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ABSTRACT

The production of enormous volumes of data is occurring at an exponential rate across a wide range of
sectors, including politics, agriculture, banking, engineering, healthcare, and the public sector. As a result
of technological advancements, there has been a significant rise in both the amount and the kind of data
that is being created and gathered. The term *"big data’ refers to information that is not only enormous in
quantity but also capable of being analyzed by a computer in order to identify patterns, correlations, and
trends. The analysis of such a huge amount of data has the potential to provide a multitude of beneficial
results, such as enhanced decision-making and the resolution of a number of urgent problems. The process
of evaluating huge amounts of data and gleaning meaningful insights has undergone a sea change as a
result of the development of artificial intelligence (Al) and machine learning algorithms. The purpose of
machine learning is to teach computers how to evaluate data and draw conclusions from it in order to
construct models that can be applied to a wider range of situations. An efficient approach to the
construction of machine learning models is supervised learning, which involves the use of "labeled"
training data for the purpose of generating predictions. An extensive number of parameters, including the
weights of the model, are modified during the training process in order to accomplish the desired result.
The hyperparameters are modified while the training process is in progress in order to further enhance the
accuracy of the model. When considering how to handle the ever-increasing data volume using machine
learning methods, it is terrifying to think about the possibilities. Problems with processing capacity, model
selection, parameter optimization, and method correctness are only some of the problems that machine
learning algorithms encounter when dealing with huge datasets. Other challenges include optimization of
parameters and method correctness. Convolutional neural networks (CNNs), which are a kind of deep
learning, need a significant amount of processing power in order to analyze very large datasets for the
purpose of guided learning. In addition, the preparation of such deep learning models becomes more
difficult when dealing with datasets that are both extensive and intricate. Quantum machine learning, often
known as QML, has become an increasingly prominent subject among computer scientists as a result of the
confluence of quantum computing and machine learning. Compared to conventional computers, quantum
computers are significantly different because they use quantum physics to the process of data processing.
As a consequence of this, some computational problems that are challenging for traditional computers
could be able to be solved by using quantum computing strategies. As a result of the existence of powerful
quantum tools for linear algebra, it is possible that quantum computing might be superior to the
conventional methods of machine learning. Considering that machine learning is dependent on linear
algebra, quantum computing is superior to traditional approaches when it comes to performance in the
actual world. In light of this, it is essential to do research into quantum machine learning in order to
enhance the approaches that are currently used for machine learning.

Within the scope of this thesis, we illustrate and analyze several quantum machine learning algorithms
with the objectives of enhancing guided learning of classical data. Quantum computing techniques are now
being investigated by researchers to see whether or not they have the potential to improve upon present
machine learning algorithms. The fundamental theme of the thesis and the research that supports it is the
combination of quantum and classical machine learning approaches to handle addressed learning
challenges that are associated with directed learning. Implementing artificial neural networks (ANNSs) for
binary classification makes use of quantum bits (qubits) as artificial neurons. This might be considered a
possible initial step toward quantum machine learning. Determine the influence that qubits have on the
training of an artificial neural network (ANN) to divide integers into two categories by using the quantum
computing technique for artificial neural networks (QC ANN). An additional component of the study is the
creation of a quantum multi-class classifier, also known as a QMCC, for the purpose of multi-category
categorization. Frequently, QMCC is used as a quantum circuit that has configurable quantum layers in
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the field of machine learning. It is recommended that the data be stored in qubits for QMCC by using an
encoding strategy for the purpose of state preparation. Using its numerous trainable layers, a quantum
multi-layer circuit (QMCC) is a custom-built quantum circuit that has the ability to classify numerical data
into several sets. The outcomes of the experiments provide evidence that the suggested methods for binary
and multi-class categorization are effective. During the second part of our investigation, we suggested the
use of QML technologies for the purpose of spatial big data analytics. In order to begin, we present a
HybridQC architecture for the purpose of classifying scenes obtained by satellite photos. This design takes
into account both quantum and conventional techniques over three layers. A deep neural network is
formed using the recovered image representations, and the suggested model is comprised of three stages:
(i) traditional cleaning; (ii) quantum processing to obtain picture representations; and (iii) a deep neural
network developed using the conventional cleaning. The suggested strategy, as shown by our studies, was
able to minimize the number of pieces that were necessary for the training of a deep neural network. This
is followed by the proposal of a data enhancement technique that is based on quantum circuits in order to
improve datasets while deep neural network training is being performed. It is proposed that a model that
combines quantum processing with a standard convolutional neural network (CNN) might be used as an
extra technique for scene identification. As a conclusion, we propose that deep learning should make
advantage of quantum processing in order to analyze images obtained from synthetic aperture radar
(SAR).

