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Speech enhancement for non-stationary noise around a machine cabin
YILIANG ZHOU
Division of Applied Acoustics
Chalmers University of Technology

Abstract

This thesis is mainly concerned with the solution for speech enhancement in the
presence of non-stationary noise around the machine cabin. This allows outside
speech to enter the cabin and reduces unwanted noise. The application scenario
of this work is a signal processing system using a microphone array outside the
cabin to capture signals and using di�erent algorithms to enhance the speech sig-
nals. With the help of this system, the machine operator is able to get speech
information in a noisy environment. The noise sources in this situation are more
complex and non-stationary. Examples of noise sources include engine noise, tra�c
noise, or other construction activities. Previous work done by Tomoya chose the
microphone array con�guration and developed the beamforming method. From the
results of the valuable work, it is found that beamforming is able to increase the
signal-to-noiseratio (SNR) in the current situation, but the sound quality and SNR
are still limited due to the low input SNR and non-stationary noise environment.
Therefore, modi�ed beamforming and new methods are implemented in this work.
noise cancellation(NC) predicts the transfer path for the noise signal and removes
it by controlling the minimum error of the output. Noise suppression(NS) uses the
scheme of spectral subtraction to subtract the noise spectrum from noisy speech
spectrum. A combination of beamforming and noise cancellation and a combination
of beamforming and noise suppression method are developed and evaluated. The
result shows a better performance for this low input SNR and non-stationary noise
case.

Keywords: Speech enhancement, Non-stationary noise environment, Beamforming,
Noise cancellation, Noise estimation.

v





Acknowledgements

I appreciate all the valuable advice and instructions from Nicklas Frenne, my su-
pervisor at Volvo Construction Equipment AB. He was always active and helpful
during the whole thesis program. It was a pleasure to work with him and Volvo
Construction Equipment. I would like to show my appreciation to Jens Arhens, my
supervisor and examiner at Chalmers. He has given me a lot of support and sug-
gestions for my thesis. Thank you Sophie Poulsen(my dear girlfriend) for patiently
pushing me to �nish this thesis faster. Finally, I wish to thank my family and friends
for their unconditional love and encouragement throughout my life.

Yiliang Zhou, Copenhagen, October 2023

vii





List of Acronyms

Below is the list of acronyms that have been used throughout this thesis listed in
alphabetical order:

SNR Signal-to-Noise Ratio
STFT short-time Fourier transform
NC Noise Cancellation
FRF Frequency Response Function
FFT Fast Fourier Transform
IFFT Inverse Fast Fourier Transform
LMS Least Mean Squares
FXLMS Filtered-X Least Mean Squares
NS Noise Suppression
CNNs Convolutional Neural Networks
RNN Recurrent Neural Networks
LSTM Long Short-Term Memory
MCRA Minima Controlled Recursive Averaging
PSD Power Spectral Density
LLR Log-Likelihood Ratio
WSS Weighted Spectral Slope
SPP Speech Presence Probability
PESQ Perceptual Evaluation of Speech Quality

ix





Contents

List of Acronyms ix

List of Figures xiii

List of Tables xv

1 Introduction 1
1.1 Purpose . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.3 Previous Work and Setup . . . . . . . . . . . . . . . . . . . . . . . . 2
1.4 Structure of the thesis . . . . . . . . . . . . . . . . . . . . . . . . . . 3

2 Theory 5
2.1 Stationary noise and Non-Stationary noise . . . . . . . . . . . . . . . 5

2.1.1 Stationary Noise . . . . . . . . . . . . . . . . . . . . . . . . . 5
2.1.2 Non-Stationary Noise . . . . . . . . . . . . . . . . . . . . . . . 6

2.2 Beamforming . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
2.3 Noise cancellation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
2.4 Noise suppression . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

2.4.1 Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10
2.4.2 General spectral-subtractive speech enhancement con�guration 11
2.4.3 Minima Controlled Recursive Averaging (MCRA) noise esti-

mation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12
2.5 Musical noise . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
2.6 Signal-to-Noise Ratio (SNR) . . . . . . . . . . . . . . . . . . . . . . . 14

3 Methods 15
3.1 Beamforming . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
3.2 Noise cancellation with Beamforming . . . . . . . . . . . . . . . . . . 16
3.3 Noise suppression with beamforming . . . . . . . . . . . . . . . . . . 17

4 Results 19
4.1 Beamforming . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

4.1.1 Beamforming SNR . . . . . . . . . . . . . . . . . . . . . . . . 20
4.1.2 Robustness check by moving the source position . . . . . . . . 20

4.2 Noise cancellation with beamforming . . . . . . . . . . . . . . . . . . 23
4.2.1 Spectrogram comparison . . . . . . . . . . . . . . . . . . . . . 23

xi



Contents

4.2.2 Robustness check by changing the input noise percentage . . . 24
4.3 MCRA noise suppression with beamforming . . . . . . . . . . . . . . 26

4.3.1 Spectrogram comparison and Coherence . . . . . . . . . . . . 27
4.3.2 Robustness check by changing the input noise percentage . . . 29

4.4 Informal listening for di�erent methods . . . . . . . . . . . . . . . . . 30

5 Conclusion 31
5.1 Discussions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31
5.2 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32
5.3 Real-world applications . . . . . . . . . . . . . . . . . . . . . . . . . . 32

