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Abstract

Beamforming is an important speech enhancement technology that can be employed to
separate the speech signal from interfering noise. This technique has a decades-long history
of application on microphone arrays, ranging from the basic Delay-Sum beamformer to the
recently developed CGMM-MVDR beamformer based on iterative optimization algorithm.

This work evaluates the capability and stability of different beamforming methods and
variously shaped microphone arrays in isolating human speech and enhancing speech intel-
ligibility through simulation experiments. Furthermore, the issues and advantages of each
method are discussed by examining the beampattern and the spectrum of the processed
signal. In particular, this work discovered a deficiency in the Time-Frequency masking
estimation of the CGMM-MVDR method, analyzed the causes of the issue, and proposed
a post-processing method to process the mask, significantly improving the final result.

In addition, based on the results of the simulation experiments, this work designed and
fabricated a prototype that includes a microphone array and data processing devices, pre-
senting a viable solution for implementing the improved CGMM-MVDR, beamforming al-
gorithm on a portable device. An Android app was also designed to control the steering
direction of the beamformer via gesture interaction, and simple tests were carried out in
real-world scenarios.

111



Acknowledgements

I would like to thank all the little people who made this thesis possible.

v



Table of Contents

Author’s Declaration ii
Abstract iii
Acknowledgements iv
List of Figures viii
List of Tables xi
1 Introduction and Literature Review 1
1.1 History and Motivation for Study . . . . . . ... ... ... ... ... .. 1
1.2 Literature Review . . . . . . . . . . . ... 2
1.3 Introduction to Beamforming . . . . . . .. ... ... 3
1.3.1 Signal Model and Problem Formulation . . . . . .. ... ... ... 4

1.3.2 Performance Metrics of Beamformer . . . . .. ... ... ..... 7

1.3.3  Delay-Sum Beamformer . . . . .. ... .. ... ... ... .... 8

1.3.4 MVDR Beamformer . .. .. ... ... .. .. ... ... .... 8

1.3.5  Robust MVDR Beamformers. . . . . . ... .. ... ........ 9

1.4 Common Speech Quality Evaluation Criteria . . . . . . . .. .. ... ... 13
1.4.1 MOS . . . . e 14

1.4.2 MCD . . . . . e 14



1.43 STOl. . . . 16

1.5 MQTT Protocol . . . . . .. . . . . e 16
1.6 Organization of Thesis . . . . . . . . . . . . . 17
Data Collection, Simulation, and Evaluation Techniques 18
2.1 Introduction . . . . . . .. e e 18
2.2 Real-World Data Collection . . . . .. .. .. ... .. ... .. ...... 18
2.2.1 Microphone and Sound Source Placement . .. .. ......... 18
2.2.2 Sound Sourcesand Recording . . . .. ... ... ... ....... 19
2.3 Simulation Techniques . . . . . . . . . . . . e 19
2.3.1 The McRoomsim software . . . . .. .. ... .. ... ....... 19
2.3.2 Four microphone lineararray . .. ... ............... 20
2.3.3 Six microphones circulararray . . . . ... ... L o oL 21
Simulation Experiments and Results 23
3.1 Datasets . . . . . . . e 23
3.1.1 SpeechDataset .. .. .. ... ... .. .. ... 25
3.1.2 NoiseDataset . . . . .. .. .. . ... e 25
3.1.3 Dataset generation with simulation software . . . .. .. ... ... 25
3.2 Experimental Setup . . . . . . . .. 26
3.2.1 Delay-Sum Beamformer Implementation . . ... ... ....... 26
3.2.2 MVDR Beamformer Implementation . . .. .. ........... 27
3.2.3 AudioSep-MVDR Beamformer Implementation . ... .. .. ... 28
3.2.4 CGMM-MVDR Beamformer Implementation. . . . .. ... .. .. 28
3.2.5 The con gurations of signal sources with microphone array . . . . . 29
3.3 Resultsand Discussion . . . . . . . .. ... 30
3.3.1 Introduction . . . . . . . . ... 30
3.3.2 Beampattern and Result of Delay-Sum Beamformer . . . . . . . .. 31

Vi



3.3.4 Beampattern and Result of AudioSep-MVDR Beamformer . . . . . 37
3.3.5 Beampattern and Result of CGMM-MVDR Beamformer . . .. .. 40
3.3.6 Results of circular microphone array . . ... ............ 41
3.3.7 Speech Quality results of microphone arrays . . . . ... .. .. .. 43
4 Discussion of results and improvement method 45
4.1 Comparison and Discussion of Simulation Results . . . . . ... ... ... 45
4.2 A post-processing method of CGMM-MVDR Beamformer . . ... .. .. 45
4.2.1 Processing for pixel consistency . . . . ... .. ... ... ..... 46
4.2.2 MaskclassicationusingCNN . . . . .. ... .. ... ....... 47
4.3 Beampattern and Results of CGMM-MVDR method with post-processing
algorithm . . . . . . 49
4.3.1 Results of linear microphone array . . .. ... ........... 49
4.3.2 Results of circular microphone array . . . . ... ... ....... 51
4.3.3 Speech Quality results of post-processed CGMM-MVDR beamformer 53
5 System Design 55
5.1 Introduction . . . . . . . . . e 55
5.2 Hardware Design . . . . . . . . . e 56
5.2.1 MicrophoneandBoard . . ... .. ... ... ... ... ... ... 56
5.2.2 Edgedevice . . . . . . . . ... 56
5.2.3 Software Design . . . . . . . . ... 57
5.2.4 Edge device and Server Software Design . . . . .. ... ... ... 58
5.3 Resultsand Conclusions . . . . .. ... ... .. .. ... 61
6 Final Conclusions and Future Work 62
6.1 Conclusions . . . . . . . . 62
6.2 Limitations and Future Work . . . . . . . ... ... .o 63
References 64