In addition, we cover the ways in which the combined quantum-classical technique performs better on
numerical and geographical data when compared to the conventional processing method. In accordance
with the findings of our investigation, the use of quantum computing has the potential to enhance
traditional machine learning by removing the impacts that are associated with training. This also results in
an increase in the accuracy of the categorizing process. Following the conclusion of the thesis, a discussion
is made on the possible future applications of QML techniques to difficult machine learning problems.

Key words: Quantum Machine Learning (QML),Hybrid Quantum—Classical Computing, Supervised Learning,
Deep Neural Networks, Spatial Big Data Analytics.
I.LINTRODUCTION

The process of searching through databases in order to find important patterns and insights is referred to as "big
data analytics." The data that is produced by each set is growing at an exponential rate as a result of the
breakthroughs that have been made in technology. During the year 2018, the total amount of data collected
around the globe reached 33 ZB. By the year 2025, scientists anticipate that this quantity would have climbed to
175 Zettabytes [1]. It is necessary for us to assess enormous amounts of data if we want to arrive at well-informed
conclusions based on the information that we gather. The capacity of the technology that is now available to
handle and make sense of the enormous amounts of data that are anticipated to be generated in the future is
debatable. Take, for instance, the data provided by the location [2, 3]. A multitude of low-cost satellite service
providers are simultaneously expanding their products to include vast amounts of data that are accurate to the
centimeter level. It is possible to get a number of insights by analyzing and making use of this kind of big data.
Some of these insights include patterns of land use, factors that influence agricultural production, regions that are
prone to flooding, the effects of development and property prices, foot traffic around retail businesses, and
consumer behaviors.

Roger Mougalas, who works for O'Reilly Media, was the first person to introduce the term "big data" to refer to
very large datasets that are challenging to manage and analyze using conventional business intelligence
techniques [4]. There is a possibility that the data is made up of a number of different data sets. Quantity,
velocity, value, diversity, and veracity are the five components that should be considered while defining big data.
Every single day, data is being produced at a rate that has never been seen before, which results in enormous
amounts. The different types of data may be examined in order to generate ideas, which can then be used to
determine the value of the data. If the information is really accurate, then it is of high quality and can be relied
upon.

The exponential growth of data sources was propelled by the proliferation of devices as the primary driving
factor. The amount of data that will be created each day in 2022 is estimated to be 2.5 quintillion bytes, according
to estimations [5].

The generation of a multitude of research-ready data kinds is facilitated by rapid data output. Data contains a
greater quantity of information and insights than may be beneficial for decision-making on the part of the
individual. In Table 1.1, the most common types of data that are employed for analytics are presented before the
reader. The information was obtained from many online places, such as Wikipedia. The table not only provides an
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explanation of the different types of data and how they operate, but it also provides a list of the most often used
analytical tools. There are 2,487,576 kilobytes that are equivalent to one gigabyte, whereas there are 1024 bytes
that are equivalent to one thousand bytes.

