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Abstract

Hyperspectral images (HSI) capture the full electromagnetic spectrum for each pixel
in a scene. They often hold hundreds of channels per pixel, providing significantly
more information compared to a comparably sized RGB color image. As the cost of
obtaining these images decreases, there is a need to create effective ways for storing,
transferring, and interpreting hyperspectral data. In this thesis, we develop several
neural compression-based methods for hyperspectral images. Our methodology re-
lies on transforming hyperspectral images into implicit neural representations (INR),
specifically neural functions that establish a correspondence between coordinates and
features. We use a multilayer perception (MLP) network with sinusoidal activation
functions that “learns” to map pixel locations to pixel spectrum for a given hyper-
spectral image. This representation thus acts as a compressed encoding of this im-
age, and the original image is reconstructed by evaluating this network at each pixel
location. In the other variation of using implicit neural representation to compress
hyperspectral images, a sampling scheme is introduced to achieve better compression
times while keeping decoding errors low. In our other method, instead of explicitly
saving the weights of the implicit neural representation, the modulations that are ap-
plied to a base network that has been meta-learned are recorded. These modulations
serve as a compressed coding for the hyperspectral image. An assessment of the pro-
posed approach was conducted using four benchmarks: Indian Pines, Jasper Ridge,
Pavia University, and Cuprite. The proposed method is evaluated against sixteen
other schemes ((1) JPEG, (2) JPEG2000, (3) PCA-DCT, (4) PCA-JPEG2000, (5) MPEG,
(6) X264, (7) X265, (8) PCA-X264, (9) PCA-X265, (10) FPCA-JPEG2000, (11) 3D-DCT,
(12) 3D-DWT-SVR, (13) WSRC, (14) HEVC, (15) RPM, and (16) 3D-SPECK.) for hyper-
spectral image compression, and according to the Peak Signal-to-Noise Ratio (PSNR)

and Structural Similarity Index Measure (SSIM) metrics, the method developed in this
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study achieves state-of-the-art compression rates at low-bit rates. We also used a large
hyperspectral image dataset, compressed it using our methods, and compared our
results with JPEG and MPEG. Finally, we conducted task-aware hyperspectral image
compression, in which regions are chosen according to a task, and hyperspectral im-

ages are compressed using our proposed method.

Keywords: hyperspectral image compression; implicit neural representations; task-

aware compression; meta networks
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Chapter 1

Introduction

Hyperspectral images capture the electromagnetic spectrum per pixel, in contrast to
color images, which typically record three values per pixel, or grayscale images, which
record a single intensity value per pixel [Goetz et al., 1985]. As a result, each pixel
in a hyperspectral image has tens or even hundreds of values that correspond to re-
ectance measurements made at different frequency bands. Consequently, compared
to grayscale or color images, hyperspectral images present more opportunities for ob-
ject detection, material identi cation, and scene analysis. It is not surprising that hy-
perspectral images have found widespread use in elds like remote sensing, biotech-
nology, crop analysis, environmental monitoring, food production, medical diagnosis,

pharmaceutical industry, mining, and oil and gas exploration, among others.

The capture, storage, processing, and transmission costs of hyperspectral images
continue to be high. Hyperspectral sensors are expensive. A typical hyperspectral
image requires an order of magnitude more storage space than that needed to store a
typical color image that has the same spatial resolution. Thus, there is signi cant inter-
est in the community in developing ef cient methods for capturing, storing, sending,

and analyzing hyperspectral data.
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1.1 Thesis Focus

This thesis examines the issue of hyperspectral image compression, demonstrating
its crucial role in reducing storage and transmission costs by leveraging neural im-
plicit representations. Speci cally, the thesis introduces novel compression methods
that optimize storage ef ciency while preserving spectral delity, as validated through

benchmark experiments.

1.2 Applications

Hyperspectral imaging (HSI) is a powerful technology that captures spatial and spec-
tral information across hundreds of narrow, contiguous frequency bands. Unlike con-
ventional imaging, which relies on broad spectral bands (e.g., RGB), HSI provides
detailed spectral signatures that enable precise material identi cation, environmental
monitoring, industrial inspection, and medical diagnostics [Kruse and Perry, 2009].
HSI allows us to combine spectral and spatial information, offering unparalleled ca-
pabilities in detecting, classifying, and mapping materials with high accuracy.

