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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.
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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 effective 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
affect 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 filtering [3], and signal subspace algorithms [1]. Spectral
subtraction involves analyzing the statistical distribution of speech and noise to estimate
and subtract noise from the noisy speech, which can effectively 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-defined and accurate mathematical foundation, enabling the formation of a direc-
tional receiving system. It can steer the beam towards the desired direction in space,
filter out spatial interference and environmental noise from other directions, and signifi-
cantly improve signal quality. By selectively enhancing signals from a specific direction,
beamforming can separate frequency-domain overlapping signals from different spatial di-
rections, which is a limitation of single-channel speech enhancement algorithms. In complex
acoustic environments, beamforming algorithms are beneficial for extracting the required
speech signals [30, 11].

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 field[0, 1] (sound field and
electric field) 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 influence of mismatch. These metrics of beamformer are not independent,
the purpose of beamformer design is to find the best trade-off 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 fixed 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 [10]. Griffiths 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
reflections rather than improving steering vector estimation accuracy.



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 differences
in the spectral characteristics between the signal and the interferer, the isolation of the
target source can be improved significantly. 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 [20, 11, , 33]. [17] showed use of
ideal TF masking, also referred to as Ideal Binary Mask (IBM) in a monaural cocktail
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 flexibly with the spatial
fluctuation 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 effective 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 filtering 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-field 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-field geometry. The following sections describe
the signal’s mathematical models and is agnostic of the specific 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 effective for this purpose and can be easily applied to
the audio response of the microphone array [21]. 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 [10].

The far-field condition of Microphone array

Based on the distance of the sound source to the microphone array, acoustic field models
can be categorized into two types: near-field and far-field models. The difference between
the near-field and the far-field: in the far-field 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 difference between the received signal amplitude in each array element is
ignored. However, in the near-field case, the array waves should adopt the spherical wave
model, and the signal arrives at each array element in different directions and amplitudes.
Therefore, near-field array considers the amplitude attenuation and phase shift. Clearly,
the far-field model is a simplification of the actual model, greatly reducing the complexity
of processing. Most general speech enhancement methods are based on the far-field model.

The distinction between near-field and far-field 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 classified as
a far-field scenario; otherwise, it is considered a near-field scenario. Here is a Empirical

formula:
2172
r >

: (1.1)

>\min
where r is the distance between the source and the microphone array, L is 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-field.

For the remainder of this paper, it will be assumed under the far-field condition, as the
frequency range of human speech typically lies between 300 Hz and 8 kHz, with the min-
imum wavelength being 0.043 meters. Therefore, the far-field condition for distance r is
greater than 0.5 meters when the successive distance L is less than or approximate to 10
cm.

1.3.1 Signal Model and Problem Formulation

We consider a plane wave, in the far field, 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 length M) is

T

y(f) =[Y() Yalf) ... Yu(f) ]
= B()x(f) +n(f) ) (1.2)
BAA(S; cos(0a) X (f) +n(f))

where Y,,(f) is the mth sensor signal in frequency domain, X (f) is the target signal in
frequency domain, d(f,cos(,)) is the steering vector at § = 6, (direction of the target
source), B(f,t) = Oor1 denotes the category index represents if there is target signal in
observation, and n(f) is the additive noise signal vector. Usually, the array processing
or beamforming is performed by applying a filter to each sensor signal and summing the
filtered signals. In the frequency domain, this is equivalent to adding a complex weight to
the output of each microphone and summing across the aperture:

Z(f) = Z ()Y ()
ZhH( Hy(f)
:de()+

(1.3)
rn(f);

where Z(f) is the beamformer frequency-domain output signal, and the time-domain out-
put signal is given as:
2(t) = F~{Z(f)} (1.4)
T
W)= Hi(f) Ho(f) ... Hu(f) ] (1.5)

is the beamforming weight vector, which is suitable for performing spatial filtering at
frequency f ,

Xpalf) = X (R (), cos ) (1.6)
is the filtered target signal, and

Via(f) = 0" (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 6 (see Figure 1.1). In this context, the steering vector (of length M) is
given by:

dL(f; Cos gd) — [ 1 €7j27rf7'0 cosfy o efj(M71)2Trf‘ro cosfy } , (18)

where j = +/—1 is the imaginary unit, f > 0 is the temporal frequency, and 75 = % is

the delay between two successive sensors at the angle § = 0 . We denote by w = 2nf
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Plane
wavefront

Figure 1.1: A uniform linear array with M sensors

the angular frequency and by A = ? the wavelength. Since cosf is an even function, so is
d(f,cosf;) . In this thesis, 6 is limited to angles 6 € [0, 27].

For a circular array with M sensors, the radius of the circle is » and microphones are
uniformly distributed (see Figure 1.2).

