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Abstract

Recent advancements in remote sensing technology have significantly enhanced our ability
to monitor and interpret the Earth’s surface with high precision and consistency. Among
these advancements, the shift from multispectral to hyperspectral imaging marks a pivotal
transformation. Hyperspectral imaging, with its hundreds of contiguous and narrow spectral
bands, enables more accurate material and terrain classification due to its superior spectral

resolution.

In this work, we explore the potential of deep learning-based methods to classify
hyperspectral images by leveraging both spatial and spectral information. Our study
implements and compares traditional 2D Convolutional Neural Networks (2D CNNs), which
focus on spatial feature extraction, and 3D Convolutional Neural Networks (3D CNNs),
which simultaneously capture spatial and spectral correlations, offering a more holistic

representation of hyperspectral data.

In addition to these baseline models, we propose and three novel architectures tailored
specifically for hyperspectral image classification: SpectraEdgeNet, which incorporates
edge-aware spectral filtering for sharper class boundaries; SmoothSpectralNet, which
enhances spectral continuity and intra-class consistency through spectral smoothing; and
HyperViTNet, a Vision Transformer-inspired model that effectively captures long-range
dependencies in spectral information. These models were evaluated on two benchmark
datasets—Pavia University and Indian Pines—each offering diverse and challenging
scenarios for hyperspectral classification. Experimental results demonstrate that the proposed
models outperform traditional CNN-based approaches in terms of accuracy and
generalization, highlighting their potential for advanced hyperspectral image analysis in
remote sensing applications. The HyperViTNet model performs the better than other two

proposed model.
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Chapter 1

Introduction
1.1 Overview of Remote Sensing

Remote sensing is a scientific technique which enables the acquisition, observation, and
interpretation of information about objects, events without any physical contact. It
involves collecting data from a distance, typically through airborne or spaceborne
platforms like satellites or drones. These platforms capture electromagnetic energy either
reflected or emitted from Earth's surface, providing valuable insights into natural and
man-made features. Remote sensing systems are generally classified on the basis of their

energy source into two categories: passive and active sensors.

Passive sensors depend on natural sources of energy, primarily sunlight. They detect
energy that is either reflected such as visible light or re emitted like thermal radiation
from the Earth. These sensors operate effectively only when sunlight is available and
include devices like cameras, optical scanners, and microwave radiometers. In contrast,
the active sensors emit their own energy to illuminate the target and measure the
backscattered signal. This allows them to collect data regardless of the time of day or
weather conditions. Common examples include RADAR and LiDAR systems. Fig.1

shows difference between active and passive instrument.

Fig. 1 Difference between active and passive instrument [Credits- NASA]

The use of remote sensing has significantly transformed how we view and analyze the
Earth’s surface. High-resolution imagery makes it possible to monitor land use,
vegetation, water bodies, and infrastructure in great detail. This technology is particularly
critical in sectors such as agriculture, forestry, environmental monitoring, and resource
management. By converting energy measurements into images and analytical products,

remote sensing supports informed decision-making across a wide range of disciplines.



The development of remote sensing began with multispectral imaging, which captures
data across a few broad spectral bands. Although effective for large-area assessments, it
had limited ability to distinguish between materials with similar spectral characteristics.
Hyperspectral imaging marked a major advancement by capturing hundreds of narrow,
continuous spectral bands across electromagnetic spectrum. Each pixel in the
hyperspectral image contains spectral signature, allowing for precise material

identification and more advanced environmental and industrial applications.
1.2 Hyperspectral remote sensing

Multispectral imaging was one of the earliest breakthroughs in remote sensing, enabling
the capture of images across the limited number of broad spectral bands—typically
including visible and near-infrared wavelengths. This technique proved useful for
observing large-scale features such as vegetation cover, water bodies, and land use.
However, its ability to differentiate between materials with similar spectral characteristics
was limited. While it provided a solid foundation for remote sensing applications, the
level of detail it offered wasn't always sufficient for more precise analysis. Fig. 2 shows

hyperspectral remote sensing setup.

This limitation led to a major leap forward with the introduction of hyperspectral
imaging (HSI). Unlike multispectral systems, hyperspectral sensors collect data in
hundreds of narrow, continuous spectral bands. This provides a much richer and more
detailed view of the Earth's surface. With HSI, scientists can now identify specific
minerals, detect subtle chemical compositions, and distinguish between different crop
types or manmade structures with far greater accuracy. This fine spectral resolution has
made HSI an invaluable tool for applications in environmental monitoring, urban

planning, precision agriculture, and resource management.



Fig. 2 Hyperspectral remote sensing [1]

That said, the strength of hyperspectral imaging—its high dimensionality—also
introduces complexity. Processing and analysing such massive volumes of data is a
significant challenge. Traditional methods often fall short, which is why researchers are
increasingly turning to advanced deep learning algorithms. These models are particularly
used for handling complex and high-dimensional datasets and can uncover patterns and
insights that would otherwise be difficult to detect. This integration of artificial

intelligence with hyperspectral data analysis is helping to unlock its full potential.

