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Imaging spectroscopy integrates traditional computer vision and spectroscopy into a single system and has
gained widespread acceptance as a non-destructive scientific instrument for a wide range of applications.
The current state of imaging spectroscopy spans diverse applications including but not limited to air-borne
and ground-based computer vision systems. This paper presents the current state of research and industrial
applications including precision agriculture, material classification, medical science, forensic science, face
recognition and document image analysis, environment monitoring, and remote sensing, which can be aided
through imaging spectroscopy. In this regard, we further discuss a comprehensive list of applications of imaging
spectroscopy, pre-processing techniques, and spectral image acquisition systems. Likewise, publicly available
databases and current software tools for spectral data analysis are also documented in this review. This review
paper, therefore, could potentially serve as a reference and roadmap for people looking for literature, databases,
applications, and tools to undertake additional research in imaging spectroscopy.

1. Introduction

The electromagnetic spectrum encompasses a broad range of elec-
tromagnetic radiation, each characterized by distinct wavelengths and
frequencies (Zwinkels, 2015). These include, among others, ultraviolet,
visible, infrared, microwaves, and radio waves, each characterized by
unique electromagnetic properties such as energy levels, propagation
characteristics, and interactions with matter, making them essential
subjects of study across various scientific disciplines (Someda, 2017;
Weinstein, 1988).

Visible light is an electromagnetic radiation perceptible to the hu-
man eye and constitutes a narrow bandwidth within the electromag-
netic spectrum, specifically spanning wavelengths between 380 and
780 nanometers (Reinhard et al., 2010). This specific spectral range

forms the basis for numerous well-established techniques and applica-
tions in the field of traditional vision and imaging processing (Gonzalez,
2018).

Current advancements in sensor technology have enabled the ac-
quisition of images across a wide range of electromagnetic wave-
lengths (EIMasry & Sun, 2010b). These include both multi-spectral and
hyperspectral images, which encompass more than the traditional three
spectral bands used in visible spectrum imaging. Multi-spectral imaging
(MSI) and hyperspectral imaging (HSI) techniques involve capturing
multiple images at narrow and contiguous spectral bands spanning a
wider range of the electromagnetic spectrum, thereby providing an
enhanced level of spectral detail. These advanced imaging methods are
collectively referred to as imaging spectroscopy.
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Fig. 1. Visualization of Hyperspectral cubes at different wavelengths (a), RGB Image of the hyperspectral cube (b), Pixel-wise classification map, Pure spectral signature of different
objects (d), Score map obtained for each pure spectrum. The images are generated using the hyperspectral toolbox of MATLAB 2021 (a). The source image is Jasper Ridge, captured
via the airborne visible/infrared imaging spectrometer (AVIRIS). The data set contains areas of water, land, road, and vegetation.

Objects in the natural environment exhibit distinct spectral re-
sponses when interacting with electromagnetic radiation (Heald &
Marion, 2012). These responses encompass the absorption, transmis-
sion, and reflection of electromagnetic radiation, giving rise to unique
spectral signatures for various elements and object materials (Khan,
Thomas, Hardeberg, & Laligant, 2019). Consequently, imaging spec-
troscopy enables comprehensive spectral analysis for a wide range of
applications in a diverse range of fields including remote sensing (Arel-
lano, Tansey, Balzter, & Boyd, 2015), precision agriculture (Ravikanth,
Jayas, White, Fields, & Sun, 2017), chemistry (Cheng, Sun, Pu, & Zhu,
2015), medicine (Lu & Fei, 2014), process monitoring (Pan, Chyngyz,
Sun, Paliwal, & Pu, 2019), environmental applications (Bourguignon,
Mary, & Slezak, 2010; Zhou & Camba, 2021), military (Shimoni, Hael-
terman, & Perneel, 2019), food industry (EIMasry, Barbin, Sun, & Allen,
2012; Lorente et al., 2012) and other commercial applications (Xing
et al., 2019). It is estimated that the global HSI systems market is
expected to grow from USD 15.4 billion in 2021 to USD 35.8 billion
by 2026 Wood. The major market segments include; military surveil-
lance, remote sensing, machine vision & optical sorting, life sciences &
medical diagnostics, and other applications.

A spectral image is usually in the form of a cube, where the first two
dimensions represent the spatial information and the third dimension
represents a series of spectral images captured at different wavelengths.
For example, a hyperspectral image contains abundant spectral data
captured at hundreds of distinct wavelengths across the electromag-
netic spectrum, while a multispectral image comprises images captured
at several tens of wavelengths. The number of wavelengths/spectral
channels in a spectral image usually depends upon the application and
the type of instrument. To process this high-dimensional data effec-
tively, many image processing and machine learning pipelines have
been developed in the literature, ranging from pre-processing (Vidal &
Amigo, 2012), calibration (Behmann et al., 2015) noise modeling (Ac-
ito, Diani, & Corsini, 2011), dimensionality reduction (Huang, Shi,
He, Duan, & Luo, 2019), anomaly detection (Zhang, Wen, & Dai,
2016), clustering (Zeng, Cai, Liu, Cai, & Li, 2019), spectral unmix-
ing (Bendoumi, He, & Mei, 2014), feature extraction (Kumar, Dikshit,
Gupta, & Singh, 2020), representation learning (Sellami & Tabbone,

2022), classification (Yusuf & Alawneh, 2018) and regression, tailored
specifically to imaging spectroscopy (Minasny & McBratney, 2008).

In imaging spectroscopy, especially in HSI, the spectrum for each
pixel is measured at different wavelengths as shown in Fig. 1. In
order to provide more information on what is imaged, the radia-
tion striking each pixel is broken down into many different spectral
bands (Armin Schneider, 2017). Fig. 1(a) presents a hyperspectral cube
and each slice of the cube represents images captured at different
wavelengths, Fig. 1(b) presents a color image from the hyperspec-
tral cube, and part (c) presents a pixel-wise classification map. The
original image is from the hyperspectral dataset Jasper Ridge, cap-
tured using AVIRIS (Green et al., 1998) air-borne spectrometer (Kruse
et al.,, 1993). Part (d) and (e) of Fig. 1 show the unique spectral
signature and spectrum score of each entity respectively. The spectrum
score is computed by measuring the degree of similarities between
spectra using the Spectral Angle Mapper (SAM) classification algo-
rithm (Kruse et al.,, 1993). Imaging spectrometers typically operate
in the 0.4 to 2.5 pm wavelength range, capturing the visible and
solar-reflected infrared spectrum (i.e., near-infrared or NIR, and short-
wavelength infrared or SWIR) from the observed materials (Paoletti,
Haut, Plaza, & Plaza, 2019). While hyperspectral sensors have been pre-
dominantly utilized in satellite applications, narrow-band hyperspectral
sensors have also explored for ground-based computer vision systems,
such as face recognition (Qureshi, Uzair, & Zahra, 2020; Uzair, Mah-
mood, & Mian, 2015), document image analysis (Qureshi, Uzair, Khur-
shid, & Yan, 2019), ink-mismatch detection (Khan, Shafait, & Mian,
2013), forgery detection (Khan, Yousaf, Abbas, & Khurshid, 2018), and
non-destructive forensic analysis of classified documents (Khan, Khan,
Yousaf, Khurshid, &Khan et al.Abbas, 2018).

Given the emergence of this field in the past decade, many re-
searchers have provided reviews on imaging spectroscopy. For ex-
ample, the use of HSI imaging in forensic science is presented in
Melit Devassy and George (2021), document image analysis in Qureshi
et al. (2019), skin diseases in Chen et al. (2020), cancer cell seg-
mentation in Aloupogianni et al. (2022), deep learning methods for
agriculture in Fadhlallah Guerri, Distante, Spagnolo, Bougourzi, and
Taleb-Ahmed (2023), spectral reconstruction methods from RGB image
in Zhang et al. (2022), and a survey on applications of HSI is presented
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Fig. 2. Terms co-occurrence in Hyperspectral publications during 2015-2022. During
2015-2022, several distinct clusters could be seen including the largest occurrence
of reflectance, spectroscopy, classification, quality, algorithm, and feature extraction
(listed chronologically).

in Khan, Khan, et al. (2018). The medical applications of HSI are
discussed in Fei (2019), Karim, Qadir, Farooq, Shakir, and Laghari
(2023), Lu and Fei (2014), and food and safety applications of HSI
are discussed in Feng and Sun (2012). The use of machine learning
and deep learning for hyperspectral image classification is presented
in Datta et al. (2022).

While earlier reviews have provided valuable insights, the field
of imaging spectroscopy has experienced significant advancements in
recent years. For example, there has been substantial and rapid progress
in HSI imaging technology. Similarly, the availability of new HSI
datasets, and their usage in new applications, as shown in Figs. 2 and
3. Fig. 2 illustrates that the research landscape and trends in the field
of HSI during 2015-2022 have rapidly evolved. In terms of source
comparison (i.e., platforms publishing HSI-related research), IEEE and
ScienceDirect are leading the HSI-related research production with
larger impact and visibility (Fig. 3).

Since the field is continuously evolving at a faster pace, it is impor-
tant to review the recent advancements, developments, and challenges
to reflect the state of the field. Thus, a comprehensive review of the
recent advancements in terms of applications, databases, software, and
future prospects could progressively benefit the community. In connec-
tion with this, we present an updated comprehensive review of the state
of HSI and its state-of-the-art applications across various scientific and
professional fields. Such a review could potentially act as a roadmap
and would progressively provide useful references to research and the
professional community in terms of literature, databases, tools, and
applications of imaging spectroscopy.