3.3.3 Beampattern and Result of MVDR Beamformer . . . . ... .. .. 34

vii



List of Figures

1.1 A uniform linear array with Msensors . . . . . .. ... ... .. .....

1.2 A uniform circular array with M sensors . . . . . ... ... ........ 6
1.3 Framework of AudioSep model . . . . .. ... .. ... ... ... . ..., 10
1.4 The ow chart of MFCC procedure . . .. .. ... ... ... ....... 15
1.5 The architecture of MQTT . . . . . . . . . . . . . . .. ... ... 17
2.1 Four microphone linear array . . . . . . .. .. ... 20
2.2 Four microphone linear array . . . . . . . . . . ... e 21
2.3 Six microphone circulararray . . . . . . . ... . 21
2.4 RIRs of six microphone array . . . . . . .. .. ... .. ... 22
3.1 Linear microphone array target sources and noises . . . . . . ... .. ... 23
3.2 Circular microphone array target sources and noises . . . . . ... ..... 24
3.3 Overview of how the multi-channel audio data generated . . ... ... .. 26
3.4 Overview of Delay-Sum beamformer analysis technique . . . .. ... ... 27
3.5 Overview of MVDR beamformer analysis technique . .. .. .. ... ... 27
3.6 Overview of AudioSep-MVDR beamformer analysis technique . ... ... 28
3.7 Overview of CGMM-MVDR beamformer analysis technique . ... .. .. 29
3.8 Linear microphone circular array con gurations . . . .. ... ... .... 29
3.9 Linear microphone circular array congurations . . . ... .. .. .. ... 30
3.10 The spectrogram of clean speech signal . . . .. ... ... ......... 30

viii



3.11
3.12
3.13
3.14
3.15
3.16
3.17
3.18
3.19
3.20
3.21
3.22
3.23
3.24
3.25
3.26
3.27
3.28
3.29
3.30
3.31

4.1
4.2
4.3
4.4
4.5

The spectrogram of noise . . . . . . . . . . . . ... .. .. ... .. ..., 31

Spectrogram of received noisy signal . . . . . ... ... . oL 31
Beampattern of 4 mic linear array Delay-Sum beamformer . . . .. .. .. 32
Beampattern of 6 mic circular array Delay-Sum beamformer . . . ... .. 32
Spectrograms of signal applied with Delay-Sum beamformer . . . .. . .. 33
Spectrograms of signal applied with Delay-Sum beamformer . . . .. ... 34
Beampatterns of MVDR beamformer . . . . .. .. ... ... .. ..... 35
Spectrograms of signal applied with MVDR beamformer . . .. ... ... 36
Beampatterns of MVDR beamformer . . . . .. .. ... ... .. ..... 37
Spectrograms of signal applied with MVDR beamformer . . ... ... .. 37
The spectrogram of separated noise . . . . . .. ... .. ... .. ..... 38
Beampatterns of AudioSep-MVDR beamformer . . . ... ... ... ... 38
Spectrograms of signal applied with AudioSep-MVDR beamformer . . . . . 39
Beampatterns of AudioSep-MVDR beamformer . . . ... ... ... ... 39
Spectrograms of signal applied with AudioSep-MVDR beamformer . . . . . 40
Beampatterns of CGMM-MVDR beamformer . . .. ... ... ... ... 41
Spectrograms of signal applied with CGMM-MVDR beamformer . . . . . . 41
Beampatterns of CGMM-MVDR beamformer . . .. ... ... ... ... 42
Spectrograms of signal applied with AudioSep-MVDR beamformer . . . . . 42
MCD assessmentresults . . . . . .. .. .. . ... 43
STOl assessmentresults . . . . . .. .. . . .. . ... 44
The noise masks with dierent SNR . . . . . . .. ... ... ... ..... 46
Architecture of CNN classication model . . . . . .. ... ... ...... 48
Classiertraining ProCeSS . . . . . . v v v v i it e e e e e 49
Noise masks after post-processing . . . . . . . . . . . . . o 50
Beampattern of post-processed CGMM-MVDR beamformer . . .. .. .. 50



4.6 Spectrograms of signal applied with post-processed CGMM-MVDR beam-

former . . .. e e 51
4.7 Beampattern of post-processed CGMM-MVDR beamformer . . .. .. .. 52
4.8 Spectrograms of signal applied with post-processed CGMM-MVDR beam-

former . . . L 52
49 MCD assessmentresults . . . . .. .. .. .. . ... oo 53
4.10 STOl assessmentresults . . . . . . . . . . .. . 54
5.1 Beamformer orientation control schematic diagram . . . ... .. .. ... 56
5.2 Detailed speci cation of microphones . . . . .. ... ... .. ... .... 57
5.3 Thelayoutofthe board . ... ... ... ... .. .. ........... 57
5.4 Six-microphone circulararray . . . ... .. .. .. ... . 0 57
55 Theedgedevice . . . . . . . . . . . . . e 58
5.6 The prototype . . . . . . . . . e 58
5.7 The ow chart of data processing procedures . . . . . . ... ... ..... 58
58 Thestatesof Ul buttons . . . . ... ... ... ... ... .. ....... 60
59 Thestatesand owoftheapp . . . . ... ... . ... .. ... ... ... 60
510 TFmasksinrealtest . . . . . . .. . . .. . .. . ... . .. ... 61
5.11 Beampatterns of prototype . . . . . . . . . ... .. 61



List of Tables

1.1 MOS Score interpretationtable . . . .. ... ... ... ... . . 14
2.1 The locations of microphones inlineararray ... .. ... ... ...... 20
2.2 The locations of microphones in circulararray . . . .. .. ... .. .... 22
3.1 Combinations of target sources and noises in lineararray . ... .. .. .. 24
3.2 Combinations of target sources and noises in circular array . . . . ... .. 24

Xi



Chapter 1

Introduction and Literature Review

1.1 History and Motivation for Study

Speech refers to the sounds produced by human vocal organs for use in social activities.
As a carrier of information, speech is one of the most e ective means of communication

between people. In real life, the process of conveying speech information is often inevitably
subject to interference from external noise, which can degrade the quality of speech and
a ect the performance of speech communication and recognition.

Speech enhancement is one of the most important and challenging tasks in speech applica-
tions where the goal is to separate clean speech from noise when noisy speech is given as an
input. As a fundamental component of speech-related systems, the applications of speech
enhancement vary from speech recognition front-end modules to hearing aid systems for
the hearing-impaired.

