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Preface

This project focuses on the development of an Active Noise Control (ANC) system
designed for Magnetic Resonance Imaging (MRI) applications which aims to re-
ducing noise levels. This technology contributed the enhancing the quality of MRI
scans, and its potential application extends to the field of MRI equipments in Kaza-
khstan, and can be used worldwide. As ANC technology continues to be involved
and integrate into medical imaging, this project can lead to further advancements,
including real-time noise reduction, adaptive algorithms for diverse MRI tools, and
expanded applications beyond conventional MRI. Effective algorithms with higher
performance results can yield valuable ways to combat not only the noise in MRI
scans but other biomedical applications that generate noise and disturb the patients
to conduct medical procedures.

In Chapter 1, the basis of ANC, its principle and applications in all spheres, also
the types of noise generated by MRI are discussed. Chapter 2 covers benchmark
algorithms - FxLMS, FxNLMS and FxVSSLMS - detailing the underlying math-
ematical principles. In addition, methods for decomposing the signal based on
features of fMRI audio data are discussed. In Chapter 3, the simulation results
for all benchmark algorithms, and secondary path modelling techniques are pre-
sented. This is followed by an analysis of the nature of MRI sound. The simulation
includes the influence of various parameters on the performance of the algorithms
and comparison of benchmark algorithms in terms of performance metrics. The
final section presents a comprehensive conclusion that outlines the findings and
implications of the main project. This section summarizes the findings from the
report and provides a brief overview of the project’s contributions to the field and
future applications.

Nazarbayev University, May 1, 2024

Aktilek Skakova
<aktilek.skakova@nu.edu.kz>
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Chapter 1

Introduction

Many medical and heating, ventilation, and air-conditioning (HVAC) technologies
generate unwanted noise that disturbs humans and can even be hazardous to their
health [1]. Also, with the increase of the large industrial sites, and high-density
housing the problem with noises is becoming more and more evident. The tradi-
tional approach includes passive noise control where the enlosures, silensers and
barriers are used to diminish the undesired noise. This technique uses the princi-
ple of the impedance change or uses the energy loss caused by sound propagation
of these special materials. However in some cases the use of passive mathods
are not efficient in terms of the required cost and ineffictiveness to low frequen-
cies. Therefore, the more research and applications are conducted for Active Noise
Control (ANC). ANC is a technique used to cancel or to reduce unwanted noise in
a specific environment by generating an opposing sound wave that has the same
amplitude but reversed phase which effectively cancels the noise. ANC systems
consist of a microphone, a digital signal processor (DSP), and a speaker. The mi-
crophone captures the noise, and the DSP analyzes the sound signal to determine
its frequency and amplitude characteristics. Then, the DSP generates an inverted
sound wave with the same frequency and amplitude as the original noise. The
inverted sound wave is played through the speaker, and when it combines with
the original sound wave, they destructively interfere with each other, canceling out
the noise. ANC is used in many applications, such as noise-canceling headphones,
automobiles, airplanes, and other vehicles to cancel out engine noise and other
unwanted sounds [2]. One of the frequently used technologies in medicine that
generates loud noises is Magnetic resonance imaging (MRI). This is a often used
medical imaging technique in radiology to form pictures of the anatomy and the
physiological processes of the body. This tool uses a strong magnetic field and
radio waves to produce detailed images of the body’s internal structures, and as
a result generates the loud noise that should be diminished [3]. Therefore, it is
important to decrease the sound level of the noise and remove it. Further more the
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2 Chapter 1. Introduction

Figure 1.1: The illustration of the principle of ANC

noise generated from fMRI affects the brain activity, which consequenctly lead to
the incorrect results of diagnostics [4]. Various methods have been applied to solve
this problem, but depending on the characteristics of the noise, the methods may
not be effective for all kinds of noise. Therefore, there is a demand for decreasing
the noise level at all frequencies, including low-frequency and impulsive noise [5].
The destructive interference principle is depicted in Fig. 1.1. The original noise
generated by MRI will be diminished by the anti noise signal that resulted from
the ANC system, leading to minimizing the overall noise.

1.1 State-of-the-art and related works.

Noise generated by MRI ranges from 65 dB to 130 dB. Based on the World Health
Organization (WHO) data, the sound higher than 70dB is considered as the haz-
ardous for the health of people, even can lead to the hearing loss as a result of the
continuous noise [6]. There are various types of the noise are generated from MRI:

• Gradient Noise: Gradient coils that are the core of MRI cause vibrations that
generate noise, which can be heard as a banging or knocking sound.

• Mechanical Noise: The MRI scanner’s moving parts, such as the cooling fans
and pumps, can create mechanical noise. The noise is often described as a
humming or buzzing sound.

• Acoustic Noise: The rapid switching of the magnetic fields and the vibration
of the gradient coils cause pressure waves in the air, creating acoustic noise.
This noise can be as loud as 110 dB.

One type of the acoustic noise is impulsive noise, which is a sudden burst of sound
energy that occurs in a very short time frame. This type of noise is typically caused
by the rapid switching of magnetic gradients inside the MRI machine, which can
create a sharp, loud noise that can be uncomfortable for the patient. The noise can
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cause discomfort and anxiety in patients and may also make it difficult for them
to communicate with the MRI staff. Feeling anxiety, being scared and not relaxed
condition can lead to the not clear and false result of the testing [7].

