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CHAPTER |

INTRODUCTION

Background and motivation

Signals are like persons; their sexiness and significance cannot be
determined solely by their looks. In the world of signal processing, we delve
deep into the values and meaning that signals carry. Some signals may have
a beautiful pattern or a nice appearance, but lack meaningful information.
However, with the application of signal processing techniques, even the
most peculiar-looking signals can be transformed into something truly sexy
and valuable.

In “Classical Signal Processing and Non-Classical Signal Processing: The
Rhythm of Signals,” author Attaphongse Taparugssanagorn introduces the
concept of signals and their significance in various fields such as
communication, healthcare, and entertainment. This comprehensive
exploration highlights the crucial role signals play in our daily lives, from
making a simple phone call to analyzing complex medical data.

Motivated by the desire to provide a comprehensive overview of classical
and non-classical signal processing, the book dives into fundamental
concepts such as Fourier analysis, signal filtering, and time and frequency
domain representations. It goes beyond traditional approaches and explores
cutting-edge topics like wavelet transforms, compressed sensing, and
machine learning for signals.

What sets this book apart is its unique perspective on presenting these
concepts. It demonstrates how signals can be made sexy and valuable
through the application of diverse signal processing techniques. It
showcases signal processing as a powerful tool for extracting new
information, transforming signals from mundane to captivating.

Ideal for students, researchers, and industry professionals, “Classical Signal
Processing and Non-Classical Signal Processing: The Rhythm of Signals”
covers both theory and practice, providing readers with a comprehensive
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understanding of classical and non-classical signal processing techniques.
The book offers a fresh and engaging approach, making the subject
accessible and relevant to those working in emerging fields.

Moreover, as a bonus, the author, known for their talent as a rap rhyme
composer, provides entertaining rap rhyme summaries at the end of each
chapter. This unique addition allows readers to relax and enjoy a rhythmic
recap after engaging with the complex material. Additionally, the author
provides layman's explanations throughout the book, ensuring that readers
without a technical background can grasp the concepts.

Overall, “Classical Signal Processing and Non-Classical Signal Processing:
The Rhythm of Signals” is a captivating and comprehensive book that takes
readers on a journey through the world of signals and signal processing. It
combines theory and application, inspiring and engaging anyone with an
interest in the science of signals.

Overview of signal processing

This section provides an overview of signal processing, including the
different types of signals, the importance of signal processing, and the
different signal processing techniques available.

Signal processing is a field of study that focuses on the analysis, synthesis,
and modification of signals. A signal is a representation of a physical
quantity that varies over time or space, such as sound waves, images, or
biological signals. There are various types of signals, including continuous-
time signals, discrete-time signals, and digital signals. In Figure 1-1, we can
observe the different types of signals, such as sound waves, images or two-
dimensional (2-D) signal, and biological signals, e.g., electrocardiograms
(ECQG) signal. These signals play a significant role in various fields such as
communication, healthcare, and entertainment.

In order to carry out signal processing effectively, it is crucial to have a deep
understanding of the characteristics exhibited by these signals. These
techniques range from classical methods such as Fourier analysis and filters
to modern approaches like wavelet transforms and machine learning. Each
technique offers unique capabilities and is applied based on the specific
requirements of the signal processing task.
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By utilizing these various signal processing techniques, we can extract
valuable information from signals, remove noise or interference, compress
data for efficient storage or transmission, and enhance the quality or
intelligibility of signals. Signal processing has wide-ranging applications in
fields such as telecommunications, audio and video processing, biomedical
engineering, radar and sonar systems, and many more. Each technique
offers unique capabilities and is applied based on the specific requirements
of the signal processing task.
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Synthetic ECG Signal
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Figure 1-1: Different types of signals, including a) sound waves, b) images or 2-D
signal, and c) biological signals, e.g., ECG signal (right).

Signal processing plays a crucial role in many fields, such as
communication, healthcare, entertainment, and scientific research. For
example, in communication systems, signal processing techniques are used
to encode and decode messages, reduce noise and interference, and improve
the quality of the received signal. In healthcare, signal processing is used
for the analysis and interpretation of medical signals, such as ECG signal
and electroencephalograms (EEG) signal. In entertainment, signal
processing is used to create and modify audio and visual signals, such as
music and movies.