Single-channel speech enhancement algorithms focus on processing the time-frequency
characteristics of speech signals captured by a single microphone, and the available speech
information is limited. Traditional single-channel speech enhancement methods include
spectral subtraction [27], Wiener Itering [3], and signal subspace algorithms [4]. Spectral
subtraction involves analyzing the statistical distribution of speech and noise to estimate
and subtract noise from the noisy speech, which can e ectively suppress stationary noise.
However, due to the limitations of its underlying mechanical, it often fails to provide ef-
fective noise reduction for non-stationary noise. For single-channel speech enhancement
algorithms based on deep learning, there are methods based on time-frequency masking
[29] and spectral mapping [31], which can achieve good results even under non-stationary
noise conditions.



Multi-channel speech enhancement algorithms process signals from microphone arrays.
Common array signal processing techniques include Independent Component Analysis
(ICA) [20], spatial spectrum estimation, and beamforming. Beamforming algorithms have
a well-de ned and accurate mathematical foundation, enabling the formation of a direc-
tional receiving system. It can steer the beam towards the desired direction in space,
Iter out spatial interference and environmental noise from other directions, and signi -
cantly improve signal quality. By selectively enhancing signals from a speci c direction,
beamforming can separate frequency-domain overlapping signals from di erent spatial di-
rections, which is a limitation of single-channel speech enhancement algorithms. In complex
acoustic environments, beamforming algorithms are bene cial for extracting the required
speech signals [30, 14].

1.2 Literature Review

Beamforming is an important task in array signal processing, have been extensively studied
and utilized in many applications, including monaural, binaural, and distributed micro-
phone arrays. It uses spatial sensors array to collect physical eld[6, 1] (sound eld and
electric eld) data that includes target signal and noise, then do a linear weighted combi-
nation processing to the signal and output a scalar signal.

The performance of beamformer can normally be evaluated by the following metrics:
Beamwidth, Array Gain, Robustness. Narrow beamwidth can improve the spatial resolu-
tion; High array gain can improve the detection capability of weak task; High robustness
can decrease the in uence of mismatch. These metrics of beamformer are not independent,
the purpose of beamformer design is to nd the best trade-o of these metrics.

Flanagan et al. proposed the Fixed Beamformer (FBF) algorithm [19], which employs
a Delay-Sum approach to suppress non-coherent noise in stable environments, ignoring
changes in the acoustic environment and providing a xed response to the signal. Capon
introduced the minimum variance distortionless response (MVDR) beamformer in 1969
[15], which aims to maximize the ideal array gain. Cox et al. proposed robust adaptive
processing methods in 1987 to enhance the robustness of the array beamformer against
array errors [15]. Griths et al. proposed the Generalized Side-lobe Canceller (GSC)
method, which is an unconstrained adaptive beamforming algorithm [16]. Many subse-
quent methods have been improvements based on the MVDR beamformer, there have
been studies related to robust MVDR beamforming in the literature [28, 13, 18]. These
studies aimed at making MVDR robust against steering vector estimation errors and sound
re ections rather than improving steering vector estimation accuracy.
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Time-Frequency (TF) masking is an analysis technique useful for isolating an audio source
of interest in the presence of other interfering sources. By taking into account the di erences
in the spectral characteristics between the signal and the interferer, the isolation of the
target source can be improved signi cantly. TF masking has been studied at length in
binaural and monaural applications and has been shown to improve speech intelligibility
by both automated and subjective measurements [26, 11, 17, 23, 33]. [17] showed use of
ideal TF masking, also referred to as Ideal Binary Mask (IBM), in a monaural cocktall
party environment and suggested IBM results as a performance goal for other algorithms.
A mask-based beamforming approach was proposed in [11]. In [12], a study of complex
Gaussian mixture model (CGMM) for the mask estimation can deal exibly with the spatial
uctuation of the steering vector was proposed to do a speech enhancement task. Further
more, the authors employed a new form of beamforming method that uses a speech spectral
model based on a CGMM to estimate the time-frequency masks and the steering vector
without providing technical details.

In the study of speech enhancement performance, a variety of evaluation methods have
been proposed. Subjective testing is an e ective measure of human intelligibility and has
been used in studies such as [26]. [22] presented a comparison of several objective measures
for speech intelligibility such as the Short-Time Objective Intelligibility (STOI) and Mel
Cepstrum Distortion (MCD).

1.3 Introduction to Beamforming

Beamforming is a ltering technique that can be used to help isolate a target audio source
from an environment with interfering noise sources. In our case, an array of microphones
is distributed in a far- eld acoustical environment to record the audio from various sources

in the environment. The beamforming technique relies on knowledge of microphone and
source positions within the environment and requires some level of incoherence between
observed signals from competing sources. Additionally, a beamformer's performance is a
function of the actual distribution of microphones within the space, but our study will only
utilize simple planar array geometries; however, the simulation and evaluation techniques
used in this work can be applied to any far- eld geometry. The following sections describe
the signal's mathematical models and is agnostic of the speci ¢ array geometry being used.

Microphone array beamforming response is manipulated such that the array is \steered"
to the source of interest, improving its isolation and intelligibility. The simple Delay-Sum
beamformer has been shown to be e ective for this purpose and can be easily applied to
the audio response of the microphone array [24]. Adaptive beamforming techniques have
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been developed and studied for microphone arrays and have been shown to further improve
speech intelligibility of a speech recording [16].

The far- eld condition of Microphone array

Based on the distance of the sound source to the microphone array, acoustic eld models
can be categorized into two types: near- eld and far- eld models. The di erence between
the near- eld and the far- eld: in the far- eld case, the array waves can be considered
as a simple plane wave. The direction each signal arrived at each array element is at the
same, and the di erence between the received signal amplitude in each array element is
ignored. However, in the near- eld case, the array waves should adopt the spherical wave
model, and the signal arrives at each array element in di erent directions and amplitudes.
Therefore, near- eld array considers the amplitude attenuation and phase shift. Clearly,
the far- eld model is a simpli cation of the actual model, greatly reducing the complexity

of processing. Most general speech enhancement methods are based on the far- eld model.

The distinction between near- eld and far- eld models is not absolute; it is generally
considered that when the distance from the sound source to the center reference point of
the microphone array is much greater than the wavelength of the signal, it is classi ed as
a far- eld scenario; otherwise, it is considered a near- eld scenario. Here is a Empirical
formula:

2L2
min ’
wherer is the distance between the source and the microphone array,s the distance of
two successive microphones in the array and,, is the minimum wavelength of signal.
If the value of r is larger than the right hand side in Equation 1.1, the model can be
considered as far- eld.

r> (1.1)

For the remainder of this paper, it will be assumed under the far- eld condition, as the
frequency range of human speech typically lies between 300 Hz and 8 kHz, with the min-
imum wavelength being @43 meters. Therefore, the far- eld condition for distance is
greater than Q5 meters when the successive distanteis less than or approximate to 10
cm.