What makes HSI truly unique is how it combines imaging with spectroscopy. While the
human eye sees in just three-color bands that are red, green, and blue—HSI divides light
into hundreds of narrow spectral bands. Each of these bands generates a grayscale image,
and together they form what’s known as a “data cube.” Each pixel in this cube contains
detailed spectral information that serves as a signature for the material it represents [2].
This capability allows scientists to identify and map the chemical and physical properties
of different surfaces. As a result, HSI has gained significant attention in fields like
biomedical imaging, geoscience, environmental surveillance, object detection, and
remote sensing, making it one of the most reliable technologies in the data-driven world
today. Fig. 3 shows difference between multispectral and hyperspectral bands whereas

Fig. 4 shows spectral signature of hyperspectral data.
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Fig. 4: Mean spectral signatures of the hyperspectral data [2].

1.3 Problem Statement

Hyperspectral image (HSI) classification is a critical task in the field of remote sensing
with applications in agriculture, , urban planning , environmental monitoring, and
defence. However, existing classification algorithms face several key challenges that limit
their effectiveness. One major issue is spectral mixing, where pixels contain mixed
signatures from multiple materials, leading to misclassification. Additionally, high
dimensionality of hyperspectral data results in increased computational complexity,
making many traditional machine learning methods inefficient [3]. Current approaches,

such as Random Forests, Support Vector Machines (SVM), and deep learning models,
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often struggle with long execution times, sensitivity to noise, and difficulty in

distinguishing subtle spectral variations between similar classes.

To address these challenges, this research aims to develop a classification algorithm that
improves both accuracy and computational efficiency for hyperspectral image
classification. The proposed method will focus on processing time through optimized
feature selection and dimensionality reduction while enhancing classification
performance by effectively handling spectral variability and mixed pixels. Key objectives
include improving discrimination between spectrally similar classes, minimizing
overfitting in high-dimensional data, and ensuring robustness with limited training
samples. By overcoming these limitations, the new algorithm will provide a more reliable
and scalable solution for hyperspectral image analysis, benefiting a wide range of real-

world applications.

1.4 Organization of thesis

This research work is organized into six chapters to present a comprehensive study on
hyperspectral image classification: Chapter 1 introduces the research background,
objectives, and overall structure of the thesis. Chapter 2 provides fundamental concepts
of hyperspectral remote sensing, explaining key principles and characteristics of
hyperspectral data. Chapter 3 presents a critical review of existing literature, analyzing
previous approaches and identifying research gaps in hyperspectral image classification.
Chapter 4 discusses established classification algorithms and introduces the novel
methodology proposed in this research, detailing its architecture and implementation.
Chapter 5 describes the experimental datasets (Pavia and Indian Pines), including their
specifications, preprocessing steps, and preparation for classification tasks. Chapter 6
demonstrates experimental results, provides comparative analysis with existing methods,
and discusses findings through quantitative metrics and visual interpretations. Chapter 7

discusses conclusion and future work.
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Chapter 2

Introduction to Hyperspectral Remote Sensing

2.1 Hyperspectral Imaging

Hyperspectral imaging (HSI) was first introduced in the 1980s by A. F. H. Goetz at
NASA’s Jet Propulsion Laboratory, with the development of the Airborne Imaging
Spectrometer (AIS) [4]. Today, NASA continues to collect HSI data using advanced
instruments like the Airborne Visible Infrared Imaging Spectrometer (AVIRIS), which
captures over 200 spectral bands across visible to mid-infrared wavelengths [5]. Each
pixel in the resulting data represents a unique spectral signature of the object it covers.
Sensor systems are defined by different resolutions: spatial (the smallest object
distinguishable), spectral (the smallest wavelength difference detected), and radiometric
(the smallest energy level recorded). These depend on factors like altitude, viewing angle,
and signal-to-noise ratio. However, image quality can be affected by noise, bad pixels,
and atmospheric interference, making preprocessing essential. Technological
advancements have improved spatial resolution in newer HSI sensors. For example,
Hyperion (onboard EO-1) offers 30m resolution, while airborne sensors like ROSIS-3
and CASI-1500 can achieve resolutions as fine as 1.7m and provide rich spectral data [6].
These improvements help in accurately identifying and differentiating ground objects

using contextual spectral and spatial information.

HSI primarily includes detecting known and unknown materials, classifying and
segmenting images based on dominant objects or materials, and estimating the
composition of mixed materials within a single pixel—known as hyperspectral unmixing.
HSI data is structured as a cube of spectral measurements where each pixel provides
highly localized information. However, this pixel-level representation often lacks
structural context and may not align well with the broader interpretation needed for real-
world decision-making [7]. Since HSI captures data across many narrow, continuous
spectral bands, each image layer reflects the scene at a specific wavelength. Together,
these layers form a 3D data cube in which each pixel contains a detailed spectrum,

revealing how light interacts with the materials present in that region.
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2.2 Application of Hyperspectral Remote Sensing

