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Abstract : The rapid increase in the availability of multispectral satellite imagery has significantly enhanced applications such as
land cover classification, environmental monitoring, and disaster assessment. However, the high dimensionality of satellite images
and the computational cost associated with classical deep learning models remain major challenges, particularly when training data
or computational resources are limited. Recent advances in quantum machine learning have opened new possibilities for addressing
such challenges through hybrid quantum-—classical learning paradigms.This work presents the design and implementation of a
Quantum Variational Classifier (QVC) for satellite image classification, employing a hybrid framework that integrates classical
feature extraction with parameterized quantum circuits. Initially, satellite images are preprocessed using classical techniques
including normalization, resizing, and dimensionality reduction to produce compact feature representations compatible with near-
term quantum hardware constraints. These features are then encoded into quantum states using angle-based encoding schemes and
processed through a variational quantum circuit consisting of trainable rotation gates and entanglement layers.The quantum circuit
parameters are optimized using classical gradient-based optimizers, enabling efficient training within a hybrid learning loop. The
proposed model is evaluated on the EuroSAT dataset, comprising labeled land cover images captured by Sentinel-2 satellites.
Performance is assessed using standard classification metrics and compared against classical machine learning approaches such as
Support Vector Machines and Convolutional Neural Networks.Experimental results obtained from quantum simulators demonstrate
that the proposed QVC achieves competitive classification accuracy while requiring significantly reduced feature dimensionality.
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INTRODUCTION

Satellite imagery has become a critical source of information for understanding large-scale changes on the Earth’s surface.
Applications such as land use and land cover classification, agricultural monitoring, urban expansion analysis, and disaster response
rely heavily on accurate interpretation of satellite images. Modern Earth observation missions, including Sentinel-2, generate
massive volumes of multispectral data with high spatial and temporal resolution. While this abundance of data is valuable, it also
introduces significant computational and analytical challenges.Conventional machine learning and deep learning techniques,
particularly convolutional neural networks, have shown strong performance in satellite image classification tasks. However, these
models typically require large labeled datasets and substantial computational resources for training and inference. In practical
scenarios, especially in domain-specific or regional studies, the availability of labeled satellite data may be limited.

Recent developments in quantum computing have sparked interest in exploring alternative learning paradigms that may
complement or enhance classical approaches. Among the various quantum learning models proposed, variational quantum
algorithms have gained particular attention due to their suitability for near-term quantum devices, often referred to as Noisy
Intermediate-Scale Quantum (NISQ) systems. A Variational Quantum Classifier (QVC) operates through a hybrid quantum-—
classical workflow. In this framework, data preprocessing and optimization are handled classically, while the learning
representation is realized through a parameterized quantum circuit. Such models are especially appealing for high-dimensional
data problems, as quantum circuits can encode information into quantum states using a comparatively small number of qubits.

NEED OF THE STUDY.

To design  and implement a  hybrid quantum—classical classification framework. Develop a Quantum
Variational Classifier (QVC) that integrates classical preprocessing with  variational quantum
circuits for effective satellite image classificationApply classical feature extraction and dimensionality reduction techniques (such
as PCA or CNN-based embeddings) to transform high-resolution satellite images into low-dimensional representations suitable
for quantum processing.Investigate how quantum properties such as superposition and entanglement can be leveraged to learn
complex class boundaries in land-cover classification problems.Utilize quantum computing frameworks such as PennyLane or
Qiskit to design, train, and test the variational quantum circuits on classical hardware through simulationTrain and validate the
proposed model using the EuroSAT dataset and assess its classification accuracy, convergence behavior, and robustness.Perform
a comparative analysis between the QVC model and conventional classifiers such as Support Vector Machines (SVMs) and
Convolutional Neural Networks (CNNs) Provide experimental insights and implementation guidelines that can support future
advancements in quantum machine learning for satellite image analysis.
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RESEARCH METHODOLOGY

The proposed system follows a hybrid quantum—classical learning architecture designed to accommaodate the constraints of current
quantum computing resources while preserving meaningful information from satellite images. The overall workflow is divided into
classical preprocessing, quantum feature processing, and hybrid model optimization.

3.1 Dataset and Preprocessing

The experiments are conducted using the EuroSAT dataset, which consists of multispectral satellite images captured by
the Sentinel-2 mission. The dataset includes multiple land cover classes such as forest, residential areas, water bodies, and agricultural
land. Due to the high dimensionality of raw satellite images, direct encoding into quantum circuits is not feasible.To address this
limitation, classical preprocessing steps are applied. These include image resizing, normalization, and feature extraction.

3.2 Quantum Feature Encoding

For After preprocessing, the reduced feature vectors are mapped into quantum states using angle encoding. Each feature
value controls the rotation angle of a quantum gate applied to a qubit. This encoding method is chosen for its simplicity and
suitability for low-qubit systems. Typically, 4 to 8 qubits are used in the implementation, balancing expressiveness and simulation
feasibility.Angle encoding enables the quantum circuit to represent classical information within quantum superposition states,
allowing the model to exploit quantum interference effects during classification.