1.3.1 Signal Model and Problem Formulation

We consider a plane wave, in the far eld, that is far enough from the array and that prop-
agates in an anechoic environment at speed, and impinges on a sensor array consisting
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of M omnidirectional microphones. The observation signal vector (of lengi ) is:

y(f) Ya(f) Ya(f) i Yu(f)
(F)x(f)+ n(f) : (1.2)

(F)d(f; cos( )X (f) + n(f))

where Yy, (f ) is the mth sensor signal in frequency domainX (f ) is the target signal in
frequency domain,d(f; cos(4)) is the steering vector at = 4 (direction of the target
source), (f;t) = 0orl denotes the category index represents if there is target signal in
observation, andn(f) is the additive noise signal vector. Usually, the array processing
or beamforming is performed by applying a lter to each sensor signal and summing the
Itered signals. In the frequency domain, this is equivalent to adding a complex weight to
the output of each microphone and summing across the aperture:

P
Hpy (F)Ym(f)

ht (1 )y (f)
Xra(F)+ Non (F);

Z(f)
(1.3)

whereZ (f ) is the beamformer frequency-domain output signal, and the time-domain out-
put signal is given as:
z(t)= F fz(f)g (1.4)

h(F)= Hi(f) Ha(f) ::: Hu(f) ' (1.5)

is the beamforming weight vector, which is suitable for performing spatial Itering at
frequencyf ,
Xiq (F) = X (F)h (f)d(f; cos g) (1.6)

is the ltered target signal, and
Via (f) = h" (f)n(f) (1.7)

is the residual noise. For linear array model, the distance between two successive micro-
phones is equal to and the direction of the source signal to the array is parameterized by
the azimuth angle (see Figure 1.1). In this context, the steering vector (of length M) is
given by:

di(f;cos )= 1 el2f ocosa .. gi(M 12F ocosq (1.8)
where| = IO_1 is the imaginary unit, f > 0 is the temporal frequency, ando = ¢ is
the delay between two successive sensors at the angle 0 . We denote by! =2 f

5



Figure 1.1. A uniform linear array with M sensors

the angular frequency and by = £ the wavelength. Since cosis an even function, so is
d. (f; cos 4) . In this thesis, is limited to angles 2 [0;2 ].
For a circular array with M sensors, the radius of the circle is and microphones are

uniformly distributed (see Figure 1.2).

Figure 1.2: A uniform circular array with M sensors

The time delay of the mth microphone to the rst one alone the direction of plane wave
4 is de ned as:

delay(m: cos 4) = r cos o(sin(2%L ) sin(t ;) +Crsin a(cos@L ) cosg r));
(1.9)



where , is the angular interval between two successive microphones. The steering vector
of a circular array can be written as:

dc(f; cos d) - 1 d?2f delay(micos q) ... d2f delay(M;cos q) : (1.10)

1.3.2 Performance Metrics of Beamformer

Each beamformer has a pattern of directional sensitivity: it has di erent sensitivities from
sounds arriving from di erent directions. The beampattern or directivity pattern describes
the sensitivity of the beamformer to a plane wave (source signal) impinging on the array
from the direction . Mathematically, it is de ned as:

[h(f);cos ] d" (f; cos )h(f)
P Hm(f)ej(m 1)2f ogcos ;

m=

(1.11)

Usually,j [h(f);cos ]j%, which is the power pattern, is illustrated with a polar plot.
For beamformer, input signal-to-noise ratio (SNR) is de ned as the power ration of input
signal to noise:

SNRi (f) = (0. (1.12)

a(f)’
n
where 2, 2 are power of target signal and noise.

Output SNR of beamformer is de ned as:
() _ hH)"Ry(f)h(f)
26 h("Ra(F)h()

where Rs and R,, are covariance matrix of target signal and noiseRg can be estimated
from the convolutive mixing process by the complex-valued multiplication Equation 1.2:

SNR;, (f) = (1.13)

Rs(f) = 2(f)d(f; cos g)d(f; cos g)" (1.14)
R, is the covariance matrix of noise, which is assumed to be independent wit.
Ra(f)= 2(f) n(f); (1.15)

where |, is the normalized noise covariance matrix.
Array gain is de ned as the ratio of SNR; and SNR,;:

SNRy(f) _ h(F)"d(f; cos o) i
SNRn(f) — h(f)™ (F)h(f)

G(f) = (1.16)

7



If the noise is spatial white noise, then, = |, and replace it in Equation 1.16:

h(f )" d(f; cos q) ’ ,
Gw = NN kh(f )k (1.17)

1.3.3 Delay-Sum Beamformer

Delay-Sum beamformer is the most well-known xed beamformer, which is created if the
complex weightsh(f ) are selected to be phase terms with unity amplitude, and it is derived
by maximum the WNG:

Ming ) h(f)"h(f) 118
subject to h(f)"d(f; cos ¢) =1 (1.18)
From the constrain of Equation 1.18, we can get:
2
1= h(f)"d(f; cos q) k h(f)K’kd(f; cos q)k? = M kh(f )k (1.19)

The equal condition of Equation 1.19 i$(f ) and d(f; cos( 4)) are in same direction.
Then we get the optimal lter:

d(f; cos g)
dH (f; cos ¢)d(f; cos g) (1.20)

d(f; cos g)

hps (f; cos )

1.3.4 MVDR Beamformer

The array gain of Delay-Sum (DS) beamformer is limited, so the minimum variance
distortion-less response (MVDR) beamformer is proposed to improve the array gain. The
principle of MVDR beamformer is to make the signal of target position to be distortion-less,
then minimize the variance of output noise.