An adaptive filter is a digital filter that automatically adjusts its coefficients
to optimize its output in response to changes in the input signal. It is a system
that changes its behavior over time in order to better match the characteristics of
the signal it is processing. The main function of it is to minimize the difference
between the desired and output signal. So the filter reshapes the input signal to
match the desired signal, and the error signal should approach to 0. Adaptive fil-
ters are commonly used in signal processing applications such as noise reduction,
echo cancellation, equalization, and channel estimation [8]. Discovering the nature
of the noise generated by MRI is beneficial to enhance the performance of the over-
all ANC system, and can lead to better prediction results. The frequency-encoding
gradient pulses are encountered more oftern and exhibited generally odd-number
harmonics and nonharmonics [9]. The well-established fact is that fMRI acous-
tic noise, particularly when employing the Echo Planar Imaging (EPI) technique,
demonstrates a periodic structure due to the rapid switching of magnetic gradient
currents in the scanning coils. Periodicity nature allows to use the linear prediction
(LP) filtering techniques to separate the dominant frequency parts from residual
ones [10] [11]. The quasi periodic feature of the noise from MRI makes to possi-
ble to get rid of the limitation which was created as a result of the non-minimum
phase nature of the secondary path. Based on the periodic nature, the equalizing
filter can be designed that neutralizes the secondary path [12] [13].

1.2 Motivation.

The aim of this project is to implement the ANC system for MRI based on the
existing algorithms. The ANC have been applied for reducing the noise, but the
effective design with the higher performance in terms of the noise decrease level
for particularly MRI technology was not fully discovered. Therefore, the objective
is to develop the suitable algorithm and propose the new algorithm with better
results. MRI technologies uses the special headphones which is the method of
Passive Noise Control to diminish the unwanted noise, however this technique is
effective only for high frequencies. While the noise generated by MRI is both low
and high frequencies, also it overlaps with region where the human ear is mostly
sensitive. There are only few MRI technologies that integrated with ANC, as the
system should not interrupt the main operation of the MRI testing, also requires
the additional place and more expensive to implement. Therefore, the project aims
to implement the ANC system such that it maximizes efficiency for wide range of
noise and will be autonomy with regard to the installation with relative affordable
price and the simplicity of the implementation.
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1.3 Capstone Report Organization.

The Capstone Report is divided into four main chapters, each designed to pro-
vide a comprehensive understanding of the project’s goals, methodologies, and
results. The first Chapter gives an introduction to ANC, its working mechanism
and applications. In Chapter 2, the benchmarks algorithms (FxLMS, FxNLMS and
FxVSSLMS) are explained with the mathematics behind them. Chapter 3 covers all
simulations done for this project with the analysis. In Chapter 4, the conclusion
drawn from the project and the future work that can be done are discussed.



Chapter 2

Fundamental Algorithms and Tech-
niques

Adaptive filtering is a technique used in signal processing to adjust the coeffi-
cients of a filter dynamically, based on the input signal characteristics. It’s widely
employed in various applications such as noise cancellation, equalization, echo
cancellation, and channel estimation.

The main idea behind adaptive filtering is to continuously update the filter
coefficients to minimize the difference of system’s desired output and the true
output. This adjustment is done iteratively using adaptive algorithms. The signal
degradation on some physical systems is time varying and unknown. Adaptive
systems modify their characteristics and adjust coefficients by adaptive algorithms
for time-varying system applications. One of the most commonly used algorithmis
is Least Mean Square (LMS) algorithm. The pervasive performance is measured
based on the mean-square error (MSE):

J(n) = E[e2(n)], (2.1)

where E[] denotes expected value.
The LMS algorithm updates the weight vector as follows:

wi(n + 1) = wi(n) + µe(n)x(n − i), (2.2)

Filtering output:

y(n) =
M−1

∑
i=0

wi(n)x(n − i), (2.3)

Error estimation is the difference of the output and desired signals:

e(n) = d(n)− y(n), (2.4)

5



6 Chapter 2. Fundamental Algorithms and Techniques

Figure 2.1: Detail of Implementation of the ANC system [15]

Where: y(n) - output signal, x(n) - input signal, e(n) - error signal, w(n) - tap
weight coefficient, µ - step size.

The objective is to determine the weight vector so that the mean-square value of
the error signal is minimized. This algorithm is simple, also does not require squar-
ing, averaging or differentiating. Furthermore, its expected value of the weight
vector converges to the Wiener filter.

ANC is a method that involves the use of a secondary sound to diminish unde-
sired noise, effectively canceling out the initial sound. The diagram representing
the ANC system is displayed in Fig. 2.1. P(z) is the primary acoustic path be-
tween the reference noise source and the error microphone. The reference noise
signal x(n) undergoes filtering via P(z), and this signal is denoted as d(n) which
is captured by the error microphone. The adaptive filter W(z) should generate an
antinoise signal y(n) propagated by the secondary loudspeaker. These primary
and antinoise signals are combined together and create the silent zone near the
error microphone. This error microphone measures the difference between the pri-
mary noise and the output signal e(n) = d(n)− ys(n), where ys(n) = s(n) ∗ y(n),
and s(n) is the impulse responce of the secondary path S(z) [14].