The rest of the paper is organized as follows. We first discuss
imaging spectroscopy acquisition systems with camera models and lens
specifications. Within the spectroscopy, our focus is mainly on HSI. This
is followed by the discussion on pre-processing challenges and methods
for processing hyperspectral images, including spikes removal, dead
pixels, compression, and spectral processing in Section 3. Applications
of HSI in modern-day societies, such as medicine, precision agriculture,
remote sensing, food quality control, material classification, document
image analysis, and face recognition are discussed in Section 4. Next,
we present open-source hyper-spectral databases and software libraries
for processing hyperspectral images in Section 5. Finally, Section 6
summarizes the key insights from this study. A list of acronyms used
in the paper is given in Table 1.
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Table 1
List of acronyms used in the paper.
Acronyms Definition
CCD Charge-coupled device
CMOS Complementary metal oxide semiconductor
HSI Hyperspectral imaging
MSI Multispectral imaging
LAI Leaf area index
LCTF Liquid crystal tuneable filter
UAV Unmanned aerial vehicle
PCA Principal component analysis
ICA Independent component analysis
PSLR Partial least square regression
SAM Spectral angle mapper
MSC Multiplicative scatter correction
CNN Convolutional neural network
GNN Graph neural network
NASA National Aeronautics and Space Administration
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Fig. 3. Publications related to imaging spectroscopy across various peer-reviewed
journals. IEEE Transactions on Geosciences and Remote Sensing from the IEEE platform
is the most prominent source with the largest G-Index and H index followed by
the Journal of Food Engineering from the ScienceDirect platform. Considering the
specialized nature of these journals, geosciences and food engineering fields are the
ones where the most prominent applications of HSI might be seen.

2. Acquisition of hyperspectral images

Spectral sensors are used to collect data in the form of images,
where each image represents a specific wavelength range of the elec-
tromagnetic spectrum known as a spectral band. These images are
combined to create a three-dimensional hyperspectral data cube for
further processing and analysis. The cube consists of two spatial di-
mensions (x and y) and a spectral dimension A comprising a range of
wavelengths (Khan, Thomas, Hardeberg, & Laligant, 2017) .

There are different modes of operation for acquiring spectral data,
each with its own advantages and disadvantages. One such technique
is the Whiskbroom method, which involves mounting a linear array of
detectors on a moving platform, such as an aircraft or satellite, and
pointing it towards the ground. As the platform moves forward, the
detectors collect data from a narrow strip of the ground, known as a
swath. The collected data is used to create an image of the scene, with
each pixel containing spectral information.

Another method is the pushbroom method, which involves line
scanning across a single axis, and an image is created by either moving
the camera or the objects of interest. The movement should be consis-
tent to avoid spatial distortions in the acquired data. Plane scanning
is another method for acquiring spectral data, where the entire region
is scanned at different wavelength intervals. This can be done using a
liquid crystal tuneable filter (LCTF) that allows a particular wavelength
bandwidth at a time. The resultant images are embedded on top of each
other to acquire spectral data.

A recent development in imaging spectroscopy is the integration of
thin-film spectral filters on top of the image sensor. This eliminates
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Fig. 4. An example of HSI imaging in mapping soil, vegetation, and water.
Source: The figure is modified from Khan, Khan, et al. (2018).

the need for complex optical systems and moving hardware systems,
allowing for rapid data acquisition and use in video mode without
requiring a stationary scene.

During data acquisition, it is crucial to ensure the presence of a
consistent light source and calibration tiles. Any change in illumination
can affect the acquired data, which can have an impact on the further
processing of the imaging spectroscopy data (Khan, Thomas, Harde-
berg, & Laligant, 2018). Methods have been developed for illuminant
invariant representation of images in uncontrolled imaging conditions
(Khan, 2018; Khan, Thomas, & Hardeberg, 2017, 2018; Khan, Thomas,
Hardeberg, & Laligant, 2017).

Overall, the acquisition of spectral data involves various techniques
and considerations, and selecting the appropriate method depends on
the specific requirements of the application.

2.1. Air-borne hyperspectral sensors

Fig. 4 shows a hyperspectral image captured by an air-borne satel-
lite sensor. Existing HSI devices can acquire 3D xy A volumes using 2D
sensors ij by transforming the spectral dimension in time or arranging
it in space. The precision of these sensors is often assessed in terms of
spectral resolution, which is the breadth of each collected band of the
spectrum. It is possible to identify objects even if they are only captured
in a handful of pixels, provided the scanner identifies a large number
of reasonably small frequency bands.

2.1.1. Spatial scanning

Spatial resolution can be defined as the smallest detail in an image,
which determines the clarity of the image (Gonzalez, 2009). In spatial
scanning, each two-dimensional (2-D) sensor output represents the
entire slit spectrum. Slit spectra are obtained by projecting a strip of
the scene onto a slit and dispersing the slit image with a prism or
grating in spatial scanning HSI systems. Generally speaking, spatial
resolution shows the size of the pixel, whereas spectral resolution shows
the content of the pixel in an image.

2.1.2. Spectral scanning

A single pixel’s spectrum in a hyperspectral image can reveal signif-
icantly more information about the material’s surface than in a regular
image. Another acquisition approach that requires the incoming images
to be filtered to produce a xyk image at time rk is spectral acquisition
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Fig. 5. Schematic diagrams of an RGB camera (a) and a typical hyperspectral imager
(b). Each pixel in an RGB image combines three distinct color values that are integrated
from the R, G, and B spectra. Each pixel in a hyperspectral image is a continuous
spectral curve formed from a number of tiny spectral bands. FO front objective, CL
collimating lens group, and FL focusing lens group. The images are from the KAUST-HS
open-source dataset (Li, Fu, & Heidrich, 2021).

Source: Figure adopted from Zhang et al. (2022).

in time. Each 2-D sensor output in spectral scanning represents a
monochromatic (’single-colored), spatial (x, y) map of the scene. HSI
spectrum scanning devices are typically based on optical band-pass
filters (either tuneable or fixed). The scene is spectrally scanned by
switching between filters while the platform remains steady.

2.1.3. Temporal scanning

Temporal resolution is defined as the amount of time needed to
revisit and acquire data for the exact same location by the hyperspectral
sensor (Ma et al., 2021). The fundamental trade-off here is between
spectral and temporal resolution, with spectral filtering performed
through mechanical filter wheels (usually restricted to MSI) or acusto-
optical or liquid-crystal tuneable filters (enabling HSI at a higher cost).
The ability to obtain a spectrum image by simply taking a snapshot is
very appealing for time-constrained applications, and this has sparked
a lot of study (Hagen & Kudenov, 2013).

2.1.4. Spatio-spectral scanning

In spatio-spectral scanning, each 2-D sensor output represents a
wavelength-coded ('rainbow-colored,” = (y)), spatial (x, y) representa-
tion of the scene. A camera at some non-zero distance behind a simple
slit spectroscope (slit + dispersive element) is used as a prototype for
this technology, which was introduced in 2014 (Grusche, 2014).

2.2. Ground-based hyperspectral systems

Imaging spectroscopy is a versatile technology that finds applica-
tions in various fields such as medical, forensic image analysis, agricul-
ture, and material classification. In ground-based applications, a hyper-
spectral imaging system typically comprises a light source, a charge-
coupled device (CCD) or complementary metal oxide semiconductor
(CMOS) camera, and a spectrograph.

Fig. 5 shows a typical ground-based hyperspectral imaging system.
The system collects data over a range of wavelengths, typically span-
ning from the visible to the near-infrared region of the electromagnetic
spectrum. The resulting hyperspectral data cube can be analyzed us-
ing various techniques, such as spectral unmixing, classification, and
feature extraction, to extract valuable information about the scene or
object being imaged.

Recently, there has been growing interest in using deep learning
algorithms to build hyperspectral images from RGB photos or other
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Table 2
Pre-processing challenges of HSIs.
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Pre-processing challenges Algorithms

Advantages Drawbacks

Spikes Removal
Dead pixels
Spectral pre-processing

Thresholding, Outlier detection or smoothing methods
Manual Inspection, Heuristic Algorithms

1994), Statistical methods

Factor models, Heuristic methods
Threshold, salient region detection
Salient Region, Super-pixel

Compression
Background removal
Image Enhancement

Multiplicative Scatter Correction (Dhanoa, Lister, Sanderson, & Barnes,

Robust and reliable
Robust, and reliable
Easy implementation

Time-consuming
Hyper-parameter optimization
Not Robust

Easy implementation
Easy implementation
Carry more information

loss of spectral details
Not Robust
Not Robust

sparse spectral representations (Xiong et al., 2017). This approach has
the potential to reduce the cost and complexity of HSI systems and
make them more accessible to a wider range of applications.

3. Pre-processing of hyperspectral images and data analysis meth-
ods

Imaging spectroscopy often results in a multi-dimensional and mas-
sive amount of data, which requires extensive pre-processing before
useful information extraction and analysis. In this section, we discuss
some pre-processing challenges and data analysis algorithms for HS
images. Hyperspectral data analysis typically involves several prepro-
cessing steps to correct for various sources of noise and artifacts, such
as radiometric calibration, atmospheric correction, and noise reduction.

3.1. Pre-processing challenges and methods for hyperspectral images

The majority of HSI cameras are spectroscopic instruments. As a re-
sult, they, like all spectrometers, must be calibrated in order to receive
reliable spectral information. Table 2 presents common pre-processing
challenges and methods to deal with them.

3.1.1. Calibration of hyperspectral images

Calibration of hyperspectral images is an essential step in the pro-
cessing and analysis of hyperspectral data to ensure accurate and
reliable results (Geladi, Burger, & Lestander, 2004). The goal of cali-
bration is to correct for errors in the radiometric (Wyatt, 2012) and
spectral response (Guanter, Richter, & Moreno, 2006) of the sensor.
Radiometric calibration is usually done by using a calibrated reference
target, such as a white tile or a blackbody, and spectral calibration is
done by using a set of known spectral radiance standards.

In addition to radiometric and spectral calibration, there are a
number of other calibration methods that can be used for hyperspectral
images, including geometric calibration (de Oliveira, Tommaselli, &
Honkavaara, 2016), atmospheric calibration (Jia et al., 2020), and
radiometric normalization (Chen et al., 2023). The choice of which
calibration methods to use will depend on the specific application of
the hyperspectral images (Sagan et al., 2021).

3.1.2. Data enhancement, super resolution, and fusion

The physical limitations of hyperspectral sensors may compro-
mise the quality of acquired hyperspectral images. Image enhance-
ment methods like super-resolution can be a good choice to im-
prove the quality of hyperspectral data (Farsiu, Robinson, Elad, &
Milanfar, 2004). High-resolution hyperspectral pictures are generated
from lower-resolution HSI data by utilizing high spatial-resolution
information from another imaging source.