The vast amount of data provided by hyperspectral imaging (HSI) cannot be fully
leveraged using existing image analysis methods. Given the broad range of real-world
applications, such as agriculture monitoring, land use, ecological and environmental
assessment, mineral exploration, target detection, change detection, surveillance, and
ground cover classification, significant research is dedicated to the pre- and post-
processing of HSI data [8]. The processing tasks in HSI are numerous, but they can
generally be categorized into several key functions. These include classification
(assigning labels to each pixel), dimensionality reduction (simplifying the data for easier
analysis), spectral unmixing (estimating the material composition of each pixel), target
and anomaly detection (identifying rare spectral signatures), and change detection
(identifying important changes in consecutive HSI scenes). This dissertation primarily
focuses on hyperspectral image classification (HSIC), particularly on integrating
supervised and the semi-supervised classification techniques to improve performance
using various classifiers, such as generative, discriminative, parametric classifiers and
ensemble. The goal of HSIC algorithm is to efficiently assign unique label to each of the

sample, ensuring it fits well within a specific class.
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Chapter 3

Literature Review

Hyperspectral imaging has emerged as one of the powerful analytical tool in remote
sensing, offering unprecedented capabilities for material identification and classification.
Unlike conventional imaging systems that capture only a few spectral bands,
hyperspectral sensors record hundreds of narrow, contiguous bands ranging from the
visible to infrared wavelengths [9]. This rich spectral data enables detailed
characterization of materials on the basis their unique spectral signatures, which arise
from the interaction between the electromagnetic radiation and molecular vibrations. This
rich spectral data enables detailed characterization of surface materials based on their
unique spectral signatures, which arise from the interaction between electromagnetic
radiation and molecular vibrations [10]. The classification of hyperspectral imagery
presents several fundamental challenges that have driven extensive research efforts.
Spectral variability remains a primary concern, where identical materials can exhibit
different spectral responses due to intrinsic factors like compositional variations and
surface roughness, as well as extrinsic factors including atmospheric conditions,
illumination geometry, and sensor characteristics. Another significant challenge is the
curse of the dimensionality, where the high number of bands relative to available training
samples leads to statistical instability and overfitting in classification models.
Additionally, the presence of mixed pixels containing multiple materials further

complicates the classification process [11].

Traditional machine learning approaches have formed the foundation of hyperspectral
image classification. Support Vector Machines gained early popularity due to
effectiveness in high-dimensional spaces and ability to handle limited training samples
through kernel methods [12]. Random Forest classifiers offered robust performance by
combining multiple decision trees and providing built-in feature importance analysis.
However, these conventional methods often struggled to capture the spectral-spatial
relationships in hyperspectral data and showed limitations in handling nonlinear data

distributions.

To address the dimensionality challenge, researchers developed various feature reduction
techniques. Principal Component Analysis (PCA) emerged as one of the most used linear

transformation method for dimensionality reduction, while more sophisticated
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approaches like manifold learning algorithms attempted to preserve nonlinear
relationships in the data [13]. Band selection methods, including information-theoretic
approaches and evolutionary algorithms, provided alternative strategies to identify the
most discriminative spectral bands. These preprocessing steps significantly improved

computational efficiency while attempting to maintain classification accuracy.

The integration of spatial information with spectral data marked a great advancement in
classification performance. Recognizing that neighbouring pixels in natural scenes often
share similar characteristics, researchers developed spatial-spectral methods that
substantially improved classification accuracy. Techniques like extended morphological
profiles employed mathematical morphology operations to extract spatial features, while
Markov Random Fields provided probabilistic frameworks for modelling spatial
dependencies [14]. Superpixel-based approaches and segmentation methods offered
alternative ways to incorporate spatial context, demonstrating particular effectiveness in

heterogeneous landscapes.

Recent years have shown the growing dominance of deep learning in HSIC. CNN
revolutionized the field by automatically learning hierarchical features which capture
both spectral and spatial information. 3D CNN architectures specifically designed for
hyperspectral data demonstrated remarkable success in various applications. More
recently, transformer-based models have shown promise in capturing long-range
dependencies within spectral signatures [15]. While these advanced methods achieve
state-of-the-art performance, they often require substantial computational resources and

labelled datasets, presenting practical challenges for real-world implementation.

Current research directions focus on addressing the limitations of existing approaches.
Semi-supervised and the self-supervised learning techniques aim to reduce the
dependency on large labelled datasets. Lightweight neural network architectures seek to
maintain high accuracy while reducing computational demands [16]. There is growing
interest in physics-informed machine learning that incorporates domain knowledge about
spectral characteristics and mixing phenomena. Explainable Al methods are being
developed to improve the interpretability of complex models, which is particularly

important for scientific applications.

The field continues to evolve with emerging technologies and novel applications.

Hyperspectral sensors are becoming more compact and affordable, enabling new

16



deployment scenarios. The integration of hyperspectral data with other sensors, such as
LiDAR (Light Detection and Ranging) and thermal imaging, opens new possibilities for
multimodal analysis [17]. Real-time processing capabilities are being enhanced through
edge computing and optimized algorithms. These developments are expanding the
practical applications of hyperspectral classification while presenting new research

challenges in data fusion, computational efficiency, and system integration.
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Chapter 4

Hyperspectral Image Classification Algorithms

4.1 Use of Classification Models

Hyperspectral imaging (HSI) offers vast potential for material identification and scene
analysis due to rich spectral information. Each pixel in an HSI image captures hundreds
of narrow and the contiguous spectral bands, making it possible to analyse subtle
differences in materials and their compositions. However, this richness in data also
presents significant challenges—mainly the curse of dimensionality, high data
redundancy, and complex spectral variability. To effectively classify such data, machine
learning and deep learning algorithms have been explored, aiming to extract quality

features from both the spectral and spatial domains.

