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Abstract

Hyperspectral imaging has emerged as an important remote sensing technology due to

its ability to capture detailed spectral information across hundreds of contiguous wavelength

bands. This rich spatial-spectral information has enabled a wide range of real-world ap-

plications, including environmental monitoring, precision agriculture, mineral exploration,

land-cover mapping, and the assessment of greenhouse gas emissions. However, in practice,

hyperspectral data acquisition is often affected by sensor limitations, atmospheric distur-

bances, illumination changes, and transmission errors. These factors introduce different

types of noise that degrade image quality and make subsequent analysis more challeng-

ing. In addition, methane (CH4) plume detection and segmentation is difficult due to weak

spectral signatures, strong inter-band redundancy, complex backgrounds, and limited anno-

tated data. These issues motivate the need for learning-based approaches that can improve

hyperspectral image denoising (HSID) and CH4 monitoring performance. This work fo-

cuses on developing deep learning (DL) frameworks for HSID, CH4 plume segmentation,

and spatial-spectral representation (SSR) learning. The main objective is to improve hy-

perspectral image (HSI) analysis by making better use of spatial, spectral, contextual, and

frequency-domain information. The contributions are organized into three main directions.

The first contribution introduces IDEATION (hybrId 3D cnn-transformEr And spaTial-

spectral attentIon framework for hyperspectral image denOisiNg), a hybrid framework

for HSID. The proposed model integrates 3D convolutional neural networks (CNN), 3D

Transformer-based feature extraction, and 3D U-Net architecture to simultaneously capture

local spatial-spectral features and long-range contextual dependencies. A spatial-spectral

transformer (SST) block is designed to sequentially model spatial, spectral, and joint spatial-

spectral relationships, while a Global Feature Attention (GFA) module captures correlations

both within individual HSIs and across the training dataset. By combining convolutional and

attention-based learning, IDEATION effectively suppresses complex and mixed noise while

preserving spectral and structural information, leading to improved denoising performance

across multiple benchmark datasets.

The second contribution presents ALKANE (Attention-based Learning and Knowledge

i



Aggregation Network with Enhanced skip connections), an attention-based framework for

CH4 plume segmentation from hyperspectral imagery. The model integrates spatial and

spatial-frequency representations within a unified encoder-decoder structure to improve

plume localization and boundary delineation. A frequency-aware Transformer is proposed

to jointly analyze magnitude and phase information, enabling the capture of weak and

diffuse CH4 plume regions. Additionally, an Efficient Global Channel Attention (EGCA)

mechanism is used in the decoder to retain informative features while reducing redundant

spectral responses. Experiments on multiple hyperspectral CH4 datasets acquired by different

sensors show that ALKANE outperforms existing methods in all cases.

The third contribution introduces AUGMENT (supervised contrAstive learning and in-

painting for hyperspectral denoising and methane plUme seGMENTation), a unified frame-

work that combines supervised contrastive learning (SCL) with hyperspectral inpainting for

denoising and CH4 plume segmentation. The method generates multiple structured versions

of HSI data using geometric transformations and masking-based inpainting, enabling the

model to learn more meaningful SSR. By enforcing consistency across these transformed

views, AUGMENT improves representation learning (RL), especially when training data is

limited, and thereby improves performance in both denoising and segmentation tasks. It is

also designed to integrate with existing CNN and Transformer-based HSI pipelines.

Together, these contributions form a complete framework for HSI analysis through

improved denoising, CH4 plume segmentation, and RL. By addressing challenges related to

noise corruption, weak plume visibility, and limited annotated data, this work supports more

effective use of DL methods in hyperspectral remote sensing applications.

ii
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Chapter 1

Introduction

1.1 Background and Motivation

Hyperspectral imaging is an advanced sensing technology that captures information

across hundreds of contiguous spectral bands, typically spanning wavelengths from the

ultraviolet to the infrared (3). Unlike conventional RGB images, which capture information

in only three color channels, an HSI provides a detailed spectral signature for every pixel

in a scene. Consequently, HSIs preserve both spatial and spectral information, enabling

accurate characterization and discrimination of materials with similar visual appearances

but distinct spectral properties. Due to this capability, HSI has been widely adopted in

numerous applications, including remote sensing (RS) (4), environmental monitoring (5),

agriculture (6), mineral exploration (7), disaster assessment (8), medical imaging (9), and

military surveillance (10).

Despite its advantages, acquiring HSI data is highly susceptible to various sources of

degradation. Sensor imperfections, atmospheric interference, calibration errors, limited il-

lumination, and transmission disturbances often introduce various types of noise, including

Gaussian noise, impulse noise, stripes, dead pixels, and mixed noise (11). These degra-

dations significantly distort the intrinsic spectral-spatial structure of HSIs and adversely

affect the performance of downstream applications, including classification, target detec-

tion, reconstruction, and segmentation (4; 12). As a result, HSID has become an essential

preprocessing step to recover meaningful information from corrupted data. This step is
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particularly important because even small distortions in spectral signatures can propagate

through subsequent processing stages, reducing the reliability of higher-level analysis.

Among the many applications of HSI, environmental monitoring has gained significant

attention due to growing concerns regarding climate change and greenhouse gas emissions

(13). Methane (CH4) is recognized as one of the most influential greenhouse gases con-

tributing to global warming (14). It is emitted from both natural sources, such as wetlands

and oceans, and human-driven activities, including agriculture, fossil-fuel extraction, coal

mining, and waste management (15; 16; 17). Although CH4 remains in the atmosphere for

a shorter duration than carbon dioxide, its global warming potential over a 20-year period

is approximately 81 times greater than that of CO2 (18; 19). Recent studies estimate that

CH4 is responsible for nearly 30% of current global warming, making its rapid mitigation

one of the most effective strategies for slowing near-term climate change (20). In response

to this urgency, around 160 countries have joined the Global Methane Pledge, committing

to reduce CH4 emissions by at least 30% from 2020 levels by 2030 (21).

Achieving these emission-reduction targets requires accurate monitoring systems capable

of detecting CH4 leaks and delineating plume boundaries over large geographical regions.

In this context, HSI has emerged as a valuable remote sensing technology because its

high spectral resolution enables the identification of CH4 absorption features that are often

invisible in conventional imagery (22; 23; 24). CH4 plume segmentation from HSI plays an

important role in environmental surveillance, leak localization, and emission quantification.

However, this task remains difficult in practice due to weak, diffuse plume signals, complex,

heterogeneous backgrounds, and high spectral redundancy arising from strong inter-band

correlations (25; 26; 27).

Recent developments in DL have substantially improved the performance of both HSI

denoising and CH4 plume segmentation. Nevertheless, the effectiveness of these approaches

is often constrained by the limited availability of annotated hyperspectral datasets (28;

29). Acquiring large-scale labeled HSI data is expensive, time-consuming, and frequently

impractical, particularly for CH4 plume monitoring (30; 31). Consequently, many models

struggle to fully learn general spectral–spatial patterns, which affects their performance

when conditions change across sensors, environments, or acquisition settings.
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Figure 1.1: Overview of the key contributions of the thesis.

1.2 Thesis Contributions

This research addresses key challenges in HSID and CH4 plume segmentation by de-

signing DL frameworks specifically designed for hyperspectral data. The proposed studies

explore SSR learning, long-range dependency modeling, frequency-aware feature extraction,

and SCL to better utilize the rich information contained in HSIs, particularly in scenarios

with limited annotated data. As illustrated in Figure 1.1, the research is organized into three

major contributions, each addressing a different aspect of HSI analysis and CH4 emission

monitoring. The contributions are summarized as follows:

1.2.1 Contribution 1: Hybrid 3D CNN-Transformer and Spatial–Spectral

Attention Framework for Hyperspectral Image Denoising

The first contribution addresses HSID, an essential preprocessing step for many HSI

analysis applications. Although recent DL approaches have shown notable progress in re-

ducing noise, preserving subtle spectral characteristics while effectively utilizing the rich

spatial–spectral information in HSIs remains challenging. Moreover, hyperspectral data ex-

hibit complex relationships across both spatial and spectral dimensions, making it important
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to capture local structures as well as long-range dependencies (LRD) during denoising.

Research Gaps: Existing HSI denoising methods predominantly rely on either convolutional

operations or attention-based mechanisms. CNN-based approaches effectively capture local

spectral-spatial features but have limited capability in modeling long-range dependencies

(32), whereas Vision Transformer (ViT) based methods capture global interactions through

self-attention (SA) (33) but may not adequately preserve local details and typically focus on

relationships within individual samples rather than across the dataset (34). In addition, many

existing methods treat spatial and spectral information separately without explicitly modeling

their joint interactions. These limitations motivate the development of a unified denoising

framework that can simultaneously leverage local and global spatial-spectral details while

preserving structural image integrity under diverse noise conditions.

Thesis Contributions: To address these challenges, we propose IDEATION, a hybrid

framework that combines 3D CNN, a 3D UNet architecture, and a 3D Transformer for

HSID. The architecture jointly exploits local spectral–spatial patterns and long-range con-

textual dependencies while preserving the structural integrity of HSI data through multi-scale

encoder-decoder feature fusion. In addition, we introduce a novel Spatial-Spectral Cubic

Transformer (SSCformer), which models spatial, spectral, and joint spatial-spectral rela-

tionships using the proposed GFA mechanism. Unlike conventional SA, which captures

dependencies within a single sample, GFA leverages correlations across the training dataset

to learn representations consistent with the underlying noise characteristics of HSI data

acquired by the same sensing device. By jointly modeling intra-image and inter-image

relationships, the proposed framework facilitates richer spatial-spectral feature learning and

improves HSID. The main contributions of this work are summarized as follows:

• We propose IDEATION, a hybrid framework for HSID that integrates 3D CNNs, a

3D U-Net with encoder-decoder skip connections, and a 3D Transformer to jointly ex-

ploit local spatial-spectral information and long-range contextual dependencies while

preserving the structural integrity and fine details of HSI data.

• We introduce the Spatial-Spectral Cubic Transformer (SSCformer), which sequen-

tially models spatial, spectral, and joint spatial-spectral relationships. In addition,
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learnable weighting parameters are incorporated to adaptively balance spatial and

spectral information according to the characteristics of the input data.

• We design a GFA module that captures correlations not only within individual HSIs

but also across the training dataset, enabling the model to learn more informative

representations for HSID.

• We conduct extensive experiments on benchmark datasets under various noise settings,

demonstrating that the proposed framework consistently achieves competitive perfor-

mance in both quantitative evaluations and qualitative visual assessments compared

with existing state-of-the-art methods.

Together, these contributions present a unified framework for HSID that exploits spa-

tial–spectral information and models both local and long-range dependencies. By preserving

structural details and spectral characteristics across diverse noise conditions, the proposed

approach facilitates improved HSI restoration.

1.2.2 Contribution 2: Frequency-Aware Transformer and Enhanced

Skip Connections for Hyperspectral Methane Plume Segmenta-

tion

The second contribution focuses on CH4 plume segmentation from hyperspectral im-

agery, an important task for environmental monitoring, greenhouse gas emission assessment,

and climate-change mitigation. While recent DL methods have improved plume detection

performance, accurately delineating CH4 plumes remains challenging due to weak spec-

tral signatures, diffuse plume boundaries, complex background interference, and the high

spectral redundancy inherent in hyperspectral data.

Research Gaps: Existing CH4 plume segmentation methods primarly rely on CNN- or

Transformer-based architecture. CNNs are effective at extracting local spatial features but

have limited ability to capture long-range contextual dependencies, whereas Transformer-

based approaches model global interactions through SA but may not adequately preserve
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local structural details and boundary continuity that are essential for accurate plume delin-

eation (35). Moreover, existing methods operate predominantly in the spatial domain and

do not explicitly exploit complementary frequency-domain information, which can aid in

distinguishing weak plume signatures from complex backgrounds (36). In addition, en-

coder–decoder frameworks commonly employ direct skip connections that transfer raw HSI

features from the encoder to the decoder without accounting for spectral redundancy or

noise arising from highly correlated bands (37). These limitations motivate the development

of a framework that jointly leverages spatial and spatial-frequency representations while

selectively propagating informative spectral features to improve CH4 plume segmentation.

Thesis Contributions: To address these challenges, we propose ALKANE, an attention-

based framework for hyperspectral CH4 plume segmentation that combines spatial and

spatial–frequency analysis within a unified encoder-decoder architecture. The proposed

framework introduces a Spatial Frequency Transformer (SFT), which replaces conventional

SA with an Adaptive Spatial Frequency Integration (ASFI) mechanism to jointly model

spatial structures and complementary spatial–frequency information derived from magnitude

and phase components. This design enables more effective characterization of weak and

diffuse CH4 plumes while maintaining boundary continuity. In addition, we incorporate an

EGCA module into the skip connections to selectively propagate spectrally informative and

spatially relevant features while suppressing redundant or noise-dominated channels. The

main contributions of this work are summarized as follows:

• We propose ALKANE, an attention-based encoder-decoder framework for hyperspec-

tral CH4 plume segmentation that jointly exploits spatial and spatial-frequency repre-

sentations to improve plume localization and boundary delineation.

• We introduce an SFT equipped with an ASFI mechanism that combines spatial features

with magnitude- and phase-based frequency information, enabling complementary

representation learning for CH4 plume segmentation.

• We design an EGCA module for the skip connections that selectively emphasizes

spectrally informative and spatially relevant features while suppressing redundant or

noise-dominated channels prior to feature fusion.
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• We perform extensive evaluations on multiple publicly available CH4 plume datasets

acquired from different hyperspectral sensors and sensing environments, demonstrat-

ing the robustness, generalization capability, and better segmentation performance of

the proposed framework compared with existing state-of-the-art methods.

Together, these contributions establish a unified attention-driven framework that inte-

grates spatial and spatial–frequency representations for hyperspectral CH4 plume segmen-

tation. By combining complementary feature cues and refining feature propagation during

decoding, the proposed approach improves plume localization and boundary delineation

across diverse hyperspectral datasets.

1.2.3 Contribution 3: Supervised Contrastive Learning and Inpainting

for Hyperspectral Denoising and Methane Plume Segmentation

The third contribution focuses on SCL and inpainting-based representation learning for

HSID and CH4 plume segmentation. Although recent DL methods have shown promising

results in both tasks, they performance is often limited by the scarcity of annotated HSI data

and their reliance on task-specific optimization objectives, which may restrict the learning

of meaningful spatial-spectral representations (38).

Research Gaps: Existing HSID methods primarily optimize reconstruction losses, while

CH4 plume segmentation approaches mainly rely on segmentation objectives. Consequently,

the learned representations may not fully capture the intrinsic spatial-spectral characteristics

of HSI data. Moreover, the limited availability of annotated HSIs further complicates

training DL models (39). Although CL has shown promise for RL, its application to HSI

analysis remains unexplored (40). In particular, existing approaches typically depend on both

positive and negative sample pairs, whereas the use of positive-only SCL with structured

augmentations has received little attention (41; 42; 43; 44; 45). Likewise, image inpainting

has been extensively studied for recovering missing regions but has rarely been explored as

an auxiliary task for generating informative positive views and enhancing RL in HSID and

downstream CH4 plume segmentation (46; 47; 48). These observations highlight the need

for a unified framework that can leverage SCL and inpainting to strengthen SSR learning and
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better utilize the available training data for both HSI denoising and CH4 plume segmentation

(49).

Thesis Contributions: To address these challenges, we propose AUGMENT, a unified frame-

work that integrates positive-only SCL with HSI inpainting to enhance SSR learning under

limited training data (LTD). The framework employs inpainting and geometric transfor-

mations to generate structured positive views, enabling the model to learn contextual and

spectral relationships without relying on negative sample pairs while supporting improved

denoising and CH4 plume segmentation. The specific contributions are as follows:

• We propose AUGMENT, a unified framework that incorporates SCL to enhance SSR

learning. The framework can be integrated with existing HSI denoising and CH4

plume segmentation pipelines, enabling the extraction of meaningful features from

noisy hyperspectral data for both image denoising and plume delineation tasks.

• We introduce an inpainting-based augmentation strategy within the SCL framework to

generate structured variations of HSIs. By encouraging consistency across transformed

views, the proposed strategy promotes the learning of contextual spatial-spectral rela-

tionships and improves feature representation under LTD conditions.

• We demonstrate that AUGMENT can be seamlessly incorporated into existing HSID

and CH4 plume segmentation methods, thereby improving LTD-based learning across

multiple datasets.

Together, these contributions establish a unified RL framework that enhances spa-

tial–spectral feature discrimination, improves robustness under LTD, and benefits both HSID

and CH4 plume segmentation.

1.3 Thesis Organization

This thesis is organized into six chapters, each addressing a distinct aspect of HSI analy-

sis, including HSI denoising, CH4 plume segmentation, and spatial-spectral representation

learning using SCL and inpainting.
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• Chapter 1 (the current chapter) presents the background and motivation for this re-

search. It discusses the significance of hyperspectral imaging, the challenges associ-

ated with HSI degradation and CH4 emission monitoring, and the need for advanced

learning frameworks for HSI analysis.

• Chapter 2 provides a comprehensive review of the existing literature related to HSID,

CH4 plume segmentation, SCL, and inpainting-based representation learning. The

chapter highlights the strengths and limitations of current approaches and identifies

the research gaps addressed in this work.

• Chapter 3 presents IDEATION, a hybrid framework for HSI denoising that combines

3D CNNs, a 3D U-Net, and a 3D Transformer to jointly model local spatial-spectral

characteristics and long-range contextual dependencies.

• Chapter 4 introduces ALKANE, an attention-driven framework for CH4 plume segmen-

tation from hyperspectral imagery. The proposed method integrates spatial and spatial-

frequency representations through a frequency-aware Transformer and enhanced fea-

ture fusion mechanisms to improve plume localization and boundary delineation under

diverse sensing conditions.

• Chapter 5 introduces AUGMENT, a unified framework that integrates SCL and HSI

inpainting to generate informative training samples and enhance spatial-spectral repre-

sentation learning. The proposed approach is designed to be incorporated into existing

HSI denoising and CH4 plume segmentation methods, particularly in scenarios with

limited training data.

• Chapter 6 concludes the thesis by summarizing the major contributions and findings

of the proposed frameworks. The chapter discusses their implications for HSI analysis

and CH4 emission monitoring, and outlines potential directions for future research.
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Chapter 2

Literature Survey

This chapter reviews the existing literature relevant to HSI denoising, CH4 plume seg-

mentation, and SCL with inpainting-based representation learning. The review covers

traditional, DL, and transformer-based methods for HSID, followed by recent developments

in CH4 plume detection and segmentation using HSI. Furthermore, studies on SCL and

inpainting-based learning strategies are discussed to examine their potential for improving

spatial-spectral feature representation under limited training data conditions. The objective

of this review is to summarize the current state of the art, identify existing challenges and

limitations, and establish the motivation for the frameworks proposed in the subsequent

chapters.

2.1 Hyperspectral Image Denoising

2.1.1 Traditional Methods for Hyperspectral Image Denoising

Early HSI denoising approaches were predominantly based on model-driven optimization

techniques that exploit handcrafted priors and the intrinsic characteristics of hyperspectral

data. These methods generally formulate denoising as an inverse problem and solve it

through iterative optimization procedures (47; 50; 51). Since HSIs exhibit strong spec-

tral correlations and spatial redundancies, many traditional techniques utilize low-rank and

sparse representations to recover clean images from noisy observations. Among the repre-
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sentative methods, BM4D (52), an extension of BM3D (53), exploits nonlocal self-similarity

by grouping similar spatial-spectral cubes and performing collaborative filtering in a trans-

form domain. Similarly, LLRT (54) integrates a hyper-Laplacian prior with low-rank tensor

modeling to preserve spectral structures while suppressing noise. NGMeet (55) further com-

bines low-rank Tucker decomposition with matrix rank minimization to jointly exploit global

spectral correlations and nonlocal spatial similarities. These approaches have demonstrated

promising denoising capabilities, particularly under relatively simple noise conditions.