3.1.3. Spikes

Spikes are a sudden rise or a fall in pixel values, that may be
generated due to instrument malfunction, environment, or imperfection
in electronic circuitry. They often mask the detail in an image and
lead to inaccurate analysis. One way to deal with spikes is manual
supervision, which requires human attention and is time-consuming.
Hyperspectral data contain a massive amount of information, so in-
specting them manually is a tedious task. Interpolation, smoothing, or

removing spikes based on the neighboring pixel (Behrend, Tarnowski,
& Morris, 2002; Zhang & Henson, 2007) is also good choices. Other
options for spike identification include density distribution, median and
median modified Wiener filters. Cannistraci, Montevecchi, and Alessio
(2009).

3.1.4. Dead pixels

Another issue in HSI is the presence of dead pixels, caused by the
sampling error in the detector. These are usually replaced by average,
zeros, or the maximum value. The location and amount of dead pixels
vary depending on whether they are in a single pixel, a group of pixels,
or a whole pixel line. Thresholding can be a good choice to locate dead
pixels. The heuristic algorithms, such as swarm optimization (Kennedy
& Eberhart, 1995), genetic algorithms can also produce better results.
Spectral derivatives can be used to remove additive and multiplicative
effects in spectra (Tsai & Philpot, 1998).

3.1.5. Spectral preprocessing

Spectral pre-processing is essential to eliminate unwanted phenom-
ena such as light scattering, particle size effects, and morphological
differences impacting spectral measurement. Multiplicative Scatter Cor-
rection (MSC) (Dhanoa et al.,, 1994) and Standard Normal Variate
(SNV) are widely used in spectral pre-processing.

3.1.6. Image size and compression

An HS image consists of a series of spectral images captured at dif-
ferent wavelengths, thus image size is larger than the normal RGB im-
ages. For example, a 512 x 512 HS image with 200 bands contains more
than 52 million data points. To process HSI images, a large amount
of memory, transmission speed, and efficient processing pipelines are
required. In many cases, image compression techniques are employed,
such as byte encoding and data binning. The redundant spectral infor-
mation can be removed by using Heuristic algorithms, such as Genetic
algorithm, Ant colony optimization, and swarm optimization (Leardi,
2001). Factor model approaches like principle component analysis and
multivariate curve analysis can be used to significantly reduce the
spectral dimension. Partial least square regression (PLSR) or spectral
unmixing can be used to select the most informative spectral bands (Sun
& Du, 2019).

3.1.7. Background removal

To efficiently process HS images, background removal is used. The
non-informative background or outliers in the dataset, caused by the
instrument error or radiation, complicates the processing. To clean up
and extract the relevant information from the hyperspectral cube, tra-
ditional image pre-processing techniques such as histogram detection
to detect sharp changes in an image or manual selection of a threshold
value can be used Nawaz and Yan (2020a), Khan, Nawaz, Guoxia, and
Yan (2019), and Saeed, Murad, Nawaz, and Irum (2017).

3.2. Feature extraction

To identify and extract meaningful information from the high di-
mensional complex HSI data, feature extraction techniques may be use-
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ful, which can then be used for a variety of applications such as target
detection, classification, and mapping. Principal Component Analysis
(PCA), Independent Component Analysis (ICA), and Spectral Angle
Mapper (SAM) are some popular feature extraction methods Nawaz,
Qureshi, Teevno, and Shahid (2022), Nawaz and Yan (2020Db).

Hong, Wu, et al. (2020) proposed a novel method for extracting
spatially semantic information from hyperspectral images. The pro-
posed method (Hong, Wu, et al., 2020) is divided into two parts:
feature extraction and classification. Invariant attribute profile IAPs are
extracted from the hyperspectral image during the feature extraction
step. IAPs are spatial and frequency domain features that capture both
spectral and spatial information. They are designed to be insensitive to
rotation, translation, and scale changes, making them resistant to image
variations. The IAP method extracts feature vectors from hyperspectral
images by first computing the spatial gradient and Fourier transform
of the spectral signature of each pixel. The gradient and Fourier com-
ponents are then combined to form a joint feature vector, which
is then used to extract invariant attribute profiles using a Gaussian
mixture model. These profiles capture both fine and coarse details of
the underlying material or object by representing the spatial-frequency
information of the pixel’s spectral signature.

3.2.1. Feature selection

Feature selection techniques aim to identify the most informative
spectral bands that capture the target material’s essential spectral sig-
nature while discarding redundant or irrelevant spectral bands (Ghosh,
Datta, & Ghosh, 2013). Minimum redundancy maximum relevance
(mRMR) (Kamandar & Ghassemian, 2011) and recursive feature elim-
ination are two common feature selection techniques for hyperspec-
tral data analysis (RFE) (Kaya, Torun, & Kiiciik, 2014; Nawaz, Khan,
Qureshi, & Yan, 2019). These techniques can help to improve classi-
fication accuracy, reduce computational complexity, and improve the
results’ interpretability.

3.3. Classification algorithms

Classification algorithms are an important part of hyperspectral data
analysis because they aim to classify or categorize each pixel in the
hyperspectral image based on its spectral signature.

3.3.1. Unsupervised learning

When the number of classes or categories is not known in advance or
when the user wants to explore the data and find natural groupings or
patterns, unsupervised classification algorithms can be helpful. For the
analysis of hyperspectral data, two popular unsupervised classification
algorithms are k-means clustering and hierarchical clustering (Murphy
& Maggioni, 2018). The choice of classification algorithm depends on
the particular application and the user’s objectives.

3.3.2. Supervised learning

Supervised learning requires labeled training data, the algorithm
then learns the spectral characteristics of each class and assigns new
pixels to the most similar class based on their spectral similarity.
Common supervised classification algorithms for hyperspectral data
analysis include support vector machines (SVMs), random forests, and
neural networks (Tang, Liu, Wei, & Tang, 2020).

3.3.3. Semi-supervised learning for hyperspectral imaging

Due to the high cost and difficulty of obtaining labeled data, semi-
supervised learning has been widely used in hyperspectral imaging.
Semi-supervised learning algorithms in this context use both labeled
and unlabeled data to learn more robust and discriminative representa-
tions of hyperspectral data. The labeled data is used to train a classifier
or perform dimensionality reduction in semi-supervised learning for
hyperspectral imaging (He, Liu, Wang, & Hu, 2017). The unlabeled data
is then used to improve the algorithm’s performance by incorporating it
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into the learning process. This is typically accomplished by incorporat-
ing a regularization term that encourages the learned representation to
be smooth and coherent across the data, with the underlying structure
of the data expected to align.

3.3.4. Graph-based semi-supervised learning

Graph-based methods have been widely used in hyperspectral imag-
ing for various tasks such as classification, segmentation, and anomaly
detection. Semi-supervised learning methods based on graphs have
shown promising results for processing hyperspectral data. In graph-
based methods, a graph is used to represent the relationships between
pixels or spectral bands in the data. These methods can propagate
labels or information from labeled data to unlabeled data on the graph,
and then optimize the learned representation to be consistent with the
propagated information.

In Hong, Gao, et al. (2020), authors proposed Graph Convolution
Networks (GCNs) to classify hyperspectral images. GCNs are a type
of neural network that can operate directly on graphs, which makes
them well-suited for working with hyperspectral data, as each pixel in
a hyperspectral image can be represented as a node in a graph. The
proposed method is divided into two major steps. First, the hyperspec-
tral image is used to create a graph in which each pixel is represented
as a node and the edges are defined based on the spatial proximity
of the pixels. Second, on the graph, a GCN is trained to classify the
image. Overall, the paper presents a novel and effective approach for
classifying hyperspectral images using GCNs, which has the potential
to improve the accuracy and efficiency of this important application.

In Hong, Yokoya, Chanussot, Xu, and Zhu (2019), a novel frame-
work for dimensionality reduction of hyperspectral images using semi-
supervised learning was proposed. The proposed framework entails
creating a graph to represent the relationships between the pixels in the
hyperspectral image and learning a low-dimensional representation of
the data using a multitask regression approach. The framework makes
use of both labeled and unlabeled data to learn a discriminative feature
representation that preserves semantic information in hyperspectral
images.

3.3.5. Semi-active learning for hyperspectral imaging

Semi-active learning (Li, Wang, & Tang, 2013) is a subset of semi-
supervised learning that entails iteratively selecting the most infor-
mative samples from unlabeled data for expert labeling. The goal
of semi-active learning is to reduce the amount of labeling required
to achieve a given level of performance. Semi-active learning algo-
rithms typically employ a query strategy in order to select the most
informative samples based on some measure of uncertainty or diversity.

Ref. (Yao et al., 2022), trained a CNN on a small set of labeled
data, and then used the CNN to identify the most informative unlabeled
samples for expert labeling. The selected samples are then labeled by
the expert, and the CNN is retrained using the newly labeled data.
This process is repeated iteratively to improve CNN’s performance
incrementally.

4. Applications of imaging spectroscopy

Imaging spectroscopy has many industrial and research applications
across a variety of fields. Imaging spectroscopy is currently used in
pharmaceutical, food processing, color measurement, forensic science,
and agriculture industries (Lodhi, Chakravarty, & Mitra, 2019). This
Section presents the application of imaging spectroscopy in air-borne
systems as well as ground-based computer vision applications.

4.1. Ground-based applications

Optical devices such as bandpass spectral filters, image sensors, and
lenses are commonly used in the construction of ground-based hyper-
spectral image acquisition systems. The filters are electronically con-
trolled, and the pass band can be modified at a high rate. Ground-based
HSI systems are applied in a variety of application areas.
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4.1.1. Document image analysis

Forensic examination of document image analysis is also an ex-
citing venue for imaging spectroscopy. The conventional document
imaging system uses pattern recognition techniques for three-channel
RGB images. Several important applications of document imaging can
benefit from imaging spectroscopy; such as signature segmentation,
writer identification, forgery detection, and historical document image
analysis. A comprehensive review of hyperspectral document image
analysis is given in Qureshi et al. (2019). Visualizing the spectrum
bands at different wavelengths may provide useful insights into chal-
lenging document image analysis problems. In addition, combining
the discriminative spectral signature with deep neural networks can
pave the way for further studies. Deep neural networks require a huge
amount of data, however available hyperspectral datasets consist of
only a few samples. To address this issue, domain adaptation, data aug-
mentation, or other generative adversarial networks can be employed
to generate synthetic document samples for model training.