There are various signal processing techniques available, ranging from
classical techniques such as Fourier analysis, filtering, and time and
frequency domain representations, to more recent techniques such as
wavelet transforms, compressed sensing, and machine learning. Each
technique has its own strengths and weaknesses, and the choice of technique
depends on the specific application and the requirements of the signal
processing task.
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Rhyme summary and key takeaways:
The introduction chapter is summarized as follows:

The overview of signal processing is critical. As it highlights the different
types of signals, their significance and why it is pivotal. Signals can be
sound waves, images or biological and signal processing techniques are
used to make them logical.

In communication, signals are encoded and decoded to transmit messages
clear. While in healthcare, medical signals are analyzed to give a diagnosis
and cure.

Signal processing is also used in entertainment to make music and movies
sound great. With classical and modern techniques, the results are first-rate.

Classical techniques like Fourier and filters are still essential and time and
frequency domains are signal processing fundamentals.

However, new techniques like wavelets and machine learning are emerging,

Making signals more exciting and the science behind it compelling.
“Classical Signal Processing and Non-Classical Signal Processing: The
Rhythm of Signals” is the book that makes signals captivating and engaging.
It is perfect for students, researchers and industry professionals, for
knowledge ranging.

With a fresh approach and a mix of theory and practice, it is the perfect
guide. To understand classical and non-classical signal processing
techniques and ride high.

Key takeaways from the introduction chapter are given as follows:

1. Signals are diverse and have significance in various fields such as
communication, healthcare, and entertainment. Understanding
signal processing is crucial to make sense of these signals.

2. Signal processing techniques are used to encode and decode
signals for clear message transmission, analyze medical signals for
diagnosis, and enhance the quality of music and movies.

3. Classical signal processing techniques like Fourier analysis and
filters are still fundamental and important in both time and
frequency domains.
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4. Newer techniques such as wavelets and machine learning are
emerging, adding excitement and complexity to signal processing.

5. The book “Classical Signal Processing and Non-Classical Signal
Processing: The Rhythm of Signals” takes a fresh approach,
blending theory and practice, making it an engaging guide for
students, researchers, and industry professionals.

6. The book covers classical and non-classical signal processing
techniques, providing a comprehensive understanding of the
subject.

Overall, the introduction chapter establishes the importance of signal
processing, its applications in various domains, and sets the stage for an
intriguing exploration of the topic in the subsequent chapters of the book.

Layman’s guide:

In simple terms, the introduction chapter is all about signals and how they
are processed. Signals can be different types of things like sound waves,
images, or biological data. Signal processing is important because it helps
us understand and make sense of these signals.

Signal processing is used in different areas. In communication, signals are
encoded and decoded to send clear messages. In healthcare, medical signals
are analyzed to diagnose and treat patients. And in entertainment, signal
processing is used to make music and movies sound great.

There are classical techniques that have been used for a long time, like
Fourier analysis and filters. These techniques are still really important in
understanding signals in terms of time and frequency.

But there are also newer techniques like wavelets and machine learning that
are emerging. These techniques make signal processing more exciting and
add complexity to the science behind it.

The book “Classical Signal Processing and Non-Classical Signal
Processing: The Rhythm of Signals” is introduced as a guide that makes
signals interesting and engaging. It is a mix of theory and practice, which
makes it perfect for students, researchers, and industry professionals who
want to learn about both classical and newer signal processing techniques.
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CLASSICAL SIGNAL PROCESSING!

Classical signal processing is a branch of electrical engineering and applied
mathematics that deals with the analysis, modification, and synthesis of
signals. It encompasses various techniques for transforming, filtering, and
analyzing signals to extract useful information or enhance their quality. The
main goal of classical signal processing is to improve the performance and
efficiency of systems that rely on signals, such as communication systems,
audio and video processing, and control systems.

Classical signal processing consists of several fundamental techniques,
including Fourier analysis, filtering, modulation, and digital signal
processing. Fourier analysis is used to represent a signal in the frequency
domain, allowing us to decompose it into its constituent frequencies.
Filtering is the process of selectively removing or attenuating certain
frequency components of a signal to extract or enhance specific features.
Modulation involves manipulating a signal's amplitude, frequency, or phase
to encode information or transmit it over a communication channel. Digital
signal processing involves the use of computers to process signals in a
discrete-time domain.