Despite their effectiveness, traditional methods often rely on carefully designed priors

and multiple manually tuned hyperparameters. Their performance can degrade significantly

in complex or mixed-noise scenarios commonly encountered in real-world HSI (56). More-

over, the iterative optimization procedures involved in these methods are computationally

expensive, limiting their practicality for large-scale applications.

2.1.2 CNN Methods for Hyperspectral Image Denoising

The remarkable success of DL in computer vision (CV) has motivated the adoption of

CNNs for HSID (57). Unlike traditional approaches, CNN-based methods learn data-driven

mappings directly from noisy observations to clean images, eliminating the need for hand-

crafted priors and complex optimization procedures. Initial CNN-based denoising models

were largely inspired by conventional 2D image restoration techniques. For example, GRNet

(58) employs multiple sequential CNN modules to extract local and global spatial-spectral

features for noise removal. T3SC (59) formulates hyperspectral denoising as a trainable

sparse coding problem and achieves better performance than many traditional approaches.

However, because HSIs inherently possess three-dimensional structures comprising two

spatial dimensions and one spectral dimension, 3D convolutional operations are generally

more suitable for modeling spectral-spatial relationships. In this direction, HSID-CNN (11)

combines 2D and 3D convolutional branches to capture spatial and spectral information sep-

arately. Subsequently, QRNN3D (60) further improves denoising performance by employing

3D convolutional operations to jointly model spatial and spectral dependencies.

Although CNN-based methods have significantly advanced HSI denoising, their receptive
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fields remain inherently local. Consequently, capturing long-range dependencies and global

contextual information remains challenging, particularly when complex spectral structures

extend across distant regions of the image (61).

2.1.3 Transformer Methods for Hyperspectral Image Denoising

To overcome the limited receptive field of CNNs, transformer architectures have recently

attracted considerable attention in HSID. Originally introduced for natural language process-

ing (NLP) (62), transformers employ SA mechanisms that enable the modeling of long-range

relationships and global contextual dependencies. The success of the ViT (63) has inspired

numerous transformer-based approaches in CV and RS (64). By partitioning images into

patches and establishing relationships among them using SA, transformers can effectively

capture global information that CNNs often struggle to model (65). However, directly ap-

plying conventional 2D transformers to HSIs may disrupt the inherent three-dimensional

spectral-spatial structure, potentially weakening spectral consistency across bands.

To address this challenge, several transformer-based denoising frameworks have been

developed specifically for HSIs. SSTD (66) explores both local and global spectral-spatial

dependencies using transformer modules. SST (65) employs spatial and spectral attention

mechanisms to exploit correlations across both domains for effective denoising. Similarly,

(32) introduces a spectral enhancement strategy alongside SA modules to improve feature

representation and noise suppression. Despite their strong ability to capture global depen-

dencies, transformer-based approaches exhibit several limitations. SA mechanisms primarily

focus on pairwise relationships within individual samples and may overlook broader inter-

sample correlations present across the training dataset (34). Furthermore, many existing

methods either emphasize spatial and spectral information separately or lack an effective

mechanism to adaptively balance the contributions of both domains. In addition, transformer

architectures may not adequately preserve fine-grained local details, which remain important

for accurate HSI reconstruction (56).

These limitations motivate the development of a DL framework that jointly exploits

local spectral-spatial representations and global contextual information while effectively
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balancing their contributions for improved HSI denoising.

2.2 Methane Plume Segmentation

2.2.1 Traditional Methods for Methane Plume Segmentation

Early CH4 plume detection approaches primarily relied on physics-based and statistical

techniques that exploit the characteristic absorption signatures of CH4 in hyperspectral

imagery. Representative methods include matched filtering (67), Iterative Maximum A

Posteriori Differential Optical Absorption Spectroscopy (IMAP-DOAS) (68), and ratio-

based products (69). These techniques enhance methane-related spectral responses by

comparing observed spectra against predefined CH4 absorption patterns and background

characteristics.

Although such methods have demonstrated effectiveness in controlled environments,

their performance is often affected by spectral interference arising from surface materi-

als, atmospheric constituents, and illumination variations. Consequently, they frequently

produce false detections in complex scenes and exhibit limited adaptability across diverse

environmental conditions. To improve reliability, manual inspection is commonly employed;

however, this process becomes impractical when processing large-scale airborne or satellite

datasets (31). Furthermore, methods such as IMAP-DOAS often rely on integrating airborne

and ground-based measurements, which limits their scalability for operational, continuous

CH4 monitoring applications.

2.2.2 CNN-Based Methods for Methane Plume Segmentation

The limitations of traditional techniques have motivated the adoption of DL approaches

for CH4 plume segmentation. CNNs have emerged as a popular choice due to their ability

to automatically learn discriminative spatial features directly from data. MethaNet (70)

and CH4Net (71) employ CNN-based architectures trained on simulated plume datasets

to identify CH4 emission regions. Subsequently, U-Plume (72) and HyperSTARCOP (31)

further improved segmentation performance by incorporating encoder-decoder architectures
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and multi-scale feature extraction.

These methods benefit from the strong local feature learning capability of convolutional

operations and achieve substantial improvements over traditional approaches. Nevertheless,

CNNs inherently possess a limited receptive field, making it challenging to capture long-

range contextual dependencies that are often important for accurately delineating plume

boundaries under heterogeneous backgrounds. As a result, segmentation performance may

degrade in scenarios involving weak plumes, cluttered environments, or spectrally complex

scenes (25; 26; 27).

2.2.3 Transformer-Based Methods for Methane Plume Segmentation

To overcome the restricted contextual modeling capability of CNNs, transformer ar-

chitectures have recently been introduced for CH4 plume segmentation. By employing SA

mechanisms, transformers can model long-range relationships and global interactions across

an image, thereby improving the representation of extended plume structures. Gasformer

(35) utilizes transformer-based feature extraction to capture global contextual information

relevant to CH4 plume detection. Similarly, MethaneMapper (73) incorporates spectral-

aware transformer modules to better exploit the spectral characteristics of CH4 signatures.

Moreover, transformer-based segmentation frameworks developed in CV have demonstrated

the effectiveness of attention mechanisms for dense prediction tasks (74; 75).

Despite these advances, most existing transformer-based approaches rely predominantly

on spatial-domain SA. While effective for modeling global relationships, such mechanisms

do not explicitly exploit frequency-domain information that can provide complementary

cues regarding texture, structural consistency, and boundary characteristics. Consequently,

the delineation of plume boundaries remains challenging, particularly when plume regions

exhibit low contrast or are embedded within complex backgrounds (76).

2.2.4 Frequency-based Segmentation Methods

Recognizing the importance of frequency information, recent studies have explored the

integration of frequency-domain representations into CH4 plume segmentation frameworks.
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Among these, FSDINet (77) introduces a dual-domain strategy that jointly extracts features

from both spatial and frequency representations. By leveraging multi-scale analysis, the

method demonstrates improved plume structures and enhanced robustness under challenging

conditions. However, FSDINet is primarily built upon CNN architectures, which may limit

its ability to model long-range dependencies and global interactions between spatial and

frequency-domain features. As a result, maintaining boundary consistency and capturing

complex plume patterns across large spatial extents remains challenging.

Additionally, channel-attention mechanisms have been extensively investigated to im-

prove feature discrimination and information selection. For example, ECA-Net (78) in-

troduces a lightweight attention mechanism that captures local inter-channel dependencies

using adaptive one-dimensional convolution without significantly increasing computational

complexity. Such attention strategies have shown considerable success in enhancing feature

representation while maintaining efficiency. Despite the progress achieved by recent CNN-

and transformer-based approaches, several challenges remain unresolved. Traditional meth-

ods struggle to generalize across diverse environmental conditions and often suffer from high

false alarm rates. CNN-based models are effective at learning local spatial patterns but have

limited capability to capture long-range contextual dependencies (79). Transformer-based

methods address this limitation through SA mechanisms; however, existing approaches

operate primarily in the spatial domain and do not explicitly exploit frequency-domain

characteristics that can provide valuable information for plume localization and boundary

delineation.

Furthermore, effectively integrating spatial and frequency-domain information while

maintaining computational efficiency remains challenging. These limitations highlight the

need for a unified framework that can jointly model local and global dependencies, leverage

complementary spatial and frequency representations, and improve CH4 plume segmentation

performance across varying sensing conditions and scene complexities.
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2.3 Supervised Contrastive Learning and Inpainting-based

Hyperspectral Image Denoising and Segmentation

2.3.1 Hyperspectral Image Denoising

HSI denoising is a fundamental preprocessing step that aims to remove sensor- and

environment-induced degradations while preserving the underlying spectral-spatial informa-

tion. Existing denoising techniques can be broadly categorized into traditional model-based

approaches and DL-based methods. Traditional denoising methods (47; 50; 80; 81) typically

rely on handcrafted priors and iterative optimization strategies. These approaches exploit

the intrinsic redundancy and correlation present across spatial and spectral dimensions of

HSIs. For example, low-rank representation techniques (54; 82) model hyperspectral data

as low-dimensional structures embedded in high-dimensional spaces, thereby facilitating

noise suppression while preserving essential image content. Similarly, NGMeet (55) com-

bines global spectral low-rank characteristics with spatial nonlocal self-similarity to improve

restoration quality. Furthermore, (80) used Tucker decomposition to explicitly capture low-

rank structures across spatial and spectral dimensions, while (83) proposed the DECSC

framework that jointly exploits local spatial-spectral correlations, nonlocal self-similarities,

and global spatial consistency. Despite their effectiveness, these methods often struggle

under complex and mixed-noise conditions due to their reliance on predefined priors and

manually tuned hyperparameters.

To address these limitations, DL-based approaches have gained significant attention for

their ability to learn hierarchical feature representations directly from data. Early CNN-

based methods demonstrated promising performance by exploiting spatial-spectral informa-

tion through convolutional operations. HSID-CNN (11) employed residual convolutional

networks to extract spectral-spatial features for denoising. Similarly, (58) utilized cascaded

convolutional architectures to capture local and global correlations, while QRNN3D (60)

incorporated quasi-recurrent neural networks to model long-range dependencies in hyper-

spectral data. T3SC (59) further combined trainable sparse coding with deep neural networks

(DNN) to enhance denoising capability.
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Recently, transformer architectures (62) have emerged as a powerful alternative due to

their ability to model long-range dependencies through SA mechanisms. Inspired by the

success of ViT (63), several transformer-based denoising methods have been developed for

hyperspectral imagery. SST (65) employs attention mechanisms to jointly capture spatial

and spectral similarities, whereas (32) integrates SA with spectral enhancement modules

to learn discriminative hyperspectral representations. More recently, (84; 85), and (61)

demonstrated that transformer-based architectures can effectively capture complex spectral-

spatial interactions and improve denoising performance. Nevertheless, the effectiveness of

these DL methods remains constrained by the limited availability of annotated hyperspectral

datasets, which impedes the learning of robust, generalized representations.

2.3.2 Methane Plume Segmentation

CH4 plume segmentation plays a crucial role in environmental monitoring and green-

house gas emission assessment. Early CH4 detection and segmentation methods relied

primarily on physically motivated models and spectral matching techniques. Approaches

such as matched filtering (67), IMAP-DOAS (68), and ratio-product-based methods (69)

utilize prior knowledge of CH4 absorption characteristics to enhance plume visibility. Al-

though these techniques have demonstrated effectiveness in controlled scenarios, they often

suffer from false detections caused by atmospheric variability, surface reflectance changes,

and spectral interference from other gases. Moreover, their dependence on handcrafted pro-

cessing pipelines limits their adaptability to diverse environmental conditions and large-scale

monitoring applications.

The limitations of traditional approaches have motivated the adoption of DL tech-

niques for CH4 plume segmentation. CNN-based methods such as MethaNet (70), CH4Net

(71), U-Plume (72), and HyperSTARCOP (31) leverage convolutional architectures to learn

plume-related spatial patterns directly from data. These approaches have achieved improved

segmentation performance by exploiting local spatial features and contextual information.

However, the locality of convolution operations restricts their ability to capture long-range

dependencies and global contextual relationships, which are often important for delineating
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plume boundaries in complex scenes. To overcome these limitations, transformer-based

segmentation methods have recently been explored. Gasformer (35) utilizes transformer en-

coders to model long-range contextual interactions, while MethaneMapper (73) incorporates

spectral-aware transformer modules to improve plume representation learning (RL). Further-

more, recent advances in CV segmentation (74; 75) have demonstrated the effectiveness of

attention mechanisms for capturing global context. However, most existing CH4 plume

segmentation approaches primarily focus on spatial-domain analysis and do not explicitly

exploit complementary frequency-domain information that may assist in plume localization

and boundary refinement.

Recognizing this limitation, FSDINet (77) introduced a frequency-aware framework that

jointly analyzes spatial and frequency-domain representations using a CNN. By incorpo-

rating frequency information, the method improves plume segmentation performance and

boundary delineation. Nevertheless, its reliance on convolutional operations limits its ability

to model global dependencies and long-range interactions across spatial and spectral dimen-

sions. Consequently, there remains a need for approaches that can effectively integrate

local features, global contextual information, and complementary representations to achieve

robust CH4 plume segmentation under diverse sensing conditions.

2.3.3 Contrastive Learning

CL has emerged as an effective RL paradigm that aims to maximize the similarity between

related samples while simultaneously increasing the separation between unrelated samples

in the feature space (40). Through this objective, CL enables models to learn discriminative

and robust representations without requiring extensive supervision. SCL extends this con-

cept by incorporating class-label information during optimization (86). Instead of treating

each sample independently, SCL encourages representations belonging to the same class to

cluster together while separating samples from different classes. This additional supervision

allows the learned features to exhibit stronger semantic consistency and improved discrimi-

native power. Several CL frameworks, including SimCLR (87), MoCo (88), GenSCL (89),

and SPTA (90), utilize both positive and negative sample pairs to learn meaningful repre-
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sentations. In contrast, approaches such as BYOL (91) and ALPINE (45) demonstrate that

effective representations can also be obtained using only positive sample relationships. Pre-

vious studies have shown that CL improves feature discrimination, robustness to noise, and

generalization under limited-data conditions (49). These advantages have led to successful

applications across various CV tasks, including classification, segmentation, and RL.

Despite these successes, the potential of CL for HSI analysis remains relatively underex-

plored. In particular, mostly HSI denoising methods rely on reconstruction objectives, while

CH4 plume segmentation approaches primarily focus on segmentation losses. As a result,

the learned representations may not fully exploit the intrinsic spatial-spectral relationships

present within HSI data.

2.3.4 Inpainting

Inpainting aims to reconstruct missing or corrupted regions by exploiting contextual

information from the surrounding pixels. Traditional inpainting approaches primarily rely

on diffusion-based and patch-matching techniques, where missing regions are filled using

local spatial continuity or nonlocal similarities (46; 92). Although effective for natural

images with small occlusions, these methods often struggle to preserve complex spatial

structures and spectral consistency in hyperspectral imagery. Recent advances in DL have

significantly improved inpainting performance by enabling models to learn semantic and

contextual representations directly from data. CNN-based methods (93; 94) employ encoder-

decoder architectures to infer missing content from neighboring regions. In the context of

HSI, inpainting has been explored for recovering missing bands, dead pixels, and corrupted

regions by leveraging spectral-spatial correlations across neighboring pixels and spectral

channels (2). These studies demonstrate that inpainting can effectively exploit contextual

information and improve RL.

Beyond image restoration, recent work has shown that masking and inpainting strategies

can play an important role in self-supervised learning (SSL) by creating structured pertur-

bations of the input data (95). By requiring the model to reconstruct the masked regions, the

learned representations become more robust and semantically meaningful. Despite these
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advantages, the integration of inpainting within SCL frameworks for HSID and CH4 plume

segmentation remains unexplored. Despite the success of CL in RL, its application to HSI

analysis remains relatively limited. Furthermore, although masking and inpainting strate-

gies have recently shown promise for learning robust visual representations, their integration

with SCL for HSI analysis has received less attention. Consequently, the learned represen-

tations may not fully exploit the intrinsic spatial-spectral relationships present in HSI data,

particularly under limited training data conditions.
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Chapter 3

Hybrid 3D CNN–Transformer and
Spatial–Spectral Attention Framework

for Hyperspectral Image Denoising

3.1 Introduction

DL has significantly advanced the field of HSI analysis by enabling data-driven modeling

of complex spatial–spectral relationships. In particular, HSID has witnessed substantial

improvements through the use of DNN, which are capable of learning hierarchical feature

representations for effective noise suppression (11; 58; 60). CNNs have been extensively

explored for HSID due to their ability to capture local spatial–spectral structures by leveraging

neighborhood information across both spatial and spectral dimensions (11). To further

enhance reconstruction quality, several methods incorporate U-Net (96) based architectures,

which are widely adopted for image restoration tasks. The encoder–decoder structure

of U-Net, combined with skip connections, facilitates multi-scale feature aggregation while

preserving fine-grained structural details that may otherwise be degraded during the encoding

process (58).

Despite these advantages, CNN-based methods are inherently constrained by their local

receptive fields, which restrict their ability to capture long-range dependencies present in
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HSI data (97). To overcome this limitation, Transformer-based models have been intro-

duced, leveraging SA mechanisms to model global contextual relationships across spatial

and spectral dimensions (62; 63). Although these models enhance the representation of

long-range interactions, conventional SA mechanisms operate on individual samples and do

not explicitly capture correlations across different samples within a dataset (34). In HSID,

such inter-sample correlations are significant, as data acquired under similar conditions often

exhibit shared noise characteristics and statistical distributions. Ignoring these dependencies

can reduce the effectiveness of the learned representations and impact denoising quality.

Furthermore, existing spatial–spectral approaches often treat spatial and spectral atten-

tion independently, without explicitly modeling their joint interactions (65). However, HSI

data inherently exhibits strong coupling between spatial and spectral dimensions, requir-

ing a unified representation that can simultaneously capture both aspects while adapting to

data-specific characteristics. As a result, current methods face challenges in jointly pre-

serving fine-grained local details, modeling global contextual information, and exploiting

inter-sample correlations. To overcome these limitations, this chapter proposes a unified DL

method that integrates complementary learning paradigms for HSID. The key contributions

of the proposed methodology are summarized as follows:

• A hybrid HSID framework that integrates 3D CNNs, 3D Transformer-based encoders,

and 3D U-Net architecture to jointly capture local spatial–spectral features and global

contextual dependencies.

• A spatial–spectral Transformer block that sequentially models spatial, spectral, and

joint dependencies for enhanced feature representation.

• A GFA mechanism that captures correlations not only within individual HSIs but also

across samples in the dataset, enabling data-driven feature learning.

• A unified framework designed to handle complex and mixed noise conditions while

supporting improved performance in downstream hyperspectral analysis tasks.
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Figure 3.1: Overview of our proposed method, IDEATION.

3.2 Proposed Methodology

In this chapter, we presentIDEATION (hybrId 3D cnn–transformEr And spaTial–spectral

attentIon framework for hyperspectral image denOisiNg), a unified DL method designed for

HSID. The design of the proposed method is motivated by the inherent properties of HSI

data, where relevant information is distributed jointly across spatial and spectral dimensions,

and noise often follows structured patterns across samples acquired under similar imaging

conditions (11). Existing methods generally focus on either local spatial–spectral feature

extraction or global contextual modeling, but do not effectively integrate these aspects

within a single framework. In addition, inter-sample relationships, which are important

in HSI data due to shared acquisition characteristics, are often not explicitly considered

(82; 98). To address these limitations, IDEATION combines 3D CNN-based feature ex-

traction, Transformer-based global representation learning, and a dataset-aware attention

mechanism within a unified architecture.