4.1.2. Material classification

Hyperspectral machine vision recognizes subtle color changes more
correctly and reliably distinguishes distinct materials. For a quality
inspection or condition assessment of material/product surfaces, imag-
ing spectroscopy can be utilized as a quick and non-contact method.
The autonomous detection of corrosion and determining the status of
coatings are two examples of probable use cases (Nawaz, Khan, Cao,
Qureshi, & Yan, 2019).

Several researchers have used portable spectrometers to collect real-
time data on construction materials. In Ilehag et al. (2017), a FieldSpec
field spectrometer that could measure the visible, near-infrared (NIR),
and shortwave infrared (SWIR) spectrums was employed. The five
primary facade materials utilized to identify are glass, concrete, metal,
wood, and fiber cement, using the Support Vector Machine and Random
Forest algorithms. Manich et al. (2016) conducted a similar study in
which they investigated stone and mortar using hyperspectral imaging.
The images were captured using a Hamamatsu ORCA-05G camera in
conjunction with a Specim V1OE imaging spectrograph fitted with
a VIS-NIR (400-1000 nm) lens. Their study focused primarily on a
thorough evaluation of these materials, as well as the occurrence of
fractures, crusting, erosion, exfoliation, and swelling on the facade of
the Glasgow Cathedral. The study’s findings proved that the combi-
nation of a camera and spectrograph, resulting in the development of
hyperspectral images, provided a significantly more effective methodol-
ogy for the evaluation of facade materials when compared to standard
surveying procedures. In a wider context, hyperspectral technology has
proven to be effective in a variety of material classification applications.

4.1.3. Food quality assessment

Hyperspectral imaging can also be used to acquire images of food
products with hundreds of contiguous spectral bands, which may iden-
tify and quantify different constituents of the food (Sun, 2010). By
measuring the reflectance at different wavelengths, it can be used
for grading of fruits and vegetables (Steinbrener, Posch, & Leitner,
2019), assessment of food quality (ElMasry & Sun, 2010a), packag-
ing and control (Medus, Saban, Francés-Villora, Bataller-Mompedn, &
Rosado-Muiioz, 2021).

4.1.4. Art restoration

Imaging spectroscopy is a powerful tool that can be used to improve
the understanding and restoration of artworks (Liu et al., 2022). It
can be used for a variety of artwork applications, for example, it can
identify pigments (Grabowski, Masarczyk, Glomb, & Mendys, 2018), by
comparing the spectral signature of the artwork to the known pigments.
It can also be used for knowing the distribution of pigments, which may
help in identifying paint loss, restoration, or over-painting. Changes
in the spectral signature may also help in estimating the degradation
process, such as cracking, fading, and yellowing (Vanmeert et al.,
2019).
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4.1.5. Medical applications

Medical diagnostics and image-guided surgery have both benefited
from the employment of HSI. Medical applications can be divided into
two main sections: disease diagnosis and surgical guidance.

Disease diagnosis

HSI has been used in several studies for medical diagnosis due to
its capacity to identify metabolic alterations that occur as a disease
develops, such as cancer cell metabolism (Joseph, 2012). This section
uses the HSI systems to explore various diseases such as cancers, retinal
diseases, and diabetic foot.

Cancers

HSI measures the absorption, fluorescence emission, or reflectance
spectrum of tissues to detect cancers. The richer spectral informa-
tion can be exploited to understand the shape of a cancer tumor,
as well as its microenvironment. Optical spectroscopy was utilized to
identify neoplasia and discovered that increased metabolic activity im-
pacts mitochondrial fluorophores, altering fluorescence characteristics
in precancerous tissue (Sokolov, Follen, & Richards-Kortum, 2002),
fluorescence and reflectance spectra provide helpful in vivo data and
real-time for pre-cancer diagnosis by providing nuclear diameter or
refractive index.

Cervical cancer, the fourth most frequent cancer among women in
2018, with an estimated 570,000 cases and 311,000 deaths, is currently
diagnosed via a pap smear test, which can detect precancerous changes
in cervical cells and tissue (Koss, 1989). Ferris et al. (2001) investigated
the capacity of Multi-modal imaging spectroscopy (MHI) to detect,
locate, and diagnose cervical neoplasia without invasive. Wang et al.
(2016) tried to explore the viability and efficacy of multi-scale imaging
spectroscopy in identifying cervical neoplasia at tissue and cellular
levels. Imaging spectroscopy analysis was shown to be consistent with a
histopathological examination, demonstrating the technological viabil-
ity of multi-scale imaging spectroscopy for cervical neoplasia diagnosis
with accuracy and efficacy. Another proof of principle is the use of
HSI in prescreening liquid-based Pap test slides to improve Pap test
diagnosis by recognizing between normal, precancerous, and cancerous
cell (Siddiqi et al., 2008).

Breast cancer is another type of widely known cancer, and its
early-stage diagnosis is crucial. The optical characteristics of ex-vivo
breast tissues alter, resulting in variable reactions to light transmission,
absorption, and reflection across the spectrum. Ex-vivo breast cancer
was detected using imaging spectroscopy (Aboughaleb, Aref, & El-
Sharkawy, 2020). Spatial-spectral images were generated to highlight
the variations in the reflectance qualities of malignant versus normal
tissue. It has been found that the ideal bandwidth was proposed to be
the overlaid spectral range 420-620 nm. The tumor location of the
ex-vivo breast sample was successfully classified by the HS imaging
system, with sensitivity and specificity of 95 percent and 96 percent,
respectively. The combination of deep learning (2D-CNN) and HSI was
used to differentiate the tumor, and normal cells and AUC of 0.89 were
obtained (Ortega et al., 2020).

Non-melanoma skin cancer (NMSC), the fifth most prevalent type
of cancer worldwide, and melanoma, skin cancer (melanoma), 21st
most common worldwide, are the two types of skin cancer (Bray
et al., 2018). A dermatological acquisition system based on HSI was
created by combining unsupervised and supervised algorithms. 125
spectral bands ranging from 450 and 950 nm were captured for their
study. A total number of 76 HS Pigmented skin lesions images were
used from different 61 patients, and these images were labeled and
classed as benign or malignant. The sensitivity and specificity ratings
for distinguishing cancer and benign cells were 87.5% and 100%,
respectively (Leon et al., 2020). HSI has also been shown to be capable
of detecting skin cancer in real time. Torti et al. for example, created
a parallel classification pipeline based on K-means and support vector
machine (SVM) for skin cancer detection using HSI that can categorize
an image in less than 1 second (Torti et al., 2020). Fig. 6 depicts a block
diagram of the HS dermatological classification framework.
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Fig. 6. Block diagram of the HS dermatologic classification framework (Torti et al.,
2020).

Colon cancer metastasis in the liver was also diagnosed using HSI
by Kopriva et al. (2019). In their study, the maximum angle between
cancer and non-cancer spectra is 1.02 degrees less than the smallest
angle between cancer and non-cancer spectra. As a result, the spectrum
angle mapper was employed for pixel-based cancer diagnosis, with
sensitivity ranging from 81.23 percent to 97.12 percent, specificity
from 85.85 percent to 97.3 percent, and accuracy from 86.85 percent
to 96.92 percent.

Retinal diseases

Direct retina imaging is used routinely to diagnose and test for
retinal illness utilizing tools such as color fundus cameras and scanning
laser ophthalmoscopes. Spectrum imaging of the retina involves the
acquisition of spectral images with increased spectral detail, which
bears the prospect of enhanced classification of retinal biochemistry.
Khoobehi, Beach, and Kawano (2004) investigated a hyperspectral
imaging approach where a fundus camera was used for measuring
relative spatial changes in retinal oxygen saturation. According to their
findings, hyperspectral imaging can be used to assess and map relative
oxygen saturation in retinal structures and the optic nerve head (ONH)
in nonhuman primate eyes. The oxygen saturation measurement result
was found to overlap satisfactorily with the in vitro analysis, although
more attention should be paid to retinal blood vessels. Lim et al. studied
retinal hyperspectral imaging in the 6 to 17 months old 5*FAD mouse
model of Alzheimer’s disease (AD) (Lim et al., 2021).

Diabetic foot

Diabetic foot ulceration is a significant diabetes complication, with
diabetics having a 25% lifetime risk of developing a foot ulcer that
needs amputation of the affected limb (Singh, Armstrong, & Lipsky,
2005). Khaodhiar et al. conducted one of the first clinical studies
in 2007 on the efficacy of hyperspectral technology (HT) to assess
tissue oxy- and deoxyhemoglobin to predict diabetic foot ulcer healing
and obtained the HT index’s sensitivity, specificity, and positive and
negative predictive values for predicting healing were 93%, 86%, 93%,
and 86%, respectively (Khaodhiar et al., 2007). For the first time, it has
been demonstrated that foot ulceration can be managed with the use of
HT, and HT can detect microvascular anomalies and tissue oxygenation
in the diabetic foot and predict ulcer healing. Nouvong et al. did a
similar trial in 2009, in which 66 patients with type 1 and type 2
diabetes were enrolled and tracked during a 24-week period, achieving
sensitivity and specificity of 80% and 74%, respectively, based on the
healing index (Nouvong et al., 2009).

Surgical guidance

As an intraoperative guidance tool in several surgical disciplines,
imaging spectroscopy technology is becoming increasingly popular
among research teams. Imaging spectroscopy technology has been
successfully used in various surgical fields, including reconstructive
surgery (Nouri, Lucas, & Treuillet, 2016), urology (Akbari et al., 2012),
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and neurosurgery (Barberio et al., 2020). The trending surgical guid-
ance applications will be explained in the following sections, namely,
mastectomy, gall bladder surgery, and renal surgery.

Mastectomy

Patients with early-stage breast cancer could select between a
lumpectomy with radiation or a mastectomy alone. Even though both
operations had the same survival rates, re-excision rates in breast
lumpectomy were stated to be approximately 40% in Fisher et al.
(2002). Residual tumors, which were not visible to the surgeon during
the procedure, were usually identified near the resected material’s
periphery. As a result, intraoperative tumor assessment is vital for full
resection. Kho et al. recently investigated the application of imaging
spectroscopy for human breast margin assessment using specimens
from 18 patients with a dataset of 22,000 spectra connected with
histology using support vector machine (Kho et al., 2019). Their study
was tested on six lumpectomy specimens. With accuracies of 93%,
84%, 70%, and 99%, invasive carcinoma, ductal carcinoma in situ,
connective tissue, and adipose tissue were correctly classified as a
tumor or healthy tissue, respectively, demonstrating the potential use of
imaging spectroscopy for margin assessment during breast-conserving
surgery.