The applications of classical signal processing are widespread, and it has
revolutionized several fields, including telecommunications, audio and
video processing, and control systems. In telecommunications, signal
processing techniques are used for modulation, encoding, decoding, and
error correction in wireless communication systems, satellite communication
systems, and optical communication systems. In audio and video
processing, signal processing techniques are used for compression, noise
reduction, and enhancement of audio and video signals. In control systems,

! Classical Signal Processing refers to the traditional methods of analyzing and
manipulating signals that are based on mathematical and engineering principles. It
consists of several techniques such as filtering, modulation, demodulation,
sampling, quantization, and signal reconstruction. These techniques are applied to
various types of signals such as audio, images, videos, and data to extract relevant
information and make them useful for different applications.
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signal processing techniques are used for feedback control, system
identification, and fault diagnosis. Overall, classical signal processing plays
a vital role in modern technology and has enabled significant advancements
in various fields.

Basic signal concepts

This section covers the fundamental concepts of signals, such as amplitude,
frequency, and phase. It also discusses different signal types such as analog
and digital signals.

Fourier analysis and signal spectra

This section introduces the Fourier transform, which is a fundamental tool
for analyzing signals in the frequency domain. It also discusses different
types of signal spectra, such as power spectral density and energy spectral
density.

Signals are physical phenomena that vary over time or space and can be
represented mathematically as functions. Amplitude, frequency, and phase
are three fundamental concepts of signals. Amplitude refers to the
magnitude of a signal, which represents the strength of the signal.
Frequency is the number of cycles per unit of time, and it determines the
pitch of the signal. Phase is the position of a waveform relative to a fixed
reference point in time.

Signals can be classified into two main types: analog and digital signals.
Analog signals are continuous-time signals that vary smoothly over time
and can take any value within a range. On the other hand, digital signals are
discrete-time signals that have a finite set of possible values.

Fourier analysis is a mathematical technique used to represent a signal in
the frequency domain. It allows us to decompose a signal into its constituent
frequencies, which are represented as complex numbers. The Fourier
transform is the mathematical tool used to perform this decomposition. The
frequency domain representation of a signal provides valuable information
about the signal's spectral characteristics, such as its frequency components
and their relative strengths.

There are different types of signal spectra that can be derived from the
Fourier transform. Power spectral density (PSD) is a measure of the power
of a signal at each frequency. Energy spectral density (ESD) is a measure
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of the energy of a signal at each frequency. The PSD and ESD are essential
tools for characterizing signals and are widely used in various fields,
including communication systems, audio processing, and image processing.

In summary, understanding the fundamental concepts of signals, such as
amplitude, frequency, and phase, and their different types, such as analog
and digital signals, is crucial for signal processing. Fourier analysis and the
different types of signal spectra provide valuable insights into the spectral

characteristics of signals, enabling us to analyze and process them
effectively.

The Fourier transform, denoted by F(w), is used to represent a signal in the
frequency domain. It is mathematically defined as

F(w) = [ f®e *tdt, (1)

where f (t) is the original signal, o is the angular frequency, and j =
V—1 is the imaginary unit.

Signal and Its Fourier Transform
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Figure 2-1: An example of a sinusoidal signal f(t) = Asin(2rft), where A=1 and
f= 10 Hz and its Fourier transform.
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Amplitude, frequency, and phase are three fundamental concepts of signals.
Amplitude is represented by 4, which refers to the magnitude of a signal

and represents the strength of the signal. Frequency is represented by f or

w, which is the number of cycles per unit of time, and it determines the
pitch of the signal. Phase is represented by 6, which is the position of a
waveform relative to a fixed reference point in time. An example of a
sinusoidal signal f(t) = Asin(2nft), where A=1 and f= 10 Hz and its
Fourier transform is depicted in Figure 2.1. As can be seen, the Fourier
transform of such a period signal is represented by the unit impulse &(t).
The concept of the Fourier transform is rooted in the idea that any periodic
signal can be expressed as a sum of sinusoidal components of different
frequencies. The Fourier transform allows us to analyze a signal in the
frequency domain, providing insight into its spectral content. In the case of
a sinusoidal signal, the Fourier transform simplifies to a unit impulse,
&(t), which represents a pure frequency component at the specific
frequency of the sinusoid.

This example highlights the Dirichlet's condition for the existence of the
Fourier transform. According to Dirichlet's condition, a periodic function
must satisfy certain requirements in order for its Fourier transform to exist.
These conditions ensure that the function has a finite number of
discontinuities, finite number of extrema, and finite total variation within a
given period. In the case of the sinusoidal signal described, it satisfies
Dirichlet's condition, allowing its Fourier transform to be represented by the
unit impulse, indicating the presence of a single frequency component.