In the standard ViT framework (63), the input is typically a 2D image denoted as

X ∈ Rℎ×𝑤×𝑠, where ℎ, 𝑤, and 𝑠 correspond to the height, width, and number of channels,

respectively. The input image is divided into 𝑁 non-overlapping patches, where each patch is
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Figure 3.2: Illustration of the proposed SSCformer block incorporating the GFA module.
The input feature representations are sequentially reordered, normalized, and processed
through GFA modules, in which learnable weighting parameters (𝛼1 and 𝛼2) govern feature
aggregation. The GFA module employs multi-head attention to model spatial, spectral, and
joint spatial-spectral relationships, thereby enhancing feature representation.

flattened into a vector representation x𝑘 ∈ R𝑁×(𝑘
2·𝑠) . Here, each patch has a dimensionality

of 𝑘2 · 𝑠, and the total number of patches is given by ℎ·𝑤
𝑘2·𝑠 .

In contrast, HSID involves volumetric data, where the input is represented as X ∈

Rℎ×𝑤×𝑠×𝑑 . In this representation, 𝑑 denotes the number of spectral bands, and for the

considered HSIs, 𝑠 = 1 since each spectral band contains a single channel. Extending the

ViT formulation to this setting, the 3D input is partitioned into non-overlapping cubical

patches, denoted as x𝑘 ∈ R𝑁×𝑘
3 , where each patch has dimensions 𝑘 × 𝑘 × 𝑘 . The total

number of such patches is computed as ℎ·𝑤·𝑑
𝑘3 . Each cubical patch is subsequently flattened

and projected into a higher-dimensional embedding space of dimension 𝐷 using a learnable

linear transformation represented by E ∈ R𝑘
3×𝐷 . To preserve positional information, a

learnable positional embedding e𝑝𝑒 ∈ R𝑁×𝐷 is added to the projected features. The resulting

embedded representation is given by:

z0
𝑘 = x𝑘E + epe (3.1)

This stage completes the preprocessing of HSIs before they are passed to a sequence of

SSCformer blocks. The SSCformer serves as the core component of the proposed framework,
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Figure 3.3: HSIs are divided into 16×16×16 patches. The red patch is the focus, with green
patches assessed for spectral correlation and orange patches for spatial correlation. Weights
𝛼1 and 𝛼2 combine spatial and spectral correlations respectively to enhance the red patch,
which is then examined with blue patches for inter-domain correlations.

responsible for learning expressive feature representations from hyperspectral data (detailed

in Section 3.2.1). It leverages multiple attention operations through the proposed GFA

mechanism to capture meaningful correlations and generate informative feature embeddings.

A detailed description of GFA is provided in Section 3.2.2. The refined features produced

by the SSCformer are subsequently fed into a U-Net architecture for the final denoising task.

In the modified U-Net design, the encoder receives inputs from selected SSCformer

blocks. Specifically, outputs are extracted from every 𝑗 th block starting from the 𝑖th block,

denoted as 𝑦𝑖, 𝑦𝑖+ 𝑗 , 𝑦𝑖+2 𝑗 , and 𝑦𝑖+3 𝑗 . In this work, the values 𝑖 = 3 and 𝑗 = 3 are adopted.

These feature maps are reshaped to the size
(
ℎ
𝑘

)
×

(
𝑤
𝑘

)
×

(
𝑑
𝑘

)
×𝐷 prior to being processed by

the encoder blocks. Each encoder block consists of 2 × 2 × 2 deconvolution layers followed

by a 3× 3× 3 convolution layer. The output of the final SSCformer block, 𝑦12, is also passed

through a 2 × 2 × 2 deconvolution layer to ensure compatibility in spatial dimensions with

the encoder outputs. These feature maps are then combined within the decoder through

concatenation, followed by upsampling using two 3×3×3 convolutional layers and 2×2×2

deconvolution layers. This procedure is repeated across multiple decoder stages (refer to

Fig. 3.1).
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In the final stage, the last decoder block consists of two 3 × 3 × 3 convolution layers

followed by a 1 × 1 × 1 convolution layer. This block integrates the output of the preceding

decoder stage along with features derived from the input image processed through additional

3 × 3 × 3 convolution layers. The output of this final layer corresponds to the denoised HSI.

3.2.1 Spatial-Spectral Cubic Transformer Block

Following preprocessing, the embedded representations are processed through a stack of

SSCformer blocks. Each block comprises multiple GFA modules followed by a Multilayer

Perceptron (MLP) (99), and is designed to sequentially model spatial, spectral, and joint

spatial–spectral dependencies. The operations within the ℓth block are defined as:

𝑧1
ℓ = 𝛼1𝐺𝐹𝐴

(
Norm

(
𝑧(ℓ−1,𝑠𝑝)

) )
+ 𝑧ℓ−1 (3.2)

𝑧2
ℓ = 𝛼2𝐺𝐹𝐴

(
Norm

(
𝑧1
(ℓ,𝑠𝑡)

))
+ 𝑧1

ℓ (3.3)

𝑧3
ℓ = 𝐺𝐹𝐴

(
Norm

(
𝑧2
ℓ

))
+ 𝑧2

ℓ (3.4)

𝑧ℓ = 𝑀𝐿𝑃

(
Norm

(
𝑧3
ℓ

))
+ 𝑧3

ℓ (3.5)

where ℓ = 1, . . . , 𝐿.

In Eqn. 3.2, patches are reorganized into 𝑑
𝑘

groups, each containing ℎ·𝑤
𝑘2 patches sharing

the same spatial location. This rearrangement is achieved using the REORDER block (refer

to Fig. 3.2). The representation, 𝑧(ℓ−1,𝑠𝑝) denotes spatially aligned patch groups. After

layer normalization, GFA is applied to capture spatial dependencies within each group.

The scaling factor, 𝛼1, regulates the contribution of spatial attention, while the residual

connection preserves information from the previous layer. In Eqn. 3.3, the grouping strategy

is modified to capture spectral dependencies. Here, patches are divided into ℎ·𝑤
𝑘2 groups, each

containing 𝑑
𝑘

spectrally aligned patches. The notation 𝑧(ℓ−1,𝑠𝑡) represents these spectrally

grouped patches. GFA is then applied to model spectral correlations, with 𝛼2 controlling its

contribution. A residual connection ensures continuity of feature information. Subsequently,

Eqn. 3.4 captures interactions across both spatial and spectral dimensions without explicit

grouping. This allows the model to learn both inter- and intra-dimensional relationships
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Figure 3.4: Visualization of SA vs GFA: In SA, attention is focused between patches within
an image, 𝑋𝑖. In GFA, attention is focused between all patches and a common weight matrix,
W. This way, similarities among different image samples are captured by W.

(refer to Fig. 3.3). The resulting feature representation can be expanded as:

𝑧3
ℓ = 𝑧

2
ℓ + 𝐺𝐹𝐴

(
𝑧2
ℓ

)
(3.6)

= 𝑧1
ℓ + 𝛼2𝐺𝐹𝐴

(
𝑧1
(ℓ,𝑠𝑡)

)
+ 𝐺𝐹𝐴

(
𝑧2
ℓ

)
(3.7)

= 𝑧ℓ−1 + 𝛼1𝐺𝐹𝐴
(
𝑧(ℓ−1,𝑠𝑝)

)
+ 𝛼2𝐺𝐹𝐴

(
𝑧1
(ℓ,𝑠𝑡)

)
+ 𝐺𝐹𝐴

(
𝑧2
ℓ

)
(3.8)

The parameters 𝛼1 and 𝛼2 control the relative contributions of spatial and spectral

attention, respectively. The refined representation is then passed through the MLP block

(Eqn. 3.5) to produce the final output of the SSCformer block.

3.2.2 Global Feature Attention

To introduce the proposed GFA mechanism, we first revisit the standard SA. In SA, the

attention matrix, A, is initially computed, followed by the calculation of the output patch
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embedding, 𝒀 . The process can be mathematically written as follows:

A = 𝑆𝑀 (𝑄 · 𝐾𝑇/
√︁
𝑑𝑘 ) (3.9)

𝒀 = A · 𝑽 (3.10)

where, 𝑄, 𝐾 , and 𝑉 are obtained through linear projections of the input 𝑋 , defined as

𝑸 = 𝑋 ·𝑾𝑸 , 𝑲 = 𝑋 ·𝑾𝑲 , and 𝑽 = 𝑋 ·𝑾𝑽 , where 𝑾𝑸 , 𝑾𝑲 , and 𝑾𝑽 are learnable weight

matrices associated with query, key and value projections. The softmax function 𝑆𝑀 (·)

ensures that the attention weights are normalized. This mechanism captures relationships

within a single input sample. However, hyperspectral datasets often contain samples with

similar characteristics (100), and conventional SA does not explicitly model relationships

across different samples (34). To address this limitation, GFA introduces globally learned

parameters that enable the modeling of inter-sample correlations (see Fig. 3.4). The GFA

formulation is given by:

A𝑖 = NORM(SM(𝑸𝑖 ·𝑾𝑲𝑖
)) (3.11)

𝑎𝑖 = A𝑖 ·𝑾𝑽𝑖
(3.12)

𝒀 = Concat(𝑎1, 𝑎2, . . . , 𝑎𝑛) ·𝑾𝑜𝑢𝑡 (3.13)

The input to the GFA module is denoted as 𝑧𝑖
ℓ
∈ R𝑁×𝐷 , projected into a query repre-

sentation 𝑸𝑖 using a learnable weight matrix 𝑾𝑸𝑖
∈ R𝐷×𝐷

′ , such that 𝑸𝑖 = 𝑧𝑖
ℓ
𝑾𝑸𝑖

. Here,

𝑖 ∈ {1, . . . , 𝑛} denotes the index of the attention head, where 𝑛 is the total number of

heads in the GFA module. Subsequently, as shown in Eq. 3.11, the attention matrix, A𝑖,

is derived by applying the global learnable layer, L𝑘 , to 𝑸𝑖 (see Fig. 3.2). The weight

matrix for L𝑘 is represented as 𝑾𝑲𝑖
∈ R𝐷

′×ℎ, where ℎ denotes the hidden dimension of L𝑘 .

The resulting representation is normalized using the softmax function, followed by an 𝐿1

normalization operation NORM(·) to ensure stable attention distribution. Kindly note that

𝑾𝑲𝑖
is not derived from the current input sample, unlike conventional SA. Instead, it is a

globally learnable parameter that is optimized across the entire dataset. This enables the

model to capture correlations between different HSI samples, rather than being restricted
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to intra-sample relationships. Following this, as defined in Eq. 3.12, the intermediate rep-

resentation 𝑎𝑖 is obtained by applying another learnable transformation parameterized by

𝑾𝑽𝑖
∈ Rℎ×𝐷

′ . This transformation refines the feature representation based on the attention

weights encoded in A𝑖. Finally, the outputs from all attention heads are concatenated and

projected back to the original embedding space using 𝑾𝑜𝑢𝑡 ∈ R𝐷
′×𝐷 , as shown in Eq. 3.13.

This ensures consistency between input and output feature dimensions.

The subscripts 𝑲 and 𝑽 indicate that the corresponding weight matrices are analogous

to key and value transformations in standard SA. However, in contrast to SA, the matrices

𝑾𝑲𝑖
and 𝑾𝑽𝑖

are independent of the input features and are learned across all samples in

the dataset. As a result, the output 𝒀 captures inter-sample relationships by leveraging

shared statistical properties across hyperspectral data. In summary, the GFA mechanism

extends conventional attention by incorporating globally learned transformations, enabling

the extraction of feature representations that encode both intra-sample and inter-sample

correlations in a data-driven manner.

3.2.3 Training Loss Function

To guide the optimization of the proposed IDEATION framework, the Structural Simi-

larity Index Measure (SSIM) (101) is adopted as the training objective. Unlike conventional

pixel-wise loss functions (such as ℓ1 or ℓ2 norms), SSIM evaluates the similarity between two

images by jointly accounting for luminance consistency, contrast preservation, and structural

information.

Given a clean HSI Xclean ∈ Rℎ×𝑤×𝑑 and its reconstructed counterpart X̂, the SSIM

between them is defined as:

𝑆𝑆𝐼𝑀 (Xclean, X̂) =
(2𝜇𝑋𝜇𝑋̂ + 𝑐1) (2𝜎𝑋𝑋̂ + 𝑐2)

(𝜇2
𝑋
+ 𝜇2

𝑋̂
+ 𝑐1) (𝜎2

𝑋
+ 𝜎2

𝑋̂
+ 𝑐2)

,

where 𝜇𝑋 and 𝜇𝑋̂ denote the mean intensities of the clean and reconstructed images, re-

spectively. The terms 𝜎2
𝑋

and 𝜎2
𝑋̂

represent the corresponding variances, while 𝜎𝑋𝑋̂ denotes

the covariance between the two images. The constants 𝑐1 and 𝑐2 are small positive values

introduced to avoid numerical instability. Since HSIs consist of multiple spectral bands,
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SSIM is computed in a band-wise manner and averaged across all 𝑑 bands to obtain the final

similarity score. Accordingly, the training loss is defined as:

L𝑆𝑆𝐼𝑀 = 1 − 1
𝑑

𝑑∑︁
𝑘=1

𝑆𝑆𝐼𝑀
(
X(𝑘)

clean, X̂
(𝑘) ) , (3.14)

where X(𝑘) denotes the 𝑘 th spectral band. By optimizing this objective, the proposed frame-

work promotes the preservation of structural characteristics and spatial–spectral consistency

in the reconstructed hyperspectral data. This is particularly beneficial in scenarios involving

complex or mixed noise, where maintaining structural information is critical for subsequent

analysis tasks.

3.3 Experimental Settings

3.3.1 Dataset

The experiments in this study are conducted on the ICVL hyperspectral dataset (102),

which contains 201 HSIs. Each HSI has a spatial resolution of 1392 × 1300 pixels and

comprises 31 spectral bands spanning 400 nm to 700 nm. For model development and

evaluation, the dataset is partitioned into three subsets: 100 images for training, 20 images

for validation, and the remaining images for testing. Prior to feeding the data into the

network, all images are normalized to the range [0, 1] to ensure stable training. To facilitate

efficient learning and to follow established practices in HSID (32), the images are divided

into overlapping volumetric patches. Specifically, patches of size 64 × 64 × 31 are extracted

for training, while others 512 × 512 × 31 are used during testing. This strategy is consistent

with commonly adopted protocols in recent HSID works, such as (103). In addition to the

ICVL dataset, the generalization capability of the proposed framework is further assessed

using real-world HSI datasets, including the University of Pavia (PU) (104), Indian Pines

(IP) (105), and Urban (106). These datasets provide diverse scene characteristics and noise

distributions, enabling a comprehensive evaluation of the model’s robustness.
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Table 3.1: Denoising Results of various methods under different Gaussian Noise Levels on
the ICVL Dataset

𝜎 = 10 𝜎 = 30 𝜎 = 50 𝜎 = 70

Methods ↓ PSNR SSIM SAM PSNR SSIM SAM PSNR SSIM SAM PSNR SSIM SAM

Noisy 28.13 0.8792 18.72 18.59 0.5523 37.90 14.15 0.3476 49.01 11.23 0.2301 56.45
LLRT (54) 46.72 0.9983 1.60 41.12 0.9920 2.52 38.24 0.9830 3.47 36.23 0.9732 4.46
NGMeet (55) 47.90 0.9988 1.39 42.44 0.9816 2.06 39.69 0.9658 2.49 38.05 0.9531 2.83
HSID-CNN (11) 43.14 0.9918 2.12 40.30 0.9854 3.14 37.72 0.9746 4.27 34.95 0.9521 5.84
QRNN3D (60) 45.61 0.9977 1.80 42.18 0.9955 2.21 40.05 0.9929 2.63 38.09 0.9883 3.42
SST (65) 48.28 0.9990 1.30 43.32 0.9971 1.87 41.09 0.9950 2.19 39.55 0.9921 2.46
SERT (32) 47.72 0.9988 1.36 43.56 0.9969 1.77 41.33 0.9949 2.05 39.82 0.9929 2.30
IDEATION 48.92 0.9992 1.24 45.50 0.9977 1.66 44.90 0.9971 1.88 43.88 0.9958 2.05

Noisy UNFOLD OURSSERTHSID QRNN3D SSTLLRT NGMeetNoisy LLRT NGMeet HSID QRNN3D SST SERT IDEATION

Figure 3.5: Visual denoising results for the ICVL dataset with Gaussian noise at a noise
level of 𝜎 = 50.

3.3.1.1 Noise Settings

In real-world scenarios, HSIs are frequently corrupted by various types of noise arising

from sensor imperfections, environmental conditions, and acquisition processes. Common

noise sources include Gaussian noise, stripe artifacts, dead lines or pixels, and impulse noise

(82; 107). To evaluate the denoising performance of IDEATION, we simulate multiple noise

conditions following widely used experimental protocols (60). First, additive independent

and identically distributed (i.i.d.) Gaussian noise is introduced at levels ranging from

10 to 70, in increments of 20. This allows the assessment of model performance under

varying noise intensities. Furthermore, to mimic more realistic and challenging degradation

scenarios, five types of complex noise configurations are considered. These include non-

i.i.d. Gaussian noise, a combination of Gaussian and stripe noise, Gaussian noise with

deadline artifacts, Gaussian noise combined with impulse noise, and a mixture of multiple

noise types. Such diverse settings ensure a comprehensive evaluation of the model under

both simple and highly degraded conditions.
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Noisy LLRT NGMeet HSID QRNN3D SST SERT IDEATION

Figure 3.6: Visual comparison of the denoised images for different cases in the ICVL dataset

3.3.2 Implementation Details

The proposed method is implemented using the PyTorch DL library1 along with the

MONAI framework2. All experiments are conducted on a system equipped with an NVIDIA

GeForce RTX 3050 GPU, an AMD Ryzen 5 5600X processor, and 16 GB of RAM. For

optimization, the AdamW optimizer (108) is employed with an initial learning rate of 1×10−4.

The model is trained using a batch size of 4 over 500 epochs. The total training time is

approximately 15 hours. The Transformer backbone follows the standard ViT configuration

(ViT-B16) (63).

3.4 Experimental Results

3.4.1 Competing Methods

To evaluate the performance of the proposed IDEATION framework, we compare it with

both traditional and DL-based HSID methods under a variety of noise conditions, including

Gaussian and complex mixed noise scenarios. Conventional methods typically perform

well when the noise distribution is known or follows predefined assumptions. However, DL

methods offer greater adaptability by learning data-driven representations, enabling them to

1http://pytorch.org/
2https://monai.io/
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handle diverse and complex noise characteristics more effectively.

In this work, we compare IDEATIONwith several SOTA methods representing different

methodological categories. These include BM4D (52), a non-local filtering-based approach;

LLRT (54), which leverages low-rank tensor modeling; and NGMeet (55), based on non-

local orthogonal transformations. Additionally, we include comparisons with prominent

DL-based methods, including HSID-CNN (11), QRNN3D (60), SST (65), and SERT (32).
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Figure 3.7: Real denoised results on IP and PU datasets for bands (3, 103, 203) and (5, 13,
95), respectively.

3.4.2 Simulated Experimental Results

3.4.2.1 Gaussian Noise

To assess the denoising capability of the proposed framework under controlled settings,

zero-mean additive white Gaussian noise with varying standard deviations (𝜎) is added to

the clean HSIs. The quantitative evaluation results, presented in Table 3.1, demonstrate that

IDEATION consistently outperforms all competing methods across different noise levels.