Plane
R wavefront

Figure 1.2: A uniform circular array with M sensors

The time delay of the mth microphone to the first one alone the direction of plane wave
0, is defined as:

delay(m, cos 0) = 7 cos O4(sin(2%6, ) — sin(36,)) + r sin Oy(cos(2216,) — cos(%@r))’
c

(1.9)



where 6, is the angular interval between two successive microphones. The steering vector
of a circular array can be written as:

dC<f7 CcOS ed) - [ 1 ed2nfxdelay(m,cosba)  pj2mfxdelay(M,cos0q) } 7 (110)

1.3.2 Performance Metrics of Beamformer

Each beamformer has a pattern of directional sensitivity: it has different sensitivities from
sounds arriving from different 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 defined as:

Ah(f),cos] = d;(f, cos f)h(f)

— Z Hm(f>ej(m—1)27rf7—ocosn9 ) (111)
m=1
Usually, |3 [h(f), cos0)] ]2, which is the power pattern, is illustrated with a polar plot.
For beamformer, input signal-to-noise ratio (SNR) is defined as the power ration of input
signal to noise:
a3 (f)
SNR, (f) = ==,
D=5
where 02 | 02 are power of target signal and noise.
Output SNR of beamformer is defined as:
2(f)  h(f)"Ry(f)h(f
SNRiy () = 052( ) _ h®) Ry(Dh(l) (1.13)
a2(f)  n(H)"Ra(f)h(f)
where R, and R, are covariance matrix of target signal and noise. R, can be estimated
from the convolutive mixing process by the complex-valued multiplication Equation 1.2:

(1.12)

Rs(f) = Ug(f)d(Lﬂ COs ed)d(fa COS ed)H (114)
R, is the covariance matrix of noise, which is assumed to be independent with R;.
Ru(f) = an(Hea(f), (1.15)

where p,, is the normalized noise covariance matrix.
Array gain is defined as the ratio of SNR,,; and SNR;,,:
2

_ SNRu() _ [PD)"AF cos (w16
SNR..(f) h(f)"p.(f)h(f) |

7
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If the noise is spatial white noise, then p, = I, and replace it in Equation 1.16:

o h(f)7d(f,cosby) 2 _Ih(p)| (1.17)
T TR()™m() |

1.3.3 Delay-Sum Beamformer

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

subject to h(f)Hd(f, cosfy) =1
From the constrain of Equation 1.18, we can get:
2
1= |h(f)"d(f,cos0a)| < [In(f)|*[|d(f,cos0a)[|* = M|(f)[* (1.19)

The equal condition of Equation 1.19 is h(f) and d(f,cos(f4)) are in same direction.
Then we get the optimal filter:

hps(f,cosly) = =z i(sf,cosed)cos
M

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:

minysy  h(f,cos Hd)HRn(f)h(f, cos 0y)

1.21
subject to  h(f, cos0,)7d(f, cos,) =1 (121)

By using the Lagrange multiplier, the Lagrangian is defined as:
F(h,\) = hR,(f)h 4+ A(d(f,cosfz)"h — 1) + X*(h"d(f, cos ;) — 1) (1.22)
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The solution of Equation 1.21 can be get with the optimal condition of Equation 1.22:

R,(f)d(f, cosbla)
(f,cos0g)" R=1(f)d(f, cos by)

hyvvor (f, cosba) = 1 (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 matrix R,. 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 matrix R, to approximate the noise
covariance matrix R,,.

Hence the beamformer weights can be expressed as:

R (f)d(f, cos ba)
(f7 COs ed)HRajl(f)d(fa COs ed)

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 vector d(f, cosf). 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 different 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,,.

(1.24)

hyvvor(f, cosby) = 1

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 briefly introduce the separation model and method based on Li’s work [21], with
the framework illustrated in the following figure:

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



Training

Target
i | Waveform LiLess |

Phase
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Figure 1.3: Framework of AudioSep model

Language .
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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 mask |M| and the phase residual ZM conditioned
on the text embedding equation. The magnitude mask |M| controls the degree to which
the magnitude of | X| should be scaled, while the phase ZM controls the extent to which
the phase of ZX should be rotated. The separated complex spectrogram can be obtained
by multiplying the STFT of the mixture and the predicted magnitude mask |M | and phase
residual ZX :

S = |M| @ |X|el 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 :)\1./\/-0(#1,0'1)+...+)\K./\[C(IUK,O'K)
= Z)\k/\fc(uk,%) ’

where )\ is the weight of distribution N, (g, o), px is the mean and oy, is the variance.
For a vector x , the probability of it can be expressed as:

(1.26)

p(x) = MNe(x[p1,00) + .o+ AN (X[ o, o)

= 2 MeNe(x g, ok) (1.27)

It needs to note that parameters 0 = (g, i, 0x) are unknown, and the number of distri-
butions K is an hyperparameter. So, when we have a set of samples (xy,...,Xy), we can
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use them to estimate the parameters.
The log-likelihood can be expressed as:

log[L(x1,...,xy]0)] = log[l‘lj_:v[1 p(x;)]

1= k=1

(1.28)

EM (Expectation-Maximization) algorithm is an iterative algorithm that can maximum
the likelihood when there is a hidden variable Z . We can apply it on CGMM model to
do parameters estimation, and the hidden variable z; € Z can be set as the probability of
sample x; belongs to distributions.

