suppression Rule ....................................................... 40 

7 Speech Quality Assessment Parameters ........................................................................................................ 42 

7.1 Perpetual Evaluation of Speech Quality (PESQ) .......................................................................... 42 

7.2 Signal-to-Noise Ratio (SNR) ......................................................................................................... 43 

7.3 ITU-T P.835 methodology ........................................................................................................... 43 



9 
 

8 Implementation and Results ............................................................................................................................. 45 

8.1 Estimated Source Direction after localization ............................................................................ 46 

8.2 Results from Beamforming and Noise Suppression.................................................................... 48 

8.3 Conclusion ................................................................................................................................... 55 

8.4 Future work ................................................................................................................................. 56 

9 References .............................................................................................................................................................. 57 

 

 

 

  



10 
 

List of Figures 

Figure 2.1: Source at position 𝐜. ................................................................................................................. 22 

Figure 5.1: Filter Bank Structure ................................................................................................................. 34 

Figure 5.2: Flow diagram for MCLT coefficients ......................................................................................... 37 

Figure 5.3: Flow diagram for inverse MCLT ................................................................................................ 37 

Figure 8.1: Comparison of Directivity Patterns of Omni-directional and Cardiod microphones ................ 45 

Figure 8.2: Source localization result for case 1 ......................................................................................... 47 

Figure 8.3: Source localization result for case 2 ......................................................................................... 47 

Figure 8.4: Source localization result for case 3 ......................................................................................... 48 

Figure 8.5: Beam pattern of the beamformer ............................................................................................ 49 

Figure 8.6: Time domain Input and output signals for case 1 .................................................................... 50 

Figure 8.7: Spectrogram of input output signals in case 1 ......................................................................... 50 

Figure 8.8: Time domain Input and output signals for case 2 .................................................................... 51 

Figure 8.9: Spectrogram of input output signals in case 2 ......................................................................... 52 

Figure 8.10: Time domain Input and output signals for case 3 .................................................................. 53 

Figure 8.11: Spectrogram of input output signals in case 3 ....................................................................... 54 

 
  



11 
 

List of Tables 

Table 7.1: PESQ Score Scale ........................................................................................................................ 43 

Table 7.2: Signal Degradation Scale ............................................................................................................ 44 

Table 8.1: PESQ Score and SNR Improvement for Processed Signals ......................................................... 54 

Table 8.2: Signal Degradations level ........................................................................................................... 55 

 
  



12 
 

List of Abbreviations 

ADC    Analog to Digital Converter 

ASR    Automatic Speech Recognition 

AWGN     Additive White Gaussian Noise 

BW    Bandwidth 

BAK    Background Noise Degradation 

CPU     Central Processing Unit 

DCT    Discrete Cosine Transform 

DOA     Direction of Arrival 

DSB    Delay and Sum Beamformer 

FET    Frequency to Eigen Transform 

FFT     Fast Fourier Transform 

FIR     Finite Impulse Response 

IIR      Infinite Impulse Response 

GCC                  Generalized Cross Correlation  

GSC     Generalized Side-lobe Canceller 

JMAPSAP    Joint maximum a-posteriori spectral amplitude and phase 

Max-SNIR     Maximum Signal-to-Noise plus Interference Ratio 
MCLT    Modulated Complex Lapped Transform 

MOS     Mean Opinion Score  

MMSE    Minimum Mean Square Error 

MMSE SP    Minimum mean-square error spectral density 

MSE    Mean square error 

MUSIC    Multiple Signal Classification 

MVDR     Minimum Variance Distortion-less Response  

LCMV     Linearly Constrained Minimum Variance  

LMS     Least Mean Square 

PESQ     Perpetual Evaluation of Speech Quality 

PHAT                   Phase Alignment Transform 

RMS    Root Mean Square 

SIG    Signal Degradation 



13 
 

SNR     Signal to Noise Ratio 

SRP                    Steered Response Power  

SNRI    Signal to Noise Ratio Improvement 

TDE    Time Delay Estimation 

TDOA                Time Difference of Arrival 
  



14 
 

 

  



15 
 

1 Introduction 

Developments in speech technology are backed by increased interaction between humans while 
maintaining quality, comfort and seamless integration. 

1.1  Motivation and Objective 

Speech communication is gaining in popularity day by day in many different contexts as technology 
evolves.  With an increase in usage of mobile electronic devices such as cell phones and laptops, fixed 
electronic devices such as video and teleconferencing systems, lead to an increasing demand for new 
Audio Processing Algorithms, services and better quality.  Sound capturing and Audio processing 
algorithms today are integral part of every personal computer. This triggered an increased demand for 
real time implementations of noise suppression and speech enhancement algorithms running on 
inexpensive processors.  

Automatic speech recognition had an initial task of speech dictation as the primary scenario in an office 
or home environment. The microphone was placed in its best position, close to the mouth, and provided 
good quality sound.  With advancement and increased demand, Automatic speech recognition has 
become an integral part of human-machine interface. It is used in mobile phones and cars and even in 
companies when we dial their phone lines. They are also used in booking hotels, plane tickets etc. 
Speech recognition emerges as another consumer of sound source and audio processing algorithms. 
Humans do not like to wear headsets and close talk microphones, which leads to the demand for hands-
free sound capture and processing algorithms. Array signal processing is the tool to provide comfortable 
hands-free communication. 

The sound propagation itself is a three dimensional process, so capturing it in a single point with one 
microphone is not sufficient to deal with a 3D processes like ambient noise, reverberation, and multiple 
sound sources.  Methods to improve quality of speech recorded with microphone arrays usually operate 
blindly as there is no prior knowledge available about the signals. Multiple microphones allow us for 
spatial filtering and many blind speech enhancement methods work in the spatial domain [1]. In order to 
improve the quality of speech signals it is often necessary to determine the location of speakers. A 
dedicated source localization method is needed that can assist speech enhancement methods by 
providing the spatial information about the sound sources. The demand for sound source localization is 
also increasing in areas such as audio-based camera steering for applications e.g. video conferencing and 
security. In such application it is necessary to determine the location of speaker, or any acoustic event in 
general. This sound source information can then be used to steer the camera on the active speaker in a 
conference system to transmit video, or to focus on areas where some sound activity has been detected 
such as motion sensing. Sound source localization has also many applications other than speech, such as 
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in noise measurements when localizing noise sources in and around vehicle environment, or auditory 
alarms within a factory environment [1], [2]. 

This thesis enlists the work to estimate direction of speaker and enhance the speech corrupted by noise 
for real working environment. Methods are discussed which are robust for direction estimation in noisy 
and reverberant conditions. Enhancement methods are discussed and improvements with promising 
results which are able to achieve noticeable suppression of background noise are implemented while 
maintaining the signal degradation to minimum level [3]. 

Performance evaluation is made in terms of Signal-to-Noise-Ratio (SNR) improvement parameter. 
Perpetual Evaluation of Speech Quality (PESQ) which uses Mean Opinion Score (MOS), a parameter to 
know the quality of signals. These standards are set by International Telecommunication Union (ITU-T) 
for objective evaluation of the quality of speech signals. Subjective evaluation of speech quality is done 
in terms of Signal distortion and background intrusiveness [4], [5], [6]. 

1.2  Thesis Overview 

The thesis is divided into three parts describing the background and discussing sound capture with 
microphone array, followed by Sound source localization, Beamforming and Noise suppression.  

The first part gives an overview on sound propagation and source localization.  

Second part discusses different filtering techniques associated with beamforming. Filter banks are 
discussed which provide computational ease by conversion of time domain signal into subspace.  

Third part explains noise suppression and improvements which give fairly well results in suppressing the 
background noise. 

1.3 Notations 

The base notations and conventions used in this report are given here. It is explained when used 
otherwise. 

1.3.1 Typographical Notations 

Given are the notations used for representing the value type and dimensionality: 

   𝑎  Scalar value (lower case, italics). 

 a   Constant value (lower case, upright). 

 𝐚   Column Vector (lower case, bold). 

 𝐀  Matrix and Set (upper case, bold). 



17 
 

The following are the notations used for representing signals with parenthesis to denote signal domain 
for continuous or discrete time or frequency or time-frequency points. 

 𝑥  Time domain signal (lower case). 

 X  Frequency or time-frequency domain signal (upper case). 

 𝑥(𝑡)  Signal value at time 𝑡. 

 𝑥(𝑛)  Signal value at sample index 𝑛. 

 X(𝜔)   Signal value at angular frequency 𝜔. 

 X(𝑘)   Signal value at subband frequency bin 𝑘. 

 X(𝑛,𝑘)  Signal value at time-frequency point (𝑛,𝑘). 

1.3.2 Operators and Constants 

The following operators and constants are used: 

  𝐸[. ]  Expectation operator. 

  𝐸�[. ]  Sample estimate of the expectation operator. 

  V[. ]   Variance operator. 

  IM[. ]   Imaginary part of complex value. 

  |. |   Absolute value. 