The results highlight the robustness and strong generalization capability of the proposed

method, particularly under varying noise intensities. It is observed that while traditional

and DL-based approaches tend to show comparable performance at higher noise levels,

DL-based models generally exhibit superior performance under moderate and low noise

conditions due to their ability to learn complex spatial–spectral representations.
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For qualitative analysis, Fig. 3.5 presents visual comparisons of denoised HSIs at a repre-

sentative noise level of 𝜎 = 50. The proposed IDEATION framework effectively suppresses

noise while preserving essential structural details and spatial textures. Furthermore, to assess

the performance of different denoising methods in the spectral domain, Fig. 3.9 illustrates

the corresponding spectral profiles. The results demonstrate that IDEATION reconstructs

spectral signatures that closely match the ground truth, thereby validating its capability to

preserve both spatial structures and spectral fidelity.

3.4.2.2 Complex Noise

Table 3.2 reports the quantitative performance of the proposed IDEATION framework in

comparison with other competing methods on the ICVL dataset under various complex noise

conditions. For qualitative assessment, Fig. 3.6 presents visual comparisons across different

noise scenarios, clearly demonstrating the superior capability of the proposed method in

handling diverse and challenging noise degradations.

Conventional denoising techniques often exhibit limited performance in the presence

of mixed and impulse noise, as such degradations tend to corrupt both spatial structures

and spectral signatures. These methods rely on handcrafted priors, which are typically

insufficient to model complex noise distributions without prior assumptions about the noise

characteristics (65). In contrast, DL-based approaches are more effective in addressing

such challenges, as they learn robust spatial-spectral representations directly from data.

Motivated by this advantage, the proposed IDEATION framework leverages a data-driven

learning strategy to effectively suppress complex noise while preserving essential image

information.

Table 3.3: Classification performance on IP, PU, and Urban datasets before and after hyper-
spectral image denoising

Dataset Index Noisy (54) (55) (11) (60) (65) (32) IDEATION

IP OA 71.25 81.99 83.01 83.31 84.38 87.01 88.17 90.89
Kappa 0.6696 0.7952 0.8130 0.8101 0.8228 0.8422 0.8628 0.8960

PU OA 86.54 91.88 92.25 92.81 93.10 95.67 96.52 98.70
Kappa 0.8068 0.9007 0.9113 0.9167 0.9218 0.9376 0.9588 0.9770

Urban OA 86.11 91.27 92.33 92.76 92.99 94.17 94.91 96.02
Kappa 0.8385 0.8847 0.8909 0.9088 0.9086 0.9189 0.9267 0.9528
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Figure 3.8: Classification outcomes for IP and PU datasets.

3.4.3 Real-Data Experimental Results

In this section, we evaluate the effectiveness of the proposed IDEATION framework

on real-world noisy HSIs to demonstrate its practical applicability and generalization capa-

bility. Unlike simulated experiments, real-data analysis presents additional challenges due

to unknown and complex noise distributions inherent in real acquisition systems. For this

purpose, experiments are conducted on widely used benchmark datasets, including IP and

PU. The IP dataset consists of images with a spatial resolution of 145 × 145 pixels and 220

spectral bands, whereas the PU dataset contains images with a spatial resolution of 610×340

pixels and 103 spectral bands. In addition, we further validate the proposed method on the

Urban dataset (1) and the RealHSI dataset (2), which provide diverse real-world scenarios

for comprehensive evaluation.

Qualitative denoising results for different spectral band combinations are presented in

Fig. 3.7. It can be observed that the proposed IDEATION framework produces visually

cleaner outputs with better preservation of spatial structures and finer details compared to

existing approaches. The superiority of the proposed method is further evident in Fig. 3.10,

where the reconstructed images exhibit enhanced sharpness and reduced noise artifacts.

To quantitatively assess the impact of denoising on downstream tasks, we evaluate HSI

classification performance before and after denoising. A Support Vector Machine (SVM)

classifier (4) is employed for this purpose, and the results are measured using Overall Accu-

racy (OA) and the Kappa coefficient (109). The classification maps for the IP and PU datasets

are illustrated in Fig. 3.8, while the results for the Urban dataset are shown in Fig. 3.11.
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Figure 3.9: Spectral curves of the ICVL dataset at coordinates (110, 110) under Gaussian
noise (𝜎 = 50).

Corresponding quantitative comparisons are summarized in Table 3.3. The results clearly

indicate that denoising using the proposed IDEATION framework significantly improves

classification performance, highlighting its ability to recover meaningful spatial–spectral

information. Furthermore, to analyze spectral fidelity, Fig. 3.9 presents spectral profile com-

parisons. The proposed method closely follows the ground truth signatures, demonstrating

its effectiveness in preserving spectral consistency while suppressing noise. Overall, both

qualitative and quantitative evaluations confirm that the proposed IDEATION framework

outperforms existing methods on real-world datasets, achieving superior denoising perfor-

mance and enhancing downstream hyperspectral analysis tasks.
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Figure 3.10: Visual outcomes for real-world noise reduction on the Urban (1) and Real (2)
Datasets.
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Figure 3.11: Classification outcomes for Urban (1) dataset.

3.4.4 Model Complexity

We analyze the computational efficiency of the proposed IDEATION framework in

terms of floating-point operations (GFLOPs), model complexity (number of parameters), and

execution time for both training and inference. The proposed method requires approximately

144.47 GFLOPs, significantly lower than recent SOTA approaches such as SERT, which

reports 1018.9 GFLOPs. In terms of model complexity, the number of learnable parameters

in IDEATION remains comparable to existing methods while achieving improved denoising

performance, offering a favorable trade-off between accuracy and efficiency. Furthermore,

the average inference time of the proposed framework is approximately 5.1 seconds per

sample, which is reasonably close to SERT (3.2 seconds). The total training time for

IDEATION is approximately 15 hours under the specified experimental setup.

3.4.5 Ablation Study

To comprehensively evaluate the effectiveness of the proposed framework, we perform

ablation studies at both the architectural level and the SSCformer block level. All variants

are trained and evaluated under identical experimental settings on the ICVL dataset to ensure

a fair comparison. Table 3.4 presents the architectural ablation study, which investigates
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Table 3.4: Ablation study of different architectural variants of the proposed IDEATION
framework on the ICVL dataset.

Components 𝜎 = 30 𝜎 = 50 𝜎 = 70

CNN Transformer U-Net PSNR SSIM PSNR SSIM PSNR SSIM

2D ✗ ✗ 36.89 0.9688 35.42 0.9622 34.05 0.9522
3D ✗ ✗ 38.28 0.9731 37.23 0.9617 36.33 0.9551
3D ✗ 3D 42.32 0.9709 40.25 0.9715 38.60 0.9662
✗ 3D (SA) 3D 43.12 0.9804 42.28 0.9732 41.14 0.9701
✗ 3D (GFA) 3D 43.68 0.9822 42.86 0.9761 41.73 0.9724

3D 2D (SA) 3D 41.79 0.9893 39.83 0.9847 37.96 0.9849
3D 2D (GFA) 3D 42.21 0.9901 40.35 0.9856 38.54 0.9855
3D 3D (SA) ✗ 42.86 0.9721 42.14 0.9712 40.88 0.9637
3D 3D (SA) 3D 43.78 0.9821 42.96 0.9758 41.92 0.9742
3D 3D (GFA) 3D 45.50 0.9977 44.90 0.9971 43.88 0.9958

the contributions of the 3D CNN, 3D U-Net, and Transformer components. As expected,

replacing the 2D CNN with a 3D CNN consistently improves denoising performance by

jointly exploiting spatial and spectral information. Incorporating the 3D U-Net further en-

hances results by preserving structural details through encoder-decoder skip connections and

enabling multi-scale feature fusion. Introducing transformer-based modeling leads to addi-

tional improvements by capturing long-range dependencies that are difficult to model using

convolution alone. A comparison between Transformer variants employing conventional SA

and the proposed GFA-based attention demonstrates that GFA consistently achieves superior

performance across all noise levels. Furthermore, the best results are obtained when the 3D

CNN, 3D U-Net, and the proposed 3D GFA-based Transformer are integrated into a uni-

fied framework, validating the complementary roles of volumetric convolution, multi-scale

feature aggregation, and dataset-aware attention in HSID.

To further analyze the proposed SSCformer, Table 3.5 investigates the influence of the

GFA module and the learnable scaling parameters 𝛼1 and 𝛼2. The GFA module enables the

Transformer to capture correlations not only within an individual HSI but also across the

training dataset, resulting in more informative feature representations than conventional SA.

The results show that removing either𝛼1 or𝛼2 leads to a noticeable reduction in performance,

indicating that both spatial-enhanced and spectral-enhanced features contribute to effective
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Table 3.5: Ablation study of the proposed method with the SSCformer block on the ICVL
dataset.

Components ↓ 𝜎 = 30 𝜎 = 50 𝜎 = 70

GFA 𝛼1 𝛼2 PSNR SSIM PSNR SSIM PSNR SSIM

✓ ✗ ✗ 44.38 0.9834 43.22 0.9768 41.14 0.9782
✗ ✓ ✗ 43.22 0.9887 42.85 0.9743 40.75 0.9719
✗ ✗ ✓ 43.93 0.9815 43.11 0.9736 42.80 0.9718
✓ ✓ ✗ 43.35 0.9833 42.98 0.9860 41.02 0.9831
✗ ✓ ✓ 44.03 0.9807 43.81 0.9853 42.18 0.9769
✓ ✗ ✓ 44.55 0.9819 43.57 0.9802 42.15 0.9843
✓ ✓ ✓ 45.50 0.9977 44.90 0.9971 43.88 0.9958

representation learning. The degradation is more pronounced when 𝛼2 is omitted, suggesting

that spectral information plays a particularly important role in HSID. Moreover, using a single

scaling parameter biases the feature representation toward a single domain, whereas jointly

learning both parameters allows the network to adaptively balance spatial and spectral

contributions according to the characteristics of the data. Overall, the highest denoising

performance is achieved when GFA, 𝛼1, and 𝛼2 are all incorporated within the SSCformer,

demonstrating the effectiveness of the proposed attention mechanism and adaptive feature

weighting strategy.

3.5 Summary

HSID is a fundamental preprocessing step that directly impacts the performance of sub-

sequent hyperspectral analysis tasks, including classification, segmentation, and target detec-

tion. In this chapter, we presented IDEATION, a hybrid DL framework developed to address

the challenges associated with noise removal in HSIs by combining multiple complemen-

tary learning strategies. The proposed framework integrates 3D CNNs, Transformer-based

architectures, and a spatial–spectral attention mechanism to capture diverse characteristics

of hyperspectral data. By adopting a volumetric representation, the model jointly leverages

spatial and spectral correlations, enabling comprehensive feature extraction. A core compo-

nent of the framework is the SSCformer block, which sequentially models spatial, spectral,
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and joint dependencies to enhance feature representation. In addition, the proposed GFA

mechanism extends conventional SA by incorporating correlations across different hyper-

spectral samples, allowing the model to learn dataset-level representations. The integration

of a modified 3D U-Net architecture further facilitates multi-scale feature fusion through

skip connections, preserving fine structural information during the reconstruction process.

The model is trained using an SSIM-based loss function, which emphasizes perceptual

similarity and structural preservation rather than relying solely on pixel-wise differences.

Experimental evaluations conducted on both simulated and real-world datasets demonstrate

that the proposed IDEATION framework achieves improved performance compared to exist-

ing methods under various noise conditions. Furthermore, the denoised outputs contribute

to better outcomes in downstream tasks such as HSI classification. Overall, this chapter

presents IDEATION as a comprehensive framework for HSID, addressing key limitations

of existing approaches and enabling improved spatial–spectral representation learning.
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Chapter 4

Frequency-Aware Transformer and
Enhanced Skip Connections for
Hyperspectral Methane Plume

Segmentation

4.1 Introduction

HSI has emerged as an important modality for environmental monitoring, particularly

for the detection and spatial characterization of CH4 plumes (15; 16; 17). Segmenting CH4

plumes from HSI data is a crucial step in emission analysis, as it directly affects the estimation

of plume extent and subsequent quantification processes (110; 111; 112). However, this task

remains challenging due to strong inter-band correlation, background interference, and the

inherently weak and diffuse nature of CH4 spectral signatures (25; 26; 27). Recent DL

methods have shown notable progress in HSI-based CH4 plume segmentation by utilizing

CNNs and encoder-decoder architectures (31; 71; 72; 77; 113; 114). These methods are

effective at capturing local spatial structures; however, their reliance on limited receptive

fields limits their ability to model long-range contextual dependencies (115). Transformer-

based models mitigate this limitation through SA mechanisms, enabling global context
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modeling. Nevertheless, existing transformer-based approaches operate primarily in the

spatial domain and do not explicitly exploit frequency-domain characteristics, which can

provide additional cues for representing subtle and diffuse plume patterns (35; 73; 116).

In HSI data, plume signatures often exhibit variations that are not easily separable in

the spatial domain due to background complexity and spectral redundancy (117). Repre-

senting features in the frequency domain offers an alternative perspective, where structural

and textural patterns can be analyzed in terms of spatial-frequency components (75). In

particular, the magnitude component reflects the distribution of spatial-frequency energy,

highlighting dominant structures, while the phase component preserves spatial alignment and

geometric continuity, which are essential for maintaining plume boundaries (77; 118). By

jointly considering magnitude and phase information, both plume morphology and boundary

characteristics can be better represented, especially in scenarios involving weak or diffuse

emissions (36). Furthermore, conventional skip connections in encoder-decoder architec-

tures transfer features directly from the encoder to the decoder without selective refinement.

In the context of HSI data, this direct propagation may introduce redundant or spectrally

irrelevant information during feature fusion, which can affect the separation of plume and

background regions (37; 79).

To address these challenges, we proposeALKANE (Attention-based Learning and Knowledge

Aggregation Network with Enhanced skip connections) for hyperspectral CH4 plume seg-

mentation. The proposed framework integrates frequency-domain representations with

improved feature fusion strategies within a unified architecture. A frequency-aware Trans-

former is employed to jointly model spatial and spatial-frequency information, enabling

better representation of weak and diffuse plume structures. In addition, an enhanced skip

connection mechanism selectively propagates informative features while suppressing redun-

dant components, thereby improving plume-background separation. The contributions of

this chapter are summarized as follows:

• We introduce ALKANE, an attention-based framework for hyperspectral CH4 plume

segmentation that integrates spatial and spatial-frequency representations within a

unified encoder-decoder architecture.
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Figure 4.1: Overview of our proposed method ALKANE.

• We design a frequency-aware Transformer that incorporates both magnitude and phase

information, enabling joint modeling of spatial structures and spatial-frequency pat-

terns for improved characterization of weak and diffuse plume regions.

• We propose an enhanced skip connection mechanism that selectively propagates spec-

trally relevant and spatially informative features while suppressing redundant compo-

nents, thereby facilitating better feature fusion during decoding.

• We conduct extensive experiments on publicly available HSI datasets acquired from

different sensors, demonstrating the effectiveness of the proposed framework in com-

parison with existing methods.

4.2 Proposed Methodology

This section presents ALKANE, an HSI-based CH4 plume segmentation framework de-

signed using an encoder–decoder architecture. The encoder extracts hierarchical feature rep-

resentations via the proposed SFT, which integrates spatial context with spatial–frequency

representations using the ASFI module. By jointly modeling magnitude and phase com-

ponents, the framework facilitates the representation of weak and diffuse plume structures

while maintaining boundary continuity.

To further refine feature propagation between the encoder and decoder, an EGCA mech-

anism is incorporated within the skip connections. This module selectively emphasizes

spectrally informative and spatially relevant channels, while suppressing redundant and
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Algorithm 1 ALKANE
1: Input: Feature tensor f ∈ R𝐶×𝐻×𝑊

2: Output: CH4 plume segmentation map Y
3: for each encoder stage do
4: // SFT: Query–Key–Value Projection
5: Generate query, key, and value representations (Eq. (4.1))
6: // ASFI applied to Query and Key (Eq. (4.2))
7: for 𝝋 ∈ {𝝋𝑞, 𝝋𝑘 } do
8: Transform to spatial-frequency domain (Eq. (4.6))
9: Refine magnitude and phase (Eq. (4.7))

10: Reconstruct spatial features (Eq. (4.8))
11: Compute fusion weights (Eqs. (4.9)–(4.10))
12: Apply feature modulation (Eqs. (4.11)–(4.12))
13: Concatenate refined features (Eq. (4.13))
14: end for
15: // Multi-Head Attention
16: Reshape and normalize tensors
17: Compute attention map (Eq. (4.3))
18: Aggregate features (Eqs. (4.4)–(4.5))
19: end for
20: // EGCA in Skip Connections
21: Compute channel descriptor (Eq. (4.14))
22: Compute attention weights (Eqs. (4.15)–(4.16))
23: Refine encoder features (Eq. (4.17))
24: for each decoder stage do
25: Upsample decoder features
26: Apply EGCA on encoder features
27: Fuse encoder and decoder features
28: Apply SFT
29: end for
30: Apply final convolution to obtain Y
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noise-dominated responses. By combining spatial, spatial–frequency, and channel-wise rep-

resentations, ALKANE improves plume–background separation while maintaining structural

consistency across varying environmental conditions. The overall architecture is illustrated

in Fig.4.1, and the computational procedure is summarized in Algorithm 1.

4.2.1 Spatial Frequency Transformer (SFT)

Transformer-based architectures are capable of capturing long-range dependencies through

SA mechanisms; however, they primarily operate in the spatial domain and do not explicitly

exploit frequency-domain characteristics. Consequently, subtle structural variations and

diffuse patterns distributed across multiple spatial scales remain difficult to represent, par-

ticularly under complex background conditions (36; 115). To overcome this limitation, the

proposed SFT incorporates the ASFI module into the attention mechanism, enabling the joint

modeling of spatial context and spatial–frequency information for CH4 plume segmentation.

The overall architecture of the SFT is shown in Fig. 4.2.

Let f ∈ R𝐶×𝐻×𝑊 denote the input feature tensor, where 𝐶 represents the number of

channels, and 𝐻 and 𝑊 denote spatial dimensions. The input is first projected into query

(𝝋𝑞), key (𝝋𝑘 ), and value (𝝋𝑣) representations using a 1 × 1 convolution C1(·), followed by

a 3 × 3 depthwise convolution D(·) to incorporate local contextual information:

𝝋𝑞, 𝝋𝑘 , 𝝋𝑣 = S(D(C1(f))) (4.1)

where, S(·) splits the projected features into three distinct components. To embed spatial-

frequency characteristics into the attention computation, the query and key representations

are processed through the ASFI module (refer to Section 4.2.2), yielding frequency-enhanced

features:

𝝋′
𝑞 = ASFI(𝝋𝑞), 𝝋′

𝑘 = ASFI(𝝋𝑘 ) (4.2)

The value representation 𝝋𝑣 is preserved in the spatial domain to maintain content informa-

tion during aggregation. For multi-head attention, the tensors 𝝋′
𝑞, 𝝋′

𝑘
, and 𝝋𝑣 are reshaped

into Rℎ×𝑑×𝐻𝑊 , where ℎ denotes the number of attention heads, 𝑑 = 𝐶/ℎ represents the
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Figure 4.2: Architecture of the proposed SFT block.

channel dimension per head, and 𝐻𝑊 corresponds to the flattened spatial dimension. To

stabilize the attention computation, ℓ2 normalization is applied along the last dimension.