Gall bladder

Gallbladder diseases frequently demand surgical removal of the
gallbladder, which is the most performed procedure in the United States
and involves abdominal incisions ranging from 5 to 10 mm during
the process. Since the surgical equipment and video camera are placed
where the surgery happens, the surgeon is no longer capable of having
tactile feedback during the operation. The traditional video camera
used through an endoscope to locate the biliary tree had low picture
contrast. In animals, the viability of employing HSI for intraoperative
tumor margin delineation demonstrated promising results to overcome
the issue mentioned earlier during the surgery (Lu, Halig, Wang, Chen,
& Fei, 2014). In Zuzak et al. (2007), an endoscope-based HSI system
was created to identify tissue anatomy and molecular content during
a laparoscopic operation on swine utilizing near-IR laparoscopic HSI
without using a radioactive contrast agent. It was discovered that
lipids that absorb light at 930 nm could be utilized as an inherent
biomarker for imaging the lipid-containing bile ducts that connect the
gall bladder, and the surgeon must know the position before cutting
during cholecystectomy.

Renal surgery

HSI was also used to make real-time surgical procedures use prac-
tical for renal surgery. For instance, Campbell et al. (2009) advocated
using Laparoscopic Partial Nephrectomy (LPN) to diagnose renal corti-
cal cancers. Olweny et al. (2013) used Digital Light Processing (DLP)
based HSI for computer-aided LPN to characterize renal oxygenation.
The clinical trial included eighteen individuals. The suggested approach
was capable of characterizing dynamic changes in renal oxygenation
during LPN. The surgeon can benefit from intraoperative tissue and
perfusion evaluations in a variety of ways.

4.2. Airborne systems

In airborne systems, hyperspectral imaging has numerous appli-
cations. Environmental monitoring, mineral exploration, agriculture,
defense and security, and archaeology are all possible applications.
Hyperspectral imaging, for example, can detect pollutants in the envi-
ronment, identify mineral deposits, monitor crop health, track enemy
activity, and map archaeological sites.

4.2.1. Agriculture

The worldwide agricultural sector is facing a variety of challenges,
including a fast-expanding population and natural resource depletion.
These are critical issues that must be addressed as the global demand
for crop production is expected to double by 2050 according to a study
in Tilman, Balzer, Hill, and Befort (2011). Improved farming techniques
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utilizing hyperspectral image analysis are a promising attempt to ad-
dress these difficulties due to imaging spectroscopy’s ability to capture
fine-scale spectral properties of targets. As a result, it can accurately
and timely detect the crop’s physiological status, anomalies (Catalano
et al,, 2022), and generate early alarms, if needed. An interesting
study was done by Arink, Khan, and Polder (2021) to understand
how much of the interior of the tomato contributes to the measured
spectra and helps in determining its sweetness. Such an understanding
is important when considering the applications of imaging spectroscopy
for the determination of various traits in the quality estimation of post-
harvest food products. Another quality factor in the food processing
pipeline is to determine the foreign materials in the product. As an
example, Saeidan, Khojastehpour, Golzarian, Mooenfard, and Khan
(2021) used imaging spectroscopy to determine the presence of foreign
materials in cocoa beans. Such foreign materials have the same shape
and size as cocoa beans and are therefore very difficult to detect
through color imaging.

Crop monitoring based on the crop’s biochemical and biophysi-
cal properties is one of the significant applications of imaging spec-
troscopy in agriculture (Mishra, Lohumi, Ahmad Khan, & Nordon,
2020). The chlorophyll content of leaves is an important biochemical
property that influences vegetation photosynthetic capacity and crop
efficiency (Jarmer, 2013). As a necessary consequence, estimating the
content of biochemical properties, such as chlorophyll and nitrogen
content in a winter wheat field (Oppelt & Mauser, 2004) and a rice
field using Hyperion data (Moharana & Dutta, 2016) is critical.

The one-sided area of leaves per unit of ground area is commonly
denoted as the leaf area index (LAI). The LAI is a fundamental vege-
tation biophysical parameter that is strongly related to crop biomass
and yield (Chiozza, Parmley, Higgins, Singh, & Miguez, 2021). As a
result, hyperspectral remote sensing has been intensively researched in
order to determine the LAI of various crops as it relates to vegetative
productivity. Yu et al. for example, develop a theoretical foundation for
using unmanned aerial vehicle (UAV) hyperspectral remote sensing to
invert rice biochemical parameters in a non-destructive and fast manner
to analyze LAIL leaf chlorophyll content, canopy water content, and
dry matter content in order to better understand rice growth (Fenghua
et al., 2017). LAI estimation for winter wheat Siegmann, Jarmer, Beyer,
and Ehlers (2015) using EmMap images and barley (Jarmer, 2013) for
monitoring the spatial patterns of crop variables were also studied using
hyperspectral images in precision agriculture. Additionally, Locherer
et al. used EnMAP data to estimate LAI in mixed agricultural fields and
compared the accuracy of the results to that of LAI estimation using
airborne data for mixed agricultural fields (Locherer, Hank, Danner, &
Mauser, 2015).

As another application of imaging spectroscopy in agriculture, pre-
cision farming comprises evaluating crop nutrient levels and making
specific resource management suggestions based on crop requirements,
with the goal of reducing environmental impact (Cilia et al., 2014).
Imaging spectroscopy is commonly used by researchers to forecast
nitrogen content in a variety of crops. Plant nitrogen level is assessed
in a maize field using hyperspectral images captured 300 m above
the experimental site and used to measure greenness, chlorophyll, and
photochemical indices, as well as develop nitrogen fertilizer recommen-
dations (Quemada, Gabriel, & Zarco-Tejada, 2014). The acquisition of
remotely sensed data from more than one time period is known as mul-
titemporal imaging. Castaldi et al. used multi-temporal satellite-based
multispectral and hyperspectral images to estimate nitrogen content at
various growth stages throughout two wheat growing seasons in Italy
and discovered that band selection influenced estimation accuracy at
different phenological phases (Castaldi, Castrignano, & Casa, 2016).
This is because the high dimensionality and high correlation of hyper-
spectral images are the main issues affecting estimation accuracy, and
one way to address these issues is to perform band selection (BS), which
involves removing a portion of the spectral bands from hyperspectral
images while retaining both useful and original information.
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Fig. 7. Some examples of the hyperspectral images of cucumber leaves in the range of
wavelengths from 400 to 1100 nm: (a) 420 nm; (b) 540 nm; (c) 690 nm; (d) 800 nm;
(e) 950 nm; (f) 1040 nm (Sabzi et al., 2021).

Early excess nitrogen in cucumber plants was detected at a rate of
96.11 percent classification accuracy utilizing artificial neural networks
and the imperialist competitive algorithm (ANN-ICA) (Sabzi et al.,
2021). The images in their investigation were taken with a hyperspec-
tral camera (in the range of 400-1100 nm), as illustrated in Fig. 4. The
most efficient wavelengths for early detection of excess nitrogen were
determined to be 715, 783, and 821 nm (see Figs. 7 and 8).

Rice nitrogen status is also estimated and monitored by researchers
using UAV-based hyperspectral images (Zheng et al., 2016) and air-
borne hyperspectral images along with multivariable analysis (Ryu,
Suguri, & Umeda, 2011). As a result, when a considerable amount
of spectrum information is employed in imaging spectroscopy, crop
nutrient levels can be accurately assessed, and fertilizer treatment
strategies can be advised while also taking into account soil moisture
and topographic circumstances.

Another important application is crop disease detection because
it has a direct negative impact on yield. Disease detection using hy-
perspectral images is in high demand for a variety of crops. Because
hyperspectral signals are sensitive to small changes caused by disease
or stress, they can be used to estimate crop growth status variation
while accounting for nutrient deficiency (Thomas et al., 2018). Fusar-
ium head blight classification index in winter wheat using close-range
hyperspectral imaging detected in Zhang et al. (2019), airborne hyper-
spectral images to detect the signal of Ostrinia nubilalis in a cornfield
is utilized in Carroll et al. (2008), Nagasubramanian et al. detected
charcoal rot in soybeans using close-range hyperspectral imaging (Na-
gasubramanian et al., 2019), sugarcane areas affected by orange rust
diseases using EO-1 Hyperion data in Mackay, Queensland is detected
in Apan, Held, Phinn, and Markley (2004).

Imaging spectroscopy can also aid in the investigation of soil prop-
erties. Casa, Castaldi, Pascucci, Basso, and Pignatti (2013) collected
soil samples in central Italy and then investigated available soil water
content, clay content, and sand content using a fusion of CHRIS-
PROBA images for satellite image acquisition and soil geophysical data
obtained using the automatic resistivity profiling method (ARP). Soil
Organic Carbon (SOC) is an important component of soil fertility,
and crop yield is highly dependent on SOC. If the images are taken
during the crop’s non-growing season, hyperspectral imaging may be
a viable option for measuring SOC. Zhang, Li, and Zheng (2013) for
example, used EO-1 Hyperion images obtained in Central Indiana to
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Fig. 8. Shows the processing pipeline of a hyperspectral image using Al tools: (a) represents the pre-processing, (b) represents the illumination recovery, (c) represents the
reflectance recovery, (d) represents the area clustering, and (e) analysis the different statistical values of the hyperspectral image in the form of a graph (Habili & Oorloff, 2015).

estimate soil moisture, organic matter, total carbon, total phosphorus,
total nitrogen, and clay content. This estimation was based on partial
least squares (PLS) regression, and it was demonstrated that spectral
resolution influences PLS performance.