Overall, this example illustrates the connection between a sinusoidal signal,
its Fourier transform, and the concept of Dirichlet's condition, providing a
fundamental understanding of the relationship between time-domain and
frequency-domain representations of signals.

Signals can be classified into two main types: analog and digital signals.
Analog signals are continuous-time signals that vary smoothly over time
and can take any value within a range. Mathematically, they are represented
as functions of continuous variables. On the other hand, digital signals are
discrete-time signals that have a finite set of possible values. They are
represented as a sequence of numbers.

PSD is a measure of the power of a signal at each frequency and is defined
as
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PSD(w) = Tli_r)rc}o%IF(w)Iz, 2)

where F (w) is the Fourier transform of the signal and T is the observation
time.

ESD is a measure of the energy of a signal at each frequency and is defined
as follows:

ESD(w) = |F(w)|%. (3)

Both PSD and ESD are essential tools for characterizing signals and are
widely used in various fields, including communication systems, audio
processing, and image processing.

Rhyme summary and key takeaways:
The Fourier analysis and signal spectra section is summarized as follows.

Let me break it down for you, listen close. We are diving into Fourier
analysis, a powerful dose. Signals and their spectra, we are going to explore,
in the frequency domain, we will uncover more.

First, let us talk signals, they are quite profound. Amplitude, frequency, and
phase, all around. Amplitude's the strength, the magnitude you see,
Frequency determines pitch, cycles per unit, it is key. Phase tells us the
position in time, it is neat. With these concepts, signals become complete.

Analog and digital, two signal types we know, Analog's continuous,
smoothly they flow. Digital's discrete, with a set of values, they are finite.
Represented as a sequence, clear and right.

Now, Fourier transform takes us on a ride. It represents signals in the
frequency stride. F(w) is the transform, symbol of the game. Integrating
f (t) with exponential to the power, it is no shame.

Power spectral density, PSD, let us unveil. Measures signal power at each
frequency detail. ESD, energy spectral density, joins the parade. It measures
signal energy, frequencies displayed.

These spectra are crucial, you know they are grand, in communication,
audio, and image land. They help us analyze and process signals with flair.
Understanding their characteristics, beyond compare.
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So, wrap it up, Fourier transform is the key. With amplitude, frequency,
phase, you see. Analog, digital, their differences profound, PSD and ESD,
spectra that astound.

Now you know the signals and their flow, Fourier analysis, it is time to let
it show. Understanding signals and their spectra is a must. With these tools,
you conquer, there is no doubt you will thrust.Top of Form

Key takeaways from the Fourier analysis and signal spectra section are
given as follows:

1. Signals can be characterized by their amplitude, frequency, and
phase, which together provide a complete description of the signal.

2. Fourier transform is a powerful tool that represents signals in the
frequency domain, allowing us to analyze and process them
effectively.

3. Analog signals are continuous and smoothly varying, while digital
signals are discrete and represented by a finite set of values.

4. The Fourier transform involves integrating the signal with
exponential functions to obtain its frequency representation.

5. PSD measures the power of a signal at each frequency, while ESD
measures the energy of a signal at different frequencies.

6. Spectral analysis is crucial in various fields like communication,
audio, and image processing, as it helps us understand the
characteristics of signals and enables effective signal processing.

7. By understanding Fourier analysis and signal spectra, you gain the
key tools to analyze and manipulate signals, enhancing your ability
to work with them effectively.

Layman’s guide:

Let me break it down for you in simple terms. We are going to explore
Fourier analysis, a powerful tool for understanding signals and their spectra
in the frequency domain.

Signals are quite interesting. They have three important properties:
amplitude, frequency, and phase. Amplitude represents the strength or
magnitude of a signal. Frequency determines the pitch and is measured in
cycles per unit. Phase tells us the position of the signal in time. These
concepts help us fully describe a signal.
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There are two types of signals we commonly encounter: analog and digital.
Analog signals are continuous and flow smoothly, while digital signals are
discrete and have a set of specific values. Digital signals are often
represented as a sequence.

Now, let us talk about the Fourier transform. It is like a magical journey that
takes signals into the frequency domain. The Fourier transform represents
signals in terms of their frequency components. It involves integrating the
signal with exponential functions raised to a power.