The objective function of MVDR is:

minygy  h(f; cos ¢)" Ra(f)h(f; cos 4)

1.21
subject to  h(f; cos )" d(f; cos 4) = 1 ( )

By using the Lagrange multiplier, the Lagrangian is de ned as:
F(h; ):: h"R,(f)h+ (d(f; cos 9)"h 1)+ (h"d(f; cos4) 1) (1.22)

8



The solution of Equation 1.21 can be get with the optimal condition of Equation 1.22:

R, 1(f)d(f; cos )
d(f; cos )" R, 1(f)d(f; cos g)

hwvor (f; CcOS ¢) = (1.23)

1.3.5 Robust MVDR Beamformers

It can be seen from Equation 1.23 that the design of the MVDR beamformer requires the
prior knowledge of the noise covariance matriR,,. It can be estimated in some slot when
there is only noise, which means we should do the design of MVDR beamformer when
there is no target signal. But in most cases, the received signal contains both target signal
and noise, so the covariance matrix of noise cannot be calculated directly. The solution
of this issue is to use the observed signal covariance matRx to approximate the noise
covariance matrixR,,.

Hence the beamformer weights can be expressed as:

R, 1(f )d(f; cos )
d(f; cos ¢)" R, 1(f )d(f; cos q)

hwvor (f; CcOS ¢) = (1.24)

When there is no target signal in the received signal, Equation 1.24 will transform to
Equation 1.23. And when it contains the target signal, the performance will be sensitive
to the steering vectord(f; cos 4). Because the MVDR beamformer will consider the signal
received from any direction except target as inference and suppress it, and if the steering
vector is di erent with direction of target signal, then the target signal will also be sup-
pressed. At that time, the performance of the beamformer will be very bad.

To improve the robustness of the MVDR beamformer, some methods are developed to get
better estimation of R,,.

Language-queried audio source separation and AudioSep model

Language-queried audio source separation (LASS) is a new paradigm for computational
auditory scene analysis (CASA). LASS aims to separate a target sound from an audio mix-
ture given a natural language query, this method primarily employs a frequency-domain
ResUNet model as the backbone.

Here, we brie y introduce the separation model and method based on Li's work [21], with
the framework illustrated in the following gure:

Here we can see, the spectrogram, which has been processed through the Short-Time

9



Figure 1.3: Framework of AudioSep model

Fourier Transform (STFT), serves as the input to the SeparationNet part, which utilizes
the ResUnet model. Subsequently, the authors construct an encoder-decoder network to
process the magnitude spectrogram. The ResUNet model takes as input the complex spec-
trogram X and outputs the magnitude maskM j and the phase residual M conditioned
on the text embedding equation. The magnitude masjM j controls the degree to which
the magnitude ofjXj should be scaled, while the phaseM controls the extent to which
the phase of\ X should be rotated. The separated complex spectrogram can be obtained
by multiplying the STFT of the mixture and the predicted magnitude maskjM j and phase
residual\ X :

S=jMj j Xjet XM, (1.25)

where is the Hadamard product.

CGMM and EM algorithm

Complex Gaussian Mixture Model (CGMM) is a probability model that can be considered
as a sum of some complex gaussian distributions:
CGMM plNc( 1)+ i+ kNel ks k).

kNc( k5 «) (1.26)

where | is the weight of distribution N.( «; k), « IS the mean and  is the variance.
For a vector x , the probability of it can be expressed as:

plNc(Xj 1, 1)+ i+t kNe(X] ks k)

=T NG ) (3.27)

It needs to note that parameters = ( «; «; «) are unknown, and the number of distri-
butions K is an hyperparameter. So, when we have a set of samplgs;(::;Xy), we can
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use them to estimate the parameters.

The log-likelihood can be expressed as:
loglL (xi 2 xwj )] = log[  plx)]

m =1 R’ (1.28)

= log[  «N(Xij «)]

i=1 k=1

EM (Expectation-Maximization) algorithm is an iterative algorithm that can maximum

the likelihood when there is a hidden variable . We can apply it on CGMM model to

do parameters estimation, and the hidden variable, 2 Z can be set as the probability of

samplex; belongs to distributions.

The iteration of EM can be expressed as:

Algorithm 1 EM

1: Initalize randomly : ©
:fort 1to ndo

2
3 Estep:Q(; ©)  Egx. wllogp(X;Zj )]
4
5

Mstep : D argmaxQ(; M)
. end for

AudioSep-MVDR

This method uses the LASS model to separate the noise and target signal from receiving.
It is intuitive because if the target signal can be separated from receiving then there will
be no suppression on target signal. The spectrogram of noise can be calculated as:

n(f)= F fAudioSep(y(t))g; (1.29)

where AudioSep is the separation model mentioned in Section 1.3.5 andt) denotes re-
ceived signal in time domain.
Then the estimation of noise covariance matrix is:

R,=E n(f)n"(f) (1.30)

The weights of beamformer can be expressed as:
R, 1(f)d(f; cos g)
d(f; cos ¢)" R, X(f )d(f; cos q)

hAumoSep (f)= (1.31)
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CGMM-MVDR

CGMM-MVDR is a method to design MVDR beamformer with time-frequency mask which

is estimated based on CGMM. Time-frequency mask is a matrix that used to separate the
noise and signal. In Equation 1.2, the observed signal igf )x(f )+ n(f), and (f) could

be 1 or 0, which denotes if the observed signal contains target signal. Here we extent the
signal model Equation 1.2 alone time axis and use the sparse mixing model of speech [5].

y(f;t) = d(f; cos g)sy(f;t) (where (f;t)=v) ; (1.32)

where (f;t)denotes the category index at the time-frequency pointf{t) , v may take x
or n , where the categories represent noisy speech and noise respectiwl,; t ) denotes a
mixed signal of speech and noise at frequentyand time t , while s, (f;t) denotes a noise
signal at frequency indicd and time framet .

In CGMM-MVDR, we denote the probability of the time-frequency point {;t) only con-
tains noise with ,(f;t). Then we can estimate the covariance matrix of noise as:

1 X

RiD= Pt

f(F )y (YR (ft); (1.33)

wherey (f; t ) denotes the time-frequency spectrum of the received signal, we can use Short-
Time Fourier Transform (STFT) to get it.

Similarly, we can estimate the probability of the time-frequency pointft) contains both
target signal and noise with (f;t) . Then the estimation of noisy target signal's covariance
matrix is:

X
R()= = y(hty" (ft); (1.34)

t
First, we assume the signas,(f;t) follows a complex Gaussian distribution as:

sv(f;t) N c(0; v(f;t)); (1.35)

where (f;t) corresponds to the variance of the signal at that time-frequency point.