Traditional machine learning methods, such as k-Nearest Neighbours (k-NN), Support
Vector Machines (SVM), Random Forests (RF), and Gaussian Mixture Models (GMM),
have been widely used due to their simplicity and interpretability [18]. However, these
methods typically rely heavily on hand-crafted features and often treat spectral bands
independently, which can limit their ability to capture spatial context and complex feature
hierarchies. To overcome these limitations, sparse representation and manifold learning
approaches such as PCA, Independent Component Analysis (ICA), and t-distributed
Stochastic Neighbour Embedding (t-SNE) have also been employed for feature

extraction and dimensionality reduction with varying success [19].

In the recent years, deep learning has emerged as a game-changing solution for
hyperspectral image classification. Among the most widely used models are 2D CNN,
which are highly effective at capturing spatial information. However, since 2D CNN
primarily operate on spatial patches, they may overlook the crucial spectral dependencies
between adjacent bands. On the other hand, 3D CNN are designed to process both spectral
and spatial dimensions jointly by performing convolutions across all three dimensions of
the HSI cube. While they achieve better spectral—spatial feature integration, their

computational cost and memory requirements can be significant.

To strike a balance between performance and efficiency, researchers have proposed
Hybrid 2D-3D CNNs, which use a combination of 2D convolutions (to capture spatial

structure) and 3D convolutions (to integrate spectral-spatial features). This hybrid
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approach has proven particularly powerful in scenarios where the trade-off between

computational cost and classification accuracy must be carefully managed.
4.2 Convolutional neural networks

CNN is the class of deep learning models. Unlike traditional neural networks, CNNs use
the spatial structure in images using convolutional layers that apply filters (kernels) to
local regions of the input data. Hyperspectral image classification, CNNs have become a
cornerstone due to its capabilities to extract both spatial and spectral features with

minimal preprocessing [20]. Fig. 5 shows CNN architecture.

fc_3 fc 4
Fully-Connected Fully-Connected
Neural Network Neural Network
Conv_1 Conv_2 RelU activation
Convolution Convolution | /—M
(5x5) kernel Max-Pooling (5x5)kernel My pooling (with
valid padding (2x2) valid padding (2x2) dropoit)
T ® @o
® 01
@ 2
INPUT nl channels nl channels n2 channels n2 channels ' 9
(28x28x1) (24 x24 x n1) (12x12xnl) (8 x8xn2) (4x4xn2) . GirTRUT

n3 units

Fig. 5 Convolutional Neural Network Architecture
A CNN architecture comprises several key layers:

e Convolutional Layers: These layers apply a set of filters to the input data to
extract features like edges, textures, or more complex patterns. For HSI, 2D CNNs
apply these filters to spatial patches, while 3D CNNs extend this concept to
capture spectral—spatial relationships by convolving across spectral bands and

spatial dimensions simultaneously.

e Activation Layers: Non-linear activation functions such as ReLU (Rectified
Linear Unit) introduce non-linearity into the model, enabling it to learn complex

patterns. ReLU is commonly used in HSIC due to its simplicity and effectiveness.
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Pooling Layers: These layers reduce the spatial dimensions of the feature maps,
typically by applying a maximum or average operation over local patches. This

helps decrease computational load and provides a degree of spatial invariance.

Fully Connected (Dense) Layers:Fully connected layers combine the extracted
features to perform final classification, mapping them to the appropriate class

labels.

Dropout and Batch Normalization: Dropout layers randomly deactivate a
portion of neurons during training to prevent overfitting, while batch
normalization helps stabilize and accelerate the training by normalizing layer

inputs.

For hyperspectral data, CNNs are particularly advantageous because they can be designed

to exploit both spectral continuity and spatial correlations—essential for distinguishing

between subtle material differences that may appear similar in RGB but vary in infrared

or shortwave bands.

4.2.1 Workflow of CNN

Hyperspectral image classification is one of the challenging task due to the high

dimensionality, redundant spectral information, and limited labelled data. CNNs have

emerged as powerful tools in this domain because they can learn complex spatial and

spectral patterns directly from the raw data. However, their performance can be greatly

enhanced through thoughtful data preprocessing and training strategies.

EDA (Exploratory Data Analysis) helps in understanding the structure and
distribution of hyperspectral data, identifying class imbalance, noise, or missing
values, and choosing appropriate preprocessing methods.

PCA (Principal Component Analysis) is commonly used to reduce the number
of spectral bands by retaining the most informative components, thus addressing
the curse of dimensionality and reducing computational load without significantly
compromising classification accuracy.