The iteration of EM can be expressed as:

Algorithm 1 EM

1: Initalize randomly : §(*)

2: for t < 1 ton do

3: E step : Q(97 9(1&)) — EZ|X,9('5> [logp(X, Z‘e)]
4 M step : 001 < arg max,Q(6, 0®)

5: end for

AudioSep-M VDR

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{AudioSep(y(t))}, (1.29)

where AudioSep is the separation model mentioned in Section 1.3.5 and y(¢) 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, (f)d(f, cos ba)
hAudloSep(f) - d(f7 oS Qd)HRT_Ll(f)d(f7 o8 Qd) (131)
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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 is 5(f)x(f)+n(f) , and S(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,cosby)s,(f,t) (where B(f,t)=v) , (1.32)

where [S(f,t)denotes the category index at the time-frequency point (f,t) , v may take x
or n , where the categories represent noisy speech and noise respectively. s,(f,t) denotes a
mixed signal of speech and noise at frequency f and time ¢ , while s, (f,t) denotes a noise
signal at frequency indice f and time frame ¢ .

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

1

R, (f) = S0 Z M)y (F YR (f 1), (1.33)

where y(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 point (f,t) contains both
target signal and noise with A, (f,¢) . Then the estimation of noisy target signal’s covariance
matrix is:

1
Ro(f) =7 )y (£ 0y (f.1), (1.34)
t
First, we assume the signal s,(f,t) follows a complex Gaussian distribution as:

so(f,t) ~ Ne(0, o (f, 1)), (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:

where v = n or x based on the condition of 5(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 @ function to be maximized in each EM iteration is defined as:

QO) = Nl ogNo(y(f,1);:0, du(f, )R (£,1)), (1.37)
fit v

where \,(f,t) represents the posterior probability of 5(f,t) being v, and it can be computed

as:

p(y(f,1)|B =v,0)
>,y (f, )18 =v,0)
where p(y(f,t)|8 = v,0) = N.(y(f,1);0,¢,(f,t)R,(f,t)). The parameter values can be
updated as follows:

Ao(fit) (1.38)

Bu(1ot) = 2oty (Y™ (DR 1)), (1.39)

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

RYd(f,cosfy)
(f,cos8)" R-Ad(f, cosby)’

hcemm(f, cosby) = 3 (1.41)

where 6, 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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1.4.1 MOS

The most widely used method for subjective quality evaluation is the category rating
method, where listeners use a five-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
) 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 coefficients of the original speech
signal with those of the processed speech signal. Mel cepstral coefficients (MFCC) are
extracted from the spectrum of the speech signal and reflect the perceptual characteristics
of human hearing. The lower the MCD value, the smaller the difference 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 + i) (1.42)

700

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 Coefficients (MFCC) are coefficients 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 difference 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:

Mel Filter

DFT — Bank > DCT —‘

( Sl.)eech ) Framing Concatenate MFCCs
Signal

—>| > _ log 4T

| I

Figure 1.4: The flow chart of MFCC procedure

MCD

MCD can be obtained by calculating the root mean sqrt of Euclidean distance between

two sets of MFCCs:
MCD ==/ E(||]a — b||?), (1.43)

where a and b are two sets of MFCCs.
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1.4.3 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 fidelity
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 coefficients 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 IoT (Internet of Things) applications where small code footprint and low
power consumption are crucial. Here is an overview of the MQTT protocol:

e 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.

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

e Topics: Topics in MQTT are used to categorize messages, allowing for efficient dis-
tribution and filtering.

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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temperature

Weather/temperature

‘Weather

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
specific 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 Techniques

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
office-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 different 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 defined to emulate
that of a real-life scenario (source and microphone positioning, room reverberation effects,
etc.). A toolkit McRoomsim [2] is used to create such virtual environments. Placing sound
sources at defined locations in the virtual environment allows for a simulation in a room.
Additionally, microphone arrays of varying geometries can be defined 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 flexibility 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 as (1.2m X
1.5m x 5m) , absorption coefficient is 1, absorption coefficients 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 efficient 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

O

d = 0.05m |

00 O

(a) (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:

20



RIR of source1 RIR of source! 2

4 ;\,\\ " o0 4 0025

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.

O O

|
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]
Il
o
o
>

(a) (b)

Figure 2.3: Six microphone circular array

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

21



Locations of microphones
[0.6300, 0.7770, 0.5000]
[0.5700,0.7770, 0.5000]
[0.5400, 0.7250, 0.5000]
[0.5700, 0.6730, 0.5000]

[ |
[ ]

0.6300, 0.6730, 0.5000
0.6600, 0.7250, 0.5000

Table 2.2: The locations of microphones in circular array

RIR of sourcel RIR of source2

Figure 2.4: RIRs of six microphone array
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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 different noise
locations with it and because of the symmetry of microphone arrays, these combinations
can represent most cases.

The following figures 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
[0.6,1.2,0.5]
[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

[ TYS ‘ °

= o = 8
‘ o
(a) (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]
[0.6,1.2,0.5]
[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]

[0.762,1.171,0.5]

[0.682,1.1927,0.5]

Table 3.2: Combinations of targetﬁlources and noises in circular array



3.1.1 Speech Dataset

The target signal is evaluated and verified 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 WSJ0 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 defined 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 coefficient k 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 effects 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 2.1 (M = 4,0 = 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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0q d(f,cos04) o| d(f,cosbq) hps(f,cos6y)
(desired direction) (steering vector) M (weights of beamformer)

ﬂk

M
(Number of Microphone)

Figure 3.4: Overview of Delay-Sum beamformer analysis technique

As depicted in Figure 3.4, the weights of the fixed beamformer are independent of the
received signals and are determined solely by the steering vector and the number of micro-
phones, denoted as M.