The attention map is then computed as:

A = Softmax

(
𝝋′
𝑞𝝋

′
𝑘
⊤

𝜏

)
(4.3)

where 𝜏 ∈ Rℎ×1×1 is a learnable temperature parameter controlling the sharpness of the

attention distribution (63). The attention weights are applied to the value tensor to obtain

aggregated features:

Z = A · 𝝋𝑣 (4.4)

Finally, the aggregated representation is reshaped back to R𝐶×𝐻×𝑊 and passed through a

1 × 1 convolution to produce the output:

Y = C1(Z) (4.5)

By integrating ASFI within the attention mechanism, SFT extends spatial SA to incorpo-

rate spatial–frequency representations derived from magnitude and phase components. This

enables improved representation of weak and diffuse CH4 plume structures while maintaining
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spatial coherence and boundary continuity under complex environmental conditions.

4.2.2 Adaptive Spatial-Frequency Integration (ASFI)

The detection of CH4 plumes is particularly challenging due to their weak and diffuse

nature, as well as the presence of atmospheric disturbances and complex background clutter

(117). Features derived solely in the spatial domain may be insufficient to capture sub-

tle structures distributed across multiple scales, whereas frequency-domain representations

often lack precise spatial localization and boundary preservation (77). To mitigate these

challenges, the proposed ASFI module jointly exploits spatial-domain and spatial-frequency

representations, enabling enhanced plume characterization while maintaining boundary con-

tinuity (refer Fig. 4.3).

Let f ∈ R𝐶×𝐻×𝑊 denote an intermediate feature map. The ASFI module first applies

a two-dimensional Fast Fourier Transform (FFT) along the spatial dimensions to obtain a

complex representation in the frequency domain. From this representation, magnitude and

phase components are extracted as:

𝜌f = |FFT(f) | , 𝜑f = ∠FFT(f) (4.6)

Here, the magnitude component 𝜌f reflects dominant structural and textural characteristics,

while the phase component 𝜑f retains spatial alignment and geometric structure. These

two components are processed separately to capture complementary spatial–frequency in-

formation. Specifically, each component is passed through a 1 × 1 convolution C1(·) for

channel-wise transformation, followed by a GELU activation 𝛿(·) and a 3 × 3 depthwise

convolution D(·) to incorporate local contextual information:

𝜑𝑑 = D(𝛿(C1(𝜑f))) , 𝜌𝑑f = D(𝛿(C1(𝜌f))) (4.7)

The processed magnitude 𝜌𝑑f and phase 𝜑𝑑 are then recombined and transformed back

to the spatial domain using the inverse FFT, F −1, resulting in a frequency-enhanced spatial
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Figure 4.3: Architecture of the proposed ASFI block

representation f𝑑:

f𝑑 = F −1(𝜑𝑑 , 𝜌𝑑f ) (4.8)

To effectively combine spatial and spatial–frequency representations, a learnable scalar

parameter 𝑤 ∈ R is introduced to generate adaptive fusion weights:

𝛼1 = 𝜎(𝑤) (4.9)

𝛼2 = 1 − 𝛼1 (4.10)

where 𝜎(·) denotes the sigmoid function, ensuring that the weights lie within (0, 1) and sum

to unity, thereby forming a convex combination. The parameter 𝑤 is initialized such that

𝛼1 ≈ 𝛼2, allowing both branches to contribute equally at the beginning of training, while

enabling adaptive reweighting during optimization. Using these weights, the spatial and

frequency-enhanced representations are modulated independently:

f′𝑑 = 𝛿(𝛼1 · C1(f𝑑)) ⊙ f𝑑 (4.11)
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f′ = 𝛿(𝛼2 · C1(f)) ⊙ f (4.12)

where ⊙ denotes element-wise multiplication. Finally, the refined features from both

branches are combined through channel-wise concatenation:

f′′ = Concat(f′𝑑 , f′) (4.13)

This formulation enables the integration of complementary spatial and spatial–frequency

information, facilitating consistent delineation of CH4 plume structures under complex

environmental conditions.

4.2.3 Efficient Global Channel Attention (EGCA)

In encoder–decoder architectures, skip connections play a crucial role in transferring

spatial information from the encoder to the decoder across different network depths (79).

However, in the context of HSIs, directly forwarding encoder features can introduce redun-

dancy and noise due to strong inter-band correlation and the limited spatial discriminability

of several spectral channels (119). To address this limitation, the proposed EGCA module

is integrated within the skip connections to adaptively control the flow of encoder features.

Let f ∈ R𝐶×𝐻×𝑊 denote the encoder feature tensor. The EGCA module first applies

global average pooling (GAP) to extract a compact channel-wise descriptor:

g = GAP(f) ∈ R𝐶×1×1 (4.14)

The resulting descriptor g is reshaped to R1×𝐶 and passed through a one-dimensional

convolution to model local dependencies across channels:

s = 𝜎(Conv1D(g)) (4.15)

where s ∈ (0, 1)1×𝐶 represents the learned channel-wise attention weights obtained after ap-

plying the sigmoid activation function. Following the efficient channel attention formulation
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(78), the kernel size of the 1D convolution is adaptively determined as:

𝑘 = odd
(
𝜂 log2𝐶 + 𝛽

)
(4.16)

where 𝜂 = 0.5 regulates the rate at which the receptive field grows with respect to the

channel dimension, 𝛽 = 0.5 defines the lower bound for the kernel size, and odd(·) ensures

that the kernel size is an odd integer, maintaining symmetry in the convolution operation.

This adaptive formulation enables the modeling of appropriate channel interactions without

introducing unnecessary complexity. The attention weights s are then reshaped to R𝐶×1×1

and applied to the original feature tensor through channel-wise multiplication:

Y = f ⊙ s (4.17)

where ⊙ denotes element-wise multiplication. The resulting feature map Y ∈ R𝐶×𝐻×𝑊

emphasizes spectrally informative and spatially relevant channels while reducing the in-

fluence of redundant or noise-affected responses. By incorporating EGCA into the skip

connections, the decoder receives refined feature representations, which supports improved

plume–background distinction and more consistent boundary delineation in CH4 plume

segmentation.

4.3 Experimental Results

4.3.1 Experimental Settings

4.3.1.1 Datasets

We assess the proposed method on three commonly utilized HSI datasets, namely

AVIRIS-NG, WorldView-3 (WV-3), and EMIT, which collectively represent variations

in spatial and spectral resolutions. In accordance with the plume categorization strategy

adopted in (31; 77), CH4 plumes with estimated emission rates greater than 1000 kg/h are

categorized as “strong”, whereas those with lower emission rates are classified as “weak”.

The AVIRIS-NG dataset provides spectral measurements spanning 380-2510 nm with a
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Table 4.1: Quantitative comparison on the AVIRIS-NG dataset for strong and weak methane
plumes

Method Strong Plumes Weak Plumes
MP ↑ MR ↑ MF1 ↑ MIoU ↑ MFPR ↓ MP ↑ MR ↑ MF1 ↑ MIoU ↑ MFPR ↓

MethaNet (70) 70.04 69.79 62.13 46.89 0.5454 51.15 69.48 60.70 41.49 0.3180
U-Plume (72) 72.32 74.28 74.84 62.58 0.8976 54.39 69.11 64.12 47.36 0.2665
CH4Net (71) 74.67 75.67 70.83 58.10 0.4507 62.05 57.98 65.02 45.67 0.2017
HyperSTARCOP (31) 82.19 65.86 68.40 56.14 0.2194 73.07 43.22 59.35 37.01 0.1055
Gasformer (35) 79.17 79.89 77.45 65.31 0.5964 64.51 80.92 72.46 60.48 0.2233
MethaneMapper (73) 81.03 76.29 78.14 65.21 0.1461 73.02 82.35 76.81 64.47 0.1840
FSDINet (77) 87.75 80.13 77.05 65.56 0.1036 78.94 78.25 77.80 65.20 0.0771
ALKANE 90.04 86.79 85.13 76.99 0.0013 80.13 83.02 83.41 71.18 0.0005

spectral resolution of 5 nm and spatial dimensions of 512 × 512 pixels (120). Following the

methodology in (31), additional training samples are generated using CH4 plume annota-

tions derived from the mag1c product (121), which are subsequently refined through manual

correction. This process produces 167,825 training patches of size 128×128 with a 64-pixel

overlap, along with 342 test images of size 512 × 512.
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Figure 4.4: Visual comparison of methane plume segmentation results on strong plumes
from the AVIRIS-NG dataset.
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Figure 4.5: Visual comparison of methane plume segmentation results on weak plumes from
the AVIRIS-NG dataset.

For the WV-3 dataset, hyperspectral data are synthetically generated by convolving
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Table 4.2: Quantitative comparison on the WV-3 dataset for strong and weak methane
plumes

Method Strong Plumes Weak Plumes
MP ↑ MR ↑ MF1 ↑ MIoU ↑ MFPR ↓ MP ↑ MR ↑ MF1 ↑ MIoU ↑ MFPR ↓

MethaNet (70) 9.75 75.20 16.43 9.39 14.7511 0.99 55.36 2.35 0.97 10.1400
U-Plume (72) 13.83 65.65 20.55 11.99 6.7680 1.53 64.69 3.46 1.51 6.2530
CH4Net (71) 16.80 50.11 21.65 13.14 4.4825 2.45 53.25 5.29 2.34 3.8310
MultiSTARCOP (31) 22.84 25.77 23.01 13.10 1.3340 2.82 29.29 8.38 2.58 1.2451
Gasformer (35) 23.14 21.32 19.81 10.70 1.0179 2.94 25.36 9.72 2.44 1.1030
MethaneMapper (73) 23.07 17.14 20.10 9.65 1.1523 3.87 22.65 12.46 3.24 0.8380
FSDINet (77) 31.83 23.09 27.81 13.69 0.8603 5.73 32.49 11.49 4.28 0.7377
ALKANE 34.26 77.18 34.98 20.90 0.0160 8.16 68.12 15.78 7.04 0.0015
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Figure 4.6: Visual comparison of methane plume segmentation results on strong plumes
from the WV-3 dataset.

AVIRIS-NG measurements with the WV-3 spectral response function (122). The same data

partitioning, patch extraction strategy, and preprocessing pipeline are retained. However,

plume annotations are obtained from Single-Band Multipass (SBMP) ratio products (123)

instead of mag1c, consistent with the practices followed in (31; 77). The EMIT dataset

captures spectral reflectance in the 400–2500 nm range with a spectral sampling interval of

10 nm, consisting of 512 × 512 pixel scenes collected from 11 methane-emitting sites and

9 non-emitting sites. In line with existing CH4 plume segmentation studies (31; 77), we

adopt the commonly used Level-1 reflectance terminology for EMIT data without explicitly

analyzing the official product definitions. This dataset is utilized solely for evaluating

cross-sensor generalisation, without performing any fine-tuning.

4.3.1.2 Implementation Details

All experiments were performed using PyTorch 2.6.0 with CUDA 12.4 on a system

equipped with an AMD Ryzen 5 5600X processor, 16 GB of RAM, and an NVIDIA
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Figure 4.7: Visual comparison of methane plume segmentation results on weak plumes from
the WV-3 dataset.

RTX 3050 GPU. The training process utilizes Binary Cross-Entropy (BCE) loss (124) to

quantify pixel-wise discrepancies between the predicted probability map and the correspond-

ing binary ground-truth mask. The model is trained with a batch size of 8 for 15 epochs

using the AdamW optimizer. The initial learning rate is set to 1×10−4 and gradually reduced

to 1×10−6 following a cosine annealing schedule. To accommodate variations in spatial and

spectral characteristics across different sensors, we follow established practices and employ

mag1c-based band inputs for AVIRIS-NG and SBMP-based band inputs for WV-3, consis-

tent with prior CH4 plume segmentation studies (31; 77). The preprocessing procedures for

mag1c and SBMP band selection adhere to standard implementations reported in previous

works and are publicly available1. During training, data augmentation is applied to im-

prove generalization, including random rotations as well as horizontal and vertical flipping

operations.

4.3.1.3 Evaluation Metrics

To quantitatively evaluate the segmentation performance, five widely adopted metrics

are considered, namely Mean Precision (MP), Mean Recall (MR), Mean F1-score (MF1),

Mean Intersection over Union (MIoU), and Mean False Positive Rate (MFPR) (117). These

metrics provide complementary insights into detection quality, overlap accuracy, and error

characteristics. For a comprehensive assessment, each metric is computed for individual

classes and then averaged across all classes. The mathematical definitions of these metrics

1https://github.com/spaceml-org/STARCOP

54

https://github.com/spaceml-org/STARCOP


Table 4.3: Quantitative comparison on the EMIT dataset for strong and weak methane
plumes

Method Strong Plumes Weak Plumes
MP ↑ MR ↑ MF1 ↑ MIoU ↑ MFPR ↓ MP ↑ MR ↑ MF1 ↑ MIoU ↑ MFPR ↓

MethaNet (70) 50.25 26.59 30.08 23.90 0.0848 8.17 28.75 11.64 6.41 0.1189
U-Plume (72) 56.93 36.26 37.72 29.07 0.0785 20.07 6.29 9.04 3.28 0.0531
CH4Net (71) 60.42 35.48 33.31 23.93 0.1814 12.14 23.20 20.80 9.57 0.0309
HyperSTARCOP (31) 64.48 44.45 45.87 33.95 0.1313 21.46 15.88 18.78 9.23 0.0376
Gasformer (35) 67.08 58.77 52.82 38.70 0.4186 4.94 27.36 11.97 4.26 0.1434
MethaneMapper (73) 73.50 62.35 58.01 43.72 0.4511 7.81 21.92 14.81 5.57 0.1355
FSDINet (77) 74.26 72.39 60.72 47.53 0.1365 24.86 48.13 21.16 10.01 0.1133
ALKANE 76.52 78.11 64.13 52.47 0.0098 27.01 51.64 28.33 13.17 0.0056

are expressed as:

MP =
1
𝐶

𝐶∑︁
𝑖=1

𝑇𝑃𝑖

𝑇𝑃𝑖 + 𝐹𝑃𝑖
(4.18)

MR =
1
𝐶

𝐶∑︁
𝑖=1

𝑇𝑃𝑖

𝑇𝑃𝑖 + 𝐹𝑁𝑖
(4.19)

MF1 =
1
𝐶

𝐶∑︁
𝑖=1

2 · 𝑇𝑃𝑖
2 · 𝑇𝑃𝑖 + 𝐹𝑃𝑖 + 𝐹𝑁𝑖

(4.20)

MIoU =
1
𝐶

𝐶∑︁
𝑖=1

𝑇𝑃𝑖

𝑇𝑃𝑖 + 𝐹𝑃𝑖 + 𝐹𝑁𝑖
(4.21)

MFPR =
1
𝐶

𝐶∑︁
𝑖=1

𝐹𝑃𝑖

𝐹𝑃𝑖 + 𝑇𝑁𝑖
(4.22)

In the above expressions, 𝑇𝑃𝑖, 𝐹𝑃𝑖, 𝐹𝑁𝑖, and 𝑇𝑁𝑖 denote the number of true positives,

false positives, false negatives, and true negatives corresponding to the 𝑖th class, respectively,

while 𝐶 represents the total number of classes. Together, these metrics facilitate a balanced

evaluation of segmentation outcomes by jointly considering detection capability, overlap

accuracy, and the tendency of the model to produce false alarms.

4.3.2 Comparative Analysis

The proposed ALKANE framework is evaluated against several existing approaches,

including CNN-based methods such as MethaNet (70), U-Plume (72), CH4Net (71), Hyper-

STARCOP, MultiSTARCOP (31), and FSDINet (77), as well as transformer-based methods
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Figure 4.8: Visual comparison of methane plume segmentation results on strong plumes
from the EMIT dataset.

including Gasformer (35) and MethaneMapper (73). The evaluation is conducted across

three benchmark datasets. The comparison is carried out through quantitative analysis using

standard segmentation metrics, complemented by qualitative visual inspection of segmenta-

tion outputs. In addition, cross-sensor generalization is examined by evaluating the trained

models on the unseen EMIT dataset, providing insight into their ability to handle variations

in spatial and spectral characteristics across different sensors.

4.3.2.1 Quantitative Comparison

As presented in Tables 4.1, 4.2, and 4.3, the proposed ALKANE framework demon-

strates superior performance for both strong and weak plume categories across all evaluation

metrics on both hyperspectral and multispectral datasets. To assess the consistency of the

results, all experiments were repeated five times using different random seeds while main-

taining identical training–testing splits, preprocessing steps, and optimization settings. On

the AVIRIS-NG dataset, the strongest competing method, FSDINet, reports an average per-

formance of MP = 87.78 ± 0.31, MR = 80.09 ± 0.28, MF1 = 77.03 ± 0.26, and MIoU =

65.54 ± 0.34 for strong plumes, with MFPR = 0.104 ± 0.003. For weak plumes, it achieves

MP = 78.91 ± 0.29, MR = 78.22 ± 0.31, MF1 = 77.77 ± 0.27, and MIoU = 65.17 ± 0.33,

along with MFPR = 0.077 ± 0.002.

In comparison, ALKANE yields higher mean values across all metrics, along with reduced

variation over repeated trials. For strong plumes, it attains MP = 90.02 ± 0.23, MR = 86.70

± 0.30, MF1 = 85.10 ± 0.30, and MIoU = 76.91 ± 0.34, while maintaining a notably low

MFPR = 0.0014 ± 0.0002. For weak plumes, the method achieves MP = 80.12 ± 0.21, MR
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Figure 4.9: Visual comparison of methane plume segmentation results on weak plumes from
the EMIT dataset.

= 82.96 ± 0.34, MF1 = 83.41 ± 0.34, and MIoU = 71.12 ± 0.39, with MFPR further reduced

to 0.0005 ± 0.0001. Furthermore, a segmentation-to-emission analysis conducted on the

AVIRIS-NG test set shows a Pearson correlation coefficient (125) of 𝑅2 = 0.82 between

segmentation-derived emission estimates and archival values, indicating the suitability of

the proposed approach for supporting emission-rate estimation.

4.3.2.2 Qualitative Comparison

Visual comparisons presented in Figs. 4.4, 4.5, 4.6, and 4.7 indicate that ALKANE

produces more complete and well-defined plume regions, with reduced false positives and

false negatives relative to existing methods. Overall, the results suggest that the proposed

framework can capture both global contextual relationships and fine-scale spatial structures,

even under challenging conditions such as low-resolution multispectral data and weak plume

scenarios.

4.3.2.3 Zero-Shot Generalization on EMIT

To examine cross-sensor generalization, the trained model is directly evaluated on the

EMIT dataset without any fine-tuning. As shown in Table 4.3 and Figs. 4.8, 4.9, the proposed

method outperforms all competing approaches for both strong and weak plume categories,

demonstrating clear improvements over the strongest baseline, FSDINet. These results

indicate that the proposed architecture maintains consistent plume representation even under

unseen spectral and spatial configurations.
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Table 4.4: Ablation study on EGCA kernel-size scaling parameters on the AVIRIS-NG
dataset (Strong Plumes).

(𝜂, 𝛽) MP ↑ MR ↑ MF1 ↑ MIoU ↑ MFPR ↓
(0.25, 0.5) 88.71 84.92 84.18 75.46 0.0019
(0.5, 0.0) 89.12 85.43 84.63 76.01 0.0016
(0.5, 0.5) 90.04 86.79 85.13 76.99 0.0013
(0.75, 0.5) 89.81 86.11 84.91 76.63 0.0015
(1.0, 0.5) 89.34 85.62 84.57 76.18 0.0018

4.3.3 Model Complexity

This section examines the computational characteristics of the proposed framework

compared with existing methods, including model size (in millions of parameters, M),

computational cost in GFLOPs (G), inference latency, throughput, and GPU memory usage.