Bibliography 33

A Appendix 1 I

xii



List of Figures

1.1 Optimal microphone positions from the previous work, drawing, and
the real picture. Image: Nicklas Frenne, March 22, 2022 . . . . . . . 3

2.1 Delay-sum beamforming diagram. Image from[11] . . . . . . . . . . . 7
2.2 Noise Cancellation theory in current case[12] . . . . . . . . . . . . . . 8
2.3 General form of the spectral subtraction algorithm. Flow chart from

[10] . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
2.4 Theory of MCRA algorithm.Flow chart from[10] . . . . . . . . . . . . 12

3.1 Flow chart of beamforming algorithm . . . . . . . . . . . . . . . . . . 15
3.2 Flow chart of Noise cancellation with Beamforming algorithm . . . . 16
3.3 Flow chart of noise suppression with beamforming algorithm . . . . . 17

4.1 Beamforming target point and microphone positions . . . . . . . . . . 19
4.2 Output SNR when the source is moving in the blue square(0.5m shift-

ing from center). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21
4.3 Output SNR when the source is moving in the blue square(1m shifting

from center). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22
4.4 Output SNR when the source is moving in the blue square(3m shifting

from center). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22
4.5 Spectrogram of noise cancellation with beamforming algorithm . . . . 23
4.6 Robustness check for �rst Noise suppression then beamforming. . . . 25
4.7 Spectrogram of noise suppression with beamforming algorithm . . . . 27
4.8 Coherence of clean speech and the result of di�erent methods . . . . . 28
4.9 Robustness check for �rst noise suppression then beamforming. . . . . 29

5.1 Control Panel for Application . . . . . . . . . . . . . . . . . . . . . . 32

xiii



List of Figures

xiv



List of Tables

4.1 Comparison of SNR between single microphone and beamforming
output. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

4.2 Subjective evaluation for di�erent methods. . . . . . . . . . . . . . . 30

xv



List of Tables

xvi



1
Introduction

Speech communication is essential in many environments, including vehicle cabins.
However, background noise and engine noise can interfere with speech intelligibility
and pose challenges to clear communication between the machine operator and other
individuals. At Volvo Construction Equipment AB, some machines are equipped
with cabins that are well acoustically isolated from the environment. In the cabin,
normally a good noise reduction has been achieved which means the noise and sound
from outside are isolated. However, there is a need to allow speci�c sound sources,
such as speech, to be passed through.
To address this problem, an important point is to use a system to capture mixed
signals and process the signal to get clear signals, ie. Speech signals. Previous work
has been done using a 10-microphone array and beamforming to develop a system
for speech enhancement and noise reduction. However, the results were not optimal
in this low-input SNR and non-stationary noise situation. Therefore, the aim of
this thesis is to optimize and complete the signal-processing system implement new
methods for speech enhancement and noise reduction in the vehicle cabin try to
achieve better performance, also investigate the limitations of di�erent methods.

1.1 Purpose

By improving the existing system, this research will contribute to enhancing speech
intelligibility and enabling clear communication in noisy vehicle cabins. This thesis
will explore and compare di�erent signal processing techniques and their limits to
optimize the performance of the system, with a focus on improving speech qual-
ity and reducing noise. The results of this research will be valuable for developing
e�ective communication systems in noisy environments, which can have important
applications in various industries, including communication, construction, and trans-
portation.

1.2 Related Work

Ideally, we would like a speech enhancement process to improve both quality and
intelligibility. It is possible to reduce the background noise but at the expense
of introducing speech distortion, which in turn may impair speech intelligibility.
Hence, the main challenge in designing e�ective speech enhancement algorithms
is to suppress noise without introducing any perceptible distortion in the signal.
Thus far, most speech enhancement algorithms have been found to improve only
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1. Introduction

the quality of speech [10]. This is also a limitation of this thesis that we are getting
less improvement in speech intelligibility.

The solution to the general problem of speech enhancement depends largely on the
application at hand, the number of microphones or sensors available, the relationship
(if any) of the noise to the clean signal, and the characteristics of the noise source
or interference. The interference could be noise-like (e.g., fan noise) or speech-like
such as an environment (e.g. a restaurant) with competing speakers [3].

Furthermore, the number of microphones available can in�uence the performance of
speech enhancement algorithms. Typically, the larger the number of microphones,
the easier the speech enhancement task becomes. Adaptive cancellation techniques
can be used when at least one microphone is near the noise source. The noise may
also be statistically correlated or uncorrelated with the clean speech signal, like the
minimum mean-square error information[4].

Regarding the on-site situation in this thesis and these three facts, three kinds of
corresponding methods are implemented. They are Beamforming, noise cancellation,
and noise suppression.

1.3 Previous Work and Setup

Previous work was done by Tomoya by exploring the optimal arrangement for beam-
forming microphone positions and recording relevant noise and speech signals. Com-
parison between di�erent microphone arrangements was evaluated and the �nal
choice had the best performance among all. The optimal setup is shown on the
left side of Figure. 1.1, and 6 locations are selected around the cabin for measuring.
There are 10 microphones in all in the beamforming setup. The microphone setup is
symmetric along the Y-axis. The names are marked on the right side of Figure. 1.1.
(Front Right 1 and 2, Rear Right 1 and 2, and Corner West 1, on the other side
they are Front Left 1 and 2, Rear Left 1 and 2, and Corner East 1).