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 spectrum y(f,¢), and then do the estimation along time axis
with Equation 1.35. With such R, and desired direction 6, the weights of beamformer
could be calculated with Equation 1.24.

R
y(ft) -
. (estimation of
(time-frequency spectrum) noise matrix)

04 d(f,cosfs) | | R d(f,cos0a) hyvpr (f,cos )
(desired direction) (steering vector) d(f,cos 02)F R, T d(f,cos 04) (weights of beamformer)

M
(Number of Microphone)

Figure 3.5: Overview of MVDR beamformer analysis technique
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3.2.3 AudioSep-M VDR 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 matrix R,. Subsequently, the beamformer is obtained
through the MVDR algorithm.

. R,
. Y(f’ t) A:tgi:p > n(t) 1 (estimation of
(time-frequency spectrum) noise matrix)

04 d(f,cos0,) . R d(fscosb,) haudiosep(f5cos 6,)
(desired direction) (steering vector) d(fycos05)7 R d(f,cos 0a) (weights of beamformer)

M
(Number of Microphone)

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 different 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 spectrum y(f,t), we can use the
received signal covariance matrix and identity matrix I as the initiation value of R, and
R,.

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 A, (f,t), we can calculate
the weights of beamformer with Equation 1.33.
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04 d(f,cosfs) | | R, d(f,cos 0a) hoenm (£, cos 0,)
(desired direction) (steering vector) d(f,cos0a)F R;1 d(f,cos 0a) (weights of beamformer)
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(Number of Microphone)

Figure 3.7: Overview of CGMM-MVDR beamformer analysis technique

3.2.5 The configurations 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 configurations.

(a) Gd = 90° (b) 9(1 = 135° (C) 9d = 180°
Figure 3.8: Linear microphone circular array configurations
In each configuration 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 defined in Figure 1.1 and Figure 1.2, denoted
as 0,4, to represent which configuration of target source and noise is being considered.
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(a) 9d = T70° (b) 9d = 80° (C) 9d = 90°

Figure 3.9: Linear microphone circular array configurations
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
different 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 different 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 five 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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this type of noise is distributed across the range of 0Hz-8kHz, with the primary energy
concentrated below 4kHz, and it is non-stationary.

Figure 3.11: The spectrogram of noise

Given the distance between the sound source and the center of the microphone array (as
indicated in Table 3.1 and Table 3.2), the noise-laden signals received in these combinations
are uniform and its spectrogram is depicted in Figure 3.12 below.

L BLULUD mvsbicin AR R Bt b S B B N B A T Bt S S MRS AT 5

Figure 3.12: Spectrogram of received noisy signal

3.3.2 Beampattern and Result of Delay-Sum Beamformer
Beampattern of Delay-Sum Beamformer
Delay-Sum Beamformer is a fix beamformer, so the beampattern will not depend on the

received signal. Here we will plot three beampattern figures for each array and the azimuth
angles of target signal in Figure 3.13 and Figure 3.14.
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Figure 3.13: Beampattern of 4 mic linear array Delay-Sum beamformer
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Figure 3.14: Beampattern of 6 mic circular array Delay-Sum beamformer

Results of linear microphone array

The Figure 3.15 shows that, for the low-frequency parts, due to the wide main lobe of the
DS beamformer in Figure 3.13, there is no directional selectivity for the received signal,
resulting in significant low-frequency noise in all configurations, for the mid and high-
frequency parts, the beamformer’s performance is relatively good. As the microphone
array is linear, it lacks the ability to discern sound signals with azimuth angles of 6 and
m — 6, as shown in Figure 3.15c, the performance is bad. From the figures it can also
be observed that noise isolation is more effective when the sound source is positioned

parallel to the linear array, and the effectiveness deteriorates as the source approaches a
perpendicular orientation.
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(a) 04 = 90°

(b) 64 = 135°

(c) 64 = 180°

Figure 3.15: Spectrograms of signal applied with Delay-Sum beamformer

Results of circular microphone array

From the Figure 3.16, we can discern that it is like the case of linear array, the noisy signal
after beamforming still retains a significant amount of low-frequency noise. However, due
to the circle six microphones array having distinct steering vectors in almost all directions,
the beampattern diagram in Figure 3.14 does not exhibit symmetrical lobes. Consequently,
the circular array outperforms the linear array in terms of versatility.
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(a) 04 = 70°

(C) Hd = 90°

Figure 3.16: Spectrograms of signal applied with Delay-Sum beamformer

3.3.3 Beampattern and Result of MVDR Beamformer

As before, we applied MVDR beamformer on these configurations and obtained figures of
the spectrogram results.