Table 1.1: Different types of data and characteristics

Size of Storage File Analytics
S.No. Tyvpe of Data Individual L ':g Format Tools
Data Item ocations (widely used) (widely used)

Hadoop Clusters

Micro Blogging Twitter

1 140 Characters and CsW
e.g., Twitter i
(e.= ) HDFS Analytics
Farms of Servers, Machine
e Image KB-GB Amazon CDN, and JPEG, ECW Learning/DL
Amazon S3 Tools
Farms of Servers, Machine
3 Video KB-GB Amazon CDN, and MP4 Learning/DL
Amazon S3 Tools
4 Genomics GB Goosle
AWS Data Centers BAM, FASTA s
MNetworl GB Genomics
Data Centers and csv Snaplytics,
& Spatial KB-GB Cloud Storage Google Analytics
- Bi dical KB-GB Data Centers and SHP, SHX, GIS Software,
lomedica Cloud Storage and [SON R and Hadoop
Data Centers and CTN, CSV. Hadoop and R
8 Literature KB-GB Cloud Storage and JSON
Data Centers and Machine
L= Voice KB-GB NOSQL Learning/NLP

Cloud Storage
Tools

Machine
WAV Learning/NLP
Tools

Data Centers and
Cloud Storage

A. The Foundations of Quantum Computing

According to the forecast made by Gordon E. Moore, co-founder of Intel Inc., in 1965 [7], the number of transistors
contained inside a device would approximately double every twenty-four months. In recent years, Moore's law has been
slowed down as a result of the increased difficulty in producing electronics that are both tiny and affordable [7]. As the
size of transistors decreases, there is a greater likelihood that electricity may escape and that the chips will generate
significant amounts of heat. The rising cost of computer cooling is a direct consequence of the heat that has been
generated. Materials show quantum mechanical phenomena in the devices when viewed at the microscopic scale. Due
to the rising awareness of quantum computing, businesses such as Google [9] and IBM [8] started manufacturing
quantum computers by using materials that display quantum mechanical behavior. These materials have quantum
mechanical properties. It is possible that conventional computers are unable to solve difficult optimization problems;
but, quantum computers, which function in an entirely different way, could be able to solve these problems. Quantum
computers are also capable of managing vast quantities of data [11], perhaps because of the exponential growth rate at
which they are growing. Consequently, this paves the way for the potential of enhancing machine learning systems via
the use of quantum computing approaches.

An example of a cutting-edge computing equipment that incorporates quantum mechanics, quantum information
theory, and computer science is referred to as a quantum computer [12]. The difference between conventional
computers and quantum computers lies in this particular aspect. As a result of the prevalent idea that quantum physics
is the foundation of reality, this has occurred. It is also possible to use it to describe a typical computer configuration.
The processing of data by traditional computers, on the other hand, does not involve the use of quantum physics. The
following is an excerpt from a lecture on physics that was delivered by Richard P. Feynman in 1981: "Nature is not
classical, and for simulating nature, quantum mechanical computation systems are needed.” [13] Quantum computers
accomplish calculations by using two aspects of quantum mechanics: entanglement and superposition. These two
aspects allow quantum computers to do computations.

orrQ o

oN @1

Classical Bit Quantum Bit

Figure 1.1: Representation of a classical bit and a quantum bit.

B. Reasons for Conducting the Research

Big data analytics was revolutionized as a result of machine learning, which contributed to the development of
effective algorithms and methods for guided learning [6]. Given the continuously increasing amount of data,
however, there are a great deal of challenges associated with big data management that is based on machine
learning. Increasing the accuracy of algorithms for tasks such as classification, as well as enhancing
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computational resources, model selection, and parameter optimization, are the key areas of focus. Quantum
machine learning, often known as QML, has become an increasingly prominent subject among computer
scientists as a result of the confluence of quantum computing and machine learning.