2.1 FxLMS algorithm

The secondary path effect is indirect acoustic routes that changes the anti-noise sig-
nal’s characteristics before it reaches the error microphone, which lead to reducing
the effectiveness of noise cancellation. Therefore, it is important to compensate for
secondary paths in active noise control. By taking into consideration these acous-
tic pathways through adaptive algorithms, the system can continuously adjust the
anti-noise signal to maintain its effectiveness despite changes in the environment
[16]. The conventional LMS alogirthm does not take into account the secondary
path effect. This can lead to poor performance of the noise cancellation system.
To solve this issue, the modified version of the LMS algorithm called FxLMS is
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obtained. FxLMS algorithm uses a filter to model the secondary path by filtering
out the input signal. This allows the algorithm to adjust the filter coefficients in
response to changes in the secondary path, resulting in better performance and
stability of the noise cancellation system [17]. This algorithm requires the knowl-
edge of the transfer function S(z), and it is another scope of the investigation as
this estimation can be done by different techniques. Off-line modelling can be used
to estimate S(z) during an initial training stage. After the estimation, the model
S′(z) is fixed and further will be used for ANC system. The off-line modelling
has the severe disadvantages of not adaptively responding to the changes in the
secondary path, as it can be continuously changing over the time, and it results
in poor estimation. Therefore, the on-line modeling technique is highly preferable
[18].

The residual signal is expressed as:

e(n) = d(n)− y′(n) = d(n)− s(n) ∗ y(n), (2.5)

where s(n) is the impulse responce of the secondary path S(z) at time n.
The FxLMS algorithm updates the weight vector as follows:

wi(n + 1) = wi(n) + µe(n)x′(n − i). (2.6)

In practical ANC applications, S(z) is should be estimated with an addition
filter S′(z). Therefore, the reference signal passing through this estimate of the
secondary path can be expressed as:

x′(n) = s′(n) ∗ x(n). (2.7)

2.2 FxNLMS algorithm

The system stability, the time required for convergence, and robustness depends
on the step size parameter of algorithm and the power of reference signal. The
conventional LMS algorithm has a low convergence rate.Therefore, to have a better
performance, the variants of the LMS algorithm were obtained. Normalized LMS
algorithm can be utilized in order to achieve higher speed of convergence ensuring
the better steady-state performance.

Step size parameter is defined by the following equation [19]:

µ =
a

xT(n)x(n)
, (2.8)

where a is a normalized step size that satisfies the criterion

0 < a < 2. (2.9)
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For application of ANC, the secondary path will be taken into account, and
resulting FxNLMS algorithm can be expressed as

wi(n + 1) = wi(n) + µe(n)x′(n − i). (2.10)

Zhang et al. explored the robustness of the FxNLMS algorithm in the presence
of input signals with varying power levels and system uncertainties. Their analy-
sis revealed that the FxNLMS algorithm exhibits higher robustness to changes in
input signal power, making it well-suited for real-world applications where signal
characteristics may fluctuate over time which is the case of fMRI noise nature [20].

2.3 FxVSSLMS algorithm

One of the classes of LMS algorithm is Variable Step-Size LMS (VSSLMS) algo-
rithm, where the step-size parameter changes according to an estimate of the mini-
mum MSE, which results in better convergence rate [21]. It was proven that the use
of VSSLMS algorithm increases the computational complexity only to 15 % com-
pared to traditional LMS algorithm, while the convergence time can be decreased
two times. The weight vector with filtered input is updated based on the following
formula:

wi(n + 1) = wi(n) + U(n)e(n)x′(n − i), (2.11)

where U(n) is the diagonal matrix of step-sizes for each time at time n

U(n) =


µ0(n) 0 ... 0

0 µ1(n) 0 ...

... ... ... 0

0 ... 0 µL−1(n)

 (2.12)

Adjusting the step-size parameter individually for each tap is a commonly used
in adaptive algorithms. Initially, employing a larger step-size resulys in higher
convergence, facilitating rapid adaptation to changes within the system or environ-
ment. Then, to prevent large misadjustment and ensure stability as the algorithm
approaches the optimal solution, it’s beneficial to gradually reduce the step-size.
This adaptive approach not only facilitates rapid convergence but also results in
stable performance over time, making it particularly effective in scenarios where
system dynamics vary.

2.4 Computational Complexity

One of the main criteria for choosing the algorithm is the computational complex-
ity as it determines the speed and efficiency of real-time noise cancellation pro-
cesses, enabling rapid analysis and response to incoming sound. Understanding
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and minimizing computational complexity in ANC technology allows for scalable
and efficient noise cancellation solutions across diverse environments and devices
[20]. The following tables show the compuational complexity for three different
ANC algorithms.