Results of linear microphone array

From the Figure 3.17, we can discern that the MVDR beamformer can adaptively generate
nulls in the direction of noise sources, while producing peaks in the direction of the target
signal, depending on their respective positions, for example, in Figure 3.17a, the null value
appears at the azimuth angle of 270°, at the same time, some peaks appear in the target
signal we selected, which is at the 90°. Consequently, it can be observed from Figure 3.18a
that the elimination of noise in the low-frequency part is significant.
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Figure 3.17: Beampatterns of MVDR beamformer

However, noticeable noise is still present in certain frequency bands. This is attributed
to the instability of the MVDR beampattern across different frequencies, which is also a
core issue in the design of beamformers for speech enhancement. As the speech signal
is a broadband signal, it requires consistent gain across various frequencies to minimize
distortion. The MVDR beampattern, as illustrated in Figure 3.17b, exhibits numerous
discontinuous horizontal lines, which is the cause of continuous noise at certain frequencies.
Furthermore, from these three beampattern figures we can discern that the consistent
presence of nulls at the azimuth angle of 180°. This occurs because the signals received
in this direction are completely coherent, which also results in the incapability to properly
receive the target signal in this direction, as shown in the Figure 3.18c.
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(a) 04 = 90°

(c) 64 = 180°

Figure 3.18: Spectrograms of signal applied with MVDR beamformer

Results of circular microphone array

From Figure 3.19b, we can observe nulls directed towards the noise and prominent peaks
in the direction of the target signal, there is also a noted instability along frequencies.
However, unlike the beampattern of a linear array, the circular array does not have fixed
nulls in specific directions; all nulls are depending on the location of the noise and steering
direction, offering greater flexibility without inherent limitations.
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Figure 3.19: Beampatterns of MVDR beamformer

(a) 04 = 70°

(b) 64 = 80°

(C) Hd = 90°

Figure 3.20: Spectrograms of signal applied with MVDR beamformer

3.3.4 Beampattern and Result of AudioSep-M VDR Beamformer

By implementing the AudioSep model, we have obtained the spectrograms of the noise,
as illustrated in Figure 3.17. By comparing it with the spectrogram of the noisy speech
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presented in Figure 3.14, it can be observed that the spectral components of the speech in
the high-frequency range have been removed. This indicates that the model has achieved a
certain degree of noise and speech separation. We will proceed to utilize the noise spectrum
here to calculate the coefficients for the MVDR beamformer.

Figure 3.21: The spectrogram of separated noise

Results of linear microphone array

It can be observed that the performance of this method is highly inadequate. Compared
with the conventional MVDR approach in Section 3.3.3, it is evident that the primary
issue lies in the estimation of R,,. The root cause is the noise separation performance
of AudioSep method. The mono frequency-domain separation model has difficulty in dif-
ferentiating between the spectra of noise and speech when they overlap, in Figure 3.21,
all high-frequency end of noise is removed. Additionally, when apply the model to mul-
tiple channels case, the separation results may not be stable, ultimately leading to the
self-cancellation of the speech and the retention of noise.
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(b) Hd = 135° (C) Hd = 180°

Figure 3.22: Beampatterns of AudioSep-M VDR, beamformer
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(a) 04 = 90°

(c) 64 = 180°

Figure 3.23: Spectrograms of signal applied with AudioSep-MVDR, beamformer

Results of circular microphone array
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Figure 3.24: Beampatterns of AudioSep-M VDR, beamformer
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(a) 04 = 70°

(C) Gd = 90°

Figure 3.25: Spectrograms of signal applied with AudioSep-MVDR, beamformer

3.3.5 Beampattern and Result of CGMM-MVDR Beamformer

Results of linear microphone array

Through the Figure 3.17 and Figure 3.26, it can be observed that there is a discernible
difference between the beampatterns of a linear array when employing the CGMM method
to estimate the covariance matrix R, and when using the mean value for estimation. For
instance, there is no fixed null at the 180° direction when using CGMM method. The
commonality of them is that the gain in the direction of noise is low, and coupled with
significant fluctuations across different frequencies.

These fluctuations also result in noise in certain frequency bands, we will analyze the causes
and attempt to improve upon them in the next chapter 4. Additionally, from the Figure
3.26¢ and Figure 3.27¢c, we can discern issues due to the geometry of linear array, when the
sound sources are close to 180° or 0°, this problem is evident.
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Figure 3.26: Beampatterns of CGMM-MVDR beamformer
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Figure 3.27: Spectrograms of signal applied with CGMM-MVDR beamformer

3.3.6 Results of circular microphone array

The following figures illustrate the use of the CGMM method with a circular array. We
can discern that, like the linear array case presented earlier, there is significant noise in
certain frequency bands. This issue stems from the beampattern, where nulls appear in
the direction of the target signal, and peaks are directed towards the noise. This is the

41



primary cause of the poor performance, which we will address in the next chapter.
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Figure 3.28: Beampatterns of CGMM-MVDR beamformer
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Figure 3.29: Spectrograms of signal applied with AudioSep-MVDR beamformer
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3.3.7 Speech Quality results of microphone arrays

In this section, we conducted an evaluation using subjective metrics in Section 1.4.2 and
1.4.3, which included the four methods mentioned above and the unprocessed noisy signal,
denoted as "Origin”. The subjective assessment confirmed three key points:

1. The linear array exhibited significant performance variation under different config-
urations, with the strongest discrimination in the horizontal plane but very bad,
almost non-existent, discrimination in the vertical plane. In contrast, the circular
array demonstrated a more consistent performance across all directions of targets
and noises.