The term "quantum computer" refers to a kind of computer that functions in accordance with the principles
presented in quantum physics. In order to comprehend the operation of a quantum computer, it is necessary to
adhere to the rules that are known as quantum theory [15]. Quantum computing may be broken down into two
basic categories: gate-modeled quantum computing and quantum annealing [16]. In quantum annealing, the word
"quantum fluctuation™ refers to a random change in energy that occurs over a brief period of time. The method
known as quantum annealing is used whenever problems involving quadratic unconstrained binary optimization
(QUBO) are being addressed. In this way, quantum annealing is able to tackle computer problems that include the
reduction of energy consumption. Quantum gates are used by quantum computers that allow for the storage of
information on qubits as well as the modification of their states. There is a widespread belief that quantum
computers, on account of their unconventional modes of operation, have the potential to solve problems that
conventional computers are unable to solve on their own. In order to conduct a discrete Fourier transform on 2n
amplitudes, one method that may be used is the utilization of a quantum circuit that has Hadamard gates and
controlled phase-shift gates along with exponential speedup [17]. Using qubits, it is also feasible to superimpose
data that has been classified onto quantum states. Quantum gates are made use of in order to process the
information that is stored in qubits. Quantum computers have the potential to bring exponential progress [18], and
this promise may be realized via the use of qubits.

This is because there are excellent quantum tools for linear algebra [19], which means that it is feasible that
machine learning methodologies might be enhanced by quantum computing. Machine learning has the potential
to surpass traditional techniques when combined with quantum computing methodologies [20]. The fact why this
is the case is due to the fact that machine learning is dependent on linear algebra. When it comes to training
machine learning algorithms, the process is somewhat comparable to the modification of qubit states via the
arbitrary adjustment of gate settings in order to get the desired result. Constructing a quantum circuit that makes
use of a number of different quantum gate functions in order to solve ML problems is one method that may be
used to put the QML concept into practice. Quantum machine learning methods might be used in order to
improve the management of vast amounts of data for essential applications in the real world. However, given the
current state of affairs, quantum computers are only capable of using a limited quantity of qubits. Quantum
computers have limitations in their capacities due to background noise, despite the fact that it has numerous
benefits. The data that is stored in qubits is deleted once they establish a connection with their surroundings.
Because of this, it is challenging to find solutions to machine learning problems using the present state of the art
of noisy NISQs [21]. The development of QML applications that are compatible with current quantum computers
and are able to work within the limits of such systems is of the utmost importance.

LITERATURE REVIEW

Classical machine learning optimizers play a foundational role in quantum computing, particularly within hybrid
quantum-—classical algorithms. Since current quantum hardware lacks the capability to perform full optimization
independently, classical optimizers are employed to adjust parameters of quantum circuits based on measured outputs.
This approach is widely adopted in Variational Quantum Algorithms (VQAS), where a parameterized quantum circuit
is iteratively optimized to minimize a cost function.

Beyond first-order optimization, researchers have explored second-order and natural gradient methods to enhance
optimization efficiency. The Quantum Natural Gradient (QNG) incorporates the geometry of the quantum state
space using the Fubini—Study metric, allowing updates to follow more optimal paths in parameter space. This approach
reduces sensitivity to local curvature and improves convergence rates.

However, computing the quantum Fisher information matrix required for QNG is computationally expensive,
particularly for large-scale quantum circuits. As a result, natural gradient methods are mainly restricted to small or
medium-sized quantum systems and are not yet scalable for high-performance quantum computing applications.

QUANTUM MACHINE LEARNING

In order for machine learning algorithms to be able to solve problems that occur in the real world, it is necessary to
extract features, which requires a significant amount of computing power. Despite the fact that machine learning
algorithms are now able to perform wonderfully on conventional computers, their skills are being put to the test as the
amount of data continues to expand. In the not too distant future, the exponential increase of the world's data will be so
great that it will exceed conventional machine learning approaches. The importance of decision-making tools and
computers that are able to process huge amounts of data is brought into focus by this scenario. There is a significant
advantage that quantum computers have when it comes to machine learning. This exact phenomenon is one of the
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reasons why quantum machine learning (QML) is seeing such a remarkable spike in popularity right now. The capacity
of quantum computing to sort through enormous volumes of data is the topic of discussion in this chapter. It provides
an explanation of the quantum machine learning architecture that was employed in the thesis and focuses on the various
qubit encoding approaches that are now fashionable.