  ‖. ‖  Euclidean vector norm or matrix norm.  

  ∠   Angle of complex value. 

  ∗   Convolution. 

  ∗   Complex conjugate. 

  T  Vector or matrix transpose. 

  H  Vector or matrix Hermitian Transpose. 

  �    Estimated value. 

  �   Time reversed sequence. 

  𝑣  Speed of propagation of sound; 𝑣 ≈ 343 ms−1. 

  𝑒  Natural logarithm base. 
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  𝑗  Imaginary unit.   

1.3.3 Functions, Transforms and Names for Common Quantities 

The functions and the names for the quantities used in this report are: 

  𝛿(. )  The Dirac delta function. 

  ℱ(. )  The forward Fourier Transform; discrete or continuous. 

  ℱ−1(. )  The inverse Fourier Transform; discrete or continuous. 

  sinc(. )  The Sinc function; sinc(𝑥) = sin(𝜋𝑥)
𝜋𝑥

. 

  𝐽, 𝑗  Number of sources and source index. 

  𝐼, 𝑖  Number of sensors and sensor index  

  𝐾,𝑘  Number of subbands and subband index. 

  𝐏, {i, j}  Set of sensor index pairs and sensor index pair.  

  s,𝑆  Original Source signal. 

  𝑥,𝑋  Received sensor signal. 

  𝑞,𝑁  Noise Signal. 

  W, w  Beamformer weights  

  𝐺  Cross-power Spectrum. 

  𝜏  Propagation delay or time-difference of arrival. 

  𝑎  Propagation attenuation. 

𝜌   Decay factor for far field model. 

  𝜃  Angle of arrival. 

  𝑑  Sensor spacing. 

  𝐜  Source location.   

𝐩,𝑝𝑚  Sensor location. 
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1.4 Organization of thesis 

In chapter two sound propagation and capture with microphone array is discussed. Acoustic signal 
modeling is explained briefly. It also describes the degradation problem caused by the use of single 
microphone and far-field microphones in speech processing applications. Microphone array signal 
processing is then presented as a solution these problems. 

Chapter 3 introduces different source location strategies. Generalized cross correlation (GCC) algorithm 
with SRP-PHAT is explained and implemented. Chapter 4 presents various beamforming techniques and 
delay and sum beamformer is given in detail. Chapter 5 introduces Noise suppression algorithm. In 
chapter 6, Signal to noise ratio (SNR) and Perpetual Evaluation of Speech Quality (PESQ) are discussed.  
Speech quality is accessed by using these two parameters after processing with the algorithm designed. 
In Chapter 7, covers the overall results presented along with appropriate explanations followed by 
conclusions, recommendations and potential for future work in chapter 8. 
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2 Sound Capture and Microphone Array Processing 

This chapter introduces models and assumptions for this thesis and provides the foundation on which all 
proposed methods are based. The model presented concerns how sound signals are assumed to 
propagate in space and time, and how they interact with a spatially spread sensor array. It defines sound 
wave and how it propagates in different media, especially in air. Sound is a waveform consists of density 
variations in an elastic medium, propagating away from a source. Propagating medium can be air, water 
or a solid material.  

Sound propagation itself is a three dimensional process, so capturing it in a single point, with one 
microphone, is not sufficient to deal with a 3D processes like ambient noise, reverberation, and multiple 
sound sources [3], [7]. Using multiple closely positioned microphones allows us to listen to sound 
coming from any particular direction, while suppressing the noises and interferences coming from other 
undesired directions. In addition, microphone arrays allow estimation of the direction of arrival that is 
sound source localization. There are two types of microphone array processing algorithms: time-
invariant and adaptive. The first one works well under the assumption of isotropic ambient noise, and 
they are fast and simple to implement for working in real time.  

Adaptive processing algorithms are optimal when we have point sources in low reverberant 
environment. They are more complex and require more CPU resources for implementation. Both of 
them shine when we have identical capturing channels and are affected badly by mismatch, caused 
mainly by manufacturing tolerances of the microphones used in microphone array. This manufacturing 
tolerance is usually handled in algorithms design, by introducing time-calibration procedures or by real-
time auto-calibration algorithms [2], [7]. Multichannel allow the design of multichannel noise 
suppressors and spatial filters which further improve sound quality by suppression of unwanted noise. 

2.1 Signal propagation Model 

Two signal propagation models are generally used i.e. convolutive signal propagation model and the 
anechoic signal propagation model. These models describe the assumption of how a signal propagates 
from a transmitting source to a receiving sensor [1]. 

2.1.1 The Convolutive Signal Propagation Model 

Convolution is equivalent to filtering and the operation is described as  

    𝑥(𝑡) = 𝑠(𝑡) ∗ ℎ(𝑡)  +  𝑛(𝑡)     (2.1) 
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In frequency domain it is  

𝑋(𝑓) = 𝑆(𝑓)𝐻(𝑓)  +  𝑁(𝑓)      (2.2) 

Physical properties of the propagation path i.e. attenuation, reverberation and propagation delay are 
modeled by the filter ℎ(𝑡). The noise 𝑛(𝑡) is usually white Gaussian noise. This model is very complex to 
model. 

2.1.2 The Anechoic Signal Propagation Model 

This model is simplification of the convolutive model. It assumes that the there are no reflections and 
there is only the direct path from transmitter to the receiver. The filter ℎ(𝑡) in this case is given by the 
propagation delay and attenuation: 

𝑥(𝑡) = 𝑎𝑠(𝑡 − 𝜏) + 𝑣(𝑡)     (2.3) 

The corresponding frequency domain model then becomes: 

𝑋(𝑓) =  𝑎𝑆(𝑓)𝑒−𝑗𝜔𝜏 + 𝑁(𝑓)     (2.4) 

For the case of multiple sensors at positions 𝐩 = {𝑝𝑚,𝑚 = 0, 1, … ,𝑀− 1} the signal capture model in 
frequency domain is: 

𝑋𝑚(𝑓,𝑝𝑚) = 𝐷𝑚(𝑓, 𝑐)𝑆(𝑓) + 𝑁𝑚(𝑓)     (2.5) 

We do all the processing in the transform domain and will use the notations accordingly. The first term 
at the right-hand side represents phase rotation and decay due to the distance to microphones. It is 
given as 

𝐷𝑚(𝑓, 𝑐) = 𝑒−𝑗2𝜋𝑓
‖𝑐−𝑝𝑚‖

𝑣

‖𝑐−𝑝𝑚‖
𝐴𝑚(𝑓)𝑈𝑚(𝑓, 𝑐)      (2.6) 

𝐴𝑚(𝑓) is the frequency response of the ADC and 𝑈𝑚(𝑓, 𝑐) is the known directivity pattern of 
microphones. As the distance between the source and the sensor increases, sound waves arriving at the 
sensor can be assumed to be planar waves in vicinity of those sensors. Decay factor and phase rotation 
in the far field model is given as 

𝐷𝑚(𝑓, 𝑐) = 1
𝜌
𝑒−𝑗2𝜋𝑓

|𝑝𝑚|cos(<〖(𝑝〗𝑚)−𝜃)
𝑣 𝐴𝑚(𝑓)𝑈𝑚(𝑓, 𝑐)   (2.7) 

The decay factor 𝜌 is constant for every direction and sound source. Phase difference is dependent on 
the sound source direction and array geometry. Equation (2.7) defines the sound capture for far field 
scenario [7]. Figure 2.1 shows and arrangement with an array of 2 sensors (M1 and M2) for sound 
capture. Direction of the source at position 𝐜 is the angle it appends between the center point of the 2 
sensors and the axis perpendicular to the array axis. The decay factor 𝜌 
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2.2 Specifics of array processing for Audio Applications 

With advancement in array technologies and available computing power, immense research is going on 
to use microphone arrays to capture sound in telecommunication systems and for automatic speech 
recognition systems. A single microphone captures too much noise and reverberation with no degree of 
freedom. The general idea of microphone array is to use multiple microphones with higher directivity 
and to create an analog of a single microphone by combining the signals from all microphones into one 
signal [2]. Such microphones with higher directivity will capture less noise and reverberation. The output 
from such microphone array will have better quality with reduced noise level. 

2.2.1 Spatial aliasing 

Space time sampling are used Placement of the microphones in an array, if does not satisfies the 
distance limit, will cause aliasing. This phenomenon is known as spatial aliasing. It has a similar effect as 
in temporal sampling of the signal. It follows from the spatial sampling theorem that if 𝜆𝑚𝑖𝑛 is the 
minimum wavelength of the signal of interest, the limit on distance between the microphones is then 

given as 𝑑 < 𝜆𝑚𝑖𝑛
2

, that is the distance between two microphones should be smaller than half a 

wavelength of the highest frequency of the signal of interest. 