2. The MVDR method and the CGMM-MVDR method performed relatively well, out-
performing the other methods, and each showed strengths and weaknesses in certain
configurations.

3. The AudioSep-MVDR method performed very poorly, even worse than the unpro-
cessed 'Origin’ signal. This indicates that the model may have retained a significant
amount of the original noise, leading to the cancellation of the target signal. Addi-
tionally, there is a considerable issue with the retention of noise.
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Figure 3.30: MCD assessment results
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Chapter 4

Discussion of results and
improvement method

4.1 Comparison and Discussion of Simulation Results

In the previous chapter, we evaluated the performance of linear and circular arrays using
various methods and conducted an intelligibility assessment of the processed signal. It was
observed that circular array outperformed linear array in terms of stability and adaptability
in almost all configurations. Among the different methods, the CGMM-MVDR and MVDR
showed superior performance compared to AudioSep and Delay-Sum. However, there is
still room for improvement to the CGMM-MVDR method. In this chapter, we will attempt
to address the issue and design a post-processing algorithm for it.

4.2 A post-processing method of CGMM-MVDR Beam-
former

From the comparison in Section 3.3.7, it was observed that the CGMM-MVDR, method
underperformed the MVDR method in certain scenarios, which is counterintuitive and
unexpected. Through more experiments, a phenomenon that leads to the degradation of
performance was identified.

From the Figure 4.1, we can see that when the SNR of input signal less than 1.8dB,
the mask we get will be inconsistent along frequency axis. The precision of the mask
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directly influences the estimation of R,. The value of the noisy mask should approximate
the time-frequency (TF) mask of the target signal. The noise mask, which excludes the
portion of the target signal, essentially serves as the complement of the target signal. It
can be observed that the mask estimation is relatively accurate, albeit with inconsistencies
across different frequencies. To overcome this problem, we can do some post-processing to
reorganize these outcomes to get the correct masks. This post-processing method consists
of two steps, the first is to find the frequency part that inconsistent with reference and
reorganize them, the second is do classification.

200 250

(a) 1.80dB (b) —4.17dB (c) —7.44dB (d) —9.28dB

Figure 4.1: The noise masks with different SNR

4.2.1 Processing for pixel consistency

Here we define an algorithm to find the inconsistent frequency part and reorganization
them.

Here, we have the noise mask A € RM*¥ it can be written as:
ay]; ... Q1N
A= (4.1)
ampl  --- AMN

The objective function is defined as:

) M N
min Y > |z — T

i=1j=1
Tik a i 1—ay (4.2)
) Tok as i 1—agy :
subject to ] = ] or )
T Mk aM k I —ank
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This indicates that the noise mask matrix is consistent across each column. We will attempt
to use the columns directly obtained from the EM algorithm or invert their values (by
subtracting its values from 1) to achieve a result with the smallest column-wise difference.
Here, we propose a heuristic algorithm to solve this problem.

Algorithm 2 Mask reorganization

1: Initalize : n < 1
2: forl+— 1to N —-1do

. M M
if Z |'Ti,l — xi,l+1| > Z ’xi,l — (1 — xi,l+1>| then
=1 =1

1=

@

4 Gn <1

5 n+<n+1

6 end if

7: end for

8: for m+ 1ton do

9 for{ <+ 1to N —1do

10: if (m mod 2) =1 and [ > ¢, then
11: for £ < 1 tom do

12: Tg < 1-— T

13: end for

14: end if

15: end for

16: end for

The explanation of the mask reorganization algorithm is as follows:

1. Calculate the difference for every pair of columns from the first time frame. If the dif-
ference between two columns is greater than the difference with one reversed column,
it is considered that there is an inconsistency column.

2. Pairing each two inconsistent columns as a segment and invert them.

4.2.2 Mask classification using CNN

We did the reorganization in Section 4.2.1, but we use the first several time-frequency
points as reference, so when the reorganization is finished, we will have two unknown
masks, one is noise mask, and another is the noisy mask. In practical scenario, sometimes
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there is only noise in received signal, we still need to identify such case. To find out which
mask is noise mask and which is noisy, we trained a CNN classification model.

Structure of CNN model

Because individual speech signals exhibit a relatively common similarity in spectrogram,
such as being distributed within the frequency range of 200 Hz to 8000 Hz and having a
broad frequency spread, and in terms of time, individual speech signals typically consist
of quasi-steady-state signals ranging from 10ms to 30ms in length, a simple convolutional
neural network (CNN) can accomplish the classification.

o
m
1" pog,,

o,
TP

fe2

Figure 4.2: Architecture of CNN classification model

Train and Test of CNN model

As mentioned in Section 3.1, we will utilize the masks generated from 200 speech segments
to train the classifier, with a training set to test set ratio of 9:1.
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Figure 4.3: Classifier training process

4.3 Beampattern and Results of CGMM-MVDR method
with post-processing algorithm

4.3.1 Results of linear microphone array

In this section, we utilize the imprved CGMM-MVDR method and the post-processed
masks to estimate R, and to generate the beamformer. From Figure 4.4, It can be ob-
served that after processing, the mask becomes more consistent and accomplishes correct
classification. In Figure 4.5, we can observe that the beampatterns remain relatively sta-
ble across different frequencies, without noticeable fluctuations. In Figure 4.5a, the gain
is noticeable low at the ; = 270° direction. In Figure 4.5b, there is an interruption in
the middle but the gain is comparatively low at the low and high frequencies parts at the
direction of 6, = 180°; these are all indicative the noise is canceled.