After choosing the optimal position, three measurements were conducted: frequency
response function measurements, speech, and machine recordings. There are 6 dif-
ferent locations where the source was placed and measurements of the frequency
response functions and recordings of noise speech were taken. The measurement
plan is shown in the Appendix A.

After getting all the measurements, the delay and sum beamforming method was
used to implement the signal processing process. SNR improvement is shown in the
Result Chapter 4.

2



1. Introduction

Figure 1.1: Optimal microphone positions from the previous work, drawing, and
the real picture.
Image: Nicklas Frenne, March 22, 2022

1.4 Structure of the thesis

Following the introduction, chapter 2 illustrates the theory that is needed in this the-
sis. Theory of di�erent methods and theory for speech quality evaluation. Chapter
3 gives the methodology that was applied in conducting this thesis. Beamform-
ing, noise cancellation, and noise suppression are used individually and combined.
Chapter 4 will display the results of di�erent methods, both objective and subjective
results will be shown. Also, the robustness test result is included in this chapter.
Further discussions on the results and limitations include elements that could have
been handled di�erently, and suggestions of real applications are included in Chapter
5.
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2
Theory

In most applications, the aim of speech enhancement is to improve the quality and
intelligibility of degraded speech. The improvement in quality is highly desirable as
it can reduce listener fatigue, particularly in situations where the listener is exposed
to high levels of noise for long periods of time (e.g., manufacturing).[10]

2.1 Stationary noise and Non-Stationary noise

Noise is an unwanted random variation that can corrupt or degrade a signal. Under-
standing the characteristics of noise is crucial for developing e�ective noise reduction
techniques.
Noise can be broadly categorized into two types: stationary noise and non-stationary
noise.

2.1.1 Stationary Noise

Stationary noise is a type of noise that exhibits a constant statistical property over
time. In other words, the statistical parameters of stationary noise, such as mean and
variance, remain constant or change very slowly over short time intervals. Stationary
noise is often characterized by its spectral properties, which can be represented by a
power spectral density (PSD) that remains relatively constant across time. Common
examples of stationary noise include white noise, machine noise, and certain types
of background hum.
Mathematically, if we denote the speech signal corrupted by stationary noise ass[t]
and the stationary noise component asv[t], we can model the observed signalx[t]
as the sum of the two:

x[t] = s[t] + v[t] (2.1)

The stationary noisev[t] is often assumed to be uncorrelated with the speech signal
s[t] and can be represented by a time-invariant noise PSDN (f ). This assumption
allows for the development of various noise reduction techniques based on spectral
subtraction, Wiener �ltering, and other linear �ltering approaches.
Examples of stationary noise include white Gaussian noise, pink noise, and many
background noises such as the hum of electrical equipment or the hiss in an audio
recording.
Stationary noise is often characterized by its mean and variance, which remain
constant over time. This means that the average value of the noise signal does not
change, and the spread or dispersion of the noise values remains the same.

5



2. Theory

2.1.2 Non-Stationary Noise

Non-stationary noise, in contrast, is noise whose statistical properties change sig-
ni�cantly over time. Non-stationary noise sources are time-varying and can be
more challenging to model and suppress compared to stationary noise. Examples of
non-stationary noise include complex engine noise, tra�c noise, babble noise, and
environmental sounds with time-varying characteristics.
Modeling non-stationary noise requires more advanced techniques, as traditional sta-
tionary noise reduction methods may not be e�ective. Adaptive �ltering algorithms
and time-frequency analysis approaches are commonly employed to track and adapt
to the changing properties of non-stationary noise in real time.
Mathematically, we can represent the observed signalx[t] corrupted by non-stationary
noisev0[t] as:

x0[t] = s[t] + v0[t] (2.2)

Unlike in stationary noise, the non-stationary noisev0[t] is not assumed to be uncor-
related with the speech signals[t]. Its characteristics may vary signi�cantly across
time and frequency, requiring more sophisticated algorithms for e�ective noise re-
duction.
Non-stationary noise poses additional challenges for noise reduction algorithms be-
cause the statistical properties of the noise change rapidly. As a result, traditional
noise reduction techniques that assume stationary noise may not be e�ective in
reducing non-stationary noise.
To deal with non-stationary noise, advanced techniques such as time-frequency anal-
ysis and adaptive �ltering are often employed [13]. These techniques aim to track
and adapt to the changing characteristics of the noise over time, allowing for more
e�ective noise reduction.

2.2 Beamforming

Beamforming is a versatile approach to spatial �ltering that has found applications
in diverse �elds such as radar, sonar, wireless communication, and medical imaging.
It is a technique that focuses a transmitted or received signal in a speci�c direction,
e�ectively enhancing the signal-to-noise ratio and improving system performance.
The concept of beamforming dates back to the early 20th century, with its roots
in antenna design and radar systems. Over the years, it has evolved and adapted
to various technological advancements. Beamforming relies on constructive and
destructive interference to steer a beam of electromagnetic waves in a desired di-
rection. This can be achieved through various algorithms and techniques, including
delay-and-sum, minimum variance, and adaptive beamforming[2].
Beamforming is a technique used to enhance the desired signal by selectively com-
bining the signals from an array of microphones. It works by focusing the array
response towards the desired direction while suppressing the interference from other
directions. The beamformer weights are typically determined based on the spatial
properties of the signal and the noise, as well as the geometry of the microphone
array.