From Equation 1.32 and Equation 1.35, the multichannel observed signal follows a complex
Gaussian distribution:

y(f;t)j (f;t) N <(0; v(f;t)Ry(f;t)); (1.36)

wherev = n or X based on the condition of (f;t) .
The CGMM parameters, i.e., ((f;t) and R,(f;t) , can be estimated with EM algorithm
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0.
The Q function to be maximized in each EM iteration is de ned as:
X X
Q()= v(fi)logN(y (F;1);0; v(fit)Ry(f;t)); (1.37)
fit v
where (f;t) represents the posterior probability of (f;t) beingv, and it can be computed
as:

ply(f;t)i =v;)
fit P . ; 1.38
GO @ or = vi) (-39
wherep(y(f;t)] = v; ) = Ne(y(f;t);0; o(f;t)Ry(f;t)). The parameter values can be
updated as follows:

(D) DY EORGE) ); (1.39)
. 1 X - 1 . .
Ry(f;t) Fm t V(f,'[)my(f,'[)yH(f,'[) (1.40)

The time-frequency mask for point {;t ) can be obtained as the value of,(f; t) after con-
vergence. Then, with the noise mask,(f;t) and Equation 1.33 we can get the covariance
matrix of noise R,(f;t) . The weights of beamformer are:

R, 1d(f; cos )

X 1.41
d(f; cos )" R, 1d(f; cos ) (1.41)

hcowm (f; cos g) =

where 4 is the target direction.

1.4 Common Speech Quality Evaluation Criteria

Metrics for evaluating speech quality can be broadly categorized into two types: subjective
evaluation and objective evaluation. Subjective evaluation involves conducting auditory
tests where listeners assess the quality of speech signals based on their personal perceptions;
objective evaluation, on the other hand, utilizes quantitative parameters to measure the
quality of speech signals. For subjective assessment, a group of listeners is typically selected
to compare the original and processed speech signals, rating them according to a grading
scale based on their subjective experience. Objective evaluation compares the original and
processed speech signals using objective parameter metrics. While subjective evaluation
requires the participation of numerous subjects and is subject to individual variability in
evaluation criteria, objective evaluation criteria are generally more feasible and reliable to
implement. There are numerous objective speech quality evaluation criteria [32]. Below is
a brief explanation of the objective evaluation indicators involved in this paper.
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1.41 MOS

The most widely used method for subjective quality evaluation is the category rating
method, where listeners use a ve-point numerical scale to rate the quality of the test signals
(see Table 1.1), with 5 indicating "Excellent" quality and 1 indicating "Unsatisfactory" or
"Bad" quality. This method is one of the recommended subjective methods by the IEEE
subcommittee and the ITU. The measured quality of the test signals is obtained from the
average of the scores given by all listeners. This average score is commonly referred to as
the Mean Opinion Score (MOS).

Rating | Speech Quality Degree of Distortion
5 Excellent Extremely slight, hardly noticeable
4 Good Slightly noticeable, but not annoying
3 Fair Noticeable, slightly annoying
2 Poor Annoying, but tolerable
1 Bad Very annoying, hard to tolerate

Table 1.1: MOS Score interpretation table

1.4.2 MCD

Mel Cepstrum Distortion (MCD) is an objective metric for measuring the quality of speech,
which calculates distortion by comparing the Mel cepstral coe cients of the original speech
signal with those of the processed speech signal. Mel cepstral coe cients (MFCC) are
extracted from the spectrum of the speech signal and re ect the perceptual characteristics
of human hearing. The lower the MCD value, the smaller the di erence between the
processed speech and the original speech in terms of auditory perception, indicating higher
speech quality.

Mel Scale

The Mel scale establishes a mapping from the frequency of sound, known as pitch, to
the human auditory perception of frequency. The human ear has a higher resolution for
low-frequency sounds compared to high-frequency sounds. By transforming frequency into
the Mel scale, features can better match the human auditory perception. The formula for
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converting frequency to Mel frequency is as follows:

M (f) = 1127In(1 + % (1.42)

MFCC

In sound processing, the Mel-Frequency Cepstrum (MFC) is a representation of the short-
term power spectrum of a sound, based on a linear cosine transform of a log power spectrum
on a nonlinear Mel scale of frequency.

Mel-Frequency Cepstral Coe cients (MFCC) are coe cients that collectively make up an
MFC. They are derived from a type of cepstral representation of the audio clip (a nonlinear
spectrum-of-a-spectrum). The di erence between the cepstrum and the Mel-Frequency
Cepstrum is that in the MFC, the frequency bands are equally spaced on the Mel scale,
which approximates the human auditory system's response more closely than the linearly-
spaced frequency bands used in the normal spectrum. This frequency warping can allow for
better representation of sound, for example, in audio compression that might potentially
reduce the transmission bandwidth and the storage requirements of audio signals. The
following chart shows how to derive MFCC:

Figure 1.4: The ow chart of MFCC procedure

MCD
MCD can be obtained by calculating the root mean sqrt of Euclidean distance between
two sets of MFCCs: q

MCD== E(ka bk?); (1.43)

wherea and b are two sets of MFCCs.
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1.43 STOI

The Short-Time Objective Intelligibility (STOI) measures the correlation of the short-time
envelopes between the target speech and the enhanced speech [10] to evaluate the delity
of the target speech. First, the speech is decomposed using the Discrete Fourier Transform
(DFT), and the short-time speech envelopes are normalized and segmented. Then, the
correlation coe cients are used to compare the short-time envelopes of the clean speech
and the processed speech segments. Finally, the intermediate values of these short-time
intelligibility measures are averaged to form a scalar value ranging from [0, 1]. This value
has a monotonically increasing relationship with speech intelligibility, meaning that the
higher the value, the higher the intelligibility.

1.5 MQTT Protocol

The MQTT (Message Queuing Telemetry Transport) protocol [25] is a lightweight messag-
ing protocol designed for limited bandwidth, high latency, and unreliable networks. It is
widely used for 10T (Internet of Things) applications where small code footprint and low
power consumption are crucial. Here is an overview of the MQTT protocol:

" Broker: MQTT is based on a publish/subscribe messaging pattern where messages
are published to topics and delivered to subscribers of those topics. The broker is
responsible for routing messages between publishers and subscribers.