  

 

 
𝜃 

 

 

 

 

 

 

Figure 2.1: Source at position 𝐜. 
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3 Sound Source Localization 

Source localization refers to finding the position of a source or multiple sources. This position is 
dependent on the distance of source from microphone array and its orientation in the coordinate 
system. The major property related to source localization is the relatively low propagation speed. The 
speed of sound is approximately 343 m/sec in room temperature and normal pressure. With this speed 
sound wave travels 10 cm in 291 µsec which is 4.66 sampling periods when sampling at 16,000 samples 
per second. Using microphone array, with only two elements, provides enough degree of freedom to 
detect where the sound comes from [3], [8]. 

3.1 Source Localization Methods 

The methods for source localization estimation comprise of  

1. High-resolution spectral based estimators. 
2. Beamformer-based estimators. 
3. Time difference of arrival estimators. 

3.1.1 High-Resolution Spatial Spectral-Based Estimators 

These methods are related to spectrum estimation and are based on spatial-correlation matrix of the 
received signal. They are implemented in spatial domain, which is the reason they are referred to as 
spatial estimators [1], [9]. 

Multiple Signal Classification (MUSIC) estimator is an example of such method. The correlation matrix is 
decomposed into eigenvectors. Such methods are sensitive to sensor placement errors and 
reverberations [8]. 

3.1.2 Beamformer-based estimators 

Also known as steering power estimators, these methods estimate the power in various directions. The 
maximum power is achieved in the direction where the source is located. These estimators are 
computationally expensive and depend greatly on the spectral content of received signal [3] [10]. 

3.1.3 Time Difference of Arrival Estimators 

In this category the difference between arrival times of the signal at two microphones is estimated with 
known microphone array geometry. An example to estimate the time difference between two sensors 
at positions 𝒑𝑖  and 𝒑𝑗 is given as:  

𝑇� 𝑝𝑖 ,𝑝𝑗 , c� =
‖c− 𝑝𝑖‖−�c− 𝑝𝑗�

𝑣
     (3.1) 
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High-resolution spectral-based estimators will be left behind and discussion will precede with TDOA 
estimators along with Steered response power estimators.  

3.2 Time Difference of Arrival Estimation 

For a single pair i.e. a microphone array with two microphones, the angular position at which source is 
present is given as: 

𝜃 = arcsin �𝜏D𝑣
𝑑
�     (3.2) 

Task of finding the angle impended by source can be seen as estimation of time delay. The most intuitive 
approach for the task at hand is to find the maximum of cross correlation function between two signals 
at two microphones. The cross correlation between two signals received at microphones 𝑖 𝑎𝑛𝑑 𝑗 can be 
expressed as: 

𝐑𝑖𝑗 = ℱ−1�𝐗𝑖𝐗𝑗H�     (3.3) 

The resultant time delay for the sound between two sensors is given as 

𝝉�𝐷 = �𝐑𝑖𝑗�𝜏
𝑎𝑟𝑔𝑚𝑎𝑥      (3.4) 

Cross power spectral density for the two signals is given as: 

𝐆𝑋𝑖𝑋𝑗 = 𝐗𝑖𝐗𝑗H      (3.5) 

Cross correlation term in (3.3) is a function of time and the peak position corresponds to the time delay. 
The peak width of the cross correlation function is wider for low frequency components and this leads to 
a flatter and smeared peaks and lower precision of time delay estimation.  

3.2.1 Generalized Cross-Correlation 

To overcome smearing, Generalized Cross Correlation introduces filtering of received signal prior to 
estimating cross correlation. This is done with general filters 𝐇𝑖 and 𝐇𝑗. It is equivalent to multiply 
frequency bins with weights and thus the cross correlation is addressed as: 

𝐑𝑖𝑗 = ℱ−1 �𝛙.𝐆𝑋𝑖𝑋𝑗�     (3.6) 

Several weighting functions have been proposed giving optimal result in one way or another. Among 
many of the weighting functions i.e. Maximum Likelihood, etc, Phase Transform (PHAT) weighting has 
proven to give best results. Results show sharp peaks similar to delta functions making it suitable even 
for detection of multiple sources. 
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The PHAT weighting is given as: 

( )PHAT
1ψ

G ( )
i jX X

k
k

=

    (3.7) 

It may appear by looking at the phase transform function that it suppresses the high energy frequencies. 
We will now see why this actually works. 

Assuming that we have a source that is white and the signal recorded by sensors is actually an estimate 
of the propagation path: 

𝑆(𝑘) = 1 → 𝑋(𝑘) = 𝐺(𝑘)    (3.8) 

subject only to the phase shift caused by direct path. Thus, by choosing the general filters as  

�́�(𝑘) = 1
𝑿(𝑘)

      (3.9) 

we eliminate any  multi-path propagation effects. If the sensors are closely located, it can be assumed 
that  

𝐺𝑖(𝑘) ≈ 𝐺𝑗(𝑘)  → 𝑋𝑖(𝑘)𝑋∗𝑗(𝑘) ≈ �𝑋𝑖(𝑘)𝑋∗𝑗(𝑘)�   (3.10) 

PHAT weighting uses the received signal as an estimate of propagation path in order to inverse filter the 
received sensor signal. It performs quite well in low noise and reverberant conditions, thus making is a 
suitable for realistic environments with promising results [1]. 

3.3 Steered Response Power (SRP) 

SRP estimator, as described earlier, makes a search for maximum power at the output of beamformer in 
all directions. 

Output of a delay and sum beamformer is  

𝑦(𝑡) = ∑ 𝑥𝑚�𝑡 + 𝑇(p𝑚, c)�𝑀−1
𝑚      (3.11) 

Where,  

𝑻(𝐩, c) = ‖c−𝐩‖
𝑣

      (3.12) 

is propagation delay function from the source to the sensor location. In frequency domain the 
beamformer is given as  

𝒀(𝑘) = ∑ 𝑋𝑚(𝑘)𝑒�𝑗2𝜋𝑓𝑇(p𝑚,𝐜)�𝑀−1
𝑚     (3.13) 

for each frequency bin 𝑘. The output power is given as 
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𝑷(𝐜) = ∑ 𝒀(𝑘) 𝒀∗(𝑘) 𝐾−1
𝑘=0     (3.14) 

The source location is given by the maximum of the beamformer output power 

c� =  𝑷(𝐜)𝒄
𝑎𝑟𝑔𝑚𝑎𝑥         (3.15) 

3.3.1 The Generalized Steered Beamformer 

Steered power response can be generalized in the same way as the correlation based estimator was 
generalized in previous section. In other words we can say that the generalized cross correlation 
estimator can be modified which can be seen as generalization of steered beamformer. In addition to 
adding the pre-filters as in generalized cross correlation, summing output power of the beamformer for 
the all pairs of sensors gives the generalized steered beamformer [11]. 

𝑃(c)  =  ∑  ∑  ∑ ψ𝑖,𝑗(𝑘) 𝑌𝑖(𝑘) 𝑌∗𝑗(𝑘)𝐾−1
𝑘=0

𝑀−1
𝑗=0

𝑀−1
𝑖=0 .   (3.16) 

Considering, the generalized steered response power appears to be a pair wise generalized cross-
correlation of received signal, summed for all possible pairs. Though it is possible to estimate 
generalized steered response power for any arbitrary sensor geometry and arbitrary search space, only 
far field model is assumed implemented with a uniform linear sensor array. 

3.3.2 The uniform sensor array 

Looking at the generalized steered beamformer it is observable that the generalized response is 
dependent on relative propagation delay differences between the pairs at hand i.e. for sensors 𝑖 and 𝑗 at 
positions 𝑝𝑖  𝑎𝑛𝑑 𝑝𝑗  respectively, the delay difference would be 𝑇�𝑝𝑗  , . � − 𝑇(𝑝𝑖  , . ). 

Position of sensors in a uniform linear sensor array can be given by: 

𝑝𝑛 = 𝑝0 + 𝐛.𝑛𝑑     (3.17) 

Where 𝐛 is the unit-vector representing the axis of sensor array baseline i.e. axis on which the array is 
placed. The distance between two adjacent sensors is given by 𝑑. Propagation delay difference is now: 

𝑇�𝑝𝑗 , c� − 𝑇(𝑝𝑖 , c ) = 𝑝𝑗Tc−𝑝𝑖Tc
𝑣

      (3.18) 

= (𝑝0+𝐛.𝑗𝑑)Tc−𝑏(𝑝0+𝐛.𝑖𝑑)Tc
𝑣

    (3.19) 

= 𝐛Tc.𝑞𝑑−𝐛Tc.𝑝𝑑
𝑣

      (3.20) 

= 𝐛Tc.𝑑
𝑣

. (𝑗 − 𝑖)      (3.21) 

= 𝑑 sin(α)
𝑣

. (𝑗 − 𝑖)     (3.22) 

𝛼 is the incident angle appended by a source present at an axis perpendicular to the array axis. 
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3.3.3 Microphone pair selection 

The positions of each sensor of microphone array with 𝑀 sensors [1] can be given as 

𝐏 = �{𝑖, 𝑗}  ∶  𝑖 ∈ {0, 1, … ,𝑀− 1}, 𝑗 ∈ {0, 1, … ,𝑀 − 1}�   (3.23) 

To achieve computational efficiency we need to drop some undesired properties of the set 𝐏. 

i. In the set {𝑖, 𝑗} when 𝑖 = 𝑗. It is taking signal power with same sensor itself and a single sensor 
alone does not contribute to the spatial resolution. 

ii. The set contains symmetric pairs such that 𝑖 ≠ 𝑗 and both {𝑖, 𝑗} 𝑎𝑛𝑑 {𝑗, 𝑖} are pairs in that set. 
Here it is of importance that estimation for the symmetric pairs does not add any new 
information to the steered response estimation as it would result in the same result as its 
symmetrical pair. 

iii. For arrays with too many sensors such that in the set {𝑖, 𝑗} there exist 𝑖 ≫ 𝑗 or 𝑗 ≫ 𝑖. From 
mathematical view these pairs should have maximum contribution to location estimation. 
However in practical these are the problematic pairs. As the distance between the sensor 
increases it decreases the maximum allowable frequency according the spatial sampling 
theorem. 