HSI's unique ability to capture rich spectral information across the electromagnetic
spectrum—ifrom the visible (VIS) and near-infrared (NIR) to the short-wave infrared
(SWIR) and beyond—enables applications in agriculture, remote sensing, mineral ex-
ploration, healthcare, and security. This section explores the fundamental principles

of hyperspectral imaging, highlighting its core features and real-world applications.

1.2.1 Agriculture & Farming

In precision agriculture, hyperspectral sensors on satellites or drones analyze crop
health by detecting subtle spectral variations in nutrient levels, water stress, and dis-

ease presence [Lu et al., 2020]. Farmers can make data-driven decisions on fertilizer
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application, irrigation, and pest control, optimizing resources while increasing yield

[Madani and Mclsaac, 2021].

1.2.2 Mineral Exploration

Similarly, in mineral exploration, HSI enables the detection of mineral deposits and
geological compositions by analyzing their unique spectral re ectance properties. In-
stead of relying on intrusive geological surveys and drilling, geologists can map mineral-
rich areas remotely, optimizing resource extraction and reducing costs [Wolfe and

Black, 2018].

1.2.3 Industrial Quality Control

In industrial applications, hyperspectral sensors enhance quality control in manufac-
turing by identifying contaminants, assessing product consistency, and detecting de-
fects in pharmaceuticals, textiles, and food products. Even minor spectral deviations
may indicate spoilage, chemical inconsistencies, or defects, ensuring high manufac-

turing standards [Kruse and Perry, 2009].

1.2.4 Environment Monitoring

Hyperspectral imaging plays a crucial role in environmental monitoring and land

use classi cation. By analyzing spectral characteristics, HSI can distinguish between
forests, water bodies, and urban areas, facilitating long-term studies on deforestation,
urban expansion, and climate change [Sommer et al., 1998]. Additionally, hyperspec-
tral sensors can detect oil spills, monitor water quality, and assess pollution levels by

identifying spectral anomalies in water bodies [Bansod et al., 2018].
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1.2.5 Security & Defense

In security and defense, hyperspectral imaging enables threat detection, surveillance,
and hazardous material identi cation. Since explosives, concealed weapons, and toxic
substances have unique spectral signatures, hyperspectral sensors can detect these
materials even if disguised or hidden, improving border security and airport screen-

ing [Vishnu et al., 2013].

1.2.6 \ehicle Safety

In autonomous navigation, self-driving vehicles use hyperspectral imaging to classify
road surfaces, lane markings, and obstacles. By distinguishing between pavement,
ice, or water through spectral differences, hyperspectral imaging enhances safety in

changing environmental conditions [Feng et al., 2019].

1.2.7 Biomedical & Healthcare

HSI has emerged as a valuable tool in medical diagnostics and surgical guidance.
The ability to differentiate healthy and diseased tissues based on spectral properties
enhances non-invasive disease detection and precision surgery [Madani and Mclsaac,
2021].

In cancer diagnostics, hyperspectral imaging enables early-stage tumor detection
by identifying subtle spectral differences between normal and malignant tissues [Fei,
2019]. Unlike traditional biopsy-based methods, hyperspectral imaging offers real-
time, non-invasive analysis, aiding in early intervention and improved patient out-
comes.

Furthermore, in wound assessment and infection monitoring, hyperspectral imag-
ing provides insights into tissue oxygenation, blood ow, and healing progress. Stud-

ies have explored its feasibility in assessing burn injuries, diabetic ulcers, and skin
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disorders, offering objective and quantitative assessments for medical professionals

[Madani and Mclsaac, 2021].

1.2.8 Food Safety

Hyperspectral imaging is revolutionizing food quality assessment and forensic inves-
tigations. In food safety, HSI detects spoilage indicators, contaminants, and nutritional
content in fruits, vegetables, and packaged products [Liu et al., 2017]. By analyzing
spectral properties, manufacturers can ensure higher quality control and reduced food

waste.