Table 2.1: FxLMS algorithm’s computational complexity

Equation Multiplication Addition
1 y = wT(n)x(n) L L-1
2 e(n) = d(n)− y(n) 0 1
3 w(n + 1) = w(n) + µx′s(n)e(n) L+1 L
4 xs(n) = s′(n) ∗ x(n) M M-1

Total 2L+M+1 2L+M-1

Table 2.2: FxNLMS algorithm’s computational complexity

Equation Multiplication Addition
1 y=w^t(n)x(n) L L-1
2 e(n)=d(n)-y(n) 0 1
3 w(n+1)=w(n)+mx_s(n)e(n) L+1 L
4 x(n)=s’(n)*x(n) M M-1
5 µ(n) = a

xT(n)x(n) L L-1

Total 3L+M+1 3L+M-2

Table 2.3: FxVSSLMS algorithm’s computational complexity

Equation Multiplication Addition
1 y=w^t(n)x(n) L L-1
2 e(n)=d(n)-y(n) 0 1
3 w(n+1)=w(n)+mx_s(n)e(n) L+1 L
4 x(n)=s’(n)*x(n) M M-1
5 µ(n) L L-1

Total 3L+M+1 3L+M-2

2.5 Secondary Path Modelling Techniques

Efficient operation of ANC systems depends on accurately modeling the secondary
path, which defines relation of the the input signal to the residual noise. When the
secondary path estmation S′(z) has a sufficiently high order, and both the primary
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Figure 2.2: The block scheme implementation of Eriksson’s technique based ANC System [25]

and secondary paths exhibit changing characteristics over time, the system’s stable
state can be described by the following equation:

S(z)− Ŝ′(z) =
P(z)
W(z)

. (2.13)

The estimated secondary path will be the same as the actual secondary path
S(z), if the primary path P(z) is zero, which the desired signal d(n) is also zero
[22].

The secondary path modelling’s accuracy is affected by two factors: first of
all S(z) should be estimated independently of control fiter in order to ensure the
system’s stability, and secondly the estimate should not disturb the ANC system
itself. The estimation of S′(z) can be conducted either when ANC is in operstion or
offline prior to the operation of ANC. Online estimation of secondary path when
the secondary path’s characteristics change over time [23].

Modeling the secondary paths can be done through general two main ap-
proaches: using additional white noise for system identification or using directly
the output of the ANC controller filter to estimate the secondary path. Studies
show that the former method, with auxiliary noise, is more efficient in terms of
computational complexity, steady-state indicator, and rate of convergence because
of the uncorelatedness of the two processes. Hence, the research is mostly focused
on the method with additional noise [24].

2.5.1 Errikson’s Method

The technique proposed by Eriksson et al. uses an additional noise [25]. An on-line
secondary path modelling with additive random noise id depicted in Fig. 2.2. The
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random noise generator produces zero-mean white noise, which is not correlated
with the primary noise. This signal is then combined with the secondary signal
which is the result of the W(z) filter. The residual error can be represented as:

e(n) = d(n)− ys(n)− vs(n). (2.14)

Above used secondary noise resulting from the original noise can be obtained as:

ys(n) = s(n) ∗ y(n). (2.15)

The modified noise due to auxiliary noise is defined as

vs(n) = s(n) ∗ v(n). (2.16)

The modelling filter Ŝ′(z) yields an estimate of Eq.(3)

v̂s(n) = ŝ(n) ∗ v(n). (2.17)

The parameters of the adaptive filter S′(z) are adjusted through conventional LMS
algorithms, and defined as:

ŝ̂ŝs(n + 1) = ŝ̂ŝs(n) + µsvvv(n) f (n) = (2.18)

ŝ̂ŝs(n) + µsvvv(n)[vs(n)− v̂s(n)]− µsvvv(n)x(n),

where µs is the step size for the modelling process, and reference signal vector
vvv(n) = [v(n)v(n − 1)...v(n − L + 1)]T. The error signal f (n) is utilized to modify
secondary path modelling filter. W(z)’s coefficients are adjusted based on the
FxLMS algorithm:

wcwcwc(n + 1) = wcwcwc(n) + µwg(n)ûŝuŝus(n) = (2.19)

wcwcwc(n) + µwûŝuŝus(n)[d(n)− ys(n) + µw ûŝuŝus(n)vs(n),

where µw is control process step-size, ûŝuŝus(n) = [ûs(n)ûs(n − 1)...ûs(n − M + 1)]T,
and reference signal u(n) filtered out by S’(z) defined as ûs(n)

2.5.2 Akhtar’s Method

Eriksson’s technique was improved further by various methods discussed in other
studies. Bao et al. introduce an extra adaptive filter to mitigate interference stem-
ming from Eriksson’s approach and improve convergence speed [26] . However,
this doesn’t enhance the control filter’s performance. Kuo’s method also uses one
more adaptive filter to predict error signals and eliminate interference effects, but
the delay needs optimization to prevent degradation of the overall system perfor-
mance. Zhang’s method additional filter for Eriksson’s which is aimed to diminish
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Figure 2.3: The block scheme implementation of Akhtar’s technique based ANC System [26]

the interference caused by other filters. The method proposed by Akhtar uses Vari-
able Step size algorithm that adjusts the step-size parameter based on the system’s
convergence, and this method outperforms mentioned methods by reducing dis-
turbance caused by white noise signals [27] [28]. The ANC with Secondary mod-
elling based on Akhtar’s method is illustrated in Fig. 2.3 The ratio of the power
of residual and modelling errors Pe(n) and Pf (n) correspondingly determines the
step-size parameter. The ratio is defined by the following formula:

r(n) =
Pf (n)
Pe(n)