Lightweight architectures such as MethaNet (M = 1.05, G = 0.08) and CH4Net (M =

0.21, G = 2.87) require relatively low computational resources; however, their segmentation

performance remains limited. Methods such as U-Plume (M = 1.94, G = 13.79) and

HyperSTARCOP (M = 6.63, G = 0.85) introduce moderate increases in complexity, but their

performance degrades under more challenging scenarios. Transformer-based approaches,

including Gasformer (M = 3.65, G = 9.95) and MethaneMapper (M = 78.65, G = 86.50),

provide improved segmentation outcomes, although this is accompanied by substantially

higher computational and memory requirements, leading to increased inference time.

FSDINet (M = 8.40, G = 6.34) offers competitive segmentation performance; however,

it incurs higher memory consumption and exhibits limitations in boundary delineation. In

contrast, the proposed ALKANE framework achieves a model size of M = 3.80 and compu-

tational cost of G = 5.25, which are lower than those of MethaneMapper and FSDINet. In

terms of runtime characteristics, ALKANE achieves an average inference latency of approxi-

mately 18.6 ms, corresponding to a throughput of 53.8 frames per second, while maintaining

a peak GPU memory usage of approximately 1.4 GB during inference. The training duration

is approximately 17 hours, compared to 22 hours for FSDINet under identical experimental

settings. These observations indicate that the proposed framework maintains a balanced

trade-off between computational cost and segmentation performance, making it suitable for

practical CH4 plume segmentation tasks.
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Table 4.5: Ablation study of key components on AVIRIS-NG dataset (Strong Plumes).

Components MP ↑ MR ↑ MF1 ↑ MIoU ↑ MFPR ↓ASFI EGCA
× × 85.42 79.68 80.25 70.35 0.0031
✓ × 87.34 81.59 82.23 73.15 0.0022
× ✓ 86.85 81.04 81.82 72.69 0.0025
✓ ✓ 90.04 86.79 85.13 76.99 0.0013

4.3.4 Ablation Study

The contribution of each proposed component is analyzed on the AVIRIS-NG dataset

through a series of controlled ablation experiments, as summarized in Tables 4.4, 4.5, and 4.6.

In this analysis, ASFI introduces spatial–frequency integration within the attention mecha-

nism, while EGCA performs channel-wise feature modulation along the skip connections.

As reported in Table 4.5, each component individually contributes to performance improve-

ment. In particular, EGCA reduces the influence of redundant spectral responses, whereas

ASFI enhances plume boundary delineation. When ASFI is removed, the model reduces

to a conventional SA formulation, resulting in a noticeable decline in performance, which

emphasizes the role of frequency-domain information. The complete ALKANE framework,

incorporating both ASFI and EGCA, achieves the highest overall performance, indicating

that these components provide complementary benefits.

Table 4.6: Impact of frequency-domain components in ASFI (Strong Plumes).

Frequency Components MP ↑ MR ↑ MF1 ↑ MIoU ↑ MFPR ↓Magnitude Phase
× × 86.85 81.04 81.82 72.69 0.0025
✓ × 88.15 83.22 83.01 74.60 0.0019
× ✓ 87.32 82.07 82.45 73.58 0.0021
✓ ✓ 90.04 86.79 85.13 76.99 0.0013

To further analyze the design of ASFI, the magnitude and phase components are evaluated

independently, as shown in Table 4.6. The use of either component alone improves perfor-

mance compared to the spatial-only baseline, while their combined utilization yields the

best results. This observation suggests that the magnitude component captures global struc-

tural characteristics of the plume, whereas the phase component preserves spatial alignment

and boundary continuity. Additionally, the sensitivity of EGCA to the adaptive kernel-size
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parameters in Eq. 4.16 is investigated. As presented in Table 4.4, moderate kernel sizes pro-

vide a balance between effective channel interaction and suppression of irrelevant responses,

whereas larger kernels do not consistently improve performance. Based on this empirical

evaluation, the default parameter setting (𝜂 = 0.5, 𝛽 = 0.5) is adopted for all experiments.

4.4 Summary

This chapter presented ALKANE, an attention-based framework designed for HSI CH4

plume segmentation. The proposed method addresses key challenges in HSI data, including

inter-band redundancy, weak plume signatures, and background interference, by integrating

spatial and spatial–frequency representations within a unified architecture. An SFT was

introduced to extend conventional SA by incorporating frequency-domain cues into the

feature interaction process. By embedding the ASFI module within the attention mechanism,

the model jointly utilizes magnitude and phase information to capture both structural patterns

and spatial continuity of CH4 plumes. This design enables improved representation of diffuse

plume regions and clearer delineation of plume boundaries.

To further refine feature propagation, an EGCA module was incorporated within skip con-

nections. This module selectively emphasizes spectrally relevant channels while suppressing

redundant responses, thereby improving feature fusion between encoder and decoder stages.

The proposed framework was evaluated on multiple datasets, including AVIRIS-NG, WV-3,

and EMIT, covering diverse sensing conditions. Experimental results demonstrated consis-

tent improvements over existing CNN-based and transformer-based approaches across both

strong and weak plume scenarios. Additional analyses, including ablation studies, confirmed

the complementary roles of ASFI and EGCA, as well as the importance of jointly modeling

magnitude and phase components. Cross-sensor evaluation further highlighted the model’s

ability to maintain performance under unseen spectral characteristics.

In summary, this chapter establishes the importance of integrating spatial and frequency-

domain representations along with selective feature fusion strategies for improved CH4

plume segmentation in hyperspectral imagery.
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Chapter 5

Supervised Contrastive Learning and
Inpainting for Hyperspectral Denoising

and Methane Plume Segmentation

5.1 Introduction

HSI captures rich spectral information across numerous contiguous wavelength bands,

enabling detailed characterization of materials and atmospheric constituents. This capability

makes HSI particularly valuable for environmental monitoring tasks such as CH4 plume

detection and analysis. However, HSI data are often degraded during acquisition due to

atmospheric interference, sensor noise, and photon-related distortions, which can obscure

subtle spectral signatures and degrade downstream processing (5; 6; 126; 127; 128).

Improving the quality of HSI data through denoising is therefore an essential prepro-

cessing step for CH4 plume segmentation (129). Traditional denoising methods rely on

handcrafted priors to model spatial and spectral correlations, but their performance is often

limited when applied to complex or unseen conditions (32; 130; 131). DL based meth-

ods have shown improved capability in learning joint spatial–spectral representations, yet

their performance is strongly influenced by the availability of large-scale annotated datasets

(11; 58; 60). In practice, acquiring clean and well-annotated HSI data is challenging, leading
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to limited training samples and reduced generalization in real-world scenarios (132; 133).

To address this limitation, CL has emerged as a representation learning strategy that

leverages relationships between samples by bringing similar instances closer while pushing

dissimilar ones apart in the feature space (40; 45). However, standard CL methods do not use

label information, which limits their effectiveness for supervised tasks such as denoising and

segmentation (87; 88). SCL extends this paradigm by incorporating class labels, enabling the

model to learn more discriminative representations by grouping samples of the same class

and separating different classes (86). Despite its success in HSI classification, its application

to HSI denoising and CH4 plume segmentation remains limited (38; 41; 42; 43; 44; 134).

In parallel, image inpainting provides a complementary perspective by reconstructing

missing or corrupted regions using contextual information (46). While inpainting has

been explored in HSI, it is typically treated as a standalone or auxiliary restoration task

(47; 48; 135). Its potential to support RL, particularly in generating structured variations

of data for contrastive objectives, has not been fully investigated. Motivated by these

observations, this chapter introduces a unified framework that combines SCL and inpainting

to improve HSID and CH4 plume segmentation. The key idea is to use inpainting to generate

meaningful variations of input data that preserve spatial–spectral consistency, which are then

leveraged within an SCL framework to enhance feature representation. By jointly integrating

these components, the proposed method encourages the model to better distinguish plume

structures from background noise while maintaining spectral integrity.

To this end, we propose AUGMENT (supervised contrAstive learning and inpainting for

hyperspectral denoising and methane plUme seGMENTation), a framework that incorpo-

rates contrastive representation learning with reconstruction-based objectives. This design

enables simultaneous learning of denoising and segmentation tasks while addressing the

challenge of limited training data in HSI. Our key contributions are as follows:

• We propose AUGMENT, a unified framework that integrates SCL and HSI inpainting

to enrich training data and improve spatial-spectral representation learning for HSI

analysis.

• We incorporate HSI inpainting within the SCL paradigm to generate structured vari-
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Figure 5.1: Overview of the proposed AUGMENT framework.

ations of input data. This integration enables the model to exploit contextual spatial-

spectral relationships and improves RL performance under limited training data.

• We demonstrate that the proposed framework can be integrated into existing HSID

pipelines and improves plume segmentation performance across diverse datasets and

sensing conditions.

5.2 Proposed Methodology

HSI plays an important role in improving data quality for downstream tasks such as CH4

plume segmentation. However, the presence of complex noise patterns and limited training

samples often limits deep models’ ability to learn meaningful spatial-spectral representations.

In such cases, relying solely on reconstruction-based objectives may not sufficiently constrain

the learning process. To address this, we introduceAUGMENT, which incorporates SCL along
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with inpainting-based augmentation to encourage consistent and informative feature learning

from noisy HSI (see Fig. 5.1).

Let 𝐼 denote a noisy HSI obtained by corrupting a clean image 𝐼 with additive noise 𝑁:

𝐼 = 𝐼 + 𝑁 (5.1)

where 𝐼, 𝐼, and 𝑁 ∈ R𝐻×𝑊×𝐵 share identical spatial and spectral dimensions. Here, 𝐻 and

𝑊 denote spatial dimensions, and 𝐵 represents the number of spectral bands. The objective

is to estimate a restored image 𝐼 from 𝐼 such that the underlying spatial-spectral structure is

preserved. This is achieved using a DNN, 𝐷 (·):

𝐼 = 𝐷 (𝐼) (5.2)

The restored representation is further utilized for CH4 plume segmentation, where discrimi-

native spatial-spectral features are required to separate plume regions from the background.

However, DNN models require large amounts of data to learn more effective features (39).

Unfortunately, there is a scarcity of image sample in the HSI domain. To improve fea-

ture learning under limited data conditions, we incorporate SCL along with inpainting-

driven augmentation. The overall objective combines a contrastive consistency term with a

reconstruction-based data fidelity term.

5.2.1 Contrastive Loss

To construct multiple views of the same input, three transformations are applied to 𝐼:

vertical flipping F (·), rotation 𝑟 (·), and masking 𝑚(·) (see Fig. 5.1). These generate

augmented samples 𝐼F , 𝐼𝑟 , and 𝐼𝑚. Although flipping and rotation are widely adopted

data augmentation techniques, within the proposed AUGMENT framework they play a more

specialized role for HSI. These transformations modify only the spatial arrangement of pixels

while preserving the spectral characteristics of each pixel, thereby retaining the inherent

spectral–spatial information present in HSIs. As a result, the SCL module is encouraged to

learn representations that remain consistent under geometric variations, improving feature
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robustness and generalization.

To further enrich the learning process, masking-based inpainting is incorporated as an

additional augmentation strategy. By masking localized spectral–spatial regions, the net-

work is required to reconstruct the missing information from the surrounding context. This

process promotes a deeper understanding of spectral–spatial dependencies and strength-

ens the model’s ability to capture meaningful contextual relationships. The combined use

of flipping, rotation, and inpainting, therefore, provides diverse yet structurally consistent

views of the same HSI sample, facilitating more effective CL while preserving the integrity

of the original data. Consequently, AUGMENT learns more discriminative and robust spec-

tral–spatial representations, leading to enhanced performance in both HSID and methane

plume segmentation tasks. Formally, these transformations can be expressed as follows:

5.2.1.1 Flipping

Vertical flipping is applied to alter the spatial arrangement of the HSI while preserving

its spectral information. This transformation reflects the image along the horizontal axis,

effectively reversing the order of rows. The flipped image is defined as:

𝐼F = F (𝐼) (5.3)

For a pixel located at spatial position (ℎ, 𝑤) in the 𝑏th spectral band, the transformed intensity

is given by:

𝐼F [ℎ, 𝑤, 𝑏] = 𝐼 [𝐻 − ℎ + 1, 𝑤, 𝑏] (5.4)

where 𝐻 denotes the image height. This transformation preserves the spectral signature of

each pixel while modifying its spatial position, encouraging the model to learn features that

are invariant to vertical shifts.

5.2.1.2 Rotation

Rotation is used to further diversify spatial configurations by rotating the HSI while

keeping spectral responses unchanged. In this work, we consider a rotation of 180◦, which
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corresponds to reversing both spatial dimensions. The rotated image is expressed as:

𝐼𝑟 = 𝑟 (𝐼) (5.5)

For a pixel at location (ℎ, 𝑤) in the 𝑏th band, the rotated intensity is computed as:

𝐼𝑟 [ℎ, 𝑤, 𝑏] = 𝐼 [2ℎ𝑐 − ℎ, 2𝑤𝑐 − 𝑤, 𝑏] (5.6)

where (ℎ𝑐, 𝑤𝑐) represents the center of the image. This transformation preserves the un-

derlying spatial-spectral structure while presenting it in a different orientation, enabling the

network to learn consistent representations under geometric variations.

5.2.1.3 Masking (Inpainting)

To further enrich the diversity of positive samples used in SCL, AUGMENT incorporates

a masking-based transformation to simulate missing or corrupted regions in HSIs. Unlike

geometric augmentations, masking introduces localized spectral-spatial occlusions, forcing

the network to recover the missing information from the surrounding context. This auxiliary

inpainting task encourages the learning of more discriminative and robust spectral-spatial

representations, which are beneficial for both HSID and CH4 plume segmentation.

Specifically, for each spectral band (b), (k) square patches of size (𝑚 × 𝑚) are randomly

selected, and the pixel values within these regions are replaced by the minimum intensity

value of the corresponding spectral band. The masked HSI (𝐼𝑚) is defined as:

𝐼𝑚 [ℎ, 𝑤, 𝑏] =


min(𝐼 [:, :, 𝑏]) if [ℎ, 𝑤] ∈ 𝑃𝑖
𝑏
, ∀𝑖 ∈ [1, 𝑘]

𝐼 [ℎ, 𝑤, 𝑏] otherwise
(5.7)

where (𝑃𝑖
𝑏
) denotes the set of pixel locations belonging to the (𝑖th) masked patch in

the (𝑏th) spectral band, and (min(𝐼 [:, :, 𝑏])) represents the minimum intensity value within

that band. By intentionally removing local information, the network is encouraged to infer

the missing spectral and spatial content from neighbouring regions, thereby strengthening

its ability to model contextual dependencies and inter-band correlations. Consequently,
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the learned representations become more robust to spectral distortions, noise, and incom-

plete observations. The original noisy image and its transformed variants are subsequently

processed by the denoising network, 𝐷 (·) to obtain their corresponding restored outputs:

𝐼F = 𝐷 (𝐼F ), 𝐼𝑟 = 𝐷 (𝐼𝑟), 𝐼𝑚 = 𝐷 (𝐼𝑚), (5.8)

where (𝐼F ), (𝐼𝑟), and (𝐼𝑚) denote the outputs corresponding to the flipped, rotated,

and masked inputs, respectively. It is important to note that flipping and rotation are

covariant transformations. A covariant transformation preserves the underlying semantic

and structural content of an image while altering its spatial arrangement or orientation (136).

Consequently, although the visual appearance changes, the intrinsic spectral information

remains unchanged. To establish pixel-wise correspondence between the denoised outputs

obtained from transformed inputs and those of the original input, the inverse transformations

are applied to the corresponding outputs. The aligned outputs are expressed as (𝐼F −1) and

(𝐼𝑟−1), respectively:

𝐼F −1 = F −1(𝐼F ), 𝐼𝑟−1 = 𝑟−1(𝐼𝑟). (5.9)

Unlike flipping and rotation, the masking operation does not preserve geometric corre-

spondence and is therefore not covariant. As a result, no inverse transformation is required

for the masked output. The main objective of AUGMENT is to ensure that the denoising

network produces consistent representations irrespective of the transformations applied to

the input. Ideally, a denoising model should generate equivalent restored outputs for the

same spectral content regardless of spatial orientation or localized occlusions. However,

in practice, DL models often exhibit epistemic uncertainty due to limited training data and

incomplete feature learning (132; 133). Such uncertainty may cause inconsistent predictions

when transformed versions of the same image are presented.

To alleviate this issue, AUGMENT incorporates SCL to explicitly encourage agreement

among the denoised outputs obtained from different transformed views. Flipping and rotation

promote orientation-invariant spectral-spatial representations, while masking encourages the

network to recover missing contextual information and strengthen feature discrimination.

This consistency objective is enforced through the contrastive loss (𝐿𝐶𝐿), defined as
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𝐿𝐶𝐿 = −
(
𝜆1 · sim(𝐼, 𝐼F −1) + 𝜆2 · sim(𝐼, 𝐼𝑟−1) + 𝜆3 · sim(𝐼, 𝐼𝑚)

)
(5.10)

where 𝜆1, 𝜆2, and 𝜆3 are weighting coefficients controlling the contribution of each

transformed view, and (sim(·, ·)) denotes the similarity measure between two denoised out-

puts. By maximizing agreement among multiple transformed representations, AUGMENT

encourages the learning of transformation-invariant spectral-spatial features, reduces epis-

temic uncertainty, and improves the robustness of the denoising process. Kindly note that

the weighting coefficients are set to (𝜆1 = 𝜆2 = 𝜆3 = 1
3 ), ensuring equal contributions

from flipping, rotation, and masking during contrastive optimization (see Sec. 5.4 for further

discussion).

5.2.2 Data Fidelity Loss

While the 𝐿𝐶𝐿 enforces consistency between the outputs corresponding to the original

and transformed inputs, it does not explicitly ensure that the restored image is close to the

underlying clean hyperspectral signal. In the context of HSID, such a constraint is essential

to preserve the true spatial-spectral characteristics, which directly influence downstream

CH4 plume segmentation performance.

To address this, we incorporate a data fidelity term that guides the network to reconstruct

outputs that are aligned with the ground-truth clean image 𝐼𝑔𝑡 . This loss enforces pixel-wise

and spectral consistency between the predicted outputs and the reference image. Formally,

the data fidelity loss 𝐿𝐷𝐹 is defined as:

𝐿𝐷𝐹 = −
(
𝛾1 · sim(𝐼F −1 , 𝐼𝑔𝑡) + 𝛾2 · sim(𝐼𝑟−1 , 𝐼𝑔𝑡) +

𝛾3 · sim(𝐼𝑚, 𝐼𝑔𝑡) + 𝛾4 · sim(𝐼, 𝐼𝑔𝑡)
)

(5.11)

where 𝐼 denotes the denoised output corresponding to the original input, while 𝐼F −1 , 𝐼𝑟−1 , and

𝐼𝑚 represent the outputs corresponding to flipped, rotated, and masked inputs, respectively.

The function sim(·, ·) measures similarity between two HSIs, capturing both spatial and

spectral agreement. The coefficients 𝛾1, 𝛾2, 𝛾3, and 𝛾4 control the relative contribution of

68



each term. In this work, all coefficients are set equally as:

𝛾1 = 𝛾2 = 𝛾3 = 𝛾4 =
1
4

as determined empirically (see Sec. 5.4). This formulation ensures that all augmented views

contribute to learning a representation that remains consistent with the clean signal, thereby

supporting both denoising quality and reliable plume delineation.