1.2.9 Crime Scene Forensics

In forensics, hyperspectral imaging aids in crime scene analysis, trace evidence de-
tection, and ngerprint analysis. Since different materials (e.g., blood, drugs, bers)

re ect light uniquely, hyperspectral imaging provides detailed spectral differentiation
that enhances forensic accuracy [Edelman et al., 2012]. This technology is increasingly
used in law enforcement and counter-terrorism efforts to identify substances and re-

construct crime scenes with high precision.

Crane et al [Crane et al., 2007] showcase the capability of infrared hyperspectral
imaging (IR HSI) in detecting latent, untreated ngermarks on a variety of porous sur-
faces, including copier paper, cigarette butt paper, U.S. dollar bills, and postcards, as
well as non-porous surfaces such as trash bags, soda cans, and tape [Crane et al., 2007].
Notably, ngermarks on the soda can, and black trash bag were distinctly visible when
examining the intensity band image at 9842 nm, corresponding to the asymmetric O-

C-C stretch in esters (see Fig. 1.1).
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Figure 1.1: Cut and attened Dr. Pepper soda can with a deposited ngermark. (A)
The soda can be imaged using a document scanner. (B) An infrared image of the
highlighted area was generated by mapping the band intensity at 9842 nm. Adapted

from [Crane et al., 2007].
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1.2.10 Future Applications

One of HSI's key strengths is its ability to capture data across a broad spectral range,
from visible (400 to 700 nm) to near-infrared (700 to 1000 nm) and short-wave infrared
(1000 to 2500 nm). Different spectral regions provide information on the biological,

chemical, and physical properties of materials:

* Visible (400-700 nm): Captures data in the human-perceivable spectrum for easy

interpretation;

* Near-infrared (700-1000 nm): Useful for detecting plant health, organic materi-

als, and moisture content; and

» Short-wave infrared (1000—2500 nm): Provides information on mineral compo-

sition, industrial contaminants, and chemical compounds.

The ability to collect detailed spectral data across multiple wavelengths makes hyper-
spectral imaging highly adaptable for diverse industrial, scienti ¢, and security ap-
plications. The area that investigates this makes hyperspectral capture, storage, and

analysis offer exciting opportunities for knowledge generation.

1.3 Hyperspectral Image Compression

Figure 1.2 is a cube image taken by the AVIRIS satellite of the Jet Propulsion Labora-
tory (JPL) above Moffett Field in California. The false-color image on top of Figure
1.2 depicts a complex structure in the water and evaporation ponds to the right. The
Moffett Field airport is also visible on the top of the cube.

Figure 1.3 illustrates the storage requirements for different image types: RGB, Mul-
tispectral, and Hyperspectral. As shown, hyperspectral images require substantially

more storage space than RGB and multispectral images due to the vast number of
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Figure 1.2: The JPL's AVIRIS hyperspectral data cube provided on a NASA ER-2 plane
over Moffett Field. The top layer represents a pseudocolor visualization of the scene,
while the stacked layers illustrate the multiple spectral bands that compose the hyper-
spectral image, capturing detailed spectral information across different wavelengths.

spectral bands captured in hyperspectral imaging. While an RGB image typically con-
tains only three bands (red, green, and blue), hyperspectral images can have hundreds
of bands, providing much richer spectral information but at the cost of increased data
size. This makes ef cient compression techniques particularly important for hyper-
spectral image storage and transmission. In comparison, multispectral images, which
capture a moderate number of bands, require more storage than RGB images but sig-
ni cantly less than hyperspectral data. This Figure underscores the need for opti-
mized compression methods for hyperspectral images to manage their large storage

demands.