We also have two important measures: power spectral density (PSD) and
energy spectral density (ESD). PSD measures the power of a signal at
different frequencies, providing detailed information about signal power.
ESD measures the energy of a signal at different frequencies, giving us
insights into its energy distribution.

These spectra are crucial in various fields like communication, audio, and
image processing. They help us analyze and process signals with expertise.
By understanding the characteristics of signals through their spectra, we
gain valuable insights that are unmatched.

To sum it up, the Fourier transform is the key tool in this journey. It allows
us to analyze signals using their amplitude, frequency, and phase. We also
learn about the differences between analog and digital signals, as well as the
significance of PSD and ESD.

Exercises of Fourier analysis and signal spectra

Problem 1: Identifying the Dominant Frequencies in a Music Signal
Question: How can we identify the dominant frequencies present in a music
signal using Fourier analysis?

Solution: Fourier analysis can be used to decompose a music signal into its
constituent frequencies. By applying the Fourier transform to the music
signal, we can obtain the frequency spectrum, which represents the
amplitudes of different frequencies present in the signal. By analyzing the
frequency spectrum, we can identify the dominant frequencies, which
correspond to the main musical notes or tones in the music signal.
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MATLAB example:
Step 1: Load the music signal in MATLAB.
[y, Fs] = audioread('music.wav');

Step 2: Compute the Fourier transform of the music signal using fast
Fourier transform (FFT) command fft.

Note that FFT is a specific algorithm used to compute the Discrete Fourier
Transform (DFT) of a sequence or signal. The DFT is a mathematical
transformation that converts a discrete-time signal from the time domain
into the frequency domain. It reveals the frequency components present in
the signal and their respective magnitudes and phases.

While The DFT computation involves performing N complex
multiplications and N-1 complex additions for each frequency bin. This
direct calculation has a computational complexity of O(N?), which can be
quite slow for large input sizes, the FFT algorithm, on the other hand, is a
fast implementation of the DFT that significantly reduces the computational
complexity to O(NlogN). It exploits the symmetry properties of the DFT
and divides the signal into smaller subproblems, recursively computing their
DFTs. By using this divide-and-conquer approach, the FFT algorithm
achieves a substantial speedup compared to the direct DFT calculation.

Y = ffi(y);
Step 3: Compute the frequency axis.

L =length(y);
f=Fs*(0:(L/2))/L;

Step 4: Plot the single-sided amplitude spectrum.

P =abs(Y/L);
P =P(1:L/2+1);
plot(f, P)

title('Single-Sided Amplitude Spectrum of Music Signal')
xlabel('Frequency (Hz)")
ylabel("Amplitude') )
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Step 5: Identify the dominant frequencies from the plot.

This code snippet demonstrates how to load a music signal, compute its
Fourier transform, and plot the single-sided amplitude spectrum. By
analyzing the resulting spectrum, you can identify the dominant frequencies
present in the music signal.

By performing Fourier analysis on music signals, we can understand the
frequency content, identify musical elements, and gain insights into the
composition, performance, and overall structure of the music.

Problem 2: How can we use Fourier analysis to remove background noise
from an audio recording? Provide solutions and illustrate the process using
PSD.

Solution:

Background noise can degrade the quality of an audio recording. Fourier
analysis, along with PSD, can be employed to remove background noise.
Here are two solutions using PSD:

Solution 1: Filtering in the Frequency Domain using PSD

Filtering in the frequency domain using PSD is a technique used to remove
background noise from an audio recording. The process involves analyzing
the frequency content of the noisy audio signal and the background noise
using Fourier analysis, estimating the noise power spectrum, and
subtracting it from the PSD of the noisy audio signal to obtain a cleaner
version of the audio.

Here is a step-by-step explanation of the process.

Step 1: Load the noisy audio signal and the background noise in
MATLAB.

MATLAB example:

[y, Fs] = audioread('noisy audio.wav');
[noise, ~] = audioread('background noise.wav');
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Step 2: Compute the Fourier transforms of the noisy audio signal and
the background noise.

MATLAB example:

Y = fft(y);
N = fft(noise);

Step 3: Compute the power spectral densities (PSDs) of the noisy audio
signal and the background noise.

MATLAB example:

PSD_y =abs(Y)."2;
PSD _n =abs(N)."2;

Step 4: Estimate the noise power spectrum by averaging the PSD of the
background noise.