6



2. Theory

In Figure. 2.1, the upper diagram displays a target location with di�ering delays
(t2, t1, and 0) applied to the microphone signal. These delays are deliberately
chosen such that the signal constructively interferes when summed. While signals
from other directions remain at their original amplitude because the delays applied
do not align the incoming signals. Thus increasing the signal-to-noise ratio (SNR).
However, depending on the signal frequency and spacing of the microphones, a signal
from an undesired direction may be ampli�ed.
In the process of creating delay and virtually moving the source location, an arrival
time di�erence � t is calculated as follows:

� t =
(xA � xB )2 + ( yA � yB )2

c
(2.3)

wherexA , yA and xB , yB are the coordinates of the evaluation points.
Since the signals in this thesis are mainly speech signals with noise, a broadband
beamforming process was implemented. The method process is shown in section
3.1 where a frequency domain beamforming is performed. The inverse frequency
response function is used to store the phase and amplitude information for the
delay-and-sum beamforming.

Figure 2.1: Delay-sum beamforming diagram. Image from[11]

2.3 Noise cancellation

Noise cancellation algorithms are a class of digital signal processing techniques used
to suppress unwanted noise from a corrupted signal, enhancing the quality of the
desired signal. These algorithms �nd extensive applications in speech processing,
audio enhancement, and communication systems. This chapter provides an overview
of noise cancellation principles, and explains the assumptions made in this thesis in
order to perform noise cancellation.
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2. Theory

Figure 2.2: Noise Cancellation theory in current case[12]

Noise cancellation is based on separating the desired signal from the background
noise, assuming that the noise can be modeled or estimated. From Figure. 2.2, the
corrupted signal received by the speech and noise microphone can be represented as
the same as Equation 2.1:

x[t] = s[t] + v[t]

where x[t] is the observed signal,s[t] is the desired signal, andv[t] is the noise
component. The goal of noise cancellation algorithms is to estimate or approximate
the noisev[t] and then subtract it from x[t] to obtain an enhanced version of the
desired signals[t][12].
In this case, suppose the speech comes from position 2 and the noise mainly around
the cabin. We assume the left side 5 microphones primarily receive the noise signals
and the right side 5 microphones receive the noise and speech signals.u[n] is the

8



2. Theory

noise microphone signal which mainly contains noise. An adaptive �lter is applied
to predict the noise signaly[n]in speech and noise microphone position and make
the error the least. In this situation, if the prediction is close to the actual noise, a
minimum error will be addressed which is the desired signalx[n].
Adaptive noise cancellation is a widely used technique that employs adaptive �l-
tering to estimate and remove the noise component from the observed signal. The
algorithm uses an adaptive �lter to approximate the characteristics of the noise and
adaptively update its coe�cients to minimize the error between the desired signal
and the �ltered signal.
The most common adaptive noise cancellation algorithm is theFiltered-X Least
Mean Squares (FXLMS)algorithm. In this approach, the adaptive �lter's coe�-
cients are updated iteratively based on the error between the reference signal (esti-
mated noise) and the observed signal. It extends the classical Least Mean Squares
(LMS) algorithm to e�ciently adapt �lters for the purpose of reducing unwanted
components in signals.
The core equation of the FXLMS algorithm can be expressed as follows:

� (k + 1) = � (k) + � � e(k) � x(k) (2.4)

Where:

� (k + 1) : Updated �lter coe�cients at iteration (k + 1)

� (k) : Current �lter coe�cients at iteration k

� : Adaptation step size (learning rate)

e(k) : Error signal at iteration k

x(k) : Reference input at iterationk

The goal of the FXLMS algorithm is to minimize the error signale(k), which is
the di�erence between the desired output and the actual output. By iteratively
adjusting the �lter coe�cients using this formula, the algorithm seeks to converge
to a set of coe�cients that e�ectively cancels or reduces the unwanted components
in the signal.
To better understand how the FXLMS algorithm works, let's consider an illustrative
example. Suppose you have a reference inputx(k) that contains noise, and your
goal is to cancel this noise from the output signal. The FXLMS algorithm adapts
a �lter with coe�cients � (k) to generate an estimate of the noise, denoted asn̂(k).
The �ltered output ŷ(k) can then be computed as:

ŷ(k) = x(k) � � (k) (2.5)

Where:

ŷ(k) : Filtered output at iteration k

x(k) : Reference input at iterationk

� (k) : Filter coe�cients at iteration k

� : Convolution operation

9



2. Theory

The error signale(k) is calculated as the di�erence between the desired output and
the �ltered output:

e(k) = d(k) � ŷ(k) (2.6)

Where:

e(k) : Error signal at iteration k

d(k) : Desired output at iteration k

The FXLMS algorithm uses this error signal to update the �lter coe�cients accord-
ing to the formula mentioned in Equation 2.4. Through this iterative process, the
�lter adapts to minimize the error, ultimately resulting in the e�ective reduction of
noise in the output signal.