1.4 Thesis Contributions

Learning-based compression techniques have seen a recent rise in interest. To learn
compact representations of the input signals, for instance, autoencoders [Hinton and
Zemel, 1993] and rate-distortion autoencoders [Alemi et al., 2018, Balle' et al., 2017]
have been employed. In this situation, the compressed representation of the input
signal is provided by the network weights in conjunction with the signal signature,

which is the latent representation in the case of autoencoders. Simultaneous studies
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Figure 1.3: Comparison of storage requirements for different image types (RGB, Multi-
spectral, and Hyperspectral). Hyperspectral images require signi cantly more storage
space due to their high spectral resolution and large number of spectral bands, while
RGB images use the least storage space as they contain only three bands.
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are investigating the application of Implicit Neural Representations (INRS) in signal

compression.

INRs are particularly well-suited to describe data that lives on an underlying grid.
These are able to capture complex patterns and connections between the data without
the need for explicit parameterization of the grid structure. Speci cally, INRs learn a
mapping between the grid coordinates and the related data values (e.g., a mapping be-
tween pixel location to its spectrum) [Strimpler et al., 2022]. Mathematically, consider
a hyperspectralimage | 2 R" W ¢ where h, w, and cdenote the height, width, and the
number of channels, respectively. The goal is to learn a function fq : (X,y) 7! I [x,Y],
where (x,y) denote pixel coordinates and | [x,y] 2 R€ denotes the pixel spectrum. Q,
which serves as an encoding for the image I, denotes the function parameters. The

original image can be reconstructed given Q by evaluating fg at[1,h] [1,w].

This thesis presents the rst comprehensive study that explores the use of Im-
plicit Neural Representations for hyperspectral image compression. While INRs have
been previously applied to natural images, their potential in the context of high-
dimensional spectral data has remained largely unexplored. This thesis not only
demonstrates the feasibility of using INRs for encoding and reconstructing hyperspec-
tral images, but also provides a systematic analysis of their performance under vary-
ing compression constraints. The proposed method introduces a novel perspective on
hyperspectral image compression, positioning INRs as a viable and ef cient alterna-
tive to both traditional and learning-based approaches. By leveraging the continuous
nature of coordinate-based mappings, the method enables high-quality reconstruction
from compact model parameters, signi cantly reducing the storage and transmission

burden associated with hyperspectral data.

These contributions provide a comprehensive framework for hyperspectral image
compression, addressing key challenges such as encoding ef ciency, spectral delity,

and task-aware optimization. By leveraging implicit neural representations, meta-
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learning, and adaptive compression strategies, this work offers practical and scal-
able solutions for reducing hyperspectral data volume while maintaining high recon-

struction quality. The proposed approaches are evaluated across multiple benchmark
datasets, demonstrating their effectiveness compared to conventional and learning-
based methods. The following sections delve deeper into the theoretical foundations

and practical bene ts of using INRs for hyperspectral image compression.

1.4.1 Bene ts of Using INRs

Using INRs to encode hyperspectral images offers the following advantages. (1) Flex-
ibility: Implicit neural representations can accurately represent complex and irregular
grids or surfaces. Contrary to explicit grid-based representations, which require the
explicit de nition of the grid structure, implicit representations can adjust to the data
without imposing strict grid limitations. (2) Generalization ability: Implicit neural
representations exhibit strong generalization capabilities to previously unknown data
items. They have the ability to catch complex patterns in the data, enabling extrapo-
lation beyond the recorded grid points. This is especially advantageous when work-
ing with data that is sparsely or irregularly collected. (3) Computational ef ciency
and scalability: Implicit representations can offer computational ef ciency, particu-
larly when dealing with high-dimensional data or huge grids. Instead of explicitly
storing or computing values for each grid point, they can generate values on demand
by evaluating neural networks. Additionally, implicit representations provide excel-
lent scalability in high-dimensional spaces. The complexity of explicit grid-based ap-
proaches frequently increases dramatically as the dimensionality of the underlying
grid increases. On the other hand, implicit representations are capable of properly
managing data with a large number of dimensions. (4) Smoothness and continuity as-
sumptions: Implicit neural representations have the ability to depict smooth and un-

interrupted changes in the data accurately. Describing phenomena that demonstrate
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progressive variations throughout the grid is advantageous because neural networks
naturally smooth out the representations they learn. Lastly, (5) learnable representa-
tions: Implicit representations can be learned directly from data. Neural networks can
be trained using optimization approaches to accurately capture the underlying pat-
terns in the grid-based data, enabling the identi cation of intricate relationships and
features. In summary, implicit neural representations offer a powerful framework
for encoding grid-based data, providing exibility, strong generalization capabilities,
computational ef ciency, scalability, and the ability to capture smooth and continuous

variations in the data.