, (2.20)

where the formula for power can be obtained as:

Px(n) = (1 − λ)e2(n) + λPx(n − 1), (2.21)

where λ is a forgetting factor and can be chosen within the range of 0.9-1.0.
Then, this ratio is used to update step-size for each iteration by the formula

defined as:
µs(n) = (1 − r(n))µsmax + r(n)µsmin . (2.22)

The limits of the step-sizes can be empirically obtained by the stability curve
of the system. Auxilliary noise is also employed, and then the proposed VSS-LMS
algorithm is applied to estimate the secondary path while ANC in operation based
on the FxLMS algorithm.

2.6 Signal Decomposition

It was proven that fMRI noise exhibits high degree of periodicity due to the rapidly
switched magnetic magnetic gradient currents in the coils [11] [29]. Use of this
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feature of the fMRI noise can give higher performance. Based on the Wold de-
composition theorem all stochastic processes can be can be splitted into dominant
periodic and residual aperiodic components. By using this theorem, it is preferable
to first decompose the signal into predictable and random part with the help of lin-
ear prediction (LP) filtering. The LP filtering is easier and has less computational
complexity compared to other methods [30].

The first step of the decomposition with the noisy input error signal involves
temporal feature analysis, where the autocorrelation sequence is computed using
an appropriate length of data samples. As a result, the period N can be found
based on the periodicity property of the autocorrelation sequence of the periodic
signal [13]. This N period will futher used as the order of the LP filter. The main
objective of the signal decomposition is to decompose the signal into two parts:
one with the dominant frequency, and resudual frequency components. Consider
the error signal e(n) in the following form [31]:

e(n) = ep(n) + ew(n) (2.23)

where: ep(n) is the periodic part of the error signal, while ew(n) is remaining part.
The next step involves the spectral feature estimation to determing LP filter co-

efficients. Then by the peak detection will implied as the frequency at which each
peak occurs corresponds to one of the individual frequencies ωk. For each detected
peak in the magnitude spectrum,frequency ωk, amplitude Ak and phase θk will be
extracted. The estimate of the periodic signal ep(n) can be constructed by summing
up these individual components at each peaks. The aperiodic part can be found by
substracting this periodic part from the overall error signal e(n). Once the signal
is separated, active noise control for each component will applied separately and
effectively. The decomposition of the signal is finished by utilizing a specialized
NLMS adaptive filter, aiming to synchronize the phase of ep(n) with e(n). The
following figure shows the block scheme implementation of the overall system: As
depicted in Fig. 2.4, the proposed system to manage fMRI acoustic noise involves
a sequential process: (1) Signal decomposition, (2) Signal synchronization, and (3)
Active noise control based on FxLMS adaptive algorithm. Implemented within a
FANC architecture, the system operates solely on the error signal from the micro-
phone, e(n). As there is no access to the reference signal the adaptive algorithm
should estimate the reference noise using the error signal, which make the adap-
tive FANC systems more complex and computationally challenging for real-time
implementation [13].
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Figure 2.4: Schematic diagram of FxLMS FANC with signal decomposition [13]



Chapter 3

Results and Discussions

3.1 FxLMS based ANC

3.1.1 Acoustic paths

The simulations for ANC algorithms were carried out using the estimated of the
acoustic paths.The first task in active noise control involves estimating the impulse
response of the secondary and primary propagation paths. These approximation
models are beneficial for project goals of comparing various algorithms perfor-
mance within identical conditions. The models were obtained as linear causal
stable single-input single-output transfer functions, P(z) and S(z) The secondary
path impulse response is generated by computer using the filter with the sampling
frequency of 8kHz, and their corresponding frequency responces are given in Fig.
3.1 generated by filter bandlimited to the range 200 - 800 Hz with a length of 0.1
seconds.
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Figure 3.1: (a) Impulse responce characteristics of secondary path S(z) used in computer simulations,
(b) The corresponding magnitude responce characteristics of S(z)
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Figure 3.2: (a) Impulse responce characteristics of secondary path P(z) used in computer simulations,
(b) The corresponding magnitude responce characteristics of P(z)

Figure 3.3: Autocorrelation of recorded MRI sound

3.1.2 Periodic nature of MRI Sound

MRI is a medical imaging technique used to visualize the internal structures of the
body in detail. MRI machines use strong magnetic fields and radio waves to create
images of organs, tissues and other structures inside the body.

Loud noises that occur during an MRI are primarily due to the rapid switch-
ing of magnetic fields within the machine. When the magnetic field is turned on
and off quickly, it causes the metal coils inside the machine to vibrate, which in
turn generates sound waves. Additionally, gradient coils, which are used to create
detailed images, make loud tapping or tapping noises when turned on and off to
control the magnetic field.