5.2.3 Total Loss

The overall training objective combines the contrastive consistency constraint and the

data fidelity term. The total loss is defined as:

𝐿𝑇 = 𝛼𝐿𝐶𝐿 + 𝐿𝐷𝐹 (5.12)

where 𝛼 balances the contribution of the contrastive loss. In this work, 𝛼 = 1, based

on empirical evaluation. The model parameters 𝜃 of the network 𝐷 (·) are optimized by

minimizing the total loss:

𝜃 = arg min
𝜃

𝐿𝑇 = arg min
𝜃

(𝐿𝐶𝐿 + 𝐿𝐷𝐹) (5.13)

By jointly optimizing these objectives, the proposed framework encourages consistent

representations across transformations while maintaining fidelity to the clean hyperspectral

signal, which is essential for subsequent CH4 plume segmentation.

5.3 Experimental Results

This section presents the experimental evaluation of the proposed AUGMENT framework

from two complementary perspectives. First, we investigate its effectiveness for HSID under

both synthetic and real-world noise conditions. Subsequently, we examine how the denoised

hyperspectral representations influence downstream CH4 plume segmentation performance

across multiple benchmark datasets.
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5.3.1 Hyperspectral Image Denoising

5.3.1.1 Dataset

To evaluate the denoising capability of the proposed AUGMENT framework, we utilize

the ICVL HSI dataset (102), which contains 201 images with 31 spectral bands and a

spatial resolution of 1392 × 1300. The dataset is divided into 100 images for training,

20 for validation, and the remaining for testing. All images are normalized to the range

[0, 1] prior to training. Following standard practices in HSID (32; 79), the images are

partitioned into spatial-spectral cubes. Specifically, patches of size 64 × 64 × 31 are used

during training, while larger patches of size 512 × 512 × 31 are used for testing. To further

examine generalization, we conduct experiments on real-world HSI datasets, including IP

(105), and PU (137). These datasets provide diverse spectral characteristics and acquisition

conditions, enabling evaluation under different real-world scenarios.

5.3.1.2 Noise settings

Real-world HSIs are commonly affected by multiple forms of degradation, including

dead pixels, Gaussian noise, impulse noise, and stripe noise (82; 107). To comprehensively

evaluate the denoising capability of the proposed AUGMENT framework, we generate noisy

hyperspectral observations using widely adopted synthetic noise models (60).

Specifically, two categories of noise settings are considered. The first category consists

of additive i.i.d. Gaussian noise with noise levels ranging from 10 to 70 in increments

of 20. The second category includes more challenging mixed-noise scenarios designed

to better approximate real-world hyperspectral degradations. These settings include: (1)

non-i.i.d. Gaussian noise, (2) mixed noise corruption, (3) Gaussian noise combined with

deadline noise, (4) Gaussian noise combined with impulse noise, and (5) Gaussian noise

combined with stripe noise. These diverse degradation settings enable detailed analysis

of the proposed framework under both controlled and complex noise conditions that are

frequently encountered in practical hyperspectral imaging systems.
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5.3.1.3 Implementation Details

All experiments are implemented using PyTorch and conducted on a system equipped

with an AMD Ryzen 5 5600X six-core CPU, 16 GB RAM, and an NVIDIA GeForce

RTX 3050 GPU. The proposed AUGMENT framework is trained using the AdamW optimizer

(108) with an initial learning rate of 1×10−4. During training, a batch size of 4 is employed,

and the network is optimized for 500 epochs. Unless otherwise stated, the same training

configuration is used across all experiments to maintain consistency during performance

evaluation.

5.3.1.4 Quantitative Metrics

Following established HSID protocols (79), we evaluate the performance of the proposed

AUGMENT framework using three widely adopted quantitative metrics, namely Peak Signal-

to-Noise Ratio (PSNR), Structural Similarity Index Measure (SSIM) (138), and Spectral

Angle Mapper (SAM) (139). Among these, PSNR and SSIM are utilized to measure spatial

reconstruction quality, while SAM evaluates spectral consistency between the restored and

reference HSIs. Higher PSNR and SSIM values indicate improved reconstruction quality,

whereas lower SAM values correspond to better preservation of spectral information.

1. Peak Signal-to-Noise Ratio (PSNR): PSNR measures the reconstruction fidelity

between the denoised image 𝐼 and the ground-truth image 𝐼𝑔𝑡 . It is computed as:

PSNR = 10 log10

(
𝑀𝐴𝑋2

MSE

)
(5.14)

where 𝑀𝐴𝑋 denotes the maximum possible pixel intensity value and MSE represents the

mean squared error between 𝐼 and 𝐼𝑔𝑡 , defined as:

MSE =
1

𝐻𝑊𝐵

𝐻∑︁
ℎ=1

𝑊∑︁
𝑤=1

𝐵∑︁
𝑏=1

(
𝐼 (ℎ, 𝑤, 𝑏) − 𝐼𝑔𝑡 (ℎ, 𝑤, 𝑏)

)2 (5.15)

2. Structural Similarity Index Measure (SSIM): SSIM evaluates structural similarity

between the denoised and reference images by jointly considering luminance, contrast, and
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structural information. It is defined as:

SSIM(𝐼, 𝐼𝑔𝑡) =
(2𝜇𝐼𝜇𝐼𝑔𝑡 + 𝑐1) (2𝜎𝐼 𝐼𝑔𝑡 + 𝑐2)

(𝜇2
𝐼
+ 𝜇2

𝐼𝑔𝑡
+ 𝑐1) (𝜎2

𝐼
+ 𝜎2

𝐼𝑔𝑡
+ 𝑐2)

(5.16)

where 𝜇, 𝜎2, and 𝜎𝐼 𝐼𝑔𝑡 denote the mean, variance, and covariance, respectively, while 𝑐1

and 𝑐2 are small constants used for numerical stability.

3. Spectral Angle Mapper (SAM): SAM measures spectral similarity by computing the

angular difference between the spectral signatures of the denoised and reference hyperspectral

pixels. It is defined as:

SAM =
1
𝐻𝑊

𝐻∑︁
ℎ=1

𝑊∑︁
𝑤=1

cos−1

(
𝐼𝑇
ℎ,𝑤
𝐼𝑔𝑡,ℎ,𝑤

∥𝐼ℎ,𝑤 ∥2 ∥𝐼𝑔𝑡,ℎ,𝑤 ∥2

)
(5.17)

where 𝐼ℎ,𝑤 and 𝐼𝑔𝑡,ℎ,𝑤 represent the spectral vectors corresponding to pixel location (ℎ, 𝑤)

in the denoised and reference HSIs, respectively.

Noisy HSID QRNN3D T3SC GRNet SST SERT IDEATION
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Figure 5.2: Visual comparison of denoising results on the ICVL dataset under Gaussian
noise with 𝜎 = 50.

5.3.1.5 Experimental results of simulated data

Gaussian Noise: To evaluate the denoising capability of the proposedAUGMENT framework,

zero-mean additive white Gaussian noise with different variance levels (𝜎) was introduced

into the HSIs. The quantitative comparisons are summarized in Table 5.1. In the table, the

term “w/o” denotes the original backbone networks trained using only standard augmentation

strategies, without incorporating the proposed AUGMENT framework. The obtained results
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Original Noisy LLRT NGMeet HSID

QRNN3D SST SERT UNFOLD OURS

Original Noisy LLRT NGMeet HSID

QRNN3D SST SERT UNFOLD OURS

Original Noisy HSID QRNN3D T3SC

GRNet SST SERT IDEATION

Figure 5.3: Comparison of reconstructed spectral signatures obtained by AUGMENT-
integrated baseline methods on the ICVL dataset under Gaussian noise (𝜎 = 50) at pixel
location (120, 120).

Table 5.3: SVM classification accuracy before and after HSI denoising.

Dataset Metric Noisy HSID-CNN QRNN3D T3SC GRNet SST SERT IDEATION

IP

OA (w/o) 71.25 83.31 84.38 85.62 78.66 87.01 88.17 90.89
OA (AUGMENT) 71.25 84.03 85.12 86.34 79.46 87.95 89.04 91.56
Kappa (w/o) 0.6696 0.8101 0.8228 0.8366 0.7560 0.8422 0.8628 0.8960
Kappa (AUGMENT) 0.6696 0.8209 0.8337 0.8458 0.7684 0.8531 0.8734 0.9028

PU

OA (w/o) 86.54 92.81 93.10 94.84 90.45 95.67 96.52 98.70
OA (AUGMENT) 86.54 93.47 93.81 95.50 91.02 96.28 97.29 99.24
Kappa (w/o) 0.8068 0.9167 0.9218 0.9330 0.8891 0.9376 0.9588 0.9770
Kappa (AUGMENT) 0.8068 0.9222 0.9273 0.9388 0.8954 0.9439 0.9652 0.9833

Note: “w/o” denotes the baseline denoising models without the proposed AUGMENT framework, while “AUGMENT” denotes the corresponding
models integrated with the proposed supervised contrastive learning and inpainting strategy.

indicate that integrating AUGMENT consistently improves the denoising performance of all

baseline methods across different noise levels. The improvements are evident in higher PSNR

and SSIM values and lower SAM values, indicating enhanced reconstruction quality in both

the spatial and spectral domains. Furthermore, the proposed framework is compatible with

various CNN- and Transformer-based denoising architectures, underscoring its applicability

as a generic auxiliary learning strategy for HSID.

The qualitative comparisons presented in Figs. 5.2 and 5.3 further support the quanti-

tative observations. Specifically, Fig. 5.2 illustrates the reconstructed visual outputs under

Gaussian noise, where the denoised images generated using AUGMENT preserve finer spatial

structures and reduce distortion artifacts more effectively than the baseline approaches. In

addition, Fig. 5.3 presents the spectral profile comparisons, which are important for evaluat-
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Figure 5.4: Visual comparison of denoising results on the ICVL dataset under different
complex noise.

ing spectral consistency after denoising. The spectral curves produced by AUGMENT remain

closer to the ground-truth signatures, demonstrating improved preservation of spectral char-

acteristics that are essential for subsequent hyperspectral analysis tasks.

The residual error maps shown in Fig. 5.5 provide additional insight into reconstruction

quality by highlighting the remaining errors after denoising. Compared with the baseline

methods, the residual maps corresponding to AUGMENT contain fewer structural distortions

and lower residual noise patterns. Furthermore, Fig. 5.6 presents false-color visualization

results for bands 4, 11, and 19 of the ICVL dataset under Gaussian noise (𝜎 = 50). The visual

comparisons demonstrate that the proposed framework more effectively preserves spatial

structures and spectral consistency while suppressing noise degradation across spectral

bands.
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Noisy HSID QRNN3D T3SC GRNet SST SERT IDEATION

Figure 5.5: Residual error maps of baseline and AUGMENT-enhanced denoising methods
on the ICVL dataset under Gaussian noise with 𝜎 = 50.

Table 5.4: Sensitivity analysis of AUGMENT integrated with IDEATION on the ICVL dataset
under Gaussian noise (𝜎 = 50). Bold values indicate the parameter configuration used in
the main experiments.

Parameters Metrics 0.1 0.2 0.25 0.3 0.33 / 0.25 0.35 0.4 0.5

𝜆 (𝛾 = 1
4 ) MPSNR (dB) 44.50 44.65 44.72 44.76 44.83 44.81 44.75 44.60

MSSIM 0.9965 0.9967 0.9968 0.9969 0.9970 0.9969 0.9968 0.9966

𝛾 (𝜆 = 1
3 ) MPSNR (dB) 44.55 44.66 textbf44.83 44.74 44.70 44.77 44.68 44.59

MSSIM 0.9966 0.9967 0.9970 0.9969 0.9968 0.9969 0.9967 0.9965

Note: The parameters 𝜆 and 𝛾 were varied independently while fixing the other parameter.
The highlighted values correspond to the final parameter setting adopted in AUGMENT.

Complex Noises: The denoising performance of the proposed AUGMENT framework un-

der complex noise conditions is reported in Table 5.2. As in the previous experiment, the

notation “w/o” denotes the baseline backbone networks trained without the proposed frame-

work, using only conventional augmentation strategies. Visual comparisons under different

complex noise conditions are presented in Fig. 5.4. The results demonstrate that AUGMENT

improves the reconstruction performance of all baseline methods under various complex

degradation scenarios, including non-i.i.d. Gaussian noise, Gaussian noise combined with

stripe noise, deadline noise, impulse noise, and mixed noise conditions. The improvements

are reflected through better spatial reconstruction and improved preservation of spectral

information across different corruption patterns.

In particular, traditional handcrafted methods often struggle in the presence of impulse

and mixed noise because such degradations severely disturb the spatial and spectral correla-

tions of hyperspectral data. Since these methods rely heavily on predefined assumptions and

manually designed priors, their performance degrades when the noise distribution becomes

highly irregular or spatially variant. In contrast, DL-based methods learn feature repre-

sentations directly from data and are therefore better suited for modeling complex degra-
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dation patterns. By incorporating SCL and inpainting-based augmentation, the proposed

AUGMENT framework further enhances feature discrimination and reconstruction consis-

tency. The masking-based inpainting strategy encourages the network to recover missing

spectral-spatial structures, while SCL promotes similarity among correlated representations.

Consequently, the framework produces denoised outputs with improved spatial clarity and

spectral consistency under challenging noise conditions.

Noisy HSID QRNN3D T3SC GRNet SST SERT IDEATION

Figure 5.6: False-color visualization of denoising results produced by baseline and
AUGMENT-enhanced methods on the ICVL dataset under Gaussian noise (𝜎 = 50), using
bands 4, 11, and 19 for RGB composition.

5.3.1.6 Experimental results of real data

To further examine the applicability of the proposedAUGMENT framework under practical

scenarios, experiments were conducted on real-world HSI datasets, namely IP and PU. The

PU dataset contains HSIs of spatial size 610 × 340 with 103 spectral bands, whereas the IP

dataset consists of 145×145 pixels with 220 spectral channels. Unlike synthetic experiments,

where individual noise types are artificially introduced in a controlled manner, real-world

HSIs generally contain multiple degradation sources simultaneously, including Gaussian

noise, impulse noise, stripe artifacts, and sensor-related distortions (140; 141). Consequently,

these datasets provide a more practical benchmark for evaluating the denoising capability of

HSI restoration methods under mixed-noise environments.

The qualitative denoising results are illustrated in Fig. 5.7, where the reconstructed

outputs for the noisiest spectral bands are presented. Specifically, bands 2, 101, and 205 are

considered for the IP dataset, while bands 3, 11, and 98 are selected for the PU dataset. The

visual comparisons demonstrate that the proposed AUGMENT framework suppresses noise

artifacts while preserving important spectral-spatial structures within the HSI data.

To further analyze the influence of denoising on downstream hyperspectral applications,

classification experiments were conducted before and after denoising. A SVM classifier
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Figure 5.7: Visual comparison of denoising results on the real-world IP and PU datasets.
The displayed bands correspond to (2, 101, 205) for IP and (3, 11, 98) for PU.

(142) was employed to maintain consistency across all experiments. The classification per-

formance was evaluated using OA and the Kappa coefficient. The classification maps for the

IP and PU datasets are shown in Fig. 5.8, while the quantitative comparisons are summarized

in Table 5.3. The obtained results indicate that integrating AUGMENTwith existing denoising

frameworks improves classification performance across both datasets. The improvements

in OA and Kappa values suggest that the proposed denoising strategy preserves meaning-

ful spectral-spatial information that is beneficial for subsequent hyperspectral interpretation

tasks.

5.3.1.7 Computational Complexity

The computational characteristics of the proposed AUGMENT framework were also ana-

lyzed by comparing the baseline backbone with and without the proposed training strategy.

The incorporation of AUGMENT increased the total training duration from approximately

79



Original Noisy NGMeetLLRT HSID QRNN3D SST SERT UNFOLD OURS

In
di

an
 P

in
es

Un
iv

er
sit

y 
of

 P
av

ia

Original Noisy HSID QRNN3D T3SC GRNet SST SERT IDEATION

Figure 5.8: Comparison of SVM-based classification outcomes on the PU and IP datasets,
highlighting the impact of AUGMENT on downstream HSI analysis.

Table 5.5: Ablation analysis of supervised contrastive learning within the proposed
AUGMENT framework under Gaussian noise on the ICVL dataset.

Settings 𝜎 = 30 𝜎 = 50 𝜎 = 70

PSNR SSIM PSNR SSIM PSNR SSIM
Baseline 44.84 0.9973 44.39 0.9968 43.46 0.9956
Baseline + Augmentation 45.12 0.9973 44.59 0.9969 43.59 0.9956
Baseline + AUGMENT 45.46 0.9976 44.83 0.9970 43.86 0.9958

Note: The table highlights the contribution of SCL and augmentation strategies within the
proposed AUGMENT framework. The best-performing configuration is highlighted in bold.

15 hours to 17 hours due to the additional SCL and inpainting operations performed dur-

ing optimization. However, the inference stage remained unaffected since the proposed

framework modifies only the training procedure and does not introduce additional opera-

tions during testing. The average inference time remained nearly identical at approximately

5.8 seconds for both configurations. Similarly, the computational complexity, measured

in GFLOPs, increased marginally from 141.5 to 143.3. These observations indicate that

the proposed framework introduces only limited additional computational overhead while

improving denoising performance.

5.3.1.8 Sensitivity Analysis

A sensitivity analysis was conducted to study the influence of the weighting parameters

𝜆 and 𝛾 used in the proposed objective function. The experimental results are summarized
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in Table 5.4. During the analysis, 𝜆 and 𝛾 were varied independently while fixing the other

parameter. For the parameter 𝜆, the values were varied from 0.1 to 0.5 while maintaining

𝛾 = 1/4. Similarly, for 𝛾, the same range of values was explored while fixing 𝜆 =

1/3. The quantitative results indicate that performance variations remain relatively small

across different parameter settings for both MPSNR and MSSIM. The highest reconstruction

performance was obtained when 𝜆 = 1/3 and 𝛾 = 1/4, and these values were therefore

selected for all experiments presented in this chapter. The observations from the sensitivity

analysis suggest that the proposedAUGMENT framework maintains consistent behavior across

a reasonably broad parameter range, indicating stable optimization characteristics during

training.

5.3.2 Hyperspectral Methane Plume Segmentation

5.3.2.1 Datasets

To evaluate the effectiveness of the proposed AUGMENT framework for hyperspectral

methane plume segmentation, experiments are conducted on three widely adopted remote

sensing datasets, namely AVIRIS-NG, WV-3, and EMIT. These datasets offer substantial

diversity in spectral, spatial, and sensor characteristics, enabling a comprehensive evalu-

ation of segmentation performance and cross-sensor generalization. Following the plume

categorization strategy adopted in recent methane plume detection studies (31; 77), methane

plumes with estimated emission rates greater than 1000 kg/h are categorized as strong

plumes, whereas plumes with lower emission rates are categorized as weak plumes. The

AVIRIS-NG dataset (120) contains HSI acquired over the spectral range of 380-2510 nm

with a spectral resolution of approximately 5 nm. Each scene has a spatial dimension of

512 × 512 pixels. Following the methodology described in (31), additional training anno-

tations are generated using methane plume masks obtained from the mag1c product (121),

which are subsequently refined through manual correction to improve annotation quality.

The resulting dataset contains 167,825 training patches of size 128 × 128 extracted with an

overlap of 64 pixels, together with 342 testing scenes of size 512 × 512.

For the WV-3 dataset, multispectral observations are synthetically generated by con-
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volving AVIRIS-NG hyperspectral measurements with the spectral response function of

the WorldView-3 sensor (122). The same preprocessing pipeline, data partitioning strat-

egy, and patch extraction procedure used for AVIRIS-NG are retained to ensure consistent

evaluation. In contrast to AVIRIS-NG, plume annotations are generated using SBMP ratio

products (123), following the protocol adopted in (31; 77). The EMIT dataset consists of

hyperspectral scenes collected over methane-emitting and non-emitting regions using the

EMIT imaging spectrometer. The dataset spans the spectral range of 400-2500 nm with

a spectral sampling interval of approximately 10 nm. Each scene has a spatial dimension

of 512 × 512 pixels and includes observations from 11 methane-emitting sites and 9 non-

emitting sites. Consistent with previous methane plume segmentation studies (31; 77), the

commonly adopted Level-1 reflectance representation is utilized for evaluation. The EMIT

dataset is used exclusively to assess zero-shot cross-sensor generalization without additional

fine-tuning.