1.4.2 Contribution 1: HSI Compression using INR

In Chapter 4, we investigate the use of INRs for hyperspectral image compression and
show that it is possible to achieve high rates of compression while maintaining ac-
ceptable Peak Signal-to-Noise Ratio (PSNR) values. Figure 1.4 provides an overview
of the proposed compression and decompression pipeline. We evaluate the proposed
approach on four benchmarks (1) Indian Pines, (2) Jasper Ridge, (3) Pavia University,
and (4) Cuprite—and show that at comparable bits-per-pixel-per-band values, our
method achieves better PSNR values than those posted by three popular hyperspec-
tral image compression schemes—(1) JPEG [Good et al., 1994, Qiao et al., 2014], (2)
JPEG2000 [Du and Fowler, 2007], and (3) PCA-DCT [Nian et al., 2016]—at comparable
bits-per-pixel-per-band values. The results con rm that our method achieves better
PSNRs at low compression rates than those obtained by other methods.

Additionally, in the second part of this Chapter 4, we propose a sampling tech-
nique to speed up the encoding process and show that sampling achieves faster com-
pression times while achieving PSNR values similar to those obtained when the im-
age is encoded without sampling. In this part, We again evaluate the proposed ap-

proach on four benchmarks (1) Indian Pines, (2) Jasper Ridge, (3) Pavia University,
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and (4) Cuprite. Speci cally, we evaluate the proposed approach against (1) JPEG,
(2) JPEG2000, (3) PCA-DCT, (4) PCA-JPEG2000 [Kwan and Larkin, 2019, Kwan et al.,
2019b, Kwan et al., 2019a] (5) MPEG [Le Gall, 1991], (6) X264 [Kwan and Larkin,
2019, Kwan et al., 2019b, Kwan et al., 2019a], (7) X265 [Kwan and Larkin, 2019, Kwan
et al., 2019b, Kwan et al., 2019a], (8) PCA-X264 [Kwan and Larkin, 2019, Kwan et al.,
2019b, Kwan et al., 2019a], (9) PCA-X265 [Kwan and Larkin, 2019, Kwan et al., 2019b,
Kwan et al., 2019a], (10) FPCA-JPEG2000 [Mei et al., 2018], (11) 3D-DCT [Yadav and
Nagmode, 2018], (12) 3D-DWT-SVR [Zikiou et al., 2020], (13) WSRC [Ouahioune et al.,
2021], (14) HEVC [Sullivan et al., 2012], (15) RPM [Paul et al., 2016], and (16) 3D-
SPECK [Ngadiran et al., 2010]. This listincludes both the so-called classical approaches

and the more recent learning-based methods.

1.4.3 Contribution 2: Meta-Learned Based Network

In another study in Chapter 5, Hyperspectral Image Compression using Implicit Neu-
ral Representation and Meta-Learned Based Network, we recognize and resolve a
number of issues with our previous work [Rezasoltani and Qureshi, 2023a, Reza-
soltani and Qureshi, 2023b] and develop and implement an approach for hyperspec-
tral neural compression. More precisely, we address the following problems with
the previous work: 1. Encoding is time-consuming: it can take an hour or more to
compress a hyperspectral image, depending on the image size; 2. It does not exploit
the shared structure: since each hyperspectral image is compressed separately, net-
works do not share any information between themselves. We deal with these prob-
lems by: 1. Reducing encoding time by more than two orders of magnitude through
meta-learning, 2. Utilizing a base network to encode shared structures across images,
applying modulations to adapt it to speci c image data. A visual overview of the
proposed method, showing how the parameters of the neural networks are stored as

compressed images, is provided in Figure 1.5. Figure 1.6 also provides an overview of
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Figure 1.5: The proposed method represents hyperspectral images using implicit neu-
ral representations, where a neural network learns a function that maps image co-
ordinates to pixel values. Instead of storing the full network weights, our approach
compresses the image by recording a set of modulations applied to a meta-learned
base network, resulting in a highly ef cient and compact representation.

the proposed compression pipeline.