2.4 Noise suppression

2.4.1 Overview

Noise suppression is a crucial aspect of various applications, including audio signal
processing, speech recognition, and telecommunications. Over the years, researchers
have explored and developed a wide range of techniques to reduce or eliminate
unwanted noise from signals. This literature overview provides a summary of some
key methods and studies related to noise suppression. One thing to be mentioned
is that noise suppression is a term with a wide de�nition. The methods introduced
in this section expect no pre-knowledge about the noise which is di�erent from the
beamforming and noise cancellation.
Popular approaches include spectral subtraction, wiener �ltering, and deep Learning-
Based Approaches.
One of the earliest methods for noise reduction is the spectral subtraction technique.
Initially proposed by Ephraim and Malah in 1984, this approach estimates the noise
power spectral density and subtracts it from the noisy signal's spectrum. The spec-
tral subtraction method has been widely used in various applications such as speech
enhancement and audio denoising [4].
Wiener �ltering, introduced by Norbert Wiener, is a classical method for signal
estimation and noise reduction. It aims to minimize the mean square error between
the desired signal and the estimated signal. This approach has found applications
in image processing, audio, and speech signal enhancement [6].
Deep learning techniques, particularly Convolutional Neural Networks (CNNs), have
shown remarkable success in noise suppression tasks. These networks learn complex
features directly from the data and can e�ectively reduce noise in various applica-
tions, including audio and image processing [10].
Recurrent Neural Networks(RNN), such as Long Short-Term Memory (LSTM) net-
works, are employed in speech enhancement tasks to capture temporal dependen-
cies and context. RNN-based models have demonstrated state-of-the-art results in
speech denoising [10].
The speci�c method used in this thesis is Minima Controlled Recursive Averaging
(MCRA), which is a special kind of spectral-subtractive algorithm.

10



2. Theory

2.4.2 General spectral-subtractive speech enhancement con-
�guration

Figure 2.3: General form of the spectral subtraction algorithm. Flow chart from
[10]

The general form of the spectral subtraction algorithm follows the process shown in
Figure.2.3.
Suppose the Speech input is represented as:

y[t] = x[t] + v[t]

where the noisy speechy[t] equals the sum of clean speechx[t] and noisev[t]. This
signal is divided into overlapping frames by the application of a window function
and analyzed using the short-time Fourier transform (STFT). Speci�cally,

Y(k; l ) =
N � 1X

n=0

y(n + lM )h(n)e� j (2�=N )nk (2.7)

wherek is the frequency bin index,l is the time frame index,h is an analysis window
of sizeN (e.g., Hanning window), andM is the framing step (number of samples
separating two successive frames). LetX (k; l )denote the STFT of the clean speech,
then its estimate is obtained by applying a speci�c gain function to each spectral
component of the noisy speech signal:

X̂ (k; l ) = G(k; l)Y(k; l ) (2.8)

Using the inverse STFT, with a synthesis windoŵh that is biorthogonal to the
analysis windowh, the estimate for the clean speech signal is given by
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2. Theory

x̂(n) =
X

l

N � 1X

k=0

X̂ (k; l )ĥ(n � lM )ej (2�=N )k(n� lM ) (2.9)

where the inverse STFT is e�ciently implemented using the weighted overlap-add
method.
The crucial step in this process is Noise spectrum estimation. One approach to
noise estimation is to use the assumption that the noise is stationary and estimate
its statistics from a segment of the audio signal where there is no speech present.
Another approach is to use the fact that the noise is often present during silent
intervals and estimate its statistics from these intervals.

2.4.3 Minima Controlled Recursive Averaging (MCRA) noise
estimation

Figure 2.4: Theory of MCRA algorithm.Flow chart from[10]

The algorithm works by recursively averaging over a given frequency bin across ad-
jacent processing blocks, thus smoothing out any random noise that may be present.
The amount of smoothing is controlled by a parameter called the forgetting factor,

12



2. Theory

which determines how much weight is given to older versus newer samples in the
averaging process.
From the �ow chart created by Louzu, Figure.2.4, the process for noise estimation
and Spectral gain is shown. The formula for the MCRA algorithm can be expressed
as follows in

yn = � (xn � min (xn� m ; :::; xn+ m )) + (1 � � )yn� 1 (2.10)

where: yn is the current output sample at timen � xn is the current input sample
at time n - m is the half-length of the smoothing window� is the forgetting factor,
typically chosen to be close to 1 to favor more recent samplesmin (xn� m ; :::; xn+ m )
is the minimum value over the previous2m + 1 samplesyn� 1 is the previous output
sample.
The Minima Controlled Recursive Averaging (MCRA) noise estimation method pro-
posed by Israel Cohen is a widely used approach for estimating the noise power spec-
tral density (PSD) in non-stationary noise environments [9]. The method is based on
the observation that the minimum value of the PSD is a good estimate of the noise
PSD in the absence of speech or other signals of interest. The MCRA algorithm
estimates the noise PSD by recursively averaging the minimum PSD estimates over
time and frequency.
Let x(n) be the noisy speech signal at time instantn, and let X (k; n) be the discrete
Fourier transform (DFT) of a frame of x(t) at frequency bin k. The noise PSD
estimate V̂ (k; n) at frequency bink and time instant n is given by:

V̂ (k; n) = � k � min(V(k; n � 1); jX (k; n)j2) + (1 � � k) � jX (k; n)j2 (2.11)

whereV(k; n � 1) is the estimated noise PSD at frequency bink and the previous
time instant n � 1, and � k is a smoothing factor that controls the rate of adaptation
of the noise estimate. The smoothing factor� k is given by:

� k =

8
<

:
� low ; if V (k; n � 1) � j X (k; n)j2

� high ; otherwise
(2.12)

where � low and � high are small and large smoothing factors, respectively. The idea
behind the choice of� k is to adapt the noise estimate quickly when the input signal
contains non-stationary components and to adapt slowly when the input signal is
mainly noise.
The MCRA algorithm estimates the noise PSD by applying Equation (1) recursively
over time and frequency. The estimated noise PSD at time instantn and frequency
bin k, denoted asD̂ (k; n), is used to estimate the speech presence probability (SPP)
at the same time and frequency, denoted aŝP(k; n), using the following equation:

P̂(k; n) =
jX (k; n)j2

jX (k; n)j2 + V̂ (k; n)
(2.13)

The estimated SPP is used in subsequent speech enhancement algorithms to suppress
the noise and enhance the speech.
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2. Theory

2.5 Musical noise

Apart from stationary noise and non-stationary noise, musical noise is a type of
noise which comes occurs when noise reduction methods are applied. This is found
when some methods are applied in this thesis so it is important to understand it.
Musical noise refers to an undesirable artifact that can occur during the process of
noise suppression. Instead of suppressing noise uniformly, noise suppression algo-
rithms may inadvertently create tonal or musical-like artifacts in the output signal.
These artifacts are perceived as unnatural and disruptive to the listening experience.
The name "musical noise" is derived from the fact that the resulting artifacts often
resemble musical tones or whistling sounds. These tones may vary in frequency,
intensity, and duration, leading to an unpleasant listening experience.
Musical noise is primarily caused by the excessive attenuation or over-adaptation of
noise suppression algorithms. When noise is estimated and suppressed too aggres-
sively, the adaptive �lters used in these algorithms can start modeling the residual
noise as part of the desired signal, leading to the creation of musical-like artifacts.
Several factors can contribute to the occurrence of musical noise, including:

ˆ Over-Adaptation: When the noise suppression algorithm adapts too quickly
or overestimates the noise, it may start to distort the desired signal, resulting
in musical noise.

ˆ Insu�cient Regularization: In some cases, inadequate regularization of the
adaptive �lters can cause them to "over�t" the noise, leading to the generation
of musical artifacts.

ˆ Non-Stationary Noise: Musical noise can be more pronounced in the presence
of non-stationary noise, as its characteristics change over time and challenge
the adaptability of the algorithms.

ˆ Insu�cient Data: If the algorithm does not have su�cient data to accurately
estimate the noise, it may produce inaccurate results and introduce musical
noise.

2.6 Signal-to-Noise Ratio (SNR)

SNR is a metric that compares the power of the speech signal to the power of the
noise signal. It is de�ned as:

SNR = 10 log10
Psignal

Pnoise
(2.14)

where Psignal is the power of the speech signal andPnoise is the power of the noise
signal. A higher SNR indicates a higher-quality speech signal.
However, SNR is limited in its ability to accurately re�ect speech quality, as it only
measures the signal's power and does not consider the perceptual e�ects of noise on
the speech signal.
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3
Methods

The non-stationary and low SNR speech enhancement always has a complex situa-
tion where traditional methods are not very useful. Therefore, several methods are
implemented in this work. They include beamforming and combined noise cancel-
lation with beamforming and combined noise suppression with beamforming.

3.1 Beamforming

Figure 3.1: Flow chart of beamforming algorithm

The delay and sum beamforming is used in this method. Suppose the sound comes
from location 2, the algorithm �ow is as Figure. 3.1 shown. The 10 microphone
positions follow the previous study which captures original signals when noise and
speech are playing.
The process is a frame processing that cuts each of the original signals as a frame of
25600 samples with 50% overlap. This will then be processed as a bu�er. Hanning
window and FFT are performed and the bu�er spectrum is then multiplied by the
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inverse frequency response function(FRF) of the current transfer path. This step
is performing the delay and sum. The inverse FRF is calculated by the measured
impulse response of each source position to each mic position which contains the
delaying and phase information of each transfer path. After this step, IFFT is
performed on the �ltered Bu�er spectrum which gives the 10-channel delayed bu�ers.
The �nal step is to sum up all ten channels and get the beamforming result.