3.3 Theoretical framework

Training is carried out using a hybrid learning loop. The quantum circuit processes encoded data and produces measurement
outcomes, while a classical optimizer updates the circuit parameters based on a predefined loss function. Gradient-based
optimization techniques are employed to minimize classification error.This hybrid approach allows the system to leverage quantum
representations while relying on stable classical optimization methods. The implementation is carried out using quantum simulators
such as PennyLane or Qiskit, enabling experimentation without access to physical quantum hardware

3.4 Statistical tools and econometric models
This section elaborates the proper statistical/econometric/financial models which are being used to forward the study from
data towards inferences. The detail of methodology is given as follows.

3.5 Evaluation Metrics

Descriptive Model performance is evaluated using standard classification metrics, including accuracy, F1-score, and
training time. These metrics are compared against classical baseline models such as Support Vector Machines and Random Forest
classifiers to assess the effectiveness of the quantum-enhanced approach.

IV. RESULTS AND DISCUSSION

The experimental results demonstrate that the proposed hybrid quantum—classical model is capable of effectively classifying satellite
images from the EuroSAT dataset. The Quantum Variational Classifier achieved competitive accuracy when compared with classical
baseline models, particularly when trained on reduced feature sets.

The quantum model showed faster convergence during training in certain configurations, indicating efficient parameter
optimization. This behavior was especially noticeable in scenarios involving smaller subsets of training data, where classical deep
learning models typically struggle to generalize.

Visual inspection of model outputs confirmed consistent class predictions across major land cover categories. The comparison with
Support Vector Machine and Random Forest classifiers revealed that the QVC performs comparably in accuracy while operating on
significantly lower-dimensional feature representations.

The quantum circuit design successfully captured non-linear relationships among features through entanglement, contributing to
improved decision boundaries. Although quantum simulation introduces computational overhead, the results suggest that circuit-
based quantum models hold promise for future large-scale applications as hardware matures.

4.1 Multispectral Images Input

This figure represents the input data stage of the proposed system. Multispectral satellite images obtained through the query API
are shown, covering the selected geographical region. These images contain multiple spectral bands captured by Sentinel-2 sensors,
which provide rich spatial and spectral information. Such multispectral data is essential for distinguishing land-cover classes like
forest, industrial areas, and urban regions, as each class exhibits unique spectral characteristics across different wavelengths. This
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step ensures that the dataset used for training and testing is representative, geo-referenced, and suitable for further preprocessing
and classification tasks.

Query API & download

Figure 1 — Multispectral Images

4.2 Data Preprocessing

Figure 2 illustrates the data preprocessing pipeline, which plays a critical role in improving classification performance. The raw satellite
images undergo several preprocessing steps including:

° Image resizing to maintain uniform input dimensions
° Normalization to scale pixel values into a consistent range
° Removal of noise and irrelevant variations

Additionally, feature extraction techniques are applied to reduce redundancy and enhance discriminative information. This preprocessing
stage ensures that the extracted features are compact, meaningful, and compatible with both classical and quantum classifiers.

Figure 2 — Data Preprocessing

4.3 Result of Hybrid Model

This figure presents the classification performance of the hybrid quantum-—classical model, where the Quantum Variational
Classifier (QVC) is combined with classical optimization techniques.

The performance metrics displayed include precision, recall, F1-score, and overall accuracy. The results indicate that the hybrid
model achieves high classification accuracy (around 95-97%), demonstrating its effectiveness in capturing complex decision
boundaries.
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The quantum model shows improved generalization when compared to purely classical approaches, particularly in cases where
class boundaries overlap. This improvement highlights the advantage of quantum feature representation and entanglement-
based learning.

Forest

Industrial

Fig 3 — Hybrid Model

4.4 Comparison Of Models

Figure 4 provides a visual comparison of classification outputs produced by different models, including classical classifiers
and the proposed quantum-enhanced model.

The color-coded maps indicate that the hybrid QVC model produces smoother class boundaries and fewer
misclassifications, especially in heterogeneous regions. Compared to SVM and Random Forest outputs, the quantum-assisted
model demonstrates improved spatial coherence and better preservation of land-cover patterns.

This comparison highlights the practical advantage of integrating quantum learning with classical preprocessing.

Fig 4 - Comparison of models

4.5 Quantum Circuit Design
Figure 5 illustrates the variational quantum circuit architecture used in the proposed QVC model. The circuit consists of:

Angle encoding layers that embed classical features into quantum states
Parameterized rotation gates (RY)
Entanglement layers using controlled quantum gates

The circuit parameters are optimized using a classical optimizer through iterative feedback based on loss values. This design enables
the model to learn complex correlations using quantum superposition and entanglement, while remaining feasible on current quantum
simulators.
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Fig 5 - Quantum Circuit Design

The experimental results demonstrate that the hybrid quantum-—classical approach consistently performs on par with or better
than traditional classifiers. The Quantum Variational Classifier shows strong potential in handling complex satellite image
classification tasks, especially under dimensionality and resource constraints.

These findings suggest that quantum-enhanced machine learning can serve as a viable and scalable solution for future remote
sensing and geospatial analysis applications.

Table Head Research Methodology
Population and Sample Data Source Theoretical
Framework
Details EuroSAT Details Sentinel Images Hybrid Quantum
Classical Model
DataType Satellite Images Secondary Data Hybrid Quantum
Classical Model
Purpose Land Cover Classification Model Training Quantum Machine
and Testing Learning
Tools EuroSAT Sentinel 2 Mission Qiskit and Python
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