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Over the past 30 years, significant developments have been made in hyperspectral
imaging (HSI) technologies that can provide end users with rich spectral, spatial, and
temporal information. Owing to the advances in miniaturization, cost reduction, real-
time processing, and analytical methods, HSI technologies have a wide range of
applications from remote-sensing to healthcare, military, and the environment. In this
study, we focus on the latest trends of HSI technologies, analytical methods, and their
applications. In particular, improved machine learning techniques, such as deep
learning, allows the full use of HSI technologies in classification, clustering, and spectral
mixture algorithms. Finally, we describe the status of HSI technology development for

skin diagnostics.
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3D Full CNN 3D-FCNN

AOTF Acousto—-Optic Tunable Filter

CNN Convolutional Neural Network

DBN Deep Belief Network

ELMs Extreme Learning Machines

FWHM Full Width at Half Maximum

GAN Generative Adversarial Network

HSI Hyper—Spectral Imaging

LCTF Liquid Crystal Tunable Filter

LR Logistic Regression

LDA Linear Discriminant Analysis

MWIR Mid-Wavelength InfraRed

NIR Near InfraRed

PCA Principal Component Analysis

PGP Prism-Grating—Prism

SAE Stacked Auto-Encoder

SCS Spectral Correlation Similarity

SDCNN Spectral Difference Convolutional Neural
Network

SDS Spectral Distance Similarity

S-MSDA Stacked Modified Sparse Denoising
Autoencoder

SVM Support Vector Machine

SWIR Short-Wavelength Infrared

UAV Unmanned Aerial Vehicle

uv Ultra—Violet

VIS Visible
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