One-Hot Encoding is essential when dealing with categorical labels (like land
cover classes). It transforms these labels into a machine-readable format that

enables the CNN to effectively learn multi-class classification.
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e Early Stopping is a regularization technique used during training. It monitors the
model’s validation performance and halts training when performance stops
improving, thus preventing overfitting—especially important when working with
limited annotated hyperspectral data.

e Pooling - Pooling is a key operation in CNNs that reduces spatial dimensions
while retaining only the important features. The most common types are max
pooling (selecting maximum values) and average pooling (calculating mean
values) from local regions. This down sampling helps decrease computational
complexity and provides translation invariance to small shifts in input data.
Pooling layers effectively summarize feature maps while maintaining the most

salient information for subsequent network layers.
4.2.2 2D Convolutional Neural Networks

2D Convolutional Neural Networks (2D CNNs) have been widely used in image
classification tasks due to their ability to effectively learn and extract spatial features from
images. In the domain of HSIC, 2D CNNs have shown strong performance when spatial
context plays a critical role in distinguishing between different land-cover or material

classes.

A 2D CNN processes the data by applying 2D convolutional filters over spatial patches
of the image. These filters scan across the height and width of the input data—capturing
patterns like edges, textures, and spatial arrangements—without directly considering the
spectral information across bands. In HSI applications, each pixel has hundreds of
spectral values. When using 2D CNN:s, it is common to treat each pixel’s spectral vector
as a stack of channels (similar to RGB channels in standard images), or to reduce spectral

dimensions using techniques like the Principal Component Analysis (PCA) beforehand.
The basic building blocks of a 2D CNN include:

o Convolutional Layers: It apply a set of learnable filters to extract spatial features

from the input.

e Activation Functions: Often ReLU (Rectified Linear Unit), introduce non-

linearity after each convolution.

21



e Pooling Layers: Downsample feature maps, reducing computation and

emphasizing the most important features (e.g., using max-pooling).

e Fully Connected Layers: Act as classifiers based on the learned features from

earlier layers.

e Dropout and Batch Normalization: Often added to improve generalization and

speed up training.

4.2.3 3D Convolutional Neural Networks

Hyperspectral images (HSI) consist of hundreds of narrow and the contiguous spectral
bands, providing a rich source of information for analysing and identifying materials on
the Earth's surface. Unlike conventional RGB images, HSIs contain both spatial and
spectral information, and effective classification requires methods that can jointly analyze
these dimensions. This is where 3D Convolutional Neural Networks (3D CNNs) become

especially powerful.

Unlike 2D CNNs that only process spatial features by convolving over height and width,
3D CNNs extend the convolution operation into the spectral dimension, meaning the
filters operate across height, width, and spectral depth simultaneously. This allows 3D
CNNs to capture both spatial patterns and spectral signatures in a single architecture,
making them particularly well-suited for hyperspectral data where spectral continuity

holds key discriminative information.
The basic structure of a 3D CNN includes layers such as:

e 3D Convolutional Layers: These use 3D kernels to scan the hyperspectral cube,

extracting joint spatial—spectral features from small volumetric patches.

e 3D Pooling Layers: These layers reduce dimensionality while preserving

important features across all three dimensions, making the model more efficient.

e Activation Functions (e.g. ReLU): Introduce non-linearity, enabling the network

to learn complex feature relationships.
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e Fully Connected Layers: These consolidate features for the final classification

step.
4.3 Proposed algorithms

Furthermore, to push classification accuracy and generalization even further, several
novel algorithmic enhancements have been developed. The following sections in this

chapter will introduce three innovative frameworks tailored for HSIC.

4.3.1 SpectraEdgeNet (Spatial filter + 3D CNN)

SpectraEdgeNet: A Spatially-Filtered 3D Convolutional Neural Network for Enhanced

Hyperspectral Image Classification.

SpectraEdgeNet is a custom-designed framework that integrates a spatial filtering stage
before 3D convolution to improve the accuracy of hyperspectral image classification. The
process begins by applying a 9x9 spatial filter to each spectral band of the input
hyperspectral cube. This filter acts as an edge enhancer and noise suppressor, allowing

the model to better highlight important spatial boundaries and structures within the scene.

Once the spatial filter is applied, a new enhanced hyperspectral cube is generated that
retains the original spectral content but with improved spatial feature clarity. This pre-
processed cube is then passed through a 3D CNN, which simultaneously learns spectral

and spatial features from the refined input.

By emphasizing spatial edges and reducing local noise, the initial filtering stage helps the
3D CNN focus on more meaningful patterns, leading to better feature extraction. This
layered design not only boosts classification accuracy, especially in complex and
heterogeneous regions, but also improves the generalization capability of the model

across varied datasets. Fig. 6 shows architecture of SpectraEdgeNet.
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Fig. 6 Architecture of SpectraEdgeNet
4.3.2 SmoothSpectralNet (Gaussian filter + 3D CNN)

SmoothSpectralNet: A Gaussian-Enhanced 3D CNN Architecture for Robust

Hyperspectral Classification

SmoothSpectralNet is a tailored deep learning model for hyperspectral image
classification that introduces a Gaussian smoothing filter before applying 3D convolution.
In this approach, the original hyperspectral cube is first passed through a Gaussian filter,
which performs localized averaging across the spatial dimensions of each spectral band.
This reduces fine-grain noise and suppresses minor pixel-level variations while

preserving important global structures.