These noises may vary in intensity and frequency throughout the scan depend-
ing on the sequence used to acquire the images. Although the sounds can be loud
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Figure 3.4: Superposition of ten Adjacent Segments of MRI noise

Figure 3.5: Superposition of ten Adjacent Segments of MRI noise for 30 samples

and sometimes disturbing to patients. To reduce discomfort, patients are often
given earplugs or headphones to help block out noise. The noise gererated by MRI
exhibits quasi periodic nature. The periodic nature of fMRI acoustic noise is pri-
marily explained by the repetitive current levels of the gradient coils. The use of
linear predictive modeling facilitates efficient sequential noise removal. The dura-
tion of each sample corresponds to the main period of the reference signal. This
quasi-periodic characteristic is evident from autocorrelation analysis of recorded
fMRI audio taken from the open sourse MRI sound from the Children’s hospital
of Philadelphia as shown in Fig. 3.3, where repeating patterns indicate a nearly
periodic nature of the signal. Fig. 3.4 further explains this concept by overlaying
the signals, showing how they are aligned. A zoomed version of Fig. 3.5 clearly
illustrates the overlapping waveforms, providing clear evidence of their periodicity.
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Figure 3.6: MSE curve for different step-size parameters

Table 3.1: Simulation Parameters for FxLMS algorithm

Algorithm FxLMS
Acoustic Paths and Adaptive Filters length
FIR Filter P(z) S(z) W(z) S′(z)
Filter Length 128 64 64 64
Step-Size Parameter µ=0.001
Realizations 200

3.1.3 Effect of Step-size paramater

The simulations for different step-sizes using FxLMS were done to compare the
performance in terms of the steady-state performance and convergence rate. As an
input the broadband noise from 20Hz-2000 Hz was simulated at 8 kHz sampling
frequency. Mean Squared Error (MSE) is the most commonly used metric used
to compare the algorithms and its parameters. It is often employed as a metric
to evaluate how well an ANC algorithm is performing in minimizing the differ-
ence between the desired signal and the estimated signal. The parameters used
for simulations are given in Table 3.1. The corresponding graphs for step-sizes
of 0.0005, 0.001 and 0.0015 in terms of the MSE are given in Fig. 3.6. As can
be observed in Fig. 3.6, increasing the step-size leads to a reduction in the time
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Figure 3.7: MSE curve for different realization numbers

required for convergence, however it shows poor steady-state performance com-
pared to the smaller step-size paramater. Such observations highlight the complex
trade off between convergence speed and steady-state stability, which is key to the
optimization and control of dynamic systems.

3.1.4 Effect of Realization Number

The simulations include a range of realization numbers to study the impact on the
performance of the algorithms. The FxLMS algorithm was tuned with a step size
of 0.001, and the broadband signal ranging from 20 Hz to 2000 Hz was simulated
as input. Three separate MSE curves were plotted corresponding to realization
numbers of 100, 200, and 300 in Fig. 3.7, that facilitate a comprehensive analysis
of the performance of algorithms at different realization numbers. The following
obervations were made: a higher realization number corresponds to reduced er-
rors and improved convergence to optimal solutions with less fluctuations. The
main disadvantage of using a large number of realizations is the increased com-
putational complexity and resource requirements. Processing more realizations
requires more memory resulting in longer simulation times and higher computa-
tional costs. Thus, while more realizations can provide more accurate estimates
and better algorithmic performance, this often comes at the cost of increased com-



20 Chapter 3. Results and Discussions

0 1 2 3 4 5 6 7 8 9 10

Number of iterations (  1024 input samples)

-15

-10

-5

0

5

10

M
e
a
n
-s

q
u
a
re

 e
rr

o
r 

(d
B

)

SNR=40 dB

SNR=20 dB

SNR=30 dB

Figure 3.8: MSE curve for different SNR values

putational cost. Achieving a balance between accuracy and computational effi-
ciency is important when determining the appropriate number of realization for a
given application.

3.1.5 Effect of Noise Variance

The noise variance is an important factor to consider when comparing the perfor-
mance of algorithms. With the increase of variance of the input noise, the complex-
ity of the system also increases, leading to challenges for adaptive algorithms to
efficiently adapt and reduce noise. Therefore, higher levels of noise variance may
result in poor performance in terms of convergence rate, steady-state error, and
overall algorithmic stability and robustness.

In practical applications, high level of noise introduce greater uncertainty and
randomness into the system, making it more difficult for algorithms to distinguish
between the desired signal and the noise. This can lead to increased difficulty
in accurately estimating system parameters and adapting algorithm coefficients to
achieve higher performance.

Simulations were run with signal-to-noise ratio (SNR) levels, specifically SNR
values of 20, 30, and 40. These SNR paramtes represent different levels of noise
relative to the extent of the original MRI noise. By evaluating the algorithm’s
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Figure 3.9: (a) MSE curve versus number of iterations for tonal signal, (b) Tonal signal x(n) and error
signal e(n) versus number of iterations
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Figure 3.10: (a) MSE curve versus number of iterations for broadband bandlimitted signal, (b) Broad-
band bandlimitted signal x(n) and error signal e(n) versus number of iterations

performance under different SNR conditions, it can be observed that noise variance
affects system behavior.