Considering these points the set of sensor pair is given as below, reducing the computation from 𝑀2 to 
𝑀 − 1. 

{ } { }{ } ,   :  0,1 , , 2 , 1i j i M j i= ∈ … − = +P    (3.24) 

This reduces the computational requirements on the cross power estimation for M= 4 from 𝑀2 = 16 
to 𝑀 − 1 = 3. 

3.4 The GCC-PHAT and SRP-PHAT 

Considering the assumptions so far, the generalized cross-correlation based time-difference of arrival 
between the microphones 𝑖 and 𝑗 is expressed as  

( ) ( )
1

* 2
, ,

0

arg max ( )ˆ
K

j f
i j i j i j

k

k X k X k e π τ

τ
ψ

−

=

= ∑τ
   (3.25) 

For SRP-PHAT, the time-difference of arrival estimation is given as 

{ }
( ) ( )

1
* 2 ( )

, ,
, 0

arg max )ˆ (j

K
j f j i

i j i j i
i j k

k X k X k e π τ

τ
ψ

−
−

=

= ∑∑τ
  (3.26) 
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4 Beamforming 

If we have multiple microphones arranged to make a microphone array, we can combine signals from 
these microphones such that the effect will be to listen in the direction of desired sound source. This 
also means steering the beam in directivity pattern towards a desired direction. This process is called 
beamforming [3], [8]. The direction in which array is steered is called ‘lookup direction’. A microphone 
array is capable of changing lookup direction electronically and following movements of human speaker.  

Speech enhancement by means of microphone array signal processing has a major role in voice 
communication applications such as audio and video conferencing, hands-free telephony, voice 
recognition and hearing aids [10]. In these communication scenarios, speaker is positioned at a remote 
distance from microphone and the signal originating from source speaker is corrupted by interfering 
noise before reaching the microphones. Additionally, reverberations from walls, ceilings and 
surrounding objects also degrade the speech signal. Speech enhancement techniques such as 
beamforming are used to achieve speech de-reverberation, efficient noise and interference reduction. 
Microphone arrays spatially sample sound pressure field. When combined with spatio-temporal filtering 
techniques known as beamforming, we can extract the sound source information from signals, of which 
only a mixture is observed. 

Beamforming is one of the simplest method of speech enhancement to discriminate between signals 
based on the physical location of source and is used for directional transmission or reception of signals. 
A beamformer adjusts the phase of signals in such a way that signals from the desired direction get 
aligned to form a constructive interface pattern. Sounds from other directions adds destructively which 
means that in majority of cases a sound source coming from a direction different than the desired 
direction will be suppressed to a certain degree. By using beamforming technique, microphone array 
attempts to obtain high quality speech signals for far field communication.  

The two major types of beamforming are classical beamforming and the adaptive beamforming. These 
types are discussed as follows. 

4.1 Classical Beamforming 

Classical beamforming comprises of fixed weights in specific directions. 

4.1.1 Delay-sum Beamforming 

As the name implies the process involves delaying the signals from each microphone sensor with a 
specified delay and then summed together to give the signal with enhanced desired signal. 
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Consider an array of M microphones and a far-field sound source at direction 𝜃, each microphone 
captures the same signal slightly delayed owning to distance between microphones. A very simple 
approach to estimate the source signal is to delay signal from each microphone such that when added 
the resulting signal contains enhanced desired source signal, i.e. making the desired source in-phase in 
all received signals and sum them. There will be constructive interference for the source signals and 
amplitude of the desired signal will be increased M times in comparison to each microphone. This is 
usually compensated for by dividing the sum by total number of microphones used in the microphone 
array. 

𝑌(𝑓) = 1
𝑀
𝑆𝑜(𝑓)∑ 𝑒

𝑗2𝜋|𝑝𝑚| cos(∠(𝑝𝑚)−𝜃𝑜)
𝑣𝑀−1

𝑚=0 𝑋(𝑓)     (4.1) 

 

where 𝜃𝑜 is the listening direction.  

Combining equations (4.1), (2.4) and (2.5) under the assumption of Omni-directional microphones 
(𝑈𝑚(𝑓, 𝑐) = 1) and perfect pre-amplifier/ADC system (𝐴𝑚(𝑓) = 1) for working band, we have  

𝑌(𝑓) = 1
𝑀
𝑆𝑜(𝑓)∑ 𝑒

𝑗2𝜋|𝑝𝑚| cos(∠(𝑝𝑚)−𝜃𝑜)
𝑣𝑀−1

𝑚=0 𝑁𝑚(𝑓)    (4.2) 

If we assume for a moment that the captured noise is uncorrelated across the microphones and is 
modeled as a zero-mean Gaussian process ( ) N(0, ( ))mN f fλ= , the output signal becomes  

( )( ) ( ) N(0, )o
fY f S f

M
λ

= +
     (4.3) 

This means that deviation of uncorrelated noise is decreased  1/2M  times. There is 3 𝑑𝐵 suppression for 
a 2-element microphone array, 6dB for 4-element, and so on. Undesired sound sources like ambient 
noise will not be in phase and they will partially cancel out each other or will have decreased magnitude. 
Let us assume that we have desired sound source at 𝜃 = 𝜃𝑜 and another sound source at direction 𝜃 =
𝜃1. For simplicity we will assume that there is no noise. The output signal will be  

𝑌(𝑓) = 1
𝑀
𝑆𝑜(𝑓)∑ 𝑒

𝑗2𝜋|𝑝𝑚| cos(∠(𝑝𝑚)−𝜃𝑜)−cos(∠(𝑝𝑚)−𝜃1)
𝑣𝑀−1

𝑚=0     (4.4) 

This means that in majority of cases a sound source coming from a direction other than desired direction 
will be suppressed to a certain degree. In real practice it is much more convenient to use centre of the 
microphone array as a reference point. Under no noise and no reverberation conditions, we will have an 
output signal same as from an ideal microphone in centre of microphone array. Our sound source 
estimator now converts to the following: 
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1
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2( ) exp[ ( )]
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vY f X f
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− − − −−

−=

 
 

=  
 
 

∑
 (4.5) 

Where 

1

0

1
c m

M

m
P P

M

−

=

= ∑  

is the microphone array centre. Here 2 /f vπ  is wave number and ( )F f is the desired frequency 

response of the microphone array. A simplified expression for sound capture by a perfect Omni-
directional microphone is given as 

1 2( ) ( ) exp[ ] ( )m

c

fY f F f j p c S f
p c v

π
−

−
= −        (4.6) 

4.1.2 Filter and Sum Beamformer 

Equation can be written in generalized form as  

1

0
( ) ( ). ( )m m

M

m
y f W f X f

−

=

= ∑
    (4.7)   

which can be presented in matrix form as, 

( ) ( ) ( )Y f W f X f=      (4.8) 

Each input audio frame of 𝑿 is a complex matrix of size 𝑀×𝐾, where 𝑀 is number of microphones in 
array and 𝐾 are the frequency bins. W is the weight vector of size 𝐾×𝑀. ( )X f is 𝑀×1 complex vector 

and ( )W f is 1×𝑀 complex vector. The equation above is known as “filter and sum beamformer” as 

the weights matrix ( )W m acts as a filter for each channel. In filter and sum beamforming first we filter 

each of the channels and separately and then we sum them.  In delay and sum beamforming all filter 
coefficients have same magnitude and linear phase, corresponding to fixed delay. All microphone-array 
processing algorithms for any frame can derived in form of a filter and sum beamformer. The filter and 
sum beamformer allows us to design a better microphone array as it has more number of freedom.  