The results of spectrograms also indicate that, compared to previous results, the target
signal obtained through the post-processing method retains its integrity with minimal dis-
tortion. In Figure 4.6b, there is some loss in the high-frequency part; however, the details
in the low-frequency range are preserved exceptionally well.

For the 180° case, it can be observed from Figure 4.4c that the generated mask is inca-
pable of distinguishing between noise and the speech signal. This is due to the linear
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Figure 4.4: Noise masks after post-processing
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Figure 4.5: Beampattern of post-processed CGMM-MVDR beamformer

array’s inability to differentiate the signal directions, a limitation that cannot be overcome
by post-processing method.
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(a) 04 = 90°

(b) 6y = 135°

(c) 64 = 180°

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

4.3.2 Results of circular microphone array

The performance of the circular array is significantly enhanced with the incorporation of
post-processing. The resulting spectrogram indicates that it is approached to the pure
speech signal. Furthermore, owing to the geometric properties of the circular array, it can
resolve signals received from any direction, thus avoiding the issue encountered with linear
arrays where signals from the perpendicular direction cannot be distinguished.
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Figure 4.7: Beampattern of post-processed CGMM-MVDR beamformer
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Figure 4.8: Spectrograms of signal applied with post-processed CGMM-MVDR beam-
former
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4.3.3 Speech Quality results of post-processed CGMM-MVDR
beamformer

Similarly the Section 3.3.7, we do the subjective assessment here to confirm the efficacy of
post-processing method. We can summarize the assessment into two points:

1. It is evident that among the arrays of both geometric shapes, STOI values ob-
tained with post-processing are higher than other methods except at the direction of
0y = 180°. Similarly, MCD values are lower than almost all other approaches.This
demonstrates the effectiveness and a certain level of stability of the post-processing
method.

2. The performance of post-processing in the circular array is more stable and signifi-
cantly superior to all other methods.
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Figure 4.9: MCD assessment results
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Chapter 5

System Design

5.1 Introduction

In this chapter, we will build a prototype and test the feasibility of the improved CGMM-
MVDR Beamformer in real world. We will make a device that integrates microphone
array, processor with input and output functions, and can be controlled by Android app
on mobile phone. Due to the requirements of portability and reducing device dependence,
the edge device should offload the high computational tasks to a server, so we placed the
components with low latency requirements and low computational load on the edge device
connected to the microphone array, and the parts with high computational demands and
without low latency requirements on a remote server. The computational results are then
transmitted back to the edge via a communication protocol MQTT so that the functions
can be deployed on simple devices.

Regarding the control functionality of the Android app, our want to extend beyond merely
sending start and stop instructions. We aim to implement a control method based on
gesture interaction. In this scenario, we assume that the microphone array is near the
mobile phone running the Android app. This assumption ensures that the direction in
which the phone is pointed is consistent with that of the microphone array, so we can
use the phone to point at our target signal to control the beamformer to steering it. By
pointing at the target signal, we can use the orientation sensor on mobile phone to get the
orientation information, then generate a steering vector and apply it on the beamformer.
Consequently, users holding the phone can control the reception of sound from any desired
direction based on the which direction it is pointing at.
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Microphone array

Q Smart phone

Figure 5.1: Beamformer orientation control schematic diagram
5.2 Hardware Design

5.2.1 Microphone and Board

According to our comparison and discussion in Section 4.1, we will choose the circular
microphone array to achieve a robust beamforming robust beamforming for signals coming
from all directions. Specifically, we utilized six omnidirectional, top-ported 12S digital
output MEMS microphones and a board capable of providing power and clock signal to
the microphones, formatting the multi-channel data to comply with the UAC (USB Audio
Class) standard. Then, the microphone array is connected to a Raspberry Pi, which serves
as the edge device, via a USB 2.0 interface.

5.2.2 Edge device

The edge device is a Raspberry Pi 4 Model B with 2 GB of RAM.
This device supports Wi-Fi and Bluetooth, is equipped with multiple USB interfaces, and
can perform simple computational tasks.

Finally, connect the microphone array to the Raspberry Pi, and the entire assembly is
housed within a cylindrical enclosure to form our prototype, with the microphones placed
at the top to better capture sound.
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5.2.3 Software Design

As previously mentioned, due to considerations of portability and cost, we utilize a Rasp-
berry Pi as the edge device. Consequently, the computationally intensive EM algorithm
is executed on the server, after which the calculated R, is transmitted back to the edge
device. Then R, is combined with the direction instruction from the mobile app to gener-
ate real-time beamformer weights. The edge device then employs these weights to process
received audio signal.
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Figure 5.5: The edge device Figure 5.6: The prototype
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5.2.4 Edge device and Server Software Design
Edge device

As depicted in Section 5.1, we will perform tasks requiring timely processing on the edge
device, which can be divided into two parts. The first part involves audio signal beam-
forming processing. Initially, the received audio signals undergo Discrete Time Fourier
Transform (DTFT) to convert into a spectrogram. Subsequently, as shown in Equation
1.3, beamforming is conducted, followed by an Inverse Discrete Time Fourier Transform
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(IDTFT) to revert to the time-domain signal. The second part entails determining the
steering vector based on the angles sent from the Android app, which is then used to up-
date the beamformer’s weights in real-time. These weights are subsequently used in the
beamforming step mentioned in the first part.