3.2 Noise cancellation with Beamforming

Figure 3.2: Flow chart of Noise cancellation with Beamforming algorithm

The noise cancellation method is performed with beamforming. This requests a
pre-knowledge of the location property of the noise and the speech source. In this
case, when the speech source comes from position 2, some assumptions are made to
ful�ll the noise cancellation method. As Figure. 3.2 shows the 5 microphones on the
right-hand side with a blue mark as closer to the speech source. They are considered
to receive both speech and noise signals. On the left-hand side, 5 microphones are
considered only receiving noise signals. The noise cancellation algorithm is used
among the left and right sides in pairs. The FXLMS method is used to determine
the noise cancellation result. After processing, 10 channels of microphone signals
become a 5-channel canceled signal. Then beamforming is performed using these
cancelled signals. The beamforming process follows the procedure of the above
section.
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3.3 Noise suppression with beamforming

Figure 3.3: Flow chart of noise suppression with beamforming algorithm

Since the noise suppression method is used for a single channel, the combined noise
suppression with the beamforming method is implemented in 2 di�erent ways. The
procedure can be seen in the Figure. 3.3. The above �gure shows, the �rst use of 10-
channel microphone recordings to do the beamforming. After getting the 1-channel
beamforming result, the noise suppression algorithm is applied to get the result for
the combined method.
The �gure below shows another way in which the noise suppression method is �rst
applied to 10 microphone recordings. After getting the 10-channel suppressed sig-
nals, a beamforming process is performed to get the combined result.
These 2 processes will introduce di�erent e�ects and the result will be discussed in
the later chapter.
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4
Results

With the aim of objectively evaluating the performance of di�erent speech enhance-
ment methods and their limits. The beamforming method is established based on
Tomoya's thesis and the result includes the SNR of the beamforming output for 6
di�erent positions. For the combined methods, position 2 was chosen to show the
result to avoid repetition. After the SNR and spectrogram result, a robustness check
is evaluated for each method to be able to check the limitations and the stability.

4.1 Beamforming

The beamforming method is performed in 6 di�erent target positions, shown in
Figure 4.1. The results of this section present the performance of each beamforming
target point under the same level of mixed signals (Speech add noise signal) playing
at each speaker position. A robustness check is performed using the result of target
position 2.

Figure 4.1: Beamforming target point and microphone positions
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4. Results

4.1.1 Beamforming SNR

This section compared the SNR before and after the beamforming. The mixed
signals were played at each of the loudspeaker positions from position 1 to 6. 10 mi-
crophones were recorded for each set of measurements. The beamforming algorithm
is applied to each set of recording conditions. The SNR before and after beamform-
ing is calculated.
In Table 4.1., the �rst column shows the 6 positions. The second column is the best
single mic signal with max SNR chosen from each of the positions. In this column,
positions 1 and 2 have higher SNR, position 4 has the worst SNR in the unprocessed
signals. By looking at the SNR values, we found they are all really low(all of them
are lower than -9 dB), which means in these cases, the noise is strong and the speech
is corrupted badly.
The obvious reason is that from position 1 and 2, the sound sources are closer to the
side microphones. Another reason is from the recordings, it is found to be noisier
in the middle to the rare side of the machine so a better SNR is obtained when the
sound sources are in positions 1 and 2.
The third column is the SNR after beamforming. The output SNR in all positions
increases around 2 dB to 3 dB. Among the results in 6 positions, position 2 gets the
highest SNR(-6.5 dB) after beamforming.
When calculating the SNR di�erence before and after beamforming, we found the
SNR in positions 2, 3, and 4 increased a lot. They have over 30% di�erences, and
position 2 has the most signi�cant di�erence which is 32.3 %. While position 5 has
the least improvement(11.1 %).
From the SNR result, position 2 is shown to have the best beamforming performance,
and position 5 has the worst beamforming performance.

Table 4.1: Comparison of SNR between single microphone and beamforming out-
put.

Position Max. SNR(single Mic)[dB] BF SNR [dB] Di�erence %
1 -9.6 -7.4 22.1
2 -9.4 -6.5 32.3
3 -13.2 -9.0 31.6
4 -15.4 -10.8 30.1
5 -15.0 -13.4 11.1
6 -14.0 -11.0 21.5

4.1.2 Robustness check by moving the source position

The robustness check of the beamforming method is very important. Since the �xed
beamformer is used, slightly changing the source location will probably in�uence
the performance of the beamforming. It is important to know what is the property
of the beamformer and in which cases the result is not stable.
This section is to evaluate the beamformer by moving the source in di�erent areas.
From the SNR result in the last section, position 2 has the most di�erence among
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all positions. We assume this beamformer has the best performance. According to
this, the recording data from position 2 is chosen for the robustness check. In order
to manipulate the source in di�erent positions, the recordings of this measurement
are adjusted. This is done by calculating the time of arrivals from each new position
and applying di�erent delays to each of the signals to virtually change the source
positions according to Equation 2.3. The moving area is shown in the blue area of
the plan drawing and the SNR is plotted using a surface plot with a resolution of 11
on both the x-axis and y-axis,i.e. from -1m to +1m, there will be 11 points being
equally distributed.

Figure 4.2: Output SNR when the source is moving in the blue square(0.5m
shifting from center).

In the �rst case, the source is moving in a 1m* 1m square, the center point is
location 2, see Figure 4.2. From the surface plot on the right side, it is obvious that
the highest SNR(-7.4 dB) is in the (0,0) position which is the optimum position for
beamforming. The interesting point is that, when the source is slightly moved in
the x-axis direction (within 0.5m), the SNR decreases fast till around -9 dB. While
the source slightly moving in the y-axis, the result is di�erent. The SNR decreases
slower when the source moves o� the center and the minimum SNR is around -
7.6dB.
This shows the beamformer has a better tolerance in the y direction than the x
direction when moving the source slightly (within 0.5m from the center).
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Figure 4.3: Output SNR when the source is moving in the blue square(1m shifting
from center).