Higher SNR values indicate a stronger signal compared to background noise.
As it can be shown in Fig. 3.8, the higher SNR values result in smaller difference
between the output and desired signal.

3.1.6 Experimental Results for FxLMS

To test the FxLMS algorithm, various signals that include tonal noise, broadband
noise and recorded MRI sound are selected as the input.



22 Chapter 3. Results and Discussions

0 100 200 300 400 500 600 700 800 900 1000

Number of Iterations

-0.2

0

0.2

0.4

0.6

A
m

p
lit

u
d
e

Identification error

0

0.1

0.2

0.3

A
m

p
lit

u
d
e

0 2 4 6 8 10 12 14 16

Numbering of filter tap

Coefficients of S(z)

Coefficients of S
'
(z)

(a)

(b)

Figure 3.11: a) Identification error of Secondary Path modelling b) Coeficients of true and estimated
secondary paths

Case I: Tonal Signal

Tonal Signal at frequency of 1 kHz was used as a reference signal. White Gaussian
noise with zero-mean at SNR of 40 dB was added. The MSE curve for 10000
iterations over 200 realizations is illustrated in Fig. 3.9a. Based on the curve MSE
is converged to 35 dB. Input signal and residual error after operation of ANC are
demonstrated in Fig. 3.9b. After approximately 700 iterations the residual error is
converging to zero.

Case II: Broadband Bandlimitted Signal

The broadband bandlimitted signal within the frequency range of 100-2000 Hz
was simulated as the application of ANC system is dedicated for MRI sound in
low frequency range. The same white noise at 40 dB as in case I was added. The
similar performance can be observed in Fig. 3.10, however MSE for this case is at
aroung 15 dB. This can be explained by the fact that the handling tonal noises is
much more easier compared to the broadband as the ANC system parameters can
be tuned specifically for the particular frequency.



3.2. Simulations for Online Secondary Path Modelling techniques 23

0 100 200 300 400 500 600 700 800 900 1000

Number of Iterations

-2

-1

0

1

2

A
m

p
lit

u
d
e

e(n)

0 100 200 300 400 500 600 700 800 900 1000

Number of Iterations

-4

-2

0

2

4

A
m

p
lit

u
d
e

x(n)

y(n)

(a)

(b)

Figure 3.12: (a) error signal e(n) versus number of iterations for broadband bandlimitted reference
signal (b) Input signal x(n) and output signal y(n) versus number of iteration for broadband ban-
dlimitted reference signal

3.2 Simulations for Online Secondary Path Modelling tech-
niques

Errikson’s method

Computer simulations using MATLAB have been employed to analyze methods’
performance. The impulse response of the computer-generated secondary path is
within the frequency range of 100 to 2000 Hz with a filter duration set to 0.1 sec-
onds. The length 16 of tap-weight was used for S(z). The primary path used for the

Table 3.2: Simulation Parameters for Secondary Path Modelling

Acoustic Paths and Adaptive Filters length
FIR Filter P(z) S(z) W(z) S′(z)
Filter Length 256 128 128 128
Step-Size Parameters
Errikson’s method µw=0.01 µs=0.001
Akhtar’s method µw=0.01 µsmin=0.001 µsmax=0.1
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Figure 3.13: (a) error signal e(n) versus number of iterations for tonal reference signal using Errik-
son’s method (b) Input signal x(n) and output signal y(n) versus number of iteration for tonal
reference signal using Errikson’s method

experiment was computer simulated with filter length of 0.1 seconds. The Errik-
son’s method with the use of the auxilliary noise was simiulated. Identification
error, which is the difference between the true secondary path and its estimation
is depicted in Fig. 3.11a, and Fig. 3.11b shows the coefficients of the secondary
path filter S(z) and secondary path estimation filter S′(z). As it can be seen the
error gradually converges towards negligible levels, approaching zero, and the co-
efficients are equalized suggesting successful adaptation and convergence of the
estimation of secondary path. The Errikson’s method was tested for two different
cases of input signal: broadband bandlimitted signal and tonal signal.

The reference signal used for this simulation is broadband random signal of
20-2000 Hz. A noise with Signal-to-Noise Ratio (SNR) of 40 dB was added to this
input signal. The resulting performance of the algorithm is depicted in Fig. 3.12.
based on the input, output and residual error.

A tonal signal with a frequency of 1kHz was used as a reference signal. A
zero-mean white Gaussian noise of 40 SNR is also added. Fig. 3.13. shows the
input and output signal, and corresponding residual error.
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Figure 3.14: Step-Size adapatation for Akhtar’s method
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Figure 3.15: (a) error signal e(n) versus number of iterations for broadband bandlimitted reference
signal using Akhtar’s method (b) Input signal x(n) and output signal y(n) versus number of iteration
for broadband bandlimitted reference signal using Akhtar’s method

Akhtar’s method

The simulations were done for method proposed by Akhtar. The same computer
simulated primary and secondary path were used. The simulation parameters are
given in Table 3.2. The adaptation of modelling filter step-size can be shown in Fig.
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Figure 3.16: MSE curves for FxLMS and FxNLMS algorithms based ANC system

3.14. The step-size limits were determined such that the adaptation was not too
slow or very fast with large errors. In the beginning the small step size was used,
and then step-size will be decreased when the disturbance signal is minimized.
The resulting error signal of ANC system is illustrated in Fig. 3.15, and the curve
is approaching to 0.