We assess the suggested methodology using four benchmarks. Our solution out-
performs nine prominent hyperspectral image compression algorithms in terms of
Peak Signal-to-Noise Ratio (PSNR) values for the Indian Pines, Jasper Ridge, Pavia
University, and Cuprite datasets. Image compression techniques, namely JPEG, JPEG2000,
PCA-DCT, MPEG, X264, X265, PCA-X264, PCA-X265, and PCA-JPEG2000 methods
are compared in terms of their bits-per-pixel-per-band (bpppb) values.

In this study in Chapter 5, we also use a substantial dataset to evaluate the ef cacy
of our proposed meta-learned compression technique. This dataset, totaling 28.2 GB
with dimensions of 4192 by 6708 pixels across 270 channels, allows us to rigorously
test the scalability and effectiveness of our method in handling high-dimensional data.

To effectively manage the complexity inherent in such large images, we implement a
novel approach by partitioning each image into 7 by 7 grids, with dedicated networks

to compress each row based on its unique properties. This design not only facilitates
progressive compression but also ensures that image quality is preserved through-
out the compression process. Our comparative analysis against existing methods, in-
cluding JPEG and MPEG, highlights the competitive performance of our approach, as
evidenced by the achieved Peak Signal-to-Noise Ratio (PSNR) and signi cant reduc-

tions in bits per pixel per band (bpppb). Ultimately, the exibility and adaptability of
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Figure 1.6: The compression pipeline used in the proposed method. The process be-
gins by initializing the base network and modulations. Modulations are added and
updated through inner loops, with loss calculation guiding the training process. The
network weights are updated through outer loop iterations, resulting in a trained base
network and modulations for ef cient compression.
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our meta-learned method make it a powerful tool for image compression, capable of

accommodating various image sizes while delivering ef cient compression outcomes.

1.4.4 Contribution 3: Differential Compression

In our nal study, Chapter 6, we propose a task-aware hyperspectral image com-
pression technique aimed at optimizing the balance between data reduction and the
preservation of task-critical areas. The method utilizes the concept of region of in-
terest (ROI) to prioritize compression, ensuring high delity in critical areas for tasks
like classi cation or segmentation while applying more aggressive compression to
non-essential regions to signi cantly reduce storage size.

Our method for task-aware hyperspectral image compression is illustrated in Fig-
ure 1.7. The method is divided into two main stages: object segmentation and task-
aware compression. In the segmentation stage, K-means clustering is used in one part
of the project, and a deep learning-based method is used in another part of it to iden-
tify regions of interest (ROI) based on the task requirements. Once the hyperspectral
image is segmented, the compression stage is applied selectively. The segmented re-
gion undergoes a more detailed compression to preserve the critical spectral informa-
tion, while the background regions are compressed using less strict criteria, focusing
on minimizing the bitstream size.

The experimental results, showcased across ve benchmark hyperspectral datasets,
Indian Pines, Jasper Ridge, Pavia University, Cuprite, and a big dataset, exhibit the ef-
cacy of the suggested methodology. The PSNR values in the area of interest indicate
that the quality of task-sensitive regions is maintained, whilst the PSNR for the whole
image demonstrates a satisfactory balance between global quality and compression
ef ciency. The bits per pixel per band (bpppb) and compressed image sizes exhibit
substantial decreases in data volume, hence reinforcing the method's feasibility for

practical applications when storage or transmission capacity is constrained.
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Figure 1.7: Overview of the proposed task-aware hyperspectral image compression
method. The approach consists of two stages: segmentation and selective compres-
sion. In the segmentation stage, K-means clustering is used to identify regions of
interest (ROI) based on the task requirements. During the compression stage, the
segmented regions are compressed with higher delity to preserve critical spectral
information, while background areas are compressed with less stringent criteria to
optimize overall compression ef ciency.