Hbirkou et al. used images from the aircraft-mounted hyperspec-
tral sensor HyMap (450-2500 nm) to predict SOC in agricultural
fields (Hbirkou, Pitzold, Mahlein, & Welp, 2012). Airborne hyperspec-
tral imagery in conjunction with topographic information extracted
from LIDAR images to map soil organic matter and automated ma-
chine learning approaches to examine the link between soil spectral
reflectance and soil organic matter is used in Gedminas and Martin
(2019). Topsoil organic carbon was estimated using hyperspectral
data collected by an Airborne Hyperspectral Scanner (AHS) and the
Hyperion satellite hyperspectral sensor (Hyperion), both of which have
different spectral and spatial resolutions (Pedn et al., 2017). These
studies demonstrate that imaging spectroscopy is a useful tool that can
be used to investigate various soil properties.

4.2.2. Environment monitoring

For informed and effective spatial-temporal ecosystem monitor-
ing, while satellite-based earth observation data provide cost-efficient
and timely information, it is usually limited because of spatial and
spectral information range. Since the last decade, HSI has emerged
as a promising source for monitoring a wide range of ecosystems
(i.e., terrestrial, forest, grassland, desert, tundra, freshwater, and ma-
rine ecosystems) (Abbas et al., 2021; Dumke et al., 2018; Freitas et al.,
2021; Rast & Painter, 2019). In this regard, for example, Abbas et al.
(2021), performed a study in which they prepared a hyperspectral li-
brary for 19 different species of urban trees in the Hong Kong region. In
their study, they adopted the Deep Neural Network classification model
and obtained accuracy between 85% to 96% for different seasons.
Through their study, they improved the understanding of the seasonal
response of different urban tree species in Hong Kong and prepared
up-to-date hyperspectral urban tree archives for monitoring purposes.

Furthermore, HSI also provides valuable results for conservation-
based mangrove studies, which are one of the most important wetlands
in global coastal regions. Cao et al. (2018) used HSI sensor (UHD
185) mounted on a UAV to perform object-based mangroves mapping.
To achieve the outcome, they utilized a classification and regression
tree (CART), and correlation-based feature selection (CFS) algorithm
for optimal feature selection for mangrove classification purposes and
obtained Kappa (k) = 0.79 and k = 0.87 (representing 80%-90%
accuracy) for the k-nearest neighbor (KNN) and support vector machine
(SVM) classifiers, respectively. In another study, Osei Darko, Kalacska,
Arroyo-Mora, and Fagan (2021), achieved mangroves classification
using airborne HSI and statistical physics models (Mean Information
Gain—MIG) and Marginal Entropy (ME). As a result, they achieved
the highest overall accuracy of 98.8% using the visible-near infrared
(VNIR) reflectance along with MIG and ME.

4.2.3. Climate change
Airborne Hyperspectral Scanner (AHS) thermal-infrared (TIR) pro-
vides promising results for the characterization of industrial-based
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pollutants in the atmosphere responsible for urban microclimate de-
facement (Tratt, Buckland, Hall, Keim, & Johnson, 2016), which is
further associated with numerous health-related issues. Gaseous pol-
lutants, such as greenhouse gases (GHGs), including major proportions
of methane (CH,) and carbon dioxide (CO,) are primarily responsible
for climate change causing a rise in global temperature. Relatedly,
Urban Green Space (UGS) is an important component of cities that
helps to reduce urban heating, enhance carbon sequestration, air and
water pollution remediation, flood abatement, noise reduction, human
mental health, wildlife habitat and pollution reduction (Kothencz, Kolc-
sar, Cabrera-Barona, & Szilassi, 2017). But with the recent upsurge
in urbanization rate all around the world, UGS is decreasing. For
urban microclimate stability, UGS is an important parameter, and pre-
viously many airborne datasets have been used for UGS monitoring but
nearly all fail to some extent when differentiating various UGS classes
(i.e., trees from grassland, etc.) (Chen et al., 2018). HSI sensors provide
the detailed spectral and spatial context of UGS and allow monitoring
of UGS types as well. For example, Lv et al. (2009) performed UGS
mapping using the Multiple Endmember Spectral Mixture Analysis
(MESMA) and Hyperion HSI over the Palo Alto region in the United
States. They achieved an overall accuracy of 85% and concluded
that MESMA is the best-suited technique for differentiating UGS from
heterogeneous urban landscapes.

Additionally, in the context of the urban climate, Urban Heat Is-
land (UHI) is a well-known phenomenon in which the temperature of
metropolitan areas is considerably higher than the surrounding rural
areas. The Airborne Hyperspectral Scanner Thermal Infrared (AHS-
TIR) is well known for its capability to quantify bio-geophysical vari-
ables such as Land Surface Temperature (LST). In the past, HSI has
been used to study UHI. For example Mongeau et al. (2017) utilized
airborne HSI data to prepare a 3D intra-urban heat island patterns
map and identified air microparticles responsible for temperature up-
surge in the Ville de Montreal region. In another study, Ghandehari
et al. (2016) utilized HSI to study urban gaseous emissions using
128 HSI spectral bands (between 7.4 to 13.2 micrometers). Through
their study, they analyzed the emission, transportation, and dispersal
of 10 different gases. Besides this, they further performed thermal
analysis (emissivity, surface temperatures, Heating, Ventilating, and Air
Conditioning—HVAC—operations) on 400 buildings in New York City.

While airborne data allows classification of environmental systems
(e.g., mangroves sites) With good accuracy, HSI provides valuable
results when it comes to pest and disease detection in such systems—
giving HSI an upper hand as compared with other earth observation
products. Jiang et al. (2021), for example, analyzed spatial and spectral
characteristics of diseased mangroves using the successive projection
algorithm (SPA) along with the Random Forest (RF). Their findings
revealed that there exists an inverse relationship between mangrove
leaf traits and pests and disease severity and the SPA-RF model. They
further concluded that airborne hyperspectral data had great potential
in preparing an early warning system for mangrove pest and disease
detection at the regional level, providing progressive opportunities for
the application of HSI in environmental monitoring and management.
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Table 3

Existing HSI databases.
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Reference Featured Scenes Number of Spectral range Spectral Spatial Resolution Applications
Images Channels
AeroRIT (Rangnekar, Environment remote sensing 397-1003 nm 372 0.4 m Segmentation and Classification
Mokashi, Ientilucci.
Kanan, & Hoffman, 2020)
ARAD-HS (Arad et al., Natural images 1000 400-700 nm 16 512x482 Classification and Detection
2022)
AVIRIS (Green & Agriculture and land cover 10300 400-2500 nm 224 20 m for Indian Pines Anomaly Detection and Classification
Boardman, 2000)
Botswana (Hyperspectral Earth Observation and Climate 3248 400-2500 nm 242 1496 x 256 Classification
Remote Sensing Scenes, Change
2020)
BGU-HS (Yasuma, Environment 286 400-700 31 1392 x 1300 Image reconstruction and super-resolution
Mitsunaga, Iso, & Nayar,
2010)
Chikusei (Yokoya & Agriculture 77592 363-1018 128 2517 %2335 Classification and image super-resolution
Iwasaki, 2016)
Database of Nordic sawn Wood analysis 107 300-2500 nm - - Analysis and detection
timbers (Hirvonen et al.,
2014)
Historical documents Historical document Analysis 365-1100 nm 70+ 256 x 256 Classification, detection, and segmentation
(Kim, Zhuo, Deng, Fu, &
Brown, 2010)
HyTexila (Khan, Texture Analysis and Material 112 405-995 nm 186 1800 x 2000 Classification and identification
Mihoubi, Mathon, Identification
Thomas, & Hardeberg,
2018)
Hyperspectral Human Brain cancer detection 36 400-1000 nm - 2-3 nm Classification and detection
Brain Image Database
(Fabelo et al., 2019)
Hyperspectral Melanoma detection 330 465-630 nm 16 512 x 272 pixels Classification and detection
Dermoscopy Dataset (Gu,
Partridge, & Zhou, 2018)
ICVL (Arad & Environment 203 1000-1300 nm 31 1392 x 1300 Classification
Ben-Shahar, 2016)
iVision HHID (Islam Document forensic analysis 270 478-901 nm 149 512 x 650 pixel Classification and recognition
et al.,, 2022)
ISET (Xiao, Farrell, Face, Environment, and Food - 400-700 nm - - Classification and segmentation
Catrysse, & Wandell,
2009)
KAUST-HS (Li et al., Multiple (Vehicle, Environment, 409 400-730 34 512 x 512 Classification and detection
2021) Food)
ROSIS-3 (Ghamisi et al., Urban data classification 103551 400-2500 nm 210 1.3 m Classification
2017)
SALINAS (Zheng, Zhong, Agriculture 217 380-2500 nm 224 3.7 m Classification and analysis
Ma, & Zhang, 2020)
Spectral (Hirvonen et al., Wood 107 300-2500 nm - - Analysis and classification
2014)
SpecTex (Mirhashemi, Spectral texture analysis 60 400-780 nm 76 640 X 640 Analysis and classification
2018)
University of Pavia (UP) Agriculture 43000 430-860 nm 103 610 x 340 Classification
(Chakraborty & Trehan,
2021)
WHU (Zhong et al., Agriculture 204542 400-1000 nm 270 550 x 400 Classification and segmentation
2018)
Z.pan (Di, Zhang, Zhang, Face recognition 300 700-1000 nm 33 - Classification and recognition
& Pan, 2010)

4.2.4. Minerals

Remote sensing of minerals works on the basic principle in which
different minerals have specific spectral characteristic, which can be
detected through remote sensing sensor. While multispectral-based air-
borne sensors fail to explore this area of research due to limit spectral
differentiating ability, HSI has been proved to be among the best cost-
efficient options to explore mineral ores (Peyghambari & Zhang, 2021).
HSI data between 0.4 to 2.5 p m visible and near-infrared (VNIR) and
short-wave infrared (SWIR) is best suited for mineral exploration. For
example, Bishop, Liu, and Mason (2011) performed a localized study
in Pulang region in China. They used Hyperion HSI data, along with
the Advanced Spaceborne Thermal Emission and Reflection Radiometer
(ASTER) data. They first used ASTER images to identify mineral target
areas and then used Spectral Angle Mapper (SAM) and Mixture Tuned
Matched Filtering (MTMF) techniques to discriminate and map mineral
species with high spatial details.

Similarly, Wan, Fan, and Jin (2021), performed over Huaniushan,
Gansu Province of China presented a methodology for mapping min-
erals (gold, silver, lead, and zinc) ores using airborne HSI data. The
findings of their study revealed that spectral angle mapping, minimum
noise fraction transform, and mixed-tuned matched filtering were the
most suitable classification techniques for extracting mineral deposit
information with an accuracy of 80% using HIS data.