4.2 Time-invariant beamformers 

In time invariant beamformers the weight matrix 𝑾 is designed in advance and does not change until 
the array listens to different direction. This means that we cannot use the input signals to design time-
invariant beamformer and we assume isotropic and uncorrelated noise while using these type of 
beamforming.  Time-invariant beamformers uses a set of pre-computed weights, spread over listening 
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space. That is, if we have linear microphone array with four microphones and want to listen in the range 
between −60° to 60°, we can compute weights for 13 beamformers for every 10° in the listening space, 
i.e. at directions −60°,−50°,−40°, … , 40°, 50°, 60°. In real time, these filters use pre-computed weight 
matrices for all directions and for switching the beam direction it just change the table of coefficients. 
This allows us to create fast real time beamformers. However, it does not work well for suppressing 
point sources by creating nulls in real time. Examples of time-invariant beamformers are multi-channel 
Wiener filter, Linearly Constrained Minimum Variance (LCMV) beamformer, and Minimum Variance 
Distortion-less Response (MVDR) beamformer. MVDR is one of the simplest beamforming algorithms. It 
was inherited by microphone arrays from the design antenna arrays.  

4.3 Adaptive Beamforming 

Time-invariant beamformers assume isotropic ambient noise as their weights are pre computed based 
on the model of array and sources and does not change with signal. This decreases opportunities to 
achieve better noise suppression and to provide high quality audio signal at the beamformer output. On 
the other hand, Adaptive beamformers estimates its weight in real-time, based on input signal and 
microphone array geometry. They consume more memory in real-time implementations and are 
computationally more expensive than time-invariant beamformers. Given below are the examples of 
beamformers that update adaptively. 

4.3.1 MVDR and MPDR Adaptive Beamformers 

The optimal weights of time-invariant MDVR beamformer is given as, 

1

1

( ) ( )( )
( ) ( ) ( )

MVDR

H
c NN

H
c NN c

D f fW f
D f f D f

φ
φ

−

−=
    (4.9)  

If there is enough computational power available, the cross-power matrix NNφ  can be updated and 

inserted in real time. Then optimal weights will be used for each frame and will guarantee best possible 
suppression. It will adopt itself to noise distribution and update its directivity pattern. With point noise 
sources it will place a null towards its direction. The only inconvenience here is the estimation of noise 
cross-power matrix during pauses in the speech signal. If we use cross power matrix of the input signal 
instead of noise, that is  

 

1

1

( ) ( )( )
( ) ( ) ( )

MVDR

H
c XX

H
c XX c

D f fW f
D f f D f

φ
φ

−

−=
     (4.10) 

Then we will have a well known beamformer known as minimum-power distortion-less response 
(MPDR) beamformer. It can be proved that while an MVDR Beamformer was derived to minimize the 
noise magnitude in the output, the MPDR minimizes the noise power. It updates the noise cross power 
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matrix based on Voice Activity Detector (VAD) and includes the correlated ambient noise models in it. 
Noise cross power matrix in equation (4.10) then becomes, 

𝛷𝑋′𝑋′ = 𝛷𝑋𝑋 + 𝛷𝐼𝐼     (4.11) 

Including this noise model improves the performance of MVDR Beamformer. 

4.4 LMS Adaptive beamformers 

Adaptive beamformers of this group rely on the least-minimum-square (LMS) error algorithm to update 
their weights. Instead of estimating the weights for each frame, they estimate it recursive LMS 
algorithm. Examples of the best of beamformers are Widrow beamformer, Frost Beamformer and 
Generalized Side-lobe Canceller (GSC).  

4.4.1 Widrow Beamformer 

It is one of the first published LMS adaptive algorithms.  

( 1) ( ) ( )n n n
k k kW W µ+ = − ∇ ,     (4.12) 

where ( )n
k∇  is the estimated gradient of the error vector with respect to ( )n

kW . 

( ) 2n n n
k k kXε∇ = −      (4.13) 

which gives 

( 1) ( ) ( )2n n n n
k k k kW W Xµε+ = −     (4.14) 

The only thing left is the estimation of the error in the beamformer output. When the desired signal is 
known, we can estimate the error as 

( ) ( )n n n n
k k k kS W Xε = −      (4.15) 

The original algorithm was designed for antenna arrays. The Widrow beamformer is actually an 
unconstrained adaptive beamformer, where the constraint is enforced externally.  

4.4.2 Frost Beamformer 

This algorithm is a constrained LMS algorithm which was first published by Frost [12]. It is given as  

 
( 1) ( ) ( )( )n n n n

k k k kW P W Y X Fµ+ = − +     (4.16) 

It is most computationally inexpensive among adaptive beamformers. The above proposed algorithm 
can be easily converted to NLMS which will increase it stability and convergence.  
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4.4.3 Generalized Side-lobe canceller 

The above two adaptive beamformers use LMS or NLMS adaptive filters to minimize the output noise, 
imposing directly or indirectly the constraint for unity gain and zero phase shift towards the listening 
direction. This constraint causes problems in real-time algorithm. A second observation is that, as the 
beam is usually flat towards the listening direction and it is difficult to make it narrow, the nulls in the 
beamformer directivity pattern are sharp and capable enough to completely suppress the signal coming 
from that direction. The Griffiths and Jim [13] utilizes the second observation and imposes the constraint 
implicitly. It consists of time-invariant beamformer, blocking matrix, and the interference canceller part.  

The time-invariant beamformer works according to equation and have pre computed weights. Its output 
contains the desired signal ( , ) ( ) ( )Y k n W k X k=  undistorted and ambient noise up to certain level. The 

purpose of the blocking matrix is to block the desired signal. So the output will be some portion of 
ambient noise with no desired signal ideally. Finally the adaptive interface canceller tries to cancel out 
the remaining noise. Leakage from the blocking matrix will cause cancelation of the desired signal at the 
output. 
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5 Filter Banks and Subband Beamforming 

The idea of subbands is to divide a wide frequency band into multiple narrow subbands. Implementing 
the filters in these subbands not only reduces filter order but also reduces convergence speed. Subband 
filtering thus is widely used in speech processing tasks for reduced computational complexity of the 
beamforming filtering [2], [8], [14], [15]. The basic structure of filter bank is shown in Figure 5.1. 

 

 

 

All processing in general and specifically for beamforming task at hand takes place in subbands i.e. 
transform the signal in subbands by analysis filter bank,  implement algorithms for processing, finally 
transform the processed signal back in time domain by synthesis filter bank. Filter banks lower the 
computation but also introduce distortions and degradations inflicted by the coefficients of analysis and 
synthesis filter banks.  

Based on Cosine and Fourier Transform, following strategies for filter banks are widely used [16]. 

1. IIR Filter bank 
2. FIR Filter bank 
3. Lapped transform based filter bank 
4. WOLA filter bank 
5. FFT based filter bank 

In our implementation we use Lapped transform based filter banks i.e. Modulated Lapped Transform 
based filter bank (MCLT). 
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Figure 5.1: Filter Bank Structure 
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5.1 Modulated Complex Lapped Transform (MCLT) 

Modulated Lapped Transform is a variant of Cosine Transform filter bank. Optimum performance with 
perfect reconstruction allows usability of this transform in many audio coding systems. An extension of 
MLT which carries the phase information and has efficient implementation is MCLT [17]. The basis 
functions in MCLT are given respectively as: 

For analysis filter bank 

𝐵𝑎(𝑛,𝑘) = 𝐵𝑐𝑎(𝑛,𝑘) + 𝑗𝐵𝑠𝑎(𝑛,𝑘)    (5.1) 

𝐵𝑐𝑎(𝑛, 𝑘) = ℎ(𝑛)�2
𝑀
𝑐𝑜𝑠 ��𝑛 + 𝑀+1

2
� �𝑘 + 1

2
� 𝜋
𝑀
�    (5.2) 

𝐵𝑠𝑎(𝑛, 𝑘) = ℎ(𝑛)�2
𝑀
𝑠𝑖𝑛 ��𝑛 + 𝑀+1

2
� �𝑘 + 1

2
� 𝜋
𝑀
�    (5.3) 

For synthesis filter bank 

𝐵𝑠(𝑛,𝑘) = 1
2

[𝐵𝑐𝑠(𝑛,𝑘) + 𝑗𝐵𝑠𝑠(𝑛,𝑘)]    (5.4) 

𝐵𝑐𝑠(𝑛,𝑘) = ℎ(𝑛)�2
𝑀
𝑐𝑜𝑠 ��𝑛 + 𝑀+1

2
� �𝑘 + 1

2
� 𝜋
𝑀
�   (5.5) 

𝐵𝑠𝑠(𝑛,𝑘) = ℎ(𝑛)�2
𝑀
𝑠𝑖𝑛 ��𝑛 + 𝑀+1

2
� �𝑘 + 1

2
� 𝜋
𝑀
�    (5.6) 

𝑛, [0 → 2𝑀− 1] and 𝑘, [0 → 𝑀 − 1] are the time and the frequency indices respectively.  