The data processing and feature extraction processes are approached in a fundamentally different manner by quantum
computing, which is distinct from the conventional computer technology. It is feasible to use QML on a quantum
computer in order to do a variety of jobs and discover answers to certain problems. With its qubits storing data in a
multitude of quantum states, it is feasible that a quantum computer may uncover hidden patterns that are impossible for
conventional computers to comprehend. This would provide a significant advantage over classical computers. In
addition, qubits are able to influence one another's states via the process of processing owing to entanglement. One of
the ways in which quantum computing is inherently advantageous is as described here.

Assist in the enhancement of machine learning algorithms. For dealing with qubit data, QML systems have two basic
ways: entanglement and superposition. Both of these methods are described here. In light of the fact that quantum
computers are able to handle noise on their own, data processing strategies that use quantum machine learning are also
able to control noise [22]. While this section has focused on our method, the next section will discuss the enormous
number of data processing approaches that may be achieved via the use of computers.

A. An Architecture for Quantum Machine Learning

(lassical Big Data Analytics
Preprocessing Postprocessing
(Quantim
Quantum Loader , Moori —>
i i QML Algorithm Messutement

Figure 2: Block diagram of QML approach.

Quantum machine learning (QML) architectures provide a complete framework that describes the systematic coupling
of quantum information processing with classical learning principles. This framework is provided by QML
architectures. Quantum technology will soon be able to achieve data-driven intelligence that is superior to the
constraints of conventional computers. This will be possible in the not too distant future. A QML architecture is
comprised of the following components: the representation of data as quantum states, the manipulation of quantum
circuits to manipulate those states, and the measurement and extraction of information that is pertinent. The
components in question function in a feedback loop, and they are a combination of quantum optimization and
traditional optimization. Establishing a traditional data preparation and encoding phase as the first stage in the design
process is very necessary in order to ensure that the data can be easily loaded into a restricted number of qubits. In this
step, we decrease dimensionality, level scales, and noise by preprocessing the raw inputs (images, signals, text
embeddings, numerical features, and so on) using approaches that are typical in the industry. One of the most essential
aspects of QML designs is the encoding of data. Among the components of this system are angle encoding, amplitude
encoding, basis encoding, and more adaptable feature-map circuits. These circuits make use of quantum states in order
to successfully store conventional information. The choice of encoding has a direct impact on the descriptive power of
the model, the circuit depth, and the compatibility with noisy NISQ devices. The statistics are altered using parametric
quantum circuits, which are sometimes referred to as variational quantum circuits or quantum neural networks.
Quantum neural networks are another name for parametric quantum circuits. A collection of single-qubit rotations and
a set of multi-qubit entangling gates are among the components that are used in these circuits. By showing many
configurations at the same time, these circuits provide the job of classifiers or feature extractors in quantum computing.
They also make advantage of entanglement to represent complex connections that would be impossible to record in a
normal method. By using a mixed training strategy, in which a classical algorithm is employed to gradually enhance the
quantum parameters and measurement data is used to evaluate a loss function, it is possible to teach new values to the
circuit parameters. This contributes to an increase in the ability to learn. The measurement and readout processes are
essential to the design since they are responsible for transforming quantum states into classical information by using
expectation values or probability distributions. These are then used to define job-specific targets, such as the quality of
the grouping, the regression error, or the classification accuracy. Conventional neural network layers are often included
in many QML systems both before and after the quantum circuit. This is done in an attempt to achieve a compromise
between the expressive freedom and the hardware limits that are present. Hybrid models are produced as a consequence
of this, with the classical component handling vast feature extraction and the quantum component managing fine-
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grained decision-making. The design has to handle a number of systemic concerns, including scalability, noise
immunity, and interoperability, among others. Having features that reduce the number of errors that occur, having
circuit designs that are easy to understand, and having the capability to switch between virtual and physical hardware
for the quantum component are all necessary in order to ensure that learning as a whole remains unaffected.