5. Hyperspectral databases and Al tools

In this section, we discuss open-source hyperspectral databases and
Al tools to process hyperspectral images.
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5.1. Hyperspectral datasets

Many hyperspectral databases have been developed in the last two
decades and most of them are publicly available, as shown in Table 3.
Some of them are discussed below:

5.1.1. AeroRIT dataset

The AeroRIT hyperspectral dataset (Rangnekar et al.,, 2020) is
designed to facilitate aerial hyperspectral scene understanding. The
dataset includes a radiance-calibrated hyperspectral scene sampled at
every 10th band, between 397-1003 nm. The semantic map pixels
were labeled with ENVI 4.8.2, using individual hyperspectral signatures
and the geo-registered RGB images as references. This dataset is a
significant step towards developing robust algorithms for hyperspectral
airborne sensing that can perform advanced tasks like vehicle tracking
and occlusion handling.

5.1.2. ARAD-HS dataset

The ARAD-HS dataset (Arad et al., 2022), also known as the ARAD
1 K natural spectral image dataset, is the largest collection of natural
hyperspectral images published in June 2022. The dataset contains 950
publicly available train images and 50 test images. The publicly avail-
able images have been published as 1-channel hyperspectral images
in the 400-700 nm range and 16-channel multi-spectral images in the
range of 400-1000 nm.

5.1.3. AVIRIS dataset
The Airborne Visible InfraRed Imaging Spectrometer (AVIRIS)
dataset is a collection of hyperspectral images in 224 contiguous
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spectral channels with wavelengths from 400 to 2500 nanometers,
developed by National Aeronautics and Space Administration (NASA),
USA. The main objective of the AVIRIS project is to identify, measure,
and monitor constituents of the Earth’s surface and atmosphere based
on molecular absorption and particle scattering signatures. Research
with AVIRIS data is predominantly focused on understanding processes
related to the global environment and climate change. The AVIRIS
dataset is available for download from the AVIRIS Data Portal and
the AVIRIS-NG Data Portal. The data can be used for a wide range
of applications, including environmental studies, and climate change
research.

5.1.4. Chikusei dataset

The Chikusei Dataset (Yokoya & Iwasaki, 2016) is an airborne hy-
perspectral dataset, captured by the Headwall Hyperspec-VNIR-C imag-
ing sensor over agricultural and urban areas in Chikusei, Ibaraki, Japan.
Ground truth of 19 classes was collected via a field survey and visual
inspection using high-resolution color images. The dataset has been
used for various research purposes, including image super-resolution
and image classification.

5.1.5. ICVL hyperspectral database

The ICVL database (Arad & Ben-Shahar, 2016) includes a variety
of scene images (Arad & Ben-Shahar, 2016). A Specim PS Kappa DX4
hyperspectral camera and a rotating stage for spatial scanning were
used to capture the images. Images were obtained with a spatial
resolution of 1392 x 1300 over 519 spectral bands (400-1000 nm
at roughly 1.25 nm increments). The (.raw) files include raw ENVI
data from the camera, whereas the (.hdr) files contain the headers
needed to decode it. The database contains several datasets, including
Bostwana (Hyperspectral Remote Sensing Scenes, 2020), acquired by
the NASA EO-1 satellite over the Okavango Delta. Botswana contains
200 images, and it is used for hyperspectral image reconstruction from
RGB images.

5.1.6. Spectral laboratory

The Spectral Laboratory at the University of Eastern Finland has
collected a variety of spectral datasets Spectral Color Research Group,
including a dataset for spectral images related to oral and dental
health, spectral images of Nordic sawn timbers (Garcia Peraza Herrera,
Horgan, Ourselin, Ebner, & Vercauteren, 2023), hyperspectral images
of textile (Porebski, Alimoussa, & Vandenbroucke, 2022), and religious
icons (Mirhashemi, 2019). These datasets can be used for research in
medical, material science, and texture analysis.

5.1.7. HyTexiLa

The Hyperspectral Texture images acquired in Laboratory (HyTex-
iLa) dataset provides high spectral and spatial resolution reflectance
images of 112 materials to study spatial and spectral textures. The data
is in the range from 405.37 nm to 995.83 nm at 3.19 nm intervals and
186 channels. The dataset consists of high-resolution images of food,
stone, vegetation, and wood categories.

5.1.8. SpecTex

HyperSpectral Texture Image Database SpecTex is a database of
spectral images that includes sixty textile samples with various texture
patterns, developed for spectral texture analysis. The image cubes
are 640 x 640 x 39 in dimension, and the spectral data is captured
in visible wavelengths ranging from 400 nm to 780 nm at 5 nm
intervals (Hirvonen et al., 2014).

5.1.9. Hyperspectral datasets for forensic analysis
iVision HHD (Islam et al., 2022) is a dataset of handwritten docu-
ment images, developed by the Institute of Space Technology, Islam-
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abad, Pakistan, and Wageningen University & Research, the Nether-
lands. The dataset contains handwriting samples from 54 subjects. The
individuals belong to different age groups, and professions, and have
different writing patterns. Each hyperspectral cube in the collection has
a spatial resolution of 512 x 650 pixels and 149 spectral channels in
the 478-901 nm spectral region. This dataset can be used for foren-
sic examination of document images, including, writer identification,
handwritten optical character recognition, and ink mismatch detection.
Other hyperspectral document image datasets include (Kim et al., 2010)
for historical document image analysis, and Borba, Jawhari, Honorato,
and de Juan (2017) for forensic analysis of documents.

5.1.10. Hyperspectral medical images datasets
Several hyperspectral medical image datasets have been developed
to facilitate research in this area:

» Hyperspectral Brain Dataset: This public database contains in-
vivo hyperspectral human brain images. It was created for re-
search in brain cancer detection, and it contains 36 images in
the range of 400-1100 nm, with a spectral resolution of 2-
3 nm (Fabelo et al., 2019).

Hyperspectral Dermoscopy Dataset:This dataset (Gu et al.,
2018) provides hyperspectral images for early screening of skin
cancers using image-based approaches. It contains 330 images, in
the range of 465-630 nm, containing 16 spectral channels, with
a spatial resolution of 512 x 512.

5.1.11. Hyperspectral datasets for agriculture
There are various hyperspectral imaging datasets for agriculture,
some of them are discussed below:

» University of Pavia: The Pavian University dataset contains 103
spectral bands, spatial resolution of 610 x 340, with a geometric
resolution of 1.3 m, containing about 43000 samples of nine
different classes.

Salinas Dataset: Salinas scene is a hyperspectral dataset collected
by the 224-band AVIRIS sensor over Salinas Valley, California,
containing 217 samples, with a spectral range of 380 x 2500 nm
and 224 spectral channels. It includes vegetables, bare soils, and
vineyard fields. Salinas ground-truth contains 16 classes.

WHU Dataset: This dataset (Zhong et al., 2018) is captured using
UAVs and lightweight hyperspectral imaging sensors, within the
spectral range of 400-100 nm, 270n spectral bands, and spatial
resolution of 550 x 400 nm.

5.1.12. ISET hyperspectral database

This is a set of ISET hyperspectral scenes created from data acquired
using a hyperspectral imaging system (Hyspex VNIR-1600) that detects
image radiance in narrow bands spanning from 400 to 1000 nm (Xiao
et al., 2009). There are four main types of categories in the ISET
hyperspectral database with a different number of scenes.

« ISET hyperspectral scene data for landscapes: A collection of
hyperspectral image data has been made accessible for use in
imaging system simulation. Landscapes and buildings are also
included in the collection. The “montage.jpg” file is a collection of
monochromatic scenes. A HySpex line-scan imaging spectrometer
was used to collect the images, which cover the spectral spans
from 400 nm to 950 nm.

ISET scenes with fruits and calibration charts: A bundle of
hyperspectral image data is used in the development of imaging
systems. The package comes with fruit images and performance
charts. The images were captured using a HySpex line-scan imag-
ing spectrometer with spectral ranges of 400 nm to 950 nm.
Multicolor images of the scene’s contents may be found in the
“montage.jpg” file.
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Table 4
Existing Al-based software protocols for HSI.
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Reference

AVHYAS (Lyngdoh et al., 2021)
DeepHyperX (Audebert, Le Saux, & Lefevre, 2019)
DIP-HyperKite (Bandara, Valanarasu, & Patel, 2021)

Hyperspectral Pansharpening Based on Improved Deep Image Prior and

Description Github link
An Open Source QGIS tool for Advanced Hyperspectral Image Analysis AVHYAS
A PyTorch based software toolbox for hyperspectral data classification DeepHyperX

DIP-HyperKite

Residual Reconstruction

3D-HyperGAMO (Roy, Haut, Paoletti, Dubey, & Plaza, 2022)

Generative Adversarial Network for minority class oversampling in

3D-HyperGAMO

Hyperspectral image classification

Hyperspectral imaging library (Audebert et al., 2019)
hsdar (Lehnert et al., 2018)

HSImage (Brown & Moser, 2018)

HybridSN (Roy, Krishna, Dubey, & Chaudhuri, 2019)
Hyperspectral (Vali, Comai, & Matteucci, 2020)
HSIToolbox (Dhaene, Zizaki¢, Huang, Li, & Pizurica, 2023)
HSI-Tradition-to-Deep (Ahmad et al., 2021)

Scyllarus (Habili & Oorloff, 2015)

spectrai (Horgan & Bergholt, 2021)

A MATLAB toolbox for processing hyperspectral data

An R package for processing, feature extraction and classification of hsdar

hyperspectral data

A Python and C++ library for interactive ENVI-BIL hyperspectral images HSImage

A spatio-spectral method for HSI classification using Pytorch HybridSN

Deep Learning for Land-cover Classification in Hyperspectral Images Hyperspectral

A web-based application for the classification of hyperspectral images HSIToolbox

A Github repo of traditional to Deep learning models for HSI classification HSI-Traditional-to-Deep
A C++ API for processing of hyperspectral images SCYLLARUS

A PyTorch based framework for processing spectral data spectrai

A commercial software for hyperspectral imaging Specim

Specim (Behmann et al., 2018)

« ISET scenes of faces at 3M distance: This data includes 46
pictures of human faces taken at a distance of 3 m. The hyper-
spectral pictures are organized into six zip files that could be
downloaded. A monochromatic picture of the faces is shown in
the file “montage.jpg”. A HySpex line-scan imaging spectrometer
was used to capture the images, which covered the spectral spans
400 nm to 950 nm.