ℎ(𝑛) is the window function and is given as 

ℎ(𝑛) = −𝑠𝑖𝑛 ��𝑛 + 1
2
� 𝜋
2𝑀
� = − 𝑗

2
[𝑊8𝑀(2𝑛 + 1) −𝑊8𝑀(−2𝑛 − 1)]   (5.7) 

where, 𝑊𝑀(𝑙) follows from a commonly used notation for complex exponentials as 

𝑊𝑀(𝑙) ≜ 𝑒−𝑗2𝜋
𝑙
𝑀     (5.8) 

The input signal of 2𝑀 samples is converted to 𝑀 samples in transform domain by MCLT as  

𝑋(𝑘) = ∑ 𝑥(𝑛)𝐵𝑎(𝑛, 𝑘)2𝑀−1
𝑛=0      (5.9) 

In vector from 

𝑋 = 𝐵𝑇𝑥     (5.10) 

Using basic properties for complex exponentials and writing (5.1) in notation given by (5.8), we can write 
(5.9) as 
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𝑋(𝑘) = −𝑗� 1
2𝑀
∑ 𝑥(𝑛)𝑊8𝑀(2𝑛 + 1)𝑊8𝑀[(2𝑘 + 1)(2𝑛 +𝑀 + 1)]2𝑀−1
𝑛=0     

+𝑗� 1
2𝑀

  ∑ 𝑥(𝑛)𝑊8𝑀(−2𝑛 − 1)𝑊8𝑀[(2𝑘 + 1)(2𝑛 + 𝑀 + 1)]2𝑀−1
𝑛=0    (5.11) 

The above expression (5.11) can be simplified as  

𝑋(𝑘) = 𝑗𝑉(𝑘) + 𝑉(𝑘 + 1)    (5.12) 

𝑉(𝑘) ≜ 𝑐(𝑘)𝑈(𝑘)     (5.13) 

𝑐(𝑘) ≜ 𝑊8(2𝑘 + 1)𝑊4𝑀(𝑘)    (5.14) 

𝑈(𝑘) ≜ � 1
2𝑀

 ∑ 𝑥(𝑛)𝑊2𝑀(𝑛𝑘)2𝑀−1
𝑛=0     (5.15) 

Observing (5.15), it can be said that 𝑈(𝑘) is normalized FFT of the input signal of length 2𝑀. The MCLT 
coefficients will be the result of expressions (5.13) and (5.14). The final result 𝑋(𝑘) is given by (5.12). 
Figure 5.2 shows the flow diagram for calculating the MCLT coefficient. 

After processing in transform domain the processed signal has to be inverse transformed to time 
domain. First the MCLT coefficients 𝑋(𝑘) are mapped to 𝑦(𝑛) and 𝑌(𝑘) as:  

𝑦(𝑛) = 1
2
�∑ 𝑋𝑐(𝑘)𝐵𝑐(𝑛, 𝑘)𝑀−1

𝑘=0 + ∑ 𝑋𝑠(𝑘)𝐵𝑠(𝑛,𝑘)𝑀−1
𝑘=0 �   (5.16) 

𝑦(𝑛) = 𝑥(𝑛)ℎ2(𝑛)      (5.17) 

𝑌(𝑘) = � 1
2𝑀

 ∑ 𝑥(𝑛)ℎ(𝑛)𝑊2𝑀(𝑘𝑛)ℎ(𝑛)2𝑀−1
𝑛=0     (5.18) 

The above can be reduced using the properties of complex exponentials and it reduces to: 

𝑌(𝑘) = −𝑐∗(𝑘)
4

[𝑋(𝑘 − 1) − 𝑗𝑋(𝑘)]    (5.19) 

𝑐(𝑘) here is given by (5.14). Symmetry is given as 

𝑌(2𝑀 − 𝑘) = 𝑌∗(𝑘)     (5.20) 

𝑌(0) = 1
√8

 [𝑅𝑒{𝑋(0)} + 𝐼𝑚{𝑋(0)}]    (5.21) 

𝑌(𝑀) = − 1
√8

 [𝑅𝑒{𝑋(𝑀− 1)} + 𝐼𝑚{𝑋(𝑀− 1)}]   (5.22) 

The coefficients 𝑐(𝑘) satisfy |𝑐(𝑘)| = 1, that is the rounding errors have minimal effect on the 
reconstructed signal. The flow diagram for calculating inverse MCLT is shown in Figure 5.3.  
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Figure 5.2: Flow diagram for MCLT coefficients 

𝑐∗(1) 

𝑐∗(2) 

𝑐∗(𝑀 − 1) 

𝑋(0) 

𝑋(1) 

𝑋(𝑀 − 1) 

𝑦(0) 

𝑦(1) 

𝑦(2𝑀 − 1) 

𝑀 Input MCLT 
coefficients 

𝑀 − 1 Complex 
rotations 

2𝑀 Output MCLT 
coefficients Samples 

𝑌(𝑀) 

𝑌(𝑀 − 1) 

𝑌(1) 

𝑌(0) 

𝑌(2) 

Length 2𝑀 iFFT 
(Complex inputs real 

outputs) 

Figure 5.3: Flow diagram for inverse MCLT  
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6 Noise Suppressor 

A noise suppressor is used to estimate the desired signal, clean speech signal which is pleasant to the 
listener. A speech signal in general contains both noise from the environment and other non stationary 
sources which can distort the speech at different scales. This unwanted noise makes it troublesome for a 
listener to understand the spoken words thus require acute processing in the brain resulting in loss of 
listener’s attention. In terms of a speech recognition system, this sort of noise would lead to false 
recognition and thus decreasing recognition rate of the system.  

Even with no propagation of information there exist acoustic waves which form the noise field. This 
noise field in particular can be categorized into sub-groups as: 

i. Coherent Noise Field 
ii. Non-Coherent Noise Field 
iii. Diffuse Noise Field 

The coherent and incoherent noise fields correspond to the noise signals generated directly and after 
reflections respectively. These can be seen as correlated and uncorrelated noise with the received 
information signal. Diffused noise, on other hand, is scattered equally in the area of recording space. 
Office or car cabin are well suited examples corresponding to such noise fields [2]. 

With noise reduction techniques, there are multiple trade-offs. One of which is between more reduction 
of unwanted signals and introduction of undesired effects i.e. musical noise, distortions and sometimes 
chopping the start or end of word. The efficiency of noise reduction algorithms are evaluated with the 
improved signal to noise ratio (SNR), subjective listening tests or objective sound quality evaluations 
such as Perceptual Evaluation of Speech Quality (PESQ). A fairly good noise-reduction algorithm is the 
one which suppresses the noise such that the resulting speech signal is easily understandable and 
introduces minimal artifacts. Most of the noise reduction algorithms are on building statistical models of 
the desired speech and undesired noise signals. This chapter introduces commonly used noise 
suppression approaches and algorithms. 

The signals are captured with microphone in a noisy environment. So we have a mixture of desired clean 
speech and undesired noise signals. Let us assume we have a speech signal as 𝑥(𝑡) and 𝑑(𝑡) as noise. 
The capturing process is linear and we have our captured signal as; 

𝑦(𝑡) = 𝑥(𝑡) + 𝑑(𝑡)     (6.1) 

The goal of the noise reduction algorithm is to estimate desired speech signal ( )x t  in a noisy 

environment using the observed signal ( )y t  and some known properties of both desired signal and 

unwanted noise signals. Majority of the audio processing algorithms work with audio frames obtained 
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by overlap-add procedure. We prefer to design noise reduction algorithms in frequency domain as it is 
more reliable and faster. As discussed, the transformation from time to frequency is linear.  

For 𝑛th frame and 𝑘th frequency bin, equation (6.1) in frequency domain can be written as;  

( ) ( ) ( )n n n
k k kY X D= +      (6.2) 

In such conditions it is assumed that the values of frequency bins are statistically independent for both 
speech and noise signals.  

6.1 Wiener suppression rule 

The wiener suppression rule minimizes the mean square error of the estimated signal which is given as; 

𝐻𝑜𝑝𝑡 = 𝜉𝑘
1+𝜉𝑘

  ,      (6.3) 

where 𝜉𝑘 is a-priori SNR and given as 

𝜉𝑘 =  𝜆𝑥(𝑘)
 𝜆𝑑(𝑘)

      (6.4) 

 
Here 𝜆𝑑(𝑘) = 𝐸{|𝐷𝑘|2} ,  𝜆𝑥(𝑘) = 𝐸{|𝑋𝑘|2} and  𝜆𝑑(𝑘) is variance of noise.  

The wiener filter is minimum mean square estimator which gives an approximate value of the output 
signal. It introduces some distortions when compared with the original signal. 

6.2 Spectral Subtraction Rule 

The distortions and musical noises in the output signal open the way to search for better estimators. 
After couple of years Spectral subtraction rule was introduced [3] which causes less musical noise as it 
aimed at less noise suppression. 

( ) 1n k
k

k

H γ
γ
−

=
     (6.5) 

This rule estimates speech magnitude spectrum.  The overall noise suppression is less but has lower 
distortion of the estimated speech signal. One problem with spectral subtraction was musical noise as 
many frequency bins are zeroed during silence periods.  