The main purpose of applying the Gaussian filter is to smooth the spatial content without
significantly distorting the spectral information. Hyperspectral data often suffers from
sensor noise and abrupt local fluctuations, especially in real-world field conditions. By
applying Gaussian smoothing, the model ensures that the input to the 3D CNN is cleaner

and more consistent.

Once the smoothed hyperspectral cube is generated, it is fed into a 3D CNN, which
captures both spectral and spatial dependencies. The cleaner input helps the 3D CNN
extract more stable and representative features, leading to improved classification
performance and better robustness across different classes and noise conditions. Fig. 7

shows architecture of SmoothSpectralNet.
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4.3.3 HyperViTNet (CNN + Transformer fusion)

HyperViTNet: A CNN-Transformer Hybrid Framework for Spectral-Spatial Feature
Learning in Hyperspectral Images is a deep learning architecture designed to effectively

capture both local and global contextual information in HSIC.

The process begins by applying a Gaussian filter to the input hyperspectral cube to reduce
noise and enhance local consistency. This preprocessed cube is then simultaneously fed
into two parallel branches. The first branch employs a 3D CNN to jointly extract spectral
and spatial features, leveraging its strength in modeling local neighborhood structures.
The second branch consists of a Transformer block, which excels at capturing long-range
dependencies and global contextual relationships within the data. The outputs from both
the CNN and Transformer branches are then concatenated to form a unified feature
representation. Finally, these fused features are passed through a classifier that generates
the final classification map, offering improved accuracy and robustness in HSI. Fig. 8

shows block diagram of HyperViTNet.

CNN Block

Gaussian Filter -

New Transformer Classified

Hyperspectral
Cube Hyperspectral Block Image

Cube

Fig. 8 Block diagram of HyperViTNet
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Chapter 5
Dataset

5.1 Description of Pavia university dataset

The Pavia University (PaviaU) dataset is one of the most commonly used benchmark
datasets in hyperspectral remote sensing. It was captured by the Reflective Optics System
Imaging Spectrometer (ROSIS) sensor during a flight over the University of Pavia in
northern Italy. This urban area features a mix of man-made structures and natural
elements, making it suitable for testing and evaluating classification algorithms that

require both spatial and spectral variability.

The dataset consists of a hyperspectral image of size 610 x 340 pixels, with each pixel
containing a spectrum recorded across 103 spectral bands in the visible and near-infrared
range (after removing noisy and water absorption bands from the original 115). Each band
corresponds to a specific wavelength, capturing detailed information that allows fine

discrimination between materials. Table 1 shows distribution of Pavia dataset into 9

classes.
Class Class Name Samples
Number

1 Asphalt 6631
2 Meadows 18,649
3 Gravel 2099
4 Trees 3064
5 Painted Metal Sheets 1345
6 Bare Soil 5029
7 Bitumen 1330
8 Self-Blocking Bricks 3682
9 Shadows 947
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Table 1: Details of Pavia university dataset.
5.2 Description of Indian Pines datatset

The Indian Pines dataset is a classic benchmark in hyperspectral remote sensing,
originally collected by the Airborne Visible/Infrared Imaging Spectrometer (AVIRIS)
sensor over agricultural land in Northwestern Indiana, USA. It is one of the earliest and
most widely studied datasets in the field and is especially valuable for testing

hyperspectral image classification and unmixing algorithms.

The dataset contains a hyperspectral image of size 145 x 145 pixels, with each pixel
comprising a spectrum recorded across 220 spectral bands spanning the 400 to 2500 nm
wavelength range (covering the visible to short-wave infrared spectrum). However, after
removing bands corrupted by water absorption and noise, 200 spectral bands are typically

retained for processing.

Indian Pines primarily represents agricultural and forested areas, featuring a high degree
of spectral similarity between different crop types. Table 2 shows the distribution of

Indian Pines dataset into 16 classes.

Class Number Class Name Samples
1 Alfalfa 46

2 Corn notill 1428

3 Corn mintill 830

4 Corn 237

5 Grass pasture 483

6 Grass trees 730

7 Grass pasture mowed 28

8 Hay windrowed 478
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9 Oats 20
10 Soybean notill 972
11 Soybean mintill 2455
12 Soybean clean 593
13 Wheat 205
14 Woods 1265
15 Buildings Grass Trees Drives 386
16 Stone Steel Towers 93

Table 2 Details of India Pines dataset.
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Chapter 6
Results and Discussion
6.1 Hyperspectral Image Classification of Pavia university dataset

As discussed in the previous chapter the dataset is divided into nine different classes and
unlabeled class is considered as class zero. The distribution of classes of Pavia University

dataset is as follows. Fig. 9 shows Pavia university dataset classes distribution.
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Fig. 9: Pavia University dataset classes distribution.