" Client: Any device or application that communicates with the broker is considered
an MQTT client.

" Topics: Topics in MQTT are used to categorize messages, allowing for e cient dis-
tribution and Itering.

As previously stated, the MQTT protocol is based on a Client/Broker architecture, where
data is transmitted from various Clients to the Broker, which then forwards the data
based on the Topics subscribed by the Clients. The diagram above illustrates an example
involving two subscribers and one publisher, with two topics: a higher-level topic named
Weather and a subtopic named temperature under weather. Subscribing to the higher-level
topic implies that all subtopics are also subscribed to.
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Figure 1.5: The architecture of MQTT

1.6 Organization of Thesis

The organization of the remainder of this thesis is as follows. Chapter 2 introduces the
how to conduct simulation and produce datasets in this study, along with the details

of setting up the microphone array models in simulation. Chapter 3 provides detailed
procedures for implementing the beamforming methods and show the outcomes of these
methods. Chapter 4 discusses the performance of these beamforming methods and propose
a post-processing algorithm to improve the CGMM-MVDR method. Chapter 5 presents the
speci ¢ methods for implementing our prototype, which includes two hardware components
as well as three software components interconnected via the MQTT protocol. Finally,
Chapter 6 summarizes the research and results of this study and provides suggestions for
future work on this topic.
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Chapter 2

Data Collection, Simulation, and
Evaluation Technigues

2.1 Introduction

The purpose of this study is to design a microphone array system that can pick the speech
voice in target position and isolate the noise. Test data from a microphone array in a noisy
scene is created for analysis by means of both real microphone recordings and simulations.
The real microphone recordings are used to demonstrate the practical performance of these
analysis techniques, while the simulations are created to provide a wide variety of testing
parameters and allow for a more ideal setup in which to test these analyses.

2.2 Real-World Data Collection

2.2.1 Microphone and Sound Source Placement

For the real data collected in this study, a microphone array was set up in a typical
o ce-type environment. This environment has certain background noise which due to
the air condition, and it is almost distributed in low frequency. The sound we collected
for simulation is mono, which means it is collected by single microphone. The volume
of the source was subjectively set to approximately equal that of a human speaking at
conversational volume.
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2.2.2 Sound Sources and Recording

A collection of 200 di erent audio recordings is used as the sound sources in this study.
Each recording contains a human voice speaking approximately 15 seconds of sentences.
Both men and women voices are included in the set of recordings, and each recording
contains a unique set of spoken words.

2.3 Simulation Techniques

To understand the performance of the beamforming methods over a wide range of scenar-
ios, virtual simulations are performed. A virtual environment can be de ned to emulate
that of a real-life scenario (source and microphone positioning, room reverberation e ects,
etc.). A toolkit McRoomsim [2] is used to create such virtual environments. Placing sound
sources at de ned locations in the virtual environment allows for a simulation in a room.
Additionally, microphone arrays of varying geometries can be de ned and simulated. Be-
cause there is no position measurement errors (as there could be in real world), simulations
can provide an understanding of analysis performance in \ideal" scenarios, while also pro-
viding freedom from the requirements of a stationary and quiet lab space for recordings.
Finally, simulations allow for great exibility in quickly changing an environment, reduc-
ing time required to test various analysis techniques. For this study, the simulated audio
environment (microphone positions, source positions, and propagation speed of sound)
were chosen to equal or closely match those parameters from the real. This allows for the
most meaningful comparison between results created from simulated and real microphone
recordings. In the simulation environment, the dimensions of the room is set asZfh

1:5m 5m) , absorption coe cient is 1, absorption coe cients is 0, so the room is set
with no additional noise and reverberation.

2.3.1 The McRoomsim software

The McRoomsim software is a new and e cient room acoustics simulation software package
for MATLAB, which can simulate recordings of arbitrary microphone arrays within an
echoic room. This simulator supports research related to developing and experimenting
with multichannel microphone arrays and higher order ambisonics playback. This room
acoustics simulator is implemented as a C program that interfaces with MATLAB and is
freely available from the authors. In the following sections, we will utilize this package to
model the microphone array and sound sources.
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2.3.2 Four microphone linear array

() (b)

Figure 2.1: Four microphone linear array

Locations of microphones
[0:6; 0:8; 0:5]
[0:6; 0:75; 0:5]
[0:6; 0:70; 0:5]
[0:6; 0:65; 0:5]

Table 2.1: The locations of microphones in linear array

With the McRoomsim software, we can calculate the room impulse response (RIR) of
receivers from each source, which is shown in Figure 2.2:
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(@) (b)

Figure 2.2: Four microphone linear array

2.3.3 Six microphones circular array

The Figure 2.3 shows the geometry of the six microphones and several sound sources.

(@) (b)

Figure 2.3: Six microphone circular array

With same method, the RIRs are shown in Figure 2.4:

21



Locations of microphones
[0:630Q 0:777Q 0:5000]
[0:570Q 0:777Q 0:5000]
[0:540Q 0:725Q 0:5000]
[0:570Q 0:673Q 0:5000]
[0:630Q 0:673Q 0:5000]
[0:660Q 0:725Q 0:5000]

Table 2.2: The locations of microphones in circular array

(@) (b)

Figure 2.4: RIRs of six microphone array

22



Chapter 3

Simulation Experiments and Results

3.1 Datasets

To conduct more comprehensive tests of the methods and enhance the model's generaliza-
tion capabilities, we choose 3 target signal positions and 4 noise positions for each design of
microphone array. For each location of the target, we made combinations of di erent noise
locations with it and because of the symmetry of microphone arrays, these combinations
can represent most cases.

The following gures and table show the combinations of target and noise with microphone
arrays.