All information exchange processes here, including the interactions between the Android
app and the server, are based on the MQTT protocol, thus requiring the internet connec-
tion.

Server

For the server, it receives a time-frequency (TF) spectrum with a duration of 15 seconds.
Based on this spectrum, the EM iterative algorithm will be executed. Since the variation
in ambient noise is generally not excessive or rapid, the delay caused by this process, which
includes the 15-second duration plus the time required for the EM algorithm to process,
will not significantly impact the performance.

Android APP Design and Communication

In this section, we will introduce the UI design and operation logic of the Android app.

e Button (I): When MQTT is not connected, it will display this text; pressing this but-
ton will attempt to connect to the specified MQTT broker, with a Toast notification
indicating success or failure.

e Button (2): Upon successful connection to the MQTT broker, this button can be
used to initiate audio recording. Once activated, orientation instructions will be sent
to the edge device, which will then begin to receive and process signals from the
microphone array. Currently, the processed audio will be saved as a file.

e Button (3): As depicted in Figure 5.1 , we will use the mobile phone’s orientation
sensor to get the direction it is pointing at and control the beamformer. Therefore,
prior to use, it is necessary to calibrate the orientation of the phone with the micro-
phone array. A calibration marker is drawn on the prototype. By placing the phone
parallel to the marker and pressing the button, the calibration can be completed.

e Button (4): Once the MQTT connection to the broker is established, the text of
Button (I) will display "MQTT Stop.” To terminate the connection, use this button.
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Figure 5.9: The states and flow of the app

e Button (5): Like Button (4), this button is used to cease recording.

As depicted in Figure 5.9, recording button can only be initiated after a successful MQTT
connection has been established. Regarding the calibration feature, it can be used in all
states.
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5.3 Results and Conclusions

The Figure 5.10 presents the noise and noisy masks in real-world scenarios when receiving
a noisy speech signal in an office. It can be observed that through the application of the
CGMM model, the EM algorithm, and the reorganization process in post-processing, the
two masks can be effectively generated. Additionally, the classification model based on
CNN is crucial to distinguish between noise mask and noisy mask.
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Figure 5.10: TF masks in real test

From the Figure 5.11, it can be observed that for received with high SNR, the beamformer
generated is close to the Delay-Sum beamformer. However, in the low-frequency range, it
is narrower and more effective than the conventional Delay-Sum beamformer.
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Figure 5.11: Beampatterns of prototype
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Chapter 6

Final Conclusions and Future Work

6.1 Conclusions

The goal of this thesis and work is to further develop the application of beamforming
using microphone arrays and to evaluate its performance. By creating a large amount
of test data through recording and simulation techniques, overall trends were determined
as to the improvement beamformers provide over noise isolation scenarios. Using the
objective speech intelligibility metrics and spectrum distortion assessment allowed for the
measurement of improvement by the beamforming technique. A series of experiments were
presented and their results have led to the following:

e We conducted simulations to test four types of beamformering methods on both linear
and circular microphone arrays to variety of direction combinations of target signal
and noise. Then, we compared and analyzed the characteristics and performance of
each method. Subsequently, the comparison concluded that the circle microphone
array is more stable, and the CGMM-MVDR method has a higher upper-bound in
performance.

e By observing the noisy mask generated by the CGMM-MVDR method, we pro-
pose post-processing steps to enhance the performance of it. Utilizing a substantial
amount of data to validate and train, we developed a post-processing method that in-
cludes two steps: reorganization and classification. We also verified the effectiveness
of this method through experiments.

After simulations, we set up a prototype with microphones and a Raspberry pi and we
made the EM algorithm and beamforming process to be carried out separately on the edge
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device and server, thereby better reducing the computational requirements of the devices
and ensuring low latency. We have also developed an app for Android devices that allows
users to control the direction of the beamformer with gesture interaction, enabling users
to conveniently receive speech signal from a desired direction.

6.2 Limitations and Future Work

In this work, we employed the CGMM-MVDR and post-processing method on circle micro-
phone array to generate beamformers targeted at specific directions, and we constructed a
prototype to implement this method. However, during the experiments, we also identified
issues with the current approach that deserve further exploration and study.

e The CGMM-MVDR method is adaptive, hence the gain is not stable under many
circumstances. Consequently, it is need to incorporate an algorithm akin to wide
dynamic range compression (WDRC) following beamforming to standardize the pro-
cessed signal strength within a certain range.

e Existing time-frequency (TF) mask methods, including the CGMM-MVDR approach
we employ, are capable of generating only two masks: one for noise and another for
the target signal or the noisy signal. Therefore, they are incapable of handling more
than one sound source, as it would aggregate multiple sound sources into a single
mask.

e Due to limitations in experimental facilities and equipment, we have not been able
to reproduce the various sound sources and noise scenarios from the simulation in
our prototype.
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