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Abstract

Hyperspectral imaging (HSI) plays a pivotal role in various fields including remote
sensing, agriculture, environmental monitoring, and medical diagnostics, owing to its
ability to capture detailed spectral information across a wide range of wavelengths.
However, one of the significant challenges in HSI is achieving high spatial resolu-
tion while maintaining spectral fidelity. The resolution of hyperspectral images is
often constrained by factors such as sensor limitations, atmospheric conditions, and
imaging geometry. Consequently, there exists a fundamental trade-off between im-
proving spatial resolution and preserving spectral information. Enhancing resolution
in hyperspectral images is crucial as it enables the identification and classification of
fine spatial features, enhances the interpretability of data, and facilitates more accu-
rate analysis and decision-making. However, the process of resolution enhancement
must navigate the delicate balance between increasing spatial detail and minimizing
spectral distortion or noise, which requires sophisticated methodologies and careful

consideration of trade-offs.

The primary objective of this thesis is to address the inherent limitations of spec-
tral and spatial resolution in hyperspectral images by employing super-resolution
techniques. Super-resolution methods aim to enhance the resolution of images be-
yond the limitations of the sensor, thereby improving the clarity and detail of both
spectral and spatial information. Specifically, this thesis focuses on developing in-
novative approaches to achieve higher spectral resolution in synthetic hyperspectral
datasets and enhance spatial resolution in hyperspectral images. By leveraging
super-resolution techniques, the goal is to produce high-quality hyperspectral im-
ages with enhanced spectral fidelity and finer spatial detail, thereby advancing the

capabilities of hyperspectral imaging for various applications.

In this thesis we propose to construct a method using RGB image as input and
synthesize a 31-channel HSI image as an output (Chapter 3). This spectral super-
resolution is performed used adaptive receptive fields leveraging a deep learning
architecture. On similar lines we construct another method from a 3 channel RGB
input to 31 channel HSI output using neural network based filtering. This encom-

passes use of depth separable networks in HSI framework (Chapter 4).



Alternatively, we emphasize the use of grouping bands according to the reflectance
spectra of HSI, which helps in effectively utilising the feature construction policy.
Using a step by step process of feature reconstruction using shallow and deep feature
extraction we perform single image super-resolution technique (Chapter 5). Conse-
quently using a stronger deep feature extraction pipeline one can achieve improved

super-resolution results of HSI (Chapter 6).

In conclusion, this thesis explores the domain of hyperspectral imaging with a par-
ticular emphasis on enhancing both spectral and spatial resolutions using super-
resolution techniques. Through comprehensive exploration, we have extended our
proposed methods for improved resolution, paving the way for more accurate and de-
tailed reconstructions. Furthermore, experiments conducted on simulated datasets
have showcased the efficacy of our methods, surpassing state-of-the-art techniques
in terms of both spectral and spatial resolution enhancement. This research con-
tributes to advancing the field of hyperspectral imaging, offering promising avenues

for future studies and applications in various domains.
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