The Pavia hyperspectral dataset has served as a benchmark for evaluating the
performance of various deep learning-based classification algorithms, particularly in the
context of incorporating spatial-spectral information. Initially, a standard 2D CNN was
employed, which processes only the spatial dimensions of the hyperspectral image while
ignoring its rich spectral content. This baseline method achieved an average classification
accuracy of 0.8972 + 0.0492 and a corresponding kappa coefficient of 0.91, indicating
moderately strong classification performance. However, when a 3D CNN architecture
was applied—capable of capturing both spectral and spatial dependencies
simultaneously—the performance improved significantly. The 3D CNN model achieved
a higher accuracy of 0.9459 + 0.0388, with a kappa coefficient of 0.937, demonstrating

the importance of spectral information in enhancing classification accuracy.

Building upon these foundations, three novel algorithms were proposed, each introducing
unique enhancements to further exploit the spatial-spectral structure of hyperspectral

images. The first among them, SpectraEdgeNet, integrates a spatial edge-aware filtering
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mechanism with a 3D CNN using a 9x9spatial window. This method effectively
emphasizes edge information while preserving the spectral characteristics, resulting in a
notable improvement in performance with an accuracy of 0.9535 + 0.0412 and a kappa
coefficient of 0.9411. The second proposed method, SmoothSpectralNet, incorporates a
Gaussian smoothing filter before applying the 3D CNN. This preprocessing step helps
reduce spectral noise and enhances the continuity of spectral signatures, leading to an
even better accuracy of 0.97615 + 0.0319 and a kappa coefficient of 0.953, reflecting

superior consistency in classification.

The most advanced of the proposed algorithms, HyperViTNet, introduces a hybrid
architecture that combines CNN-based feature extraction with Transformer-based
attention mechanisms. This fusion leverages the local feature learning ability of CNNs
with the global contextual modeling capacity of Transformers, allowing the network to
capture both fine-grained and long-range dependencies in hyperspectral data. As a result,
HyperViTNet achieved the highest performance among all tested models, with an
accuracy of 0.9897 + 0.0349 and a kappa coefficient of 0.983. These results underline the
potential of Transformer-based models and hybrid approaches in pushing the boundaries
of hyperspectral image classification. Fig. 10 shows ground truth and predicted labels for

Pavia dataset.

Ground Truth

&

Predicted Labels

!

Fig. 10 Ground truth and one of the predicted labels of Pavia dataset.

30



True Lakel

True Label

Asphalt - 660 [}} 1 o 1] o 1 1

Meadows - o o = o 1 a o
Gravel - 0 [¢] 192 0 Q o 0 18
Trees - '] 3 o 302 1 (H] o o
Metal Sheets - o o 0 0 135 o 0 [¢]
Bare Soil - ) 2 ] 0 Q 501 (1] o
Bitumen - 2 o 0 o Q 1] 131 ]
Bricks- 3 1} ] 0 [ o 1} 357
Shadows - o o o i} a o o
| | " | ' | ' '
B — " i i £ g
w
: § § ¢ & ' & £
B & = o o 3 &
4 2 w H &
§ Il o
i
=

Predicted Labed

Fig. 11 Confusion Matrix for 2D CNN

Asphalt - 681 (] 1] o o o 13 8
Meadows - a o 7 a 25 o o
Gravel - 1 1] 172 a o 1] o 37
Trees L] 2 i} L [i] o o o
Metal Sheels - L] 4] (i} Li] 135 [i] o {i]
Bare Soil - (1] 31 o (1] L] a7z o 1]
Bitumen - 2 1} o 1] 1] 1} 131 ]
Bricks - 1 1 o o L] o o 366
shadows - @ o o o i} o o
| 0 | ' | 0
= I = ] It s e w
: fF 3 P & ' FB ¢
¥ § ¢ " & ¢ : &
= @ (=}
g
=
Predicted Label

Fig. 12 Confusion Matrix for 3D CNN

31

]

Shadows -

w
@

Shadows -

1750

1250

750

- 350

- 1750

- 1500

- 1250

- 1000

- 750

- 500

- 250



True Label

Fig. 13 Confusion Matrix for SpectraEdgeNet

Asphalt - 602
Meadows - 0
Gravel - 2
Trees - 2
o
7
- Metal Sheets - o]
]
=
Bare Soil- 0
Bitumen - 5
Bricks - 23
Shadows - 1
|
o
©
2
5
<
Asphalt - 641
Meadows - 0
Gravel - 2
Trees - 4]
Metal Sheets - 0
Bare Soil - 0
Bitumen - 0
Bricks - 4
Shadows - 0
i
=
©
=
a
g

Fig. 14 Confusion Matrix for SmoothSpectralNet

'
w
B
8

°
@
1]

=

0

Meadows -

170

Gravel -

Gravel -

299

o

Trees -

305

o

Trees -

0 0
(o] 29
0 0
o 2
135 0
0 500
(o] o]
o 2
0
A 1
ﬂ =
] 3
= v
n Il
o (<]
ﬁ
=

Predicted Label

135

o

Metal Sheets -

Predicted Label

32

15

496

o

Bare Soil -

127

Bitumen -

13

o

Bitumen -

43

38

332

Bricks -

18

338

o

Bricks -

£

Shadows -

2

Shadows -

1750

1500

1250

1000

- 750

=250

1750

1500

1250

1000

- 750

- 500

-250



Asphalt - 634 0 0 0 0 7 7

Meadows - 0

Gravel- 0

Trees - 0

Metal Sheets- 0

True Label

Bare Soil- 0
Bitumen - 0
Bricks - 1
Shadows - 0
s

=

Q

2

Fig

0 201 0 0 0 0
3 0 303 0 0 0
0 0 0 135 0 0
18 0 0 0 485 0
0 0 0 0 0 132
0 -] 0 0 0 0
0 0 0 0 0 0