6.3 Maximum-likelihood Suppression Rule 

A new suppression rule was proposed by McAulay and Malpass, which was optimal in maximum 
likelihood sense. This rule modelled the speech signal as a deterministic waveform of unknown 
amplitude and phase and noise as a random Gaussian signal. Likelihood rule is given as 
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2( )
( )

2( )

( )1 1
2 2

n
k dn

k n
k

Y k
H

Y

λ−
= +      (6.6) 

There are two things very important about this rule. The first thing is that this suppression rule never 
becomes zero and completely eliminates the musical noise. The second fact is that its minimal gain value 
is actually quite high and the rule never goes below zero [3]. This fact reduces noise suppression 
capabilities of this rule and thus has the lowest noise suppression capabilities tested in this thesis work. 
It is obvious that in wiener filtering noise suppression is very high and in Maximum likelihood it is least.  

6.4 Ephraim and Malah Short-term MMSE Suppression Rule 

Ephraim and Malah [18] modelled both speech and noise as zero mean random Gaussian signals. Their 
rule is given as 

1(1 ) exp
2 2 2 2

k k k k
k k o k

k

v v v vH v I v I
π
γ

      = + +                (6.7) 

Where 0 (.)I  and 1(.)I denotes the modeled Bessel functions of zero and first order and 

𝑣𝑘 = 𝜉𝑘
𝜉𝑘+1

𝛾𝑘       (6.8) 

Here kγ  is posterior SNR and given as 

𝛾𝑘 = |𝑌𝑘|2

 𝜆𝑑(𝑘)      (6.9) 

The suppression rule given by equation is optimal in MMSSE sense. Thus rule provides better noise 
suppression compared to Weiner filter, while maintaining lower distortions and aircrafts.  

6.5 Subspace Singular Value Decomposition Suppression Rule 

Most noise reduction methods introduce degradations in speech. To achieve maximum suppression with 
less distortions and musical effects signal subspace approach is used for speech enhancement. In this 
technique noisy signal vector space is decomposed into two orthogonal subspaces called the desired 
signal subspace and the noise subspace. The perceptual eigen filters are calculated using the Frequency 
Eigenvalue Transform by estimating the eigenvalue decomposition based power spectral density [19], 
[20], [21].  

This technique consists of two steps. In the first stage speech enhancement is obtained by removing 
noise subspace and then in the next stage clean speech is recovered by optimally weighting the signal 
coefficients in the remaining signal subspace. Different subspace methods lie in the design of weighting 
scheme used [21]. The subspace approach can also be considered as a filter bank with the weighting 
coefficients serving as the subband filters. This technique is based on the fact that human auditory 
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system is able to tolerate additive noise as long as it is below some masking threshold. In order to 
calculate the masking threshold, many methods are developed in frequency domain according to critical 
band analysis and excitation pattern of the basilar membrane in inner ear. In this thesis work, we have 
used frequency to eigendomain transformation (FET) which gives a way to calculate a perceptually 
based eigen-filter. Masking threshold is calculated by estimating an eigenvalue decomposition based 
power spectral density (PSD). This threshold is then transformed to the speech signal eigendomain using 
the FET to design the perceptual eigen-filter [19], [22]. This filter gives better residual noise shaping 
from a psychoacoustic perspective [6]. 
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7 Speech Quality Assessment Parameters 

There are number of techniques for speech quality assessment. In our thesis we have used PESQ to 
evaluate our results as it is reliable and standard unit for objective speech quality measures. 

7.1 Perpetual Evaluation of Speech Quality (PESQ) 

 Over the past few decades, several speech enhancement algorithms have been proposed to improve 
the performance of audio communication devices in noisy environments. But, is still not clear which 
speech enhancement algorithm performs well in real world environment where there is lot of 
background noise with different characteristics and continuous changes. As there was no common 
speech database, it was nearly impossible for researchers to compare the objective performance of their 
algorithms with that of others.  In order to determine the subjective speech quality various conventional 
signal processing measures, such as frequency response or signal-to-noise ratio are used but they are 
quite expensive and very slow. They cannot be reliably used to assess the perceived quality of these 
non-linear and complex systems. The only way to measure user’s perception of the quality of such 
systems was to conduct a subjective test [4], [5], [6].  However, subjective tests are expensive and slow, 
and cannot be used in certain applications such as in-service monitoring. PESQ is a reliable objective 
measurement tool that predicts the results of subjective listening tests and provides a rapid and 
repeatable result in a few moments.  

PESQ was determined in May 2000 as a new draft ITU-T recommendation P.862. PESQ is a new 
international standard for the telephonic bandwidth and speech codecs. It uses a sensory model to 
compare the original noisy, unprocessed signal with the processed improved signal. The resulting quality 
score of this method is analogous to the subjective “Mean Opinion Score” (MOS). PESQ also takes into 
account the distortions and variable delay in code, during the calculation of MOS. To provide a simple 
access to this powerful algorithm a user interface has been designed, either from direct speech signals 
or from recorded signals. 

VAD (voice activity detection) is also a part of PESQ, which makes it eminent to express the audio quality 
in terms of MOS. PESQ MOS as defined by the ITU recommendation P.862 ranges from 1.0 (worst) up to 
5 (best) as shown in Table 7.1. 
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Table 7.1: PESQ Score Scale 

Speech Quality Score 

Excellent 5 

Good 4 

Fair 3 

Poor 2 

Bad 1 

 

7.2 Signal-to-Noise Ratio (SNR) 

One of the most widely and frequently used improvement measure is SNR. As the name says it is the 
ratio of signal power to noise power. Evolution of technology has given many versions to show 
numerically the improvement or measure of the quality in terms of SNR. SNR improvement can be given 
as  

SNR = 10 log10
𝜎2𝑠𝑝𝑒𝑒𝑐ℎ
𝜎2𝑛𝑜𝑖𝑠𝑒

     (7.1) 

Where 2
speechσ and 2

noiseσ are variance of speech signal and noise respectively. The improved SNR of 
the system can be obtained from, 

𝑆𝑁𝑅𝐼𝑚𝑝𝑟𝑜𝑣𝑒𝑑 = 𝑆𝑁𝑅𝑂𝑢𝑡𝑝𝑢𝑡 − 𝑆𝑁𝑅𝐼𝑛𝑝𝑢𝑡    (7.2) 

 

7.3 ITU-T P.835 methodology 

This methodology is used to evaluate the performance of several objective measures in order to predict 
the quality of noisy speech enhanced by noise suppression algorithms. The subjective quality ratings can 
be obtained using the ITU-TP.835 methodology designed in order to evaluate the quality of improved 
speech signal along three dimensions: signal distortion, noise distortion, and overall quality [10]. The 
most accurate method to evaluate quality of enhanced speech signal is through subjective listening 
tests. Although subjective evaluation is often accurate and reliable, it is costly and time consuming. This 
method is used to measure the distortion caused by different speech codecs or by communication 
channels. This method guides the listener to successively attend to and rate the enhanced speech on the 
speech signal alone using a five-point scale of signal distortion (SIG). The background noise alone uses a 
five-point scale of background intrusiveness (BAK) [4], [5], [6]. The criteria for classification is shown in 
Table 7.2 
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Table 7.2: Signal Degradation Scale 

SIG Scale 

Rating Description 

5 Very natural, no degradation 

4 Fairly natural little degradation 

3 Somewhat natural, somewhat degraded 

2 Fairly natural, fairly degraded 

1 Very unnatural, very degraded 

 

In this work we have also evaluated several objective speech quality measures such as: segmental SNR 
(segSNR), PESQ, and LPC-based objective measures including the log-likelihood ratio (LLR) [4], [5].   
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8 Implementation and Results 

Signals were recorded using microphone array and all implementations are done on MATLAB 7.8.0. The 
array used for recording comprised of directional microphones (cardioid). Cardioid microphones are 
used to maintain the phase of the received signal for any arrival direction. A cardiod microphone is 
sensitive only in forward direction i.e. it has null at 180°. Figure 8.1 compares normalized plots for 
directivity patterns of omni-directional and cardioid microphones. The equation for normalized plot of 
directivity pattern is given by: 

𝑈(𝑓,𝜃)𝑁𝑜𝑟𝑚 ≈ 𝛽 + (1 − 𝛽) cos𝜃    (8.1) 

 

 

Figure 8.1: Comparison of Directivity Patterns of Omni-directional and Cardiod microphones 
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A linear microphone array with 4 sensors was used for signal capture. Microphones were arranged such 
that the distance between the outer pair and inner pair was 195mm and 55mm respectively. This sensor 
placement satisfies spatial sampling theorem to avoid aliasing. Signal of interest being speech, the 
sampling frequency was kept 16 KHz. 

Three cases were considered for implementation and are addressed in this thesis. A typical office room, 
with dimensions of 3*5*8 m, was chosen for all of the recordings. A desk with computer and 
microphone array placed at top of monitor such that the axis of speaker and the microphone array are 
perpendicular (see Figure 2.1 for reference). 

Case 1. We had a quite office room with only the speaker at a distance of 1.5 meters from the 
microphone array. The speaker was in front of the array i.e. actual direction of source is 0°.  
 