3.3 Performance Comparisons of Benchmark Algorithms

3.3.1 FxNLMS algorithm simulations

ANC system with FxNLMS alorithm was simulated. The same parameters were
used described in Table 3.2. The main difference with FxLMS algorithm in its
step-siize that changes depending on the power of the input signal, making overall
system more stable. Fig. 3.16 demonstrates the performance of FxNLMS algorithm
compared to FxLMS based on the MSE curve.

3.3.2 FxVSSLMS algorithm simulations

The ANC system benchmark algorithm with variable step-size is implemented,
and the following formulas was used for adaptation of the step-size parameter for
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Figure 3.17: MSE curves for FxVSSLMS and FxLMS algorithms based ANC system

each iteration:

µ(n + 1) = αµ(n) + γe(n)2 (3.1)

with parameters: α=0.95 and γ=0.01. To ensure stability of the system upper and
lower boundaries of step-size were determined by trial-and-error : µmin=0.0001
µmax=0.01. Two ANC processes with FxLMS algorithm at two different values of
step-size were simulated in order to compare the operation of FxVSSLMS based
ANC system. The MSE curves for this process is illustrated in Fig. 3.17. As it
can be shown the FxVSSLMS algorithm converges faste compared to the FxLMS
algorithm with small step-size, and shows better steady-state performance than
FxLMS algorithm with large step-size. This concludes that the FxVSSLMS algo-
rithm provides the opportunity to solve the trade off between these mentioned two
performance measures. However, FxVSSLMS algorithm requires higher computa-
tional complexity due to the derrivation of step-size depending on the filter length.

3.3.3 Quantative Results

The total amount of noise cancelation is shown in Table 3.3 in terms of noise at-
tenuation level (NAL) in dB. NAL is calculated using the following formula [32]:
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Table 3.3: NAL values for adaptive algorithms

Input Signal
Input Signal
Frequencies (Hz)

NAL in dB
SNR FxLMS FxNLMS FxVSSLMS

Multitonal noise
1k, 1.1k, 1.2k,
1.3k, 1.4k, 1.5k

40 32.4371 36.5353 37.4122

Broadband
Bandlimitted

20-2000 40 17.6783 18.8712 22.1267
200-300 40 18.7071 19.2201 17.0342

Recorded MRI sound 10-2000 40 14.3021 15.1231 19.4256

NAL(dB) = 10 log
[
|(xc(n))|2
|(ec(n))|2

]
(3.2)

where: |(xc(n)|)2 represents the power of the noise signal, and |(ec(n)|)2 repre-
sents the power of the error signal after converging, after about 5000 iterations.

The ANC system show better performance in terms of the NAL for narrowband
signal compared to the broadband bandlimitted signal due to the concentrated en-
ergy within limited frequency ranges. Narrowband signals allow for more precise
identification and cancellation of specific frequencies, enabling the ANC system
to achieve more effective noise reduction.In contrast, the broader frequency spec-
trum of broadband signals can pose challenges in accurately and comprehensively
canceling noise. Choosing amongst these methods requires weighing convergence
speed, stability, and error signal optimization carefully, emphasizing the complex
decision-making process in adaptive filtering applications.
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Conclusion

4.1 Summary of Work Done

In conclusion, this study has provided a comprehensive understanding of ANC
and its operational mechanisms. Through an deep literature review, ANC based
on the current fundamental adaptive algorithms and their diverse variations were
implemented and simulated. The respective strengths and limitations were shown
through simulations for different cases were concluded. Furthermore, an analy-
sis of the benchmark algorithm’s performance metrics, including computational
complexity, steady-state performance, and convergence rate has been conducted
demonstarting information into its efficiency and feasibility in real-world applica-
tions. Additionally, by utlizing the performance metrics across various reference
signals, the adaptability and robustness of ANC systemswere tested under diverse
conditions. Lastly, through the detailed analysis of noise generated by MRI sys-
tems, this study has demonstrated the feasibility and potential application of the
implemented ANC system in mitigating unwanted noise, contributing to the ad-
vancement of noise control technologies.

4.2 Future work

It is anticipated on acquiring deeper knowledge and reproduce the results of the
state of the art in the ANC system particularly in the context of reducing noise
generated by MRI machines. Signal decomposition technique was studied, and the
possible efficiency was offered for integrating into ANC system. Therefore, elabo-
rating into the decomposition techniques could be done. As part of future work, a
focused effort will be directed towards further studying and including additional
existing benchmark algorithms for a more comprehensive comparison and evalu-
ation of their performance by various metrics. Moreover, an important aspect of
future research will involve the analysis, modification, and development of new

29
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algorithms implemented with specific requirements and challenges encountered
in ANC applications, particularly in MRI noise reduction. Therefore, it is expected
that novel solutions can be proposed to address the current issues of noise control
system in complex environments.
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