5.3.2.2 Implementation Details

All experiments are implemented using PyTorch 2.6.0 with CUDA 12.4 on a workstation

equipped with an AMD Ryzen 5 5600X processor, 16 GB RAM, and an NVIDIA RTX 3050

GPU. The methane plume segmentation framework is optimized with the AdamW optimizer

and a batch size of 8 over 15 training epochs. The initial learning rate is set to 1 × 10−4 and

gradually decayed to 1×10−6 using a cosine annealing scheduling strategy. To supervise the

segmentation process, Binary Cross-Entropy (BCE) loss (124) is employed to quantify the

discrepancy between the predicted probability map and the corresponding binary ground-

truth mask.

To accommodate spectral variations among different sensors, we follow the preprocessing

strategies commonly adopted in methane plume segmentation literature (31; 77). Specifi-

cally, mag1c-based band representations are utilized for AVIRIS-NG, whereas SBMP-based

band representations are employed for WV-3. The preprocessing implementations for both

mag1c and SBMP representations follow publicly available standard protocols.1

In this chapter, the proposed AUGMENT framework is integrated into the methane plume
1https://github.com/spaceml-org/STARCOP
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Figure 5.9: Visual comparison of methane plume segmentation results on strong plumes
from the AVIRIS-NG dataset.
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Figure 5.10: Visual comparison of methane plume segmentation results on weak plumes
from the AVIRIS-NG dataset.

segmentation pipeline to investigate whether the augmentation-driven representation learn-

ing strategy can improve plume localization and segmentation robustness under varying

spectral and spatial conditions. Similar to the HSI denoising experiments, AUGMENT is

incorporated as a plug-and-play training strategy without modifying the inference-stage

architecture.
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Figure 5.11: Visual comparison of methane plume segmentation results on strong plumes
from the WV-3 dataset.
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5.3.2.3 Evaluation Metrics

To quantitatively evaluate methane plume segmentation performance, five widely adopted

evaluation metrics are considered, namely Mean Precision (MP), Mean Recall (MR), Mean

F1-score (MF1), Mean Intersection over Union (MIoU), and Mean False Positive Rate

(MFPR) (117). These metrics collectively evaluate detection accuracy, segmentation overlap

quality, and false alarm characteristics. The mathematical definitions of these metrics are

expressed as follows:

MP =
1
𝐶

𝐶∑︁
𝑖=1

𝑇𝑃𝑖

𝑇𝑃𝑖 + 𝐹𝑃𝑖
(5.18)

MR =
1
𝐶

𝐶∑︁
𝑖=1

𝑇𝑃𝑖

𝑇𝑃𝑖 + 𝐹𝑁𝑖
(5.19)

MF1 =
1
𝐶

𝐶∑︁
𝑖=1

2𝑇𝑃𝑖
2𝑇𝑃𝑖 + 𝐹𝑃𝑖 + 𝐹𝑁𝑖

(5.20)

MIoU =
1
𝐶

𝐶∑︁
𝑖=1

𝑇𝑃𝑖

𝑇𝑃𝑖 + 𝐹𝑃𝑖 + 𝐹𝑁𝑖
(5.21)

MFPR =
1
𝐶

𝐶∑︁
𝑖=1

𝐹𝑃𝑖

𝐹𝑃𝑖 + 𝑇𝑁𝑖
(5.22)

where 𝑇𝑃𝑖, 𝐹𝑃𝑖, 𝐹𝑁𝑖, and 𝑇𝑁𝑖 denote the true positives, false positives, false negatives, and

true negatives associated with the 𝑖th class, respectively, and 𝐶 represents the total number

of classes.

5.3.3 Comparative Analysis

To assess the effectiveness of the proposed AUGMENT framework, experiments are con-

ducted using several existing methane plume segmentation approaches, including CNN-

based methods such as MethaNet (70), U-Plume (72), CH4Net (71), HyperSTARCOP,

MultiSTARCOP (31), and FSDINet (77), as well as transformer-based methods including

Gasformer (35) and MethaneMapper (73).

For each baseline segmentation framework, experiments are performed both with and

without the proposed AUGMENT strategy to evaluate its contribution toward improving
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Figure 5.12: Visual comparison of methane plume segmentation results on weak plumes
from the WV-3 dataset.

methane plume segmentation performance. As in the HSI denoising experiments, the nota-

tion “w/o” denotes the original baseline models trained only with conventional augmentation

strategies, without incorporating the proposed AUGMENT framework. The comparison is

conducted through quantitative analysis using standard segmentation metrics, complemented

by qualitative visual inspection of segmentation outputs. Furthermore, cross-sensor gen-

eralization capability is examined by evaluating the trained models directly on the unseen

EMIT dataset without additional fine-tuning.

5.3.3.1 Quantitative Comparison

Tables 5.6, 5.7, and 5.8 present the quantitative comparison results obtained on the

AVIRIS-NG, WV-3, and EMIT datasets, respectively. The experimental results demonstrate

that integrating the proposed AUGMENT framework consistently improves methane plume

segmentation performance across both strong and weak plume categories. To ensure sta-

tistical consistency, all experiments are repeated five times using different random seeds

while preserving identical preprocessing steps, data partitions, and optimization settings.

The results indicate that incorporating AUGMENT improves Mean Precision, Mean Recall,

Mean F1-score, and Mean Intersection over Union, while reducing the Mean False Positive

Rate across different baseline architectures.

In particular, the proposed augmentation-driven representation learning strategy im-

proves segmentation networks’ ability to capture plume boundaries and preserve spatial

continuity, especially under challenging weak-plume conditions, where spectral responses

are relatively subtle. Moreover, the framework demonstrates enhanced robustness against

spectral variability and background interference, leading to improved generalization across
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Figure 5.13: Visual comparison of methane plume segmentation results on strong plumes
from the EMIT dataset.

Mag1c Groundtruth MethaNet U-Plume CH4Net HyperSTARCOP Gasformer MethaneMapper FSDINet ALKANE

A
U

G
M

EN
T

w
/o

 A
U

G
M

EN
T

Figure 5.14: Visual comparison of methane plume segmentation results on weak plumes
from the EMIT dataset.

different sensors and acquisition conditions. A segmentation-to-emission analysis conducted

on the AVIRIS-NG test set further demonstrates the practical applicability of the proposed

framework. The Pearson correlation coefficient between segmentation-derived emission

estimates and archival emission measurements indicates that the proposed augmentation

strategy effectively supports downstream methane emission quantification tasks.

5.3.3.2 Qualitative Comparison

Qualitative comparisons illustrated in Figs. 5.13, 5.14, 5.11, and 5.12 demonstrate that

the integration of AUGMENT produces more complete and spatially coherent plume regions

compared with baseline models trained without the proposed strategy. The segmentation

outputs generated using AUGMENT exhibit fewer false positives and false negatives while

preserving finer plume boundaries and structural continuity.

The visual results further indicate that the proposed framework effectively captures both

global contextual dependencies and fine-grained spatial structures, enabling robust methane

plume segmentation under challenging conditions such as weak plume scenarios and low-

resolution multispectral imagery.
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Table 5.9: Ablation analysis of different AUGMENT components under Gaussian noise on
the ICVL dataset.

Components 𝜎 = 30 𝜎 = 50 𝜎 = 70

Flip Rotation Inpainting PSNR SSIM PSNR SSIM PSNR SSIM
× × × 44.84 0.9973 44.39 0.9968 43.46 0.9956
✓ × × 44.98 0.9974 44.45 0.9968 43.49 0.9957
× ✓ × 44.91 0.9973 44.41 0.9968 43.45 0.9956
× × ✓ 45.12 0.9975 44.57 0.9969 43.60 0.9957
✓ ✓ × 45.03 0.9974 44.49 0.9968 43.55 0.9957
✓ × ✓ 45.22 0.9976 44.62 0.9969 43.75 0.9958
× ✓ ✓ 45.18 0.9975 44.59 0.9968 43.67 0.9958
✓ ✓ ✓ 45.46 0.9976 44.83 0.9970 43.86 0.9958

Note: The table presents the contribution of flipping, rotation, and inpainting modules within
the proposed AUGMENT framework. The best-performing configuration is highlighted in
bold.

5.3.3.3 Zero-Shot Generalization on EMIT

To evaluate the cross-sensor generalization capability of the proposed framework, the

trained models are directly tested on the EMIT dataset without performing any additional fine-

tuning. As shown in Table 5.8 and Figs. 5.13 and 5.14, integrating AUGMENT consistently

improves segmentation performance for both strong and weak methane plume categories.

Compared with the corresponding baseline models trained without AUGMENT, the aug-

mented frameworks achieve higher segmentation accuracy while maintaining lower false

positive rates. These observations demonstrate that the proposed augmentation-driven

learning strategy enables the segmentation networks to preserve robust plume represen-

tations even under unseen spectral and spatial distributions, thereby improving cross-sensor

generalization capability.

5.3.4 Model Complexity

The computational complexity of the methane plume segmentation frameworks is ana-

lyzed in terms of model parameters, computational cost, inference latency, throughput, GPU

memory consumption, and training duration. Since the proposed AUGMENT framework is

incorporated only during training, the inference-stage architecture remains unchanged. Con-

sequently, the average inference latency, throughput, and GPU memory consumption remain
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nearly identical to those of the original baseline models. Although incorporating AUGMENT

slightly increases overall training time due to additional augmentation and representation-

learning operations, the computational overhead remains relatively small compared with the

resulting improvements in segmentation performance. These observations demonstrate that

the proposed AUGMENT framework provides consistent performance gains while introducing

minimal additional computational complexity, making it suitable for practical hyperspectral

methane plume segmentation applications.

5.4 Ablation Studies

To analyze the contributions of different components within the proposed AUGMENT

framework, an ablation study was conducted with the IDEATION backbone under varying

Gaussian noise levels. The proposed framework generates augmented positive samples using

three transformation strategies, namely flipping, rotation, and masking-based inpainting. The

quantitative results corresponding to different component combinations are summarized in

Table 5.9. The first row of the table represents the configuration in which all transformation

components are disabled. In this setting, the backbone network is trained without the

proposed augmentation strategies, while the remaining optimization pipeline is preserved.

The obtained results indicate comparatively lower denoising performance when none of the

proposed transformations are utilized. When each component is introduced individually,

improvements can be observed in both PSNR and SSIM values. Furthermore, combining

multiple components leads to additional performance gains, while the highest reconstruction

quality is achieved when all three components are incorporated simultaneously within the

AUGMENT framework.

Among the individual transformations, masking-based inpainting contributes noticeably

to the overall improvement. This behavior can be attributed to the auxiliary reconstruction

objective introduced by masked regions, which encourages the network to recover missing

spectral-spatial information during training. Similarly, geometric augmentations such as

flipping and rotation assist the model in learning invariant spectral-spatial representations

under different orientations. The combination of these transformations therefore enables the
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network to learn more discriminative representations for hyperspectral reconstruction. The

proposed framework employs three key loss functions, 𝐿𝐶𝐿 , 𝐿𝐷𝐹 , and 𝐿𝑇 . The contrastive

loss (𝐿𝐶𝐿) enforces representation consistency between the original HSI and its transformed

counterparts generated through flipping, rotation, and masking operations. By maximizing

the similarity between these augmented representations, the framework encourages invariant

feature learning across different spatial transformations and masked conditions.

On the other hand, the data fidelity loss (𝐿𝐷𝐹) constrains the reconstructed outputs to

remain close to the clean ground-truth HSI. This objective ensures preservation of spectral-

spatial information during the denoising process. The weighting coefficients associated

with the contrastive loss were selected as 𝜆1 = 𝜆2 = 𝜆3 = 1
3 , such that equal importance

is assigned to the three transformation branches while maintaining balanced optimization

behavior. Similarly, for the data fidelity loss, the coefficients were chosen as 𝛾1 = 𝛾2 =

𝛾3 = 𝛾4 = 1
4 to equally balance the reconstruction constraints corresponding to the original

and transformed outputs. The final optimization objective is defined as 𝐿𝑇 = 𝛼𝐿𝐶𝐿 + 𝐿𝐷𝐹 ,

where 𝛼 = 1. Assigning equal importance to the contrastive and reconstruction objectives

enables balanced optimization between feature representation learning and hyperspectral

reconstruction quality. During experimentation, it was observed that increasing 𝛼 beyond 1

caused the optimization process to emphasize representation similarity excessively, which

negatively influenced reconstruction consistency. Conversely, using smaller values of 𝛼

reduced the influence of supervised contrastive learning, causing the overall behavior to

become similar to the baseline backbone models.

To further investigate the contribution of SCL, an additional ablation experiment was

performed and the results are reported in Table 5.5. Three different configurations were

considered: (B) the original baseline model without augmentation or contrastive learning,

(B + A) the baseline combined with augmentation strategies only, and (B + SCL) the com-

plete AUGMENT framework incorporating SCL. The results demonstrate that introducing

augmentation strategies alone improves the denoising performance compared with the base-

line configuration. However, incorporating SCL further improves the reconstruction quality

across all evaluated noise levels. These observations indicate that the performance improve-

ments are not solely caused by augmentation operations, but are additionally strengthened

92



through representation learning enabled by the supervised contrastive objective.

5.5 Summary

This chapter introduced AUGMENT, a unified augmentation-driven learning framework

designed to improve HSID and methane plume segmentation through SCL. The proposed

framework aims to learn more discriminative spatial-spectral representations by enforcing

consistency among multiple augmented views of the same hyperspectral sample, thereby

enhancing feature robustness and generalization. To achieve this objective, AUGMENT

integrates several augmentation strategies, including flipping, rotation, and inpainting, within

the SCL paradigm. In particular, the incorporation of HSI inpainting enables the generation

of structured and semantically meaningful variations of the input data, allowing the network

to better exploit contextual spatial-spectral relationships. This design is especially beneficial

under limited training data conditions, where learning robust representations remains a

challenging task.

Extensive experiments were conducted on both synthetic and real-world hyperspectral

datasets for denoising applications. Quantitative and qualitative results demonstrated that

integrating AUGMENT consistently improves the performance of a wide range of state-of-the-

art denoising methods under Gaussian and complex noise scenarios. Additional analyses,

including classification-based evaluation, sensitivity analysis, and ablation studies, further

confirmed the effectiveness of the proposed framework. The generality of AUGMENT was

further validated through methane plume segmentation experiments on the AVIRIS-NG,

WV-3, and EMIT datasets. By integrating the proposed framework into existing seg-

mentation architectures, consistent improvements were observed across multiple evaluation

metrics, including precision, recall, F1-score, and intersection-over-union. Moreover, the

framework enhanced segmentation quality for both strong and weak methane plumes while

improving cross-sensor generalization performance under diverse sensing conditions.

Overall, the results presented in this chapter demonstrate that AUGMENT functions as

a versatile plug-and-play framework that can be seamlessly incorporated into existing HSI

analysis pipelines. By combining SCL with augmentation-driven representation learning and
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hyperspectral inpainting, the proposed framework effectively improves denoising accuracy,

strengthens methane plume segmentation performance, and promotes robust spatial-spectral

feature learning across a variety of hyperspectral sensing applications.
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Chapter 6

Conclusion and Future Work

This work has focused on advancing HSI analysis by developing DL frameworks for

HSI denoising, CH4 plume segmentation, and spatial-spectral representation learning. With

the increasing availability of hyperspectral remote sensing data and the growing need for

accurate environmental monitoring, there is a strong demand for methods that can effectively

handle noise, exploit spectral-spatial information, and reliably detect methane emissions.

However, challenges such as complex noise distributions, high inter-band redundancy, weak

plume signatures, and limited training data continue to restrict the performance of existing

approaches.

The contributions of this work span three major research directions, each addressing a

different challenge in HSI analysis:

• Hyperspectral Image Denoising: We proposed IDEATION, a hybrid denoising

framework that integrates 3D CNNs, 3D Transformer-based feature extraction, and 3D

U-Net architecture. The framework jointly captures local spatial-spectral characteris-

tics and global contextual dependencies, enabling effective restoration of hyperspectral

images under complex and mixed noise conditions.

• Methane Plume Segmentation: This work introduced ALKANE, a frequency-aware

Transformer framework for methane plume segmentation from hyperspectral imagery.

By jointly exploiting spatial, spectral, and spatial-frequency representations, the frame-

work improves plume localization, boundary delineation, and detection performance
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for both strong and weak methane plumes across different sensing environments.

• Supervised Contrastive Learning and Inpainting-based Representation Learn-
ing: We proposed AUGMENT, a unified framework that integrates supervised con-

trastive learning and HSI inpainting with hyperspectral image denoising and methane

plume segmentation. The framework enhances spectral-spatial representation learning

through structured augmentations and contextual reconstruction, leading to improved

denoising and downstream plume segmentation performance, particularly with limited

training data.

Each proposed framework was extensively evaluated across multiple publicly available

hyperspectral datasets acquired under varying sensing conditions. The experimental results

demonstrate that it is possible to develop accurate, robust, and generalizable models by

effectively leveraging complementary spatial, spectral, contextual, and frequency-domain

information. One of the key observations throughout this work is that incorporating comple-

mentary learning paradigms consistently improves performance. While IDEATION benefits

from combining CNN and Transformer-based feature extraction, ALKANE demonstrates the

advantages of integrating spatial and frequency-domain representations for plume segmen-

tation. Similarly, AUGMENT highlights the effectiveness of SCL and inpainting-based

augmentation for learning discriminative spectral-spatial representations. These findings

emphasize the importance of robust representation learning for HSI analysis tasks.

Despite the promising results, several limitations remain. First, the proposed frameworks

have primarily been evaluated on benchmark datasets, and their performance on large-scale

operational deployments remains to be investigated. Second, the computational complexity

associated with deep Transformer-based architectures may pose challenges for real-time

applications and resource-constrained platforms. Third, accurately identifying extremely

weak methane plumes under highly complex environmental backgrounds remains a difficult

problem requiring further research. This work opens several promising directions for future

investigation:

• Self-Supervised and Foundation Model Learning: Future research may explore

self-supervised learning and foundation-model paradigms to reduce dependence on
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labeled hyperspectral datasets and improve cross-sensor generalization.

• Joint Optimization of Denoising and Segmentation: Developing end-to-end frame-

works that simultaneously perform hyperspectral image denoising and methane plume

segmentation may further enhance downstream performance.

• Multimodal Remote Sensing Analysis: Integrating hyperspectral imagery with com-

plementary modalities such as thermal, multispectral, or LiDAR data could provide

richer scene understanding and improve methane monitoring capabilities.

• Efficient Deployment: Future studies may investigate lightweight architectures,

model compression techniques, and hardware-aware optimization strategies to enable

deployment on edge devices and real-time monitoring systems.

• Advanced Representation Learning: Further exploration of contrastive learning,

masked modeling, generative learning, and frequency-domain feature learning may

lead to more robust and transferable spectral-spatial representations.

In conclusion, this work contributes toward advancing HSI analysis by addressing three

interconnected challenges: HSI denoising, methane plume segmentation, and representation

learning. Through the development of IDEATION, ALKANE, and AUGMENT, this work

demonstrates how spatial-spectral learning, frequency-domain analysis, and SCL can be

effectively combined to improve the quality and reliability of HSI understanding. The

methodologies presented in this work provide a foundation for future research to develop

accurate, robust, and scalable solutions for remote sensing and environmental monitoring

applications.
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