Case 2. The room had two sound sources. The desired human speaker was at an angle of 5° 
from the center of the microphone array. A radio was playing in the background at 50° and at a 
distance of 2m.  
 

Case 3. In the last case we had two speakers. The desired speaker is at 0° i.e. infront of the 
microphone array and the speaker at 30° taking on telephone. The two speakers were asked to 
read different set of lines for this task. 

8.1 Estimated Source Direction after localization 

Locating the source for exact position (azimuth, elevation, direction) could be tricky due to reflections. A 
search space in which we expect the source to be (half circle) is discretized into 𝐿 points selected in a 
way to give enough spatial resolution. To simplify the task we assume only one parameter i.e. 
direction [−90°, 90°]. To avoid confusion with phase, the direction is measured in degrees and not 
radians. The value which corresponds to maximum power of SRP-PHAT is the direction of the desired 
sound/speech source. In our case we divide the search space into 19 points. This ensures enough 
resolution to give exact direction of the source. PHAT weighting ensures that direction corresponding to 
the direct path is not compromised. We use equation (3.26) as a function of 𝐿 discrete angular points. 
Among different weighting functions, SRP-PHAT gives best results and is robust to reverberations. 
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Figure 8.2: Source localization result for case 1 

 

Figure 8.3: Source localization result for case 2 
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Figure 8.4: Source localization result for case 3 

Figure 8.2, 8.3 and 8.4 show results of localization for three cases respectively. The highest peak 
represents the actual direction of the speech source in each figure. Other peaks are due to the 
reflections from surrounding objects. The plots correspond to speech frames only as detected by Voice 
Activity Detector (VAD).  For case 1, the speaker is accurately located at 0°. For case 2, we see that the 
highest peak which corresponds to actual direction of the desired speaker occurs at 5° and it follows the 
same in case 3 i.e. desired speaker detected at 0°.  

8.2 Results from Beamforming and Noise Suppression 

Once the direction of desired speech source is known, the weights of time-invariant beamformer are 
chosen to listen towards the direction specified by source localizer. The weights are designed for 
Minimum Variance Distortion-less Response Beamformer. Beam pattern is a product of weights and 
directivity pattern. The vector form of beam pattern as in [3] can be given as: 

 𝐁(𝑓, 𝑐) = 𝐖(𝑓)𝐃�(𝑓, 𝑐)    (8.2) 

Directivity of the listening beam increases with frequency i.e. the beam becomes sharper with increasing 
frequency. It can be seen in the Figure 8.5 that the beam is more confined at higher frequencies and 
wider at lower frequencies. It also depends on the number of microphone and the distance between the 
pairs which is out of the scope of this report.  
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Figure 8.5: Beam pattern of the beamformer 

The noise estimation is based on voice activity detection (VAD). The frames classified as non speech 
frames by the VAD are used for estimation of noise variance. This noise variance is used to update the 
overall noise model. Likelihood ratio parameter in [23] gives promising results by estimating a-priori SNR 
as a decision directed approach. Having achieved spatial filtering, the task remains to suppress the 
residual noise. The suppression technique of perceptual filtering with human hearing model 
incorporated, as mentioned in the Chapter 6, results in fairly well Mean Opinion Score (MOS). 

 

The results for all three cases will be discussed as follows:  

Case 1:  

Figure 8.6 shows input signal in blue color with stationary noise scattered in the room and enhanced 
signal with red color. A significant suppression is observable in the output signal. The spectrograms of 
both input and output signals are shown in Figure 8.7. It is observable that the input signal contains a 
high energy low frequency noise along with instrumental noise enveloping the entire frequency band.  
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Figure 8.6: Time domain Input and output signals for case 1 

 

Figure 8.7: Spectrogram of input output signals in case 1 
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Case 2: In this case a radio was playing in the background at a distance of 2 m at 50°. A comparison of 
signals is time domain is shown in Figure 8.8. Instantaneous clutter noise at the start and end of the 
signal is not handled well during suppression. We can see this phenomenon in the spectrogram shown in 
Figure 8.9. The magnitude spike occurring at about 32 sec is not suppressed quite well. A similar 
phenomenon is observed in case 1 at the start of the signal. 

 

Figure 8.8: Time domain Input and output signals for case 2 
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Figure 8.9: Spectrogram of input output signals in case 2 

 

Case 3: With two speakers, the desired speaker was in-front of microphone array at 0° and another 
speaker at 30°. Undesired speech from the other speaker is fairly suppressed in the output. It is 
observable in Figure 8.10. The spectrograms of the signals are shown in Figure 8.11. 
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Figure 8.10: Time domain Input and output signals for case 3 
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Figure 8.11: Spectrogram of input output signals in case 3 

 

To show the subjective and objective qualitative measures in terms of improvements we measured the 
perceptual score of the output signal. PESQ score is representative of MOS score, a measure widely used 
to classify speech quality in speech recognition. For case 1 and 2, speech quality of the output signals lie 
between the range of being good and fair. For case 3 the results are in acceptable range. 

 

Table 8.1: PESQ Score and SNR Improvement for Processed Signals 

Input Signal PESQ Score SNR Improvement (dB) 

Case 1 (Source) 3.06 12.627 

Case 2 (Speech + radio) 3.61 11.965 

Case 3 (Two speakers) 2.81 8.926 
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Table 8.1 shows the results for PESQ measurements and the SNR improvement. SNR Improvement is 
calculated according the equations (7.1) and (7.2) in chapter 7. The highest improvement is of 12.63 dB 
for case1. Table 8.2 shows the measurements of signal degradation and segmental SNR. These are the 
subjective measures of speech quality discussed in chapter 7. For case 1 and case 2, the resulting signals 
are among the range of being somewhat degraded and little degraded. For case 3 with two speakers, 
the output speech appears fairly natural with fair amount of degradations which result from cross talks 
and inability of suppressor to track the desired speaker. 

 

 

Table 8.2: Signal Degradations level 

Signal SIG 

Case 1 (Source) 3.031 

Case 2 (Speech + radio) 3.433 

Case 3 (Two speakers) 2.489 

 

 

8.3 Conclusion 

This thesis enlightens the use of multiple microphones for speech enhancement. The background noise 
like a radio playing is not fairly suppressed using single microphone for sound capture. To overcome this 
issue multiple microphones were used which make it possible to determine the direction of a sound 
source and to capture the sound from desired direction.  

The degree of suppression of background noise depends on correct estimation of the direction of 
desired source. PHAT weighting with steered power response was used to estimate precisely the 
direction of desired speaker and focus the listening direction towards the desired speaker. This 
technique proves to be robust to reverberations.  

The benefits of using multiple microphones are observable in beamforming by focusing microphone 
array towards the estimated listening direction. MVDR Beamformer gives fairly well results compared to 
Delay and Sum (DS beamformer). We incorporate ambient noise model in the noise covariance matrix. 
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The noise model update tracks the changes in the noise field and thus achieves minimum variance 
distortion-less response. MVDR Beamformer shows to be a fair trade for achieving more suppression at 
a higher computational requirement. 

The residual noise after beamforming is suppressed by subspace based post processing. FET is used to 
convert to transform the hearing model to Eigen domain. These are then incorporated in the perceptual 
filter which masks the noise subspace achieving fairly well results with plausible MOS score. The output 
after the processing has no musical noise with minimum signal degradations.  

The system works with frame duration of 20 𝑚𝑠. Signals were recorded at a sampling frequency 
of 16 𝐾𝐻𝑧 resulting a frame size of 640 samples. Signal conversion from time domain to frequency 
subband transformation and vice versa is done by MCLT and inverse-MCLT, ensuring perfect 
reconstruction, less computations and no additional artifacts. 

Lowest improvement was seen in case of cross talk when two speakers are present. It is also observed 
that cluttering and instantaneous noise sources such as the sound of dropping something degrades the 
performance of the overall system.  

Results show that as proposed, use of multiple microphones allows locating direction of the desired 
speaker and suppressing the noise fairly well. As documented in Table 8.1 and Table 8.2, the system 
parameters ensure good speech quality for robust speech recognition. Source direction is estimated 
accurately for all three scenarios i.e. with only speaker at 0°, with desired speaker at 5° and a radio at 
50° and with desired speaker at 0° and another speaker at 30°. The SNR improvement is approximately 
9 − 12 dB with a Mean Opinion Score (MOS) between 2.81 −  3.6.  

8.4 Future work  

This system in its present state is not implemented for real time enhancement and thus remains a task 
for future implementation. In addition to this, source tracking methods can be adopted for real time to 
keep track of a moving source. Present and more sophisticated methods can be explored in this regard.  

Clutter noise and instantaneous disturbance sources need to be addressed for further improvement in 
enhancement methodologies. Performance improvements will be taken into account for the case of 
cross talk among multiple speakers. 

The system could be implemented with other geometric arrangements for the microphone array such as 
circular or square geometry. 
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