ISET hyperspectral scenes of human faces at high resolution,
1M distance: There are 25 images of human faces in this collec-
tion, each collected at a distance of one meter. The hyperspectral
images are available for download in six zip files. In the file
“montage.jpg”, faces were presented in monochrome. The images
were captured using a HySpex line-scan imaging spectrometer,
which spanned the spectral spans of 400 nm to 950 nm.

There are hyperspectral datasets for other applications as well, such
as face recognition (Di et al., 2010), wood analysis (Hirvonen et al.,
2014), and Rosis-3 (Ghamisi et al., 2017) for urban data classification.
However, to fully exploit the potential of imaging spectroscopy in
various applications, large open-source hyperspectral databases are still
needed.

5.2. Al software tools for HSI datasets

In the last two decades, several artificial intelligence (AI) based
tools are developed to process hyperspectral images as discussed in
Table 4. Scyllarus is a set of software tools for processing hyperspectral
data and producing useful results (Habili & Oorloff, 2015). Scyllarus
offers customers usable data for a variety of applications by utilizing
sophisticated and advanced image processing algorithms developed at
Data61l. Whatever sector you operate in, there is a good chance that
imaging spectroscopy can help you. Scyllarus added three frequently
used AI tools to the hyperspectral image processing procedure.

5.2.1. AVHYAS toolbox

The AVHYAS toolbox is a free and open-source Python-based QGIS
plugin for advanced hyperspectral image analysis. It provides a wide
range of functions for atmospheric correction, preprocessing, unmixing,
classification and regression, deep learning, fusion, spectral indices, and
geo-physical applications.

5.2.2. Scyllarus C++ API

The Scyllarus (Habili & Oorloff, 2015) C++ API is designed for
developers that intend to include hyperspectral processing into their ap-
plications. The Scyllarus C++ API contains numerous image-processing
capabilities and tools that are used in imaging spectroscopy applica-
tions. It imports and saves Hyperspectral Image data in the follow-
ing formats (HDR (ENVI) flat/raw file, BIL, BSQ, and BIP formats,
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and HSZ (Hyperspectral Zip). It has reflectance recovery and auto-
matic illuminant. This tool does not need to be calibrated. It has a
rapid estimate approach that uses automatic spectra-based material
clustering/segmentation.

5.2.3. Scyven (scyllarus visualization environment)

Scyllarus is the founder of this hyperspectral visualization tool.
Scyven (Scyllarus Visualization Environment) helps us to examine Hy-
perspectral images and analyze them to find spectral structures. Scyven
is a simple graphical user interface with the tremendous capability
of the Scyllarus C++ APIL Scyven can be used to find facts about
sceneries that the naked eye or typical RGB images could not have.
It can increase the use of Hyperspectral image data by using powerful
processing techniques. Scyven is compatible with both Windows and
Linux, and it does not require any particular hardware to handle
data. You can collect data in other places and then import it into
Scyven. Automatic Illuminant Recovery, Reflectance Recovery, and
Material Discovery are among the features. It uses SAM (Spectral
Angle Mapping), SVM (Support Vector Machines), LSU (Linear Spectral
Unmixing), and PCA (Principal Component Analysis) techniques for
Spectral Library Classification.

The Scyllarus MATLAB Toolbox was created to help researchers
with hyperspectral and multispectral image processing techniques.
Scyllarus is implemented inside this Toolbox separately from the C++
APL It is more comprehensive and includes features that are not acces-
sible in the C++ API, such as, Deterministic annealing, K-means, Image
reformatting, and quantization techniques. It represents spectral data
with smooth functions based on Gaussian functions, such as NURBS
(Non-uniform Rational B-Splines).

5.2.4. Hyperspectral imaging library

The MATLAB toolbox contains various algorithms for hyperspectral
data processing and analysis, such as end-member extraction, abun-
dance map estimation, spectral matching, and anomaly detection. The
toolbox supports reading and writing hyperspectral data in different file
formats, such as NITF, ENVI, TIFF, and MTL.

5.2.5. The hsdar package

Hyperspectral data analysis package (Lehnert et al., 2018) in R
provides functions for processing, analyzing, and visualizing hyperspec-
tral data in R. The package allows users to perform common tasks
such as spectral unmixing, dimensionality reduction, classification and
clustering. The package also includes several datasets and examples to
demonstrate its functionality and applications.

5.3. Deep learning libraries for processing spectral data

There are various deep learning libraries for hyperspectral image
analysis. Some of them are given below.


https://sites.google.com/view/avhyas-sac-isro/home
https://github.com/nshaud/DeepHyperX
https://github.com/wgcban/DIP-HyperKite
https://github.com/mhaut/3D-HyperGAMO
https://github.com/cran/hsdar/blob/master
https://dtchuck.github.io/HSImage/group__hsipy.html
https://github.com/gokriznastic/HybridSN
https://github.com/KGPML/Hyperspectral
https://github.com/ElsevierSoftwareX/SOFTX-D-22-00367
https://github.com/AnkurDeria/HSI-Traditional-to-Deep-Models
https://scyllarus.data61.csiro.au/
https://github.com/conor-horgan/spectrai
https://www.specim.com/software/
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5.3.1. Spectrai

It is an open-source deep learning framework designed to train
neural networks on spectral data and compare alternative methods.
Spectrai includes a variety of spectrum data pre-processing and aug-
mentation methods, as well as neural networks for spectral data, such
as spectral (image) denoising, spectral (image) classification, spectral
image segmentation, and spectral image super-resolution. Spectrai fea-
tures both command line and graphical user interfaces (GUI) to let users
make models and tune hyperparameters for a variety of applications.

5.3.2. DeepHyperX

It is a pytorch-based framework for processing hyperspectral data
(Audebert et al., 2019). The tool includes several variants of SVM from
scikit-learn and multiple variants of Convolutional neural networks.
The program provides various critical hyperspectral analysis tools, such
as continuum removal and normalized ratio indices, as well as the
integration of two frequently used radiation transfer models.

5.3.3. DIP-HyperKite (Bandara et al., 2021)

It is a deep learning-based hyperspectral pan-sharpening method. It
is a three-stage method that consists of: Up-sampling the low-resolution
hyperspectral image (LR-HSI) to the spatial resolution of the pan-
chromatic image (PAN). Predicting the residual image between the
LR-HSI and the up-sampled LR-HSI using a deep convolutional neu-
ral network (CNN) and Obtaining the final fused HSI by adding the
up-sampled LR-HSI and the predicted residual image.

5.3.4. 3D-HyperGAMO (Roy et al., 2022)

The 3D-HyperGAMO toolbox is a software package that uses gen-
erative adversarial networks (GANs) to create synthetic samples of
minority class data in imbalanced datasets to enhance the performance
and robustness of machine learning models. It also offers to algo-
rithms to visualize and explore the generated data in an interactive 3D
environment.

Hyperspectral image processing tools help to analyze and ma-
nipulate images with hundreds of spectral bands. Some examples
of hyperspectral image processing tools are ENVI, MATLAB, Python,
and R packages. There are also some commercial software avail-
able, specifically designed for hyperspectral data analysis, such as
Specim (Behmann et al., 2018).

6. Conclusion and future work

In this paper, we presented a thorough review of the contempo-
rary landscape of imaging spectroscopy, placing particular emphasis
on hyperspectral and multispectral image acquisition, processing, and
analysis. Our comprehensive exploration covered various critical as-
pects of the field, including applications, pre-processing techniques, the
availability of databases, and the ever-evolving landscape of software
tools and image processing frameworks for analyzing these images in
recent years. We addressed the techniques and challenges involved
in the acquisition, processing, and analysis of hyperspectral images
across a wide range of application areas, including medicine, food
and agriculture, remote sensing of environment, minerals extraction,
biometrics, and document analysis. Therefore, our work is expected to
provide valuable insights for various interdisciplinary fields.

Despite the growing success of imaging spectroscopy, there are
still several core challenges in its hardware acquisition systems, pre-
processing and storage techniques. For instance, the high costs of
hyperspectral sensors and the absence of common standards for man-
ufacturing these sensors are additional key challenges that limit the
widespread adoption of imaging spectroscopy in various areas. While
there has been significant advancement in hyperspectral and multispec-
tral sensor technology recently, there is still substantial future research
and development potential in this area. Similarly, a large volume of raw
data needs to be pre-processed and stored before useful information
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can be extracted. Therefore, one potential area requiring special atten-
tion is how to reduce the amount of raw imaging spectroscopic data
during acquisition and/or storage while retaining high-quality spectral
characteristics.

The insufficient availability of publicly accessible labeled imag-
ing spectroscopic data and the difficulty of maintaining such large
databases presents another key challenge. Therefore, research in the
area of developing large public imaging spectroscopic datasets presents
a great opportunity and holds significant value. A related challenge to
the limited availability of public databases is the lack of open-source
imaging spectroscopy software tools and packages, which hinders the
full potential growth of this field. Expanding these resources could lead
to more valuable solutions and opportunities for researchers and indus-
try professionals. Therefore, future research in the area of developing
large imaging spectroscopic datasets presents a promising opportunity
and holds significant value in terms of contribution to the knowledge
base.

Developing novel algorithms for near/real-time processing and in-
terpretation of imaging spectroscopy data are other significant chal-
lenges, offering tremendous research prospects that can enhance the
utilization of this technology for the greater good. For instance, imaging
spectroscopy coupled with advanced computer vision algorithms can
offer potential solutions for numerous industrial applications, including
but not limited to food processing, recycling, mining, and exploration
industries. Similarly, when combined with powerful deep learning
frameworks capable of processing vast amounts of data for enhanced
accuracy, we anticipate that imaging spectroscopy will assume an
increasingly dominant and influential role in various airborne and
ground-based research and industrial applications. Given the high ap-
plicability and significant potential of imaging spectroscopy, further
research and development in this field holds the promise of high
impact.
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