In the second case, the source is moving in a 2m* 2m square, the center point is
location 2, see Figure 4.3.
When the source is moving in a larger area, the output SNR of beamforming changes
di�erently. A periodic feature is observed in both the x-axis and y-axis. When the
source is moving away from the center, the SNR will �rst decrease and then increase.
The change in the x direction seems to have a stronger in�uence than the y direction.

Figure 4.4: Output SNR when the source is moving in the blue square(3m shifting
from center).

In the third case, the source is moving in a 6m* 6m square, the center point is
location 2, see Figure 4.4.
In this situation the source moves across a large area, even reaching positions 1 and
3. The periodic feature is clear in the surface plot, and more peaks and dips appear
in the graph. The output SNR �uctuates with a decreasing trend when the source
is moving apart from the center.
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4.2 Noise cancellation with beamforming

This section displays the result of the combined Noise cancellation and beamforming
method. The �rst part plots the spectrogram result. The second part performs the
robustness check of this method.

4.2.1 Spectrogram comparison

Figure 4.5: Spectrogram of noise cancellation with beamforming algorithm

The above Figure 4.5 compares the results of clean speech, beamforming without
cancellation, and beamforming with noise cancellation. The top graph is the spec-
trogram of the clean speech recording, it also contains some low-level background
noise. In this case, this signal can be noticed as the desired signal.
The middle graph shows the result after beamforming. It is clear that broadband
noise remains in the result. Especially below 4k Hz, the noise level is high and most
useful speech contents are corrupted.
The bottom graph is the result of combined noise cancellation and beamforming.
The noise is reduced a lot in the middle frequency, which helps increase the sound
quality. The low-frequency noise is still left in the result as well as some frequency
tones and modulation noise. The speech is not clear after the process. This is shown
by comparing the top and bottom graph in the middle frequency. The combined
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noise cancellation and beamforming method can reduce both speech and noise levels.
One reason for this is that the noise cancellation method requires a noisy signal
channel and the noise channel is not correlated. But in this case, the noisy channels
are still mainly receiving noise because of the low input SNR. This makes it hard
for the LMS process to �nd the optimum solution.

4.2.2 Robustness check by changing the input noise per-
centage

The robustness check is done by increasing the percentage of the input noise and
running this method under di�erent input signal situations, i.e. 10 % of input noise
means a mixed noisy signal with 10 % multiplied by the noise signal amplitude plus
90 % multiply by the clean speech signal. In this way, from 5 % noise (low noise
level) to 95 % noise (high noise level) situations are simulated.
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4. Results

Figure 4.6: Robustness check for �rst Noise suppression then beamforming.

In Figure 4.6, the upper one is the output SNR of di�erent noise percentages. The
x-axis is the percentage of input noise increasing with a 5 % step size, from 5 % to
95 %. The y-axis represents the SNR level in dB. The red line is the SNR of the
Mic 5 recording. This is the best single-channel recording with the highest SNR
and this can be a reference value. If only using the microphone to record without
any post-processing, the red line is the best result that can be achieved. When the

25



4. Results

input noise percentage rises, the output SNR decreases, which is only due to the
noise ratio being higher. The light blue line is the only beamforming result. We
can see an overall increase in the SNR compared with the single-mic result. What
is more important to mention is that the higher the noise percentage is in the input
signal, the larger the SNR improvement can be achieved. The beamforming method
is always bringing an increase to the SNR. The combined method result is shown
with the dark blue line. The SNR is relatively stable and slowly decreasing from
around -1 dB to around -5 dB. In this situation, the highest SNR result sounds not
good, because most of the information is canceled. After around 23 % noise input,
the SNR starts to be better than the single Mic 5 result. After 55 % noise has been
added to the input signal, the combined BF and NC method starts to get better
results than the beamforming result.

In the lower graph of Figure 4.6, the input SNR is set as the x-axis and the y-axis
is still the output SNR. In this graph, the input SNR is calculated using the value
of the Mic 5 recording. In other words, the Mic 5 SNR is considered to be the input
SNR before using any algorithms. This is another way of showing the same result
from the upper one. This graph shows the relationship between output SNR and
input SNR. The light blue and the dark blue line represent the only beamforming
SNR and the combined BF and NC method SNR is the same as the upper graph.
From this graph, several facts can be observed. First, when the input SNR increases,
the beamforming output SNR increases with a linear trend. Second, the combined
method shows a slowly increasing trend when increasing the input SNR, and when
the input SNR is larger than 0 dB, the combined method gets a stable SNR lower
than 0 dB.

4.3 MCRA noise suppression with beamforming

In this section, the results of the combined MCRA Noise suppression and beam-
forming method are shown. One subsection shows the results of �rst beamforming
then Noise suppression and �rst noise suppression then beamforming in spectrogram
and coherence evaluation. The other subsection analyses the robustness of the �rst
noise suppression and then the beamforming method.
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