MATLAB example:
estimated_noise PSD = mean(PSD n, 2);

Step 5: Subtract the estimated noise power spectrum from the PSD of
the noisy audio signal.

MATLAB example:
clean PSD = max(PSD _y - estimated noise PSD, 0);

Step 6: Reconstruct the clean audio signal using the inverse Fourier
transform.

MATLAB example:
clean_signal = ifft(Y .* sqrt(clean_PSD), 'symmetric');
Solution 2: Wiener Filtering in the Frequency Domain using PSD

Wiener filtering in the frequency domain using PSD is a technique used to
remove noise from an audio recording while preserving the desired signal.
The approach is based on the Wiener filtering theory, which utilizes the
statistical properties of the desired signal and the noise to perform optimal
noise reduction.
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The theory behind Wiener filtering involves the statistical properties of the
desired signal and the noise. It assumes that both the desired signal and the
noise are stochastic processes and have certain statistical characteristics.
The Wiener filter aims to estimate the clean signal by considering the
statistical properties of both the desired signal and the noise. It computes a
filter transfer function that minimizes the mean square error between the
estimated clean signal and the desired signal. The filter transfer function is
computed based on the PSDs of the desired signal and the noise. The Wiener
filter assumes that the clean and noise signals are statistically uncorrelated.

The steps involved are as follows:

1. Calculate the signal-to-noise ratio (SNR):
e Subtract the estimated noise PSD from the PSD of the
observed noisy signal (PSD _y).
e Take the maximum between the difference and zero to
ensure a non-negative SNR.
o Divide the result by the PSD of the observed noisy signal.
The SNR represents the ratio of the signal power to the noise power
and provides a measure of the noise contamination in the observed
signal.

2. Calculate the clean PSD:
e  Multiply the PSD of the observed noisy signal (PSD _y)
by the SNR.

e Divide the result by the sum of the SNR and 1.
This step applies the Wiener filter by weighting the PSD of the
observed signal based on the estimated SNR. The goal is to
enhance the clean signal components and suppress the noise
components.

It is important to note that the effectiveness of the Wiener filter depends on
the accuracy of the estimated noise PSD and the assumption that the clean
and noise signals are statistically uncorrelated. In practice, the noise PSD
estimation can be challenging, and deviations from the assumptions may
affect the filter's performance.

The key principle behind Wiener filtering is that it provides an optimal
trade-off between noise reduction and preservation of desired signal
components. By taking into account the statistical properties of the signal
and the noise, the Wiener filter adapts its filtering characteristics to different
frequency components of the signal.
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Here is a step-by-step explanation of the process.

Step 1: Load the noisy audio signal and the background noise in
MATLAB.

MATLAB example:

[y, Fs] = audioread('noisy audio.wav');
[noise, ~] = audioread('background noise.wav');

Step 2: Compute the Fourier transforms of the noisy audio signal and
the background noise.

MATLAB example:

Y = ffi(y);
N = fft(noise);

Step 3: Compute the power spectral densities (PSDs) of the noisy audio
signal and the background noise.

MATLAB example:

PSD_y =abs(Y)."2;
PSD_n =abs(N)."2;

Step 4: Estimate the power spectral density of the clean audio signal
using the Wiener filter.

MATLAB example:

SNR = max(PSD vy - estimated noise PSD, 0) ./ PSD y;
clean PSD =PSD_y .* SNR ./ (SNR + 1);

Step 5: Reconstruct the clean audio signal using the inverse Fourier
transform.

MATLAB example:
clean_signal = ifft(Y .* sqrt(clean_PSD), 'symmetric');

Both solutions utilize Fourier analysis to analyze the frequency content of
the audio signals and estimate the noise power spectrum, which is a common
approach in signal processing. However, it is important to note that noise
reduction techniques can also be applied in the time domain.
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In the time domain approach, the noisy audio signal is directly processed in
the time waveform. Techniques such as temporal filtering, adaptive
filtering, and statistical modeling can be employed to estimate and suppress
the unwanted noise components in the signal. This approach operates on the
amplitude and temporal characteristics of the signal, making it suitable for
certain scenarios where time-domain processing is effective and simpler.