RELATED WORK

Comparatively speaking, quantum computers are quite different from conventional computers due to the fact that
they process data via the application of quantum mechanical properties. As a result of this, many people are led to
conclude that quantum systems, in contrast to classical ones, have the potential to generate information in the
form of quantum states [31]. It is necessary to do more research both into the potential of quantum machine
learning and the capabilities of quantum computing in this particular field [32]. In this part, we will take a
comprehensive look at the most current methods to quantum machine learning, which are based on the use of
guantum computers to solve problems related to machine learning.

A. Modern Approaches to Quantum Machine Learning

The operation of quantum machine learning may be broken down into two distinct models. The development of
quantum algorithms in the form of a full quantum circuit is one method that may be used to solve challenges that arise
in the field of machine learning. It is possible that the algorithms will be able to accomplish machine learning tasks
such as clustering, classification, and dimensionality reduction more quickly than traditional algorithms [33, 34]. This
is due to the fact that the algorithms will need a greater number of qubits than the current methods. An additional well-
known framework for quantum machine learning is a hybrid method that is based on NISQ heuristics. According to
what was discussed in the prior chapter, hybrid classical-quantum computing models are designed with the intention of
giving classical computers an edge in the quantum realm. The next section goes more into the relevant research that has
been conducted on the hybrid technique. The hybrid technique, in its current form, has the potential to strengthen
classical computing, which in turn can enhance machine learning algorithms. The current status of quantum machine
learning research is shown in Figure 3.1, which is organized according to the approaches that have been used to address
the difficulties.

At the beginning of the twenty-first century, the concept of applying a full quantum circuit to challenges in machine
learning gained widespread acceptance. The development of quantum computing has made accessible a wide variety of
powerful tools for linear algebra. These techniques include Fourier transforms, the identification of eigenvectors and
eigenvalues, and the solution of linear equations respectively. The HHL method, which is a quantum technique for
linear systems of equations, was brought into existence by Aram Harrow and his colleagues in the year 2009 [19]. In
order to solve linear systems, this approach is often used. The community of quantum computing is of the opinion that
difficulties with machine learning may be effectively handled by leveraging approaches from quantum computation.
This is due to the fact that linear algebra is the fundamental computational component of machine learning.

There is a quantum speedup that is exponentially quicker than their classical equivalents that are the most well-known
[19, 35, 36]. The following are some examples of data analysis and machine learning algorithms that can be utilized in
conjunction with quantum algorithms: linear algebra, least-squares fitting, gradient descent, Newton's method, principal
component analysis, linear, semi-definite, quadratic programming, topological analysis, and support vector machines
[33]. However, in order to really put these ideas into practice, large-scale quantum computers are required from the
beginning.

OMI,

Myorithins

Hybrid

.'MJJ‘rJrrr'f.'

COMPLEXITY OF PROBLEM

HARDWARE REQUIREMENT

Figure 3: Current situation and long-term objectives of hybrid and QML algorithm research.
Using hybrid quantum-classical models is one approach that may be taken to circumvent the limitations of the
guantum computers that are now in use. These models have the potential to assist in the repurposing of existing
guantum computers for the completion of new tasks. Quantum circuits that are parameterized and include
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separate quantum gates are used in the process of creating mixed models for machine learning. It is possible to
develop the models by using a limited quantity of the qubits that are now accessible, and the sizes of the models
may be modified in accordance with the quantity of qubits that are available. It is possible to make use of the built
models in activities such as guided learning and other data-based activities.

In Section 3.2, which follows the debate that took place in Chapters 4 and 5, the current study on the subject is
described in depth. It is shown how challenging it is to train machine learning models on enormous datasets. In
addition, strategies and methods that may be used to get beyond the constraints of a quantum computer are
explored in Section 3.2.

DISCUSSION

The discussion of classical machine learning optimizers in quantum computing highlights both their practical
importance and inherent limitations within high-performance quantum computing environments. At present, classical
optimizers remain indispensable due to the hybrid nature of most quantum algorithms, where quantum processors are
responsible for state preparation and measurement, while classical systems perform parameter optimization. This
division of labor reflects current hardware constraints and underscores why classical optimization techniques continue
to dominate experimental and near-term quantum applications.