Task-aware hyperspectral image compression strategy is especially advantageous
in situations where accurate task performance is prioritized over preserving overall
image quality, as seen in remote sensing, video compression for streaming services,
and hyperspectral analysis for object detection.

The ndings demonstrate that the task-aware technique is an ef cacious method
for hyperspectral image compression, providing a compromise between elevated com-
pression ratios and the retention of essential image information. This approach pos-
sesses signi cant potential for applications that necessitate quick storage and transfer

while maintaining the requisite quality for subsequent activities.

1.5 Conclusion

In conclusion, this thesis makes the following key contributions to the eld of hyper-

spectral image compression and analysis:

» Development of a novel hyperspectral image compression technique using Im-
plicit Neural Representations (INRs): We propose an approach for hyperspectral
image compression using implicit neural representations, where the data is com-

pressed by learning a function that maps spatial coordinates to spectral values.
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This method demonstrates a signi cant reduction in data size while maintaining

competitive PSNR values.

» Proposal of a sampling-based hyperspectral image compression method: We
propose a sampling technique that accelerates the encoding process while main-
taining compression performance to address the challenge of long encoding times
in hyperspectral image compression. This technique applies differential sam-
pling rates to different regions of the image, allowing faster encoding with min-

imal impact on image quality.

* Meta-learning-based approach for hyperspectral image compression: We ad-
dress the limitations of previous INR-based methods by introducing a meta-
learned base network that reduces encoding time by two orders of magnitude.
Our method uses a shared structure across images, which helps capture the com-
mon features of the dataset while adapting the model for image-speci c infor-
mation using modulation techniques. Furthermore, we validate the scalability of
this approach by evaluating it on a large hyperspectral dataset, with a size of 28.2
GB and dimensions of 4192 by 6708 pixels across 270 channels, demonstrating

its effectiveness across various hyperspectral benchmarks.

* Introduction of region-aware compression: This study introduces the concept of
region-aware compression, where different parts of a hyperspectral image are
compressed at different sampling rates depending on their signi cance. The re-
sults show that this method preserves critical regions with higher delity while
reducing the overall data size, demonstrating its potential for real-world appli-

cations such as remote sensing and environmental monitoring.

* Introduction of task-aware hyperspectral image compression: We present a task-
aware compression method that prioritizes regions of interest (ROI) based on

the speci ¢ task at hand, such as classi cation or segmentation. This approach
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preserves the quality of task-critical areas while applying more aggressive com-
pression to less relevant regions, resulting in signi cant storage savings without

compromising task performance.

» Comprehensive evaluation and comparison against existing methods: The pro-
posed methods are evaluated on four benchmark datasets (Indian Pines, Jasper
Ridge, Pavia University, and Cuprite), and their performance is compared with
a wide range of existing compression techniques, including JPEG, JPEG2000,
PCA-DCT, PCA-JPEG2000, MPEG, X264, X265, PCA-X264, PCA-X265, FPCA-
JPEG2000, 3D-DCT, 3D-DWT-SVR, WSRC, HEVC, RPM, and 3D-SPECK. Our
methods consistently demonstrate superior performance in terms of compres-

sion ef ciency and image quality.



Chapter 2

Research Landscape & Related Work

In this chapter, we discuss relevant literature to provide an overview of the hyperspec-
tral image analysis research landscape. First, we discuss computational techniques de-
veloped in the community for the purposes of analyzing hyperspectral images. Next,
we outline the challenges speci ¢ to capturing, processing, and managing hyperspec-
tral data. Lastly, we review methods and techniques for hyperspectral image compres-
sion. Together, this set of topics sets the stage for the work presented in the following

chapters.

2.1 Methods for Hyperspectral Image Analysis

Machine learning and deep learning techniques have become indispensable tools for
processing and analyzing hyperspectral images, offering solutions for a wide range
of applications. These methods are particularly effective in addressing the challenges
posed by the high dimensionality and complex spectral-spatial information in hyper-

spectral data.