On the other hand, the frequency domain approach, as mentioned earlier,
utilizes Fourier analysis to convert the audio signal from the time domain to
the frequency domain. By examining the frequency content, the noise power
spectrum can be estimated and subtracted from the PSD of the noisy audio
signal. This process effectively attenuates the noise components and yields
a cleaner version of the audio signal.

The choice between time and frequency domain processing depends on
various factors, including the nature of the noise, the complexity of the
signal, computational efficiency, and the available signal processing
techniques. In some cases, time-domain processing may be more suitable
due to its simplicity and effectiveness in certain noise scenarios. However,
the frequency domain approach, with its ability to analyze and manipulate
the frequency components of the signal, offers a powerful toolset for noise
reduction and audio enhancement.

Ultimately, the decision to employ time or frequency domain processing
should be based on the specific requirements and constraints of the
application, as well as the most effective and efficient techniques available.
Both approaches have their merits and can be utilized to achieve high-
quality noise reduction and audio enhancement results.

The implementation complexity can vary depending on the specific
algorithms and techniques used within each domain. It is important to
consider factors such as computational efficiency, memory requirements,
and real-time processing capabilities when choosing the appropriate
implementation approach. Simpler implementations may sacrifice some
level of performance or adaptability compared to more advanced techniques
but can still provide satisfactory results in certain scenarios.

Both time and frequency domain noise reduction techniques can have
simpler implementations depending on the specific requirements and
constraints of the application. Here are some considerations for simpler
implementations in each domain:
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Sampling and quantization

This section covers the concepts of signal sampling and quantization, which
are crucial in digital signal processing. Imagine you have an analog signal,
like a sound wave or a picture. If you want to use a computer to process,
store, or analyze that signal, you need to convert it into a digital form. It is
like building a bridge between the analog and digital worlds.

In digital signal processing, sampling and quantization are the fundamental
processes that make this conversion possible. Sampling is like taking
snapshots or pictures of the continuous analog signal at regular intervals. It
is similar to an artist making quick brushstrokes on a canvas to capture the
essence of a moving scene. Each snapshot becomes an important building
block in creating our digital representation of the signal.

Quantization, on the other hand, is the process of representing each snapshot
with a specific value. It is like rounding off the values to fit into a limited
set of possibilities. This step helps us store and process the signal using finite
numbers. However, it also introduces some trade-offs and compromises in
terms of the accuracy and quality of the digital representation.

This chapter explores the intricacies of sampling and quantization,
highlighting their significant role in digital signal processing. It also
discusses different techniques for sampling and quantization, along with the
trade-offs that come with each approach. By understanding these processes,
we can better appreciate how digital signals are created and manipulated in
the world of digital signal processing.

Sampling process

The potency of sampling lies in the careful determination of the sampling
frequency, a critical decision that significantly impacts the fidelity of the
resulting digital representation. The Nyquist-Shannon sampling theorem
emerges as a guiding principle, illuminating the path towards faithful signal
reconstruction. Mathematically, this theorem dictates that a bandlimited
continuous-time signal with a maximum frequency component of f;,,,, can
be perfectly reconstructed from its samples if the sampling rate f; is greater
than or equal to twice frax (i-€., fs = 2fiax). Adhering to this theorem
ensures the faithful preservation of the intricate nuances inherent in the
analog symphony, allowing subsequent digital processing to unfold with
precision and accuracy. We mathematically represent an analog signal in a
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digital form, 1ie., as a sequence of numbers {v[n]}=
{...,v[-2],v[-1],v[0], v[1],v[2],... }.

s(t)

Conversion from
impulse train _ — >
to sequence vn] = v(nT)
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Figure 2-2: Sampling process.

For convenience, a sequence {v[n]} is normally written as v[n]. The signal
v[n] is referred to as a discrete-time signal whose values are taken from the
corresponding analog signal v(t) by v[n]=v(nT),n € Z, where T is the
sampling period while f; = 1/T is the sampling frequency or sampling rate.
It is convenient to represent the sampling process in the two following
stages, as illustrated in Figure 2-2.
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Figure 2-3: Fourier transforms of sampled signals.
1. Multiplication by a periodic impulse train with period 7, i.e.,
s(t) = Xn=-w 6(t —nT). “4)

With the sifting property” of the unit impulse 8(t), multiplying v(¢) by
s(t) gives us the signal vy(t) as

2 The sifting property of the unit impulse §(t) states that when the impulse function
6(t) is integrated with another function f(t), it “sifts out” the value of §(t) att=0.