Meadows -
Gravel -
Trees -

Metal Sheets -
Bare Soil -
Bitumen -

Predicted Label

o

Bricks -

o

@O
v ]

Shadows -

. 15 Confusion Matrix for HyperViTNet

1750

1500

1250

& 1000

- 750

- 500

- 250

Model Accuracy and standard Kappa value
deviation
2D CNN 0.8972+0.0492 0.9121
3D CNN 0.9459+0.0388 0.9376
SpectraEdgeNet 0.9535 +0.0412 0.9411
SmoothSpectralNet 0.97615 £ 0.0319 0.9536
HyperViTNet 0.9897 + 0.0349 0.983

Table 3: Accuracy and Kappa coefficient comparison of different models for Pavia

dataset.

6.2 Hyperspectral Image Classification of Indian Pines dataset.

As discussed in the previous chapter the dataset is divided into 17 different classes and

unlabeled class is considered as class zero. The distribution of classes of Indian Pines

dataset is as follows. Fig. 16 shows classes distribution of Indian Pines dataset.
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Fig. 16 Indian Pines dataset Classes distribution.

The Indian Pines hyperspectral dataset has long been recognized as a challenging and
informative benchmark for testing hyperspectral image classification models due to its
high spectral dimensionality and the presence of spectrally similar classes. To establish a
baseline, a 2D Convolutional Neural Network (CNN) was first applied. This model,
which leverages only the spatial information while disregarding the spectral richness of
the data, achieved an average classification accuracy of 0.8767 + 0.0356 and a kappa
coefficient of 0.9215. While this result reflects a reasonably good performance, it leaves
significant room for improvement through spectral domain exploitation. Accordingly, a
3D CNN architecture was utilized to simultaneously capture both spatial and spectral
correlations inherent in hyperspectral data. This model delivered improved results with
an accuracy of 0.9184 = 0.0491 and a kappa coefficient of 0.9319, demonstrating the

advantage of incorporating the spectral dimension in the learning process.

Building on these baseline approaches three advanced models were proposed to further
enhance classification performance by optimizing the extraction and integration of
spatial-spectral features. The first, SpectraEdgeNet, combines a spatial edge-aware
filtering technique with a 3D CNN using a 9x99 \times 99x9 spatial kernel. This method
enhances edge preservation and spatial feature clarity, resulting in a classification
accuracy of 0.9401 £ 0.0493 and a kappa value of 0.9396, indicating improved boundary
delineation and inter-class discrimination. The second proposed model,

SmoothSpectralNet, introduces a Gaussian smoothing filter as a preprocessing step prior
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to the 3D CNN. This filter reduces spectral variability and noise while maintaining the
underlying spectral structure, leading to a further boost in performance with an accuracy
0f 0.9606 + 0.0387 and a kappa coefficient of 0.9517, showcasing improved spectral

continuity and model robustness.

The final and most advanced of the proposed models, HyperViTNet, fuses CNN with
Transformer-based attention mechanisms to capture both local and global features. By
combining the spatial feature extraction strengths of CNNs with the contextual reasoning
power of Transformers, HyperViTNet achieves an enhanced understanding of spatial-
spectral dependencies across the entire image. This hybrid architecture yielded the highest
performance among all methods tested on the Indian Pines dataset, with a remarkable
classification accuracy of 0.9792 + 0.0359 and a kappa coefficient of 0.9791. These
results confirm the efficacy of integrating attention-based mechanisms with traditional
deep learning techniques in achieving state-of-the-art performance in hyperspectral image

classification. Fig. 17 shows ground truth and predicted labels for Indian Pines dataset.

Prediction map for labeled data

20

100

120

1490

Fig. 17 Ground truth and one of the predicted labels of Indian Pines dataset.
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Table 4: Accuracy and Kappa comparison of different models for Indian Pines dataset.

38



Chapter 7

Conclusion and Future Work

The experimental results clearly show that the proposed models—SpectraEdgeNet,
SmoothSpectralNet, and HyperViTNet—consistently outperform conventional 2D and
3D CNNs in terms of both classification accuracy and kappa scores across standard
hyperspectral datasets like Pavia and Indian Pines. These improvements underline the
benefits of combining spatial filtering, spectral smoothing, and attention-based feature
fusion for better spatial-spectral representation learning. While the current models
achieve state-of-the-art performance, there is still scope for further enhancement. Future
work will focus on improving model accuracy even further while also reducing
computational complexity to make the models faster and more efficient. This is
particularly important for practical deployment in real-time or resource-constrained
environments. Moreover, we intend to extend the evaluation to additional and more
diverse hyperspectral datasets, which will help assess the generalization capability of the

proposed methods and fine-tune them for broader remote sensing applications.
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