21
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Figure 2.1: Research steps from the study “An Innovative Intelligent System with In-
tegrated CNN and SVM: Considering Various Crops through Hyperspectral Image
Data.”“ Adapted from [Wan et al., 2021].

2.1.1 Machine Learning Approaches

Traditional machine learning algorithms, such as Support Vector Machines (SVMs)
and Random Forests, have been widely used for hyperspectral image classi cation,
particularly in tasks like land cover mapping, agricultural monitoring, and urban area
classi cation. These methods leverage hand-crafted spectral and spatial features but
often struggle with high dimensional data and complex spectral relationships. For
instance, Wan et al [Wan et al., 2021] applied an SVM model to classify crop types
in an agricultural region, achieving high accuracy by incorporating both spectral and

spatial features extracted manually.

The research plan was structured into ve distinct steps, as illustrated in Figure 2.1:
(1) application of a support vector machine (SVM) prior to processing; (2) preparation
of materials for principal component analysis (PCA) attribute selection; (3) re nement
of detailed classi cation using a convolutional neural network (CNN); (4) establish-
ment of multi-classi cation criteria and hierarchical rules; (5) implementation of a

repair module to correct misclassi cation errors [Wan et al., 2021].
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Figure 2.2: Diagram depicting the 3D-CNN-based framework for hyperspectral im-
agery classi cation. Adapted from [Li et al., 2017].

2.1.2 Deep Learning Approaches

However, with the rise of deep learning, methods such as Convolutional Neural Net-
works (CNNs) have demonstrated superior performance by automatically learning
hierarchical features from hyperspectral images. Unlike traditional methods, CNNs
can effectively capture spectral-spatial correlations without the need for extensive fea-
ture engineering. In a study by Li et al [Li et al., 2017], a 3D-CNN model was used
to analyze hyperspectral images for the classi cation of urban land cover. The model
achieved state-of-the-art accuracy by simultaneously processing spectral and spatial
information, outperforming traditional classi ers. To classify a pixel, the 3D-CNN
model extracts relevant features from the pixel. Figure 2.2 illustrates the computa-

tional process [Li et al., 2017].

2.1.2.1 Object Detection

Object detection in hyperspectral images is another application where deep learning

excels. For example, paper [Watanabe et al., 2019] implemented YOLO (You Only
Look Once) [Redmon, 2016], a real-time object detection algorithm, to detect and clas-
sify objects in marine environments based on hyperspectral data. This approach al-

lowed for the identi cation of different types of coral reefs and marine vegetation with
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high precision, even under challenging lighting conditions.

Figure 2.3 presents sample outcomes of underwater sh detection from video footage
captured during a scuba diving session. The model successfully identi ed various sh
species in different underwater conditions, including schools of mid-sized sh [Fig.
2.3(a)], small blue sh distinctly contrasted against rocky backgrounds [Fig. 2.3(b)],
and sh swimming in low-visibility waters [Fig. 2.3(c)]. The detected sh are high-
lighted with pink bounding boxes. Notably, the detection model demonstrated high
sensitivity by identifying small sh that might be challenging for human observers to
notice, such as those positioned at the far left in Fig. 2.3(a) and those swimming above

the rock formation in Fig. 2.3(c).

2.1.2.2 Anomaly Detection

Anomaly detection has also bene ted from machine learning and deep learning tech-
nigues. In hyperspectral imaging, detecting anomalies often involves identifying ma-
terials or objects that differ signi cantly from the background. Researchers like [Fan
etal., 2021] have employed Autoencoders for this purpose, where the network learns a
compressed representation of normal data and detects anomalies based on reconstruc-
tion errors. This approach has been used in applications such as detecting chemical
spills in environmental monitoring and identifying camou aged objects in military

reconnaissance.

2.1.2.3 Geological Surveys

In the eld of target detection, deep learning techniques like Recurrent Neural Net-
works (RNNs) and Long Short-Term Memory (LSTM) networks have shown promise
in hyperspectral imaging, especially for tasks involving sequential spectral informa-
tion. For instance, paper [Zhao et al., 2020] used an LSTM-based model for detecting

speci ¢ mineral deposits in geological surveys, leveraging the sequential dependen-
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