One of the key observations from the literature is that adaptive gradient-based optimizers, particularly Adam and
RMSProp, generally outperform basic stochastic gradient descent when applied to parameterized quantum circuits.
Their ability to adjust learning rates dynamically allows them to cope better with noisy gradient estimates arising from
quantum measurements. However, this advantage diminishes as circuit depth increases, revealing a fundamental
scalability issue rather than a shortcoming of any specific optimizer.

A critical challenge repeatedly emphasized is the barren plateau phenomenon, which significantly restricts the
effectiveness of classical optimizers. Even highly sophisticated gradient-based methods fail when gradients vanish
exponentially, suggesting that optimization difficulty is deeply rooted in the structure of quantum loss landscapes. This
indicates that simply importing advanced classical optimizers is insufficient for large-scale quantum systems and that
problem-aware circuit design and initialization strategies are equally important.

Second-order and natural gradient methods offer theoretical improvements by incorporating the geometry of quantum
state space, leading to faster and more stable convergence. Nevertheless, their high computational cost limits their
applicability to small-scale systems. This trade-off between optimization quality and computational feasibility is a
recurring theme in classical optimization for quantum computing.

Overall, the discussion reveals that while classical machine learning optimizers are effective for small, shallow, and
proof-of-concept quantum models, they are unlikely to scale efficiently for high-performance quantum computing
without significant modification. Their continued relevance will depend on hybrid enhancements, noise-aware
adaptations, and integration with quantum-inspired or quantum-native optimization strategies.

CONCLUSION

As a component of my thesis, | conducted research on a few of the unresolved problems that are associated with
the development of quantum machine learning in relation to big data analytics. In the context of dealing with vast
volumes of data, we were interested in the possible advantages that may be gained by using quantum computing
technology for the purpose of directed learning. However, we found that the combined quantum-classical
technique may be able to avoid this impediment. One of the problems that traditional quantum computers have is
that they do not have enough qubits. When confronted with issues in machine learning that include vast amounts
of traditional geographic data, a hybrid strategy that combines quantum and classical computers may prove to be
productive.

The most important arguments that have been presented in favor of the thesis are summarized here. One method
that may be used in order to explore the influence that quantum computing has on machine learning is the
utilization of an artificial neural network (ANN) that employs qubits as artificial neurons. The amplitude
encoding approach was used by a quantum computing strategy for artificial neural networks (ANN) that was
referred to as QC ANN. This technique was successful in encoding input into a quantum state inside the ANN.
On the test dataset, the performance of QC ANN is superior to that of conventional ANN in terms of the
efficiency of binary classification. Following this, we use a single-qubit encoding in a suggested quantum loader
to turn all of the standard data values into a single qubit. In a variational circuit, the use of CNOT gates and
spinning gates makes it possible to do multi-class classification, also known as QMCC. The accuracy of the
model was increased by increasing the number of quantum processes that were included inside the processing
circuit. It has been shown by us that neither the QC ANN nor the QMCC exhibit nonlinearity. The management
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of non-linearity is an essential component of the process of building an extended model via the use of machine
learning. Following this, we trained a traditional non-linear model by isolating the feature extraction from the
guantum machine learning technique. Classical machine learning methods eliminated the quantum representation
of the classical data in order to produce a model that was more adaptable and included fewer components.

A universal model for classification problems may be generated by combining the power of deep neural networks
with the capability of quantum computers to analyze data in a high-dimensional Hilbert space. This results in the
creation of new classification problems. After this, we came up with the idea of a quantum device that would add
noise into the data. The incorporation of noise into a dataset is a typical approach that is used to enhance the
utilization of the dataset. Through the exploitation of quantum processes between CNN layers, it is possible to
accomplish continuous improvement in CNN training processes. Furthermore, in order to illustrate the
effectiveness of the research models that we constructed, we presented a full performance analysis as well as a
comparative study. In conclusion, we presented and assessed a data-driven strategy for creating machine learning
models by using quantum processing on SAR images.
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