(@) (b)

Figure 3.1: Linear microphone array target sources and noises
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Target source locations Noise locations
[0:6; 1:2; O:5]
[0:125 0:725 0:5] [0:6; 0:25; 0:5]
[1:075 0:725 0:5]
[0:125 0:725 0:5]
[0:6; 1:2; 0:5] [0:6; 0:25; 0:5]]
[1:075 0:725 0:5]
[0:6; 1:2; 0:5]
[0:125 0:725 0:5]
[0:6; 0:25; 0:5]
[1:075 0:725 0:5]

[0:264 1:061; 0:5]

Table 3.1: Combinations of target sources and noises in linear array

(@) (b)

Figure 3.2: Circular microphone array target sources and noises

Target source locations Noise locations
[0:6; 1:2; 0:5]
[0:125 0:725 0:5]
[0:6; 0:25; 0:5]
[1:075 0:725 0:5]
[0:6; 1:2; O:5]
[0:125 0:725 0:5]
[0:6; 0:25; 0:5]
[1:075 0:725 0:5]
[0:125 0:725 0:5]

[0:6; 1:2; 0:5] [0:6; 0:25; 0:5]
[1:075 0:725 0:5]

[0:762 1:177; 0:5]

[0:682 1:1927 0:5]

Table 3.2: Combinations of targe2t450urces and noises in circular array



3.1.1 Speech Dataset

The target signal is evaluated and veri ed using data from the TIMIT corpus [7], which
consists of recordings from 630 speakers from eight major dialect regions in the United
States. We selected 200 sentences from it for assessment and validation, with 180 sentences
of clean speech used to generate the training set, and the remaining 20 sentences for
generating the test set.

3.1.2 Noise Dataset

The noise is a 10-second-long speech segment from the WSJO dataset [3]. Five types of noise
are from the NOISE-92 database, all of which are non-stationary noises. These noises are
Babble, F16, Destroy Engine, Volvo, and Factory, each with a duration of approximately

4 minutes. Random segments from each type of noise are extracted and mixed with the
selected clean speech to generate the training set data.

3.1.3 Dataset generation with simulation software
We already de ned the real-world mono recording standard in Section 2.2, with impulse

responses generated by the simulation software in Section 2.3.1, the multi-channel audio
can be created.
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Figure 3.3: Overview of how the multi-channel audio data generated

Here the additional noise coe cientk is used to control the SNR of input signal, in this
study, we will gradually increase the power of noise to test the methods.

3.2 Experimental Setup

3.2.1 Delay-Sum Beamformer Implementation

The delay-sum beamformer is not dependent on the nature of the signal itself, as it only
applies a constant time-delay (equal to propagation time from source to microphone) to
each sample in the signal. Because of this, the application and analysis of the delay-sum
beamformer e ects are relatively simple.

By Equation 1.8 and Equation 1.10 we can get the steering vectors of linear and cir-
cle microphone arrays with dimensions in Figure 2.IM = 4; =5cm) and Figure 2.3
(M =6;r=6cm) . Then, with Equation 1.20, the weights of delay-sum beamformers can
be calculated.
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Figure 3.4: Overview of Delay-Sum beamformer analysis technique

As depicted in Figure 3.4, the weights of the xed beamformer are independent of the
received signals and are determined solely by the steering vector and the number of micro-
phones, denoted a$/ .

3.2.2 MVDR Beamformer Implementation

MVDR beamformer is an adapting method depend on the received signal, as shown in
Equation 1.23 and Equation 1.24, we can use the received signal to approximate the co-
variance matrix of noise signal. And here we will use the mean value to approximate the
covariance matrix.

When we received an audio signal, we can use Discrete-Time Fourier Transform (DTFT)
to get the time-frequency spectrumy(f;t), and then do the estimation along time axis
with Equation 1.35. With such R, and desired direction 4, the weights of beamformer
could be calculated with Equation 1.24.

Figure 3.5: Overview of MVDR beamformer analysis technique
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3.2.3 AudioSep-MVDR Beamformer Implementation

We will utilize the AudioSep model from Section 1.3.5, with the instruction text designated
as "noise". According to Equation 1.30, the processed input signal will be used to estimate
the noise spectrogram covariance matriR,,. Subsequently, the beamformer is obtained
through the MVDR algorithm.

Figure 3.6: Overview of AudioSep-MVDR beamformer analysis technique

3.2.4 CGMM-MVDR Beamformer Implementation

CGMM-MVDR is also an adapting method, and it is independent with the geometry of
microphone array. It can separate di erent sounds based on their statistical features, and
it depends on the initiation values in the CGMM iterative algorithm. In this work, we will
use the mean value of the covariance matrix as initiation of noisy target signal and identity
matrix as initiation of noise signal to start the iteration.

As we talked about earlier, with the time-frequency spectruny(f;t), we can use the
received signal covariance matrix and identity matrixi as the initiation value of R, and
Rn.

The converged solution of the EM algorithm are two time-frequency masks that separate
the target signal with other interference. With the mask of noise,(f;t), we can calculate
the weights of beamformer with Equation 1.33.
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Figure 3.7: Overview of CGMM-MVDR beamformer analysis technique

3.2.5 The con gurations of signal sources with microphone array

In Section 3.1, we present a variety of combinations to test the beamforming methods
with linear array and circular array. However, due to space limitations, only a selection of
results will be displayed in the chapter. The Figure 3.8 and Figure 3.9 below represent all
the scenarios that will be showcased, and the results presented in following sections will
be based on these con gurations.

(@ ¢=90 (b) ¢=135 () 4 =180

Figure 3.8: Linear microphone circular array con gurations
In each con guration of the microphone array, there is only one noise source and one target
source, the position of the target source varying in each case. Therefore, we can use the

steering direction to the target signal which is de ned in Figure 1.1 and Figure 1.2, denoted
as ¢, to represent which con guration of target source and noise is being considered.
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(a) d=70 (b) d:80 (C) d:90

Figure 3.9: Linear microphone circular array con gurations
3.3 Results and Discussion

3.3.1 Introduction

As described in Section 3.1, the received noisy signal consists of one target source and
noises, so the dataset contains hundreds of combinations of target source and noise at
di erent positions. We will only display one case of the noise and speech signal here.
Furthermore,for the sake of comparison, we will do the experiments under the same SNR
of noise and speech signal.

The Figure 3.10 shows the spectrogram of clean speech signal received from the target
source, in the following sections, we will use di erent beamforming methods to separate it
from the received noisy signal.

Figure 3.10: The spectrogram of clean speech signal
As mentioned in Section 3.1.2, a total of ve types of non-stationary noise were utilized
in the testing. Here, we select one of them, the Factory noise, for demonstration. The
spectrogram of this type of noise is illustrated in Figure 3.11. It can be observed that
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